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Abstract

Artificial Intelligence (AI) is having an enormous impact across diverse application
fields, from autonomous driving to drug discovery. This progress is predominantly
driven by deep learning, a technology whose performance scales with data avail-
ability. As the demand for large datasets grows, researchers have developed transfer
learning as an alternative strategy to leverage pre-trained models. However, trans-
fer learning faces several challenges, including the need for extensive annotated
data, difficulty in adapting to highly disjoint domains, and the lack of knowledge
accumulation when adapting to new domains. Continual learning emerges as a
promising approach to address these issues, enabling models to learn from shifting
data distributions without forgetting previously acquired knowledge.

Self-supervised learning has shown remarkable success in alleviating data
scarcity issues by leveraging unlabeled data to learn meaningful representations.
This paradigm offers interesting challenges and opportunities for continual learn-
ing, potentially leading to more generalizable and adaptable models. Therefore, this
thesis explores the combination of self-supervised and continual learning. While
existing continual learning theory has predominantly focused on supervised learn-
ing, we extend continual learning theory to unsupervised scenarios. This allows
learning of high-quality representations from a stream of unlabeled data.

In the first part of the thesis, we introduce a method that leverages feature
distillation to combine the paradigms of continual learning and self-supervised
learning to enable continual unsupervised representation learning. We then delve
into the stability-plasticity dilemma, proposing strategies to optimize this trade-off
in the context of exemplar-free unsupervised continual learning, particularly for
scenarios involving numerous tasks and heterogenous architectures.

In the realm of prototype-based continual learning approaches, we find that fea-
ture drift is a primary cause of performance decline. Thus, we develop a prototype
correction technique based on a projector that maps between the feature spaces of
consecutive tasks. We show that our method can be applied to any self-supervised
continual learning method to create the first exemplar-free, semi-supervised con-
tinual learning method.
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Finally, we investigated how the contrastive self-supervised methods invari-
ant to data augmentations can be improved for more transferable representations.
We explore the impact of color augmentations on self-supervised learning and
introduce a physics-based color augmentation method. This technique proves
effective for tasks where intrinsic object color is crucial. We improve overall rep-
resentation learning by combining color and shape information through different
self-supervision modalities.

Key words: continual learning, continual unsupervised representation learning,
representation learning, self-supervised learning, lifelong learning



Resumen

La Inteligencia Artificial (IA) estd teniendo un impacto enorme en diversos campos
de aplicacion, desde la conduccién auténoma hasta el descubrimiento de fairmacos.
Este progreso estd impulsado predominantemente por el aprendizaje profundo,
una tecnologia cuyo rendimiento escala con la disponibilidad de datos. A medida
que crece la demanda de grandes conjuntos de datos, los investigadores han de-
sarrollado el aprendizaje por transferencia como una estrategia alternativa para
aprovechar los modelos preentrenados. Sin embargo, el aprendizaje por transferen-
cia enfrenta varios desafios, incluyendo la necesidad de datos anotados extensos,
la dificultad para adaptarse a dominios altamente disyuntos y la falta de acumu-
lacién de conocimiento al adaptarse a nuevos dominios. El aprendizaje continuo
surge como un enfoque prometedor para abordar estos problemas, permitiendo
que los modelos aprendan de distribuciones de datos cambiantes sin olvidar el
conocimiento adquirido previamente.

El aprendizaje autosupervisado ha mostrado un éxito notable en la mitigacién
de problemas de escasez de datos al aprovechar datos no etiquetados para aprender
representaciones significativas. Este paradigma ofrece interesantes desafios y opor-
tunidades para el aprendizaje continuo, potencialmente conduciendo a modelos
maés generalizables y adaptables. Por lo tanto, esta tesis explora la combinacién
del aprendizaje autosupervisado y continuo. Mientras que la teoria existente del
aprendizaje continuo se ha centrado predominantemente en el aprendizaje super-
visado, nosotros extendemos la teoria del aprendizaje continuo a escenarios no
supervisados. Esto permite el aprendizaje de representaciones de alta calidad a
partir de un flujo de datos no etiquetados.

En la primera parte de la tesis, introducimos un método que aprovecha la desti-
lacién de caracteristicas para combinar los paradigmas del aprendizaje continuo
y autosupervisado para permitir el aprendizaje continuo de representaciones no
supervisadas. Luego, profundizamos en el dilema de estabilidad-plasticidad, pro-
poniendo estrategias para optimizar este equilibrio en el contexto del aprendizaje
continuo no supervisado sin ejemplos, particularmente para escenarios que involu-



cran numerosas tareas.

En el &mbito del aprendizaje continuo basado en prototipos, encontramos que
el desplazamiendo de caracteristicas es una causa principal de la disminucién del
rendimiento. Por lo tanto, desarrollamos una técnica de correccién de prototipos
basada en un proyector que mapea entre los espacios de caracteristicas de tareas
consecutivas. Demostramos que nuestro método puede aplicarse a cualquier mé-
todo de aprendizaje continuo autosupervisado para crear el primer método de
aprendizaje continuo semisupervisado sin ejemplos.

Finalmente, exploramos el impacto de las transformaciones de color en el
aprendizaje autosupervisado e introducimos un método de transformacion de co-
lor basado en la fisica. Esta técnica demuestra ser efectiva para tareas donde el color
intrinseco del objeto es crucial. Mejoramos el aprendizaje general de representacio-
nes combinando informacién de color y forma a través de diferentes modalidades
de autosupervision.

Palabras clave: aprendizaje continuo, aprendizaje continuo no supervisado,
aprendizaje de representaciones, aprendizaje autosupervisado, aprendizaje a lo largo
de la vida



Resum

La Intel-ligéncia Artificial (IA) esta tenint un impacte enorme en diversos camps
d’aplicacié6, des de la conduccié autonoma fins al descobriment de farmacs. Aquest
progrés esta impulsat predominantment per 'aprenentatge profund, una tecnolo-
gia el rendiment de la qual escala amb la disponibilitat de dades. A mesura que creix
la demanda de grans conjunts de dades, els investigadors han desenvolupat 'apre-
nentatge per transferéncia com una estratégia alternativa per aprofitar els models
preentrenats. No obstant aix0, 'aprenentatge per transferéncia s’enfronta a diversos
reptes, incloent la necessitat de dades anotades extenses, la dificultat d’adaptar-se a
dominis altament disjunts i la manca d’acumulaci6 de coneixement en adaptar-se a
nous dominis. Laprenentatge continu sorgeix com un enfocament prometedor per
abordar aquests problemes, permetent que els models aprenguin de distribucions
de dades canviants sense oblidar el coneixement adquirit previament.

L'aprenentatge autosupervisat ha mostrat un exit notable en la mitigaci6 de
problemes d’escassetat de dades en aprofitar dades no etiquetades per apren-
dre representacions significatives. Aquest paradigma ofereix interessants reptes i
oportunitats per a 'aprenentatge continu, potencialment conduint a models més
generalitzables i adaptables. Per tant, aquesta tesi explora la combinaci6 de I'apre-
nentatge autosupervisat i continu. Mentre que la teoria existent de I'aprenentatge
continu s’ha centrat predominantment en I’aprenentatge supervisat, nosaltres es-
tenem la teoria de 'aprenentatge continu a escenaris no supervisats. Aixo permet
I'aprenentatge de representacions d’alta qualitat a partir d'un flux de dades no
etiquetades.

Ala primera part de la tesi, introduim un meétode que aprofita la destil-laci6 de
caracteristiques per combinar els paradigmes de ’aprenentatge continu i autosu-
pervisat per permetre 'aprenentatge continu de representacions no supervisades.
Després, aprofundim en el dilema d’estabilitat-plasticitat, proposant estrategies per
optimitzar aquest equilibri en el context de 'aprenentatge continu no supervisat
sense exemples, particularment per a escenaris que involucren nombroses tasques.

En 'ambit dels enfocaments d’aprenentatge continu basats en prototips, tro-
bem que la deriva de caracteristiques és una causa principal de la disminuci6 del
rendiment. Per tant, desenvolupem una técnica de correccié de prototips basada

vii
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en un projector que mapeja entre els espais de caracteristiques de tasques con-
secutives. Demostrem que el nostre metode es pot aplicar a qualsevol metode
d’aprenentatge continu autosupervisat per crear el primer metode d’aprenentatge
continu semisupervisat sense exemples.

Finalment, explorem I'impacte de les transformacions de color en I'aprenentat-
ge autosupervisat i introduim un metode de transformacion de color basat en la
fisica. Aquesta técnica demostra ser efectiva per a tasques on el color intrinsec de
I'objecte és crucial. Millorem I'aprenentatge general de representacions combinant
informacié de color i forma a través de diferents modalitats d’autosupervisi6.

Paraules clau: aprenentatge continu, aprenentatge continu de representacions
no supervisat, aprenentatge de representacions, aprenentatge autosupervisat, apre-
nentatge al llarg de la vida



Contents

Abstract iii
List of figures XV
List of tables xxi
1 Introduction 1
1.1 ResearchContext . .. ............ ... ... ... ... 3
1.1.1 ContinualLearning . . . . ... ... ... ... .. .. ...... 3
1.1.2 Self-supervised Learning . . . ... ... .. ........... 5

1.2 Challenges in Continual Learning and Self-Supervised Learning of
Deep Feature Representations . . . ... ................. 8
1.2.1 Continual unsupervised representation learning . .. ... .. 8

1.3

1.2.2 Improving the Plasticity-Stability trade-off in continual unsu-
pervised representationlearning . . . . . .. ... ... ... .. 9

1.2.3 Semantic drift compensation in unsupervised continual learning 10

1.2.4 Enhancing color quality for self-upservised representation learn-

ING . . oo 12
Objectivesand approach . . . ... ...... ... ... ...... 13
1.3.1 Continual unsupervised representation learning . .. ... .. 13

ix



Contents

1.3.2 Plasticity-Stability trade-off in continual unsupervised rep- re-
sentationlearning . . .. ... ... ... .. .. . L. 13

1.3.3 Semantic drift in unsupervised continual learning . . . .. .. 14

1.3.4 Color-crippling effects of color jitter on representation learning 14

2 Regularized Continual Unsupervised Representation Learning 17
2.1 Introduction . . .. ... ... ... ... 17
22 RelatedWork. . . . .. .. . L 19
2.3 Continual Self-supervised Representation Learning . . . . . . ... .. 21

2.3.1 Self-supervised representation learning. . . . . ... ... ... 21
2.3.2 Projected Functional Regularization . . . . ... ... ... ... 22
24 ExperimentalResults . . ... ............ .. ... .. ... .. 24
241 Datasets . .. ... ... .. ... e 24
2.4.2 Training procedure and baseline methods . . .. ... ... .. 25
2.4.3 Continual representationlearning . . . . . ... ... ... ... 26
2.4.4 Theinfluence of regularization . . . . . ... ........... 28
2.4.5 GeneralityoftheApproach ... ... ... ............ 29
2.4.6 Transfer todownstreamtasks . . . ... .............. 30
25 Conclusion . . .. ... . L 31

3 Plasticity-Optimized Continual Unsupervised Representation Learning 35

3.1

3.2

3.3

Introduction . . . . . . . ... 35
Relatedwork . . . . . .. ... .. . . 37
Method . . . . . . . . . e 39
3.3.1 Self-supervised representation learning. . . . .. ... ... .. 40



Contents

3.3.2 Continual SSL Problem Definition . . . . . ... ......... 41
3.3.3 Plasticity-Optimized Complementary Networks . . . . . .. .. 41
3.3.4 Plasticity-stability trade-offin CURLwithSSL . . ... ... .. 43
3.4 ExperimentalResults . . . . ... ... .. ... ... .. .. ... ... 44
3.4.1 Experimentalsetup................. .. ... ... 44
3.4.2 Continual representationlearning . . . . .. ... ... ..... 45
3.4.3 Other possible expert initializations . . . .. ... ........ 47
3.4.4 Task-freesetting. . ... ... .. ... .. .. ... ... ..., 48
3.4.5 Continual semi-supervisedlearning . . . . . ... ... ..... 50
3.5 Conclusions and Future directions . . . . . .. .............. 51
Learnable Drift Compensation 53
4.1 Introduction . . .. .. ... ... 53
42 RelatedWork . . . . ... .. .. L 55
4.3 Preliminaries . ... .. ... . .. ... .. 56
4.3.1 The Continual Learning Problem . . . . . .. ... ........ 56
432 Motivation . . .. ... ... . e 57
4.3.3 Learnable Drift Compensation . . . ................ 59
4.3.4 Continual Training Strategies . . . . . . ... ... ........ 60
4.4 ExperimentalResults . . . ... ...... ... .. ... .. ... .... 62
44.1 Datasets . .. ... ... .. ... e 62
4.4.2 Supervised Continual Learning . . . . . ... ... ........ 62
4.4.3 Semi-supervised Continual Learning . . . . ... ........ 65
444 AblationStudies. . ... ... ... ... .. .. L .. 67



Contents

xii

45 Conclusions . . . . . .. . i e

5 Planckian Jitter

5.1 Introduction . . . . . . . . . . . i i i it e

5.2 Background

andrelatedwork . . . ... ... ... .. .. ... ... ..

5.3 Methodology. . . .. ... ... . . .. ..

5.3.1 Planc

5.3.2 Color

kianJitter . . . . . . .. ...

selectivityindex . . . ... .. ... .. ... .. .....

5.3.3 Complimentarity of shape, texture and color representations .

5.4 Experimentalresults . . ... ... ... ... . .. ... . ...,

5.4.1 Training and evaluationsetup . ..................

5.4.2 Color

sensitivityanalysis. . . . . ... ... ... Lo L.,

54.3 Ablationstudy . . ... ... ... ... ... ...

5.4.4 Evalu

ationondownstreamtasks . . ... ... ... ... ....

5.4.5 Additional downstream results on Tiny-Imagenet . . . . . . ..

5.4.6 Color

sensitivity . . . . . ... L L Lo

5.4.7 Executiontimecomparison . . . . ... ... .. ... ......

5.4.8 Dependenceonresolution . ....................

5.4.9 Color

importance in Planckian Jitter based representation

5.4.10 Generality and Limitations of Planckian Jitter . . ... ... ..

5.5 Conclusion

6 Conclusions and

6.1 Conclusions

Future Work

73

73

75

7

7

79

80

81

81

82

84

86

87

88

88

89

90

90

91

93



Contents

6.2 Futurework . .. . ... . . ... 94

Publications 97

xiii






1.1

1.2

1.3

1.4

1.5

1.6

List of Figures

Scaling a vision transformer from 4 billion of parameters to 22 billion
was proved to improve overall performance (image taken from [28]).

Joint training (blue square) vs continual learning (red square). Con-
tinual learning studies the design of algorithms that learn from data
with shifting distributions. CL algorithms can be categorized into
task-incremental, class-incremental, and online learning. . . . . . . .

Self-supervised learning families. Deep metric learning (red) pushes
similar samples together and dissimilar ones apart. Self-distillation
(green) maps two different views using a predictor. Canonical correla-
tion (blue) infers the relationships using cross-covariance matrices.
Masked image modeling (purple) reconstructs a masked image

ImageNet top-1 accuracy comparing supervised and self-supervised
(SimCLR) methods (image from [22]). . . .. ... ... .. .......

The Plasticity-Stability trade-off implies that a model must address
the trade-off between acquiring new knowledge (plasticity) and pre-
venting the forgetting of previous knowledge (stability). Failure to
balance these two properties will lead to catastrophic forgetting. . . .

Semantic drift of old classes (cyan, yellow) occurs when training new
classes (pink, orange) due to drift of features in the network backbone.
(left) The two classes of task 1 have been learned correctly and are
nicely clustered in feature space. (middle) The new classes (of task
2) are not clustered with the network trained on task 1. (right) While
learning a feature representation that clusters the new classes, the old
classes experience semanticdrift. . . ............ ... ....

10



List of Figures

xvi

1.7

2.1

2.2

2.3

2.4

3.1

Augmentations based on color jitter lead to unrealistic images from
which it is difficult to learn good color representations. We present
here the default color jitter operation applied to two images showing
color out of the distribution (columns 2 to 4) of the real object (first
column). . . . . . . e e e

Self-supervised continual learning with Projected Functional Regular-
ization. Instead of performing feature distillation directly between the
previous task backbone and the new one, we use a learned temporal
projection between the two featurespaces. . . . ... ... .......

Task-aware performance after the four consecutive tasks on CIFAR-
100 for several methods. Each row reports the results after each task,
and columns represent on which task the model is evaluated. The last
column reports average accuracy after each trained task. . .. .. ..

Representation similarity compared with CKA for FT, FD, and PFR
during incremental training. . . ... ... ... oL Lo L.

(a): Performance of several methods for different numbers of tasks
on CIFAR-100. (b, c): Influence of regularization on forgetting and
intransigence for EWC, FD, and PFR. FT uses no regularization and
represents a point of reference. The regularization hyperparameter A
is given in parentheses, (b) presents results for CIFAR-100 dataset, (c)
forTinyImageNet. . ... ... ... ... ...

Overview of the POCON method that uses multi-stage training of
complementary learning system for unsupervised continual represen-
tation learning. Three stages of training allow POCON to maintain fast
and efficient adaptation of the fast expert network while maintaining
stable representation in a slow learner — the main network. To avoid
forgetting, knowledge from the new task expert is integrated (adapta-
tion) with the previous state of the slow network (retrospection). The
last stage of the training is dedicated for the best preparation of the
new expertforthenewtask. . . . . ........ ... .. .. ... ...

12



List of Figures

3.2

3.3

3.4

4.1

4.2

4.3

4.4

Plasticity-stability trade-off in POCON and PFR: (a) accuracy of a
current task during the continual learning session, (b-d) accuracy
of task 1, 8, and 15 in the following incremental steps of learning
the representation with POCON and PFR. POCON presents superior
stability to PFR at the same time still maintaining better plasticity,
with its non-restrictive training of the expert network. . .. ... ...

Sample data partition for 10 taskandbeta4 . .. ... .. .. ... ..

Task-task setting for CIFAR-100 with different length of incremental
learning sequence. Plots present linear evaluation of learned repre-
sentation for the blurred 10, 20, and 30 data partitions respectively
(like in [81, 159]). POCON presents significantly better results with
stable learning accuracycurves. . . .. ... .. ... .. ........

Last task accuracy of class-prototype accumulation strategies using
an NCM classifier in the 10-task CIFAR-100 scenario. The figure row
shows regularization-based methods (a) LwF and (b) CaSSLe. Here we
show result for two settings: Tasks 1&2 shows how the performance
on the first two tasks evolves while incrementally training all tasks.
Analogously, Tasks 1&2&3 shows how the performance on the first
three tasks evolves over training of all tentasks. . . ... ... .. ...

Feature drift estimation after applying random translations, rotations
and scaling on three sample 2D distributions. We aim to estimate the
true mean of C; at the end of #, using D;,. SDC assumes locally that
transformations can be captured by translations. LDC can handle
rotation and scaling in feature space. Note that LDC (cyan) more
accurately approximates the real distribution mean ( ) PP

Learnable Drift Compensation. We train the model on the current
task data using regularization-based, self-supervised or supervised
continual representation learning methods. After training the new
feature extractor f;, we learn a forward projector pr by minimizing
the mean squared error between the projected features from f;_; and
the features from f;. We use the learned projector to compensate for
the drift of the old class prototypes in the new feature space. . . . . .

Comparison of LDC with NME for varying memory size in the super-
vised settings on CIFAR-100, Tiny-ImageNet and ImageNet100. . . . .

58

68

Xvii



List of Figures

xviii

4.5

5.1

5.2

5.3

5.4

Drift compensation analysis using SDC and LDC in supervised set-
tings on CIFAR-100. We compute the cosine distance between the
updated and oracle prototypes. We plot the distributions of the cosine
distances for all old classes using both methods after alternate tasks.
While SDC fails to estimate the prototypes closer to the oracle (with
increasing distance for many classes), LDC predictions are very close
to the oracle prototypes (mean of distributions using LDC is close to 0
even after the last task and has low standard deviation). . . ... ...

Default color jitter (left) and Planckian Jitter (right). Augmentations
based on default color jitter lead to unrealistic images, while Planckian
Jitter leads to a set of realistic ones. The ARC chromaticity diagrams
for each type of jitter are computed by sampling initial RGB values
and mapping them into the range of possible outputs given by each
augmentation. These diagrams show that Planckian Jitter transforms
colors along chromaticity lines occurring in nature when changing
the illuminant, whereas default color jitter transfers colors throughout
the whole chromaticityplane. . ... ... ... .............

SimSiam training procedure exploiting Planckian-based data aug-
mentation (left), and fine-tuning the linear classifier using the trained
encoder (right). . . . ... ... . .. e

Spectral power distributions (left) and corresponding ARC chromatic-
ities (right) of the sampled black body radiator, used to generate
Planckian jittering. The illuminants are sampled from the distribution
of a black body radiator, with correlated color temperature T in the
interval between 3000K and 15000K. The resulting spectra are visual-
ized on the left and in the middle, while the resulting distribution of
illuminants is visualized in the Angle-Retaining Chromaticity diagram
ontheright. . ... ... ... .. . . .. .

Color sensitivity analysis. (a) Robustness to illuminant change: we
report the accuracies by differently-trained backbones as a function
of illuminant. (b) The color sensitivity indexes computed for the
different configurations used for training the backbone. . . . . . . ..

69

76

79



List of Figures

5.5 IMlumimant robustness analysis. To assess feature invariance to realis-
tic color changes in images, for each method we evaluate classification
accuracy on 25 different, re-illumintated versions of the datsets. The
images of the two datasets (CIFAR-100 on the left and FLOWERS-102
on the right) have been modified with the illumimants from tempera-
ture 3000 K to 15000 K using the Planckian Jitter transform. . . . . . . 88

5.6 Comparison of execution time between the proposed Plackian Jitter
transform and the Color Jitter implementation in Pytorch Torchvision
v0.9.1. For each resolution we executed both the algorithms 40 times. 89






2.1

2.2

2.3

24

3.1

3.2

3.3

List of Tables

(top) Accuracy on CIFAR-100 with 4 tasks of 25 classes for incremen-
tal, self-supervised training. The learned representation is evaluated
using a linear classifier over all classes after each task. (bottom) Eval-
uation of the same trained models on a different downstream task -
classification using SVHN dataset. Mean and standard deviation over
fiverunsareprovided. . ... ... ... ... ... .. . .. ...

Accuracy of SImCLR, SimSiam and BarlowTwins on CIFAR-100 split
into10tasksof10classes. . . ... ... ... ... ... .. ... ....

