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Abstract

In the Class-Incremental Learning setting, instead of being trained on the complete dataset

at once, machine learning models are trained sequentially on new classes while training data

from previously learned classes are no longer available. This training paradigm, closer to the

human learning process, is challenging for deep neural network models due to catastrophic

forgetting: when learning new classes, the model tends to forget the old classes resulting in

a significant deterioration of its performance.

This thesis focuses on Class-Incremental Learning for deep neural networks trained for

image classification. In order to mitigate catastrophic forgetting, we explore the important

trade-off between old and new classes and propose three distinct approaches meant to

be seamlessly combined with state-of-the-art approaches for Class-Incremental Learning.

First, we propose to balance the contribution of samples from old and new classes in the

classification loss by introducing the Balanced Softmax Cross Entropy for Class-Incremental

Learning with a rehearsal memory and then extend it to the more challenging setting of

Exemplar-Free Class-Incremental Learning where it is impossible to save any samples of

past classes. Secondly, we propose to balance the training dataset itself by compensating

for the limited size of the replay memory by using additional synthetic samples of past

classes generated using pre-trained text-to-image diffusion models. Finally, we propose

to pre-train the feature extractor of models designed for Exemplar-Free Class-Incremental

Learning better by leveraging knowledge about possible future classes during the initial

training step. To do so, our method relies on pre-trained text-to-image diffusion models to

generate synthetic samples of future classes in a fast and economical manner.

Extensive experiments on challenging benchmarks for Class-Incremental Learning high-

light that our proposed methods significantly improve the performances of state-of-the-art

approaches.
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Chapter 1

Introduction

1.1 Scope

During the past decades, tremendous research on artificial intelligence has lead to the de-

velopment of machine learning models achieving similar, or even superior performances

compared to humans on a large variety of tasks: from computer vision (image classification,

object detection, image generation, and so on) [Zhao et al., 2019; Minaee et al., 2021; Ozbu-

lak et al., 2023; Croitoru et al., 2023] to natural language processing (question-answering,

machine translation, text summarization, and so on) [Young et al., 2018; Zhao et al., 2023],

and graph processing (recommendation systems, proteins folding, and so on) [Wu et al.,

2021b] . Most of those models rely on artificial deep neural networks composed of millions

of parameters that are learned beforehand using large datasets containing representative

examples of the desired task.

However, contrary to humans who are able to continually learn new concepts and ac-

cumulate knowledge throughout their life, deep neural networks can not. They have to

be trained on the complete dataset at once and can not learn any additional concepts or

data afterwards due to Catastrophic Forgetting [McCloskey and Cohen, 1989; Ratcliff, 1990;

French, 1999; Parisi et al., 2019]. This phenomenon describes the tendency of deep neural

networks trained on new additional tasks or data to forget the previously learned ones, re-

sulting in a significant degradation of its performances. This inability to continuously learn

means that the model has to be retrained from scratch each time new data are collected. In

addition to the significant time and computational cost that regularly retraining a model

from scratch induces, there are also various settings where it is impossible. For instance,

all the previous data may not be available as storing this ever-growing dataset may not be

possible due to privacy concerns or memory limitation. Moreover, on devices with limited

computational capabilities such as embedded devices, retraining from scratch may not be

conceivable. Incremental Learning, often referred to as Continual Learning, aims at mit-
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igating catastrophic forgetting and developing new models that are able to continuously

learn.

In this thesis, we focus our study of Class-Incremental Learning to deep neural networks

models trained for the task of image classification. Image classification is a fundamental

task of computer vision which consists in assigning a specific label to an entire image based

on its content. While the problem of catastrophic forgetting is not limited to deep neural

networks trained for image classification or to computer vision in general, it is by a large

margin the most active domain of study of Incremental Learning and concentrate most of

the literature.

1.2 Contribution

In this thesis, we aim to propose new solutions for developing deep neural networks models

that can incrementally learn new classes. To achieve this goal, our work focuses on the

balance between old and new classes in the classification loss, and in the training dataset.

We propose three distinct and complementary approaches that can be seamlessly combined

with numerous state-of-the-art methods for Class-Incremental Learning in order to improve

their performances.

For our first approach, Balanced Softmax for Class-Incremental Learning [Jodelet et al.,

2021, 2022], we propose to address the bias toward new classes induced by the limited size

of the rehearsal memory by balancing the classification loss using the Balanced Softmax

as a direct replacement for the standard Softmax in the Cross Entropy loss. Experiments

on competitive benchmarks show that our proposed method can improve the performance

of state-of-the-art approaches while also decreasing the computational cost of their train-

ing procedure in some cases. Furthermore, we extended this method to Exemplar-Free

Class-Incremental Learning and experimentally demonstrated that it can be used to adapt

exemplar-based methods to this more challenging setting.

For our second approach, Memory Augmented using Diffusion Model for Class-Incremental

Learning [Jodelet et al., 2023, 2024a], we propose to directly balance the training dataset

itself at each incremental step by leveraging widely available pre-trained text-to-image dif-

fusion models in order to generate synthetic images of past classes. Detailed experiments

highlight that our method can be combined with various state-of-the-art approaches for

Class-Incremental Learning to further improve their performances. Moreover, while us-

ing synthetic samples, our method achieves similar or even superior results compared to

approaches relying on real unlabeled images as additional source of data.

Finally, for our last approach, Future-Proofing Class-Incremental Learning [Jodelet

et al., 2024b], we study to what extend synthetic images of future classes generated us-

ing pre-trained Diffusion Model can be used for pre-training during the first incremental

step. Experiments show that pre-training the model using synthetic samples of future classes

achieves better performances than traditional pre-training using real samples of different
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classes.

1.3 Thesis organization

The thesis is organized into the following structure:

• In Chapter 2, we provide a detailed introduction to Continual Learning and Class-

Incremental Learning. We first define the setting of Class-Incremental Learning and

then present the different approaches and state-of-the-art methods for this setting.

• In Chapter 3, we present our first contribution, Balanced Softmax for Class-Incremental

Learning. We approach the problem of bias toward new classes for Exemplar-based

Class-Incremental Learning and proposed a modification of the classification loss to

address it. We then extend it to the more difficult setting of Exemplar-Free Class-

Incremental Learning.

• In Chapter 4, we present our second contribution, Memory Augmented using Diffusion

Model for Class-Incremental Learning. Following recent works that leverage additional

real data for Class-Incremental Learning, we propose a new flexible method relying

on pre-trained Diffusion models to generate additional synthetic data of past classes.

• In Chapter 5, we present our last contribution, Future-Proof Class-Incremental Learn-

ing. We study how feature extractors can be better prepared by using pre-trained

Diffusion models for generating synthetic images of future classes.

• In Chapter 6, we discuss and detail the relation between our different contributions

and their limitations.

• In Chapter 7, we summarize our work and discuss future potential directions for our

works and for the field of Class-Incremental Learning in general.

1.4 List of Publications

We provide a list of publication that this thesis focuses on:

• Quentin Jodelet, Xin Liu, and Tsuyoshi Murata. “Balanced softmax cross-entropy

for incremental learning”. In Artificial Neural Networks and Machine Learning –

ICANN 2021, pages 385–396, September 2021.

• Vincenzo Lomonaco, Lorenzo Pellegrini, Pau Rodriguez, Massimo Caccia, Qi She,

Yu Chen, Quentin Jodelet, Ruiping Wang, Zheda Mai, David Vazquez, German I.

Parisi, Nikhil Churamani, Marc Pickett, Issam Laradji, and Davide Maltoni. “CVPR

2020 continual learning in computer vision competition: Approaches, results, current

challenges and future directions”. Artificial Intelligence, 303:103635, February 2022.
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• Quentin Jodelet, Xin Liu, and Tsuyoshi Murata. “Balanced softmax cross-entropy

for incremental learning with and without memory”. Computer Vision and Image

Understanding, 225:103582, December 2022.

• Quentin Jodelet, Xin Liu, Yin Jun Phua, and Tsuyoshi Murata. “Class-incremental

learning using diffusion model for distillation and replay”. In Proceedings of the

IEEE/CVF International Conference on Computer Vision (ICCV) Workshops, pages

3425–3433, October 2023.

• Quentin Jodelet, Xin Liu, Yin Jun Phua, and Tsuyoshi Murata. “Memory Aug-

mented using Diffusion Model for Class-Incremental Learning”. Submitted for review,

2024.

• Quentin Jodelet, Xin Liu, Yin Jun Phua, and Tsuyoshi Murata. “Future-Proofing

Class-Incremental Learning”. Machine Vision and Applications, 2024.

While not directly related, the following article has been completed over the course of the

PhD:

• Zarina Rakhimberdina, Quentin Jodelet, Xin Liu, and Tsuyoshi Murata. “Nat-

ural image reconstruction from fmri using deep learning: A survey”. Frontiers in

neuroscience, 15:795488, December 2021.
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Chapter 2

Incremental Learning and

State-of-the-Art Methods

2.1 Incremental Learning

2.1.1 Motivation

The most prevailing paradigm, also known as Offline Training or Joint Training in the In-

cremental Learning community, for training deep neural networks models using the gradient

descent consists in a single training phase. In this unique phase, the model’s parameters are

learned through multiple iterations, also named epochs, on a fixed and complete dataset.

This dataset has been prepared beforehand in the course of a long process including, but

not limited to, the collection of the data samples, the cleaning and curation of the collected

data, and in the case of supervised learning, the annotation of each data sample. After the

convergence of the model, the training procedure is considered finished and the model will

never be updated again. This training paradigm allows deep neural networks to achieve

state-of-the-art performances and outperform humans on numerous tasks from various fields

including computer vision, natural language processing, and graph processing.

Conversely, in the Incremental Learning paradigm, often referred to as Continual Learn-

ing (CL) or Lifelong Learning, all the training data are not jointly available during the single

training phase. Instead, the training procedure is divided into several successive phases,

each consisting in different training data, with the objective of training a model able to per-

form well on the data from all the experienced phases. The Incremental Learning paradigm

aims to replicate the learning process of humans who are able to continually learn new con-

cepts as they encounter them throughout their entire lives. In this context, re-training the

model from scratch during each phase using the union of the old and new data is not possi-

ble due to restrictions: Incremental Learning supposes that due to either privacy concerns
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or storage capacity, only a small amount of the previously encountered data can be stored

and re-used for training during the following phases. In the most extreme case, no previous

data at all can be stored and the model has to be trained solely on the new data from the

current phase. A simple and naive approach to Incremental Learning consists in continually

finetuning the model during each phase using only the newly available data. However, such

a model would be able to achieve satisfactory performance only on the data from the last

training phase and not on the previous ones due to the tendency of deep neural networks

to forget previously learned knowledge while being trained on new data. Mitigating this

phenomenon, known as catastrophic forgetting [McCloskey and Cohen, 1989; Ratcliff, 1990;

French, 1999; Parisi et al., 2019], is at the core of Incremental Learning.

While catastrophic forgetting is not limited to deep neural networks trained for clas-

sifying images, this thesis focuses on the study of Incremental Learning for the task of

image classification as the Incremental Learning literature has largely been dominated by

this particular task of computer vision. However, it can noted that during the past few

years, there has been an increase in the interest for Incremental Learning applied to other

tasks of computer vision such as object detection [Perez-Rua et al., 2020; Feng et al., 2022],

semantic segmentation [Cermelli et al., 2020; Douillard et al., 2021a], unsupervised visual

representation learning [Madaan et al., 2021; Fini et al., 2022], video understanding [Park

et al., 2021], text recognition [Zheng et al., 2023], text-to-image generation [Smith et al.,

2023a], and vision-language model Ni et al. [2023]; Garg et al. [2023], as well as for other

domain of machine learning such as graphs learning [Febrinanto et al., 2023] and natural

language processing [Biesialska et al., 2020; Wu et al., 2022]. Several of these works high-

light that methods initially proposed for incremental learning of image classification models

can also be applied or adapted to these other tasks and modalities.

2.1.2 The Stability-Plasticity Dilemma

The Stability-Plasticity dilemma is a fundamental challenge of Incremental Learning. Sta-

bility, sometimes referred to as rigidity, refers to the capacity of the model to retain past

knowledge. Plasticity refers to the capacity of the model to change and accumulate new

knowledge. Heavily favoring plasticity would lead to catastrophic forgetting of the old data

by the model, while on the other side, heavily favoring stability would result in the incapac-

ity of the model to adapt to new data. Therefore, Incremental Learning approaches have

to balance this trade-off between stability and plasticity in order to build a model capable

of learning new concepts without forgetting the previous ones.

2.1.3 Incremental Learning settings

Incremental Learning is composed of a multitude of settings among which the three principal

are [Hsu et al., 2018; Van de Ven and Tolias, 2019]:

• Class-Incremental Learning (CIL): In this setting, the model is sequentially
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Figure 2.1: Illustration of the training and evaluation procedure for Class-Incremental

Learning (CIL), Task-Incremental Learning (TIL), and Domain-Incremental Learning

(DIL). Each color represents a class, each shape represents a domain.

trained on incremental steps, also referred to as tasks, each containing classes from

disjoint label spaces. During inference, the model has to classify samples from all pre-

viously encountered classes without having access to the task identity. This setting is

studied in this thesis.

• Task-Incremental Learning (TIL): Similarly to Class-Incremental Learning, in

this setting, the model is sequentially trained on incremental steps, each containing

classes from disjoint label spaces. However, during inference, the model has access

to the task identity which limits the prediction space to classes of this exact task.

While Class-Incremental Learning models have to learn to discriminate among every

encountered class, Task-Incremental Learning models only need to learn to discrim-

inate among classes from the same task; this makes the latter setting easier. This

setting is not studied in this thesis.

• Domain-Incremental Learning (DIL): In this setting, the model is continually

trained on incremental steps, each containing classes from the same label space but

from different input distributions: for example in the case of images classification, the

first incremental step would contain photos, the second would contain paintings, the

third cliparts ...etc. Similarly to Class-Incremental Learning, the model does not have

access to the task identity during inference. This setting is not studied in this thesis.
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In addition to these three general settings, there are various additional settings such as

Online Continual Learning (OCL) [Mai et al., 2022] which only allows a single pass on the

training data for Class and Domain Incremental Learning, Class-Incremental with Repe-

tition (CIR) [Hemati et al., 2023] which is Class-Incremental Learning where past classes

may be encountered again in the following incremental step, i.e. the label space of each

step are not disjoint, or Incremental Implicitly-Refined Classification (IIRC) [Abdelsalam

et al., 2021] where each sample has both a coarse label and a fine label, but only one is

provided and the model has to determine the other one if it has already encountered it.

These settings are not studied in this thesis.

2.2 Class-Incremental Learning

In this thesis, we consider two Class-Incremental Learning [Belouadah et al., 2021; Zhou

et al., 2023b] settings: the most actively studied Exemplar-Based Class Incremental Learn-

ing (EBCIL), often simply referred to as Class-Incremental Learning, that allows the use

of a rehearsal memory for replaying old data, and the more recent and more challenging

Exemplar-Free Class Incremental Learning (EFCIL), sometimes referred to Class-Incremental

Learning without Memory, which does not allow to save any sample from previously learned

classes.

2.2.1 Definition

The Class-Incremental Learning training procedure is divided into T incremental steps, also

referred to as tasks, numbered from 1 to T . Each incremental step consists of a training

dataset Dt containing data samples belonging to classes from the set of classes Yt. Each

incremental step only contains classes that were not previously encountered, i.e. there are

no classes overlapping between incremental steps, ∀i, j ∈ {1, ..., T},Yi ∩ Yj = ∅ for i ̸= j.

The objective is to train a model θt which is able to classify samples from all previously

learned classes
⋃t

i=1 Yi without having access to any step or task identity.

In the general case of Exemplar-Based Class Incremental Learning (EBCIL), in addition

to the current dataset Dt containing samples from the new classes Yt, the model also has

access to the rehearsal memory M containing few samples, also referred to as exemplar,

from old classes
⋃t−1

i=1 Yi. The model is then trained on Dt ∪M. In the specific case of

Exemplar-Free Class Incremental Learning (EFCIL), it is not possible to use a rehearsal

memory to store samples from past classes and therefore the model is trained solely using Dt.

Both training settings are illustrated in Figure 2.2. Additionally, as discussed in Chapter 4,

the model may also have access to an additional source of external data denoted S. This

additional source of data may or may not change at each incremental step, and may either

be an online, and potentially infinite stream of data, that the model can fetch when needed

or a fixed set of data accessible in an offline manner.
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(a) Exemplar-Free Class-Incremental Learning
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(b) Exemplar-Based Class-Incremental Learning

Figure 2.2: Illustration of the training procedure for (a) Exemplar-Free Class-Incremental

Learning and (b) Exemplar-Based Class-Incremental Learning.

The model θt can be divided into two parts: the feature extractor Φt and the classifier

Wt. While the use of a feature extractor pre-trained on a large general dataset for initializing

Φ is more and more studied in the Incremental Learning community, most works assume

that Φ is randomly initialized at the beginning of the first incremental step.

All the notations are shown in the ”Notations” section at the beginning of the thesis.

2.2.2 Training Settings

The training settings for Class-Incremental Learning can be characterized by the distri-

bution of the classes into incremental steps, and by the rehearsal memory budget and its

management.

Classes Distribution

Two procedures are commonly used by the Class-Incremental Learning research commu-

nity for distributing the classes into incremental steps: Learning From Scratch (LFS) and
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Learning From Half (LFH).

• Learning From Scratch (LFS): For this procedure, the classes are evenly divided

into the T incremental steps. Supposing C the total number of classes, i.e. C =⋃T
i=1 Yi, each incremental step consists in learning C/T new classes.

• Learning From Half (LFH): This procedure was first introduced by Hou et al.

[2019]. For this procedure, the first incremental step, often named the base step,

contains half of the total classes and the remaining classes are evenly divided into the

following T − 1 incremental steps. Supposing C the total number of classes, the first

incremental step consists in learning C/2 classes and is followed by T − 1 incremental

steps containing C/(2(T − 1)) new classes.

Following [Zhou et al., 2023b] we refer to these two procedures using the unified de-

nomination “Base-i Inc-j”, where i is the number of classes in the base step and j is the

number of classes in each of the following incremental step. i equals 0 is used to refer to

the Training from Scratch procedure.

Rehearsal Memory Budget

For Exemplar-Based Class-Incremental Learning, two rehearsal memory management pro-

cedures are commonly used: rehearsal memory with a fixed budget and rehearsal memory

with a growing budget. In addition, if no rehearsal memory is allowed, it is referred to as

the Exemplar-Free Class-Incremental Learning setting.

• Fixed Budget Memory: The total size of the rehearsal memory is fixed. The

rehearsal memory stores a constant number of exemplars evenly divided among the

classes learned so far at the end of each incremental step. Supposing m the total

size of the rehearsal memory, after finishing the tth incremental step, the rehearsal

memory contains ⌊m/|⋃t
i=1 Yi|⌋ exemplars per class, where ⌊ ⌋ is the floor function.

• Growing Budget Memory: The total size of the rehearsal memory is growing at

each incremental step. The rehearsal memory stores exactly n exemplars for each

already learned class. Supposing m the current size of the rehearsal memory, after

finishing the tth incremental step, we have m = n|⋃t
i=1 Yi|.

Usually, the Learning From Scratch procedure assumes the use of a rehearsal memory

with a fixed budget and the Learning From Half procedure assumes the use of a rehearsal

memory with a growing budget.

2.2.3 Evaluation Metrics

In order to evaluate the learned model, it is necessary to define the evaluation metrics. In

the case of image classification, the most commonly used metric is the Accuracy. For a
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given training dataset D and its corresponding test dataset Dtest containing the same set

of classes, the Top-1 Accuracy of the model θ is defined as:

acc(θ,Dtest) =
1

|Dtest|
∑

(x,y)∈Dtest

1f(θ,x)=y (2.1)

where the test pair (x, y) is composed of the test image x and its corresponding label y,

f(θ, x) is the label predicted by the model θ when passing x as input, | | is the cardinal

function, and 1 is the indicator function that is equal to one if the condition is true and

zero otherwise.

In addition to the Top-1 Accuracy, some works also consider the Top-5 Accuracy as

an evaluation metric. Subsequently, if not stated otherwise, Accuracy refers to the Top-1

Accuracy.

In the case of general Class-Incremental Learning, the training procedure is divided into

T incremental steps, each step containing a training dataset Dt associated to a test dataset

Dtest,t with both datasets containing samples belonging to classes from the set of classes Yt.
At the end of each incremental step t, the model θt is evaluated on the test set of all the

classes learned so far, i.e.
⋃t

i=1Dtest,i . In this context, the Accuracy of the model at step

t is defined as:

acct = acc(θt,
t⋃

i=1

Dtest,i) (2.2)

Two metrics based on this definition of the accuracy at step t are commonly used to

evaluate the performance of models for Class-Incremental Learning: the Final Accuracy

and the Average Incremental Accuracy.

Final Accuracy

The Final Accuracy is defined as the Accuracy of the model on the complete test dataset

after the last incremental step: accT , where T is the total number of incremental steps.

Moreover, in order to estimate the trade-off between stability and plasticity, we may

be interested in evaluating the Final Accuracy of the model on the base classes Y1 learned

during the first incremental step denoted accbaseT = acc(θT ,Dtest,1) and the Final Accuracy

on the classes from the following T − 1 steps denoted acccomp
T = acc(θT ,

⋃T
i=2Dtest,i).

Average Incremental Accuracy

The Average Incremental Accuracy has been first proposed by Rebuffi et al. [2017] as a way

to evaluate the performance of the model through the course of the complete incremental

training procedure. It is defined as the average of the accuracy of the model after each

incremental step, including the first one. This is the preferred evaluation metric.
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accavg =
1

T

T∑

t=1

acct =
1

T

T∑

t=1

acc(θt,
t⋃

i=1

Dtest,i) (2.3)

Other metrics

Additional metrics, such as Forgetting [Chaudhry et al., 2018] or Backward and Forward

Transfer [Lopez-Paz and Ranzato, 2017], have been proposed to evaluate some specific

aspects of Incremental Learning. Forgetting estimates how much a model has forgotten

about a task using the difference between the performance of the current model on that task

and the highest performance it has reached in the past. Backward, respectively Forward,

Transfer evaluates the impact that learning the task t has on the performance of the old,

respectively future, tasks. These metrics were originally proposed for Task-Incremental

Learning and are rarely considered for Class-Incremental Learning.

Recent works [Cha et al., 2022; Kim and Han, 2023] have highlighted that state-of-the-art

approaches for Class-Incremental Learning tend to highly favor stability resulting in mod-

els which feature representation accumulates only little new knowledge through the whole

training procedure. They argue that both the Final and Average Incremental Accuracy

may not be really indicative of the capability of the model to learn continually and propose

to also evaluate the quality of the feature representation when comparing Class-Incremental

Learning methods.

2.2.4 Memory and Computational Cost

When comparing approaches, most of the works on Class-Incremental Learning consider

the budget for the rehearsal memory as the only memory constraint. The budget for the

rehearsal memory, generally expressed as the number of exemplars that can be stored inside,

and its management (see Section 2.2.2) are considered as the common denominator which

allows a fair comparison of all the considered methods. The budget for storing the weights

of the current model itself, and its previous version in the case of distillation-based methods,

is not taken into account as most of the works would rely on either the same neural network

architecture or architecture with approximately the same number of parameters. With the

recent introduction of dynamic-networks-based methods for Class-Incremental Learning,

this latter assumption has been questioned. As the size of the deep learning model often

grows linearly with the number of incremental steps for dynamic-networks-based methods,

Zhou et al. [2023c] have argued that the weights of the models should be taken into account

for the total memory budget. They further analyzed in which case it was preferable to

store more exemplars of past classes and in which case it was preferable to have larger deep

neural network models.

On the other hand, the computational cost of the training procedure is rarely mentioned

[Verwimp et al., 2024]. This is most likely due to the emphasis of the research community
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on considering the limited size of the rehearsal memory as the central constraint of Class-

Incremental learning. Moreover in practice, the difficulty to precisely evaluate the training

cost of the different methods further limits its adoption as a metric for comparing Class-

Incremental Learning methods.

2.3 Methods for Class-Incremental Learning

Methods designed for continual learning and incremental learning include replay-based

methods relying on a rehearsal memory, regularization-based methods which constrain

the training of the model by regularizing either the output or the weights of the model,

dynamic-networks-based methods which expand the model by allocating new parameters

during training, and bias correction methods which mitigate the bias toward new classes.

In practice, most state-of-the-art approaches for Exemplar-based Class-Incremental Learn-

ing combine a rehearsal memory with a method to mitigate the bias toward the new classes

and an additional mechanism for preserving past knowledge, typically based on either knowl-

edge distillation or network expansion.

2.3.1 Rehearsal Memory

The rehearsal memory [Rebuffi et al., 2017; Chaudhry et al., 2019], also named replay

memory, has proven to be a simple yet very effective method for mitigating catastrophic

forgetting in Class-Incremental Learning. The rehearsal memory stores few samples, also

known as exemplars, of previously learned classes that are used for replay by concatenating

it with the current dataset when learning new classes. Following Rebuffi et al. [2017], most

of the approaches for Class-Incremental Learning use herding [Welling, 2009] for selecting

which exemplars to store in the memory, based on their representation produced by the

feature extractor. A recent survey [Belouadah et al., 2021] shows that herding tends to

achieve better performance than random selection of exemplars or other algorithms such

as K-means or entropy-based selection. Liu et al. [2020b] proposed to parameterize the

exemplars from the rehearsal memory and optimize them in an end-to-end manner through

a bilevel optimization program.

In order to increase the capacity of the rehearsal memory, it has been proposed to

store intermediate representations produced by the feature extractor [Iscen et al., 2020;

Hayes et al., 2020] instead of the raw images. Similarly, several authors have studied

the use of compression algorithms with the aim of storing more exemplars for a given

budget: Zhao et al. [2022] proposed to save low-fidelity exemplars generated using PCA or

downsampling, Wang et al. [2022b] proposed to use JPEG compression algorithm, and Luo

et al. [2023] proposed to use downsampling on the non-discriminative part of the images.

While most approaches for Class-Incremental Learning use a static memory, Reinforced

Memory Management (RMM) Liu et al. [2021] learns a two-level policy for allocating the
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memory between old and new classes and for allocating the memory to each specific class.

In addition to the previously mentioned methods, which directly store and replay sam-

ples from previously encountered classes, some methods proposed to instead generate past

samples. Generative Replay, also known as pseudo-rehearsal, methods [Shin et al., 2017;

He et al., 2018] rely on a generative model trained alongside the classification model and

use it to generate samples of previously learned classes. While those methods can offer

more diversity than methods directly storing exemplars, their performances depend on the

quality of the generated samples which is challenging for the large scale datasets commonly

used for Class-Incremental Learning. Moreover, when trained sequentially, the generative

model used for pseudo-rehearsal is also impacted by catastrophic forgetting which makes

the problem even more complex.

2.3.2 Distillation-based Methods

Hinton et al. [2015] proposed Knowledge Distillation as a way for transferring knowledge

from a large neural network or an ensemble of neural networks, called the teacher, into

a smaller neural network called the student. The student model is trained by mimicking

the teacher model in order to obtain a student model that achieves competitive, or even

superior, performance compared to the teacher.

Distillation-based methods for Class-Incremental Learning use knowledge distillation

to build a regularization term to mitigate catastrophic forgetting by retaining knowledge

from past classes while learning new ones. At each incremental step t, the current model

θt is trained on the combination of the classification loss with a distillation loss. This

distillation loss constrains the intermediate or the final outputs of the current model θt to

be the same as those from the previous incremental step model θt−1 which has been frozen.

Ideally, knowledge distillation should be performed on the complete dataset used to train

the teacher model, which is not possible for Class-Incremental Learning. As a substitute,

distillation-based methods use the new training data, the few exemplars from the rehearsal

memory, or additional external data [Lee et al., 2019; Zhang et al., 2020; Liu et al., 2024].

Learning Without Forgetting (LWF) [Li and Hoiem, 2017] first used knowledge distilla-

tion for Task-Incremental Learning by enforcing the output logits of the old classes for the

current model to be the same as the ones of the model from the previous step. This method

was subsequently extended to Class-Incremental Learning and combined with a rehearsal

memory by Rebuffi et al. [2017]. Logits distillation combined with a memory for replay was

further used in numerous works [Castro et al., 2018; Wu et al., 2019]. Instead of using the

previous model as the teacher, Buzzega et al. [2020] proposed to store the predicted logits

alongside the exemplars using reservoir sampling [Vitter, 1985].