Accuracy on TinylmageNet split into four tasks. The learned represen-
tation is evaluated using a linear classifier over all classes after each

Comparison of SSL-based CURL. Only POCON does not use any regu-
larization during the training, what results in higher plasticity for the
current task. *DMC uses an auxilary dataset for distillation, instead of
eXemplars. . . .. .. e

Accuracy of a linear evaluation on equal split various datasets and
different number of tasks with ResNet-18. POCON present better
result than other regularization-based methods and maintain high
accuracy even with increasing number of tasks. . . ... ... ... ..

Accuracy of linear evaluation with heterogeneous POCON architec-
ture using ResNet-18 (R18) and ResNet-9 (R9) on split CIFAR-100. With
increasing number of tasks and lower data POCON benefits from a
smaller ResNet-9 network, first, only for the expert (20 tasks) and later
(50 tasks) for both networks, expertand main. . . . ...........

27

30

38

46



List of Tables

Xxii

3.4

3.5

4.1

4.2

4.3

4.4

4.5

4.6

5.1

5.2

Semi-supervised continual learning comparison on CIFAR100 dataset.
The number between brackets indicates the size of the memory buffer.
We highlight the best method in each group with bold fonts. . . . .. 48

Results of ScratchOP and FtOP expert initialization for POCON in
CIFAR-100. . . . . . o e e e e e e 49

Results in supervised settings for 10 tasks on CIFAR-100, Tiny-Imagenet,
and ImageNet100. The mean and standard deviation using 5 dif-
ferent seeds are reported. Best results are in bold and second-best
underlined. t: results excerpted from [90]. . . .. ... ... ...... 63

Performance on Stanford Cars (10 tasks of 20 classes each) with pre-
trained ViT-B/16. . . . . . . .. .. L 63

Results in semi-supervised settings for 10 tasks on CIFAR-100. The
mean and standard deviation using 3 different seeds are reported. The
best results for the proposed settingareinbold. . . . . ... ... ... 65

Results in semi-supervised settings for 10 tasks on ImageNet100. The
mean and standard deviation using 3 different seeds are reported. The
best results for the proposed settingareinbold. . . . . ... ... ... 67

Ablation study for different complexities of the proposed projector pr. 68

Accuracy comparison storing and projecting N features per class
against storing and projecting only class prototypes. . . .. ... ... 69

Accuracy results with ablation on color augmentations. Self-supervised
training is performed on CIFAR-100 and the learned features are eval-
uated at (32 x 32) on CIFAR-100 and FLOWERS-102. Augmentation
techniques include variations in hue and saturation (H&S), brightness

and contrast (B&C), Planckian-based chromaticity (P), and random
Grayscale conversions (G). Accuracy refers to the linear classifiers
trained with features extracted from the different backbones. . . . . . 84

Accuracy results for self-supervised training on CIFAR-100 and evalu-
ated at 32 x 32 on CIFAR-100 and FLOWERS-102. The reported accu-
racy refers to the results of the linear classifiers trained with features
extracted from the different trained backbones. . . . .. ... ... .. 85



List of Tables

5.3

5.4

5.5

5.6

5.7

Evaluation on downstream tasks. Self-supervised training was per-
formed on IMAGENET at (224 x 224) and testing performed on the
downstream datasets resized to (224 x224). . ... ... ... ..... 87

Additional analysis on downstream tasks. Self-supervised training is
performed on TINY-IMAGENET at (64x64). . . . . . .. ... .. .... 87

Classification accuracy as a function of down-sampling size on Flow-
ers. Results confirm that PJ is less sensitive to down-sampling than

Methods evaluated with color and grayscale images on the Flowers
dataset. . . .. ... 90

Effect of Plackian Jitter on different contrastive learning models. Self-
supervised training was performed on CIFAR-100 and the learned
features are evaluated at (32 x 32) on CIFAR-100 and FLOWERS-102.
We report the best configurations obtained on SimSiam model and
retrained SimCLR and Barlow Twins with those selected configurations. 91

xxiii






|8 Introduction

We live in an extraordinary era in which artificial intelligence (Al) is driving de-
velopment across a wide range of fields, including autonomous driving, multime-
dia [39, 41, 86], drug discovery [10], astrophysics [101], material discovery [102],
and ecological preservation [45]. Consequently, the impact of Al extends beyond
academia, with significant adoption in the private sector. In fact, it is estimated that
investments in Al research and applications are set to hit $500 billion by 2024 [118].

The current Al boom is predominantly based on end-to-end feature learning
(deep learning), which had a major breakthrough in 2012 with the AlexNet architec-
ture [77]. This method outperformed existing hand-crafted features on classification
tasks. A well-known drawback of deep learning is its data-hungry nature; to learn
effective features, models must consume large quantities of data. Furthermore,
some models are known to scale as a function of dataset size and number of pa-
rameters (see Fig. 1.1). This has resulted in a scaling competition among big tech
companies, where the player with the largest model and dataset is poised to win.
The question remains: is there a limit to dataset and model size? To address this
data-intensive approach, researchers have developed alternative strategies, such as
transfer learning of pre-trained models.
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Figure 1.1: Scaling a vision transformer from 4 billion of parameters to 22 billion
was proved to improve overall performance (image taken from [28]).
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Transfer learning in deep neural networks facilitates the use of large, pretrained
models on domains with limited annotated data. Generally, it involves fine-tuning
the pretrained network on the data from the new domain. However, transfer learn-
ing has several drawbacks. The training of large general models (the pretrained
models) requires massive amounts of annotated data, which is labor-intensive to
obtain. Moreover, transfer learning of models may struggle with domain-specific
nuances and rare edge cases not present in their original training data [78]. Finally,
transfer learning focuses on the best performance on a new downstream task, the
model may entirely forget the old task. In this sense, there is no knowledge ac-
cumulation and valuable features from past tasks will not be available for future
use.

In response to the challenges of obtaining large annotated datasets, the machine
learning community has made significant strides in developing self-supervised
learning algorithms. These methods leverage unlabeled data to learn meaningful
representations, reducing the reliance on human-annotated samples. Techniques
such as contrastive learning, masked language modeling, and autoregressive predic-
tion have shown remarkable success across various domains. For instance, models
like BERT [30] have revolutionized natural language processing tasks, while ap-
proaches like SimCLR [22] and Barlow twins [157] have advanced computer vision.
Self-supervised learning has not only improved the efficiency of data utilization
but has also led to more robust and generalizable models, often surpassing their
supervised counterparts in transfer learning scenarios [22-24, 157].

As the field evolves, researchers are actively working on developing more effi-
cient and adaptable transfer learning techniques that can overcome transfer learn-
ing limitations, such as continual learning algorithms that can adapt to chang-
ing data distributions without forgetting previously learned information. Vari-
ous strategies have been proposed to mitigate catastrophic forgetting, including
regularization-based methods, memory-based approaches, and architectural solu-
tions [27]. These techniques aim to preserve knowledge about previous tasks while
learning new ones, enabling models to accumulate knowledge over time. Despite
these improvements, challenges remain in scaling continual learning to complex
high-dimensional problems, multi-modal domains, and in achieving a balance
between stability and plasticity in neural networks.

In conclusion, significant progress has been made in both continual learning
and self-supervised learning, addressing key challenges in modern machine learn-
ing. Self-supervised techniques have drastically reduced the need for labeled data,
while continual learning methods have improved the ability to adapt models to new
information without catastrophic forgetting. However, the intersection of these two
promising fields has received relatively little attention from the research community.
Therefore, this thesis aims to explore the synergies between self-supervised and



1.1 Research Context

continual learning, proposing novel approaches that combine the data efficiency
of self-supervised methods with the adaptability of continual learning algorithms.
By integrating these two paradigms, we seek to develop more robust, efficient, and
adaptable Al systems capable of learning continuously from unlabeled data streams,
potentially opening new avenues for autonomous learning in dynamic real-world
environments.

1.1 Research Context

Here I will shortly elaborate on the two main research topics of this thesis, namely
continual learning and self-supervised learning.

1.1.1 Continual Learning

Continual learning (CL) relaxes the IID assumption that underlies most learning
methods and studies the design of algorithms that learn from data with shifting
distributions. This assumption has a significant impact on learning dynamics, as
naively training a machine learning model on such data leads to catastrophic for-
getting [99]. Continual learning has seen a notable increase in research [27, 96],
especially due to its importance for many applications such as: 1) Systems with
memory restrictions that cannot store all previously seen data and must learn in-
crementally (edge devices or robotics); 2) Applications with data security/privacy
restrictions that prevent long-term storage of data, a core requirement current Euro-
pean laws (GDPR [40]); 3) Sustainable artificial intelligence, where retraining large
models on all data is computationally expensive and has a large carbon footprint. In-
cremental learning provides more efficient algorithms that only require processing
new data when updating the system; 4) Personal digital assistants that continu-
ously learn from user interactions to improve their responses; 5) Incorporate new
styles/concepts to the current growing topic of generative Al; and 6) Recommender
systems: Online platforms for e-commerce, streaming services, or social media
that use continual learning to update their recommendation algorithms based on
evolving user interests and new content.

Continual learning can be categorized into task or class-incremental”, and of-
fline or online continual learning, depending on factors such as data availability,
metadata, computational budget, and the nature of the task (see Fig. 1.2). Task-
Incremental Learning (TIL) involves learning a series of distinct tasks sequentially,
with clear boundaries between tasks and task identities provided at both training

*Some works consider the domain-incremental scenario, where the set of classes is shared among
the tasks and the input data distribution is shifting [143]. In this thesis, this scenario is not considered.
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Figure 1.2: Joint training (blue square) vs continual learning (red square). Continual
learning studies the design of algorithms that learn from data with shifting distribu-
tions. CL algorithms can be categorized into task-incremental, class-incremental,
and online learning.

and testing time. Class-incremental learning (CIL) focuses on gradually introduc-
ing new classes to a model while maintaining performance on previously learned
classes; no task identities are provided at inference. This setting is more challenging
and realistic, as it requires the model to perform task-agnostic inference. Online
continual learning represents a scenario where the model must learn from a contin-
uous stream of data in real-time, adapting to new information. The challenge is that
the algorithm is not allowed to revisit data multiple times. This setting closely mim-
ics real-world applications where data arrives sequentially and must be processed
immediately.

CL methods can be further divided into replay-based, architecture-based, and
regularization-based methods:

Replay-based methods aim to mitigate catastrophic forgetting by storing and
revisiting data from previously learned tasks [20, 122]. These approaches maintain
a memory buffer of past experiences, which are then interleaved with new data
during training. This allows the model to retain knowledge of earlier tasks while
learning new ones. Replay can be implemented through various techniques, such as
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reservoir sampling to select representative examples, generative models to synthe-
size past data, or episodic memory systems. Some common replay-based methods
experience replay [124], gradient episodic memory (GEM) [20], and iCaRL [122].

Architecture-based methods focus on modifying the structure of neural net-
works to accommodate new tasks while preserving knowledge of previously learned
ones [127,130]. These approaches typically involve dynamically expanding the net-
work, allocating new neurons or layers for each new task, or creating task-specific
pathways within a larger network. Some common techniques include progressive
neural networks [127], which add new columns for each task while maintaining
lateral connections to previous knowledge, and dynamically expandable networks
that grow in capacity as needed [155]. Other methods involve selective parameter
freezing or gating mechanisms to protect significant weights for old tasks [135].

Regularization-based methods aim to prevent catastrophic forgetting by con-
straining the updates to model parameters when learning new tasks. These ap-
proaches typically add regularization terms to the loss function that penalize signif-
icant changes to parameters deemed crucial for previously learned tasks. Learning
Without Forgetting [83] preserves knowledge of previous tasks through knowledge
distillation while learning new tasks. Another prominent example is Elastic Weight
Consolidation [73], which uses Fisher information to estimate parameter impor-
tance and slow down updates to critical weights. Other techniques include Synaptic
Intelligence [158], which tracks the contribution of each parameter to the task per-
formance, and Memory Aware Synapses [2], which estimates parameter importance
based on how much they affect the model’s output.

The vast majority of work on continual learning has focused on the supervised
learning scenario [27]. However, recent years have witnessed several breakthroughs
in self-supervised learning, which enables the learning of high-quality feature
representations from unlabeled data. In the following section, we will elaborate on
recent advances in self-supervised learning.

1.1.2 Self-supervised Learning

Self-supervised learning aims to learn high-quality image representations without
the need for human annotations. To do so, a pretext task is used; that is, a proxy
task that will help the model learn features from the input data without explicit
supervision. Many pretext tasks were investigated for learning image representa-
tions, including rotation prediction [50], solving jigsaw puzzles [106], determining
relative patch positions [32], predicting surrogate classes [34], and image coloriza-
tion [163]). The most successful pretext tasks in the last few years are based on data
augmentation and contrastive-like learning in which two samples are considered
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either similar or different from each other.

Most recent self-supervised learning (SSL) methods can be categorized into
four families based on how they manage image pairs [48]: deep metric learning,
self-distillation, canonical correlation analysis, and masked image modeling (see
Fig. 1.3).

The deep metric learning family aims to push similar samples together while
pushing dissimilar ones apart in the embedding space. This approach has roots
in earlier contrastive methods used in metric learning [59] and some extensions
using triplet losses [146]. In SimCLR [22], similar samples are created by applying
random distortions to an input image, while dissimilar ones are chosen randomly.
NNCLR [37] extends this approach by using nearest neighbors from a support
set as additional positives, enabling the model to learn from semantically similar
samples beyond mere augmentations of the same image. This increases the diversity
of positive examples and helps the model learn more robust and generalizable
representations.

Self-distillation methods feed two different views of an image into two encoders
and map one onto another using a predictor. This technique is prone to collapse to
a constant solution for any input, so several strategies are employed to prevent this
phenomenon. The BYOL approach proposed by [57] uses an asymmetric network
with an additional MLP predictor between the outputs of two branches. One branch
is kept “offline” and updated by a momentum encoder. SimSiam [24] offers a simpli-
fied solution without a momentum encoder and works well without requiring a very
large mini-batch size. The MoCo method [23,61] uses a memory bank for learned
embeddings, enabling efficient sampling. This memory is kept synchronized with
the rest of the network during training using a momentum encoder. DINO [16]
employs a centering operation in the output of one of the encoders and discretizes
the representations using a softmax. iBOT [166] builds on DINO but adds a masked
image modeling objective in the latent space. DINOv2 [107] improves the iBOT
baseline by incorporating more regularization into the training recipe and curating
the pretraining dataset.

The canonical correlation analysis approach aims to infer the relationship be-
tween two variables by analyzing their cross-covariance matrices [64]. Barlow
Twins [157] uses a loss function based on correlations between each pair in a cur-
rent training mini-batch, with negatives implicitly assumed to be available in each
mini-batch. VicReg [9] balances three objectives based on the cross-correlation
matrix: variance, invariance, and covariance. Other methods in this family include
SwAV [15] and W-MSE [38].

Finally, the masked image modeling (MIM) family masks out a portion of an
image and trains a model to reconstruct it. This technique is inspired by the masked
language modeling paradigm commonly used in language models such as BERT [30].
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MAE [60] and SimMIM [153] directly reconstruct masked image patches (instead of
tokens) extracted from a vision transformer encoder. Although MIM is a relatively
new approach, it has already achieved competitive performance across a wide
variety of vision tasks [68, 142]. Furthermore, it has been combined with other SSL
families to produce variations such as iBOT [166] and DINOv2 [107].

The advantages of self-supervised learning extend beyond its initial applications,
particularly in the realm of continual learning. Unsupervised learning tends to lead
to more generalizable feature representations since features that are not relevant to
the specific discriminative task are not automatically discarded. This can potentially
lead to more general representations that can quickly incorporate new tasks without
incurring significant amounts of forgetting. Consequently, the integration of self-
supervised techniques into continual learning presents an exciting and promising
path forward, offering the potential to create Al systems that can learn and adapt
more efficiently.

1.2 Challenges in Continual Learning and Self-Supervised
Learning of Deep Feature Representations

Here we elaborate the main challenges which we have identified with respect to the
self-supervised continual learning of feature representations.

1.2.1 Continual unsupervised representation learning

Feature representation learning aims to learn high-quality representations of the
input signal. This learning process can be implemented using labels (supervised
learning), reward signals (reinforcement learning), or only input signal information
(unsupervised learning). Most of the data available have few labels, making the use
of supervised or reinforcement paradigms impossible or really expensive (paying
a data labeling service). On the contrary, unsupervised learning exploits large
quantities of unlabeled data to learn features that can be fine-tuned using few
labels or be used by a linear classifier as general representations.

Also, continual learning can be applied in a supervised and unsupervised man-
ner; nevertheless, most of the CL approaches follow the supervised paradigm [96].
Unsupervised CL presents useful applications in real-world settings, where it is ex-
pected to have high quantities of unlabeled data. Recent works have revolutionized
unsupervised learning with so-called self-supervised learning algorithms. These
methods obtain representations that rival results obtained from supervised ap-
proaches, making use of image augmentation and contrastive learning techniques
(see Fig. 1.4).
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Figure 1.4: ImageNet top-1 accuracy comparing supervised and self-supervised
(SimCLR) methods (image from [22]).

Self-supervised learning methods have in common that they assume that all
training data is available during the training process. However, in many real-world
applications, the learner must cope with non-stationary data in which they are
exposed to tasks with varying distributions of data. Therefore, in this thesis, we aim
to extend self-supervised learning theory to continual learning paradigm.

1.2.2 Improving the Plasticity-Stability trade-off in continual un-
supervised representation learning

The Plasticity-Stability trade-off (see Fig. 1.5) is a fundamental problem in any con-
tinual learning system [103]. A model must address the trade-off between acquiring
new knowledge (plasticity) and preventing the forgetting of previous knowledge
(stability); each proposed continual learning method continuously addresses this
dilemma.

Unsupervised representations tend to be more general, not specific to a certain
discriminative task. This fact can lead to representations that can easily incorporate
new knowledge (plastic) without incurring a lot of forgetting (stable). If samples
(exemplars) can be stored during the CL process, general representations can be
maintained over time without overspecializing, leading to an excellent plasticity-
stability trade-off (as previous CURL methods have shown [88]).

In the exemplar-free landscape, there have been two proposed approaches. PFR
(our paper [53]) uses a projection head after the feature extractor of an SSL frame-
work to predict past representations. Projected representations are motivated to be
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Figure 1.5: The Plasticity-Stability trade-off implies that a model must address
the trade-off between acquiring new knowledge (plasticity) and preventing the
forgetting of previous knowledge (stability). Failure to balance these two properties
will lead to catastrophic forgetting.

close to past representations; therefore, the new model is encouraged to remember
past knowledge. CaSSLe [43] uses a strategy similar to PFR, but the projection
head is used after the projector of the SSL approach. Even though these methods
obtain satisfactory results, they struggle to adapt to new tasks (plasticity) without
jeopardizing the vast knowledge already accumulated by the network (stability)
since both are based on regularization approaches. Therefore, in this thesis, we
will explore how to mitigate the negative effects of regularization in exemplar-free
continual self-supervised methods.

1.2.3 Semantic drift compensation in unsupervised continual learn-
ing

Semantic drift (SD) is the shift/displacement of learned representations when a

model is updated during the training of new tasks [156]. This drift will cause a

considerable amount of forgetting in exemplar-free methods, as the model is not

encouraged to retain current knowledge (see Fig. 1.6).

Class Prototype (CP) accumulation has been shown to be among the most
successful approaches to exemplar-free continual learning [54, 70, 100, 111]. CP
methods store class prototypes computed using training data and then use them
to classify using a distance classifier in feature space. Class Prototype methods are
attractive since they can be agnostically applied to any feature extractor, such as

10



1.2 Challenges in Continual Learning and Self-Supervised Learning of Deep Feature

Representations
.« (X
A o (=]
—_ - < . - /.‘ oo —
° > ° 2 2 °
° 9o » @ -
°© OO ° xj ° g oog f ) .. l/
° ° ° Q@
) - e o ©
) ° ° o
O, ° o (=]
Ooo <) e ¥ °
B EREH I B
& e ° £ ° °
Embedding at end Embedding at start Embedding at end
training task 1 of training task 2 training task 2

Figure 1.6: Semantic drift of old classes (cyan, yellow) occurs when training new
classes (pink, orange) due to drift of features in the network backbone. (left) The
two classes of task 1 have been learned correctly and are nicely clustered in feature
space. (middle) The new classes (of task 2) are not clustered with the network
trained on task 1. (right) While learning a feature representation that clusters the
new classes, the old classes experience semantic drift.

multilayer perceptrons, convolutional neural networks, or transformers.

An approch to mitigating semantic drift is drift compensation. Semantic Drift
Compensation (SDC) [156] addresses this by computing the drift of features using
new task data and approximating the drift of old class prototypes based on this
information. Subsequent work [140] extended SDC by also considering feature drift.
Memory efficient CIL through feature adaptation (MEA) [69] addresses the problem
of feature drift. It stores the features after the backbone and corresponding labels.
A learned mapping is applied to translate stored features into the new space to
compensate for drift. This method requires labels of features, making it unsuitable
for unsupervised and semi-supervised settings. Additionally, they store an extensive
amount of features for all old classes, leading to higher memory requirements.

Current approaches to semantic drift compensation require exemplars and
labels to work, making them unsuitable for unsupervised and semi-supervised,
and exemplar-free settings. Therefore, in this thesis, we will explore how to correct
semantic drift without labels and/or an exemplar buffer.

11



Chapter 1. Introduction

12

Figure 1.7: Augmentations based on color jitter lead to unrealistic images from
which it is difficult to learn good color representations. We present here the default
color jitter operation applied to two images showing color out of the distribution
(columns 2 to 4) of the real object (first column).

1.2.4 Enhancing color quality for self-upservised representation
learning

Image augmentations are a key ingredient in modern machine learning. As con-
temporary learning algorithms become increasingly data-hungry, the ability to
artificially increase the available data allows these massive models to learn feature
representations and generalize better over the learning task. For self-supervised
learning (SSL), image augmentations are particularly important [13], as this training
paradigm aims to learn similarities between an image and its augmented versions.

In SSL, there is a set of “standard” augmentations (proposed in [22]): rotation,
cutout, flip, color jitter, blur, and grayscale. Color jitter (CJ) induces a certain level
of color invariance (invariance to hue, saturation, brightness, and contrast), which
is consequently transferred to the downstream task. This invariance, however, is
expected to negatively impact downstream tasks where color is important. For
instance, Fig. 1.7 shows how CJ produces unrealistic colors for a flower. Although
color invariance has proven beneficial for object recognition, the invariance to hue
and saturation changes induced by color jitter can be detrimental to object recog-
nition for classes in which color characteristics are fundamentally discriminative.
Therefore, in this thesis, we will explore how to generate realistic color augmentations
for self-supervised learning.
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1.3 Objectives and approach

In this thesis we explore deep feature representations in the context of continual and
self-supervised learning. Here, we define our objectives and approach to address
the challenges identified in the previous section.

1.3.1 Continual unsupervised representation learning

Current approaches in self-supervised learning rely on the joint training paradigm
(all training data is available during the training process). However, in a shift-
ing distribution setting (i.e. a non-IID data stream), current methods will lead
to catastrophic forgetting. To address this, we consider the problem of continual
unsupervised representation learning, and define the following objective:

Regularization of self-supervised learned features: Propose an exemplar-
free regularization-based CL method for the problem of continual unsu-
pervised representation learning. Analyze and review feature knowledge
distillation within the context of rehearsal-free class incremental learning.

To address the challenges of continual unsupervised representation learning, we
propose a new method, called projected functional regularization (PFR), to allevi-
ate forgetting during unsupervised representation learning without the need for
exemplars. This technique is an extension of Learning without Forgetting (LwF) [83]
and feature distillation. To improve the plasticity of the method, we introduce a
temporal projection network that provides more freedom to learn features from the
current task.

1.3.2 Plasticity-Stability trade-off in continual unsupervised rep-
resentation learning

Continual unsupervised representation learning methods rely on regularization

methods to avoid forgetting in the absence of exemplars [43]. As a consequence,

these methods limit the plasticity of the model and risk forgetting the accumulated
knowledge, we therefore define the following objective:

Plasticity-optimized networks : Develop a multi-network method capable
of managing plasticity and stability. Study complementary learning sys-

tems applied to continual learning

To improve the plasticity-stability trafe-off in continual unsupervised representation

13
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learning, we apply complementary learning systems theory to improve continual
learning from unsupervised data streams. we propose to train an expert network
that is relieved of the task of keeping the previous knowledge and can focus on the
task of performing optimally on new tasks. In the second phase, we combine this
new knowledge with the old network in an adaptation-retrospection phase to avoid
forgetting.

1.3.3 Semantic drift in unsupervised continual learning

Drift compensation methods in continual learning rely on exemplars and labels to
retain the knowledge of previous classes. However, these two conditions constrain
the application of drift compensation to supervised exemplar-based CL, we there-
fore, define the following objective:

Class-prototype mapping between tasks: We propose a supervision-free
method to map class prototypes between consecutive tasks. Furthermore,
we analyze and review class prototype accumulation strategies for contin-
ual learning.

To map class prototypes between consecutive tasks, we propose our method called
Learnable Drift Compensation (LDC). LDC maps the previous task features to the
current feature space via a forward projector network. This compensation can be
learned from only the stored old class prototypes and does not require class labels.

1.3.4 Color-crippling effects of color jitter on representation learn-
ing

Color jitter is a core image augmentation strategy in most self-supervised learning

methods. Nevertheless, the induced color invariance effect of this augmentation is

expected to negatively impact tasks where color is important. We therefore define
the following objective:

Realistic color augmentations: Develop a color augmentation strategy
that follows natural color variations. Evaluate the impact of the proposed
realistic color augmentation in mainstream self-supervised learning meth-
ods.

In order to produce realistic color augmentations, we draw on the existing color
imaging literature on designing features invariant to illuminant changes commonly
encountered in the real world. Our augmentation, called Planckian Jitter, applies
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physically-realistic illuminant variations. We consider the illuminants described by
Planck’s Law for black-body radiation, which are known to be similar to illuminants
encountered in real-life.
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4 Continually Learning Self-Supervised Rep-

resentations with Projected Functional
Regularization®

2.1 Introduction

Self-supervised learning aims to learn high-quality image representations with-
out the need for human annotations. A recent set of works has shown that self-
supervised learning can achieve performance close to that of supervised learn-
ing [15, 22, 24, 57], and that learned representations transferred to downstream
tasks are sometimes even superior to fully-supervised representation learning [16].
These methods learn representations that are invariant with respect to a set of data
augmentations. They are typically trained with contrastive losses in which multiple
views of the same image (computed by applying different data augmentations) are
mapped close together, whereas representations of other images are mapped far
away. However, several methods show that only encouraging similarity between
views from the same image (without any explicit loss to promote the distancing of
negative pairs) can also obtain excellent performance [24,57]. These methods apply
various mechanisms to prevent trivial solutions, including asymmetric architectures
and the use of momentum updates of the model.

Recent works on self-supervised learning have in common that they assume
that all training data is available during the training process. However, in many real-
world applications the learner must cope with non-stationary data in which they
are exposed to tasks with varying distributions of data. Continual learning relaxes
the IID assumption that underlies most learning methods and studies the design
of algorithms that learn from data with shifting distributions. Naively training a
learner on such data, for example by simply continuing stochastic gradient descent,
leads to catastrophic forgetting [99]. A variety of approaches have been proposed
including various types of regularization (2, 73,83, 158], data replay [17,66, 122, 149],
pseudo replay [134, 148], and growing architectures [127]. Even though there is
some work on unsupervised continual learning (42, 82,94, 127], the vast majority of
existing work is on supervised continual learning [112,116].

*This chapter is based on a publication in the 3rd CLVISION workshop in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition 2022 [53]
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Earlier works on self-supervised learning was based on pretext tasks like pre-
dicting rotation [50], determining patch position [32], or solving jigsaw puzzles in
images [106]. Labels for these discriminative pretext tasks can be automatically
computed and allow learning of meaningful feature representations of images.
Recently, researchers are adapting contrastive methods for unlabeled data and
operating more at an instance-level augmentation while looking for similarity or
contrastive samples [15, 22,57, 157]. These methods rely heavily on stochastic
data augmentation to produce enough similar examples to learn representations.
Negative examples are randomly sampled or not used at all [24]. The results are
impressive and are competitive with many supervised methods on downstream
tasks [16].

We propose an approach to continual self-supervised learning that is able to
learn high-quality visual feature representations from non-IID data. The learner is
exposed to a changing distribution and, while learning new features on current task
data, should prevent forgetting of previously acquired knowledge. These represen-
tations should, at the end of training, be applicable to a wide range of downstream
tasks. We focus on the more restrictive, memory-free continual learning setting in
which the learner is not allowed to store any samples from previous tasks. This sce-
nario is realistic in many scenarios where data privacy and security is fundamental
and often legislatively regulated.

The main contributions of this work are twofold. First, we propose a new
method, called projected functional regularization, to alleviate forgetting during
unsupervised representation learning without the need for an external memory of
samples from previous tasks. This technique is an extension of Learning without
Forgetting (LwF) and distillation in feature space. To improve the plasticity of the
method we introduce a temporal projection network that provides more freedom to
learn features from the current task. Secondly, we propose a set of experiments over
benchmark datasets to compare with other state-of-the-art methods and use differ-
ent scenarios to evaluate the functional projection role in the context of continual
self-supervised representation learning. We show that the additional projection to
past tasks results in better representation learning during class incremental training
sessions. Without any adjustment, evaluation on a truly class incremental scenario
—with only a single class per task, where many class incremental methods cannot be
directly applied — our method still prevents forgetting and is able to progressively
learn new features. Furthermore, we confirm that our method is generic and the
results are not restricted to a particular self-supervised learning approach. In a
variety of experimental settings the transferability of the learned features to differ-
ent downstream tasks is maintained, confirming that the network is incrementally
learning more robust representations. The influence of the regularization strength
is analyzed for different regularization methods applied to self-supervised continual
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learning and results clearly shows the benefit of the proposed additional projector
resulting both in improved plasticity (i.e. lower intransigence) and less forgetting.

2.2 Related Work

Both self-supervised and continual learning have gathered increasing interest in
recent years. We briefly review the literature on both topics before articulating
our contribution which combines elements of both in the form of continual self-
supervised representation learning.

Self-supervised learning. Self-supervised learning has proved useful for many
applications. In order to learn representations useful for a downstream task, a
self-supervised pretext task can be introduced to avoid supervision. Many pretext
tasks were investigated for learning image representations, including rotation pre-
diction [50], solving jigsaw puzzles [106], determining relative patch positions [32],
predicting surrogate classes [34], and image colorization [163]).

In the last few years, the gap between supervised and self-supervised learning
is being closed. This is primarily due to methods based on data augmentation
and contrastive-like learning in which two samples are considered either similar
or different to each other. This has links to earlier contrastive methods used in
metric learning [59] and some extensions using triplet losses [146]. However, in
the unsupervised setting without labels, different approaches must be used for
creating such pairs. In SimCLR [22], similar samples are created by augmenting
an input image with a random distortion, while dissimilar ones are chosen by
random. To make contrastive training more efficient, the MoCo method [23,61]
uses a memory bank for learned embeddings which enables efficient sampling.
This memory is kept synchronized with the rest of the network during training by
using a momentum encoder. The SWAV approach uses online clustering over the
embedded samples [15]. SWAV does not sample negative exemplars, however, other
cluster prototypes can play the role of negative examples.

Interesting are methods without any explicit contrastive pairs. The BYOL ap-
proach proposed by [57] is based on an asymmetric network with an additional
MLP predictor between two outputs of the two branches. One branch is kept “of-
fline” and updated by a momentum encoder. SimSiam [24] goes even further and
offers a simplified solution without a momentum encoder and moreover works well
without a very large mini-batch size. BarlowTwins is another simplified solution
like SimSiam which uses a loss function based on correlations between each pair in
a current training mini-batch [157]. Negatives are implicitly assumed to be avail-
able in each mini-batch. No asymmetry is used by the BarlowTwins network, but
a larger embedding size and bigger mini-batches are preferred in this method in
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comparison to SimSiam.

Continual learning. Existing continual learning methods can be broadly divided
into replay-based, architecture-based, and regularization-based methods [27,96].
Replay-based methods save a small amount of data from previously seen tasks [8,21]
or generate synthetic data with a generative model [145, 160]. Architecture-based
method activate different subsets of network parameters for different tasks by al-
lowing model parameters to grow linearly with the number of tasks. Previous works
following this strategy include DER [154], Piggyback [93], PackNet [94], DAN [125],
HAT [131], Ternary Masks [97] and PathNet [42]. Regularization-based methods add
an additional regularization term derived from knowledge of previous tasks to the
training loss. This can be done by either regularizing the weight space (constraining
important parameters) [133, 137] or the functional space (constraining predictions
or intermediate features) [25, 35, 67]. EWC [73], MAS [2], REWC [84], SI [158], and
RWalk [19] constrain the importance of network parameters to prevent forgetting.
Methods such as LwF [83], LwM [31] and BiC [149] instead leverage knowledge
distillation to regularize features or predictions.

Our approach, called Projected Functional Regularization is a functional regu-

larization approach. Normally, these approaches distill information at the class-
prediction level between an old and new model. However, in self-supervised learn-
ing this has to be applied to the embedding output. Regularizing the embedding
layer is known to undermine plasticity [35], we therefore propose an additional
temporal projection network that maps between the latent spaces of current and
previous model. We show that this regularization prevents forgetting while obtain-
ing improved plasticity.
Continual representation learning. Continual unsupervised representation learn-
ing was investigated by [121] with an approach based on variational autoencoders
and a Gaussian mixture model. Still, detection of new clusters and model expansion
is necessary. In a very recent paper, the authors used contrastive self-supervised
learning with a memory buffer for storing exemplars [88]. They proposed the LUMP
method in which images from the current task and previous tasks are combined
with CutMix for continual training. One of the main differences between LUMP and
our approach is that ours does not require storing any data from previous tasks.

Our contribution is fundamentally different from methods using self-supervised
learning to improve the learning of a sequence of supervised tasks [58,168]. Their ob-
jective is not to learn from unlabeled data, but rather to use self-supervised learning
to further enrich the feature representation. The hypothesis of these works is that,
for class incremental learning scenario, the features learned via self-supervision will
be more generic than ones learned from task-bounded discrimination problems.
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Figure 2.1: Self-supervised continual learning with Projected Functional Regulariza-
tion. Instead of performing feature distillation directly between the previous task
backbone and the new one, we use a learned temporal projection between the two
feature spaces.

2.3 Continual Self-supervised Representation Learn-
ing

We begin with a discussion of self-supervised representation learning, and then
describe our proposed Projected Functional Regularization (PFR) approach for con-
tinual learning of self-supervised representations without the need of any memory
or replay.

2.3.1 Self-supervised representation learning

In recent works on self-supervised learning the aim is to learn a network fy : ¥ — F
that maps from input space & to output feature representation space %. This
network is learned on unlabeled input data x drawn from distribution 2. The
aim is then to exploit the learned feature representation to perform any variety
of downstream tasks. As an example, for the downstream task of classification
on some target domain, we have training data 9t = {xl? , yl.t} on which we learn
a classifier gy : & — % (with % being the output space) that minimizes a loss
L=0(y",7" =g (fo(x"))). Adaptation to the target domain might only optimize
the weights ¢ while keeping 0 fixed on the target data, or instead might also allow 6
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to be fine-tuned on the target data.

In this chapter we apply the BarlowTwins [157] approach to self-supervised
learning of the representation network fy. However, the proposed method is general
and can be applied to other self-supervised methods. BarlowTwins does not require
explicit negative samples and achieves competitive performance while remaining
computationally efficient, assuming that negatives are available in each mini-batch
to calculate correlation between all samples in it. The BarlowTwins architecture has
two branches (see the shaded area in Fig. 2.1). In both branches a projector network
z: % — Z is used. For the sake of notational simplicity, we do not make explicit
the parameters of the network z since it is not used by downstream tasks. The
parameters in the backbone and projector layer are shared between the branches.

The network is trained by minimizing an invariance and a redundancy reduction
term in the loss function [157]. Here, different augmented views X4 and X of the
same data samples X are taken from the set of data augmentations 2*. This leads
to the loss defined as:

ZLe=Ex, xz~2*

Z(l_(gii)z"'/lzzcgijz]r (2.1)
i

i j#i

where A is a positive constant trade-off parameter between both terms, and where
% is the cross-correlation matrix computed between the representations z of all
samples X4 and Xp in a mini-batch indexed by b:

A _B
b2},

VEb () [Tyl )

The cross-correlation matrix € has values in the range of -1.0 (worst) to 1.0 (best)
correlation between the projector’s outputs: Z4 = z(fy(X4)) and Zp = z(fp(Xp)).
The invariance term of the loss function encourages the diagonal elements to be 1.
As such the learned embedding will be invariant to the applied data augmentations.
At the same time, the second term (redundancy reduction) keeps the off-diagonal
elements close to zero and decorrelates the outputs of non-related images.

<€ij:

(2.2)

2.3.2 Projected Functional Regularization

Current work on self-supervised learning considers the above scenario where the
learner has access to a single, large dataset which can be revisited multiple times
to learn the optimal feature extractor fy. However, for many real-world scenarios
this is an unrealistic setup and the learner will have to learn the optimal feature
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extractor fp from a stream of data drawn from a distribution that varies over time.

We consider scenarios in which the learner must learn from a set of tasks, each
containing data drawn from a different distribution. We consider the tasks T' = {1...c}
where c is the current task and the data of task ¢ follows the distributions 2;. In this
case we would like to find the parameters 0 of the feature extractor fy that minimize
the summed loss over all tasks up to the current one c:

C
argmin Y £ 2.3)
=1

where fct = [EXA'XBN@[* [Zc] and £, is defined as in Eq. 2.1. Again, 2] refers to the
set of augmented samples from 2, (i.e. the data from task #). However, during
continual training we only have access to the data of one task, meaning that the
optimal parameters must be found using only the current data &.. Naive fine-tuning
results in parameters optimal for task ¢, however leads to catastrophic forgetting of
knowledge acquired during previous tasks.

Regularization methods are among the most successful at addressing catas-
trophic forgetting, especially for scenarios where storing of any data from pre-
vious tasks is prohibited (which is the objective in this chapter). Regularization
methods can be divided into two important groups: weight regularization ap-
proaches [2,73,158], which aim to find a set of weights that is both good for the
current task while incurring only a small increase in loss on previous tasks, and
functional regularization methods (also known as data regularization methods)
which optimize weights for new tasks while incurring only minimal changes in the
network outputs on previous tasks [65,110, 139].

The canonical example of functional regularization, called Learning without
Forgetting (LwF), was introduced in [65] and is based on knowledge distillation [63].
It was proposed for supervised continual learning and introduces an additional
loss that prevents the class predictions of previous tasks on the current data from
undergoing large changes while training on the current task data. This loss cannot
be directly applied to self-supervised learning since it requires class predictions.
However, several continual learning works have extended this idea to feature layers
by replacing the modified cross-entropy distillation loss with a distance (typically
L1 or L2) which can be applied to any layer output [35, 85, 156]. We will refer to this
as feature distillation (F D) and it leads to the following loss when training task t:

£t +Afabx,x,~2: [ for (Xa) = for1 (Xa) | + 1| for (xp) = fper (xp) l],  (2.4)

where 677! refers to the parameters learned after training up to task -1, and A fd
defines the importance of the regularization term.
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The regularization imposed on class predictions in the original LwF paper [65]
is not very restrictive: the weights can still significantly vary as long as the final
network predictions do not significantly vary. It has been observed in the literature,
however, that feature distillation is very restrictive and leads to continual learning
methods with low plasticity [35]. In addition, this loss directly penalizes the learning
of new features since these would lead to a difference between the new and old
model output || fyr (x) — fge-1 (x) ||. To address this problem we propose Projected
Functional Regularization (PFR).

We would like the network to retain previous feature representation while allow-
ing it to learn new features learned on new tasks. These new features should not be
directly penalized by regularization. To do so, we introduce a temporal projection
network m: Z — Z that maps the embedding learned on the current task back to
the embedding learned on the previous ones (see Figure 2.1). The new loss is:

L+ ApprEsyxy-2 [F (Mfygr (50), fgrm1 (X)) + S (M for (), fpr1 ()]

(2.5)
where .#(-,+) is a cosine similarity:
a’b
L(a,b)=———. (2.6)
llall2l1bll2

New features learned in fp: (x) do not directly result in an increased loss as long
as they lie in the null-space of m. As a consequence this loss prevents forgetting of
information of previous tasks while maintaining plasticity to adapt to new tasks.

2.4 Experimental Results

Here we report on a variety of experiments performed to evaluate the performance
of Projected Functional Regularization for continual self-supervised representation
learning without the need of an exemplar memory and replay.

2.4.1 Datasets
We use the following datasets in our evaluation:

» CIFAR-100: Proposed by [76], this dataset consists 100 object classes in 45,000
images for training, 5,000 for validation, and 10,000 for test with 100 classes.
All images are 32x32 pixels.

* Tiny ImageNet: A rescaled subset of 200 ImageNet [29] classes used in [136]
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and containing 64 x64 pixel images. Each class has 500 training images, 50
validation images and 50 test images.

¢ SVHN: contains 32x32 pixel images of from house numbers. There are 10
classes with 73,257 training images and 26,032 test images. From we split 5%
of the training images to use as a validation set.

e Cars: Was introduced in [75]. contains 16,185 images of 196 cars classes
which includes 8,144 as train set and 8,041 as test set.

e Aircraft: Was proposed in [91] and consists 6,667 images for training and
3,333 for testing of 100 classes.

The last three datasets are used for evaluating our proposed method on downstream
tasks. We downscale images to 64 x64 for Cars and Aircraft in our experiments.

2.4.2 Training procedure and baseline methods

In all experiments, we train a ResNet-18 [62] using SGD with an initial learning rate
of 0.06 and a weight decay of 0.0001. The network is trained with cosine annealing
for the first 1500 epochs. After these epochs of cosine annealing, the learning rate is
reduced by a factor of 0.8 for the both projectors (view and temporal) and 0.4 for the
backbone. The data augmentation process is the same as in BarlowTwins (which
was taken from SimCLR [22]). As a temporal projector, we use an MLP with a linear
layer of 512 neurons followed by a batch normalization, Relu and a second linear
layer of 256 neurons for CIFAR-100 and a linear layer with 512 neurons followed by
a ReLu for TinyImageNet.

Downstream task classifiers are by default linear with a cross-entropy loss and
are trained with Adam optimizer with a learning rate 5e-3 for CIFAR-100 and 5e-2 for
TinylmageNet. We use validation data to implement a patience scheme that lowers
the learning rate by a factor of 0.3 up to three times while training a downstream
task classifier.

In our experiments we compare with the following baseline methods:

¢ Fine-tuning (FT): The network is trained sequentially on each task without
access to previous data and with no mitigation of catastrophic forgetting.

* Single Task: We perform joint training with fine-tuning on all data which
provides an upper bound.

¢ Continual Joint Training (CJ]): We continually perform joint training on the
entire dataset seen so far. This is provides a tighter upper bound than Single
Task [6].
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 Feature Distillation (FD): Knowledge distillation is used as in LwF [83] to
retain representation from previous tasks. We use the L2 distance as the regu-
larization term, as is also proposed by other methods performing knowledge
distillation on feature embeddings [35, 85, 156].

* Elastic Weight Consolidation (EWC): We use the regularization method
from [73] with a contrastive loss used to estimate the diagonal of the Fisher
Information Matrix.

Note that we only compare to exemplar-free methods and exclude methods that
require replay from our comparison.

2.4.3 Continual representation learning

In this experiment we evaluate all methods in the incremental representation learn-
ing setting. The most straightforward way of doing this is to use the class incremen-
tal learning setting without access to labels. Specifically, we split datasets into four
equal task as done in [122]. In each task we learn a self-supervised representation
and in the evaluation phase we train a linear classifier using the trained backbone
encoder. In order to assess the learned representation, we use all available test data
to obtain the overall task-agnostic performance evaluation®

In Table 2.1 we present the results for all methods. After the final task, the upper
bound CJ obtains 60.6%, while a simple fine-tuning (FT) method reaches 56.8%.
This is the gap where methods using regularization can improve. Joint training on
all data at once outperforms CJ by 2.4%. PFR obtains an accuracy after the final task
of 60.1%, while other regularization methods FD and EWC reach 57.2% and 55.8%,
respectively.

In addition, we show the task-aware results on CIFAR 100 of the incrementally
learned representations in Figure 2.2. Here the models are the same as those used
in Table 2.1. Note that all other results in the chapter are task-agnostic (no task-ID
given during inference). Here, we also use training data from future tasks to train
the classifier: this allows us to also evaluate the performance of the tasks that have
not been seen by the feature extractor (see above diagonal elements). We observe
that all methods, including FT, incrementally improve results. Only our proposed
PFR method considerably outperforms FT in this setting. It is also interesting to
observe that PFR obtains positive backward transfer, since the performance on task
1 and 2 improves during the consecutive training sessions.

fcode available at https://github.com/alviur/ CVPR_PFR.git
Note that we use fask agnostic in this chapter to refer to the class-incremental learning evalua-
tion [96].
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Table 2.1: (top) Accuracy on CIFAR-100 with 4 tasks of 25 classes for incremental,
self-supervised training. The learned representation is evaluated using a linear
classifier over all classes after each task. (bottom) Evaluation of the same trained
models on a different downstream task - classification using SVHN dataset. Mean
and standard deviation over five runs are provided.