In addition to logits-based knowledge distillation, it is also possible to use feature-

based knowledge distillation and relation-based knowledge distillation. Hou et al. [2019]

introduced Less-Forget Constraint which is applied to the feature representation. It tackles
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catastrophic forgetting by maximizing the cosine similarity between the output features of

the current model and those from the previous model. In addition to the final representation

from the feature extractor, PODNet [Douillard et al., 2020] proposed a distillation loss that

is also applied to the spatially pooled representations from several intermediate stages of

the feature extractor. Tao et al. [2020] proposed Topology-Preserving Class-Incremental

Learning (TPCIL) which models the topology of the feature space using an elastic Hebian

graph and proposed a loss that penalizes change in neighboring relationships of the graph

while learning new classes. GeoDL [Simon et al., 2021] proposed to model the feature space

of the current and previous step model using two low-dimensional manifolds and apply the

distillation loss along the geodesic path connecting them. DDE [Hu et al., 2021] proposed to

distill the colliding effect between the new and old data. AFC [Kang et al., 2022] weighted

the distillation loss based on the importance of each feature map.

Rather than only using the model from the previous step θt−1, Zhou et al. [2019] pro-

posed to use all the previous models θ1:t−1 for the distillation loss. To achieve a better

trade-off between plasticity and stability, Kim et al. [2023] introduces an auxiliary model

that has been specifically trained for the current incremental step and proposes to train the

current model θt by distilling knowledge from both the previous model θt−1, for promoting

stability, and the auxiliary model, for promoting plasticity, using the same distillation loss.

2.3.3 Weights-Regularization-based Methods

While distillation-based approaches for Class-Incremental Learning aim to mitigate catas-

trophic forgetting by constraining the changes in the output of the model, weights-regularization-

based methods, on the other hand, propose to constrain the changes in the weights of the

deep neural networks. To do so, at each incremental step t, the current model θt is trained

on the combination of the classification loss with a parameters-regularization loss. This

regularization loss usually penalizes the change of each of the weights of the current model

depending on their importance for carrying out previously learned tasks.

Kirkpatrick et al. [2017] proposed Elastic Weight Consolidation (EWC) which estimates

the importance of the parameters at the end of each incremental step using the Fisher

Information Matrix. Synaptic Intelligence (SI) [Zenke et al., 2017] estimates the importance

of each parameter in an online manner using their contribution to change in the loss through

the entire training procedure. RWalk [Chaudhry et al., 2018] combines EWC and SI together

in order to estimate the importance of each weight.

2.3.4 Dynamic-Networks-based Methods

As an alternative to accumulating the knowledge from all the incremental steps into a

fixed and shared set of weights, dynamic-networks-based methods propose to increase the

capacity of the deep neural network to accommodate the evolving stream of training data.

At each incremental step, instead of using a distillation loss to protect past knowledge by
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regularizing the output of the neural network, dynamic-networks-based methods expand the

model by appending new neurons or modules dedicated to the learning of the new classes.

This has long been a popular approach for Task-Incremental Learning [Rusu et al., 2016;

Yoon et al., 2018; Li et al., 2019] due to the availability of the task identity at test time,

allowing the model to process the input through the associated part of the neural network.

Yan et al. [2021] introduced Dynamically Expandable Representation (DER) as the

first Dynamic-networks-based method for Class-Incremental Learning. At each incremental

step, the model is expanded with an additional feature extractor for learning the new classes,

while all the previous feature extractors are kept frozen to preserve past knowledge. The

features generated by all the feature extractors are concatenated and fed to the classifier

for prediction. To encourage the new feature extractor to learn diverse and discriminative

features, the authors emphasize the importance of introducing an auxiliary loss in addition

to the classification loss. Concurrently, Li et al. [2021] presented a similar approach but

proposed to average the features after adapting them using dedicated linear layers instead of

concatenating them and introduced a distillation loss for learning the new feature extractor.

However, by introducing an additional feature extractor at each incremental step, these

methods proposed by Yan et al. [2021] and Li et al. [2021] suffer from having models with a

linearly growing number of parameters, inducing important memory and computational cost

compared to methods relying on a fixed backbone. To address this concern, both methods

proposed a different pruning approach to reduce the number of parameters by removing

redundant or less important parameters. Inspired by the gradient boosting algorithm,

FOSTER [Wang et al., 2022a] proposed a two-stage training procedure. First, it dynamically

adds a new feature extractor for learning the new classes and then compress the two feature

extractors into a unique one using knowledge distillation; effectively limiting the model

to a single feature extractor at the end of each incremental step. Zhou et al. [2023c]

analyzed that when adding a new feature extractor at each incremental step, shallow layers

of each feature extractor tend to produce highly similar features while only the deeper layers

produce diverse features. Consequently, they introduced MEMO which divides the feature

extractor into a generalized part and a specialized part. At each incremental step, instead

of adding a completely new feature extractor, MEMO keeps a single common generalized

part and only adds a new specialized part; resulting in lower memory and computational

requirements compared to DER. Based on Vision Transformer [Dosovitskiy et al., 2020],

Douillard et al. [2022] proposed DyTox which expands the parameter space of the model

by learning one additional task-specific token during each incremental step.

2.3.5 Bias Correction

As previously discussed in Section 2.3.1, the rehearsal memory is a key component of most

Class-Incremental Learning methods. However, due to its limited size, that is often re-

stricted to 20 exemplars per class, the actual training dataset Dt ∪ M resulting of the
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concatenation of the current datasets Dt with the rehearsal memory M is highly imbal-

anced. It contains a lot of training samples for the few new classes Yt from Dt and only

few training samples for the numerous past classes
⋃t−1

i=1 Yi from the rehearsal memory M.

This imbalance in the training dataset results in a severe bias of the model toward the new

classes [Javed and Shafait, 2019; Hou et al., 2019; Wu et al., 2019; Belouadah and Popescu,

2019; Zhao et al., 2020]: the model tends to predict every sample from old classes as new

classes. The linear classifier exhibits significantly larger values for the bias and the norm of

the weights associated to the new classes compared to old classes. To address this bias in

Class-Incremental Learning models, several methods have been proposed.

Rebuffi et al. [2017] first introduced the use of a Nearest-Mean-of-Exemplars (NME)

classifier during inference instead of the learned linear classifier in order to mitigate the

bias toward new classes. The NME classifier computes a class prototype for each class by

averaging the feature representation of its exemplars stored in the rehearsal memory, and

at test time, assigns the label of the class whose prototype is the most similar to the feature

representation of the input. Castro et al. [2018] proposed to finetune the linear classifier at

the end of each incremental step on a small balanced dataset created using the rehearsal

memory and containing the same number of samples for both old and new classes. This

balanced finetuning is among the most commonly used methods for bias mitigation for

Class-Incremental Learning and is part of several approaches Hou et al. [2019]; Douillard

et al. [2020]; Yan et al. [2021]. Bias Correction (BiC) [Wu et al., 2019] learn a two-parameter

model to rectify the bias in the weight and bias of the linear classifier using a small balanced

validation set at the end of each incremental step. Hou et al. [2019] introduced the cosine

classifier as a solution to balance the magnitude across all classes. Weight Aligning (WA)

[Zhao et al., 2020] corrects the weights of the new classes at the end of each incremental step

in such a way that the average norm of the weights for new classes is the same as the one

for past classes. Ahn et al. [2021] proposed the Separated-Softmax that splits the output

logits into two distinct parts, the new classes part and the old classes part, and compute

the Cross Entropy classification loss separately.

2.4 Methods for Exemplar-Free Class-Incremental Learning

Exemplar-Free Class-Incremental Learning has recently gained more and more attention

from the continual learning community. Compared to Exemplar-Based Class Incremental

Learning, it does not allow the use of a rehearsal memory, resulting in a more challenging

setting.

In addition to the general methods presented in the previous section, several approaches

have been proposed specifically for this setting. They can be categorized depending on

whether the feature extractor is fixed or continually finetuned.
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2.4.1 Finetuning-based Methods

Finetuning-based methods for Exemplar-Free Class Incremental Learning sequentially up-

date the feature extractor at each incremental step. Similarly to methods for Exemplar-

Based Class-Incremental Learning, they usually rely on a regularization loss to mitigate

catastrophic forgetting. Learning Without Forgetting [Li and Hoiem, 2017] adapted to

Class-Incremental Learning (LWF-MC) [Rebuffi et al., 2017] and EWC [Kirkpatrick et al.,

2017] are two pioneer works for Exemplar-Free Class-Incremental Learning used to regu-

larize the continual finetuning of the feature extractor in order to mitigate catastrophic

forgetting.

Yu et al. [2020] showed that feature extractors trained using a metric learning loss suffer

less from catastrophic forgetting compared to feature extractors trained using a classifica-

tion loss. Several authors have highlighted the importance of learning a feature extractor

capable of producing more generalizable and transferable features and proposed to use

self-supervised learning to do so. Zhu et al. [2021b] proposed to generate novel classes by

applying 90°, 180°, and 270° rotations to the current training dataset, transforming the N -

class problem into a (4N)-class problem. Concurrently, Wu et al. [2021a] also proposed to

use rotations and introduced two approaches: SPB-I which incorporates a class-independent

learner based on self-supervised rotation prediction task, and SPB-M which incorporates

a dedicated classifier per transformed view. Similarly, Zhu et al. [2021a] transformed the

N -class problem of the current step into a (N + M)-class problem by using Mixup Zhang

et al. [2017] for generating M new classes which are used for training the feature extractor

before being discarded at the end of the incremental step. Smith et al. [2021] generates

synthetic samples of past classes by inverting a frozen copy of the model from the previous

step and designs a new importance-weighted feature distillation loss. SSRE [Zhu et al.,

2022] combines knowledge distillation with structural expansion and re-parameterization.

Several methods for Exemplar-Free Class-Incremental Learning additionally store one

representative prototype for each class, which is usually the class mean in the feature space.

However, stored prototypes of previously encountered classes become more and more irrel-

evant and outdated as the feature extractor is continually finetuned on the data from new

classes. To address this change in the feature space, SDC [Yu et al., 2020] compensates the

drift of the prototypes from previous incremental steps by using an estimation based on the

feature drift experienced by the current step data and uses the prototypes in a Nearest Class

Mean (NCM) classifier for inference. To maintain the decision boundary of the previous

classes, Zhu et al. [2021b] proposed to augment the prototypes of past classes via Gaussian

noise and train the classifier using features from new classes and the augmented prototypes.

Zhu et al. [2021a] additionally saves the covariance matrix of each old class in order to

generate features of past classes. Zhu et al. [2022] over-samples the prototypes while train-

ing the classifier and proposes a prototype selection mechanism to reduce confusion among

similar classes.
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2.4.2 Fixed-Representation-based methods

Instead of finetuning the feature extractor during each incremental step, several authors have

proposed to train the feature extractor during the first incremental step before freezing it and

only update the classifier during the following incremental steps. Since only the classifier

is updated after the first incremental step, the memory and computational costs of the

training procedure for methods relying on a fixed feature extractor are usually significantly

lower compared to finetuning-bases methods, resulting in a faster training procedure. On

top of the frozen feature extractor, different classifiers can be incrementally trained to make

the most of the fixed representation. Using a Nearest Class Mean (NCM) classifier [Rebuffi

et al., 2017] on top of the frozen feature extractor is a strong baseline [Janson et al., 2022].

DeeSIL [Belouadah and Popescu, 2018] proposed to use linear SVMs for the classifier and

Hayes and Kanan [2020] relies on Streaming Linear Discriminant Analysis [Pang et al.,

2005]. FeTrIL [Petit et al., 2023] proposed to generate pseudo-features of the previously

encountered classes using one prototype per class and a geometric translation of the new

class features; then to train a linear classifier using the pseudo-features for the old classes

and the actual features for the new classes. Goswami et al. [2023] proposed FeCAM which

relies on the Mahalanobis distance as well as Tukey’s transformation, covariance shrinkage,

and correlation normalization.

Additionally, there are prompt-based methods, which learn prompt tokens to instruct

and adapt a fixed vision transformer to the new tasks. The pioneer method L2P [Wang et al.,

2022d] learns a pool of key-prompt pairs and selects the most relevant prompts at inference

based on the input. Dual Prompt [Wang et al., 2022c] proposes to learn task-invariant

and task-specific prompts. CODA-Prompt [Smith et al., 2023b] uses an attention-based

mechanism for selecting the prompts. However, contrary to previously presented methods

which train the feature extractor using the data from the first incremental step, most of

the prompt-based methods rely on a vision transformer model pre-trained on large external

datasets such as ImageNet and are not competitive when solely pre-trained during the first

incremental step [Tang et al., 2023].
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Chapter 3

Balanced Softmax for

Class-Incremental Learning With

and Without Memory

3.1 Introduction

In a class incremental learning scenario, the complete training dataset is not available at

once. Instead, the training samples are progressively available, few classes at a time. The

model has to learn new classes in a sequential manner, similarly to the human learning

process. This ability to incrementally learn new knowledge is critical for various real world

applications where new samples may appear sequentially and it is not possible to either

store them all due to memory constraint or re-train the model from scratch as new data

is encountered due to time or computational power limitations. For example, a robot

learning to classify new objects while interacting with its environment or a face recognition

system should be able to incrementally learn new knowledge during their lifetime without

having to be re-trained on previously learned faces or objects each time a new element is

encountered. Although deep neural networks achieve state-of-the-art performance across

a wide spectrum of applications in computer vision, training them incrementally remains

challenging. It is caused by the high propensity of deep neural networks to almost fully forget

previously learned classes while learning new ones. This situation is known as catastrophic

forgetting [McCloskey and Cohen, 1989; French, 1999; Parisi et al., 2019].

In this context, using a small memory buffer to store samples of previously encountered

classes in order to use them for rehearsal while learning new classes has been proven by

multitude of recent works to be an effective solution to mitigate catastrophic forgetting.

However, as the size of the replay memory is limited in practice, a large imbalance issue
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appears, i.e. at a given time, the model will mainly be trained using data from new classes

and only a few from previous classes. This leads the model to become biased towards the

most recently learned classes and resulting in a deterioration of its overall performance.

This phenomenon gets worse as the size of the memory decreases to the point where no

memory at all is available. Methods designed to tackle this issue usually rely on additional

finetuning steps using a small balanced dataset after each incremental step, oversampling,

or specifically designed classifiers.

In this work, we propose a novel approach to mitigate the bias towards new classes in

large-scale class incremental learning with and without a replay memory. Our proposed

method modifies the training procedure by using the Balanced Softmax activation func-

tion [Ren et al., 2020] for the Cross-Entropy loss instead of the commonly used Standard

Softmax function. By combining the Balanced Softmax Cross-Entropy loss with state-of-

the-art approaches for class incremental learning with rehearsal memory, it is possible to

further improve the average incremental accuracy of those methods on competitive bench-

marks. Our method also potentially decreases the computational cost of the training pro-

cedure as the Balanced Softmax Cross-Entropy loss does not require any additional bal-

anced finetuning step. Moreover, we propose an additional meta-learning algorithm that

can further improve the accuracy of the models in some settings. Finally, we propose an

extension of the Balanced Softmax Cross-Entropy, named the Relaxed Balanced Softmax

Cross-Entropy, specifically designed for class incremental learning without memory. We

show that this newly proposed loss can be applied to approaches initially conceived for

class incremental learning with a replay memory in order to adapt them to the exemplar-

free setting without further modification. They then achieve state-of-the-art results and are

competitive with memory-based approaches.

To summarize, our contributions are three-fold:

• We propose the use of the Balanced Softmax Cross-Entropy as a mitigation method for

large-scale class incremental learning and we show that it can be seamlessly combined

with advanced state-of-the-art methods in order to improve their accuracy while also

decreasing the computational complexity of their training procedure.

• We propose a meta-learning algorithm that can improve the accuracy of the Balanced

Softmax Cross-Entropy in some settings.

• We introduce an extension of the Balanced Softmax Cross-Entropy specifically de-

signed for class incremental learning without memory, named Relaxed Balanced Soft-

max Cross-Entropy. We show that it achieves state-of-the-art performances and can

efficiently balance the trade-off between stability and plasticity.

In this work, we extend our previously published conference paper [Jodelet et al., 2021]

by considering additional settings and experiments for our proposed method. First, we

explore the class incremental learning without memory setting. In this setting, no exemplar
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of old classes can be stored in the memory, which makes it a challenging problem. It is

also not well-addressed by existing methods. We highlight the limitations of the Balanced

Softmax Cross-Entropy in this particularly demanding setting and propose an improved

version, named Relaxed Balanced Softmax Cross-Entropy, which significantly improves the

accuracy of our proposed method and achieves state-of-the-art performances. Secondly,

we perform additional experiments on two more challenging scenarios for class incremental

learning with replay memory: the 25 incremental steps setting on CIFAR100 and ImageNet-

Subset and the 10 incremental steps setting without large base step on ImageNet as initially

used by Rebuffi et al. [2017] and Wu et al. [2019]. Finally, we also add supplementary

ablation study and figures.

3.2 Related work

In recent years, continual learning and incremental learning for deep neural networks gained

more and more attention, following the success of deep learning based methods during the

past decade. There exists a large variety of scenarios and settings for continual learning [Hsu

et al., 2018; Lomonaco et al., 2022]. In our work, we will only consider the class incremental

learning scenario. Most methods designed for this scenario usually combine three distinct

components when applied to large scale datasets: constraints to preserve past knowledge,

rehearsal memory, and bias mitigation methods.

Hinton et al. [2015] initially proposed the distillation loss for transferring knowledge

from a large teacher model into a smaller student model. Li and Hoiem [2017] adapted

this method to continual learning by distilling the knowledge of the model learned during

the previous step into the next step using the output logits of the models. This method

was then applied by several authors [Rebuffi et al., 2017; Castro et al., 2018; Wu et al.,

2019]. Recently, several proposals have been made to modify and improve distillation for

incremental learning. Hou et al. [2019] proposed a novel distillation loss named Less forget

Constraint which is applied on the final class embeddings instead of the output logits.

Dhar et al. [2019] proposed the Attention Distillation Loss which penalizes changes in

the attention maps of the classifiers. Douillard et al. [2020] proposed a new distillation

loss using a pooling function and applied it to several intermediate layers of the neural

network in addition to the final class embedding. Tao et al. [2020] proposed to model

the class embedding topology using an elastic Hebbian graph and then used a topology-

preserving loss to constrain the change of the neighboring relationships of the graph during

each incremental step. Similarly, Lei et al. [2020] adopted a feature-graph preservation

approach and proposed the weighted-Euclidean regularization to preserve the knowledge.

Lastly, Simon et al. [2021] proposed to use the geodesic flow for knowledge distillation in

order to preserve past knowledge more efficiently.

Using a small replay memory containing samples from previously encountered classes

[Chaudhry et al., 2019] has been shown to be a simple yet effective method to mitigate
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catastrophic forgetting. In order to increase the number of stored samples for a fixed

size, it is possible to rely on compression [Caccia et al., 2020] or to store intermediate

representations [Hayes et al., 2020] instead of the input images. It is also possible to store

the output logits for distillation instead of the true labels if the model from the previous

step is not available [Buzzega et al., 2020]. Liu et al. [2020b] proposed to parameterize

the exemplars of the memory and to learn them in an end-to-end manner through bi-level

optimizations.

However, the limited size of the replay memory results in an unbalanced training set

mainly composed of samples from the new classes. Several recent works have highlighted

this problem and proposed different methods to address it. Rebuffi et al. [2017] introduced

iCaRL which relies on a nearest-mean-of-exemplars classifier to tackle the issue. Castro

et al. [2018] proposed to use more data augmentation on the training set and to finetune

the model on a small balanced dataset after each incremental step. This additional balanced

finetuning step was then reused in numerous works [Hou et al., 2019; Douillard et al., 2020].

Wu et al. [2019] and Hou et al. [2019] observed that the classifier part of the neural network

is the main reason for the bias of the model towards the new classes. Therefore, Wu

et al. [2019] proposed to learn a two-parameter linear model on a small balanced dataset

to correct the bias of the last fully connected layer while Hou et al. [2019] proposed to use

cosine normalization on the classifier. A recent work [Ahn et al., 2021] also proposed to use

oversampling of old classes and to separately compute the softmax probabilities of the new

and old classes for the Cross-Entropy loss.

Nevertheless, storing samples from past classes inside the replay memory may not always

be possible due to privacy reasons. This situation, referred to as exemplar-free incremental

learning or incremental learning without memory, significantly complicates the initial prob-

lem. Pioneering works proposed to learn a generative model [Shin et al., 2017; Wu et al.,

2018] to generate samples from old classes. Recently, Yu et al. [2020] proposed an approach

that does not rely on a generative model but which approximates the semantic drift of

the embedding space using new data only while Zhu et al. [2021b] and Wu et al. [2021a]

proposed to use self-supervised learning to learn richer representations. Concurrently, Hu

et al. [2021] proposed a solution that aims to distill the effects of old data without having

to store them in the replay memory.

In our work, we propose to use the Balanced Softmax Cross-Entropy loss to address

the problem of unbalanced training set for class incremental learning with and without

storing samples from past classes in memory. Compared to previously presented methods,

the Balanced Softmax Cross-Entropy loss does not require additional training steps or

oversampling while reaching similar or higher accuracy on competitive benchmarks.
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Figure 3.1: Illustration of the class incremental training procedure. At each incremental

step t, the model is trained with the new data Dt containing samples from new classes Yt
and the memory M containing few samples from previously encountered classes

⋃t−1
i=1 Yt.

The step 1, also called the base step, contains the base classes.

3.3 Proposed method

The objective of class incremental learning is to learn a unified classifier (also denoted

single-head classifier) from a sequence of training steps, each containing new and previously

unseen classes, as described in Figure 3.1. The first training step called the base step,

is followed by several incremental steps numbered from 2 to T , for a total of T training

steps, each composed of the training set Dt containing samples from the set of classes Yt.
Each incremental step contains different classes such that ∀i, j ∈ {1, ..., T},Yi ∩ Yj = ∅
for i ̸= j. During each incremental step, in addition to Dt, the model also has access to

the small replay memory M containing samples from classes encountered during previous

incremental steps. The number of classes learned up to the incremental step t included is

denoted as Nt. At the end of each training step, the model is evaluated on the test data of

all classes seen so far
⋃t

i=1 Yi where t denotes the current training step.

3.3.1 Incremental learning baseline

To highlight the strengths of our proposed method, we use a simple baseline for incremental

learning, denoted IL-baseline, initially proposed by Wu et al. [2019]. This baseline consists

of a deep neural network combined with a small replay memory and optimized using two

distinct losses: the Standard Softmax Cross-Entropy loss and the distillation loss.

The total loss L used to train the model, is defined as a weighted sum of the distillation

loss Ld and the Standard Softmax Cross-Entropy loss Lc:

L = ρLd + (1− ρ)Lc (3.1)

where ρ is defined as Nt−1

Nt
with Nt the total number of classes at incremental step t and is

used to balance the importance of the two losses. The importance of the distillation loss
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is modified based on the number of new classes that are learned during the training step

compared to the total number of classes that has already been learned.

At the beginning of each incremental step t, the parameters from the previous step θt−1

are first copied to initialize the new parameters θt. The old parameters θt−1 are then used

to maintain the knowledge of previously learned classes using the distillation loss [Hinton

et al., 2015; Li and Hoiem, 2017]. For each training sample (x, y) ∈ Dt∪M, the distillation

loss Ld is defined as:

Ld(x) =

Nt−1∑

k=1

−p̂k(x) log(pk(x)) T 2 ,

p̂k(x) =
eẑk(x)/T

∑Nt−1

j=1 eẑj(x)/T
, pk(x) =

ezk(x)/T
∑Nt−1

j=1 ezj(x)/T

(3.2)

where x is the input image, y is the associated ground truth label, z(x) = [z1(x), ..., zNt(x)]

is the output logits of the current model θt, ẑ(x) = [ẑ1(x), ..., ẑNt−1(x)] is the output logits

of the model at the previous incremental step θt−1 and T is the temperature.

Usually, the replay memory can be constrained by either a global budget or by the

number of samples saved per class. Using a global budget means that the total memory size

is fixed at the beginning of the training procedure and is equally divided among the already

learned classes. As the number of already encountered classes increases, the number of

samples stored for each class decreases. On the other hand, using a fixed number of samples

stored per class, also known as growing memory, means that the number of samples per

class will not change during the training procedure, which means that the total size of the

memory increases at each incremental step. The latter approach is usually considered to

be the more challenging one. The herding selection [Welling, 2009] is often used to select

the samples as it has been shown to be more efficient than the random selection [Belouadah

et al., 2021].

3.3.2 Balanced Softmax Cross-Entropy

Due to the limited size of the replay memory, the training set Dt∪M contains only few tens

of samples for each of the old classes while containing hundreds or thousands of samples

for each of the new classes at each incremental step. The testing set, however, contains

the same number of samples for both the new classes and the old classes. This discrepancy

induces a bias towards the most recently learned classes [Belouadah and Popescu, 2019; Hou

et al., 2019; Wu et al., 2019] as illustrated in Figure 3.2 with the IL-Baseline procedure. As

can be seen from the figure, the model tends to predict the classes which had the largest

number of samples in the training set during the last incremental steps (the new classes)

rather than the old classes. This situation is similar to the Long-Tailed Visual Recognition

problem where a model is evaluated on a balanced test dataset after being trained on a

dataset composed of a few classes that are over-represented (the head classes) and a large

number of classes that are under-represented (the tail classes).
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Figure 3.2: Confusion matrix (transformed by log(1 + x) for better visibility) of the IL-

Baseline trained on CIFAR100 with a base step containing half of the classes followed by

5 incremental steps, using 20 samples per class stored in the replay memory. Figure best

viewed in color.
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Based on this observation, we propose to replace the Standard Softmax activation func-

tion with the Balanced Softmax for the Cross-Entropy loss during the training procedure.

This activation function has been initially introduced by Ren et al. [2020] to address the

label distribution shift between the training set and test set in Long-Tailed Visual Recog-

nition.

The Balanced Softmax activation function is defined as:

qk(x) =
λke

zk(x)

∑Nt
j=1 λjezj(x)

with λi = ni (3.3)

where x is the input image, z(x) = [z1(x), ..., zNt(x)] is the output logits of the current

model θt, ni is the number of samples in the training set for the ith class for the current

step t and Nt is the number of classes learned up to the current incremental step t included.

For detailed analysis of the Balanced Softmax and its relation to the general class imbalance

problem, we refer readers to Ren et al. [2020].

The new classification loss Lc used during the training procedure is then defined as the

Cross-Entropy loss using the Balanced Softmax instead of the Standard Softmax:

Lc(x) =

Nt∑

k=1

− δk=y log(qk(x)) (3.4)

where δ is the indicator function and y is the associated ground truth label to x.

The Balanced Softmax Cross-Entropy loss, denoted BalancedS-CE, can be used as a

replacement for the Standard Softmax Cross-Entropy loss in the previously defined IL-

Baseline or in any other model for incremental learning. It should be noted that the

Balanced Softmax Cross-Entropy does not increase the computational cost of the training

procedure in any notable way compared to the Standard Softmax Cross-Entropy.

3.3.3 Meta Balanced Softmax Cross-Entropy

The expression of the Balanced Softmax presented in Equation (3.3) allows for direct control

of the importance of each class by selecting a dedicated weighting coefficient λi for each

of them, which may be different from the number of samples for this class in the training

dataset, similarly to Khan et al. [2017]. In the context of large scale incremental learning, the

modification of these weighting coefficients offers a new method for controlling the plasticity-

rigidity trade-off of the trained model and also for controlling separately the importance of

each individual class.

We propose to extend the Balanced Softmax by introducing a new global weighting

coefficient α to control the importance of the past classes:

qk(x) =
λke

zk(x)

∑Nt
j=1 λjezj(x)

with λi =




α ni, if i ∈ P

ni, otherwise
(3.5)
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where P is the set of previously encountered classes and the weighting coefficient α is a real

number, usually between 0 and 1.

The expression of the λi coefficient for the new classes does not change, but for the old

classes, the number of images in the training set ni is multiplied by the weighting coefficient

α. By decreasing α, it is possible to increase the importance of the old classes and reduce

the plasticity of the model depending on the specific requirements of the application. This

new expression of the Balanced Softmax is equivalent to the one described in Equation (3.3)

for α equal to 1.0.

In practice, it appears that 1.0 may not be the optimal value for α when only consid-

ering the average incremental accuracy of the model. However, it is difficult to determine

beforehand a satisfying value for α without performing several trials with different values.

Therefore, to further improve the accuracy of the Balanced Softmax Cross-Entropy for In-

cremental Learning, we propose a new training procedure, named Meta Balanced Softmax

Cross-Entropy (Meta BalancedS-CE), in order to slightly adjust the weighting coefficient α

of the Balanced Softmax during the training as described by Algorithm 3.1.

Algorithm 3.1: Meta Balanced Softmax Cross-Entropy training procedure

Input: Data-flow {Di}Ti=1

Ouput: Models {θi}Ti=1, and replay memory M.

Initialize parameters θ and function f of the model

Initialize memory M
Train on the base step D1

for t ∈ {2, 3, ..., T} do
α← 1.0

Ut, Bt ← split(Dt ∪M)

for epoch ∈ {1, 2, ..., E} do
for (X,Y ) ∼ Ut do

θ∗ ← θ − ▽θbalancedLoss(f(θ,X), Y )

(X̄, Ȳ ) ∼ Bt

α← α− ▽αsoftmax CE(f(θ∗, X̄), Ȳ )

θ ← θ − ▽θbalancedLoss(f(θ,X), Y )

M← updateMemory(Dt)

Instead of using the same fixed weighting coefficient α during the complete training

procedure, we propose to jointly learn α during the training of the deep neural network.

To achieve this, we propose a meta-learning algorithm that estimates at each optimization

step the optimal value of α using a balanced validation set Bt. At the beginning of each

incremental step, the unbalanced training set Dt ∪M composed of the samples from the

new classes and the samples of old classes stored in the memory is split into a training set
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Ut and a validation set Bt. Unlike Ut which is a large unbalanced dataset, Bt is a smaller

set containing the same number of samples for every class.

At each optimization step, a temporary model θ∗ is created by training the current model

θ on the incoming batch of data (X,Y ) from Ut using the balanced loss which is the sum

of the Balanced Softmax Cross-Entropy loss and secondary losses (such as the distillation

loss). By using a batch (X̄, Ȳ ) from the balanced validation set Bt, the value of α is then

updated using the gradient of the standard Softmax Cross-Entropy loss of (f(θ∗, X̄), Ȳ )

with respect to α. Finally, we update the current model θ on the batch (X,Y ) previously

sampled from Ut using the balanced loss with the newly learned value of α.

Unlike the Balanced Softmax Cross-Entropy which does not change the computational

cost of the training procedure compared to the Standard Softmax Cross-Entropy, the Meta

Balanced Softmax Cross-Entropy has an impact on the training procedure. The method

requires the computation of gradients through the optimization process. One of the main

drawbacks is a large increase in the memory requirement which may make it more difficult

to combine this method with some existing methods for incremental learning.

3.3.4 Relaxed Balanced Softmax Cross-Entropy

In the exemplar-free setting, the λi coefficient for every old class will be equal to 0 in the

Equation (3.3) as it is not possible to save any exemplar from past classes into the memory.

Therefore, in this particular setting, the Balanced Softmax Cross-Entropy is equivalent to

the standard Softmax Cross-Entropy applied on the new classes only, supposing that the

number of images per class in the dataset is the same for all the new classes. This constraint

heavily limits the plasticity of the model as shown in Figure 3.3(b). In this experiment,

LUCIR [Hou et al., 2019] is trained on ImageNet-Subset with a base step containing half of

the classes followed by 5 incremental steps using the Balanced Softmax Cross-Entropy. At

the end of the training procedure, while achieving 79.44% accuracy on the 50 base classes,

the model only reaches 4.56% on the latest 50 classes. Compared to the 81.16% of accuracy

on the base classes at the end of the base step, this means that during the five incremental

steps following the base step, the model mostly protected its previous knowledge at the cost

of not being able to adapt to the new classes. By comparison, when LUCIR is trained using

the Standard Softmax Cross-Entropy, Figure 3.3(a) shows that the opposite happens: the

accuracy on the 50 base classes drops from 82.12% at the end of the base step to 29.76%

at the end the final step while achieving a similar overall final accuracy. The model trained

with the Standard Softmax Cross-Entropy is only able to correctly classify the most recent

classes as the method was not designed for class incremental learning without memory. A

more suitable solution would therefore be in between those two extreme approaches that

are the Balanced Softmax Cross-Entropy and the Standard Softmax Cross-Entropy in the

zero memory setting.

To that end, we proposed an extended version of the Balanced Softmax Cross-Entropy

29



Chapter 3 - Balanced Softmax for Class-Incremental Learning With and Without
Memory

1 25 50 75 100

1

25

50

75

100

Predicted classes

T
ru

e
cl

as
se

s

(a) LUCIR
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(b) LUCIR w/ Balanced Softmax Cross-Entropy

Final overall top-1 accuracy: 42.00%

Figure 3.3: Confusion matrix (transformed by log(1 + x) for better visibility) of LUCIR

[Hou et al., 2019] trained on ImageNet-Subset with a base step containing half of the classes

followed by 5 incremental steps with 0 sample per class stored in the replay memory using

(a) the Standard Softmax Cross-Entropy and (b) the Balanced Softmax Cross-Entropy.

Figure best viewed in color.
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specifically designed for class incremental learning without memory named Relaxed Bal-

anced Softmax Cross-Entropy (Relaxed BalancedS-CE):

qk(x) =
λke

zk(x)

∑Nt
j=1 λjezj(x)

with λi =




ϵ, if i ∈ P

ni, otherwise
(3.6)

where ϵ is usually a small positive number.

While the expression of λi for the new classes does not change, instead of using λi equals

to 0 for the old classes, the Relaxed Balanced Softmax Cross-Entropy uses a small positive

value ϵ in order to slightly reduce the constraint on the model during the learning of the new

classes. This new hyper-parameter ϵ can be adjusted to tune the balance between stability

and plasticity. By using ϵ equal to 0.0, the Relaxed Balanced Softmax Cross-Entropy is

equivalent to the Balanced Softmax Cross-Entropy as described in Equation (3.3).

The selection of the value for ϵ remains an open question and is discussed in section

3.4.3. Experimentally, the value of ϵ is fixed at a small percentage of the number of images

per class in the training dataset. It should also be noted that the algorithm from Meta-

Balanced Softmax Cross-Entropy can not be used in this setting as the balanced validation

dataset that is necessary cannot be created in the zero memory setting.

3.4 Experiments

3.4.1 Experimental setups

Datasets

Experiments are conducted on three competitive datasets for large-scale incremental learn-

ing: CIFAR100, ImageNet-Subset, and ImageNet. We use the experimental settings defined

in [Hou et al., 2019] by initially training the models on the first half of the classes of the

dataset (referred to as the base classes) during the base step before learning the remaining

classes during the next 5, 10, or 25 incremental steps. This setting known as Learning From

Half (LFH) is denoted “Base-i Inc-j” where i is the number of classes in the base step and

j is the number of classes in each of the following incremental step. For class-incremental

learning with memory, a small growing memory for rehearsal that contains 20 samples per

class for the old classes is used. Following [Hou et al., 2019; Rebuffi et al., 2017], the class

order is defined by NumPy using the random seed 1993.

• CIFAR100 [Krizhevsky et al., 2009] is composed of 60,000 32×32 RGB images

equally divided among 100 classes with 500 images for training and 100 for test-

ing for each class. There are 50 base classes and the remaining 50 classes are learned

in groups of 2, 5, or 10 classes depending on the number of incremental steps.

• ImageNet (ILSVRC 2012) [Russakovsky et al., 2015] is composed of about 1.3 million

high-resolution RGB images divided among 1,000 classes with around 1,300 images
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for training and 50 for testing for each class. There are 500 base classes and the

remaining 500 classes are learned in groups of 50 or 100 classes depending on the

number of incremental steps.

• ImageNet-Subset is a subset of ImageNet only containing the first 100 classes.

There are 50 base classes and the 50 remaining classes are learned in groups of 2, 5,

or 10 classes depending on the number of incremental steps.

Additionally, we also conduct an experiment on ImageNet without a base step containing

half of the dataset. This more challenging setting initially used in [Rebuffi et al., 2017; Wu

et al., 2019] consists in learning the 1,000 classes of the ImageNet dataset in 10 training

steps, each containing 100 new classes. For this setting, a fixed memory is used with a

budget of 20,000 samples in total. This setting known as Learning From Scratch (LFS) is

denoted “Base-0 Inc-j” where j is the number of classes in each incremental step.

Baselines

The IL-Baseline which uses the Standard Softmax Cross-Entropy loss is used to highlight the

impact of the Balanced Softmax Cross-Entropy loss function for class incremental learning.

This baseline is considered as the lower-bound method. Furthermore, the proposed models

are compared with several recent approaches for class incremental learning with a replay

memory: iCaRL [Rebuffi et al., 2017], BiC [Wu et al., 2019], LUCIR [Hou et al., 2019],

Mnemonics [Liu et al., 2020b], PODNet [Douillard et al., 2020], TPCIL [Tao et al., 2020]

and DDE [Hu et al., 2021]. For the class incremental learning without memory settings,

the Nearest Class Mean (NCM) classifier and the Streaming Linear Discriminant Analysis

(SLDA) [Pang et al., 2005; Hayes et al., 2020] are used in addition to two recent approaches:

DDE [Hu et al., 2021] and SPB [Wu et al., 2021a] and its derivatives (SPB-I and SPB-M).

Contrary to the other considered approaches, both the NCM classifier and SLDA rely on

a feature extractor which is only trained during the base step and not further finetuned

during the following incremental steps. It results in quick to train methods that achieve

competitive results, especially when having a large base step.

To measure the performance of the different models and compare them, the average

incremental accuracy is used as in Rebuffi et al. [2017]. It is defined as the average of the

Top-1 accuracy of the model on the test data of all the classes seen so far at the end of each

training step, including the initial base step.

Implementation details

All compared methods use the 32-layer ResNet [He et al., 2016] for CIFAR100 and the

18-layers ResNet for ImageNet and ImageNet-Subset. In our experiments, the input images

are normalized, randomly horizontally flipped, and cropped with no further augmentation

applied.
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For CIFAR100, the IL-Baseline model is trained for 250 epochs using SGD with mo-

mentum optimizer with a batch size of 128 and weight decay set to 0.0002. The learning

rate starts at 0.1 and is divided by 10 after the epochs 100, 150, and 200. For ImageNet and

ImageNet-Subset, the IL-Baseline model is trained for 100 epochs using SGD with momen-

tum optimizer with a batch size of 256 and weight decay set to 0.0001. The learning rate

starts at 0.1 and is divided by 10 after the epochs 30, 60, 80, and 90. For all datasets, the

temperature T of the distillation loss for the IL-Baseline is equal to 2. When the Balanced

Softmax Cross-Entropy loss or the Relaxed Balanced Softmax Cross-Entropy are combined

with other approaches for class incremental learning, the same hyper-parameters and train-

ing procedure as those reported in their respective original publications are used. For all

datasets, the weighting coefficient α of the Balanced Softmax Cross-Entropy is set to 1.0

as it corresponds to Equation (3.3) and the value of ϵ for the Relaxed Balanced Softmax

Cross-Entropy is set to 0.2% of the number of training images per class, which corresponds

to ϵ = 1 for CIFAR-100 and ϵ = 2.6 for ImageNet-Subset. For Meta-Balanced Softmax

Cross-Entropy, 10% of the memory size is used for the balanced validation set Bt, which

represents 2 samples per class for the main experiments. In order to decrease the com-

putational requirement of the method, the α weighting coefficient is only updated every

10 optimization steps instead of every optimization step. PyTorch has been used for the

experiments and gradients through the optimization process are computed using Higher

library [Grefenstette et al., 2019].

3.4.2 Comparison Results

Class-incremental Learning with memory

The average incremental accuracy (Top-1) on CIFAR100, ImageNet-Subset, and ImageNet

of our methods and the different baselines are reported in Table 3.1 using 5, 10, and 25

incremental steps settings. For a fair comparison, each method uses a growing memory

containing exactly 20 examples per class.

First, we use the IL-Baseline to support the importance of bias mitigation for large-

scale incremental learning. This approach does not use any bias mitigation method and

thus highlights the difference between the Standard Softmax Cross-Entropy and the Bal-

anced Softmax Cross-Entropy. On every dataset and in every setting, using the Balanced

Softmax Cross-Entropy to train the IL-Baseline instead of the Standard Softmax Cross-

Entropy loss results in a huge increase of the average incremental accuracy. Moreover, by

using the meta-learning algorithm to learn the weighting coefficient α instead of using the

fixed value of 1.0 it is possible to further improve the average incremental accuracy of the

IL-Baseline. The largest improvement appears on CIFAR100 with 5 and 10 incremental

steps. However, on ImageNet-Subset and ImageNet, there are no significant advantage for

the Meta Balanced Softmax Cross-Entropy over the Balanced Softmax Cross-Entropy, and

in some cases the Meta Balanced Softmax Cross-Entropy performs worse. On the demand-
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Table 3.1: Average incremental accuracy (Top-1) on CIFAR100, ImageNet-Subset, and

ImageNet with the Learning From Half procedure: a base step containing half of the classes

followed by 5, 10, and 25 incremental steps, using a growing memory of 20 samples per class

for all methods. Results for iCaRL and LUCIR are reported from [Hou et al., 2019] ; results

for Mnemonics and BiC are reported from [Liu et al., 2020b]; results for PODNet, TPCIL,

and DDE are reported from their respective paper. Results marked with “*” correspond

to our own experiments. Results on CIFAR-100 averaged over 3 random runs. Results on

ImageNet and ImageNet-Subset are reported as a single run. Best result is marked in bold

and second best is underlined. Results without memory in Table 3.3.

CIFAR100 ImageNet-Subset ImageNet

B50-Inc10 B50-Inc5 B50-Inc2 B50-Inc10 B50-Inc5 B50-Inc2 B500-Inc100 B500-Inc50

iCaRL [Rebuffi et al., 2017] 57.17 52.57 - 65.04 59.53 - 51.36 46.72

BiC [Wu et al., 2019] 59.36 54.20 50.00 70.07 64.96 57.73 62.65 58.72

LUCIR [Hou et al., 2019] 63.42 60.18 - 70.47 68.09 - 64.34 61.28

LUCIR w/ Mnemonics [Liu et al., 2020b] 63.34 62.28 60.96 72.58 71.37 69.74 64.54 63.01

LUCIR w/ DDE [Hu et al., 2021] 65.27 62.36 - 72.34 70.20 - 67.51 65.77

PODNet [Douillard et al., 2020] 64.83 63.19 60.72 75.54 74.33 68.31 66.95 64.13

PODNet w/ DDE [Hu et al., 2021] 65.42 64.12 - 76.71 75.41 - 66.42 64.71

TPCIL [Tao et al., 2020] 65.34 63.58 - 76.27 74.81 - 64.89 62.88

IL-Baseline* 43.80 37.00 30.57 51.52 42.22 30.96 43.23 36.70

IL-Baseline w/ BalancedS-CE (ours) 62.22 58.32 52.10 72.57 68.25 61.49 66.45 62.14

IL-Baseline w/ Meta BalancedS-CE (ours) 64.11 60.08 49.63 72.88 69.26 60.70 66.15 61.59

LUCIR [Hou et al., 2019]* 63.37 60.88 57.07 70.25 67.84 63.23 66.69 64.06

LUCIR w/ BalancedS-CE (ours) 64.83 62.36 58.38 71.18 70.66 65.10 67.81 66.47

PODNet [Douillard et al., 2020]* 64.46 62.69 60.63 74.97 71.57 62.67 65.20 62.87

PODNet w/ BalancedS-CE (ours) 67.77 66.57 64.64 76.08 74.93 69.46 69.67 68.65

ing 25 incremental steps settings, even though the Meta Balanced Softmax Cross-Entropy

achieves better performance than the Balanced Softmax Cross-Entropy during the first few

incremental steps, its performance deteriorates in the long term and achieves a lower aver-

age incremental accuracy at the end. Overall, the IL-Baseline trained with the Balanced

Softmax Cross-Entropy achieves superior average incremental accuracy than BiC [Wu et al.,

2019] and similar performances to LUCIR [Hou et al., 2019].

To demonstrate the flexibility of the proposed method, the Balanced Softmax Cross-

Entropy loss is combined with two state-of-the-art approaches: LUCIR [Hou et al., 2019] and

PODNet [Douillard et al., 2020]. For both methods, the classification loss previously used,

the Standard Softmax Cross-Entropy loss in the case of LUCIR and the NCA loss [Gold-

berger et al., 2005; Movshovitz-Attias et al., 2017] in the case of PODNet, is replaced by

the Balanced Softmax Cross-entropy and the balanced finetuning step is removed without

any other modifications to the method or its hyper-parameters. On every dataset and in

every setting, using the Balanced Softmax Cross-Entropy significantly improves the average

incremental accuracy of both LUCIR and PODNet. It also results in a decrease of the com-

putational complexity by removing the necessity of performing an additional finetuning step
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Table 3.2: Average incremental accuracy (Top-1 and Top-5) on ImageNet with the Learn-

ing From Scratch procedure: 10 training steps of 100 classes each using a fixed memory of

20,000 samples. Results for iCaRL, EEIL, and BiC are reported from [Wu et al., 2019] ; re-

sults for SS-IL are reported from its respective paper. Results marked with “*” correspond

to our own experiments. Results reported as a single run. Best result is marked in bold

and second best is underlined.

ImageNet

B0 Inc100

Top-1 Avg.

Inc. Acc.

Top-5 Avg.

Inc. Acc.

iCaRL [Rebuffi et al., 2017] - 63.7

EEIL [Castro et al., 2018] - 72.2

BiC [Wu et al., 2019] - 84.0

SS-IL [Ahn et al., 2021] 65.2 86.7

IL-Baseline* 46.65 68.74

IL-Baseline w/ BalancedS-CE (ours) 64.15 85.65

IL-Baseline w/ Meta BalancedS-CE (ours) 63.57 85.43

LUCIR [Hou et al., 2019]* 60.40 82.31

LUCIR w/ BalancedS-CE (ours) 60.75 84.31

PODNet [Douillard et al., 2020]* 62.58 83.50

PODNet w/ BalancedS-CE (ours) 64.08 85.71

on a small balanced dataset after each incremental step, as previously done by both meth-

ods in some settings. In addition to reducing the training time, removing the finetuning

step also means that it is now possible to perform inference at any time during the training

procedure. The Balanced Softmax Cross-Entropy loss increases the average incremental

accuracy from 0.93 up to 2.81 percentage points (p.p.) for LUCIR and from 1.11 up to 6.79

percentage points for PODNet. On ImageNet with 5 incremental steps, PODNet combined

with the Balanced Softmax Cross-Entropy outperforms PODNet by 4.47p.p. in terms of

average incremental accuracy and reaches final overall accuracy of 64.4% which is about

6p.p. below the theoretical Top-1 accuracy of a model trained on the whole dataset at once.

It is important to note that our proposed method is complementary to other approaches

such as Mnemonics [Liu et al., 2020b], DDE [Hu et al., 2021] or GeoDL [Simon et al., 2021],

and they could be combined in order to further improve the performance.

Additionally, Table 3.2 contains the average incremental accuracy (Top-1 and Top-

5) of our proposed methods and the baselines on ImageNet using 10 training steps each

containing 100 new classes as used by Rebuffi et al. [2017] and Wu et al. [2019]. By replacing

the standard Softmax Cross-Entropy with the Balanced Softmax Cross-Entropy, the Top-1

average incremental accuracy of the IL-Baseline increased from 46.65% to 64.15% and the

Top-5 average incremental accuracy increased from 68.74% to 85.65% without increasing

the training time. Comparing BiC [Wu et al., 2019] with the IL-Baseline combined with

Balanced Softmax Cross-Entropy highlights the impact of the proposed Balanced Softmax
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Cross-entropy for incremental learning, as the only difference between the two models is the

bias mitigation method used. Our proposed method achieves a Top-5 average incremental

accuracy of 85.65% which represents a notable improvement compared to BiC while not

requiring an additional training step to learn the bias correction parameters at the end of

each incremental step. The proposed method also achieves competitive results with the

recently proposed SS-IL [Ahn et al., 2021], without using neither the ratio-preserving mini-

batch nor the improved distillation loss. The meta-learning approach does not improve

the performance of the model in this particular setting, though. In this setting also, the

proposed Balanced Softmax Cross-Entropy can be combined with LUCIR and PODNet to

improve their performance while decreasing their training time and allowing inference at

any time by removing the balanced finetuning step. Even though the difference of TOP-1

average incremental accuracy between standard LUCIR and LUCIR combined with our

proposed method seems to be limited in this particular setting, it is important to note

that LUCIR with the Balanced Softmax achieves a significantly higher final TOP-1 overall

accuracy: 51.41% compared to the 48.30% of the standard LUCIR. Moreover, by removing

the balanced finetuning step from the standard LUCIR to match the flexibility of our

method, its TOP-1 average incremental accuracy drops to 56.41% and its final TOP-1

overall accuracy also drops to 40.44%.

Class-incremental Learning without memory

Next, we compare our method and the different baselines for class-incremental learning

without memory using both 5 and 10 incremental steps. The average incremental accuracy

(Top-1) on CIFAR100, ImageNet-Subset, and ImageNet are reported in Table 3.3.

Even though in some cases, using the Balanced Softmax Cross-Entropy loss may im-

prove the average incremental accuracy of methods such as LUCIR and PODNet, it is not

a viable option for the no memory setting as it tends to over-favor the old classes to the

detriment of the new ones. However, by combining LUCIR with the proposed Relaxed Bal-

anced Softmax Cross-Entropy, it is possible to achieve competitive performances compared

to DDE[Hu et al., 2021] without increasing the computational complexity of the training

procedure compared to the standard LUCIR. Likewise, by combining PODNet with the

proposed Relaxed Balanced Softmax Cross-Entropy, it is possible to outperform SPB [Wu

et al., 2021a] and achieve similar performance to SPB-M [Wu et al., 2021a] without using

multiple perspectives or self-supervised learning. It should be noted that PODNet combined

with the Relaxed Balanced Softmax Cross-Entropy without memory achieves comparable

average incremental accuracy against standard PODNet with 20 samples per class in mem-

ory. Moreover, on ImageNet, the most challenging dataset, LUCIR and PODNet combined

with the proposed Relaxed Balanced Softmax Cross-Entropy can outperform the standard

LUCIR and PODNet with 20 samples per class in memory by a significant margin.

As detailed in Section 3.4.3, by changing the ϵ parameter of the Relaxed Balanced
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Table 3.3: Average incremental accuracy (Top-1) on CIFAR100, ImageNet-Subset, and

ImageNet with the Learning From Half procedure: a base step containing half of the classes

followed by 5 and 10 incremental steps without using memory for storing samples from

past classes. Results for SPB, SPB-I, and SPB-M are reported from [Wu et al., 2021a] ;

results for DDE are reported from [Hu et al., 2021]. Results marked with “*” correspond to

our own experiments. Results on CIFAR-100 and ImageNet-Subset averaged over 3 random

runs, results on ImageNet reported as a single run. Best result is marked in bold and second

best is underlined.

CIFAR100 ImageNet-Subset ImageNet

B50-Inc10 B50-Inc5 B50-Inc10 B50-Inc5 B500-Inc100 B50-Inc50

SPB [Wu et al., 2021a] 60.9 60.4 68.7 67.2 57.8 -

SPB-I [Wu et al., 2021a] 62.6 62.7 70.1 69.8 58.0 -

SPB-M [Wu et al., 2021a] 65.5 65.2 71.7 70.6 59.7 -

DDE [Hu et al., 2021] 59.11 55.31 69.22 65.51 - -

NCM classifier* 59.80 59.52 65.91 65.71 59.92 59.59

SLDA [Hayes and Kanan, 2020]* 60.20 60.13 67.07 66.84 61.69 61.47

LUCIR [Hou et al., 2019]* 43.71 32.08 60.70 47.97 51.19 39.72

LUCIR w/ BalancedS-CE (ours) 54.68 50.87 58.63 57.71 63.29 62.90

LUCIR w/ Relaxed BalancedS-CE (ours) 59.43 54.93 66.27 65.12 67.07 65.07

PODNet [Douillard et al., 2020]* 41.85 35.87 66.61 55.14 47.65 37.22

PODNet w/ BalancedS-CE (ours) 63.31 62.39 63.94 61.98 55.00 54.62

PODNet w/ Relaxed BalancedS-CE (ours) 65.66 63.82 72.56 70.99 68.50 67.38

Softmax Cross-Entropy, it is possible to slightly increase the average incremental accuracy.

For example, PODNet with the Relaxed Balanced Softmax Cross-Entropy can reach up to

74.4% on ImageNet-Subset with 5 incremental steps.

3.4.3 Ablation study

Impact of the memory size

The average incremental accuracy of the IL-Baseline on CIFAR100 with 5 incremental steps

is reported in Table 3.4 for various numbers of samples per class stored in the memory de-

pending on the loss function used for the training. The results for the Meta Balanced

Softmax Cross-Entropy are only reported for memory size larger than one as this method

requires a distinct validation set and training set. The difference between the Standard Soft-

max Cross-Entropy and the Balanced Softmax Cross-Entropy increases as the size of the

memory decreases. With only one sample per class in the memory, the Balanced Softmax

Cross-Entropy reaches almost the same average incremental accuracy as the Standard Soft-

max Cross-Entropy with 50 samples per class. The Meta Balanced Softmax Cross-Entropy

further improves the performance and appears to be especially efficient in scenarios with

highly restricted memory.
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Table 3.4: Average incremental accuracy (Top-1) on the test set of CIFAR100 with the

Learning From Half procedure B50-Inc10: a base step containing half of the classes followed

by 5 incremental steps of the Incremental Learning Baseline depending on the number of

samples stored in memory for each class and the training loss. Results averaged over 3

random runs.

Memory size

1 5 10 20 50

IL-Baseline 24.83 30.59 37.27 43.80 52.99

IL-Baseline w/ BalancedS-CE 51.55 56.93 60.11 62.22 64.44

IL-Baseline w/ Meta BalancedS-CE - 62.13 63.02 64.11 65.60

Table 3.5: Accuracy on the test set of CIFAR100 with the Learning From Half procedure:

a base step containing half of the classes followed by (a) 5 and (b) 10 incremental steps

of the Incremental Learning Baseline (IL-Baseline) depending on the value used for the

weighing coefficient α of the Balanced Softmax Cross-Entropy; using a growing memory of

20 samples per class. Results averaged over 3 random runs.

(a) CIFAR100 - B50 Inc10

final

base

accuracy

final

overall

accuracy

average

inc.

accuracy

BalancedS-CE α = 0.1 68.38 51.54 62.68

BalancedS-CE α = 0.25 63.99 54.88 64.09

BalancedS-CE α = 0.5 58.78 55.44 63.80

BalancedS-CE α = 1.0 52.08 54.55 62.22

Meta BalancedS-CE 61.20 55.21 64.11

(b) CIFAR100 - B50 Inc5

final

base

accuracy

final

overall

accuracy

average

inc.

accuracy

BalancedS-CE α = 0.1 63.43 44.71 57.68

BalancedS-CE α = 0.25 60.28 47.86 59.40

BalancedS-CE α = 0.5 56.48 49.62 59.52

BalancedS-CE α = 1.0 51.01 49.57 58.32

Meta BalancedS-CE 60.39 49.65 60.08
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(a) LUCIR /w Relaxed Balanced Softmax Cross-Entropy
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(b) PODNet /w Relaxed Balanced Softmax Cross-Entropy

Figure 3.4: Performance of (a) LUCIR and (b) PODNet combined with the Relaxed Bal-

anced Softmax Cross-Entropy for different values of ϵ on CIFAR100 and ImageNet-Subset

without memory, following the Learning From Half procedure. Parameter ϵ is expressed in

percentage of the number of samples per class in the training dataset. X-axis represented

using linear scale on [0,0.1] and logarithmic scale on [0.1, 100] for better visibility. Results

on CIFAR-100 averaged over 3 random runs and results on ImageNet-Subset reported as a

single run. Figure best viewed in color.
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Impact of the weighting coefficient alpha

The average incremental accuracy of the IL-Baseline on CIFAR100 is reported in Table 3.5

with (a) 5 incremental steps and (b) 10 incremental steps depending on the value of the

weighting coefficient α used.

As expected, we can see in both settings that decreasing the value of the weighting

coefficient α will reduce the plasticity of the model and thus increase the final accuracy of

the 50 base classes. The smaller the weighting coefficient α, the higher the final accuracy

of the base classes. Depending on the constraints of the problem, it is possible to use the

weighting coefficient α to balance the trade-off between rigidity and plasticity while limiting

the impact on the overall final performance of the model: for example on CIFAR-100 with 5

incremental steps by using α = 0.1, the accuracy of the 50 base classes increases by 16.30p.p.

while the final overall accuracy of the model only decreases by 3.01p.p. compared to the

default value of 1.0 for the Balanced Softmax Cross-Entropy. Experimentally, it appears

that using the default value of α = 1.0 achieves the most balanced performances between

the base classes and the latest classes in both the 5 and 10 incremental steps settings.