CIFAR100
Method | Task 1 Task 2 Task 3 Task 4

Single - - - 65.4+1.4

a 53.3+£0.7 58.4+0.8 60.8+1.1 63.6:+1.5

FD 53.3+0.4 55.6+0.5 56.8+1.0 57.8+0.5

EWC 53.0£0.3 53.1+0.3 53.8+0.6 55.0+0.4

PFR 53.240.4 56.4+0.4 582+0.3 59.7+0.3

FT | 53.4+0.5 53.0+0.7 54.6+0.2 54.8+1.0
SVHN

Method | Task 1 Task 2 Task 3 Task 4

Single - - - 64.0+1.4
CJ 60.6+2.6 63.2+1.7 63.4+1.3 63.0£1.3
FD 60.4+2.7 62.7+2.2 64.3+1.7 65.8+1.5
EWC 61.3+2.3 62.4+1.8 64.1+1.2 64.5t1.5
PFR 60.4+2.7 63.5+2.3 66.2+1.9 68.0£1.5
FT 60.4+2.7 61.0+£1.4 63.8£1.1 64.5+1.1

Learned representations. In addition to evaluating accuracy on downstream
classification tasks, we compare learned representation similarity with a Centered
Kernel Alignment (CKA) [74]. The results are given in Figure 2.3. When the task is
learned and immediately evaluated, the similarity is equal to one. When we finetune
the model with new data, we start experiencing representation degradation — seen
in decreasing values in the columns in Figure 2.3, left. With PFR, representation
forgetting progresses much more slowly. FT is the worst, having the first task
similarity after the last one with CKA equal 0.69, next is FD with value 0.72, and the
best is PFR with 0.82.

Many task scenario. Here we consider a challenging setting with longer sequences
—i.e. with more tasks. We experimented with our PFR method, fine-tuning(FT)
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Figure 2.2: Task-aware performance after the four consecutive tasks on CIFAR-100
for several methods. Each row reports the results after each task, and columns
represent on which task the model is evaluated. The last column reports average
accuracy after each trained task.

and feature distillation(FD) on CIFAR-100 split into 50 or 100 tasks. In the case of
100 tasks, we only have a single class per task, which is an interesting setting since
there are no negative classes, forcing the network to learn representations that are
discriminative at the instance level. Results are presented in Figure 2.4a, where
accuracy over all classes is given per training session for each method. Without any
mitigation of forgetting, FT cannot maintain the learned representations in longer
tasks sequences, dropping closely to the level of a randomly initialized backbone
(23%) in the extreme case of 100 tasks. FD is also struggling on the longer sequence
of 100 tasks. Only, our method shows stable results, preventing forgetting of the
learned representation and progressing steadily. Similar results can be observed
for 50 tasks, however the differences are not as pronounced as for the 100 task
sequence.

2.4.4 The influence of regularization

Each regularization method is applied differently to the self-supervised network. To
assess the influence of regularization and quantify its effect, we use the forgetting
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Figure 2.3: Representation similarity compared with CKA for FT, FD, and PFR during
incremental training.
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and intransigence measures defined in [19]. Forgetting measures the average drop
in accuracy per-task during continual learning. Intransigence describes the inability
of a model to learn a new task. Formally, it is the difference between a referential
model accuracy at task ¢ — for us jointly trained self-supervised model up to task ¢ —
and the current task accuracy measured using held-out data.

In Figure 2.4b all methods with different A parameter values are shown for
CIFAR-100 dataset. FT is a point of reference here since it uses no regularization
and maximum forgetting is expected. EWC is a weight regularization method that
regularizes network weight changes using the Fisher Information Matrix. With
larger lambda, forgetting is lower, but at the same time we pay the price of larger
intransigence. As in the other experiments, we found that weight regularization does
not obtain satisfactory results when applied to continual self-supervised learning.
Feature distillation represents a better trade-off. The closer the results are to the
bottom left corner, the better they are, and here PFR is the clear winner. The PFR
results are consistently better than FD by some margin, which implies that the
additional flexibility of the model introduced by the temporal projection network
indeed leads to higher plasticity while at the same time keeping forgetting low.
These results are confirmed on the larger Tiny ImageNet dataset (see Figure 2.4c).
Here, the gap between FD and PFR is much larger, showing that projected functional
regularization suffers from much lower forgetting at equal intransigence values.

2.4.5 Generality of the Approach

In order to verify that PFR generalizes to other self-supervised approaches, we con-
ducted a series of experiments with SImCLR [22], SimSiam [24], and BarlowTwins [157].
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Figure 2.4: (a): Performance of several methods for different numbers of tasks on
CIFAR-100. (b, c): Influence of regularization on forgetting and intransigence for
EWCG, FD, and PFR. FT uses no regularization and represents a point of reference.
The regularization hyperparameter A is given in parentheses, (b) presents results
for CIFAR-100 dataset, (c) for Tiny ImageNet.

Table 2.2: Accuracy of SimCLR, SimSiam and BarlowTwins on CIFAR-100 split into
10 tasks of 10 classes.

Method Task1l Task2 Task5 Taskl10
SimCLR PFR 40.4 4477 47.2 48.2
SimSiam PFR 43.1 50.2 53.1 55.1
BarlowT PFR 45.1 50.6 54.7 55.4
SimCLR FT 40.4 41.2 40.6 42.8
SimSiam FT 43.1 46.0 47.0 46.7
BarlowT FT 45.1 48.8 48.9 47.0

In Table 2.2 we present results of fine-tuning and PFR for a ten task scenario. PFR
results in 5.4%, 8.4%, and 8.1% improvement over FT after the final task. For this
longer task sequence scenario the gain of our method with respect to FT is much
larger when compared with results in Table 2.1. Starting from the second task, the
effect of projected regularization is clear. In the ten task scenario, SimSiam after the
first five tasks begins to outperform BarlowTwins, which is reflected by the results
in the Task 10 column.

2.4.6 Transfer to downstream tasks

To better asses the quality of the trained representation, we evaluated all methods
on a series of different downstream datasets. This allows us to evaluate the trans-
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Table 2.3: Accuracy on TinylmageNet split into four tasks. The learned representa-
tion is evaluated using a linear classifier over all classes after each task.

Method ‘ Task1l Task2 Task3 Task4
Joint (no CL) | - - - 460
FD 35.3 35.9 36.6 36.6
EWC 35.3 37.4 36.9 38.2
PFR 35.3 38.6 39.9 42.3
FT 35.3 38.3 38.5 39.1

ferability of the learned features during the continual training process. The results
for the smaller sized (32x32 images) CIFAR-100 and SVHN datasets are in Table 2.1
(bottom table). We observe a similar outcome as in the source dataset evaluation.
The best results use our PFR method, followed by FD, EWC, and finally FT. The
results are consistent during incremental learning: the better the representation
is on a source classification task, the better it is on the target (SVHN) dataset after
each task.

Furthermore, we trained all the methods on a larger dataset (Tiny ImageNet).
We use the same procedure as for CIFAR-100 with four tasks, but with bigger images
(64 x 64) and more classes (200). The results are presented in Table 2.3. In this
dataset our method (PFR) surpasses FD, which is followed by the modified EWC
and FT.

As in CIFAR100 we evaluate our networks trained on Tiny Imagenet on different
downstream datasets (Cars and Aircraft). The results are given in Table 2.4. For
these datasets, as in CIFAR100, the accuracy of the various techniques follows the
same pattern: PFR yields the best results, followed by FD, EWC, and finally FT.

2.5 Conclusion

In this chapter, we proposed a method for incremental self-supervised learning
without the need for any stored examples of previous tasks. Most existing regular-
ization methods for continual learning are applied to class predictions or logits.
Such approaches applied to self-supervised representation learning result in low
plasticity. To address this, we propose Projected Functional Regularization via a
temporal projection network that ensures that the newly learned feature space
preserves information of the previous one, while still allowing for the learning of
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Table 2.4: Transfer Learning to downstream tasks.

Cars
Method | Task1 Task2 Task3 Task4
Joint (no CL) | - - - 34.5
FD 27.1 30.6 31.8 31.1
EWC 27.1 28.3 27.7 27.8
PFR 27.1 31.1 33.1 33.8
FT | 271 295 292 315
Aircraft
Method ‘ Task1l Task2 Task3 Task4
Joint (no CL) | - - - 30.0
FD 24.6 25.6 27.0 27.0
EWC 24.6 23.8 25.3 25.1
PFR 24.6 26.2 27.0 28.4
FT 24.6 25.6 26.9 27.0

new features, resulting in higher plasticity. Extensive results on CIFAR100 and Tiny
ImageNet demonstrate that our approach outperforms standard feature distillation
by a considerable margin.

Finally, there are several limitations and future directions we discuss here. First,
due to the high computational demands, experiments have been performed on low-
resolution images, and they need to be confirmed for higher resolution data. Next,
our method assumes access to task boundaries and cannot be directly applied in the
task-free setting (without task boundaries) [3]. We think that this can be addressed
by replacing the regularization based on the model from the previous task, with a
regularization model that is updated with momentum. Next, continual learning
of transformer architectures has only recently started [36, 114]. Self-supervised
learning is a key ingredient of the transformer network training, and integrating
our theory with these attention-based architectures for their continual learning is
especially interesting. Finally, extending the theory with a limited replay buffer is of
interest and would allow to directly report class-incremental learning results where
the buffer is used to compute the classifier layer.



2.5 Conclusion

33






13 Plasticity-Optimized Complementary Net-
works for Unsupervised Continual Learning”

3.1 Introduction

Continual learning (CL) designs algorithms that can learn from shifting distribu-
tions (non-IID data), generally this is modeled by learning from a sequence of
tasks [27]. The main challenge for these methods is the problem of catastrophic
forgetting [99], which is a dramatic drop in performance on previous tasks. Most CL
approaches, therefore, need to address the trade-off between acquiring new knowl-
edge (plasticity) and preventing forgetting of previous knowledge (stability). The
vast majority of existing methods in continual learning have focussed on supervised
learning, where the incoming data stream is fully labeled. In this chapter, we focus
on continual learning on unsupervised data.

Only recently, some works have explored continual learning on unsupervised
non-IID data-streams [43,53]. Motivated by the tremendous progress in unsuper-
vised learning, notably of contrastive learning approaches [22,157], methods aim
to extend these methods to the continual setting. An additional motivation is the
fact that unsupervised learning tends to lead to more generalizable feature repre-
sentations since features that are not relevant to the specific discriminative task are
not automatically discarded. This can potentially lead to representations that can
faster incorporate new tasks without incurring significant amounts of forgetting.
PFR [53] uses a projection head after the feature extractor of an SSL framework to
predict past representations. Projected representations are motivated to be close to
past representations; therefore, the present model is encouraged to remember past
knowledge. CaSSLe [43] uses a similar strategy as PFR, but the projection head is
used after the projector of the SSL approach. Even though these methods obtain
satisfactory results, they struggle to adapt to new tasks without jeopardizing the
vast knowledge already accumulated by the network. We hypothesize that the regu-
larization imposed by these methods to avoid forgetting hurts the learning process
of CURL in the following ways: 1) the SSL component cannot fully adapt to the

*This chapter is based on a publication in the Proceedings of the IEEE/CVF Winter Conference on
Applications of Computer Vision 2024 [52]
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incoming data (low plasticity), 2) The model will have a significant drift (forgetting)
when the current model is unable to perform the SSL pretext-task. These effects
increase as the number of tasks increases, and consequently, the data for training
reduces.

Complementary learning systems (CLS) theory [79, 98] proposes a computa-
tional framework in which the interplay between a fast (episodic memory/specific
experience) and a slow (semantic/general structured) memory system is the core
of the mechanism of knowledge consolidation. Several existing CL methods have
taken inspiration from CLS as a way to find a good stability-plasticity trade-off
(see [108,112] for a review). The fast learner can quickly adapt to new knowledge,
which then is carefully absorbed by the slower learner. DualNet [117] proposes to
use a self-supervised method to train the slow, more generic learner, which weights
can be quickly adapted for solving a supervised task with exemplars from the replay
buffer. Recently, in [5] the authors proposed to use a CLS-based approach and
maintain separate plastic and stable models for online CL with experience replay.
However, existing methods that exploit CLS for continual learning have in common
that they only consider a supervised learning scenario.

This chapter aims to apply complementary learning systems theory to improve
continual learning from unsupervised data streams. The existing methods [43, 53]
can suffer from suboptimal stability and plasticity on longer sequences since they
have difficulty adapting to the new knowledge required to address the latest task,
while maintaining the vast knowledge already learned on earlier tasks. Instead,
we propose to train an expert network that is relieved of the task of keeping the
previous knowledge and can focus on the task of performing optimally on new tasks.
In the second phase, we combine this new knowledge with the old network in an
adaptation-retrospection phase to avoid forgetting.

In conclusion, the main contributions of this work are :

* A new exemplar-free continual unsupervised representation learning (CURL)
method called Plasticity-Optimized COmplementary Networks (POCON). Ex-
isting CURL methods learn new knowledge while imposing regularization to
prevent forgetting. Instead, POCON separates the learning of new knowledge
from the knowledge integration part. Analysis confirms that this leads to a
better stability-plasticity trade-off.

* Extensive experiments confirm that POCON outperforms state-of-the-art
CURL on various settings (e.g., a 5-9 % performance gain over CaSSLe on
ImageNet100 for a 20-100 task-split). Unlike previous CURL methods, POCON
can thrive in low-data regimes (such as small-task incremental learning) and
setups without task boundaries. We also demonstrate the application of
POCON to semi-supervised continual learning.



3.2 Related work

¢ We propose and evaluate a heterogeneous version of POCON, where the main
network can have a different network architecture than the expert. This opens
up the possibility for interesting applications where a slow/big network can
be deployed in a cloud environment, while a fast/slow learner can be utilized
on an edge device, such as a mobile phone.

3.2 Related work

Continual Learning and Class Incremental Learning. Existing continual learning
methods can be broadly categorized into three types: replay-based, architecture-
based, and regularization-based methods [27,96]. Replay-based methods either
save a small amount of data from previously seen tasks [8,21] or generate synthetic
data with a generative model [145, 160]. The replay data can be used during train-
ing together with the current data, such as in iCaRL [122] and LUCIR [66], or to
constrain the gradient direction while training, such as in AGEM [20]. Architecture-
based methods activate different subsets of network parameters for different tasks
by allowing model parameters to grow with the number of tasks. Previous works
following this strategy include HAT [131], Piggyback [93], PackNet [94], DER [154]
and Ternary Masks [97]. Regularization-based methods add a regularization term
derived from knowledge of previous tasks to the training loss. This can be done by
either regularizing the weight space, which constrains important parameters [133,
137], or the functional space, which constrains predictions or intermediate fea-
tures [25,35,67]. EWC [73], MAS [2], REWC [84], SI [158], and RWalk [19] constrain
the importance of network parameters to prevent forgetting. Methods such as
LwF [83], LwM [31], and BiC [149] leverage knowledge distillation to regularize
features or predictions. DMC [162] work is more related to POCON as the authors
proposed to train the expert network without any regularization for a classification
task. However, after that, in a distillation phase an additional auxiliary dataset is
used to integrate old and new knowledge.

Self-supervised representation learning. In recent years, unsupervised methods
based on self-supervision have become dominant in learning representation for
computer vision systems. The aim of self-supervised learning is to acquire high-
quality image representations without explicit labeling. Initially, these methods
addressed some well-defined pretext tasks, such as predicting rotation [50], deter-
mining patch position [32], or solving jigsaw puzzles in images [106], and labels
for these discriminative pretext tasks can be automatically computed to enable
learning of meaningful feature representations of images. Recently, researchers
have adapted contrastive methods for use with unlabeled data and have placed
more emphasis on instance-level data augmentation to find similar or contrasting
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Method \Labels Exemplars Regularization

DMC [162] v
DualNet [117]
CLS-ER [5]
LUMP [89]

PFR [53]
CaSSLe [43]
POCON

X X X[ X N NN
R I ANANEN
RN RN

Table 3.1: Comparison of SSL-based CURL. Only POCON does not use any regu-
larization during the training, what results in higher plasticity for the current task.
*DMC uses an auxilary dataset for distillation, instead of exemplars.

samples [9,15,22,57,157]. These methods heavily rely on stochastic data augmenta-
tion [151,171] to generate sufficient similar examples for learning representations,
and negative examples are either randomly sampled or excluded entirely [24].

Self-supervised learning has also been used to improve the learning of a se-
quence of supervised tasks [157,168]. Their objective is not to learn from unlabeled
data, but rather to use self-supervised learning to further enrich the feature rep-
resentation. Similarly, pre-trained models with self-supervision have been used
to improve incremental average classification metrics [47] with data augmenta-
tion, distillation, and even exemplars. Training self-supervised models directly on
class-IL setting without exemplars was also proposed in [43,53], where both present
results that self-supervised learning mitigates the problem of forgetting.

Complementary learning systems. There are CLS-based methods that use several
networks in addition to a rehearsal memory or pseudo-sample generator. Fear-
Net [72] uses a hippocampal network for recalling new examples, a PFC network for
long-term memories, and a third network to select between the PFC or hippocam-
pal networks for a particular instance. In [113], they propose a G-EM network
that performs unsupervised learning from spatiotemporal representations and a
G-SM network that uses signals from G-EM and class labels to learn from videos
incrementally. Closer to our work are DualNet [117] and CLS-ER [5] (previously
explained); however, both models are supervised and use exemplars. Table 3.1
presents a summary of similar CL methods.
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Figure 3.1: Overview of the POCON method that uses multi-stage training of com-
plementary learning system for unsupervised continual representation learning.
Three stages of training allow POCON to maintain fast and efficient adaptation of
the fast expert network while maintaining stable representation in a slow learner
— the main network. To avoid forgetting, knowledge from the new task expert is
integrated (adaptation) with the previous state of the slow network (retrospection).
The last stage of the training is dedicated for the best preparation of the new expert
for the new task.

3.3 Method

In this section, we describe our approach for continual learning of self-supervised
representations, referred to as Plasticity-Optimized COmplementary Networks
(POCON), which eliminates the need for memory or replay. Our method is based
on the complementary learning system (CLS) framework, and involves an interplay
between a fast-expert learner and a slow-main network. Our work is motivated
by the recognition that fast adaptation to new data is crucial in constructing more
robust representations during continual unsupervised representation learning.
Rather than attempting to maintain network stability in its old state through strict
or relaxed distillation methods, as suggested in recent works [43,53], POCON allows
the expert network to learn a new task freely without any restrictions. After acquiring
the new knowledge, we integrate it into the main network. In turn, the main network
serves as a good starting point for the new expert. Before presenting the details
of the POCON method, we first provide a brief introduction to the problem of
continual self-supervised representation learning.
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3.3.1 Self-supervised representation learning

In recent research on self-supervised learning, the objective is to train a network
Jfo: X — &, which maps input data from & to output feature representations in &.
The network is trained using unlabeled input data x sampled from a distribution
9. The learned feature representation is subsequently used to facilitate various
downstream tasks. In this chapter, we employ the BarlowTwins approach [157] for
self-supervised learning of the representation network gg. This approach serves as
a common baseline for previous works [43,53]. However, the proposed method is
versatile and can be extended to other self-supervised techniques.

In Fig. 3.1 (left) the BarlowTwins architecture is presented. Both branches use a
projector network z and both share the same parameters, but while computing the
empirical cross-correlation loss operates on different views of the same sample x
created by data augmentation techniques. For simplicity of notation, we omit the
explicit mention of z network parameters, since it is not utilized by downstream
tasks. The BarlowTwins method eliminates the need for explicit negative samples
and achieves comparable performance while maintaining computational efficiency.
It assumes that negatives are accessible in each mini-batch to estimate correla-
tions among all samples in it. The network is trained by minimizing an invariance
and a redundancy reduction term in the loss function [157]. Here, different aug-
mented views X4 and Xp of the same data samples X are taken from the set of data
augmentations 2*. This leads to the loss defined as:

gc:[EXA,XB~@*[Z(1—(5H)2+AZZC€U2], 3.1
7 i j#i

where A is a positive constant trade-off parameter between both terms, and where €
is the cross-correlation matrix computed between the representations z of all sam-

ples X, and Xp in amini-batch indexed by b: 6;; =¥, zl’;‘izfj/(\ /Y (z;;‘i)Z‘ Yy (zgj)z).

The cross-correlation matrix € contains values ranging from -1.0 (worst) to 1.0
(best) for the correlation between the projector’s outputs: Zs = z(gy(Xa)) and
Zp = z(gy(Xp)). The invariance term of the loss function encourages the diagonal
elements to have a value of 1. This ensures that the learned embedding is invari-
ant to the applied data augmentations. Meanwhile, the second term (redundancy
reduction) maintains the off-diagonal elements close to zero and decorrelates the
outputs of non-related images.
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3.3.2 Continual SSL Problem Definition

In this chapter, we consider a CL scenario in which the feature extractor fy must
learn from a set of task {1, ..., T} from different distributions, where each task ¢ from
that set follows the distributions ;. We would like to find the parameters 6 of the
feature extractor fy that minimizes the summed loss over all tasks T

T
argmin Y £ (3.2)
=1

where 2} =[x, Xp~D} [Z.] and %Z, is defined as in Eq. 3.1. However, finding the
right 8 poses the main problem in continual learning, as previous data Dy, ..., D;_;
is not available at time ¢ and Eq. 3.2 cannot be minimized directly.

3.3.3 Plasticity-Optimized Complementary Networks

We propose Plasticity-Optimized Complementary Networks (POCON) based on CLS
framework. POCON is composed of three stages training (see Fig. 3.1 for details): (1)
learn expert knowledge from current data task, (2) integrate new expert knowledge
to the main network, and (3) initialize the new expert from the updated main
network. Each stage is explained in the details in the next sections.

Stage (I: SSL of expert for the current task. In this step, we are interested to fully-
adapt to the input training data of the current task. Hence, a feature extractor gé is
used to learn in a self-supervised way (following Eq. 3.1) on the data D;. Note that
unlike previous methods (PFR and CaSSLe), we do not constraint in any way our
expert during the training (like imposing regularization to prevent forgetting). We
allow the expert network to be fully plastic and optimal for learning representation
for the current task.