However, it does not achieve the highest average incremental accuracy, and using a smaller

value for α may improve it. To this end, using the proposed Meta Balanced Softmax Cross-

Entropy is an effective solution as it reaches the highest average incremental accuracy in

both settings. This demonstrates the advantage of this method for determining a correct

value for the weighting coefficient α without performing several trials. However, the Meta

Balanced Softmax Cross-Entropy seems to favor old classes. This may explain why this

method does not improve the accuracy compared to the Balanced Softmax cross-entropy

in cases where the latter already favors old classes as it is the case when combined with

LUCIR for example.

Impact of the hyper-parameter epsilon

Figure 3.4 shows the performance of LUCIR and PODNet in the class incremental learning

without memory setting when combined with the Relaxed Balanced Softmax Cross-Entropy

depending on the value of ϵ. For ϵ equals to 0% of the number of samples per class in the

training dataset, the Relaxed Balanced Softmax Cross-Entropy is equivalent to the Balanced

Softmax Cross Entropy and for ϵ equals to 100% of the number of samples per class in the

training dataset it is almost equivalent to the Standard Softmax Cross Entropy.

As expected, increasing the value of ϵ for the Relaxed Balanced Softmax Cross-Entropy

increases the plasticity of the model, the final accuracy of the 50 base classes decreases while

the final accuracy of the 50 latest classes increases. This continues until a point where the

final accuracy of the latest classes also decreases as the model is only able to retain the

last few classes from the last incremental steps. By replacing the Balanced Softmax Cross-

Entropy with the Relaxed Balanced Softmax Cross-Entropy using the default value of ϵ,

the final accuracy on the 50 latest classes can be drastically increased while limiting the
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impact on the 50 base classes: for example on ImageNet-Subset with 5 incremental steps

using LUCIR, the final accuracy on the latest classes is increased by 30.40p.p. while the

final accuracy on the base classes is only decreased by 4.28p.p. .

As epsilon is comparable to a number of images, the default value was chosen to be

equal to 1 on CIFAR-100, the smallest strictly positive integer. This corresponds to 0.2%

of the number of images per class in the training dataset. It should be noted that the value

of zero is equivalent to the “non-relaxed” Balanced Softmax Cross-Entropy. Experiments

in Table 3.3 empirically show that this default value achieves competitive accuracy and can

be generalized to all considered datasets regardless of the number of incremental steps or

the approach it is combined with. Although manual tuning is not required to achieve high

performance, doing so can slightly increase the average incremental accuracy. For example,

by using ϵ equals to 1.0% of the number of training images per class for ImageNet-Subset, the

average incremental accuracy can be increased from 0.94p.p. to 3.05p.p. depending on the

method and the number of incremental steps. However, even though Figure 3.4 shows that

there is a large range of ϵ values achieving similar competitive performance, determining the

optimal value of ϵ beforehand remains an open challenge and will be further investigated

in future works. Experimental results show that the value of ϵ achieving either the highest

accuracy or the best balance between rigidity and plasticity after the first incremental step is

not the value that will achieve the best average incremental accuracy, the best final accuracy,

or the best balance at the end of the complete training. This suggests that modifying the

value of ϵ during the training procedure instead of using a fixed value may further improve

the performance of the proposed approach.

Experimentally, it appears that by using a specific value of ϵ, the Relaxed Balanced

Softmax Cross-Entropy can perfectly balance the trade-off between rigidity and plasticity

in all settings. This is shown by the Relaxed Balanced Softmax Cross-Entropy achieving

the same accuracy for both the 50 base classes and the 50 latest classes learned during the

following 5 or 10 incremental steps. Moreover, the highest average incremental accuracy

occurs at or in the neighborhood of the value of ϵ achieving the best balance between rigidity

and plasticity at the end of the training procedure.

Mitigation of imbalance

In Table 3.6, different bias correction methods are compared with the Balanced Softmax

Cross-Entropy and the Meta Balanced Softmax Cross-Entropy on CIFAR100 with 5 incre-

mental steps. Both the IL-Baseline with memory oversampling and the IL-Baseline with

class oversampling correspond to the IL-Baseline combined with a form of oversampling on

the replay memory. Memory oversampling ensures that each training mini-batch theoreti-

cally contains the same number of samples from new and old classes while class oversampling

ensures that each class has the same probability of appearing in each training mini-batch.

The IL-Baseline with loss rescaling corresponds to the IL-Baseline where the standard Soft-
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Table 3.6: Average incremental accuracy (Top-1) on the test set of CIFAR100 with the

Learning From Half procedure B50-Inc10: a base step containing half of the classes followed

by 5 incremental steps of the Incremental Learning Baseline depending on the bias correction

method used; using a growing memory of 20 samples per class. Results averaged over 3

random runs.

average

incremental

accuracy

IL-Baseline 43.80

IL-Baseline w/ memory oversampling 49.75

IL-Baseline w/ class oversampling 55.95

IL-Baseline w/ loss rescaling 57.01

IL-Baseline w/ balanced finetuning 59.46

IL-Baseline w/ Separated Softmax [Ahn et al., 2021] + oversampling 61.21

IL-Baseline w/ BalancedS-CE (ours) 62.22

IL-Baseline w/ Meta BalancedS-CE (ours) 64.11

max Cross-Entropy loss for each sample is scaled inversely proportionally to the number of

samples for the corresponding label in the training dataset. The IL-Baseline with balanced

finetuning corresponds to the IL-Baseline being finetuned after each incremental step on

a small balanced training set for few epochs similar to the procedure proposed by Castro

et al. [2018] and used by PODNet and LUCIR. IL-Baseline with Separated Softmax relies

on oversampling of the replay memory combined with the Separated Softmax layer [Ahn

et al., 2021].

In the experiments, it appears that using oversampling for the old classes is a simple yet

effective method for mitigating the imbalance occurring in large scale incremental learning

scenarios. However, this approach increases the total number of mini-batches resulting

in a larger computational complexity of the training procedure and may also be prone to

overfitting on the old classes. By rescaling the Softmax Cross-Entropy loss, it is possible to

further increase the accuracy of the IL-Baseline without relying on oversampling. Finally,

finetuning the model afterward on a small balanced dataset, as it is done by several state-

of-the-art methods, further improves the final overall accuracy of the model at the cost

of an additional training step after each incremental step. Our two proposed methods

achieve higher average incremental accuracy than the other bias correction methods without

requiring a two steps training procedure or oversampling.

Figure 3.5 shows the confusion matrices for IL-Baseline trained on CIFAR100 with 5

incremental steps using 20 sample per class stored in the replay memory when trained

with (a) the Balanced Softmax Cross-Entropy and (b) the Meta Balanced Softmax Cross-

Entropy. Visual comparison with Figure 3.2 depicting the IL-Baseline trained using the
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(a) IL-Baseline w/ Balanced Softmax Cross-Entropy

Final overall top-1 accuracy: 54.76%
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(b) IL-Baseline w/ Meta-Balanced Softmax Cross-Entropy

Final overall top-1 accuracy: 55.35%

Figure 3.5: Confusion matrix (transformed by log(1 + x) for better visibility) of the IL-

Baseline trained using (a) the Balanced Softmax Cross-Entropy and (b) the Meta-Balanced

Softmax Cross-Entropy on CIFAR100 with the Learning From Half procedure B50-Inc10:

a base step containing half of the classes followed by 5 incremental steps, using 20 sample

per class stored in the replay memory. Figure best viewed in color.
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Standard Softmax Cross-Entropy in the same setting confirms that our proposed method is

efficient in mitigating the imbalance between the new and old classes in the class incremental

learning scenario.

3.5 Conclusion

In our work, following recent advances in Long-Tailed Visual Recognition, we proposed to

use the Balanced Softmax Cross-Entropy loss function as a straightforward replacement for

the Standard Softmax Cross-Entropy loss in order to correct the bias towards new classes in

class incremental learning with a replay memory. The expression of this loss offers control

on the plasticity-rigidity trade-off of the model but also on the importance of each class

individually. We further investigated how it could be adapted for the challenging class

incremental learning without memory setting and proposed an extension called the Relaxed

Balanced Softmax Cross-Entropy.

Experiments on CIFAR100, ImageNet-Subset, and ImageNet with various settings showed

that by seamlessly combining our proposed method with state-of-the-art approaches for in-

cremental learning, it is possible to further increase the accuracy of those methods while

also potentially decreasing the computational cost of the training procedure by removing

the need for a balanced finetuning step.

In our future work, we will explore how the coefficients of the Balanced Softmax Cross-

Entropy can be tuned during the training procedure in order to improve the accuracy of the

model and the balance between rigidity and plasticity when combined with memory and

when used without memory. The use of the Balanced Softmax Cross-Entropy for general

incremental learning on imbalanced datasets is also left for our future work.
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Chapter 4

Memory Augmented using

Diffusion Model for

Class-Incremental Learning

4.1 Introduction

In a class-incremental learning (CIL) scenario, deep neural network models are not trained

offline on a fixed pre-collected dataset but sequentially on new incoming data. The model

has to be incrementally updated using only a limited number of new classes at a time, with

the objective of learning a unified classifier among all seen classes. This paradigm, similar

to the human learning process, is challenging as models are suffering from catastrophic

forgetting [McCloskey and Cohen, 1989; Ratcliff, 1990; Parisi et al., 2019]: learning new

data or classes will result in severe degradation of the performance on the past ones.

Multiple researches have highlighted the importance of rehearsal for continual and incre-

mental learning: by storing samples from each previously encountered class in a memory,

models are able to replay past data while learning new ones in order to mitigate catas-

trophic forgetting. However, the size of this memory is often limited to a few samples per

class due to either storage limitations or privacy concerns. Several authors [Lee et al., 2019;

Zhang et al., 2020; Lechat et al., 2021; Liu et al., 2024] have proposed to leverage additional

external training data as a means to work around this constraint. Those additional training

data are sampled from large curated datasets of real images, such as ImageNet, and belong

to classes different from the ones encountered by the incremental learner. They are mostly

used in an unsupervised manner, for distilling knowledge from the past model to the new

one.

In this work, we propose to use pre-trained state-of-the-art generative diffusion models
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as a source of complementary data for class-incremental learning. Compared to approaches

that rely on additional external datasets made of real images, our method generates syn-

thetic samples belonging to the same classes as the ones previously encountered by the

model. This fundamental difference allows us to make use of those samples not only for the

knowledge distillation loss but also for replay in supervised losses such as the classification

loss whereas concurrent works mostly focus on the distillation loss. The ablation study

highlights the improvement resulting from using the additional data for both losses. To the

best of our knowledge, this is the first attempt to use large pre-trained text-to-image gener-

ative models to improve general class-incremental learning methods on large scale datasets.

To summarize, our contribution is three-fold:

• We propose to use pre-trained text-to-image diffusion models to generate synthetic

images of past classes and show that they can be used with state-of-the-art approaches

to significantly improve their performances.

• We emphasize the advantages of generating synthetic labeled images from past classes

which can therefore also be used in supervised losses compared to concurrent works

limited to the distillation loss due to the use of real unlabeled data from different

classes.

• We perform an in-depth ablation study and highlight important components and

hyper-parameters when using pre-trained diffusion models for class incremental learn-

ing.

This work is an extension of our previously published workshop paper [Jodelet et al.,

2023], that contains additional experiments and considers a more general context of applica-

tion for our proposed approach, that does not limit it to distillation-based methods for class

incremental learning. First, we combined our proposed method with the dynamic-networks-

based methods for class-incremental learning DER [Yan et al., 2021] and MEMO [Zhou et al.,

2023c] which do not rely on a distillation loss. Secondly, we provide a more detailed analysis

of the impact of the distribution gap between the real and synthetic images and discussed

the methods to mitigate it. Finally, we conducted additional experiments, including : a

wider range of settings such as Learning-From-Scratch class-incremental learning, the use of

larger neural networks for the backbone in order to evaluate the scalability of our method,

a comparison of different image augmentation procedures and a study of the impact of the

image generation process which includes the selection of the guidance scale, a comparison of

different pre-trained diffusion models, and a comparison of different prompting mechanisms.
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4.2 Related work

4.2.1 Class-incremental Learning (CIL)

Methods for class-incremental learning [Zhou et al., 2023b] usually rely on knowledge distil-

lation and a small replay memory containing past samples combined with a bias mitigation

method. Knowledge distillation is used to preserve previous knowledge, it may be logit dis-

tillation [Li and Hoiem, 2017; Rebuffi et al., 2017; Wu et al., 2019], feature distillation [Hou

et al., 2019; Douillard et al., 2020] or relational distillation [Tao et al., 2020]. Using a mem-

ory for replaying previously learned exemplars is a simple yet effective method to recall

knowledge of old classes. However, the limited size of the memory induces a bias toward

the new classes that strongly degrades the performance of the model if it is not mitigated. To

this end, several methods have been proposed such as Nearest-Mean-of-Exemplars (NME)

classifier [Rebuffi et al., 2017], cosine classifier [Hou et al., 2019], bias correction layer [Wu

et al., 2019], weight alignment [Zhao et al., 2020], finetuning on a balanced subset [Castro

et al., 2018] or specific losses [Ahn et al., 2021; Jodelet et al., 2021, 2022].

Instead of storing few exemplars inside the replay memory, some authors have proposed

to learn to generate artificial samples from past classes. Those methods, referred to as

generative replay or pseudo-rehearsal, can overcome the limitations induced by the limited

size of the exemplar memory and can be applied in settings where privacy concerns limit

the storage of past samples. Most generative replay methods rely on two models: one

main model trained for the classification task and one secondary model for data generation,

usually generative adversarial networks [Shin et al., 2017; He et al., 2018; Wang et al., 2021].

Sun et al. [2023] proposed to use variational auto-encoders as one-class classifier for their

capacity to both estimate the probability that a sample belong to the associated class and

generate synthetic samples to train next classifiers. Model inversion [Yin et al., 2020; Smith

et al., 2021] has been shown to be an effective alternative to generative model. However,

generative replay methods heavily rely on the quality of the generated data, which poses

a challenge for large scale datasets and are also impacted by catastrophic forgetting when

the generative model is trained incrementally, limiting their application to smaller datasets.

Alternatively, several works [Kemker and Kanan, 2017; Liu et al., 2020a; Petit et al., 2023]

proposed the simpler approach of generating feature instead of raw input images of past

classes, nonetheless this mostly restricts replay to the classifier and it cannot be used to

mitigate catastrophic in the feature extractor.

Recently, dynamic-networks-based methods [Yan et al., 2021; Wang et al., 2022a; Zhou

et al., 2023c] have gained popularity and achieved new state-of-the-art performance for class-

incremental learning. These methods dynamically expand the network to accommodate

new classes and freeze previously learned weights to preserve knowledge from old classes.

Most of those methods rely on an additional supervised loss, often named auxiliary loss, to

encourage more diverse representations and help learn the new classes.
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4.2.2 Additional data for CIL

Various approaches have studied the use of additional external data, either as a direct

substitute in case of the absence of memory [Lee et al., 2019; Zhang et al., 2020] or as

a complementary resource during training [Lechat et al., 2021; Liu et al., 2024]. Global

distillation (GD) [Lee et al., 2019] proposed a confidence-based sampling strategy to sample

additional external data and used them for a specifically designed distillation loss. Deep

Model Consolidation (DMC) [Zhang et al., 2020] consists in training one new model for

each incremental step and then creates a unified model by merging this new model with

the previous one using additional external data. Lechat et al. [2021] proposed a pseudo-

labeling approach to better utilize the additional external unlabeled data for representation

learning. Liu et al. [2024] observed that using samples from new classes in the knowledge

distillation loss negatively impacts the training of incremental models and proposed to

replace them using placebos of old classes sampled from an external dataset using an online

learning method. Those different approaches rely solely on real images, most of the time

unlabeled and from classes different to the one encountered by the model, by sampling their

additional data from large curated datasets: primarily ImageNet [Russakovsky et al., 2015]

or TinyImages dataset [Torralba et al., 2008].

4.2.3 Diffusion models

Following recent advances, diffusion models [Sohl-Dickstein et al., 2015; Ho et al., 2020] have

reached new state-of-the-art performances for numerous image generation tasks, achieving

both better fidelity and better diversity than GAN-based methods. Diffusion models gen-

erate data samples through an iterative denoising process. The diffusion process can be

conducted either in the image space [Saharia et al., 2022] or in the latent space [Rom-

bach et al., 2022]. In the case of text-to-image generation, the diffusion process is usually

conditioned on a prompt consisting of a textual description of the desired output. Recent

approaches [Li et al., 2023b; Zhang et al., 2023] have offered finer control on the image gen-

eration process by completing the textual prompt with complementary information such as

semantic map, bounding boxes, or sketch drawings.

4.2.4 Learning from synthetic data

In one of the pioneer works on learning from synthetic images, Besnier et al. [2020] trained

a classifier for 10 classes of ImageNet using samples generated by a class-conditional GAN

trained on ImageNet. Jahanian et al. [2022] used a GAN to generate multiple views for

contrastive learning methods. Recently, following the recent breakthrough in text-to-image

diffusion models, Sarıyıldız et al. [2023] proposed the use of those general-purpose text-

conditioned pre-trained generative models for synthesizing datasets as a direct replacement

of real image datasets for the training of large scale image-level classification models. While
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these models cannot reach the same accuracy as the models trained using real images when

tested on real test datasets, they exhibit other advantages such as strong generalization

capability. Concurrently, He et al. [2022] also proposed to use large synthetic datasets to

improve pre-trained models on zero-shot and few-shot learning, and transfer learning.

Compared to previously mentioned approaches that leverage unlabeled real images sam-

pled from the web as additional data for class-incremental learning, in this work we propose

to study the use of widely available pre-trained generative models such as Stable Diffu-

sion [Rombach et al., 2022] as a source of additional data. This allows for generating labeled

samples that belong to the same classes as those previously encountered by the incremental

model. Moreover, compared to pseudo-rehearsal approaches that generate samples from

past classes by incrementally training a generative model on the target dataset solely, we

instead propose to leverage frozen diffusion model pre-trained on large varied natural images

datasets and take advantage of their general generative capability, effectively circumventing

the challenges inherent to pseudo-rehearsal.

4.3 Proposed method

The Class-Incremental Learning training procedure is divided into T incremental steps.

Each incremental step consists of a training dataset Dt containing images belonging to

the set of new classes Yt; ∀i, j ∈ {1, ..., T},Yi ∩ Yj = ∅ for i ̸= j, i.e. there is no class

overlapping between steps. During each incremental step, the model θt is trained on Dt∪M
whereM is the replay memory containing few samples from previously encountered classes.

Additionally, the model also has access during every step to an external source of data S
that may or may not change during the training. This external source of additional data

S can either be an online, and potentially infinite stream of data that the model can fetch

when needed or a fixed set of data accessible in an offline manner.

After each incremental step, the model θt is evaluated on the test set of all the classes

learned so far without having access to any step or task identity.

4.3.1 Synthetic images

Following the recent in-depth study of Sarıyıldız et al. [2023], we propose to use a pre-trained

text-to-image Diffusion model as the source of additional data S for incremental learning.

We primarily studied the use of the widely available Stable Diffusion [Rombach et al., 2022]

model due to it being open-source, allowing a complete control over the generation process.
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Figure 4.1: Samples from S, the set of additional synthetic images generated for class-

incremental learning on CIFAR100 by Stable Diffusion 1.4 with a guidance scale of 2.0 .

Images are generated at a size of 512×512 and are being resized to 32×32 before being fed

to the model. Images are displayed before resizing to 32×32 for better appreciation. From

left to right, top to bottom: Apple, Aquarium fish, Baby, Bear, Beaver, Bed, Bee, Bicycle,

Bottle, Bridge, Camel, Clock, Cloud, Crab, Crocodile, Fox, Hamster, Lawn-mower, Maple

tree, Orchids.

Prompting

To generate a sample for S, the generative diffusion model requires a textual prompt. As

proposed in [Sarıyıldız et al., 2023], to generate a synthetic image for the class c, we use

the prompt, denoted as default prompt, “c, dc” where “c” is the textual name of the class

and “dc” its description. Although using only “c” as a prompt may be enough in most

cases, this may lead to semantic errors with homographs. For example, in the CIFAR100

dataset using only “apple” as a prompt may generate images of products or shops from

the homonym brand instead of the fruit. Adding the definition of the class to the prompt

helps solve this issue. In order to produce these prompts automatically without any further

engineering, WordNet [Miller, 1995] is used to provide the lemmas of the synset as the class

name “c” and the definition of the synset as the description “dc”. For datasets such as

ImageNet, the association of each class with a synset of WordNet is included in the dataset

itself. For other datasets such as CIFAR100, the association with WordNet can be done

semi-automatically at a negligible cost. Figure 4.1 shows synthetic samples for CIFAR100

before being resized to 32×32.

In addition to this default prompting scheme, following Fan et al. [2024a], we also explore

the use of two more advanced methods to diversify the textual prompts in the ablation

study by generating several textual prompts per class instead of using a single one. The

first method, denoted CLIP-prompt, generates prompts using the templates engineered via

trial and error for zero-shot classification on ImageNet with CLIP [Radford et al., 2021]. It

is composed of 7 templates such as “a photo of the small rc.”, “a bad photo of the rc.”, and

“a rc in a video game.” where “rc” is the manually revised name of the class. The second

method, denoted Caption-prompt, generate multiple prompts per class using the template

“rc, ac” where “rc” is the manually revised name of the class from CLIP-prompt and “ac”
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Figure 4.2: Diagram representing our proposed method Memory Augmentation using

Diffusion Model (MADM) for leveraging additional external synthetic labeled samples for

class-incremental learning. Synthetic data can be used in the distillation loss but also in any

supervised losses such as the classification loss or the auxiliary loss of dynamic-networks-

based methods. More details in Algorithm 4.1.

are textual captions automatically generated from the real training set of the class using the

pre-trained image-to-text model BLIP2 [Li et al., 2023a]. Furthermore, the textual prompts

could also be automatically diversified by using large language models, similarly to Yu et al.

[2023], Fan et al. [2024b], and Hammoud et al. [2024].

Guidance scale

Several diffusion models, including Stable Diffusion, rely on classifier-free guidance [Ho and

Salimans, 2021] which combines the estimate of two diffusion processes: one text-conditioned

on the prompt and one unconditioned. The trade-off between the quality and the diversity

of the synthetic samples generated by the diffusion models can be controlled to some extent

by using a guidance scale used to combine the two diffusion processes.

For Stable Diffusion, following Sarıyıldız et al. [2023], we also used a guidance scale of

2.0, lower than the default value of 7.5, to increase the diversity of our source of additional

data at the cost of a slight decrease of the quality of each sample. For DALL-E2 [Ramesh

et al., 2022] used through the API from OpenAI, it is not possible to change the guidance

scale and we are using the default unknown value.

4.3.2 MADM for Class-incremental learning

Using the previously described generative model, we propose a new method for class-

incremental learning: Memory Augmentation using Diffusion Model (MADM), which

jointly uses the additional synthetic data S with the real images from the replay memory

M. Compared to the original workshop paper, our proposed method has been renamed

from SDDR (Stable Diffusion for Distillation and Replay) to MADM to emphasize the
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versatile nature of our approach: it is not limited to Stable Diffusion, can be applied to

class-incremental learning methods that don’t rely on distillation, and can be used with any

losses, supervised or not.

Datasets of real images used by concurrent approaches as an external source of additional

data for class-incremental learning do not contain any image belonging to the same classes

as the one encountered by the incremental model and are usually considered unlabeled. This

leads these methods to mainly use this external source of data in an unsupervised manner for

knowledge distillation only. By leveraging the pre-trained text-to-image generative model,

our method is able to generate an additional dataset S containing labeled images belonging

to the same classes as the one previously learned by the model without the need for costly

manual labeling and curating process. This allows us to use the additional dataset for

distillation but also for replay in any supervised loss including the classification loss or

the auxiliary loss of dynamic-networks-based methods for example. The ablation study in

Section 4.4.3 shows the advantages of our approach.

Our approach is designed as a complementary method that can be seamlessly combined

with other standard methods for class-incremental learning. Algorithm 4.1 describes the

training procedure of our approach MADM when combined with a class-incremental learning

model. Each step of the class-incremental learning procedure is divided into two distinct

phases. During the first phase, the model θt is trained following the method it is combined

with, using a batch of mixed data. As illustrated in Figure 4.2, half of each batch used

to train the model is composed of synthetic images sampled from S while the other half

is composed of real data sampled from the memory and the current dataset Dt. Then,

in the second phase, before moving to the next incremental step, the synthetic dataset S
is extended by using the Diffusion Model to generate n synthetic samples for each new

class encountered in the current dataset Dt, following the method detailed in Section 4.3.1.

Therefore, at the end of each incremental step, the additional dataset S would contain

n ·Nt samples where Nt = |⋃t
i=1 Yi| is the number of classes encountered up to the step t,

included.

In our work, we considered this additional dataset of synthetic samples S as an offline

dataset stored on the device itself. Nonetheless, if the storage is a constraint for the incre-

mental learner, the additional dataset S can be used in an online way as an infinite stream

of data, similarly to [Liu et al., 2024], by either using the generative model locally or by

relying on a cloud-based model. Compared to concurrent works relying on real datasets

as a source of additional data, our method offers more flexibility depending on the con-

straint of the problem: it can be used with limited storage, limited computational budget,

or incapability to communicate with external services.

The quality of the synthetic images, their fidelity to the target classes, and the variety

of concepts available in the additional external dataset S are intrinsically limited by the

pre-trained generative text-to-image model used. Using a different and more specialized

generative model or finetuning it on the specific target training dataset may further improve
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Algorithm 4.1: MADM for Class-Incremental Learning

Input: Data-flow {Di}Ti=1 and pre-trained generative model G.

Ouput: Models {θi}Ti=1, replay memory M, and synthetic dataset S.

for t ∈ {1, 2, ..., T} do
for epoch ∈ {1, 2, ..., E} do

while (X,Y ) ∼ Dt ∪M do

if t > 1 then

// If not base step

// Sample synthetic data

(XS , YS) ∼ S
(X,Y )← (X ∪XS , Y ∪ YS)

Update model θt using (X,Y )

M← UpdateMemory(M, Dt)

S ← UpdateSynthetic(S, G, Yt)

the performance of the incremental learning model it is combined with.

4.3.3 Distribution gap between real and synthetic images

As highlighted by Sarıyıldız et al. [2023], while the synthetic images generated by Stable

Diffusion tend to be highly similar to real ones, there remains a gap that limits the gen-

eralization of the model and may negatively impact the performance. In Figure 4.3, the

embedding of real and synthetic samples from five classes of the ImageNet dataset are vi-

sualised using t-SNE [Van der Maaten and Hinton, 2008]. These embeddings are produced

using a ResNet-18 model trained in a non-incremental fashion on the ImageNet dataset

solely, and has not been exposed to synthetic data during training. While real and syn-

thetic samples of each classes are correctly clustered together, the distribution of real and

synthetic samples are not perfectly overlapping. For example, the real samples of the green

class are mostly concentrated in the top-right region of this class’s cluster while the syn-

thetic ones are mostly in the bottom-left region, for the red class the distribution of its

real samples is spread over a wider region than the one of its synthetic samples which is

more concentrated in the middle of the class’s cluster. It can also be observed that the

importance of the gap between the two distributions may vary for each class.

The effect of this distribution gap can primarily be observed when using the synthetic

datasets S generated by the pre-trained text-to-image diffusion model as a straightforward

and complete replacement for the replay memory. While this would allow our proposed

method to also be applied to the more challenging exemplar-free class-incremental learning

setting, experiments highlighted a significant decrease of accuracy compared to using a few
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(a) Real samples (b) Synthetic samples (w/ real)

Figure 4.3: Visualisation of the embedding of real and synthetic samples from 5 classes of

ImageNet produced by a ResNet-18 model trained in a non-incremental fashion on a large

dataset only containing real images (i.e. the ImageNet dataset). Synthetic samples were

generated using Stable Diffusion 1.4 with a guidance scale of 2.0 . Light-color points are

real samples from the target dataset and deep-color points are synthetic samples generated

using our proposed method. To better highlight the distribution gap, (a) real samples only

are plotted and (b) synthetic and real samples are plotted together.

real samples as exemplars and it did not achieve competitive results.

More generally, experiments suggest that using synthetic samples in the classification

loss induces a shift in the linear classifier due to the distribution gap between the real

images and the synthetic ones generated by the diffusion model. This phenomenon is

especially important for approaches that apply limited, or no regularization on the classifier.