Stage 2: Knowledge integration. Once we absorb the knowledge of the current
task in the expert network at Stage @, it needs to be transferred and accumulated
to the main feature extractor fy without forgetting previous tasks (see Fig.3.1 ).
To do so, we employ an additional adaptation projector n: Z — %, which maps
the embedding space from the main network fy to the embedding space learned in
the expert network g:. Then, to avoid forgetting, we use a retrospection projector
m: Z — Z that maps the embedding space learned on the current task back
to the embedding space learned on the previous ones. The final loss function
for the knowledge integration stage consists of an adaptation and retrospection
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component:

[ Xl
ZLinr =Ex,~2; ZO I n(gpr (X)) = fgr (xa) Il + Il m(fyr (Xa)) = fgr1 (xa)
i=

(3.3)

where both sources from which we integrate our knowledge: previous main
network fp1 and the current expert g, are frozen, and only fyr and adaptor
networks n and m are being updated by this loss function. The goal is to integrate
knowledge using distillation and current task data.

Stage 3): New expert initialization. In order to begin the training on the next
task, the expert g(;)“ must be prepared to solve the new task with the best prior
knowledge for training new task representation efficiently. In this stage, we need to
initialize a new expert (see Fig. 3.1 (3) in the best way. Improper initialization can
influence the training epochs in Stage (D and make the problem of adaptation for
projector n more difficult in Stage ). We looked into two potential initialization
setups based on the similarities between the expert and main backbones. The
homogeneous setup, where both the main network and the expert network share the
same architecture. This is the default setup in our experiments. In addition, we will
also consider the heterogeneous setup, where the expert has another architecture
than the main network. This allows, for example, to apply smaller networks when
per task data is limited, or computation should be performed on edge devices.
Homogeneous setup (CopyOP): In order to begin the training of gg’l with all the
accumulated knowledge till £ we can just copy the weight of the main network fgt
into g(;)”. This operation avoids the recency bias of (g(f)) and provides an excellent
initialization point for g(Z“ to continue learning. Furthermore, CopyOP makes
the problem of the adaptation projector n easier since gg’l will have a similar
representation to fgt . The main drawback of CopyOP is that it constrains of POCON
to use the same architecture for the main fgt and the expert gi*! networks.
Heterogeneous setup (D2eOP): This distillation-based initialization method allows
the use of heterogeneous network architectures for fQ’ and gg’l in POCON. In order
to transfer the knowledge, we propose a projected distillation as in Stage 2) using
a fresh adaptation projector n. Despite being more computationally demanding,
this way of transferring knowledge offers one big advantage — different architecture
for gg’l allows the use of a smaller backbone network or even very different ones,
e.g. ViT. Using a smaller backbone is useful for low-data regimes (as we will show
later) or for devices low in computational power at the time of learning the expert



3.3 Method

“
ge W
w

(a) Plasticity (b) Stability task 1 (c) Stability task 8 (d) Stability task 15

Figure 3.2: Plasticity-stability trade-off in POCON and PFR: (a) accuracy of a current
task during the continual learning session, (b-d) accuracy of task 1, 8, and 15 in the
following incremental steps of learning the representation with POCON and PFR.
POCON presents superior stability to PFR at the same time still maintaining better
plasticity, with its non-restrictive training of the expert network.

(robotics, edge devices). The loss function for D2eOP in Stage ) is given as:

| Xal
ZLheor =Ex,~27 Zl I gy (xa)) = fyr (xa) | (3.4)
i=

where n is a projector that adapts the embedding space of new expert g(;“ to the

previous one from the main network with current task data D’. The difference of
D2eOP and CopyOP is presented in the right column of Fig. 3.1.

Other initialization options exists. We discuss them and provide more results in
the Appendix.

3.3.4 Plasticity-stability trade-off in CURL with SSL
Our work is motivated by two key observations:

¢ Regularized-based CURL models (PFR and CaSSLe) have an implicit handi-
capped plasticity. During the training, they learn new tasks data using SSL
while maintaining the backbone representations close to the previous tasks
to avoid forgetting. Therefore, the backbone network cannot fully adapt to
current data due to the regularization imposed by the CL method.

¢ As the number of tasks increases, current CURL models lose stability. In
this case, the data distribution changes more abruptly and the backbone is
pushed to follow an imperfect estimation of the new distribution restricted
by the regularization of the old model (see first observation). Hence, these
models are not as plastic as finetuning and do not present stable behavior.

In Fig. 3.2 we present the stability-plasticiy tradeoff for twenty task partition of
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CIFAR100 in PFR and our method (POCON). For the plasticity plot, we evaluate the
accuracy at the end of each task ¢ using task ¢ data for training and evaluation. The
stability plots were made by training and evaluating in a fixed task partition (1, 8,
and 15 for Fig. 3.2) after the training of each task ¢.

As Fig. 3.2 a) shows POCON has a higher accuracy (more plastic) in most of the
task during the whole training. As training an expert in stage (1) is not constrained
by any regularization. Morover, Fig. 3.2 b), ¢), and d) display how POCON is able to
retain previous representations over the whole incremental learning session, where
our double distillation (adaptation and retrospection) is able to retain the learned
representation correctly.

3.4 Experimental Results

3.4.1 Experimental setup

Datasets We use the following datasets: CIFAR-100 [76], consists of 100 object
classes in 45,000 images for training, 5,000 for validation, and 10,000 for test with
100 classes. All images are 32x32 pixels; TinyImageNet a rescaled subset of 200
ImageNet [29] classes used in [136] and containing 64 x64 pixel images. Each class
has 500 training images, 50 validation images, and 50 test images; ImageNet100 a
subset of one hundred classes from ImageNet [29] that contains 130k images of size
224 %224 pixels.

Training procedure In all experiments, we train ResNet-18 [62] (or ResNet-9 for
the heterogeneity experiment) for expert and main network using SGD with an
initial learning rate of 0.01 and a weight decay of 0.0001 for 250 epochs (200 for
ImageNet100)in Stage . For Stage (2) same optimization procedures as Stage Q) is
followed but for 500 epochs (400 for ImageNet100).

The data augmentation used in Stage D) is the same as in BarlowTwins [22]).
Based on the self-supervised distillation ideas of [104, 129], we use a four-layer MLP
projector as adaptation and retrospection projectors following the architecture
of [104].

Downstream classifiers are by default linear and trained with a CE-loss and
Adam optimizer with a learning rate 5e-2 on CIFAR-100, and 3 on TinyImageNet.
We use validation data to implement a patience scheme that lowers the learning
rate by a factor of 0.3 and 0.06 up to three times while training a downstream task
classifier. For ImageNet100 we use the same training and evaluation procedure
as [43].

Baseline methods
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We only compare to exemplar-free methods and exclude methods that require
replay from our comparison'.

Fine-tuning (FT): The network is trained sequentially on each task without
access to previous data and with no mitigation of catastrophic forgetting.

Joint: We perform joint training with fine-tuning on all data which provides an
upper bound. Equivalent to having a single-task scenario.

PFR [53] and CaSSLe [43] with Barlow Twins: We use the code and hyperparam-
eters provided by the authors, in PFR we used A = 25 for all the experiments.

In continual semi-supervised learning (section 3.4.5), we consider the following
methods. Regularization-based methods: Learning without Forgetting (LwF) [83],
online Elastic Weight Consolidation (0EWC) [73], Replay-based methods: Experi-
ence Replay (ER) [124], iCaRL [122] and GDumbciteprabhu2020gdumb, and Con-
tinual semi-supervised learning methods: CCIC [11], PAWS [7] and NNCSL [71].

3.4.2 Continual representation learning

In this experiment, we evaluate all methods in the continual representation learning
setting, where each task consist of a distinct set of classes from a single dataset.
Splits are prepared similarly to the class incremental learning setting, but without
access to labels. Specifically, we split datasets into four, ten, twenty, fifty, and one
hundred equal tasks as done in [122]. In each task, we perform SSL (Stage (D),
knowledge integration (Stage 2)), and a new expert initialization (Stage (3)). In the
evaluation phase, we train a linear classifier using the learned representation of
the main network encoder. Please note that the expert network is never used for
evaluation (unless specified). We use all available test data to obtain the overall
task-agnostic performance evaluation®. In all our tables we report the accuracy in
the last task.

Homogeneous setup. Table 3.2 presents the results for all the methods on three
commonly used dataset - CIFAR100, TinylmageNet, and ImageNet100. For CI-
FAR100 the upper bound of Joint training for a single task is 65.4%. Note, that the
gap between FT and Joint is getting bigger with more tasks, from 10.6% for four task
up to 38.4% for extreme case of one hundred tasks. POCON is significantly better
than CaSSLe and PFR for different number of tasks. In four tasks setting, POCON is
only 1.7% points lower than Joint, while second next, CaSSLe reaches 3.3% pints
lower accuracy. With the increasing number of tasks, the CaSSLe performance
drops faster than PFR, while POCON maintains superior results against others and
presents the lowest decrease in performance.

fCode available at https://github.com/alviur/pocon_wacv2024
We use task-agnostic evaluation in this chapter to refer to the class-incremental learning evalua-
tion [96] as in CaSSLe and PFR methods
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CIFAR-100 (32x32)
Method | 4tasks 10tasks 20tasks 50tasks 100 tasks

FT 54.8 50.94 44.95 38.0 27.0
CaSSLe | 59.80 52.5 49.6 45.3 42.10
PEFR 59.70 54.33 44.80 46.5 43.30
POCON | 63.7 60.5 56.8 48.9 48.94
Joint | 65.4
Tinylmagenet (64x64)

Method ‘ 4tasks 10tasks 20tasks 50tasks 100 tasks
FT ‘ 41.95 36.55 32.29 22.34 2.80
CaSSLe | 46.37 41.53 38.18 28.08 25.38
PFR 42.23 39.20 31.22 25.87 21.20
POCON | 40.97 41.06 41.14 37.20 30.24
Joint | 50.18

ImageNet100 (224x224)
Method | 5tasks 10tasks 20tasks 50tasks 100 tasks
FT 56.10 48.13 42.73 39.64 21.03

PFR 66.12 60.46 54.84 42.18 38.34
POCON | 66.30 61.36 59.32 53.50 45.40
Joint 71.06

|
|

CaSSLe | 67.56 59.78 53.92 46.64 36.44
|

Table 3.2: Accuracy of a linear evaluation on equal split various datasets and dif-
ferent number of tasks with ResNet-18. POCON present better result than other
regularization-based methods and maintain high accuracy even with increasing
number of tasks.

The results for Tinylmagenet and ImageNet100 follow the same procedure as for
CIFAR-100, but here we have larger images (64x64 and 224x224) and more classes
for Tinylmagenet (200). In this case, POCON outperforms other methods whenever
the number of tasks is higher, 20 for TinylmangeNet and 10 for ImageNet100. For
a few tasks scenario, POCON will be close to other CL methods due to high data
availability. The accuracy gap between POCON and other methods increases with
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the number of tasks.
Heterogeneous setup. An expert in POCON can use a different network architecture
than the main network. That opens the possibility of using a smaller network for the
expert whenever this can be beneficial, e.g., tasks are small with not enough data to
train a large ResNet-18 network, or the device where the expert network is being
trained is not powerful enough (robot, edge). We investigated heterogeneous archi-
tecture use in POCON with a smaller network, ResNet-9 which has 6.5M number of
parameters instead of 11M in ResNet-18. The results are presented in Table 3.3.
The different combinations of POCON are presented for using smaller network
in expert only, or for both, expert and main networks. With increasing number of
tasks it is more beneficial to use smaller expert (20 tasks). And having less data per
task (50 and 100 tasks) we see improved results when as well the main network is
smaller, we gain 4.6% changing from ResNet-18 to ResNet-9 for one hundred tasks.

Method Arch ‘ 4tasks 10tasks 20tasks 50tasks 100 tasks
POCON RI18-R18 | 63.7 60.5 56.8 48.9 48.94
POCON RI18-R9 62.05 60.5 57.48 49.7 47.94
POCON R9-R9 58.34 58.32 56.07 53.3 51.22

Table 3.3: Accuracy of linear evaluation with heterogeneous POCON architecture
using ResNet-18 (R18) and ResNet-9 (R9) on split CIFAR-100. With increasing
number of tasks and lower data POCON benefits from a smaller ResNet-9 network,
first, only for the expert (20 tasks) and later (50 tasks) for both networks, expert and
main.

3.4.3 Other possible expert initializations

We investigated two additional initialization regimes for the expert network:

ScratchOP - which is a trivial way to initialize g 5)+1 with random weights. This
initialization is fast and completely clean of any bias (either good or bad) of previous
data. The main drawback is that previous knowledge could help g(;“ to learn better
representation. There is no knowledge transfer to the new expert.

FtOP - which begin the training of the next task using the expert from the
current one. That is a reasonable assumption if the distributions of consecutive
tasks are similar. This initialization copies the weights of ggz into g(;)“, allowing a
good initialization point for the training of the task ¢ + 1. This approach has two

disadvantages: first, the knowledge of g(; has alot of recency bias (g(z has already

t+1

forgotten knowledge from tasks £ —1); second, the architectures of gé and A need
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CIFAR-100
Method exemplar 0.8% 5.0% 25.0%
Exemplar-based methods
ER [124] v 82+01 13.7+06 171+0.7
iCaRL [122] v 36+£01 113+03 276104
GDumb [119] v 8.6 £0.1 99+04 10.1+ 04
CCIC [11] (500) v 11.5+0.7 195402 203+0.3
PAWS [7] (500) v 16.1+£04 21.2+04 19.2+04
NNCSL [71] (500) v 274+05 31.4+04 353+03
Exemplar-free methods

Fine-tuning X 1.8+£0.2 5.0+£03 7.8+0.1
LwF [83] X 1.6 £0.1 45+0.1 8.0+0.1
oEWC [73] X 1.4 +£0.1 47+0.1 7.8+0.4
Prototypes X 19.2+£09 235+£04 24.1+0.1
Prototypes+SDC X 227+06 276+04 28.5+0.1

Table 3.4: Semi-supervised continual learning comparison on CIFAR100 dataset.
The number between brackets indicates the size of the memory buffer. We highlight
the best method in each group with bold fonts.

to be homogenous to perform the copy operation.

Table 3.5 show results of ScratchOP and FtOP expert initialization for POCON in
CIFAR-100. The results for CaSSLe and PFR are recall once again here for an easy
comparison.

3.4.4 Task-free setting

To show the ability of POCON to handle varying data streams, we test it in the task-
free setting. In this setting, there is no explicit boundary between tasks, the data
from one task changes smoothly to the data from the next [81, 159]. This prevents
methods from having a fixed point where the network can change and prepare for
the new task; the adaptation is ongoing. For instance, when we receive data D;
there is a mix with the data D;_;. At some point, we only get data from Dy, but later
on, we will get a mix with D ;. For this experiment, we employ the data partition
of [159] for the CIFAR100 dataset with beta equal to 4.

Fig. 3.3 depicts a data partition for 10 tasks and beta 4 based on [159]. The y-axis
denotes the probability of selecting a sample in an iteration. Hence, the batches of
data will contain a mixture of tasks data proportional to the probability of taking
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Table 3.5: Results of ScratchOP and FtOP expert initialization for POCON in CIFAR-
100.

CIFAR-100 (32x32)
Method 4tasks 10tasks 20tasks 50tasks 100 tasks

FT 548 5094 4495 380 27.0

CaSSLe 59.80 525 49.6 453 42.10

PFR 59.70  54.33 4480 465 43.30
POCON

ScratchOP | 57.64 4687  39.69 3042  30.50

FtOP 620 5813 5557 4864  47.06

Joint | 65.4

a sample for each class (beta= 4 produces a mixture of two tasks). Fig. 3.3 shows
where the mixed batches are taken, for instance at 8000 iteration for this particular
instance. In such created setting, there are no explicit tasks’ boundaries that could
be used in the continual training session to initiate additonal step for training a new
task.

Since there is no clear boundary, we cannot perform distillation without losing
data from the stream of mini-batches. In this setting, POCON performs Stage @ in
parallel with Stage (D. In order to do so, a frozen copy of the expert g, is used for
the Stage @) while a new expert is learning on the current data. After s steps, a copy
of the expert gy is passed to perform a distillation for ds steps. Note that we do
not store any data; distillation for Stage 2) and SSL in Stage (D) is always performed
using the current mini-batch data. Stage () is omitted, as the expert network is not
changed and initialized, as there is no task switch.

To compare to other method, we adapted PFR to work in the task-free setting
similarly. In this case, the feature extractor of past data is updated after s steps (copy
of the current feature extractor), and the regularization is performed during the
whole training as in normal PFR. We also present results with a simple fine-tuning
(FT).

Fig. 3.4 presents the results of linear evaluation of the learned representation in
continual learning for the ten, twenty, and fifty data partitions settings.

Only at the first steps at the beginning, for 10 and 20 tasks, PFR and FT accuracy
is above POCON. However, that changes significantly in the following steps in favor
of POCON, which continues improving learned representations. Unlike PFR and FT,
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Figure 3.4: Task-task setting for CIFAR-100 with different length of incremental
learning sequence. Plots present linear evaluation of learned representation for
the blurred 10, 20, and 30 data partitions respectively (like in [81, 159]). POCON
presents significantly better results with stable learning accuracy curves.

POCON has a more stable learning curve for all task splits. The improvements over
PFR and FT are better for more tasks, since the regularization-based method hurts
plasticity while learning new tasks with PFR.

3.4.5 Continual semi-supervised learning

We propose a simple extension of POCON to the semi-supervised setting, where a
small percentage of the data is labeled. We train the method in the same fashion
as the unsupervised case, and we initially ignore available labels. After updating
fG‘ until convergence with POCON, we initialize the prototypes of each class as the
average of the labeled samples. Then we assign all unlabeled data to the nearest
prototype center, and we again compute the average of all samples assigned to
each prototype. We perform the same procedure after each of the tasks. We call
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this method Prototypes. We also show for Profotypes+SDC where we use Semantic
Drift Compensation [156] to prevent forgetting - we estimate and compensate for
learned class prototypes drift.

In Table 3.4 we present the results for continual semi-supervised learning under
three levels of supervision, namely with only 0.8%, 5.0% and 25.0% of samples
labeled (following the settings of NNCSL [71] and CCIC [11]). Simply applying
prototypes with POCON achieves much better results than the other exemplar-
free methods (LwF [83] and oEWC [73]). The method outperforms the continual
learning methods which only exploit the labeled data (such as ER, iCaRL, and
GDumb). Furthermore, it also outperforms the semi-supervised methods CCIC and
PAWS. Note that our method, without storing any exemplars, is only outperformed
by the recent NNCSL method which requires exemplars and is dedicated to the
semi-supervised learning setting.

3.5 Conclusions and Future directions

We proposed a method for exemplar-free continual unsupervised representation
learning called Plasticity-Optimized COmplementary Networks. POCON trains an
expert network that performs optimally on the current data without any regular-
ization (optimizing plasticity). The knowledge is transferred to the main network
through distillation while retaining similarity with the old main network to avoid
forgetting. Experiments of CIFAR100, TinyImagenet, and ImageNet100 show that
our approach outperforms other methods for SSL exemplar-free CL learning (PFR
and CaSSLe), and it is especially good for many tasks scenarios.

The POCON method presents several opportunities for improvement. One
promising direction is to extend the method to the scenario where multiple experts
can be trained in parallel on different tasks, similar to the clients in federated learn-
ing. Secondly, heterogeneity of the fast and slow learner can be better investigated
— how we can benefit from having different architectures (even mixed ones with
transformer-based network).

Limitations. Although we show how to squeeze (and retain) the knowledge learned
by the SSL method, when the number of samples per tasks is too low, the knowledge
transfer (stages @) and (3)) and the expert training (stage (I)) degrades. Note that in
this extreme scenario, we are going towards online continual learning.
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Exemplar-free Continual Representation

Learning via Learnable Drift Compensation®

4.1 Introduction

The standard supervised learning paradigm assumes that data are available in a
single training session. This belies, however, the reality of many real-world scenarios
in which machine learning methods must deal with data that arrive in a continuous
and non-stationary stream of tasks. These shifting distributions lead to catastrophic
forgetting if approached naively (for instance, with continuing stochastic gradient
descent) [99]. Continual Learning (CL) considers the design of algorithms capable
of learning from such streams of non-stationary data.

Several techniques have been proposed for continually training models, such
as regularization [2, 73, 83, 158], exemplar replay [17, 36,66, 122, 149], and growing
architectures [127]. One group of methods focuses on the more difficult exemplar-
free continual learning scenario where the storing of exemplars is prohibited [54,
115,156, 168, 169]. This setting is relevant in applications where storing previous-
task samples is not feasible due to memory limitations, legal constraints arising
from new data privacy regulations (like GDPR), or when handling sensitive data
such as medical imaging where patient identity must be protected.

One of the main limitations of exemplar-free CL methods is that, as the back-
bone is updated during the training of new tasks, the network experiences semantic
feature drift [156]. This feature drift results in catastrophic forgetting and a signif-
icant drop in performance. As a consequence, most exemplar-free methods are
evaluated in Warm Start settings (starting from a large first task or from a pretrained
network) to start from a strong backbone and thus avoid significant semantic drift
of backbone network [54, 66,85, 100, 149, 156, 167-169]. In fact, a recent paper [115]
showed that a simple strategy combined with a frozen backbone after learning
the first task can lead to very competitive results in this Warm Start settings. In
this chapter, we focus on the exemplar-free Cold Start setting [90] in which we
train a network from scratch, starting with a small task, and continually update the

*This chapter is based on a publication in Proceedings of the IEEE/CVF European Conference on
Computer Vision 2024 [51]
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backbone."

Class Prototype (CP) accumulation is among the most successful approaches to
exemplar-free continual learning [54, 70,100, 111]. CP methods store class proto-
types computed using training data and then use them to classify using a distance
classifier in feature space. Class Prototype methods are attractive since they can
be agnostically applied to any feature extractor, such as multilayer perceptrons,
convolutional neural networks, or transformers. CP methods have been successfully
applied in Warm Start settings [54, 100, 115] but are expected to struggle in Cold
Start settings due to significant semantic drift.

In this chapter, we aim to apply class prototype methods in Cold Start settings.
The main challenge in this setting is the semantic drift of the feature backbone, due
to which class prototypes become progressively invalidated since the mean position
of each class moves with each new task and cannot be corrected without access to
old data in exemplar-free settings. However, in an initial analysis of feature drift (see
Fig. 4.1), we observe that an oracle that perfectly compensates for feature drift leads
to a significant recovery of performance. This is an important observation since
it shows that semantic drift has not diminished the discriminative power of the
feature representations. Consequently, we show that if drift is correctly estimated,
feature drift compensation can correct for most of the performance drop resulting
from it.

Existing drift estimation methods [140, 156] assume that the drift can locally
be approximated with a translation. Instead, we propose a simple Learnable Drift
Compensation (LDC) approach to update old class prototypes which has not prior
assumptions on the nature of the drift. The learnable compensation maps the
previous task features to the current feature space via a forward projector network.
This compensation can be learned from only the stored old class prototypes and
does not require class labels. Owing to the label-agnostic nature of LDC, we propose
the first semi-supervised exemplar-free approach, which uses the labeled data only
to compute prototypes and all available data to learn a robust forward projector.
The main contributions of this work are as follows:

* We show that a large part of forgetting in prototype-based methods can be
addressed by prototype compensation. Very little actual forgetting of features
crucial for previous tasks is occurring, which motivates the need to develop
drift compensation methods for continual representation learning.

* We propose a new exemplar-free continual learning method, which we call
Learnable Drift Compensation (LDC), that is based on class prototype accu-

T This setting is predominant in exemplar-based continual learning but hardly explored for exemplar-
free methods.
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mulation, can compensate the drift of a moving backbone, and is fast and
easy to add on top of CP-based methods.

* We experimentally demonstrate that LDC is better than previous drift com-
pensation methods for supervised exemplar-free CL setup. We show that LDC
can be applied to any self-supervised CL method to create the first, to the
best of our knowledge, exemplar-free semi-supervised CL method.

4.2 Related Work

Continual Learning [73, 99] addresses the issue of catastrophic forgetting when
training model on a non-i.i.d stream of data [96]. Various methods [96, 165] have
been proposed to tackle this problem, including parameter isolation methods [94,
127,131], regularization techniques [2,73,83], and rehearsal strategies [20,122]. In
this chapter, we focus on class-incremental learning [143], where the learner has no
access to the task oracle during inference, without the need to store any exemplars.

Exemplar-free Class Incremental Learning. In this chapter, we consider the
challenging exemplar-free CIL setting. PASS [168] aligns prototypes of new classes
with those of previous tasks via augmentation with noise. SSRE [170] focuses on
continually expanding the model’s representations to accommodate new classes.
FeTrIL [115] translates old prototype features using the difference between old
and new prototypes to create pseudo-features of old data in the new space. In Fe-
CAM [54], the heterogeneous distribution of features in class-incremental learning
is exploited using anisotropic Mahalanobis distance instead of Euclidean metric.

Continual Representation Learning. CURL [121] performs continual unsuper-
vised representation learning and is based on a variational autoencoder whose
latent space can be sampled to replay samples of old classes. CURL is applicable
only to small-sized image datasets, requires task boundaries, and is evaluated only
on simple classification task. Using self-supervised learning to enhance the learning
process of a sequence of supervised tasks was introduced in prior works [157,168].
Their aim is not to learn directly from unlabeled data, but rather to leverage self-
supervised learning to enrich the feature representation further. Similarly, several
studies [14, 18,47, 89, 109] have used pre-trained models with self-supervision to
enhance incremental average classification accuracy through techniques like data
augmentation, distillation, and even exemplars. Furthermore, models are trained
in self-supervised way in the class-incremental learning (CL) setting without relying
on exemplars, as seen in [43,53].

Continual unsupervised learning can be straightforwardly extended to address
the challenge of semi-supervised continual learning, where training phases abstain
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from utilizing labels entirely, similar to the approach in CaSSLe [43]. However, a
limitation of this approach is mitigated by NNCSL [71], which builds upon the
PAWS [7] for continual learning. Nonetheless, it is worth noting that these methods
typically rely on exemplars to achieve satisfactory performance.

Drift estimation. An obstacle to exemplar-free methods is the drift of backbone
features, which can result in catastrophic forgetting. Semantic drift compensation
(SDC) [156] addresses drift compensation by computing the drift of features using
new task data and approximating the drift of old class prototypes based on this
information. Subsequent work [140] extended SDC by also considering feature
drift. Elastic feature consolidation (EFC) [90] regularizes the drift in a direction
highly relevant to the previous task using the empirical feature matrix. Recently,
Adversarial drift compensation [55] was proposed to generate adversarial samples
from new task data which behaves as pseudo-exemplars and are used for estimating
drift of old classes. Our method shares a similar objective of estimating feature
backbone drift, but we propose a different approach by suggesting the use of a
dedicated network for drift compensation.

Memory efficient CIL through feature adaptation (MEA) [69] addresses the
problem of feature drift. It stores the features after the backbone and corresponding
labels. A learned mapping is applied to translate stored features into the new space
to compensate for drift. Unlike our method, MEA requires labels of features, making
it unsuitable for unsupervised and semi-supervised settings. Additionally, MEA
stores an extensive amount of features for all old classes, leading to higher memory
requirements.

4.3 Preliminaries

4.3.1 The Continual Learning Problem

We consider a class-incremental learning setup where a model learns the dataset
D split into a sequence of tasks T = {13, ..., £;}. During the training of each task,
the model only has access to the data in the split ¢ (exemplar-free setup). Each
task contains a set of m classes C’ = {c{, c}, .., ¢},} and there is no overlap between
classes of different tasks: C!: N C* = @ for t # s.

Samples inside a task ¢ can contain different data depending on the learning
method. For supervised learning, each sample is a pair (x;, y;) where x; is an image
of class y; € C'. In the semi-supervised setting, L samples have an assigned label y;
and U samples are unlabeled images x; (usually L; << Uy).
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4.3.2 Motivation

Not all forgetting is catastrophic.

Semantic feature drift, as described in prior work [156], manifests when a model
learns sequentially. In continual learning, the prototypes computed for task ¢t may
lose relevance for future tasks because the position of class c after training on task
t differs from that in task ¢ — 1. This phenomenon is independent of any learning
paradigm (whether supervised or unsupervised) and impacts all non-frozen models
during incremental training.

To demonstrate the impact of feature drift on Class-Prototype (CP) methods, we
conduct experiments using a ResNet-18 backbone trained in a Cold Start setting
on 10-task CIFAR-100 and evaluate the performance of classes from the initial 3
tasks after training on all tasks. Fig. 4.1(a) illustrates the backbone trained with
the supervised continual Learning without Forgetting (LwF) strategy [83], while
Fig. 4.1(b) shows the backbone trained with the unsupervised continual learning
(CaSSLe) method [43]. We use a Nearest Class Mean (NCM) [122] classifier to predict
the labels of the test set for the classes encountered up to each task .

In Fig. 4.1, we show the NCM accuracy using four types of prototypes:

* Naive prototypes (p,,ive): These are prototypes without any update or cor-
rection. More specifically, prototypes of classes C are computed at the end
of £ and used as is afterward.

¢ Corrected prototypes (P.orrected): At the end of each task, all stored proto-
type positions are corrected using LDC (see Section 4.3.3), without the use of
exemplars. This correction strategy is the main focus of this chapter.

¢ Oracle prototypes (p,racie): The true position of all old class prototypes is
computed by utilizing all the training data from old tasks at the end of ¢.

* Jointly trained prototypes (p;,in:): The prototypes are computed using a
model which is based on incremental joint training. This serves as the upper
bound.

We observe that while a substantial gap in performance exists between the
Pnaive and pjoin: accuracy in the two plots, which is generally referred to as catas-
trophic forgetting, a major part of this forgetting can be mitigated using poracie-
This indicates that a significant amount of forgetting can be attributed to the drift in
class prototypes which can be reduced by correcting the position of old prototypes.
For example, for the case of task 1 and 2 (red lines) we can observe that the features
that are discriminative for the task 1&2 are present in the backbone and have not
been significantly impaired by the learning of subsequent tasks.
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Figure 4.1: Last task accuracy of class-prototype accumulation strategies using
an NCM classifier in the 10-task CIFAR-100 scenario. The figure row shows
regularization-based methods (a) LwF and (b) CaSSLe. Here we show result for
two settings: Tasks 1&2 shows how the performance on the first two tasks evolves
while incrementally training all tasks. Analogously, Tasks 1&2&3 shows how the
performance on the first three tasks evolves over training of all ten tasks.

However, regularization methods (like LwF and CaSSLe) are not enough for
mitigating forgetting. This motivates us to explore drift compensation. We will
demonstrate that correcting the prototypes with our method LDC improves the
performance of pj4ive tO Peorrected by big margins (around 38% for tasks 1&2&3 in
unsupervised setting).

Limitations of Semantic Drift Compensation.

The closest methods to LDC rely on SDC. However, this method has an important
weakness: it assumes a fixed local transformation for drift (namely locally it can be
captured by translations). If semantic drift follows a different type of transformation,
such as scaling, this assumption will lead to errors in the estimated drift.

To illustrate this point, Fig. 4.2 presents a toy example showcasing translations,
rotations, and scaling applied to three sample distributions. In this experiment, we
aim to estimate the true mean of C; after it has drifted by using the transformation
observed in Dy, as a reference. When only translations are applied (first row), SDC
perfectly estimates the distribution’s drift. However, under transformations that
include rotations and scaling (second row), SDC incorrectly approximates the true
mean of the distributions.
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Figure 4.2: Feature drift estimation after applying random translations, rotations
and scaling on three sample 2D distributions. We aim to estimate the true mean
of C; at the end of t, using D;,. SDC assumes locally that transformations can be
captured by translations. LDC can handle rotation and scaling in feature space.
Note that LDC (cyan) more accurately approximates the real distribution mean

( ).

4.3.3 Learnable Drift Compensation

LDC is applied at the end of each training session ¢. Let fy be a feature extractor
parameterized by 6. To correct the semantic drift, we learn a forward projector p,
to map the features from the old feature space of fet ~1 to the new feature space of
fet . In order to learn the drift in the feature space, we use the data of the current task
D; and minimize the mean squared error (MSE) between the projected features of
f3 7! and f/. Hence, the loss function to learn p/, is:

1 X _
L== Y (pE(fy ) = fy ), (4.1)
i=1
where fet and ]“9”‘1 are frozen. After this optimization, the old prototypes P{_, for
all classes seen till task ¢ — 1 are updated using Eq. (4.2):
P{=ph(P{_)). (4.2)

This process is repeated each time fj is trained in a new task as shown in Fig. 4.3.
Hence, if we perform class-incremental learning in 7 tasks, T — 1 projectors are
trained. We do not need to store any old images or features, or use any labels of
the current data; we simply store only the old class prototypes and update them
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Figure 4.3: Learnable Drift Compensation. We train the model on the current task
data using regularization-based, self-supervised or supervised continual represen-
tation learning methods. After training the new feature extractor f;, we learn a
forward projector pr by minimizing the mean squared error between the projected
features from f;_; and the features from f;. We use the learned projector to com-
pensate for the drift of the old class prototypes in the new feature space.

using the learned current task projector. The projector p., can be any trainable
mapping function. However, we found that a linear layer performs best in this
task (see section 4.4.4). We summarized the LDC algorithm in the supplementary
material.

Nearest Class Mean (NCM) Classifier. NCM classifier [54,70,122,156] has been
found to be very effective for classification in CL settings. We use a NCM classifier
on top of the trained feature extractor fgt which classifies the test images x based
on their distance to all the class prototypes Py as follows:

y* =argmin | f; (x)- P} ||, (4.3)
y=1..Y?!

where Y is the set of classes seen up to task t and P} = p&.(P]_ ) Vye YL

4.3.4 Continual Training Strategies

Our proposed method for drift compensation is general and can be combined
with many existing regularization methods commonly used in CL. LDC can be
applied at the end of training session ¢ with the only requirement being access to
the old feature extractor f;_1 and the old class prototypes Py_,. A projector pj, must
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be optimized using Eq. (4.1) with D;, and then old prototypes are updated using
Eq. (4.2) and stored along with current ones. Finally, a new training session begins
on D¢y using any CL strategy (e.g., LwF). It is important to note that our method is
independent of the CL strategy used to retain knowledge in the backbone, as LDC is
a prototype correction method, not a CL approach. Here, we explain how to extend
several existing methods with LDC.

Supervised CL.

Regularization-based methods retain knowledge while learning new concepts
by preventing weights or activations from drifting far from the old model. For
instance, LwF [83] aims to match the output of the previous model softmax layer
hé’l (x) with the current model outputs hé (x) using knowledge distillation [63] as
follows:

L =Lee(ni(x),y) + ALce(hi—1(x), Bt (X)), (4.4)

where Z,. refers to the cross-entropy loss and A denotes the regularization strength.
After the training session, the prototypes p¢ of D; are computed using the labels
and added to the prototype pool for NCM classification. This work conducts experi-
ments using LwF as it is a well-established and flexible method in the CL community.
However, any exemplar-free supervised CL method can replace the LwF method.
Regularization-based methods are particularly well-suited for LDC as they already
maintain a copy of the old model at each task.

Self-supervised CL. Exemplar-free unsupervised CL methods are based on a
projected regularization strategy at the feature level. These approaches perform
self-supervised learning (SSL) in D, while preserving similarity between old-fixed
ft-1(D;) and new-projected features p(f;(D;)). PFR [53] project features after the
backbone and CaSSLe [43] after a post-backbone layer. POCON [52] uses two
networks, one expert network performs SSL in D; and the other network (main)
distills the knowledge from the expert and the old main network using projected
features from the current main network.

The CP accumulation strategy cannot be directly applied in exemplar-free self-
supervised CL due to the absence of labels during training. However, if labels
become available after training, we can compute prototypes, store them, and even
correct them as in the supervised case. After the SSL CL session, we train a projector
using the frozen SSL feature extractors and correct the old prototype positions
accordingly.

Semi-supervised CL. If some labels are accessible during training, we operate
within the semi-supervised learning setup. Here, we propose using LDC with
exemplar-free self-supervised CL methods, which to the best of our knowledge
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firstly achieve the exemplar-free continual semi-supervised learning. To implement
this, we follow a similar procedure as in the self-supervised CL case but utilize the
available labels to compute prototypes. It is important to note that the performance
of LDC remains independent of the number of available labels, meaning that the
primary source of error would stem from the computation of the prototype, which
typically exhibits low variability.

4.4 Experimental Results

4.4.1 Datasets

We use several publicly available datasets for our experiments. CIFAR-100 [76]
contains 100 classes of 32 x 32 images with 500 training and 100 testing images per
class. Tiny-ImageNet [80] contains 200 classes of 64 x 64 images with a total of 100K
training and 10K testing images. ImageNet100 is a subset of one hundred classes
from ImageNet [126] containing 224 x 224 images with a total of 130K training
and 5K testing images. Stanford Cars [75] consists of 196 finegrained categories
of cars and has 8144 images for training and also for testing. We equally split all
the datasets into 10 tasks, which is different from the conventional Warm Start
settings [54,115, 156, 168, 169].

4.4.2 Supervised Continual Learning

Baseline methods. Since the existing methods were originally proposed for Warm
Start settings, we re-implement all methods in Table 4.1 using PyCIL [165]. We
implement a standard distillation baseline method, LwF [83] and also use NCM [122]
classification naively. We use SDC [156] with the models trained with LwE Note that
SDC was originally proposed in Warm Start settings with feature distillation. Here,
we adapt SDC for Cold Start settings with logits distillation (LwF). We include recent
methods like PASS [168], FeTrIL [115], FeCAM [54] and EFC [90] in our comparison.
While LwE PASS and EFC are continual representation learning methods, FeCAM
and FeTrIL freeze the model after the first task and continually learn the classifier.
We do not compare to the methods [92, 132, 169, 170] proposed in Warm Start
settings since they showed poor performance compared to FeTrIL and FeCAM.
Following recent practice [56, 100, 161, 164] of using pre-trained ViTs for CIL, we use
a ViT-B/16 [33] model pretrained on ImageNet21k [123] and present results with
NCM, SDC and LDC in Table 4.2.

Training Settings. We implemented existing methods like LwF [83] (with NCM [122]
and SDC [156]), PASS [168], FeTrIL [115] and FeCAM [54] and optimized them for
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Table 4.1: Results in supervised settings for 10 tasks on CIFAR-100, Tiny-Imagenet,
and ImageNet100. The mean and standard deviation using 5 different seeds are
reported. Best results are in bold and second-best underlined. 1: results excerpted

from [90].

Method

CIFAR-100
Ajast Ainc

Tiny-ImageNet
Ajast Ainc

ImageNet100
‘ Alast Ainc

LwF+NCM [122] 40.5+2.7 56.2+3.6

LwF+SDC [156]
PASS [168]
FeTrIL [115]
FeCAM [54]
EFC [90]

40.6+1.8 56.2+£3.0
37.8+0.2 52.3+0.1
37.0£0.6 52.1+0.5
33.1£0.9 48.1£1.3
43.6+0.7 58.6+0.9

286+1.1 442+1.3
29.5+0.8 43.8+1.3
31.2+0.4 453+0.7
244406 38.5+1.1
24.9+0.5 38.6+1.3
34.1+0.8 48.0+£0.6

44019 644£04
426+1.9 65.3+0.6
38.7+0.5 55.5+0.5
40.7+0.5 56.3+0.8
424409 57.9+15
473+1.4 59.9+1.4

LwF+LDC

45.4+2.8 59.5+3.9

34.2+0.7 46.8+1.1

51.4+1.2 69.4+0.6

Table 4.2: Performance on Stanford Cars (10 tasks of 20 classes each) with pre-
trained ViT-B/16.

Method 1 3 5 7 (10
FT+NCM 85.8 73.3 63.2 58.0 53.4

FT+SDC 85.8 73.5 63.5 57.8 53.3
FT+LDC 85.8 76.0 71.3 67.0 62.9

small-start settings. We use the PyCIL [165] framework. Here we share the details of
the settings for reproducibility.

For CIFAR-100, we use the CIFAR-10 policy augmentations from PyCIL and use
it for all the methods to have a fair comparison. For all datasets, we follow the
common practice of using random crop and random horizontal flip for the training
set.

¢ LwrF: For all datasets in the first task, we follow PyCIL and use a learning rate
of 0.1, momentum of 0.9, weight decay of 0.0005 and train with a batch size of
128 for 200 epochs. The learning rate is reduced by 10 after 60, 120 and 180
epochs. For all new tasks in CIFAR-100 and ImageNet100, we use a learning
rate of 0.05. For TinylmageNet, we use a learning rate of 0.001. We train for
100 epochs and reduce the learning rate by 10 after 45 and 90 epochs. The
temperature scale is set to 2. The LwF regularization strength is set to 10 for
CIFAR-100 and TinyImageNet and 5 for ImageNet100. We use the models
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trained with LwF and use them with a NCM classifier and SDC. For FeTrIL
and FeCAM, we train the first task in the same way as LwE

e SDC: For SDC [156], we use o = 0.3, which is the standard deviation of the
Gaussian kernel for estimating the weights of the drift vectors. For Ima-
geNet100, we set o = 1.0.

¢ PASS: Following the PyCIL implementation of PASS, we set Ay = 10 and
Aproto =10.

» FeTrIL: For all incremental tasks, we follow the same settings as the FeTrIL
implementation from PyCIL [165].

* FeCAM: FeCAM trains the first task and use the frozen model for all subse-
quent tasks. FeCAM use the stored prototypes and distribution statistics (co-
variance matrix) for all old classes. Following the implementation from [54],
we use the covariance shrinkage hyperparameters of (1,1) and 0.5 as the
Tukey’s normalization value.

Training procedure. We train a ResNet-18 [62] using an SGD optimizer. For all
datasets and methods we train the first task for 200 epochs and the incremental
tasks for 100 epochs. In the first task for CIFAR-100, we use a learning rate of 0.1,
momentum of 0.9, weight decay of 0.0005, and the learning rate is reduced by
10 after 60, 120, and 160 epochs following the default settings of PyCIL. In the
incremental tasks, we use a learning rate of 0.05, which is reduced by 10 after 45 and
90 epochs. For LwF models, we use A = 10. For LDC, we learn a linear layer using
Adam optimizer and a learning rate of 0.001 for 20 epochs using all the data in the
current task. We report all details about experimental settings in the supplementary
materials. For table 4.2, we use the same settings and hyperparameters as [161] for
finetuning in new tasks and learn a two-layer MLP using Adam optimizer and a
learning rate of 0.005 for 100 epochs.

Results. We report the last task accuracy as well as the average incremental
accuracy with 5 random seeds and class sequences in Table 4.1. We observe that
while the recently proposed methods like PASS [168], FeTrIL [115], and FeCAM [54]
performed well in Warm Start settings, LwF with an NCM classifier outperformed
these methods in Cold Start settings. While SDC was effective in the originally
proposed Warm Start settings, we see that with higher feature drift in our settings,
SDC does not improve the performance in most cases. We show that LDC with
LwF outperforms all these baselines significantly across all datasets. In CIFAR-100,
LDC outperforms SDC by 4.8% and by 3.3% on last task and incremental accuracy
respectively. For Tiny-ImageNet, LDC performs similar to the recent EFC method
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Table 4.3: Results in semi-supervised settings for 10 tasks on CIFAR-100. The mean
and standard deviation using 3 different seeds are reported. The best results for the
proposed setting are in bold.

Method ExFree Semi-Sup 100%
LwF+NCM v X 40.5+2.7
PASS v X 37.8+0.2

0.8% 5% 25%
PASS v v 591 15.13 15.84
NNCSL (500) X v 2744051 31.4+0.40 35.3+0.30
NNCSL (0) v v 8.7+£0.63 9.0+£0.42 9.32+0.39
PFR+naive v v 20.5+0.44 24.840.35 25.7+0.12
CaSSLe+naive v v 19.4+0.57 23.2+£0.21 23.6+0.13
POCON-+naive v v 20.1+£0.23  21.7+0.27 22.4+0.31
PFR+SDC v v 16.2+0.66  22.5+0.57 24.8+0.12
CaSSLe+SDC v v 22.1+£0.69 25.8+0.09 26.5+0.04
POCON+SDC v v 21.84£0.82 25.7+0.23  26.7+0.09
PFR+LDC v v 18.6+0.20 29.3+0.12 33.4+0.06
CaSSLe+LDC v v 27.0+£0.60 32.8+0.30 35.0+0.21
POCON+LDC v v 26.1+£0.74 31.1+0.62 33.8+0.25

which is also designed for the cold start setting. However, on the more challenging
ImageNet100 LDC improves over EFC by a large margin of almost 4% on last task
accuracy. Finally, using pre-trained ViTs on Stanford Cars, we observe that LDC
improves over SDC by 9.6% after the last task, see Table 4.2.

4.4.3 Semi-supervised Continual Learning

Baseline methods. Since the proposed method is the first exemplar-free semi-
supervised CL method, we can only compare it against drift correction methods
(SDC). Nevertheless, we present results for the most close approaches. The naive ap-
proach achieves the lowest possible accuracy, no prototype correction is performed.
SDC [156] is used as a comparison for drift correction. PASS [168] is not a semi-
supervised method, but we present our results with all labels (as a reference) and
with reduced training data corresponding to the proposed label sets. NNCSL [71] is
a semi-supervised method that uses exemplars; we present here results with the
same number of exemplars proposed by the authors (as a reference) and a reduced
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version. Removing exemplars from exemplar-based methods or reducing data to
comply with our setup is not fair, and we present these results as a reference to
showecase the performance of our approach. We use the code and hyperparameters
provided by the authors.