Experiments on CIFAR100 detailed in the ablation study in Section 4.4.3 evaluate the

impact of using synthetic data in the classification loss and the auxiliary loss for DER

relying on Weight Aligning [Zhao et al., 2020] for the bias mitigation. Simply using the

synthetic images in both losses results in a significant decrease of the average incremental

accuracy, by up to -5.86 percentage points (p.p.). While using the synthetic data only in

the auxiliary loss solves the issue and results in up to 1.79p.p. improvement of the average

incremental accuracy compared to the baseline method, correctly mitigating the shift in the

linear classifier afterward results in a higher improvement of the performance: up to 2.30p.p..

Two simple and straightforward approaches to mitigate the effect of the distribution gap

between real and synthetic samples on the linear classifier is to either use a NME classifier

of real exemplars only or finetuning the classifier on a small balanced subset containing

only real images from the rehearsal memory. Two methods that are already vastly used to

mitigate the bias of the linear classifier toward new classes, inherent to large scale class-

incremental learning. Moreover, similarly to Sarıyıldız et al. [2023], the synthetic-to-real

gap can further be addressed by using strong augmentation policies and multi-crops: their
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experiments on a simple variant of synthetic ImageNet-100 showed a significant 51% relative

increase of the accuracy compared to standard limited augmentation.

In addition to mitigating its effect on the linear classifier, the distribution gap between

real and synthetic samples itself can also be reduced by improving the generation process.

One of the possible improvement is related to the composition of the synthetic images. Ad-

vanced prompting mechanisms such as Caption-prompt, which creates prompts by combin-

ing textual descriptions of the real training dataset automatically generated by a pre-trained

image-to-text model with the revised name of each class, can be used to generate synthetic

samples which the composition is more similar to the one of the actual real dataset. As a

concrete example, the class n01440764 (tench) from ImageNet has numerous training sam-

ples containing fisherman holding the fish in their hands or in a net after catching it while

the default prompt mostly results in synthetic images depicting the fish in its natural habi-

tat underwater. Caption-prompt helps to address this issue by generating prompts such as

“tench, a man holding a large fish in front of a pond” and “tench, a fish on a net in the

grass” resulting in a synthetic dataset more similar to the real one. Detailed experiments

in ablation study show that the use of this more advanced prompting mechanism results in

an improvement of the performance for our proposed method. Moreover, to further reduce

the distribution gap between real and synthetics samples, the generation process could also

be improved by using the image embedding of the exemplars from the rehearsal memory

to condition the diffusion process: as a replacement for the textual prompt similarly to

Zhou et al. [2023d] and general Image Variation [Ramesh et al., 2022], or in addition to the

textual prompt similarly to Zhang et al. [2024].

4.4 Experiments

4.4.1 Experimental setups

Datasets

Experiments are conducted on three datasets, CIFAR100 [Krizhevsky et al., 2009], ImageNet-

Subset and ImageNet [Russakovsky et al., 2015], defined as:

• CIFAR100: The dataset is composed of 60,000 32×32 RGB images from 100 classes

with 500 training and 100 testing samples per class.

• ImageNet (ILSVRC 2012): The dataset is composed of around 1.28 million high-

resolution color images from 1,000 classes with about 1,300 training and 50 testing

samples per class.

• ImageNet-Subset: The dataset consists in a subset of ImageNet containing the first

100 classes. We also consider an alternative subset of classes, denoted as “ImageNet-

Subset Alt.”, containing 100 classes randomly sampled from the 1,000 classes of Im-

ageNet.
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For all datasets, the class order is defined by NumPy using the random seed 1993 as proposed

by Rebuffi et al. [2017]. The classes are then divided into incremental steps following two

possible training procedures:

• Training From Scratch (TFS): The classes are evenly divided into T incremental

steps. In this training procedure, models rely on a fixed replay memory containing a

constant number of exemplars evenly divided among the classes learned so far at the

end of each incremental step.

• Training From Half (TFH): Following the experimental setting firstly proposed

by Hou et al. [2019], the first incremental step also denoted base step, containing half

of the classes is followed by T − 1 incremental step containing the remaining classes

evenly divided. In this training procedure, models rely on a growing replay memory

containing exactly n exemplars for each already learned class.

Following [Zhou et al., 2023b], we refer to these two training procedures using the denomi-

nation “Base-i Inc-j” where i is the number of classes in the base step and j is the number

of classes in each of the following incremental step. With i equals 0 referring to the Training

from Scratch procedure.

Comparison methods

We combine our proposed method MADM with three methods relying on distillation: the re-

cent state-of-the-art approach FOSTER [Wang et al., 2022a] and two fundamental baselines

for class-incremental learning iCaRL [Rebuffi et al., 2017] and LUCIR [Hou et al., 2019].

We also consider two approaches that do not use distillation: the dynamic-networks-based

methods DER [Yan et al., 2021] and MEMO [Zhou et al., 2023c]. iCaRL and LUCIR were

selected because they are representative of the principal approaches for class-incremental

learning: using different distillation losses (logits distillation and feature distillation) and

difference bias mitigation methods (Nearest-Mean Exemplar classifier and cosine normalized

classifier).

Our proposed method is compared with the recent approach PlaceboCIL [Liu et al.,

2024] which leverages external unlabeled datasets of real high-resolution images to improve

the distillation loss of class-incremental learning methods.

Implementation details

Training details: Following the standard setting [Rebuffi et al., 2017; Hou et al., 2019], the

same network backbone is used for every considered method: a modified 32-layer ResNet [He

et al., 2016] for CIFAR100 and a 18-layer ResNet for ImageNet and ImageNet-Subset.

Additional experiments are conducted using the standard 18-layer ResNet on CIFAR100 in

the ablation study. Every considered method uses a fixed replay memory containing 2,000

exemplars for the Learning From Scratch procedure and a growing memory containing 20
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exemplars per class for the Training From Half procedure. When combining our proposed

method with an existing baseline for class-incremental learning, the same hyperparameters

as the original method are used. The only difference is that the effective batch size during

training is doubled by appending synthetic images generated by the generative model to

the original batch of real images from the union of the new dataset and the replay memory.

Experiments are implemented with Pytorch [Paszke et al., 2019] using officially released

implementations of the different baselines methods and PyCIL [Zhou et al., 2023a].

Proposed method details: For iCaRL [Rebuffi et al., 2017] and LUCIR [Hou et al.,

2019], synthetic samples are used in both the classification and the distillation losses. For

LUCIR, the synthetic data are not used for the margin ranking loss as preliminary ex-

periments suggested that it slightly decreases the performance of the method. For FOS-

TER [Wang et al., 2022a], the synthetic data are used for the feature enhancement loss

and the distillation loss during feature boosting and for the distillation loss during feature

compression. We do not use the synthetic data for the logits aligned classification loss

as it results in a significant decrease of the accuracy due to a bias of the classifier. For

fair comparison with the other baselines, we report the accuracy of FOSTER after feature

compression. For comparison of dual branch FOSTER before feature compression, see Ap-

pendices. For DER [Yan et al., 2021] and MEMO [Zhou et al., 2023c], synthetic samples

are used in both the classification and the auxiliary losses. DER is used without pruning.

When combined with our method, MEMO relies on a NME classifier for evaluation due to

the distribution gap between real and synthetic samples. For LUCIR and iCaRL, training

images are normalized, randomly horizontally flipped, and cropped, and no more augmen-

tation is applied. Additionally, following their respective authors, AutoAugment [Cubuk

et al., 2019] is also used for augmentation for FOSTER, and color jitter is also used for

augmentation for DER and MEMO on CIFAR100 dataset. For a fair comparison with

other dynamic-networks-based methods, experiments for FOSTER without AutoAugment

are included in the Ablation Study.

Image generation details: If not stated otherwise, the default generative model

we use is Stable Diffusion [Rombach et al., 2022] version 1.4 1 using the default prompt

“c, dc” [Sarıyıldız et al., 2023], with 50 denoising steps and and the guidance scale g

equals to 2.0 . Synthetic images have been generated separately using fixed seeds before

the incremental learning experiments. Every method uses the same dataset of synthetic

images. For CIFAR100, the synthetic dataset contains 500 32×32 images per class, and

for ImageNet and ImageNet-Subset 1300 512×512 images per class. For every dataset,

synthetic images are generated with a size of 512×512 and are only resized to 32×32 for

CIFAR100 before the incremental training. The same seeds have been used for generating all

classes, resulting in closely related classes having some similar images (same background,

subject’s pose, and position) where only the subject of the image changes. Additional

1Available at: https://huggingface.co/CompVis/stable-diffusion-v1-4
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experiments have been conducted using the generative model DALL-E2 [Ramesh et al.,

2022] through the API of OpenAI. Due to the moderation policy of the OpenAI API,

a few definitions “dc” have been edited to remove words that triggered the moderation

filtering system. Moreover, for DALL-E2, the prompt has been changed to “a photo of a

c, dc” as preliminary experiments highlighted that the default prompt could result in over-

simplified images for some classes. Regarding the two additional prompting mechanisms,

CLIP-prompt uses the revised name of each class and a restricted set of 7 sentences (from

the original set of 80 sentences)2 engineered for zero-shot classification on the complete

ImageNet dataset with CLIP [Radford et al., 2021] in order to generate prompts. CLIP-

Caption generates prompts for each class by combining the revised name of the class with

textual description of each real training sample generated by the pre-trained image-to-text

model BLIP2[Li et al., 2023a]3.

Performance Measure

Models are primarily evaluated and compared using the Average Incremental Accuracy

defined by Rebuffi et al. [2017] as the average of the Top-1 accuracy of the model on the

test data of all the classes seen so far, at the end of each incremental step including the

base step. The final overall accuracy of the model after the last incremental step is also

reported for the experiments with the Training From Scratch procedure.

4.4.2 Comparison with baselines

The average incremental accuracy (Top-1) of our method and the different baselines are

reported for CIFAR100, ImageNet-Subset, and ImageNet with the Learning From Half

procedure in Table 4.1 and for the Learning From Scratch procedure in Table 4.2. The

final accuracy of the model with the Learning From Half procedure is reported in the

Appendices. Due to significant differences in the reproduced accuracy for FOSTER [Wang

et al., 2022a] between our work and Liu et al. [2024], we decided to make a more detailed

comparison with PlaceboCIL in Table 4.3. The difference in the reproduced accuracy is

especially important on ImageNet, however, while our reproduced accuracies for FOSTER

on ImageNet is significantly lower than the ones reproduced by Liu et al. [2024], it is similar

to the results reproduced by Zhou et al. [2023b] in their recent review. As this difference is

superior to 5 percentage points on ImageNet, comparison with PlaceboCIL in this setting

may not be relevant, nevertheless we report those results in the Appendices for the sake of

completeness.

For all the considered baselines, using our proposed approach MADM leads to a signifi-

cant improvement of the average incremental accuracy in the Training From Half procedure:

up to 2.30p.p. for DER, up to 3.06p.p. for MEMO, up to 4.54p.p. for FOSTER, up to

2See: https://github.com/openai/CLIP/tree/main/notebooks
3Available at: https://huggingface.co/Salesforce/blip2-opt-2.7b
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Table 4.1: Average incremental accuracy (Top-1) on CIFAR100, ImageNet-Subset, and

ImageNet with the Learning From Half procedure: a base step containing half of the classes

followed by 5, 10, and 25 incremental steps, using a growing memory of 20 exemplars per

class. Using ResNet-32 for CIFAR100 and ResNet-18 for ImageNet-Subset and ImageNet.

Using 500 synthetic samples per class for CIFAR100 and 1300 per class for ImageNet-Subset

and Imagenet. Synthetic samples generated using Stable Diffusion with a guidance scale of

2.0 . Results marked with “*” correspond to our own experiments. Results on CIFAR100

and ImageNet-Subset are averaged over 3 random runs. Results on ImageNet are reported

as a single run. Best result is marked in bold and second best is underlined. The final

accuracy (Top-1) is reported in the Appendices.

Methods
CIFAR100 ImageNet-Subset ImageNet

B50 Inc10 B50 Inc5 B50 Inc2 B50 Inc10 B50 Inc5 B50 Inc2 B500 Inc100 B500 Inc50

iCaRL* [Rebuffi et al., 2017] 57.68 52.44 48.05 65.34 60.74 54.31 53.58 48.65

iCaRL w/ MADM (ours) 62.01 59.24 56.47 68.64 65.55 62.75 57.15 54.07

LUCIR* [Hou et al., 2019] 63.37 60.88 57.07 70.75 68.48 63.14 66.69 64.06

LUCIR w/ MADM (ours) 65.77 63.84 61.73 72.92 71.48 69.48 67.56 66.44

DER* [Yan et al., 2021] 67.74 65.62 64.82 74.40 73.46 70.16 69.02 67.68

DER w/ MADM (ours) 68.73 67.53 67.12 74.82 74.24 72.40 68.61 68.03

MEMO* [Zhou et al., 2023c] 67.71 65.68 64.07 75.86 74.42 72.00 66.62 65.87

MEMO NME* 68.11 67.09 65.41 71.65 71.46 71.24 65.95 64.60

MEMO NME w/ MADM (ours) 68.67 67.55 67.13 75.05 74.51 74.05 66.38 65.55

FOSTER* [Wang et al., 2022a] 71.17 68.89 65.07 76.09 75.05 70.96 62.18 60.83

FOSTER w/ MADM (ours) 72.18 70.88 68.06 77.13 76.77 75.50 63.19 62.09
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Table 4.2: Average incremental accuracy (Top-1) and Final accuracy (Top-1) on CI-

FAR100, and ImageNet-Subset with the Learning from Scratch procedure: 10 steps of 10

classes or 20 steps of 5 classes, using a fixed memory of 2,000 exemplars in total. Using

ResNet-32 for CIFAR100 and ResNet-18 for ImageNet-Subset. Using 500 synthetic sam-

ples per class for CIFAR100 and 1300 per class for ImageNet-Subset. Synthetic samples

generated using Stable Diffusion with a guidance scale of 2.0 . Results marked with “*”

correspond to our own experiments. “Average” is Average Incremental Accuracy (Top-1)

and “Last” is the final overall accuracy of the model after the last incremental step. Re-

sults are averaged over 3 random runs. Best result is marked in bold and second best is

underlined.

Methods
CIFAR100 ImageNet-Subset

B0 Inc10 B0 Inc5 B0 Inc10 B0 Inc5

Average Last Average Last Average Last Average Last

iCaRL* [Rebuffi et al., 2017] 64.79 48.33 63.15 44.47 66.77 51.51 61.15 44.29

iCaRL w/ MADM (ours) 67.44 53.40 67.66 52.73 70.59 57.51 68.52 55.91

DER* [Yan et al., 2021] 70.68 60.95 70.64 59.21 75.47 64.37 73.43 61.69

DER w/ MADM (ours) 71.88 62.67 72.32 62.15 77.20 66.91 76.23 65.33

MEMO* [Zhou et al., 2023c] 70.02 58.44 68.46 52.96 72.81 60.25 69.06 53.95

MEMO NME* 69.79 57.71 67.46 48.94 71.00 56.36 66.86 50.23

MEMO NME w/ MADM (ours) 71.51 61.51 71.47 59.94 76.23 64.81 73.97 62.27

FOSTER* [Wang et al., 2022a] 73.03 60.89 70.94 56.76 76.44 65.88 72.92 60.96

FOSTER w/ MADM (ours) 74.02 62.38 72.97 58.23 79.42 70.20 77.25 66.52
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6.34p.p. for LUCIR and up to 8.44p.p. for iCaRL, depending on the dataset and the number

of incremental steps. This improvement is especially important in more challenging settings

with numerous incremental steps or when the replay memory is small as discussed in Sec-

tion 4.4.3. Our proposed method is also effective in the more challenging Training From

Scratch procedure, with improvements of the average incremental accuracy up to 2.80p.p.

for DER, up to 4.33p.p. for FOSTER, up to 4.91p.p. for MEMO, and up to 7.37p.p. for

iCaRL, depending on the dataset and the number of incremental steps.

When looking more closely at the learned model, we can see that our approach improves

the capacity of the model to preserve past knowledge without penalizing its plasticity. This

is especially true in the most challenging settings with a small replay memory: for example

on CIFAR100 B50 Inc5 with 5 exemplars per class in the memory, by combining LUCIR

with MADM, the final accuracy on the 50 bases classes increases from 34.15% to 42.06%

while the accuracy on the 50 remaining classes also increases from 46.08% to 52.23%. By

combining our proposed method MADM with FOSTER, we achieve new state-of-the-art

performance on several datasets and settings.

Table 4.3: Average incremental accuracy (Top-1) on CIFAR100, and ImageNet-Subset

Alt. with the Learning From Half procedure: a base step containing half of the classes

followed by 5, 10, and 25 incremental steps, using a growing memory of 20 exemplars per

class. Using 500 synthetic samples per class for CIFAR100 and 1300 per class for ImageNet-

Subset Alt. . Synthetic samples generated using Stable Diffusion with a guidance scale of

2.0 . Results marked with “*” correspond to our own experiments and results marked with

“†” are reported from [Liu et al., 2024]. Results averaged over 3 random runs.

Methods
CIFAR100 ImageNet-Subset Alt.

B50 Inc10 B50 Inc5 B50 Inc2 B50 Inc10 B50 Inc5 B50 Inc2

FOSTER† [Wang et al., 2022a] 70.62 68.43 63.83 80.21 77.63 69.27

FOSTER w/ PlaceboCIL† [Liu et al., 2024] 71.97 70.31 67.02 82.03 79.52 72.79

Improvement in p.p. +1.35 +1.88 +3.19 +1.82 +1.89 +3.52

FOSTER* [Wang et al., 2022a] 71.17 68.89 65.07 78.52 76.49 71.24

FOSTER w/ MADM (ours) 72.18 70.88 68.06 80.35 79.21 77.09

Improvement in p.p. +1.01 +1.99 +2.99 +1.83 +2.72 +5.85

Compared to PlaceboCIL [Liu et al., 2024], our proposed method MADM achieves sim-

ilar or higher performance while using a significantly smaller dataset of additional external

data: 50,000 synthetic images compared to the 1.28 million of real images from ImageNet

for the experiments on CIFAR100 and 130,000 synthetic images compared to about 1.1

million of real images sampled without overlapping from ImageNet for the experiments on

ImageNet-Subset Alt. dataset. MADM achieves higher average incremental accuracy than

PlaceboCIL in 4 out of 6 experiments and outperforms it by up to 4.30p.p.. Moreover, by

relying on synthetic labeled images from past classes, our proposed method is more versa-
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tile and can also be combined with methods that don’t rely on a distillation loss such as

the dynamic-networks-based methods DER and MEMO whereas PlaceboCIL is limited to

distillation-based approaches.

4.4.3 Ablation Study

Components

Table 4.4: Average incremental accuracy (Top-1) on CIFAR100 with the Training From

Half procedure, using a growing memory of 20 exemplars per class. Using 500 synthetic

samples per class. Synthetic samples generated using Stable Diffusion with a guidance scale

of 2.0 . Results marked with “*” correspond to our own experiments. Results averaged over

3 random runs.

Methods
CIFAR100

B50 Inc10 B50 Inc5 B50 Inc2

LUCIR* [Hou et al., 2019] 63.37 60.88 57.07

w/ Synth. Distillation 64.62 63.12 62.15

w/ Synth. Distillation w/o new 62.66 61.93 61.48

w/ Synth. Replay 64.95 62.44 59.59

w/ MADM 65.77 63.84 61.73

By leveraging synthetic images supposedly belonging to the same classes as the training

dataset, it is possible to use them for both replay and distillation. Table 4.4 compares the

performance when using the synthetic images only for distillation (w/ Synth. Distillation),

only for replay (w/ Synth. Replay), and for both combined (w/ MADM). Distillation

and Replay using synthetic data appear to be complementary, Replay achieving higher

performances for a short number of incremental steps T and Distillation for a higher number

of incremental steps. Combining both in MADM achieves an overall improvement over each

used individually. Moreover, models trained with our proposed method MADM tend to

achieve a better balance between stability and plasticity compared to models trained using

the synthetic samples only for distillation, the latter favoring more stability.

Size of the synthetic dataset

While synthetic samples could be generated in an online manner at the creation of each

mini-batch in order to increase diversity, we instead made the choice of repeatedly sampling

synthetic data from the fixed dataset S. The synthetic dataset S is fixed while training the

current model θt and is solely extended at the end of each incremental step by generating n

synthetic samples for each newly learned class, effectively decrease the computational cost

of our proposed method compared to online generation. Table 4.5 shows the impact of the
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number of synthetic images n generated for each past class used during training. With only

50 synthetic images per class, our method can improve the average incremental accuracy by

up to 3.57p.p. compared to the standard LUCIR. This can be further increased to 5.72p.p.

by expanding the size of the synthetic dataset. However, it appears that beyond a certain

limit, further increasing the size of the synthetic dataset does not yield any significant

improvement. This supports our approach of not using the diffusion model in an online

manner to generate each training batch if the storage is not a constraint of the system.

Table 4.5: Average incremental accuracy (Top-1) on CIFAR100 with the Training From

Half procedure depending on n, the number of synthetic samples generated for each class.

Synthetic samples generated using Stable Diffusion with a guidance scale of 2.0 . Using a

growing memory of 20 exemplars per class. Results marked with “*” correspond to our own

experiments. Results averaged over 3 random runs.

Methods
CIFAR100

B50 Inc10 B50 Inc5 B50 Inc2

LUCIR* [Hou et al., 2019] 63.37 60.88 57.07

w/ MADM n = 50 64.84 62.71 60.64

w/ MADM n = 500 65.77 63.84 61.73

w/ MADM n = 1000 66.41 64.91 62.73

w/ MADM n = 2000 66.22 65.03 62.79

Size of the replay memory

Table 4.6 measures the improvement from our method depending on the number of in-

cremental steps and the size of the replay memory containing exemplars of past classes.

While the improvement compared to the baseline method is more significant in the case of

a small memory size, our method also significantly improves the average incremental accu-

racy of both LUCIR and iCaRL when combined with a larger replay memory. Likewise,

the improvement is more notable for more difficult settings containing numerous incremen-

tal steps. For example, when trained for 25 incremental steps with 5 samples per class in

the replay memory, MADM almost doubles the final overall accuracy for iCaRL, increasing

it from 20.32% to 40.39% and augments the average incremental accuracy by 18.56p.p..

Those results highlight that our method can boost the performance of the baseline method

it is combined with independently of the setting. Additional results for CIFAR100 with 5

incremental steps can be found in the Appendices.
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Diffusion model

Apple

(a) Stable Diffusion g = 2.0 (b) Stable Diffusion g = 7.5 (c) DALL-E2

Bear

Bicycle

Bottle

Cloud

Figure 4.4: Samples from S, the set of additional synthetic images generated for class-

incremental learning on CIFAR100, depending on the diffusion model used: (a) Stable

Diffusion version 1.4 with a guidance scale of 2.0, (b) Stable Diffusion version 1.4 with a

guidance scale of 7.5, and (c) DALL-E2. Images are generated at the size 512×512 and are

being resized to 32×32 before being fed to the model. Images are displayed before resizing

to 32×32 for better appreciation.

Table 4.7 shows the performance of LUCIR and iCaRL on CIFAR100 with the Learning

From Scratch procedure depending on the Diffusion model used for augmenting the replay

memory. It compares the default Stable Diffusion version 1.4 with a low value of 2.0 for the

guidance scale which favors diversity, the same Stable Diffusion model but with a higher

value of 7.5 for the guidance scale which generates more realistic yet less diverse images,

and DALL-E2 for which the trade-off between diversity and quality of the generated image

cannot be controlled but seems to favors quality in our case, as illustrated in Figure 4.4.

Experimentally, it appears that if the number of synthetic samples generated for each class

is small, our proposed method achieves higher performance when combined with a Diffusion

Model that favors quality over diversity such as DALL-E2 or Stable Diffusion with a high

value for guidance scale. Conversely, when it is possible to generate more synthetic images

per class, the model that favors diversity reaches a higher accuracy than the two others.
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Table 4.7: Average incremental accuracy (Top-1) of (a) iCaRL and (b) LUCIR on

CIFAR100 with the Training From Half procedure depending on the Diffusion model used

and n, the number of synthetic samples generated for each class. “SD” is refering to Stable

Diffusion version 1.4 and g is the guidance scale. Using a growing memory of 20 exemplars

per class. Results marked with “*” correspond to our own experiments. Results averaged

over 3 random runs.

(a) iCaRL - Using different Diffusion Models

Methods
CIFAR100

B50 Inc10 B50 Inc5 B50 Inc2

iCaRL* [Rebuffi et al., 2017] 57.68 52.44 48.05

n = 50

w/ MADM SD g = 2.0 59.76 56.32 52.58

w/ MADM SD g = 7.5 60.84 57.39 54.50

w/ MADM DALL-E2 60.32 57.16 53.11

n = 500

w/ MADM SD g = 2.0 62.01 59.24 56.47

w/ MADM SD g = 7.5 61.82 58.67 55.59

w/ MADM DALL-E2 61.42 58.35 55.13

(b) LUCIR - Using different Diffusion Models

Methods
CIFAR100

B50 Inc10 B50 Inc5 B50 Inc2

LUCIR* [Hou et al., 2019] 63.37 60.88 57.07

n = 50

w/ MADM SD g = 2.0 64.84 62.71 60.64

w/ MADM SD g = 7.5 65.25 63.18 61.39

w/ MADM DALL-E2 64.99 63.09 61.47

n = 500

w/ MADM SD g = 2.0 65.77 63.84 61.73

w/ MADM SD g = 7.5 65.55 63.59 61.89

w/ MADM DALL-E2 65.12 63.41 61.48

Prompting mechanism

Another important component of the generation process used to create synthetic samples of

past classes is the textual prompt guiding the diffusion process. In addition to the default

prompt mechanism “c, dc” based on WordNet which create one prompt per class, we also

conduct additional experiments by generating synthetic samples using a larger and more

diverse set of prompts: using CLIP-prompt which relies on sentences and names prompt-

engineered for zero-shot classification on ImageNet and Caption-prompt which relies on

textual description of the training dataset generated using a image-to-text captioning pre-

trained model. Experiment on the two variants of ImageNet-Subset, reported in Table 4.8,

shows that more sophisticated prompting mechanism can improve the performance of our

proposed method and are especially effective in the most difficult settings where there are

numerous incremental steps. With the training from half procedure, Caption-prompt can
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Table 4.8: Average incremental accuracy (Top-1) and Final accuracy (Top-1) on (a)

ImageNet-Subset and (b) ImageNet-Subset Alt. with the Learning from Half procedure: a

base step containing half of the classes followed by 5, 10, and 25 incremental steps, using

a growing memory of 20 exemplars per class. Using ResNet-18 model and 1300 synthetic

samples per class. Synthetic samples generated using Stable Diffusion with a guidance scale

of 2.0 . Results marked with “*” correspond to our own experiments. “Average” is Average

Incremental Accuracy (Top-1) and “Last” is the final overall accuracy of the model after

the last incremental step. Results are averaged over 3 random runs.

(a) ImageNet-Subset - Using different prompting mechanisms

Methods

ImageNet-Subset

B50 Inc10 B50 Inc5 B50 Inc2

Average Last Average Last Average Last

iCaRL* [Rebuffi et al., 2017] 65.34 54.48 60.74 49.37 54.31 42.69

w/ MADM - Default prompt 68.64 59.47 65.55 57.17 62.75 54.62

w/ MADM - CLIP-prompt 68.57 59.52 65.73 57.74 63.00 54.91

w/ MADM - Caption-prompt 68.99 60.13 67.07 59.61 64.24 57.17

(b) ImageNet-Subset Alt. - Using different prompting mechanisms

Methods

ImageNet-Subset Alt.

B50 Inc10 B50 Inc5 B50 Inc2

Average Last Average Last Average Last

iCaRL* [Rebuffi et al., 2017] 64.67 53.25 58.92 48.23 54.01 43.63

w/ MADM - Default prompt 69.42 61.07 66.47 59.13 64.98 58.31

w/ MADM - CLIP-prompt 69.84 62.19 67.30 60.53 65.85 59.79

w/ MADM - Caption-prompt 70.88 63.36 68.88 62.57 68.01 62.40

improve the average incremental accuracy by up to 3.03p.p. and the final accuracy by up

to 4.09p.p. compared to the default prompting mechanism. While these two more ad-

vanced prompting mechanisms induce additional requirements (lengthy manual annotation

and tuning by humans, having access to large-language model or text-to-image model, the

storage and computational cost associated to those additional models) compared to the

default prompt, they can significantly improve the performances of our proposed method

and should be considered if they fit into the constraints of the considered application.

Architecture of the backbone

Following the standard practice, the modified ResNet-32 model with 0.46 million param-

eters was used for the backbone in our experiments. Additionally, we report in Table 4.9

the performance for iCaRL and FOSTER using a standard ResNet-18 model with 11.2

million parameters. Our proposed method takes advantage of larger backbones and fur-

ther improves the performance of the baseline methods. When using ResNet-18 instead
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Table 4.9: Average incremental accuracy (Top-1) of (a) iCaRL and (b) FOSTER on

CIFAR100 with the Learning From Half procedure depending on the backbone used. Using

500 synthetic samples per class. Synthetic samples generated using Stable Diffusion with a

guidance scale of 2.0 . Using a growing memory of 20 exemplars per class. “#P” denote

the number of parameters in the backbone, in million. Results marked with “*” correspond

to our own experiments. Results averaged over 3 random runs.

(a) iCaRL - Using different backbone models

Backbone Methods #P
CIFAR100

B50 Inc10 B50 Inc5 B50 Inc2

ResNet-32 iCaRL* [Rebuffi et al., 2017] 0.46 57.68 52.44 48.05

ResNet-32 iCaRL w/ MADM 0.46 62.01 59.24 56.47

Improvement in p.p. +4.33 +6.80 +8.42

ResNet-18 iCaRL* [Rebuffi et al., 2017] 11.2 62.40 55.96 50.79

ResNet-18 iCaRL w/ MADM 11.2 67.18 63.76 60.96

Improvement in p.p. +4.78 +7.80 +10.17

(b) FOSTER - Using different backbone models

Backbone Methods #P
CIFAR100

B50 Inc10 B50 Inc5 B50 Inc2

ResNet-32 FOSTER* [Wang et al., 2022a] 0.46 71.17 68.89 65.07

ResNet-32 FOSTER w/ MADM 0.46 72.18 70.88 68.06

Improvement in p.p. +1.01 +1.99 +2.99

ResNet-18 FOSTER* [Wang et al., 2022a] 11.2 74.64 69.98 64.77

ResNet-18 FOSTER w/ MADM 11.2 77.68 75.60 73.00

Improvement in p.p. +3.04 +5.62 +8.24

of ResNet-32 for FOSTER, the relative improvement resulting from our proposed method

increases from 1.4% to 4.1% for B0 Inc10, from 2.9% to 8.0% for B0 Inc10, and from 4.6%

to 12.7% for B0 Inc2.

Augmentation

In our main experiments, following the official implementation, we used AutoAugment

[Cubuk et al., 2019] for both FOSTER and FOSTER combined with our method. Addi-

tionally, to make a fair comparison with DER [Yan et al., 2021], we report in Table 4.10 the

performance of FOSTER on the CIFAR100 dataset with the Training From Half procedure

without using AutoAugment.

While the performances of FOSTER are significantly impacted by the choice of the

augmentations used during training, our proposed method significantly improves its per-

formance in both cases. When using the same augmentations, FOSTER combined with

our proposed method is able to close the gap with DER while using a significantly smaller
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Table 4.10: Average Incremental Accuracy (Top-1) of FOSTER and DER on CIFAR100

with the Training From Half procedure depending on the augmentation used during training.

Using 500 synthetic samples per class. Synthetic samples generated using Stable Diffusion

with a guidance scale of 2.0 . Results averaged over 3 random runs.

Methods
CIFAR100

B50 Inc10 B50 Inc5 B50 Inc2

With

AutoAugment

FOSTER* [Wang et al., 2022a] 71.17 68.89 65.07

FOSTER w/ MADM (our) 72.18 70.88 68.06

DER* [Yan et al., 2021] 72.01 70.97 69.72

DER w/ MADM (our) 72.32 71.47 70.63

Without

AutoAugment

FOSTER* [Wang et al., 2022a] 64.38 61.11 59.10

FOSTER w/ MADM (our) 67.56 66.19 64.58

DER* [Yan et al., 2021] 67.74 65.62 64.82

DER w/ MADM (our) 68.73 67.53 67.12

model.

Use of data from new classes

In their recent work, Liu et al. [2024] emphasized that using data from new classes for

the distillation loss was detrimental and proposed to only use data of past classes from

the memory in addition to the unlabeled samples from the additional external dataset.

Following their study, we also report in Table 4.4 the results of our method while using

the distillation loss only on the synthetic images of past classes and on the exemplar from

the memory (w/ Synth. Distillation w/o new). However, it appears that in our case,

this significantly decreases the performance of the model. As further discussed below, we

suppose that it may be due to the gap between the distribution of synthetic images and the

distribution of real images: while real samples from new images are generally harmful to

the distillation loss, they may be useful for transferring general knowledge about real data

in our case.

4.4.4 From synthetic to real images

As discussed in Section 4.3.3, using synthetic data in the classification loss may negatively

impact the performance of the model.

We first observed this phenomenon when using the synthetic dataset generated by Sta-

ble Diffusion as a direct replacement for the replay memory in the exemplar-free class-

incremental learning setting. As depicted in Table 4.11, when using synthetic images as

exemplars for the past classes, LUCIR has difficulty generalizing to the real test dataset

and achieves significantly lower accuracy compared to using real exemplars in the memory.
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Table 4.11: Performances of standard LUCIR [Hou et al., 2019] on CIFAR100 with the

Training From Half procedure depending on the number of exemplars per class saved in

the memory and whether the exemplars are real or synthetic images. Synthetic samples

generated using Stable Diffusion with a guidance scale of 2.0 . “Average” is Average In-

cremental Accuracy (Top-1) and “Last” is the final overall accuracy of the model after the

last incremental step. Results averaged over 3 random runs.

Memory

CIFAR100

B0 Inc10 B0 Inc5

Average Last Average Last

Real 20 63.37 53.91 60.88 51.42

Synthetic 20 52.38 33.68 42.79 21.83

Synthetic 100 54.54 36.56 48.56 27.93

Synthetic 500 55.77 38.78 52.19 32.58

Table 4.12: Average Incremental Accuracy (Top-1) of DER [Yan et al., 2021] on CIFAR100

with the Training From Half procedure depending on the bias correction method used. Using

500 synthetic samples per class. Synthetic samples generated using Stable Diffusion with

a guidance scale of 2.0 . “(NME)” indicates that the model is evaluated using a Nearest-

Mean-of-Exemplars classifier instead of the default linear classifier. Results marked with

“*” correspond to our own experiments. Results averaged over 3 random runs.

Bias

Correction
Methods

CIFAR100

B50 Inc10 B50 Inc5 B50 Inc2

Weight

Aligning

DER* 67.00 63.64 62.89

w/ Synth. aux. 67.60 65.43 64.09

w/ Synth. aux. (NME) 68.23 65.94 64.17

w/ MADM 61.14 61.07 60.85

w/ MADM (NME) 68.75 67.13 66.30

Balanced

Finetuning

DER* 67.74 65.62 64.82

w/ MADM 68.73 67.53 67.12
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Moreover, while it performs better than exemplar-based methods used without any replay

memory, it is not competitive with approaches specifically designed for this setting.

Secondly, in Table 4.12, the performance of DER [Yan et al., 2021] are compared for

two different bias mitigation methods: balanced finetuning on real exemplars and Weight

Aligning [Zhao et al., 2020] similarly to MEMO [Zhou et al., 2023c]. This experiment shows

the impact on the classifier of the synthetic images when used in the classification loss.

Without considering the distribution gap between real and synthetic samples, it results in

a significant decrease of the performance compared to the baseline. But when correctly

mitigated, using either an NME classifier of real exemplars only or finetuning the classifier

on a small balanced subset containing only real images, it reaches higher performance

compared to naively using the synthetic data for the auxiliary loss only. In comparison,

Weight Aligning [Zhao et al., 2020] notably used by MEMO for bias mitigation cannot

address the distribution gap between synthetic and real data, which forces us to use an

NME classifier for MEMO when combined with our method. This explains some lower

results for MEMO as a linear classifier correctly trained is often more accurate than an

NME classifier. For example, on ImageNet-Subset B50 Inc10, MEMO combined with our

method using an NME classifier achieves 75.05% of average incremental accuracy, slightly

lower than the base method MEMO with a linear classifier 75.86% but significantly higher

than with a NME classifier 71.65%. Similarly, while being less significant, the negative

impact of the distribution gap on methods such as LUCIR, which rely on cosine classifier

and fix the class embeddings after learning it using real data only, can still be observed in

the most challenging settings: on CIFAR100 with B50 Inc2 setting and 5 exemplars per

class in the replay memory, using an NME classifier for LUCIR when combined with our

method improves the average incremental accuracy by 0.89p.p., reaching 57.21% while for

standard LUCIR it decreases it by 0.01p.p..

4.5 Conclusion

In this work, we showed that pre-trained generative text-to-image model can be seamlessly

combined with general methods for class-incremental learning in order to further improve

their performances. Our approach leverages text-to-image diffusion models to generate

labeled synthetic images belonging to the same classes as the ones previously encountered

by the model and use those synthetic data for both the distillation loss and the classification

loss. Complete experiments show that our approaches significantly increase the average

incremental accuracy of state-of-the-art methods for class-incremental learning, especially in

settings with highly restricted memory, and achieve comparable or superior results compared

to other competitive approaches relying on additional real data samples while offering more

flexibility.

While our work focused on a simple and straightforward integration of the synthetic

images into the class-incremental learning setting, it would be interesting in future works
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to consider how the different losses could be modified and adapted to make the most of the

synthetic images. Moreover, in order to reduce the distribution gap between real and syn-

thetic samples, the generation process should be improved. For example by finetuning the

diffusion models on the training dataset beforehand, or by relying on the image embedding

of the exemplars from the rehearsal memory in combination with the textual prompts for

conditioning the diffusion process. Finally, we will also explore the different possible uses of

those pre-trained generative models for class-incremental learning: for example to prepare

the model by learning in advance, during the initial step, classes that may be encountered

in the future, based on already encountered classes.
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Chapter 5

Future-Proofing Class-Incremental

Learning

5.1 Introduction

While humans naturally learn and accumulate knowledge continuously during their whole

lifespan, deep neural networks struggle to do the same. Continuously training deep neural

networks on new data will inevitably induce a severe decrease of the performance on the

previously learned data. This phenomenon, named catastrophic forgetting [McCloskey and

Cohen, 1989; Ratcliff, 1990], has received more and more attention during the past decade,

and mitigating it is the core problem of incremental learning and continual learning. Among

the different settings of incremental learning, Class-Incremental Learning (CIL) is among

the most challenging ones. In this setting, the model is incrementally trained on a few

number of classes at a time, without having access to the previously learned ones. The

objective is to train a unified model that performs well on every encountered class.

Rehearsal memory [Rebuffi et al., 2017; Chaudhry et al., 2019; Lomonaco et al., 2022]

is one of the most commonly used methods to mitigate catastrophic forgetting and is used

by most of the approaches for Class-Incremental Learning. It consists of a small buffer

containing few representative exemplars of each previously learned class that are later used

for replay while learning new classes. However, there remain situations where using a re-

hearsal memory is not possible, either due to privacy concerns regarding the training data

(especially for tasks such as person re-identification) or due to limitations in the storage

space. This led to the emergence of a new setting named Exemplar-Free Class-Incremental

Learning (EFCIL) or Class-Incremental Learning Without Memory. Methods for EFCIL

often freeze the feature extractor after the first incremental step [Hayes and Kanan, 2020;

Petit et al., 2023], achieving competitive performances while allowing for a faster and less

computationally expensive learning of new classes compared to methods that have to back-
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propagate through the entire deep neural network. However, this may also lead to poor

performance when the number of classes available in the initial step to train the feature

extractor is too limited.

To address this limitation, several works have proposed to pre-train the feature extractor

[Lomonaco et al., 2022; Zhou et al., 2024] using additional data from classes similar yet

different from those in the target dataset. However, with the advent of foundational diffusion

model for image generation, pre-training the feature extractor on a more targeted dataset,

specifically classes that are highly likely to be encountered during the future incremental

steps, has the potential to lead to better improvements in this setting. While the aspect

of using future classes to pre-train the model beforehand seems counter to the concept of

Class-Incremental Learning, we argue that it is indeed a realistic setting. In many real world

applications, collecting training data for every possible object in an ever changing world to

train an omniscient classifier is impossible. It is much more realistic to train a classifier

that is more specific to the needs of the user. Even under such a scenario, collecting every

possible object that the user needs is an insurmountable task. Therefore, it is much more

desirable to attempt to predict specific objects that are likely to be encountered, pre-train

the feature extractor, and then perform Incremental Learning while it is deployed to the

user. In our case, using a diffusion model that generates training data makes it possible to

pre-train especially when objects can be difficult or impossible to obtain.

In this work, we propose to leverage pre-trained text-to-image diffusion models to better

prepare Exemplar-Free Class-Incremental Learning methods relying on a frozen feature

extractor for the future. The diffusion models generate synthetic samples of possible future

classes that will be jointly used with actual real data during the first incremental step to

train a feature extractor that better generalizes to future classes. Experiments using various

challenging settings and datasets for EFCIL highlight how our method can be combined with

state-of-the-art approaches and results in significant improvement of the average incremental

accuracy. Moreover, it appears that using synthetic images of future classes achieves higher

performance than using real images from different yet similar classes.

Our contributions can be summarized into three points:

• We propose a framework relying on pre-trained diffusion models to better prepare

Exemplar-Free Class-Incremental Learning methods for the future, reaching new state-

of-the-art performances.

• While previous approaches for Incremental Learning used pre-trained diffusion models

for generating samples from past classes, our proposed method aims at generating

samples from future classes instead.

• We experimentally show that using synthetic samples of future classes for training

the feature extractor achieves higher performance than using real images of classes

different from those in the target dataset.
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5.2 Related Work

5.2.1 Class-Incremental Learning (CIL) and Exemplar-Free Class-

Incremental Learning (EFCIL)

While Class-Incremental Learning may be applied to various tasks and settings such as

semantic segmentation [Douillard et al., 2021a; Cong et al., 2024] or federated learning [Dong

et al., 2022, 2023b], in this work we only consider the image classification task which is

the most extensively studied. Most approaches for Class-Incremental Learning [Belouadah

et al., 2021; Zhou et al., 2023b] leverage knowledge distillation [Rebuffi et al., 2017; Hou

et al., 2019; Douillard et al., 2020; Dong et al., 2023a], a rehearsal memory and a method

to mitigate the bias toward the new classes [Hou et al., 2019; Wu et al., 2019; Jodelet et al.,

2021; Ahn et al., 2021] induced by the limited size of the replay memory. Recent works [Yan

et al., 2021; Zhou et al., 2023c] proposed to extend the feature extractor at each incremental

step to learn the new classes while preserving past knowledge by freezing previously learned

weights.

Exemplar-Free Class-Incremental Learning is a more challenging setting in which there

is no rehearsal memory, making the replay of samples from the previously encountered

classes impossible. Similarly to approaches designed for Class-Incremental Learning, nu-

merous methods for Exemplar-Free Class-Incremental Learning also continuously finetune

the feature extractor and the classifier [Wu et al., 2021a; Zhu et al., 2021a; Jodelet et al.,

2022; Zhu et al., 2021b, 2022]. Several authors have highlighted the risk of overfitting on the

current task and the importance of having general and transferable feature representation

for EFCIL. To address this concern, approaches often rely on self-supervised learning [Wu

et al., 2021a; Zhu et al., 2021b] or by creating augmented classes using Mixup [Zhang

et al., 2017]. Recently, methods relying on a fixed feature extractor have gained more at-

tention [Hayes and Kanan, 2020; Ostapenko et al., 2022]. Those methods either rely on

a pre-trained model [Wang et al., 2022c,d; Smith et al., 2023b; Zhou et al., 2024] or by

freezing the feature extractor after learning it during the initial step [Hayes and Kanan,

2020; Petit et al., 2023; Goswami et al., 2023]. Petit et al. [2023] proposed FeTrIL which

achieves state-of-the-art performances by relying on a frozen feature extractor and a linear

classifier trained using actual features of new classes and pseudo-features of past classes

generated by a geometric translation of new class features. FeCAM [Goswami et al., 2023]

is a recently proposed approach for Exemplar-Free Class-Incremental Learning with a fixed

feature extractor that rely on the Mahalanobis distance combined with Tukey’s transforma-

tion, covariance shrinkage, and correlation normalization. Those methods exhibit numerous

advantages including a less computationally expensive training procedure that allows for

for a deployment on edge devices. However, they also depend on the initial training strat-

egy used [Janson et al., 2022; Petit et al., 2024] and may achieve poor performance if the

quantity of data available for training the feature extractor during the initial step is too
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limited.

5.2.2 Training on synthetic images

While few attempts have been made using GAN-based models [Besnier et al., 2020; Jaha-

nian et al., 2022], the use of synthetic images for training deep learning models has recently

gained momentum following the advances in diffusion models [Sohl-Dickstein et al., 2015;

Ho et al., 2020] and their wide availability. Diffusion models generate synthetic samples

using an iterative denoising process conditioned on an input, usually a text prompt. Im-

agen [Saharia et al., 2022] performs the denoising task in the pixel space while Stable

Diffusion [Rombach et al., 2022] and DALL-E2 [Ramesh et al., 2022] perform it in the la-

tent space in order to decrease the computational cost of the generative process. In one

of the pioneer works, Sarıyıldız et al. [2023] studied the use of the pre-trained text-to-

image diffusion model Stable Diffusion to generate a synthetic replacement for the original

training dataset. Their experiments highlighted that while the model trained using the

real train dataset reaches a higher accuracy on the real test dataset compared to the one

trained on synthetic images, they perform on par for transfer learning tasks. Concurrently,

Zhang et al. [2024] proposed to expand real datasets using synthetic samples generated with

various diffusion models and achieved significant improvement on various image classifica-

tion datasets. Several authors proposed to use synthetic images generated by pre-trained

diffusion models for different problems of computer vision such as zero-shot and few-shot

learning [He et al., 2022], long-tailed image classification [Shin et al., 2023], incremental

learning [Jodelet et al., 2023; Duan et al., 2023], out-of-distribution detection [Du et al.,

2024], or semantic segmentation [Nguyen et al., 2024]. Tian et al. [2023] showed that the

representation learned using contrastive learning on synthetic images generated by Stable

Diffusion outperforms state-of-the-art methods trained on real datasets.

5.2.3 Additional data for Incremental Learning

Several authors [Lee et al., 2019; Zhang et al., 2020; Lechat et al., 2021; Bellitto et al.,

2022; Liu et al., 2024] have considered the use of additional data for Class-Incremental

Learning by leveraging datasets of real images belonging to classes different from the ones

that the model has to learn. Most of these approaches assume that the additional dataset

is unlabeled, restricting the use of those additional data samples to the distillation loss [Lee

et al., 2019; Zhang et al., 2020; Liu et al., 2024]. Jodelet et al. [2023] first proposed to

use large pre-trained text-to-image diffusion models for Incremental Learning in order to

generate additional synthetic images for the classes previously encountered by the model.

Using a textual prompt based on the class name, this method generates labeled samples

that can be used for the distillation loss but also for any supervised losses such as the

classification loss. More recently, pre-trained diffusion models were also used for Class-

Incremental semantic segmentation [Chen et al., 2023] and object detection [Kim et al.,

76



5.3 Proposed method

2024]. However, there remains a significant distribution gap between the real samples and

the synthetic ones [Jodelet et al., 2023] whose impact on the classifier makes the use of

pre-trained diffusion model for replaying samples from past classes especially difficult for

Exemplar-Free Class-Incremental Learning.

5.2.4 Preparing for the future

While most of the methods for Class-Incremental Learning only focus on how to prevent

the forgetting of past data, some authors have studied how to better prepare the model

for future updates. Douillard et al. [2021b] took inspiration from zero-shot learning and

proposed to incorporate into the classifier feature vectors of unseen future classes during

training. Those possible future vectors, named ghost features, are produced by a generator

using actual features of seen classes and prior information about all the classes. [Pernici

et al., 2021] proposed to use a pre-allocated Regular Polytope Classifier which can exploit

future unseen classes as negative examples. Zhou et al. [2022] proposed to reserve embedding

space for future classes by pre-assigning virtual prototypes and by forecasting future classes

using manifold Mixup [Zhang et al., 2017]. Bellitto et al. [2022] proposed to use an auxiliary

dataset of real images containing classes unrelated to the main task in order to prepare the

model for the future. Those additional data samples are used to learn more general and

stable representation that can be leveraged when learning future classes.

Compared to previously mentioned methods, in this work, we aim to leverage pre-trained

text-to-image diffusion models not for generating additional past data but for generating

synthetic samples for possible future classes. We study how those synthetic images of future

classes can be used during the initial incremental step and to what extent they can help

to better prepare Exemplar-Free incremental learning methods relying on a frozen feature

extractor.

5.3 Proposed method

The objective of Class-Incremental Learning (CIL) is to learn a unified model θ on a gradu-

ally increasing set of classes. θ can be decomposed into {Φ,W} with Φ the feature extractor

and W the classifier. The training procedure is divided into T incremental steps, each step

consisting of a dataset Dt containing samples from the set of new classes Yt such that

∀i, j ∈ {1, 2, ..., T},Yi∩Yj = ∅ for i ̸= j. Contrary to standard Class-Incremental Learning,

in the Exemplar-Free Class-Incremental Learning (EFCIL) setting, the model does not have

access to any replay memory: during each incremental step t, the model θt is trained solely

on the current dataset Dt. After each incremental step, the model is evaluated on the test

dataset of all the classes observed so far without having any step descriptor.

77



Chapter 5 - Future-Proofing Class-Incremental Learning
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First incremental step (t = 1) Following Incremental steps (t > 1)

Figure 5.1: Diagram representing our proposed method Future-Proof Class Incremental

Learning (FPCIL) which prepares the feature extractor for the future by jointly training

it on an auxiliary dataset in addition to the current dataset during the initial step. The

auxiliary dataset contains synthetic samples of future classes generated using a pre-trained

text-to-image diffusion model. After the first incremental step, the feature extractor ϕ is

frozen and the weights of the classifier w̃ corresponding to the future classes are removed.

Afterward, in the following incremental step, only the classifierW is trained using dedicated

method (e.g. FeTrIL, FeCAM).

5.3.1 Future-Proofing Class-Incremental Learning

In order to create a future-proof model, as illustrated in Figure 5.1, we introduce Future-

Proofing Class Incremental Learning (FPCIL), a straightforward approach which can

be combined with any method for Class-Incremental Learning relying on a frozen feature

extractor. During the first incremental step, when training the feature extractor, in addition

to the initial step dataset D1, an additional dataset S containing |YS | different classes is

used. While any labeled datasets could be used for S, we propose a novel approach which

consists in using images from classes that will be encountered by the model during the

future incremental steps. In detail, the objective of the initial incremental step is extended

from solely learning the initial classes Y1 into learning Y1 ∪YS where YS =
⋃T

i=2 Yi are the

future classes. The feature extractor is jointly trained with a classifier on D1∪S. At the end

of the initial step, the classifier is restricted to the base classes Y1 by dropping the weights

corresponding to the future classes from the auxiliary dataset S, and the feature extractor

is frozen. Then, the training procedure continues according to the baseline method for the

remaining incremental steps. Our proposed method is detailed in Algorithm 5.1.

In the initial step, our proposed method FPCIL trains on both the initial training

dataset D1 and an additional dataset S which contains training data for predicted future

classes. As only the data for the current step are available in the Class-Incremental Learning

setting, we propose to use synthetic data instead of the real ones. We use a pre-trained text-

to-image diffusion model to generate synthetic images from the future classes during the
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Algorithm 5.1: Future-Proof Class-Incremental Learning (FPCIL)

Input: Data-flow {Di}Ti=1 and pre-trained generative model G.

Ouput: Models {θi}Ti=1 composed of {Φi,Wi}.

for t ∈ {1, 2, ..., T} do
if t = 1 then

// Predict future classes based on initial classes using oracle

or GPT

YS ← PredictFuture(Y1)

// Generate synthetic samples of future classes

S ← GenerateSynthetic(G, YS)

// Train the model using real data of the first step and

synthetic data of future steps

Train θ1 using D1 ∪ S
Freeze Φ1 and remove YS weights from W1

else

// Incrementally update the classifier using dedicated method

(e.g. FeTrIL, FeCAM)

Train Wt using Dt

initial step. This means that only the labels of the future classes are necessary. Compared

to recent approaches for Incremental Learning relying on a pre-trained diffusion model

[Jodelet et al., 2023; Chen et al., 2023; Kim et al., 2024] for generating synthetic samples

of past classes, our proposed method aims at generating synthetic samples of future classes

instead. By primarily using the synthetic data to train the feature extractor, our proposed

method circumvents the impact of the distribution gap between real and synthetic samples

generated by the diffusion model, making it applicable to Exemplar-Free Class-Incremental

Learning.

While the requirement of having access to the label of future classes may seem counter

to the concept of Class-Incremental Learning, we argue that it is practical and compatible

with most real-world applications of Class-Incremental Learning. In general, during the

developing a deep learning model meant for continuously accumulating new knowledge while

achieving a given task in an ever-evolving environment, both the task and the environment

are known. Therefore, it is reasonable to assume that it is possible, based on this initial

knowledge of the environment and task, to predict their possible future evolution. However,

acquiring beforehand real data corresponding to these future states of the environment and

task may be difficult, expensive, or even impossible in some cases which lead us to use
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synthetic samples instead. As a concrete example, we propose to consider the case of an

agent that would be deployed on an embedded device for assisting its user inside his home.

The agent would have to be able to learn new concepts based on data directly collected

from its environment depending on the particular need of its user. It would have to rely on

incremental learning as frequent retraining from scratch would not be possible on either a

cloud server as uploading user’s data would be difficult due to privacy reasons, or in local

due to the limited computational and memory capacity of the embedded device. Therefore,

using our proposed method it is possible to train an initial model precisely tailored for

each user (or group of users) before deployment, by relying on available knowledge about

the user and its environment (interests, location, particular requests, etc.) to preemptively

learn specific concepts that may appear in the future in addition to generic concepts. Since

building a specific dataset of real samples for all possible needs of all possible users would

not be tractable due to the significant cost in time and resources of the data collection

process, the use of synthetic data appears as a faster and cheaper alternative. As a second

example, we consider the case of an agent deployed on an embedded device for performing

a task in a hard to access and potentially hostile environment where the agent has to be

autonomous due to unreliable remote control possibility (deep sea, space, etc). The nature

of the environment intrinsically limits the capacity to collect large training datasets in

advance but its properties may be known. Using our proposed method, the agent could

be trained before its deployment using synthetic data from generative diffusion models, or

more realistically in this scenario using simulation-based tools. The agent would then be

able to incrementally learn and adjust itself to the environment using real data collected

while performing the task.

It should also be noted that based on our experiments detailed in the ablation study, the

classes in the auxiliary dataset S do not need to be perfectly predicted to have a positive

impact on the performance. For clarity, we refer to FPCIL as “FPCIL-Oracle” when the list

of future classes has been perfectly predicted and “FPCIL-Partial (k%)” otherwise, with k

the percentage of future classes correctly predicted.

Predictions of the future classes can be done through expert knowledge or through

automated methods. Here, we introduce a simple approach for automatically predicting

the future classes based on recently popular large language models. Our proposed method

relies on the GPT model [Brown et al., 2020] “GPT-3.5 Turbo Instruct” used through the

OpenAI API. The large language model is queried for a completion task using the prompt

“The dataset contains the following 100 classes: c1, [...], ck,” where c1 to ck are the names of

the k classes from the initial step, with k equals to |Y1|. The number “100” is used here to

encourage the model to generate a longer list of possible future classes as initial experiments

without specifying a number would result in only a few number of guesses. In practice, the

output of GPT has to be parsed to extract the predicted future classes. The completion

function of GPT often continues the prompt as if it was part of a website or a scientific

paper by appending imaginary details such as the number of images per class in the dataset,
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Figure 5.2: Synthetic images of future classes for CIFAR100 generated using different

diffusion models. Images are displayed before being resized for better appreciation. First

row has been generated by Stable Diffusion 1.4 with a guidance scale of 2.0, second row using

Stable Diffusion 1.4 with a guidance scale of 7.5, and last row using DALL-E2. From left

to right: butterfly, can, house, lion, mountain, orange, otter, pine tree, rose, and streetcar.

nonexistent download url for the dataset, or architecture of the model. Due to the random

nature of the output from GPT, the prompt is queried 10 times and the predicted classes are

ordered according to the number of times they have been predicted. The auxiliary dataset

S is then restricted to the classes which were the most often predicted. We evaluated three

versions with an increasing level of restriction: “FPCIL-GPT”, “FPCIL-GPT R1”, and

“FPCIL-GPT R2”. Those approaches based on GPT also serve to imitate a more realistic

application of Future-Proof Class-Incremental Learning by predicting various number of

future classes with various accuracy.