Training Settings. We use the existing CL exemplar-free methods namely PFR [53],
CaSSLE [43], and POCON [52]. We utilize the code provided for each method. Here
we include additional details of the settings for reproducibility.

For each dataset, we follow the image augmentation pipeline of SimCLR [22].
All the methods use Barlow Twins [157] as base self-supervised learning strategy.

e PFR: We conduct our experiments with 500 epochs per task on CIFAR100 and
400 for ImageNet100. As for CL hyperparameters, A = 25 for both datasets;
the learning rate, optimizer, and training schedules are the same as proposed
by the authors.

* CaSSLe: We use the same training epochs as PFR. We strictly follow the
hyperparameters shared by the authors.

* POCON: For both datasets, we employ the configuration CopyOP. The hyper-
parameters setup is the same as the authors proposed for the 10-task partition
of each dataset.

Training procedure. We train a ResNet-18 [62] using PFR [53], CaSSLe [43], and
POCON [52] as SSL CL strategies. We use the same code, training procedure, and
hyperparameters provided by the authors in each method. At the end of each task,
we compute the prototypes using the available labels: 0.8%, 5%, 25% for CIFAR-100
and 1%, 5%, 25% for ImageNet100. For LDC, we train a linear projector using the
Adam optimizer (learning rate 5e — 3) for 100 epochs using all the data in the task.
We report the mean last task accuracy in the test set using an NCM classifier.

Results. Table 4.3 presents the results of 10 task split of CIFAR-100. LDC presents
the best results for all the pure semi-supervised exemplar-free settings. For 5%
and 25% settings, it is reaching the same accuracy as the exemplar-based method
NNCSL. Furthermore, LDC is only 3% below the performance of the fully supervised
version of PASS. LDC surpasses SDC by at least 7% in all the base SSL CL methods
in the pure semi-supervised exemplar-free setting.

Table 4.4 presents the results of 10 task split of ImageNet100. As in CIFAR-100,
LDC performs best for the proposed setting, surpassing SDC by at least 7% in all the
SSL CL backbones. However, in this dataset, the replay-based method NNCSL is
better with the same number of exemplars proposed by the authors. Nevertheless, a
reduction in the number of exemplars in NNCSL leads to a significant performance
drop, ending below our proposed exemplar-free method.
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Table 4.4: Results in semi-supervised settings for 10 tasks on ImageNet100. The
mean and standard deviation using 3 different seeds are reported. The best results
for the proposed setting are in bold.

Method ExFree Semi-Sup 100%
LwF+NCM v X 44.0+1.9
PASS v X 38.7+0.5

1% 5% 25%
PASS v v 1.76 10.36 23.9
NNCSL (5120) X v 35.4+0.21 41.6+£0.12  47.1+0.08
NNCSL (500) X v 9.93+0.22  15.1+0.15 16.6+0.1
PFR+naive v v 19.6+0.16  21.840.38  22.0+0.12
CaSSLe+naive v v 25.3740.27  26.940.25 27.36+0.11
POCON-+naive v v 2424032  26.1+£0.22  25.84+0.20
PFR+SDC v v 17.24+0.55 19.1+0.16 19.8+0.08
CaSSLe+SDC v v 22.2+0.03  25.940.23  26.6%+0.01
POCON+SDC 4 v 21.8£0.08 25.1+0.30 25.7+0.03
PFR+LDC v v 26.5£0.09 32.4+0.35 33.5%£0.07
CaSSLe+LDC v v 29.5+0.58 33.9+0.15 35.8+0.39
POCON+LDC 4 v 28.3£0.37  33.2+0.30  34.0+0.28

4.4.4 Ablation Studies

In this section we report on a range of ablation studies for LDC. Unless specified,
the training and evaluation procedure are the same as in Sections 4.4.2 and 4.4.3.
We provide more ablation experiments on comparison of LDC with NME and using
stored features for learning the projector, in the supplementary materials.

Architecture of projector. To ablate the complexity of the proposed projector
pr, Table 4.5 presents experiments for LwF+LDC(supervised CL) and CaSSLe+LDC
(semi-supervised CL - 25% of labels). We show LDC performance with a linear layer,
with and without bias, with an activation layer ReLU after the linear layer and also
using a two-layer MLP. We observe that a single linear layer works better in both
settings.

Exemplars versus LDC for prototype correction. We compare the performance of
LDC against Nearest-Mean of Exemplars (NME) which directly uses exemplars for
old class prototype compensation and is explored in exemplar-based methods [35,
122]. While it is easy to predict the updated positions of the old prototypes using
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Table 4.5: Ablation study for different complexities of the proposed projector p.

Method Linear Linear + bias Linear + ReLu MLP
LwF + LDC 45.44+2.8 45.2+3.0 41.2+2.1 43.7+2.3
CaSSLe + LDC  35.0+0.2 34.3+0.2 29.1+0.5 34.9+0.4
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Figure 4.4: Comparison of LDC with NME for varying memory size in the supervised
settings on CIFAR-100, Tiny-ImageNet and ImageNet100.

original samples of old classes by NME, it is very challenging without exemplars
in our settings. We compare the last task accuracy of LDC (same setting as in
Table 4.1, with LwF+NCM) with NME which stores a memory of old class samples.
We show in Fig. 4.4 that LDC is on par with using 20 exemplars per class for NME
for CIFAR-100 and Tiny-ImageNet. For ImageNet100, LDC is marginally less than
NME with 20 exemplars per class. This demonstrates that LDC is able to effectively
correct the prototypes without access to exemplars and yet is on par with NME
using exemplars.

Drift Compensation Analysis. In order to visualize the drift compensation using
LDC, Fig. 4.5 presents a comparison between SDC and LDC. We update all the old
prototypes using both SDC and LDC and then compute the cosine distance of the
updated prototype to the oracle prototype (computed using all old data for analysis)
in the new feature space. We plot the distributions over all old class prototype
distances after alternate tasks till the lats task. We observe that SDC struggles
to estimate the prototypes even after the first increment (task 2) and is centered
around distance of 0.1. As we move to the last task, SDC gets even worse with a
higher deviation which implies increasing distance of updated prototypes from
their oracle positions. On the other hand, LDC is more robust and the distribution
is centered between 0 and 0.05 even after the last task, with much lower deviation.
This analysis suggests that the LDC predicts the old prototypes very close to their
oracle positions and thus better tracks the prototypes position when moving from
one feature space to another.

Feature Storage. In this work, we update only prototypes (one sample mean
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Figure 4.5: Drift compensation analysis using SDC and LDC in supervised settings
on CIFAR-100. We compute the cosine distance between the updated and oracle
prototypes. We plot the distributions of the cosine distances for all old classes using
both methods after alternate tasks. While SDC fails to estimate the prototypes closer
to the oracle (with increasing distance for many classes), LDC predictions are very
close to the oracle prototypes (mean of distributions using LDC is close to 0 even
after the last task and has low standard deviation).

Table 4.6: Accuracy comparison storing and projecting N features per class against
storing and projecting only class prototypes.

Method Mean N=5 N=50 N=100 N =500
CaSSLe+LDC 35.0+0.2 21.1+0.01 32.940.03 33.9+0.02 35.05+0.04

per class), but one can argue that storing a set of features per class is better than
a single class mean. In Table 4.6, instead of projecting a prototype per class, we
project N stored features and use them to compute the class prototype at the
classification stage. The results show that storing and projecting features do not
present a significant advantage over projecting the class means.

4.5 Conclusions

We showed that performance degradation in exemplar-free CP accumulation meth-
ods is largely due to feature drift. We proposed a simple yet effective prototype
correction method called Learnable Drift Compensation (LDC). LDC learns a pro-
jector that maps between the feature spaces of the consecutive tasks using only
the data available at each task along with current and previous model. The trained
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projector is used at the end of each task to correct the stored old prototype positions.
We demonstrate the efficacy of LDC in correcting the drift of any moving backbone
by using it on top of already established exemplar-free CL strategies. Extensive
experiments on CIFAR-100, Tiny-ImageNet, and ImageNet100 show that LDC out-
performs previous drift correction methods in supervised and semi-supervised
settings.

Limitations. While the learned projection py between tasks is effective for cor-
recting drift, it’s not flawless. The gap between pcorrecred and Poracie in Fig. 4.1
highlights this difference. Without exemplars, p¢ only learns the projection from
current task data. Consequently, due to biases in the current data, updates to some
old class prototypes may not be perfect. We would like to explore methods to further
minimize or eliminate this gap in our future work.
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53 Planckian Jitter: countering the color-
crippling effects of color jitter on self-
supervised training”

5.1 Introduction

Self-supervised learning enables the learning of representations without the need
for labeled data [32, 34]. Several recent works learn representations that are in-
variant with respect to a set of data augmentations and have obtained spectacular
results [15, 24, 57], significantly narrowing the gap with supervised learned rep-
resentations. These works vary in their architectures, learning objectives, and
optimization strategies, however they are similar in applying a common set of data
augmentations to generate different image views. These algorithms, while learning
to map these different views to the same latent representation, learn rich semantic
representations for visual data. The set of transformations (data augmentations)
used induces invariances that characterize the learned visual representation.

Before deep learning revolutionized the way visual representations are learned,
features were handcrafted to represent various properties, leading to research on
shape [87], texture [95], and color features [44,49]. Color features were typically
designed to be invariant to a set of scene-accidental events such as shadows, shad-
ing, and illuminant and viewpoint changes. With the rise of deep learning, feature
representations that simultaneously exploit color, shape, and texture are learned
implicitly and the invariances are a byproduct of end-to-end training [76]. Current
approaches to self-supervision learn a set of invariances implicitly related to the
applied data augmentations.

In this chapter, we focus on the currently de facto choice for color augmenta-
tions. We argue that they seriously cripple the color quality of learned representa-
tions and we propose an alternative, physics-based color augmentation. Figure 5.1
(left) illustrates the currently used color augmentation on a sample image. It is clear
that the applied color transformation significantly alters the colors of the original
image, both in terms of hue and saturation. This augmentation results in a represen-
tation that is invariant with respect to surface reflectance — an invariance beneficial

*This chapter is based on research which was performed together with Simone Zini and is based on
the publication at Eleventh International Conference on Learning Representations (ICLR 2023) [171]
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Figure 5.1: Default color jitter (left) and Planckian Jitter (right). Augmentations
based on default color jitter lead to unrealistic images, while Planckian Jitter leads
to a set of realistic ones. The ARC chromaticity diagrams for each type of jitter
are computed by sampling initial RGB values and mapping them into the range of
possible outputs given by each augmentation. These diagrams show that Planckian
Jitter transforms colors along chromaticity lines occurring in nature when changing
the illuminant, whereas default color jitter transfers colors throughout the whole
chromaticity plane.

for recognizing classes whose surface reflectance varies significantly, for example
many man-made objects such as cars and chairs. However, such invariance is
expected to hurt performance on downstream tasks for which color is an important
feature, like natural classes such as birds or food. One of the justifications is that
without large color changes, mapping images to the same latent representation
can be purely done based on color and no complex shape or texture features are
learned. However, as a result the quality of the color representation learned with
such algorithms is inferior and important information on surface reflectance might
be absent. Additionally, some traditional supervised learning methods propose
domain-specific variations of color augmentation [46, 152].

In this chapter we propose an alternative color augmentation (Figure 5.1, right)
and we assess its impact on self-supervised learning. We draw on the existing
color imaging literature on designing features invariant to illuminant changes
commonly encountered in the real world [44]. Our augmentation, called Planckian
Jitter, applies physically-realistic illuminant variations. We consider the illuminants
described by Planck’s Law for black-body radiation, that are known to be similar
to illuminants encountered in real-life [141]. The aim of our color augmentation
is to allow the representation to contain valuable information about the surface
reflectance of objects — a feature that is expected to be important for a wide range of
downstream tasks. Combining such a representation with the already high-quality
shape and texture representation learned with standard data augmentation leads
to a more complete visual descriptor that also describes color.



5.2 Background and related work

Our experiments show that self-supervised representations learned with Planck-
ian Jitter are robust to illuminant changes. In addition, depending on the impor-
tance of color in the dataset, the proposed Planckian jitter outperforms the default
color jitter. Moreover, for all evaluated datasets the combination of features of our
new data augmentation with standard color jitter leads to significant performance
gains of over 5% on several downstream classification tasks. Finally, we show that
Planckian Jitter can be applied to several state-of-the-art self-supervised learning
methods.

5.2 Background and related work

Self-supervised learning and contrastive learning. Recent improvements in self-
supervision learn semantically rich feature representations without the need for
labelled data. In SImCLR [22] similar samples are created by augmenting an input
image, while dissimilar are chosen randomly [22]. To improve efficiency, MoCo [61]
and its enhanced version [23] use a memory bank for learned embeddings which
makes sampling efficient. This memory is kept in sync with the rest of the network
during training via a momentum encoder. Several methods do not rely on explicit
contrastive pairs. BYOL uses an asymmetric network incorporating an additional
MLP predictor between the outputs of the two branches [57]. One of the branches is
kept “offline” and is updated by a momentum encoder. SimSiam defines a simplified
solution without a momentum encoder [24]. It obtains similar high-quality results
and does not require a large minibatch size, in contrast to other methods.

We use the SimSiam method to verify our proposed color augmentation (we
also apply it to SimCLR [22] and Barlow Twins [157] in the experiments). The main
component of the network is a CNN-based asymmetric siamese image encoder.
One branch has an additional MLP predictor whose output aims to be as close
as possible to the other (Figure 5.2). The second branch is not updated during
backpropagation. A negative cosine loss function is used:

1
£ = > [2(p1, stopgrad(z,)) + 2(p2, stopgrad(z1)) | (5.1)
D(pa,zp) = - Lo B (5.2)
Ipall, Izl

where z, z, are representations for two different augmented versions, x; and x,, of
the same image x.

The MLP is applied in alternation to either z; or zp, producing respectively p;
or p,. Note that Figure 5.2 only shows an instance for x; and does not show p,. The
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Figure 5.2: SimSiam training procedure exploiting Planckian-based data augmenta-
tion (left), and fine-tuning the linear classifier using the trained encoder (right).

stopgrad(-) operation blocks the gradient during the backpropagation. In SimSiam
no contrastive term is used and only similarity is enforced during learning.

Data augmentation. Data augmentation plays a central role in the self-supervised
learning process. Authors [22] and [157] discuss the importance of the different data
augmentations. A set of well-defined transformations was proposed for SimCLR [22].
This set is commonly accepted and used in several later works. The augmentations
include: rotation, cutout, flip, color jitter, blur and Grayscale. These operations are
randomly applied to an image to generate the different views x;, x» from which are
extracted the features z; and zp used in the self-supervision loss in Eq. 5.2. Applied
to the same image, contrastive-like self-supervision learns representations invariant
to such distortions.

This multiple view creation is task-related [138], however color jittering oper-
ating on hue, saturation, brightness and contrast, is one of the most important
ones in terms of overall usefulness of the learned representation for downstream
tasks [22,157]. Color jitter induces a certain level of color invariance (invariance
to hue, saturation, brightnesss and contrast) which are consequently transferred
to the downstream task. As a consequence, we expect these learned features to
underperform on downstream tasks for which color is crucial. [151] were the first
to point out that the imposed invariances might not be beneficial for downstream
tasks. As a solution, they propose to learn different embedding spaces in parallel
that capture each of the invariances. Differently than them, we focus on the color
distortion and propose a physics-based color augmentation that allows learning
invariance to physically realistic color variations.

Color imaging has a long tradition in research on color features invariant to
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scene-accidental events such as shading, shadows, and illuminant changes [44, 49].
Invariant features were found to be extremely beneficial for object recognition.
The invariance to hue and saturation changes induced by color jitter, however,
is detrimental to object recognition for classes in which color characteristics are
fundamentally discriminative. Therefore, in this chapter we revisit early theory on
illuminant invariance [44] to design an improved color augmentation that induces
invariances common in the real world and that, when used during self-supervised
learning, does not damage the color quality of the learned features.

5.3 Methodology

The image transformations introduced by default color jitter creates variability in
training data that indiscriminately explores all hues at various levels of saturation.
The resulting invariance is useful for downstream tasks where chromatic variations
are indeed irrelevant (e.g. car color in vehicle recognition), but is detrimental to
downstream tasks where color information is critical (e.g. natural classes like birds
and vegetables). The main motivation for applying strong color augmentations is
that this it leads to very strong shape and texture representations. Indiscriminately
augmenting color information in the image requires that the representation solve
the matching problem using shape [22].

As an alternative to color jitter, we propose a physics-based color augmentation
that mimics color variations due to illuminant changes commonly encountered
in the real world. The aim is to reach a representation that does not have the
color crippling effects of color jitter, and that better describes classes for which
surface reflectance is a determining feature. When combined with default color
jitter, this representation should also provide a high-quality shape/texture and color
representation.

5.3.1 Planckian Jitter

We call our color data augmentation procedure Planckian Jitter because it exploits
the physical description of a black-body radiator to re-illuminate training images
within a realistic illuminant distribution [44, 141]. The resulting augmentations
are more realistic than those of the default color jitter (see Fig. 5.1). The resulting
learned, self-supervised feature representation is thus expected to be robust to
illumination changes commonly observed in real-world images, while simultane-
ously maintaining the ability to discriminate the image content based on color
information.

TThis is pointed out in the discussion of Figure 5 in [22]
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Given an input RGB training image I, our Planckian Jitter procedure applies a
chromatic adaptation transform that simulates realistic variations in the illumina-
tion conditions. The data augmentation procedure is as follows:

1. we sample a new illuminant spectrum o 7 (1) from the distribution of a black-
body radiator;

2. we transform the sampled spectrum o (1) into its SRGB representation pr €
R3;

3. we create a jittered image I’ by reilluminating I with the sampled illuminant
pr;and

4. weintroduce brightness and contrast variation, producing a Planckian-jittered
image I".

A radiating black body at temperature T can be synthesized using Planck’s
Law [4]:

2mhc?
o) = —2 T wim?, (5.3)

A5(e®r — 1)

where ¢ = 2.99792458 x 108 m/s is the speed of light, h = 6.626176 x 10734 Js is
Planck’s constant, and k = 1.380662 x 10723 J/K is Boltzmann's constant. We sampled
T in the interval between 3000K and 15000K which is known to result in a set
of illuminants that can be encountered in real life [141]. Then, we discretized
wavelength A in 10nm steps (AA) in the interval between 400nm and 700nm; The
resulting spectra are visualized in Figure 5.3 (left).

The conversion from spectrum into sRGB is obtained according to [150]:

1. we first map the spectrum into the corresponding XYZ stimuli, using the
1931 CIE standard observer color matching functions ¢**¥#!(1), in order to
bring the illuminant into a standard color space that represents a person with
average eyesight;

2. we normalize this tristimulus by its Y component, convert it into the CIE 1976
L*a*b color space, and fix its L component to 50 in a 0-to-100 scale, allowing
us to constrain the intensity of the represented illuminant in a controlled
manner as a separate task; and

3. we then convert the resulting values to SRGB, applying a gamma correction
and obtaining p7 = {R, G, B}; the resulting distribution of illuminants is vi-
sualized with the Angle-Retaining Chromaticity diagram [12] in Figure 5.3
(right).
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Figure 5.3: Spectral power distributions (left) and corresponding ARC chromaticities
(right) of the sampled black body radiator, used to generate Planckian jittering. The
illuminants are sampled from the distribution of a black body radiator, with corre-
lated color temperature T in the interval between 3000K and 15000K. The resulting
spectra are visualized on the left and in the middle, while the resulting distribution
of illuminants is visualized in the Angle-Retaining Chromaticity diagram on the
right.

All color space conversions assume a D65 reference white, which means that
a neutral surface illuminated by average daylight conditions would appear achro-
matic. Once the new illuminant has been converted in sRGB, it is applied to the
input image I by resorting to a Von-Kries-like transform [144] given by the following
channel-wise scalar multiplication:

[RGB} _ [RGB} (R,G,B}/{1,1,1}, (5.4)

where we assume the original scene illuminant to be white (1,1,1). Finally, bright-
ness and contrast perturbations are introduced to simulate variations in the inten-
sity of the scene illumination:

I"=cg-cc-'+1Q-cc)-p(es-T'), (5.5)

where cg = 0.8 and c¢c = 0.8 represent, respectively, brightness and contrast coeffi-
cients, and p is a spatial average function.

5.3.2 Color selectivity index

Color selectivity is defined by [120] as the property of a neuron that activates strongly
when a specific color appears in the input image, and does not when the color is
absent. Itis computed by estimating the ratio between the neuron’s global activation
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with color input images and the global activation with corresponding grayscale
images:

g !
w'
Liy_q_ 1= Pl 56
a(n”)=1-——"—. (5.6)

> WiiL

j=1

Here w; ; 1 refers to the activation of an image patch j for the i-th neuron nbi at
layer L, normalized for the maximum activation value across all possible image
patches. w}y ;18 the equivalent formulation for a grayscale version of the images.
The set of considered image patches is restricted to the top-N regions from a given
dataset that maximally activate the neuron of interest.

We can distinguish between neurons that are colorblind or neurons that highly
rely on color information by looking at the a value obtained: an a value more than
0.25 means that the neuron is high color selective, while an alpha value less than
0.1 means that the neuron is basically colorblind. These thresholds were selected
based on the analysis by [120]. We collected alpha values for the neurons in the last
layer of the encoders trained with different data augmentation configurations in
order to compare the models sensitivity to color and how it changes in relation to
the training procedure adopted.

5.3.3 Complimentarity of shape, texture and color representations

The self-supervised learning paradigm involves a pretraining phase that relies on
data augmentation to produce a set of features with certain invariance properties.
These features are then used as the representation for a second phase, where we
learn a given supervised downstream task. The default color jitter augmentation
generates features that are strongly invariant to color information, resulting in
high-quality representations of shape and texture, but that is an inferior descriptor
of surface reflectances (i.e. the color of objects). Our augmentation based on
Planckian Jitter (see Figure 5.1) is based on transformations mimicking the physical
color variations in the real world due to illuminant changes. As a result, the learned
representation yields a high-quality color description of scene objects (this is also
verified in section 5.4.9). However, it likely leads to a drop in the quality of the
shape and texture representation (since color can be used to solve cases where
previously shape/texture were required). To exploit the complimentarity of the
two representations, we propose to learn both — one with color jitter and one with
Planckian Jitter — and to then concatenate the results in a single representation
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vector (of 1024 dimensions, i.e. twice the original size of 512). We call this Latent
space combination (LSC).