5.3.2 Generating future data

Leveraging recent advances in diffusion models and the wide availability of generative text-

to-image models pre-trained on natural images, we propose to use them for generating

the synthetic images dataset of future classes following the procedure initially defined by

Sarıyıldız et al. [2023].

The auxiliary dataset S is generated using a pre-trained diffusion model G conditioned

solely on a textual prompt. As proposed in [Sarıyıldız et al., 2023], the default prompt used

is “c, dc” with “c” the name of the class and “dc” a simple description of the class. Adding

the description of the class into the prompt is intended to ensure that the generated images

belong to the targeted class and not to any homonyms: for example “crane” in the ImageNet

dataset, which may refer to either the bird or the machine used to move heavy objects. The

definition “dc” also tends to restrain the domain of the generated images even though the

domain could also be enforced by adding it to the prompt. To automatically create the

prompts, we rely on WordNet [Miller, 1995] and use the lemmas of the synset as “c” and

the definition of the synset as “dc”. For each class, n synthetic images are generated with
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n equals to the number of images per class in the target dataset. Compared to traditional

pre-training and concurrent method [Bellitto et al., 2022], our proposed method does not

require the costly and fastidious process of collecting, curating, and annotating a dataset

of real images. Examples of synthetic images generated for CIFAR100 are displayed in

Figure 5.2

The guidance scale is an important hyper-parameter of diffusion models relying on

classifier-free guidance [Ho and Salimans, 2021]. To some extent, it can be used to control

the trade-off between the diversity and the quality of the generated synthetic images. For

Stable Diffusion, the default recommended value for the guidance scale is often 7.0 but

following [Jodelet et al., 2023; Sarıyıldız et al., 2023] we use the lower value of 2.0 as a

higher diversity is beneficial for pre-training.

While this generation procedure allows our proposed method to achieves significant im-

provement compared to baselines, there remains an important distribution gap between the

real and synthetic data [Jodelet et al., 2023]. Reducing this distribution gap and its impacts

on the training of the feature extractor would further improve the performance of our pro-

posed method. As possible future research direction, the diffusion model could be finetuned

using the data from the first incremental step, a more sophisticated prompting mechanism

could be implemented, or a selection process could be used to discard the synthetic samples

too far away from the distribution of the target dataset.
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5.4 Experiments

5.4.1 Experimental setup

Datasets

The experiments are conducted on two large scale datasets: CIFAR100 [Krizhevsky et al.,

2009] and ImageNet-Subset. CIFAR100 is a dataset containing 60,000 32×32 RGB images

evenly divided among 100 classes with 500 training images and 100 testing images per

class. ImageNet-Subset is subset of the high-resolution images dataset ImageNet (ILSVRC

2012) [Russakovsky et al., 2015]. This subset contains 100 randomly selected classes with

about 1,300 training images and 50 testing images per class. Following Rebuffi et al. [2017],

the classes are ordered using numpy with the random seed 1993.

Two training procedures are used: Training from Scratch (TFS) and Training From Half

(TFH). For the Training from Scratch procedure, the classes are evenly divided into T (10,

or 20) incremental steps, each incremental step containing the same number of classes. For

the Training From Half procedure, following [Hou et al., 2019], the first step contains half of

the classes and the remaining classes are evenly divided into the following T −1 incremental

steps. Following Zhou et al. [2023b], the two training procedures are referred to using the

common naming system “B-i Inc-j” with i the number of classes in the first step and j the

number of classes each of the following incremental step; i equals to zero is used to refer to

the Learning From Scratch procedure.

Model training

Following common practice for Exemplar-Free Class-Incremental Learning [Petit et al., 2023;

Zhu et al., 2021b, 2022], ResNet-18 is used for both CIFAR100 and ImageNet-Subset. The

feature extractor is trained solely during the first incremental step and is frozen for the rest

of the training procedure. The backbone is trained with SDG using the standard Softmax

Cross-Entropy loss and AutoAugment [Cubuk et al., 2019] for 160 epochs with a batch size

of 128 and a weight decay of 5e−4. The initial learning rate is set to 0.1 and decrease to

zero using a cosine annealing schedule. For the classifier, we use a fully-connected linear

layer trained following FeTrIL [Petit et al., 2023]. The classifier is trained using SGD for

50 epochs at each incremental step, with an initial learning rate of 0.1 and cosine annealing

schedule. In the ablation study, we also report results using a Nearest Class Mean (NCM)

Classifier and FeCAM [Goswami et al., 2023]. If not stated otherwise, the reported results

for the different baselines have been reproduced by our own experiments. Experiments are

conducted using Pytorch [Paszke et al., 2019] and PyCIL [Zhou et al., 2023a].
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Synthetic generation

Two diffusion models are used for generating the synthetic samples during training: Stable

Diffusion [Rombach et al., 2022] and DALL-E2 [Ramesh et al., 2022]. If not specified

otherwise, the default diffusion model is Stable Diffusion v1.4 1 used with a guidance scale

of 2.0 for 50 steps. Following [Sarıyıldız et al., 2023], “c, dc” is used for the prompt. The

same datasets of synthetic images are used for all the experiments. Those datasets have

been generated prior to incremental learning experiments, at size 512×512 using a fixed seed

and contains 500 images per class for CIFAR100 and 1300 images per class for ImageNet-

Subset. For CIFAR100, the synthetic images are resized to 32×32 before being fed to the

model. For DALL-E2, because the model is used through the official API of OpenAI, it is

not possible to control the different hyper-parameters of the model; the default, unknown,

values are used for the guidance scale, the random seed and the number of denoising step. A

slightly different prompt is used for DALL-E2, “a photo of a c, dc”, as the default one would

generate unsatisfactory images for some classes. In order to comply with the moderation

policy of the API, few definitions dc have been changed.

Baselines

As a comparison baseline, a dataset containing real images from classes similar yet different

to the ones in the target dataset is used as auxiliary dataset S during the first incremental

step. The purpose of this baseline is to compare our proposed method with the more stan-

dard pre-training approach. It is similar to the method proposed by Bellitto et al. [2022]

adapted to Exemplar-Free Class-Incremental Learning with a frozen feature extractor. For

CIFAR100, we use CIFAR10 for the auxiliary dataset as both datasets were created using

the same annotation and curation methodology from the TinyImages Dataset [Torralba

et al., 2008]. However, while CIFAR10 contains more samples than the datasets gener-

ated using our proposed method FPCIL, it is important to note that CIFAR10 contains

only 10 classes. For ImageNet-Subset, the auxiliary dataset “ImageNet-Compl.” was cre-

ated by randomly selecting classes from the complement of ImageNet-Subset in ImageNet.

“ImageNet-Compl.” contains the same number of classes as the datasets generated by our

proposed method FPCIL and approximately the same number of samples. This is a strong

baseline as both subsets are sampled from the same dataset and, while they do not contain

the exact same classes, classes in both datasets are from the same categories and some

are highly similar: for example both datasets contain different breeds of dogs or species

of insects. We additionally use “ImageNet-Compl. X2” which contains two times more

classes than ImageNet-Compl. We also report the performance of “FPCIL-Partial (k%)”

which generates a dataset of the same size as FPCIL-Oracle but with only k% of the classes

correctly predicted. For CIFAR100, this auxiliary dataset is built by randomly sampling

k% of the classes from FPCIL-Oracle and the remaining ones from the wrong prediction of

1https://huggingface.co/CompVis/stable-diffusion-v1-4
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GPT-3.5. For ImageNet-Subset, “FPCIL-Partial (0%)” contains synthetic images belong-

ing to the same classes as the ones in ImageNet-Compl. The definition of all the different

auxiliary datasets used are summarized in Table 5.1.

Evaluation

Models are evaluated and compared using both the “Final Accuracy” and the “Average

Incremental Accuracy” [Rebuffi et al., 2017]. The Average Incremental Accuracy is defined

as the average of the Top-1 accuracy of the model on the test dataset of all the classes

learned so far, at the end of each incremental step including the first one.

5.4.2 Results

Average incremental accuracy and final accuracy of our proposed method FPCIL are re-

ported for CIFAR100 and ImageNet-Subset in Table 5.2 and Table 5.3 for both the Learning

From Scratch and Learning From Half procedures.

Our proposed approach FPCIL considerably improves the average incremental accuracy

of the state-of-the-art method FeTrIL [Petit et al., 2023], from 5.39 percentage points (p.p.)

up to 22.12p.p. on CIFAR10 and from 4.24p.p. up to 33.00p.p. on ImageNet-Subset.

This improvement is notably higher for the more difficult Learning From Scratch procedure

which is particularly challenging for FeTrIL due to the limited quantity of data available

during the first incremental step. Compared to using an auxiliary dataset of real images

from classes different from those in the target dataset, our method also achieves significantly

higher accuracy. This highlights the fundamental advantage of our proposed method: while

the standard pre-training procedure improves the generalization capability of the feature

extractor by leveraging additional data belonging to classes different from those in the target

dataset, our proposed method aims to learn a feature extractor specifically designed for the

incoming task by relying on data from future classes instead. Even if those data from future

classes are synthetic, it allows to learn a feature extractor more suitable for the future

tasks resulting in a significantly higher accuracy compared standard pre-training on real

data. Moreover, on ImageNet-Subset, our proposed method FPCIL even outperforms a two

times larger auxiliary dataset of real images, demonstrating that our proposed algorithm

is more data-efficient that standard pre-training. Furthermore synthetic datasets can be

rapidly generated whereas auxiliary datasets of real data require a long and costly collection,

curation, and annotation process. Finally, even in the case where the future classes have not

been accurately predicted, the auxiliary dataset of synthetic images performs on par with

the standard pre-training approach relying on real datasets: for the Learning From Half

procedure, the difference of average incremental accuracy between using ImageNet-Compl

or its synthetic counterpart is at most 0.29p.p.. This makes our proposed method beneficial

in every setting.

On CIFAR100, our more practical approach FPCIL-GPT also reaches a higher accuracy

86



5.4 Experiments

Table 5.2: Performances on CIFAR100 with the Learning from Half and Learning From

Scratch procedures. Synthetic samples generated using Stable Diffusion with a guidance

scale of 2.0 . Using ResNet-18 as the backbone. “AVG” is Average Incremental Accuracy

(Top-1) and “Last” is the final overall accuracy of the model after the last incremental

step. Best result is marked in bold and second best is underlined. Results averaged over 3

random runs.

Methods

CIFAR100 - LFH CIFAR100 - LFS

B50 Inc10 B50 Inc5 B50 Inc2 B0 Inc10 B0 Inc5

AVG Last AVG Last AVG Last AVG Last AVG Last

FeTrIL [Petit et al., 2023] 68.05 58.69 66.81 58.22 65.46 56.94 50.50 33.86 40.80 24.65

FeTrIL w/ Aux. CIFAR10 70.60 60.82 69.34 60.03 68.23 59.26 58.56 41.72 52.42 35.03

FeTrIL w/ FPCIL-Oracle 73.44 65.71 72.81 65.20 72.40 64.76 68.09 55.43 62.92 49.67

FeTrIL w/ FPCIL-Partial (0%) 70.25 61.41 69.27 60.56 68.13 59.67 62.63 47.71 57.46 42.71

FeTrIL w/ FPCIL-GPT - - - - - - 67.18 53.89 62.15 48.67

FeTrIL w/ FPCIL-GPT R1 - - - - - - 66.79 53.02 60.65 46.08

FeTrIL w/ FPCIL-GPT R2 - - - - - - 65.25 51.01 59.89 44.33

Table 5.3: Performances on ImageNet-Subset with the Learning from Half and Learn-

ing From Scratch procedures. Synthetic samples generated using Stable Diffusion with a

guidance scale of 2.0 . Using ResNet-18 as the backbone. “AVG” is Average Incremental

Accuracy (Top-1) and “Last” is the final overall accuracy of the model after the last incre-

mental step. Best result is marked in bold and second best is underlined. Results averaged

over 3 random runs.

Methods

ImageNet-Subset - LFH ImageNet-Subset - LFS

B50 Inc10 B50 Inc5 B50 Inc2 B0 Inc10 B0 Inc5

AVG Last AVG Last AVG Last AVG Last AVG Last

FeTrIL [Petit et al., 2023] 72.97 64.49 72.01 63.54 71.02 62.19 51.64 34.53 39.64 22.42

FeTrIL w/ Aux. ImageNet-Compl. 75.19 67.81 74.08 66.96 73.25 65.71 70.62 59.53 68.14 57.45

FeTrIL w/ Aux. ImageNet-Compl. X2 76.33 69.52 75.30 68.53 74.69 67.89 73.96 64.68 73.01 62.98

FeTrIL w/ FPCIL-Oracle 77.21 71.80 76.81 71.51 76.84 71.17 74.04 65.65 72.64 64.29

FeTrIL w/ FPCIL-Partial (0%) 74.90 67.27 73.93 66.37 73.18 65.25 68.89 57.21 65.94 55.09
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than the baseline method FeTrIL yet slightly lower than the FPCIL-Oracle. On CIFAR100

in the Learning From Scratch procedure with 10 steps of 10 classes (B0 Inc10), the less

restricted FPCIL-GPT predicted a total of 150 classes with 53 that actually are among

the 90 future classes while the most restricted FPCIL-GPT R2 predicted only 53 classes

with 30 among the 90 future classes. All the details regarding future class predictions using

GPT are reported in Table 5.1. While the more restricted version FPCIL-GPT R1 and R2

tend to predict a lower number of classes that are not among the future classes, the less

restricted version predicts a higher number of future classes, achieving higher performances.

There is a trade-off between the precision and recall in the prediction of future classes, while

predicting more classes improve the performance it also increase the computational cost of

the first incremental step due to the cost of generating synthetic images and training the

feature extractor. In the ablation study, we further analyze the impact of the correctness

of the prediction of future classes.

5.4.3 Ablation study

Accurately predicting the future

Table 5.4: Performances on CIFAR100 with the Learning From Scratch procedure de-

pending on the ratio of correctly predicted future classes in the complementary dataset

used during the initial step. Synthetics samples generated using Stable Diffusion with a

guidance scale of 2.0 . Using ResNet-18 as the backbone. “AVG” is Average Incremen-

tal Accuracy (Top-1) and “Last” is the final overall accuracy of the model after the last

incremental step. Best result is marked in bold. Results averaged over 3 random runs.

Methods
CIFAR100 - B0 Inc10

AVG Last

FeTrIL [Petit et al., 2023] 50.50 33.86

FeTrIL w/ FPCIL-Oracle (100%) 68.09 55.43

FeTrIL w/ FPCIL-Partial (66%) 66.06 52.21

FeTrIL w/ FPCIL-Partial (50%) 64.79 50.76

FeTrIL w/ FPCIL-Partial (33%) 64.32 49.90

FeTrIL w/ FPCIL-Partial (0%) 62.63 47.71

In Table 5.4, we compare the performance of our proposed methods combined with

FeTrIL on CIFAR100 B0 Inc10 depending on the ratio of correctly predicted future classes

in the auxiliary dataset used during the initial step. Experimentally, for a fixed dataset

size, the average incremental accuracy increase with the correctness of the prediction of

the future classes. This confirms the importance of predicting the future classes compared

to the standard pre-training procedure which relies on real data of classes different from

those in the target dataset that will be encountered by the continual learner in the future.
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Moreover, even in the case where no future class has been correctly predicted, our proposed

method still improves the performance of the baseline approach as, in most cases, additional

data help to learn a feature extractor with better generalization capability.

Table 5.5: Performances on ImageNet-Subset with the Learning From Scratch procedure

depending on the complementary dataset used during initial step. Synthetic samples gener-

ated using Stable Diffusion with a guidance scale of 2.0 . Using ResNet-18 as the backbone.

“AVG” is Average Incremental Accuracy (Top-1) and “Last” is the final overall accuracy of

the model after the last incremental step. Best result is marked in bold. Results averaged

over 3 random runs.

Methods
ImageNet-Subset - LFS

B0 Inc10 B0 Inc5

AVG Last AVG Last

FeTrIL [Petit et al., 2023] 51.64 34.53 39.64 22.42

FeTrIL w/ FPCIL-Oracle 74.04 65.65 72.64 64.29

FeTrIL w/ Aux. ImageNet-Compl. Animals 68.74 57.87 64.09 54.29

FeTrIL w/ Aux. ImageNet-Compl. 70.62 59.53 68.14 57.45

FeTrIL w/ FPCIL-Partial Animals (0%) 66.08 54.97 61.63 51.11

FeTrIL w/ FPCIL-Partial (0%) 68.89 57.21 65.94 55.09

Additionally, in Table 5.5 we report the accuracy for an alternative version of ImageNet-

Compl and FPCIL-Partial named respectively “ImageNet-Compl. Animals” and “FPCIL-

Partial Animals”. ImageNet-Compl Animals is built by sampling classes from the com-

plement to ImageNet-Subset in ImageNet while restricting the classes to animals; FPCIL-

Partial Animals contains the same classes that ImageNet-Compl Animals but the images

are generated using a diffusion model. These two more specialized datasets achieve notably

lower accuracy than their more general version. This further emphasizes the importance of

predicting the future classes and not limiting the scope of the auxiliary dataset.

Quality and diversity of synthetic samples

In Table 5.6, the performance of FPCIL Oracle is reported on CIFAR100 depending on the

diffusion model used to generate the synthetic images of future classes. By default in our

study, we used Stable Diffusion with a guidance scale of 2.0 [Sarıyıldız et al., 2023] to favor

the diversity to the detriment of the quality. We verified this assumption by comparing

it against Stable Diffusion with a higher guidance scale and DALL-E2 which both tend to

favor more the quality than the diversity. Experiments confirm that when pre-training the

feature extractor on future classes, the diversity is more important than the quality of the

generated samples: Stable Diffusion with a small guidance scale achieves the highest results,

ahead of DALL-E2 and Stable Diffusion with the default guidance scale.

In Table 5.7, the performance of FPCIL Oracle is reported on CIFAR100 for different
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Table 5.6: Performances on CIFAR100 with the Learning from Half and Learning From

Scratch procedures depending on the Diffusion Model used for generating the synthetic data:

Stable Diffusion with a guidance scale of 2.0, Stable Diffusion with a guidance scale of 7.5,

and DALL-E2. Using ResNet-18 as the backbone. “AVG” is Average Incremental Accuracy

(Top-1) and “Last” is the final overall accuracy of the model after the last incremental step.

Best result is marked in bold. Results averaged over 3 random runs.

Methods

CIFAR100

B50 Inc5 B0 Inc10 B0 Inc5

AVG Last AVG Last AVG Last

FeTrIL [Petit et al., 2023] 66.81 58.22 50.50 33.86 40.80 24.65

FeTrIL w/ FPCIL-Oracle SD g = 2.0 72.81 65.20 68.09 55.43 62.92 49.67

FeTrIL w/ FPCIL-Oracle SD g = 7.5 72.22 64.40 66.48 53.36 61.63 48.50

FeTrIL w/ FPCIL-Oracle DALL-E2 71.08 63.02 63.94 50.39 59.76 46.34

Table 5.7: Performances on CIFAR100 with the Learning from Half and Learning From

Scratch procedures for FeTrIL depending on the number of synthetic samples n generated

for each future class. Synthetic samples generated using Stable Diffusion with a guidance

scale of 2.0 . Using ResNet-18 as the backbone. “AVG” is Average Incremental Accuracy

(Top-1) and “Last” is the final overall accuracy of the model after the last incremental step.

Results averaged over 3 random runs.

Methods

CIFAR100

B50 Inc5 B0 Inc10 B0 Inc5

AVG Last AVG Last AVG Last

FeTrIL [Petit et al., 2023] 66.81 58.22 50.50 33.86 40.80 24.65

FeTrIL w/ FPCIL-Oracle n = 50 68.31 59.67 60.45 45.56 55.52 40.89

FeTrIL w/ FPCIL-Oracle n = 250 71.27 63.23 65.53 52.40 61.45 48.38

FeTrIL w/ FPCIL-Oracle n = 500 72.81 65.20 68.09 55.43 62.92 49.67

FeTrIL w/ FPCIL-Oracle n = 1000 73.95 66.77 70.24 58.37 64.89 52.73
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number of synthetic samples n generated for each future classes. While the default value

of n equals 500 was used in the other experiments in order to match the size of the target

dataset, it appears that just 50 samples per class is enough to improve the performance

of the baseline and even outperform the use of eternal dataset of unrelated classes such as

CIFAR10 which is more than 10 times bigger. Moreover, it is possible to further improve the

performance of our proposed method by generating more synthetic data if the constraints

of the system permits it.

In addition to the trade-of between quality and diversity, it is important to emphasize

that a significant gap remains between real images and the synthetic samples generated using

pre-trained diffusion models. As illustrated in Table 5.5, while Aux. ImageNet-Compl. and

FPCIL-Partial (0%) contain the same classes and almost the same number of samples,

there is a difference of about 2 percentage points of accuracy between the feature extractor

trained on those datasets. The exact same observation can be made for Aux. ImageNet-

Compl. Animals and FPCIL-Partial Animals (0%). Similarly, while achieving significantly

higher results than the baseline, FPCIL-Oracle still achieves lower performances on both

CIFAR100 and ImageNet-Subset compared to a upper-bound model which would have been

trained on the complete target dataset at once.

Combining real and synthetic data

Table 5.8: Performances on CIFAR100 with the Learning from Half and Learning From

Scratch procedures for FeTrIL depending on the nature (real or synthetic) of the data used to

train the feature extractor during the first incremental step. Synthetic samples generated

using Stable Diffusion with a guidance scale of 2.0 . Using ResNet-18 as the backbone.

“AVG” is Average Incremental Accuracy (Top-1) and “Last” is the final overall accuracy of

the model after the last incremental step. Best result is marked in bold. Results averaged

over 3 random runs.

Methods

CIFAR100

Initial

classes

Future

classes

B50 Inc5 B0 Inc10 B0 Inc5

AVG Last AVG Last AVG Last

FeTrIL [Petit et al., 2023] real - 66.81 58.22 50.50 33.86 40.80 24.65

FeTrIL w/ FPCIL-Oracle var1 - synth. 47.00 44.10 64.05 53.30 64.07 52.44

FeTrIL w/ FPCIL-Oracle var2 synth. synth. 58.04 53.52 65.56 54.42 65.24 53.51

FeTrIL w/ FPCIL-Oracle real synth. 72.81 65.20 68.09 55.43 62.92 49.67

During the first incremental step, our proposed method FPCIL combines the real sam-

ples of the initial classes with synthetic samples of possible future classes to train the feature

extractor. In Table 5.8, different variations of our proposed method are compared on CI-

FAR100 to estimate the contribution of each component. “FPCIL var1” does not use the

real samples from the first classes and trains the feature extractor solely using synthetic sam-
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Table 5.9: Performances on CIFAR100 (a) B50 Inc5 and (b) B0 Inc10 depending on the

backbone used. Synthetic samples generated using Stable Diffusion with a guidance scale

of 2.0 . “AVG” is Average Incremental Accuracy (Top-1) and “Last” is the final overall

accuracy of the model after the last incremental step. Best result is marked in bold. Results

averaged over 3 random runs.

(a) CIFAR100 - B50 Inc5

Methods
CIFAR100 - B50 Inc5

ResNet-32 ResNet-18

AVG Last AVG Last

FeTrIL [Petit et al., 2023] 64.27 55.19 66.81 58.22

FeTrIL w/ Aux. CIFAR10 64.48 55.85 69.34 60.03

FeTrIL w/ FPCIL-Oracle 66.24 58.88 72.81 65.20

FeTrIL w/ FPCIL-Partial (0%) 63.80 55.67 69.27 60.56

(b) CIFAR100 - B0 Inc10

Methods
CIFAR100 - B0 Inc10

ResNet-32 ResNet-18

AVG Last AVG Last

FeTrIL [Petit et al., 2023] 46.32 29.80 50.50 33.86

FeTrIL w/ Aux. CIFAR10 56.70 39.42 58.56 41.72

FeTrIL w/ FPCIL-Oracle 62.73 48.96 68.09 55.43

FeTrIL w/ FPCIL-Partial (0%) 59.68 45.30 62.63 47.71

ples of future classes. “FPCIL var2” also generates synthetic samples of the initial classes

and train the feature extractor using synthetic samples of both initial and future classes. In

both cases, the classifier is then retrained at the end of the first incremental step using the

real samples of the initial classes. Our proposed approach achieves the best performance

overall, confirming the importance of using the available real data and not relying only on

synthetic data. Interestingly, when the number of real data in the first incremental step

is extremely small, replacing them by synthetic samples improves the overall performance

while decreasing the final accuracy on the first classes. This may be due to bias induced

in the learned representation by the distribution gap between real and synthetic samples

being exacerbated in the most extreme settings.

Architecture of feature extractor

Table 5.9 compares the performance of our method for two different feature extractors:

the 11.2 million parameters ResNet-18 and the 0.46 million parameters ResNet-32. Due

to the addition of the auxiliary dataset to the often limited dataset of the initial step, our

method takes advantage of a larger feature extractor and results in a large improvement

with the baseline compared to backbones with less parameters. Nonetheless, FPCIL remains
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competitive with smaller deep neural networks.

Pre-trained model and finetuning

Table 5.10: Performances on CIFAR100 with the Learning from Half and Learning From

Scratch procedures for FeTrIL using a ResNet-18 feature extractor pre-trained on ImageNet.

Synthetic samples generated using Stable Diffusion with a guidance scale of 2.0 . Using

ResNet-18 as the backbone. Input data are upscaled before being fed to the model in order

to match the pre-training configuration. “AVG” is Average Incremental Accuracy (Top-1)

and “Last” is the final overall accuracy of the model after the last incremental step. Best

result is marked in bold. Results averaged over 3 random runs.

Methods

CIFAR100

B50 Inc5 B0 Inc10 B0 Inc5

AVG Last AVG Last AVG Last

FeTrIL [Petit et al., 2023] 66.73 57.98 51.05 34.43 42.71 26.19

FeTrIL w/ Pre-training 64.16 59.85 71.05 60.97 70.70 59.81

FeTrIL w/ Pre-training + Finetune 76.68 70.55 66.50 54.73 63.05 51.77

FeTrIL w/ FPCIL-Oracle 73.59 65.83 68.10 55.20 63.38 50.54

FeTrIL w/ Pre-training + FPCIL-Oracle 79.06 73.87 76.60 67.14 74.83 64.30

In addition to the main experiments in which the feature extractor is trained from

scratch, we also conducted experiments with a pre-trained feature extractor. Using a feature

extractor pre-trained on a large external dataset is an effective approach when the low

number of classes in the initial incremental step is not enough to train the feature extractor

from scratch.

Compared to experiments where the feature extractor is trained from scratch, when us-

ing a pre-trained model the initial learning rate for the feature extractor is set to 0.001 and

the number of epochs is reduced to 80, other hyper-parameters are kept unchanged. In Ta-

ble 5.10, the performances of FeTrIL on CIFAR100 using both a ResNet-18 feature extractor

trained from scratch during the first incremental step and a ResNet-18 pre-trained on Im-

ageNet. While it appears that slightly finetuning the feature extractor using the data from

the initial incremental step is detrimental if the number of classes in too small, it may also

further improve the performance when enough classes are available in the first incremental

step, especially if there is a large domain gap between the target dataset and the pre-training

dataset. In comparison, FPCIL can be combined with pre-training independently of the

number of classes in the first incremental step, increasing the average incremental accuracy

by 2.38p.p. up to 5.55p.p..This highlights the versatility of our proposed method FPCIL

which can be used either for training the feature extractor from scratch or for finetuning a

feature extractor pre-trained on a large dataset, significantly improving the performance of

the baseline in both cases.
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Comparison with additional baselines

Table 5.11: Performances on CIFAR100 with the Learning from Half and Learning From

Scratch procedures for FeTrIL, FeCAM, and Nearest Class Mean (NCM) Classifier. Syn-

thetic samples generated using Stable Diffusion with a guidance scale of 2.0 . Using ResNet-

18 as the backbone. “AVG” is Average Incremental Accuracy (Top-1) and “Last” is the

final overall accuracy of the model after the last incremental step. Best result is marked in

bold. Results averaged over 3 random runs.

Methods

CIFAR100

B50 Inc5 B0 Inc10 B0 Inc5

AVG Last AVG Last AVG Last

NCM 65.24 55.23 40.48 23.37 30.41 15.00

NCM w/ FPCIL-Oracle 71.61 63.21 60.98 46.39 55.69 41.10

Improvement in p.p. +6.37 +7.98 +20.50 +23.02 +25.28 +26.10

FeTrIL [Petit et al., 2023] 66.81 58.22 50.50 33.86 40.80 24.65

FeTrIL w/ FPCIL-Oracle 72.81 65.20 68.09 55.43 62.92 49.67

Improvement in p.p. +6.00 +6.98 +17.59 +21.57 +22.12 +25.02

FeCAM [Goswami et al., 2023] 70.79 63.04 52.85 38.47 43.30 28.88

FeCAM w/ FPCIL-Oracle 76.77 70.49 71.14 59.95 68.31 56.05

Improvement in p.p. +5.98 +7.45 +18.29 +21.48 +25.01 +27.17

Additionally to FeTrIL [Petit et al., 2023], we report in Table 5.11 the performance of

our method combined with a Nearest Class Mean (NCM) Classifier and FeCAM [Goswami

et al., 2023]. NCM is a simple yet effective method [Janson et al., 2022; Ostapenko et al.,

2022] for Class-Incremental Learning with a fixed feature extractor that does not require

memory. FeCAM is a recently proposed approach for Exemplar-Free Class-Incremental

Learning achieving new state-of-the-art performances. Similarly to FeTrIL, the performance

of both NCM and FeCAM is highly dependent on the quality of the features produced by

the backbone. It struggles with the Learning From Scratch procedure where the number

of classes and data samples used to train the feature extractor is limited. Our method

improves the performance of the NCM classifier and FeCAM in every considered setting

and achieves the most significant improvements with the Learning From Scratch procedure

on CIFAR100 B0 Inc5, reaching a final accuracy up to two times higher than the baseline

approach.

Furthermore, in Table 5.12 we compare our approach with the concurrently released

method DiffClass [Meng et al., 2024] which leverages the Stable Diffusion model for gener-

ating samples from past classes. While our method takes advantage of a larger backbone

and can achieve higher performances as detailed in the ablation study, the comparison

on CIFAR100 is done using ResNet-32 for the backbone as the results for DiffClass us-

ing ResNet-18 are not available. Experimentally, DiffClass achieves higher performance on
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Table 5.12: Performances on CIFAR100 and ImageNet-Subset with the Learning From

Scratch procedures. Synthetic samples generated using Stable Diffusion with a guidance

scale of 2.0 . Using ResNet-32 as the backbone for CIFAR100 and ResNet-18 for ImageNet-

Subset. Results marked with † are reported from [Meng et al., 2024]. “AVG” is Average

Incremental Accuracy (Top-1) and “Last” is the final overall accuracy of the model after

the last incremental step. Best result is marked in bold. Results averaged over 3 random

runs.

Methods

CIFAR100 ImageNet-Subset

B0 Inc10 B0 Inc5 B0 Inc10 B0 Inc5

AVG Last AVG Last AVG Last AVG Last

DiffClass† [Meng et al., 2024] 68.05 58.40 67.10 57.11 73.87 67.02 72.51 68.68

FeTrIL [Petit et al., 2023] 46.32 29.80 37.75 21.26 51.64 34.53 39.64 22.42

FeTrIL w/ FPCIL-Oracle 62.73 48.96 59.89 46.62 74.04 65.65 72.64 64.29

FeCAM [Goswami et al., 2023] 44.12 27.83 35.57 20.04 55.37 40.03 43.48 29.11

FeCAM w/ FPCIL-Oracle 64.47 52.01 63.25 50.00 77.78 69.85 77.41 69.17

CIFAR100 but is outperformed by our approach on ImageNet-Subset. It should be noted

that Meng et al. [2024] proposed several new components to mitigate the distribution gap

between real and synthetic samples [Jodelet et al., 2023]. Some of those contributions, such

as a multi-distribution matching technique to finetune the diffusion model and a selective

synthetic image augmentation technique, could be adapted and combined with our proposed

approach FPCIL to further improve its performance. Finally, our proposed method FPCIL

conducts the computationally expensive task of generating synthetic samples using diffusion

model only during the first incremental step, before freezing the feature extractor and only

updating the classifier afterward. This allows us to potentially conduct the first incremental

step on specialised hardware in a data center before deploying the model on devices with

limited hardware where each following incremental step could be conducted in a matter of

minutes on a CPU using approaches such as FeTrIL or FeCAM. In comparison, DiffClass

finetunes the diffusion model, generates synthetic samples of past classes, and finetunes the

whole feature extractor at each incremental step, resulting in much larger computational

cost and requiring specialised hardware during whole training procedure. This makes our

approach preferable if applicable.

5.5 Conclusion

In this work, we introduced a new method for Exemplar-Free Class-Incremental Learning

which leverages large pre-trained diffusion model to generate images from future classes.

Experimental results highlight how our method can significantly improve the accuracy of

state-of-the-art approaches while only modifying the initial step. We found that our method
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Chapter 5 - Future-Proofing Class-Incremental Learning

requires less additional data than traditional methods relying on real curated datasets.

While we focused our present study to feature extractors trained from scratch during the

first incremental step, in future work, we will further investigate how synthetic images of

future classes can be used to adapt a general pre-trained foundation model. Moreover, we

will also explore how synthetic data of future classes can be leveraged during the whole

training procedure, not only during the first incremental step.
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Discussion

6.1 Relations

(a)
Class-Incremental Learning

without memory

(b)
Class-Incremental Learning

with memory

(c)
Class-Incremental Learning
with memory using MADM

(d)
Class-Incremental Learning

without memory using FPCIL

Step 1

Step 2

Step 3

Incremental
step

Figure 6.1: Comparison of the different proposed methods from a training data perspec-

tive. Circles represent training data, colors represent classes, and plain circles are real data

while hatched circles are synthetic data.

The different methods proposed in this thesis are summarized and compared from the

perspective of the training data in Figure 6.1:

(a) In the Exemplar-Free Class-Incremental Learning setting, the model is trained solely

on the data from the current incremental step Dt as rehearsal memory can not be

used. At each incremental step t, the training dataset only contains real samples of

the new classes Yt. In Chapter 3, we proposed the Relaxed Balanced Softmax Cross

Entropy for this challenging setting by extending our previously proposed Balanced

Softmax Cross Entropy for Exemplar-Based Class-Incremental Learning.
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(b) In the Exemplar-Based Class Incremental Learning setting, the model is trained on

the union of data from the current incremental step Dt and the rehearsal memoryM
containing few samples from the previous incremental steps. At each incremental step

t, the training dataset contains many real samples of the new classes Yt and only a

few from the old classes
⋃t−1

i=1 Yi. In Chapter 3, we introduced the Balanced Softmax

Cross Entropy to correct the bias toward the new classes induced by the limited size

of the rehearsal memory.

(c) In Chapter 4, we proposed to augment the rehearsal memory for Exemplar-Based

Class-Incremental Learning using synthetic samples of previously encountered classes

generated using pre-trained text-to-image diffusion model. At each incremental step

t, the training dataset contains many real samples of the new classes Yt in addition

to few real samples and many synthetic samples of the old classes
⋃t−1

i=1 Yi.

(d) In Chapter 5, we proposed to prepare the feature extractor better for Exemplar-

Free Class-Incremental Learning by using synthetic images of possible future classes

generated by a pre-trained text-to-image diffusion model solely during the first incre-

mental step. This allows the feature extractor to produce a representation adapted

to discriminate not only the current classes but also the future ones. During the first

incremental step only, the training dataset contains many real samples of the new

classes Y1 as well as many synthetic samples of possible future classes
⋃t

i=2 Yi. In the

following incremental step t > 1, the training dataset only contains real samples of

the new classes Yt, similarly to (a).

In this thesis, we proposed approaches that can be seamlessly combined with state-of-

the-art methods for Class-Incremental Learning in order to address the imbalance between

new and old classes in different ways. In the next section, we discuss the extent to which

our different approaches can be combined together.

6.1.1 Balanced Softmax and MADM

The Balanced Softmax Cross Entropy for Incremental Learning introduced in Chapter 3

and the MADM introduced in Chapter 4 consist in two distinct and orthogonal approaches

for mitigating the impact of the limited size of the rehearsal memory.

In Chapter 3, we took inspiration from general imbalance learning and proposed to

modify the classification loss using the Balanced Softmax to correct the bias inherent to

Class-Incremental Learning during the training procedure. In Chapter 4, similarly to recent

works relying on additional data, we propose to augment the rehearsal memory by gener-

ating synthetic samples of past classes using a pre-trained text-to-image diffusion model.

While not considered in our experiments, these two methods could be combined together

but would require some modifications as both methods are related to the composition of

the training dataset at each incremental step.
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The Balanced Softmax Cross Entropy mitigates the bias toward the new classes by

modifying the classification loss using λ parameters equal to the frequency of each class

in the training dataset. Combining the Balanced Softmax Cross Entropy with Memory

Augmented using Diffusion Model (MADM) raises the question on how to determine the λ

parameters. In order to avoid this issue, the straightforward approach consists in restraining

the use of the synthetic data of past classes by only using them in distillation loss and not in

the classification loss. Although it should result in an improvement of the performances of

the model, it would however partially defeat the purpose of MADM which has the advantage

of generating labeled synthetic data of past classes that can be used in both the classification

and distillation loss. In the case where the synthetic samples of past classes generated by

the diffusion model are also used in the classification loss, the λ parameters would have

to be appropriately adapted. Only taking into account the number of real samples in the

training dataset or considering both the the number of real and synthetic samples in the

training dataset for the calculation of the λ parameters may lead to a severe reduction of

either the plasticity or the stability. Moreover, as discussed in Section 4.3.3, the use of

synthetic samples in the classification loss tends to decrease the performances of the model

if the distribution gap between real and synthetic data is not addressed. The Balanced

Softmax Cross Entropy may further aggravate this gap by increasing the contribution of the

synthetic samples to the loss. This would result in the necessity of using a complementary

method for mitigating the effect of this gap, such as the Balanced Finetuning [Castro et al.,

2018], which would defeat the purpose of using the Balanced Softmax. Therefore, a more

promising solution to combine the two approaches would be to modify the expression of the

Balanced Softmax Cross Entropy to handle the real and synthetic samples differently by

using different λ parameters depending on the nature of the data. We leave those research

directions for future works.

6.1.2 Future-Proofing and Finetuning

In Chapter 5 we propose to synthesize images of possible future classes during the first

incremental step in order to better prepare the feature extractor for the future steps. In

the experiments, we combined our method with the recent state-of-the-art approach FeTrIL

Petit et al. [2023]. As detailed in Chapter 5, FeTrIL relies on a fixed feature extractor making

it highly dependent on the quality of the representation learned during the first incremental

step, resulting in poor performance when the first incremental step contains only few classes.

By combining it with our proposed Future-Proofing approach, the feature extractor has the

opportunity to learn a feature representation that discriminates classes more effectively from

the future steps by being trained on synthetic samples approximating those future classes.

This results in a feature extractor with better generalization capacity and significantly

improves the performances of the model. In contrast, not freezing the feature extractor

after the first incremental step and continuously finetuning it, would eventually lead the
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backbone to learn to extract these discriminative features when encountering the classes in

the following incremental steps. This would result in a lower improvement compared to the

setting considered in our experiments.

Our future-proofing method could be directly combined with our proposed methods for

both Exemplar-Based Class Incremental Learning (Chapters 3 and 4) and Exemplar-Free

Class Incremental Learning with a continuously finetuned feature extractor (Chapter 3).

Using synthetic samples of future classes during the first incremental step would improve

the feature representation of the backbone and result in an improvement of the performances

of the model. However, in those settings where the feature extractor is finetuned at each

incremental step, having access to synthetic samples of future classes could be useful in the

first incremental step, as discussed in Chapter 5, but also in the following ones. In addition

to contributing to the training of a better feature extractor, synthetic samples of future

classes could also be used for regularization, for example through a distillation loss after the

first incremental steps. This would offer various possibilities to better protect and adapt

the knowledge through the whole training procedure for both Incremental Learning with

and without memory. Moreover, when combined with MADM, synthetic samples of future

classes could be used to better prepare the feature extractor and help mitigate the effect of

the distribution gap between real and synthetic samples. We leave those research directions

for future works.

6.2 Limitations

The limitations of the current study can be summarized as follows:

6.2.1 Limitations of Chapter 3

Through the numerous experiments of Chapter 3, we highlighted that it was possible to

adjust the trade-off between stability and plasticity by tuning the λ parameters in the

Balanced Softmax Cross Entropy instead of using the frequency of the classes in the training

dataset. However, as discussed in Section 3.5, we were not able to propose a method to

determine the optimal λ parameters, that would achieve the highest possible performances

for either Exemplar-Based Class-Incremental Learning or Exemplar-Free Class-Incremental

Learning.

For Exemplar-Based Class-Incremental Learning, we introduced a multiplicative factor

α for the λ parameters of the old classes and proposed a meta-learning method to learn it

jointly with the model. The improvements resulting from this proposed method compared to

using the default Balanced Softmax Cross Entropy (α equals 1) are limited to some settings.

Moreover, the meta-learning approach tends to favor stability over plasticity and induces

an important increase of the computational cost of the training procedure as discussed in

Section 3.3.3. For Exemplar-Free Class-Incremental Learning, our proposed method is to
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fix the λ parameters of the old classes to ϵ a small percentage of the number of images

per new class instead of zero. While the experiments demonstrated the effectiveness of our

proposed method, they also highlighted that this was not the optimal solution and that the

performance could be further improved. Moreover, we limited the expression of λ to the

constant function for the sake of simplicity.

However, we think that a more general approach could be designed to address both

Exemplar-Based and Exemplar-Free Class-Incremental Learning together instead of sep-

arately. For instance, it can be reasonably assumed that better performances could be

achieved by introducing a more complex function for the λ parameters that would rely

not only on the frequency of the classes but also on other variables such as the number

of past incremental steps, or the number of classes per incremental step. Instead of using

the limited and cumbersome meta-learning approach, this function could be determined

by simulating pseudo-incremental steps during the first step, or by estimating it on other

datasets similarly to Feillet et al. [2023]. We leave those research directions for future works.

6.2.2 Limitations of Chapters 4 and 5

In Chapter 4 and Chapter 5, we proposed two methods that rely on a pre-trained text-to-

image diffusion model for generating synthetic images of past or future classes. Although

our proposed methods achieved a significant improvement of the performances compared

to the baselines, they are intrinsically limited by the capacity of the pre-trained generative

model to produce samples from a similar distribution to the target dataset that we aim to

learn.

In our experiments, we only considered the three datasets most commonly used in

the Class-Incremental Learning literature: CIFAR100 [Krizhevsky et al., 2009], ImageNet-

Subset, and ImageNet [Russakovsky et al., 2015]. Those three datasets only contain natural

images which allows our proposed method MADM to achieve high performance by making

the most of DALL-E2 [Ramesh et al., 2022] and Stable Diffusion [Rombach et al., 2022].

As both diffusion models have been trained using large scale datasets of natural images

and text pairs, they exhibit powerful capabilities for generating natural images, which is

favorable for our application. This naturally questions the applicability of our proposed

methods datasets to other domains, such as satellite images or the data-scarce domain of

medical images.

While the direct application of our proposed methods is limited to domains for which

there exists a suitable generative model, we propose different improvements that may be

considered in the case such model is not available. A first research direction would be

to explore more sophisticated prompting mechanisms, not only by engineering the textual

prompts more meticulously, but also by taking advantage of the target dataset itself by

using the image variation capacity of models such as DALL-E2 for example. A second

research direction would be to adapt widely available generative models to the target dataset
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notably by using finetuning as we suggested in Section 4.5. For instance, while both Stable

Diffusion and DALL-E2 may struggle to generate medical images due to the significant

domain shifts between natural and medical images, Zhang et al. [2024] recently showed

that by finetuning these two diffusion models on the target medical dataset, it was possible

to generate better medical images which are more domain-similar to the considered target

dataset. Moreover, instead of using a frozen pre-trained generative model, it could also be

possible to continually train the text-to-image diffusion model at each incremental step on

the new data similarly to pseudo-rehearsal-based methods. This would however be beyond

the scope of our research and continual learning of generative text-to-image diffusion model

remains a challenging problem as they are prone to catastrophic forgetting [Gao and Liu,

2023; Smith et al., 2023a; Masip et al., 2023].

However, it should be noted that concurrent approaches relying on real additional data

may be subject to stronger limitations than our proposed approaches. While our method

can take advantage of the generalization capacity of those large pre-trained text-to-image

generative models and can be improved following the suggestion in the previous paragraph,

concurrent approaches relying on real additional data are by definition limited to the data

they can access, usually by querying the web.
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Conclusion

7.1 Key Contributions

In this thesis, we aim to develop deep neural networks models able to incrementally learn

new classes without forgetting previously encountered ones. To do so, we focused on the

importance of balancing old and new classes while training the model. We proposed differ-

ent approaches that can be combined seamlessly with state-of-the-art approaches for both

Exemplar-Based and Exemplar-Free Class-Incremental Learning, in order to improve their

performances.

In Chapter 3 we first proposed to use the Balanced Softmax Cross Entropy for Class-

Incremental Learning with a rehearsal memory in order to balance the contribution of old

and new classes in the classification loss. We further extended this approach to the more

challenging setting of Exemplar-Free Class Incremental Learning by proposing the Relaxed

Balanced Softmax Cross Entropy. In Chapter 4, we proposed to use a pre-trained text-to-

image diffusion model in order to generate synthetic samples of past classes that can be used

jointly with the real dataset during training for Exemplar-Based Class-Incremental Learn-

ing. Finally in Chapter 5, we showed that it was possible to pre-train the feature extractor

for Exemplar-Free Class-Incremental Learning better by generating synthetic samples of

future classes, achieving higher performances than traditional pre-training on real samples

from unrelated classes.

7.2 Future Research

In this section, we present some future directions for our work in addition to the ones

previously discussed in Chapter 6.
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7.2.1 Architecture for Incremental Learning

Most approaches for Class-Incremental Learning on large scale datasets rely on architec-

tures for their deep neural network that were designed for the standard, non-incremental,

paradigm consisting in training the model on the complete dataset in a single phase. As

discussed in Section 2.3.4, the recent breakthrough of the methods relying on dynamically

expanding neural networks may emphasize the importance of designing architectures (the

components forming the model as well as the architectural organization of those compo-

nents) and expansion mechanisms specifically for Incremental Learning.

7.2.2 Incremental Learning for Foundation Models

In this thesis, following the current Incremental Learning literature, we restricted our study

of Class-Incremental Learning to the setting where only the memory (the number of exem-

plars that can be stored during each incremental step) is restricted while the computational

cost of the training procedure is not. This constraint on the memory has always been

justified by privacy concerns or by the limited amount of memory available on embedded

devices. However, as discussed by recent works [Prabhu et al., 2023; Verwimp et al., 2024],

these limitations may often appear as unrealistic for real-world applications, where the com-

putational cost and the time required by the training procedure are the limiting factors.

One possible application of this computationally budgeted Incremental learning is tied to

the growing interest in foundation models [Bommasani et al., 2021] for various fields of

machine Learning. Those gigantic models are trained in large data-centers where the cost

of storing the training data can be considered negligible compared to the millions of GPU

hours required for the training of the model itself. However, as they will inevitably become

outdated as previously learned concepts evolve and new ones emerge, it is primordial to

develop new methods to continuously update those foundation models in a faster and more

economical way than by retraining them from scratch regularly.

7.2.3 Adapting models for Incremental Learning

In this thesis, similarly to most of the approaches for Class-Incremental Learning, we con-

sidered that the incremental learning model is randomly initialized at the beginning of the

initial incremental step. While more challenging, this setting may also appear unrealistic

for most real-world applications, especially considering the rapid democratization of foun-

dation models. Incremental Learning with pre-trained models [Zhou et al., 2024] presents

new challenges: incremental models have to take advantage from their significant general-

ization capacity from the first incremental step and adapt their feature representation to

the actual future tasks.
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Appendix for MADM (Chapter 4)

A.1 Additional results

A.1.1 Final Accuracy for Learning From Half

Table A.1: Final overall accuracy (Top-1) of the model after the last incremental step

on CIFAR100, ImageNet-Subset, and ImageNet with the Learning From Half procedure: a

base step containing half of the classes followed by 5, 10, and 25 incremental steps, using a

growing memory of 20 exemplars per class. Using ResNet-32 for CIFAR100 and ResNet-18

for ImageNet-Subset and ImageNet. Using 500 synthetic samples per class for CIFAR100

and 1300 per class for ImageNet-Subset and ImageNet. Synthetic samples generated using

Stable Diffusion with a guidance scale of 2.0 . Results marked with “*” correspond to our

own experiments. Results on CIFAR100 and ImageNet-Subset are averaged over 3 random

runs. Results on ImageNet are reported as a single run. Best result is marked in bold and

second best is underlined.

Methods
CIFAR100 ImageNet-Subset ImageNet

B50 Inc10 B50 Inc5 B50 Inc2 B50 Inc10 B50 Inc5 B50 Inc2 B500 Inc100 B500 Inc50

iCaRL* [Rebuffi et al., 2017] 47.45 43.50 39.51 54.48 49.37 42.69 45.02 40.57

iCaRL w/ MADM (ours) 52.91 51.68 49.62 59.47 57.17 54.62 49.85 47.33

LUCIR* [Hou et al., 2019] 53.91 51.42 47.79 60.87 58.28 50.85 59.48 56.01

LUCIR w/ MADM (ours) 57.00 54.60 51.81 65.04 62.93 60.49 60.82 59.44

DER* [Yan et al., 2021] 61.95 59.30 58.83 66.17 64.67 60.06 63.54 61.77

DER w/ MADM (ours) 63.52 61.79 61.37 68.42 67.49 63.95 63.66 62.65

MEMO* [Zhou et al., 2023c] 59.97 58.52 56.58 68.73 66.11 62.87 60.88 60.51

MEMO NME* 61.34 60.20 58.21 62.21 61.78 61.56 60.01 58.14

MEMO NME w/ MADM (ours) 62.34 61.04 61.01 68.09 67.15 66.14 61.11 59.91

FOSTER* [Wang et al., 2022a] 63.97 60.52 56.44 70.39 68.16 61.96 52.05 49.38

FOSTER w/ MADM (ours) 64.78 63.47 58.91 72.49 71.07 67.81 53.79 51.31
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As a complement to Table 4.1, we report in Table A.1 the final overall accuracy (Top-1)

of the model after the last incremental step on CIFAR100, ImageNet-Subset, and ImageNet

with the Learning From Half procedure.

This confirms that for all the considered baselines, using our proposed approach MADM

leads to a significant improvement of the performances in the Training From Half procedure.

It increase the final accuracy of the model by up to 3.89p.p. for DER, up to 4.43p.p. for

MEMO, up to 5.85p.p. for FOSTER, up to 9.64p.p. for LUCIR and up to 11.93p.p. for

iCaRL, depending on the dataset and the number of incremental steps. The improvement

of the final accuracy of the model is more significant for the most difficult settings, with a

numerous incremental steps.

A.1.2 Dual branch FOSTER

Table A.2: Average incremental accuracy (Top-1) on CIFAR100, and ImageNet-Subset

with the Learning From Half procedure, using a growing memory of 20 exemplars per class.

Results for DER are reported from Yan et al. [2021]. Using 500 synthetic samples per class

for CIFAR100 and 1300 per class for ImageNet-Subset. Synthetic samples generated using

Stable Diffusion with a guidance scale of 2.0 . Results marked with “*” correspond to our

own experiments. Results on CIFAR100 and ImageNet-Subset are averaged over 3 random

runs. Best result is marked in bold and second best is underlined.

Methods
CIFAR100 ImageNet-Subset

B50 Inc10 B50 Inc5 B50 Inc2 B50 Inc10 B50 Inc5 B50 Inc2

DER [Yan et al., 2021] 68.52 67.09 - - 78.20 -

FOSTER* [Wang et al., 2022a] 71.17 68.89 65.07 76.09 75.05 70.96

FOSTER w/ MADM (ours) 72.18 70.88 68.06 77.13 76.77 75.50

FOSTER-B4* [Wang et al., 2022a] 72.08 69.32 65.41 77.48 76.11 71.40

FOSTER-B4 w/ MADM (ours) 73.28 71.43 68.36 78.48 77.71 75.97

In our main experiments, to fairly compare our proposed method with other methods,

we only evaluated the accuracy of FOSTER after performing the feature compression. To

better compare with dynamic-networks-based methods such as DER Yan et al. [2021] whose

number of parameters is growing at each incremental steps, we report in Table A.2 the

accuracy of the dual branch FOSTER model before the compression, denoted FOSTER-

B4.

Experiments show that, if the memory and computational budget of the system allow

it, using the dual branch FOSTER for inference with our method further improve the

accuracy. On CIFAR100, FOSTER combined with MADM achieves higher performances

than DER for both single and dual branch evaluation. Furthermore, on ImageNet-Subset

with 10 incremental steps, FOSTER-B4 combined with MADM achieves a Top-1 Average

106



A.1 Additional results

incremental accuracy 0.49p.p. lower and a Top-5 Average incremental accuracy 0.50p.p.

higher than DER while requiring about five times less parameters.

A.1.3 Additional results for CIFAR-100 B50 Inc10

Table A.3: Performances on CIFAR100 with the Learning From Half procedure: a base

step containing half of the classes followed by 5 incremental steps depending on the number

of exemplars saved in the growing memory for each class. Using 500 synthetic samples per

class. Synthetic samples generated using Stable Diffusion with a guidance scale of 2.0 .

Results marked with “*” correspond to our own experiments and results marked with “†”
are reported from [Liu et al., 2024]. “Average” is Average Incremental Accuracy (Top-1)

and “Last” is the final overall accuracy of the model after the last incremental step. Results

averaged over 3 random runs.

Methods

CIFAR100 - B50 Inc10

5 exemplars/class 10 exemplars/class 20 exemplars/class 50 exemplars/class

Average Last Average Last Average Last Average Last

iCaRL* [Rebuffi et al., 2017] 43.40 31.90 52.30 40.11 57.68 47.45 62.09 54.23

w/ PlaceboCIL† [Liu et al., 2024] 51.55 39.35 59.11 46.42 61.24 51.47 - -

w/ MADM (ours) 55.36 43.13 58.53 48.33 62.01 52.91 65.53 58.46

LUCIR* [Hou et al., 2019] 53.14 41.52 60.77 49.65 63.37 53.91 65.63 57.58

w/ PlaceboCIL† [Liu et al., 2024] 62.74 53.25 64.79 55.44 65.28 56.23 - -

w/ MADM (ours) 62.90 50.94 64.47 54.53 65.77 57.00 67.21 59.73

FOSTER* [Wang et al., 2022a] 56.94 43.74 63.09 54.34 71.17 63.97 70.00 64.10

w/ PlaceboCIL† [Liu et al., 2024] 62.78 50.72 65.12 54.81 71.97 64.43 - -

w/ MADM (ours) 57.76 44.32 63.26 54.32 72.18 64.78 71.66 66.04

Following Liu et al. [2024], we report in Table A.3 additional results for the different

baseline methods on CIFAR100 with a base step containing half of the classes followed by

5 incremental steps depending on the number of exemplars saved in memory for each class.

When FOSTER Wang et al. [2022a] is used with a really small replay memory, we

observed that the improvement resulting from using our proposed method MADM is limited.

We suppose that this is due to the logits alignment loss used by the authors that too

strongly limits the plasticity of the model and restricts our proposed method. By tuning

the hyperparameters of the logits aligment loss, it should be possible to further improve the

performance of FOSTER when combined with our proposed method.

A.1.4 Comparison with PlaceboCIL on ImageNet

In addition to the results on CIFAR100 and ImageNet-Subset var. reported in Table 4.3, we

also report in Table A.4 the results for ImageNet with the Learning From Half procedure.

However, as the difference in the reproduced accuracy on ImageNet is more than 5 percent-

age points, it may be difficult to make a direct comparison between the two methods on this
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dataset. It should be noted that while being significantly lower than the ones reproduced by

Liu et al. [2024], our reproduced accuracies on ImageNet for FOSTER [Wang et al., 2022a]

is similar to the results reproduced by Zhou et al. [2023b] in their recent review.

Table A.4: Average incremental accuracy (Top-1) on ImageNet with the Learning From

Half procedure: a base step containing half of the classes followed by 5, and 10 incremental

steps, using a growing memory of 20 exemplars per class. Using 1300 synthetic samples

per class. Synthetic samples generated using Stable Diffusion with a guidance scale of 2.0 .

Results marked with “*” correspond to our own experiments and results marked with “†”
are reported from [Liu et al., 2024].

Methods
ImageNet

B500 Inc100 B500 Inc50

FOSTER† [Wang et al., 2022a] 69.32 66.07

FOSTER w/ PlaceboCIL† [Liu et al., 2024] 71.02 68.82

Improvement in p.p. +1.70 +2.75

FOSTER* [Wang et al., 2022a] 62.18 60.83

FOSTER w/ MADM (ours) 63.19 62.09

Improvement in p.p. +1.01 +1.26
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