5.4 Experimental results

In this section, we analyze the color sensitivity of the learned backbone networks,
verify the superiority of the proposed color data augmentation method compared
to the default color jitter on color datasets, and evaluate the impact on downstream
classification tasks. We report additional results on computational time of the
proposed Planckian augmentation in section 5.4.7.

5.4.1 Training and evaluation setup

We perform unsupervised training on two datasets: CIFAR-100 [76] (32 x 32) and
ImageNet (224 x 224). ¥ We slightly modify the ResNet18 architecture to accom-
modate 32 x 32 images: the kernel size of the first convolutional was reduced from
7 x 7 to 3 x 3 and the first max pooling layer was removed. SimSiam training was
performed using Stochastic Gradient Descent with a starting learning rate of 0.03, a
cosine annealing learning rate scheduler, and mini-batch size of 512 (as in original
SimSiam work by [24]). For the training on the 1000-class ImageNet training set, we
follow the same procedure as [24] with ResNet50.

The linear classifier training at resolution 32 x 32 was performed on CIFAR-100
and FLOWERS-102 [105]. CIFAR-100 is used as a baseline for the classification task.
The linear classifier training for CIFAR-100 is done with Stochastic Gradient Descent
for 500 epochs with a starting learning rate 0.1, a cosine annealing learning rate
scheduler, and mini-batch size of 512. The FLOWERS-102 dataset with 102 classes
was selected to assess the quality of the features extracted in scenarios where color
information plays an important role. Images from FLOWERS-102 are resized to
32 x 32 pixels to match the input dimensions of the pretrained model. Here we used
the Adam optimizer with initial learning rate of 0.03.

For training linear classifiers at resolution 224 x 224 for downstream tasks we
follow the evaluation protocol of [24]. We use six different datasets: IMAGENET,
FLOWERS-102, the fine-grained VEGFRU [128], CUB-200 [147], T1K+ [26], and
USED [1], all resized to 224 x 224 pixels. More details about the datasets are pro-
vided in section 5.4.4. In the case of CUB-200, each image was cropped using the
bounding boxes given in the dataset annotations. For T1K+, we used the 266 class

*We conduct the investigative part of our research in an agile manner on low-resolution images, then
transfer the most significant configurations to a higher-resolution, to ether confirm or refute the initial
hypotheses.
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labeling to train and test the linear classifier.
To assess the impact of color data augmentations we define six different config-
urations:

* Default Color Jitter (C]): the default configuration, as used in SimSiam and
SimCLR, uses both Random Color Jitter and Random Grayscale operations.

» Default Color Jitter w/o Grayscale (CJ-): same as Default, without Random
Grayscale.

e Planckian Jitter (P]): uses the complete proposed Planckian Jitter operating
on chromaticy, brightness, and contrast aspects of the images. No Random
Grayscale is applied.

* LSC Default Color Jitter + Planckian Jitter ([C],PJ]: This latent space combina-
tion (simple concatenation of representations) combines the default color
jitter with our Planckian jitter. It allows evaluation of the complimentary
nature of the representations.

* LSC Default Color Jitter + Default Color Jitter w/o Grayscale ([C],CJ-]): We
combine the default color jitter with a version without the Grayscale augmen-
tation, since this representation is also expected to result in a better color
representation.

* LSC of two Default Color Jitter Models ([CJ,CJ]): We also show results of simply
concatenating two independently trained models (trained from different
seeds) with default color jitter (an ensemble of two models).

In all experiments, these are combined with the other default augmentations (crop,
flip, and blur).

5.4.2 Color sensitivity analysis

We perform a robustness analysis on the VegFru and CUB-200 datasets with re-
alistic illuminant variations, and analyzed sensitivity to color information. This
experiment is driven by two motivations: to verify that we obtain invariance to
the transformation applied during training, and to characterize the degradation of
different non-Planckian training modalities. We assume as reference point the D65
illuminant, which for the purpose of this test is considered the default illuminant in
every image. Given the different backbones pretrained on IMAGENET, we then train
a linear classifier on this dataset (assumed to be under white illumination). For
testing we create different versions of the dataset, each illuminated by illuminants
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Figure 5.4: Color sensitivity analysis. (a) Robustness to illuminant change: we report
the accuracies by differently-trained backbones as a function of illuminant. (b) The
color sensitivity indexes computed for the different configurations used for training
the backbone.

of differing color temperature. This allows us to evaluate the robustness of the
learned representations with respect to these illuminant changes.

Results are given in Figure 5.4(a) (more results are provided in Figure 5.5 from
section 5.4.6). Planckian Jitter obtains a remarkably stable performance between
4000K and 14000K, while Default Color Jitter is more sensitive to the illumination
color and the classification accuracy decreases when the scene illuminant moves
away from white. We also see that the combination of default and Planckian Jitter
obtains the best results for all illuminants and manages to maintain a high-level of
invariance with respect to the illuminant color. Among the non-Planckian curves,
default color jitter (CJ) is the most invariant, followed by CJ+CJ- (although showing
better performance at D65), and finally CJ-.

In order to understand the impact of the color information on each neuron in
trained models, we conducted an analysis using the color selectivity index described
by [120]. This index measures neuron activation when color is present or absent in
input images. We computed the index for the last layer of different backbones, and
high values indicate color-sensitive neurons. See section 5.3.2 for more details on
color selectivity. The results are shown in Figure 5.4(b) and indicate the number of
color-sensitive neurons for each of the considered models. It is clear that the default
color jitter has far fewer neurons dedicated to color description. This result confirms
the hypothesis that models trained in this way are color invariant, a property that

83



Chapter 5. Planckian Jitter

84

negatively affects the model in scenarios where color information has an important
role as seen in our experiments. We have also analyzed the results for the default
color jitter without Grayscale augmentation (CJ-). These results show that removing
the Grayscale augmentation improves color sensitivity significantly. We therefore
also consider this augmentation in future experiments.

5.4.3 Ablation study

Table 5.1: Accuracy results with ablation on color augmentations. Self-supervised
training is performed on CIFAR-100 and the learned features are evaluated at
(32 x 32) on CIFAR-100 and FLOWERS-102. Augmentation techniques include varia-
tions in hue and saturation (H&S), brightness and contrast (B&C), Planckian-based
chromaticity (P), and random Grayscale conversions (G). Accuracy refers to the
linear classifiers trained with features extracted from the different backbones.

AUGMENTATION H&S B&C G P Cirar-100 FLOWERS-102

None 41.93% 36.47%
Default Color Jitter v v v 59.93% 30.00%
v v 41.96% 36.96%

v 32.46% 39.11%

v 36.10% 39.51%

v 31.78% 41.96%

Planckian Jitter v v 47.31% 42.75%

Six different models were trained and evaluated with a linear classification
for image classification. For resolution 32 x 32 the model is evaluated on CIFAR-
100 and FLOWERS-102. The results in terms of accuracy are reported in Table 5.1
and Table 5.2. We identify two different trends when interpreting these results.
On CIFAR-100, removing color augmentations makes the model less powerful,
due to the loss of color invariance in the features extracted by the encoder. This
behaviour is consistent with what was reported by [22]. We see in Table 5.1 that if
color augmentations (i.e. brightness/contrast and Random Grayscale) are removed
completely (the None configuration), the accuracy drops by 18%. On FLOWERS-102
the behavior is the opposite however: removing color augmentations helps the
model to better classify images, obtaining an improvement of 12.75% of accuracy
with respect to the default color jitter. This behavior confirms that color invariance
negatively impacts downstream tasks where color information plays an important
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Table 5.2: Accuracy results for self-supervised training on CIFAR-100 and evaluated
at 32 x 32 on CIFAR-100 and FLOWERS-102. The reported accuracy refers to the
results of the linear classifiers trained with features extracted from the different
trained backbones.

AUGMENTATION CIFAR-100 FLOWERS-102
Default Color Jitter (CJ) 59.93% 30.00%
Default Color Jitter w/o Grayscale (CJ-) 41.96% 36.96%
Planckian Jitter (PJ]) 47.31% 42.75%
LSC: [C], CJ-] 62.27% 47.65%
LSC: [C], P]] 63.54% 51.66%

role.

Taking a closer look at the various augmentation on FLOWERS-102, we see
that introducing more realistic color augmentations positively impacts contrastive
training and produces models that achieve even better results with respect to the
configuration without any kind of image color manipulation. Removing all color
augmentations (None) improves results already by over 6%. Then, by simply re-
ducing the jittering operation to influence brightness and contrast, leaving hue
and saturation unchanged, yields another boost in accuracy of 5.49% (to 41.96).
When we start modifying chromaticity using a more realistic transformation (i.e
Planckian Jitter), the final result is a boost of 6.28% in accuracy with respect to the
None configuration. Also, on CIFAR-100 we see an improvement of 5.38% from
Planckian Jitter with respect no color augmentation. Despite this improvement, in
this scenario the contrastive training with the realistic augmentation does not yield
better results with respect to the Default configuration because color only plays a
minor role on this dataset.

Given the results obtained using the data augmentations reported in Table 5.1,
and given the considerations made in Section 5.3.3, we evaluate the complementar-
ity of the learned representation by combining latent spaces from different back-
bones. Results for two different latent space combinations are given in Table 5.7. On
both datasets the Latent space combination of Default and Planckian Jitter achieves
the best results. On the original CIFAR-100 task, this combination achieves a total
accuracy of 63.54%, a 3.61% improvement over Default and 16.23% more compared
to Planckian Jitter alone. Comparing to the LSC using the Default ColorJitter w/o
Grayscale, the version with Planckian Jitter achieves a small improvement of 1.27%
in classification accuracy.

85



Chapter 5. Planckian Jitter

86

On the downstream FLOWERS-102 task, Latent space combination reaches an
accuracy value of 51.66%: an improvement of 21.66% and 8.91% in accuracy re-
spectively compared to the two original configurations. Compared to the LSC using
Default ColorJitter w/o Grayscale, the combination with Planckian Jitter achieves a
higher result, and a bigger gap in terms of accuracy with respect to the CIFAR-100
scenario. Here the use of Planckian Jitter brings an improvement of 4.01%, con-
firming the impact of using realistic augmentation on classification tasks for which
color is important.

5.4.4 Evaluation on downstream tasks

Given the ablation study results, we performed the analysis of the proposed configu-
rations on other downstream tasks using the backbone trained on higher resolution
images (224 x 224 pixels). We report in Table 5.3 the results for: Default Color Jitter,
Planckian Jitter, and latent space combinations. The datsets used in the finetuning
step are:

e FLOWERS-102 [105]: Dataset consisting of 102 flower categories commonly
occurring in the United Kingdom. Each class consists of between 40 and 258
images, for a total 8,189 images.

* VEGFRU [128]: Dataset consisting of more than 160,000 images of vegetables
and fruits divided in 292 classes.

e CUB-200 [147]: Dataset made of 6,033 images of 200 bird species.

e T1K+ [26]: Dataset of textures divided into 1129 classes and organized in 5
groups of 266 super classes. We adopted the 266 class labeling to finetune
and test our models.

e USED [1]: Dataset consisting of 14 categories of social events from around
the world. Images depict the interaction between multiple objects and the
background scene. We considered 1000 images per class for training, and 500
images per class for testing.

Looking at the results, we see that the Planckian Jitter augmentation outper-
forms default color jitter on three datasets (CUB-200, T1K+, and USED). Compar-
ing the results on FLOWERS-102 with those reported above at (32 x 32) pixels, we
see that default color jitter actually obtains good results. We hypothesize that for
high-resolution images the shape/texture information is very discriminative, and
the additional color information yields little gain (for further analysis, see also 5.4.8).
Table 5.3 also contains results for latent space combination, which confirm that the
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Table 5.3: Evaluation on downstream tasks. Self-supervised training was performed
on IMAGENET at (224 x 224) and testing performed on the downstream datasets
resized to (224 x 224).

AUGMENTATION CUB-200 VEGFRU TI1K+ USED  FLOWERS-102
Default Color Jitter (CJ) 54.52% 67.63% 71.44%  59.90% 93.16%
Planckian Jitter (P]) 56.28% 65.84% 77.42%  60.03% 90.29%
LSC [C],P]] 60.70% 74.73% 80.49% 64.07% 93.99%
LSC [C],C]] 56.16% 70.59% 73.47% 61.07% 93.13%
LSC [C],CJ-] 53.14% 70.54% 78.32% 63.87% 93.47%

Table 5.4: Additional analysis on downstream tasks. Self-supervised training is
performed on TINY-IMAGENET at (64 x 64).

DATA AUGMENTATION TINY-IMAGENET FLOWERS-102 CuB200 VEGFRU T1K+

None 27.06% 37.65% 18.76%  24.07% 35.82%
Default Color Jitter (CJ) 33.12% 46.27% 19.36%  23.92% 26.01%
Default Color Jitter w/o Grayscale (CJ-) 31.62% 40.39% 21.90%  27.39% 32.50%
Planckian Jitter (PJ]) 30.95% 52.35% 25.12% 28.94% 32.51%
LSC: [C],CJ-] 39.02% 58.33% 26.82% 36.43% 37.20%
LSC: [C],P]] 39.23% 61.57%  30.45%  39.65% 38.20%

two learned representations are complementary. Their combination yields gains of
up to 9% on T1K+. As a sanity check we also include the latent space combination
of two networks separately trained with Color Jitter. This provides a small gain on
some datasets, but yields significantly inferior results than LSC.

5.4.5 Additional downstream results on Tiny-Imagenet

We also performed experiments for several other configurations of the downstream
tasks with the representation trained on Tiny-ImageNet. In Table 5.4 we report
results for the main task and downstream task (as in section 5.4.4 of the main paper
ImageNet, but here all images are at 64 x 64 pixel resolution.

These additional comparisons confirm the conclusions described in section
5.4.4. For all of the considered downstream tasks the application of the proposed
data augmentation procedure improves the results even in comparison with other
combinations of the originally used data augmentations. Moreover, the comparison
with the latent space combination with the two versions of the default color jitter
shows how exploiting features extracted by the model trained using the proposed
Planckian Jitter augmentation enriches the expressive power of the final model.
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Figure 5.5: lllumimant robustness analysis. To assess feature invariance to realistic
color changes in images, for each method we evaluate classification accuracy on 25
different, re-illumintated versions of the datsets. The images of the two datasets
(CIFAR-100 on the left and FLOWERS-102 on the right) have been modified with
the illumimants from temperature 3000 K to 15000 K using the Planckian Jitter
transform.

5.4.6 Color sensitivity

To analyze feature robustness to different illuminants, we tested the models with
different, re-illuminated versions of the CIFAR-100 and FLOWERS-102 datasets. We
applied Planckian Jitter on the two datasets, generating 25 different versions of each,
one for each illuminant sampled. Using these different versions of the datasets we
then test the models for each illuminant and collect the classification accuracies.
The results on both CiFAR-100 and FLOWERS-102 are given in Figure 5.5.

5.4.7 Execution time comparison

Here we provide an analysis of execution time to assess the usability of the Planckian
Jitter compared to standard Color Jitter. We executed the two algorithms: the Color
Jitter image transform from Torchvision (Torch version v1.8.1 and Torchvision
version v0.9.1) and our Planckian Jitter at different image resolutions. For each
resolution we ran the code 40 times and averaged the execution time. Results are
shown in Figure 5.6. All augmentations were performed in CPU on an Intel i7-8700
processor. As can be seen, the proposed Planckian Jitter is faster than standard
Color Jitter.
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Figure 5.6: Comparison of execution time between the proposed Plackian Jitter
transform and the Color Jitter implementation in Pytorch Torchvision v0.9.1. For
each resolution we executed both the algorithms 40 times.

5.4.8 Dependence on resolution

To better understand the difference of the performances reported in Tables 5.2 and 5.3,
we perform an experiment that shows that the relative importance of texture and
shape increases with increased resolution.

As an additional experiment, we took the representations and classifiers learned
at high-resolution (224x224) and investigated their sensitivity to high-frequency in-
formation in images. At inference time, we down-sample (down-sample resolution
is given in Table 5.5) and then up-sample all images. In this way, we can compare
the dependence on high-resolution information of different methods. Note, that
here we do not retrain the classifier but use the one trained at 224x224. The results
clearly show that CJ suffers more from down-sampling than PJ. For the Flowers

Table 5.5: Classification accuracy as a function of down-sampling size on Flowers.
Results confirm that PJ is less sensitive to down-sampling than CJ.

Method 32 64 128 224

CJ 7.74 4923 91.43 91.90
CJ+P] 16.30 66.43 93.01 93.45
PJ 23.11 70.13 89.04 89.22
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datasets, the results of CJ at resolution 224 are better than PJ. However, when we
down-sample to 64, the results change and results for PJ are already significantly bet-
ter than CJ. This suggest that the texture information (important for CJ) is removed
and this hurts performance. For PJ, which is more dependent on color information,
down-sampling hurts results less (note PJ is also using texture, shape but to a lesser
degree, so results still deteriorate for smaller resolutions).

5.4.9 Color importance in Planckian Jitter based representation

Table 5.6: Methods evaluated with color and grayscale images on the Flowers
dataset.

Method COLOR ACCURACY

CJ COLOR 92.73
CJ GS 89.51
P] COLOR 88.97
PJ GS 21.38

To verify that CJ uses less color information than PJ, we did a simple experiment
where at inference time we changed the input images from sRGB to gray-scale
images. These results are provided in Table 5.6. These results clearly show that PJ
is much more dependent on color than CJ. PJ has a drop of over 67.6% whereas CJ
only drops 3.2 percentage points.

5.4.10 Generality and Limitations of Planckian Jitter

To show that our approach is generally applicable to self-supervised methods ex-
ploiting color augmentations, we report in Table 5.7 experiments using SimCLR,
Barlow Twins, and the more recent VicReg [9]. Independently of the model, Latent
Space Combination consistently achieves the best results on both datasets.

A drawback of Planckian Jitter is the quality reduction of shape and texture
representations, because the extreme color transformation of the standard Color
Jitter force the network to solve the contrastive learning problem mainly using
shape/texture information. As we have shown, this problem can be addressed by
exploiting their complimentary nature. Secondly, our current latent space combina-
tion requires the training of two separate backbones, which will also learn partially-
overlapping features. A training scenario with both augmentations simultaneously
in a single network while reserving part of the latent space for each augmentation
could be pursued to address this limitation. Finally, object-specific augmentations



5.5 Conclusion

Table 5.7: Effect of Plackian Jitter on different contrastive learning models. Self-
supervised training was performed on CIFAR-100 and the learned features are
evaluated at (32 x 32) on CIFAR-100 and FLOWERS-102. We report the best configu-
rations obtained on SimSiam model and retrained SimCLR and Barlow Twins with
those selected configurations.

FRAMEWORK AUGMENTATION CIFAR-100 FLOWERS-102
Default Color Jitter (CJ) 59.93% 30.00%
SimSiam Planckian Jitter (PJ]) 47.31% 42.75%
LSC [C],P]] 63.54% 51.66%
Default Color Jitter (CJ) 56.99% 35.29%
SimCLR Planckian Jitter (PJ]) 47.75% 45.00%
LSC [C],P]] 61.07% 55.78%
Default Color Jitter (CJ) 56.60% 40.78%
Barlow Twins Planckian Jitter (PJ]) 52.71% 54.50%
LSC [C],P]] 62.85% 62.55%
Default Color Jitter (CJ) 65.23% 49.50%
VicReg Planckian Jitter (PJ]) 59.19% 50.90%
LSC [C],P]] 68.95% 60.80%

that also take into account shadows, the type of reflectance, secondary light sources,
inter-reflections, shadows, etc, could lead to further improvements.

5.5 Conclusion

Existing research on self-supervised learning mainly focuses on tasks where color is
not a decisive feature, and consequently exploits data augmentation procedures
that negatively affect color-sensitive tasks. We propose an alternative color data
augmentation, called Planckian Jitter, that is based on the physical properties of
light. Our experiments demonstrate its positive effects on a wide variety of tasks
where the intrinsic color of the objects (related to their reflectance) is crucial for
discrimination, while the illumination source is not. We also proposed exploiting
both color and shape information by concatenating features learned with differ-
ent modalities of self-supervision, leading to significant overall improvements in
learned representations. Planckian Jitter can be easily incorporated into any self-
supervised learning pipeline based on data augmentations, as shown by our results
demonstrating improved performance for three self-supervised learning models.
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6.1 Conclusions

In this thesis, we study the intersection between self-supervised and continual learn-
ing. For continual learning, we aimed to research and develop new exemplar-free
methods that exploit the properties of self-supervised representations to mitigate
catastrophic forgetting. In self-supervised learning, we focused on the study and
analysis of color image augmentations and their implications for color-relevant
applications.

¢ Chapter 2: Continually Learning Self-Supervised Representations with Pro-
jected Functional Regularization. This chapter introduced a novel exemplar-
free continual unsupervised learning method. Traditional continual learning
methods often apply regularization to class predictions or logits, which can
severely limit plasticity when used in self-supervised representation learning.
We presented Projected Functional Regularization, which employs a temporal
projection network to overcome this limitation. This technique preserves in-
formation from the previously learned feature space while allowing to acquire
new features, thereby enhancing plasticity. Our method’s effectiveness was
demonstrated through comprehensive experiments on CIFAR100 and Tiny
ImageNet datasets, where it significantly outperformed conventional feature
distillation techniques.

¢ Chapter 3: Plasticity-Optimized Complementary Networks for Unsuper-
vised Continual Learning.

Existing unsupervised continual learning methods can suffer from subopti-
mal stability and plasticity on longer sequences, since they have difficulty
adapting to the new knowledge required to address the latest task while main-
taining the vast knowledge already learned on earlier tasks. We introduced
"Plasticity-Optimized COmplementary Networks’ (POCON); POCON employs
an expert network that maximizes performance on current data without con-
straints, thus optimizing plasticity. Knowledge is then transferred to a main
network through distillation while maintaining similarity with the previous-
task main network to prevent forgetting. Our method outperformed existing
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techniques for exemplar-free continual self-supervised learning, such as PFR
and CaSSLe, as demonstrated by experiments on CIFAR100, Tinylmagenet,
and ImageNet100 datasets. POCON showed particular strength in scenarios
involving numerous tasks.

* Chapter 4: Exemplar-free Continual Representation Learning via Learnable
Drift Compensation. In this chapter, we found that feature drift is a primary
cause of performance decline in exemplar-free continual learning methods
that use prototype accumulation. To address this, we introduced Learnable
Drift Compensation (LDC), a straightforward yet powerful prototype correc-
tion technique. LDC develops a projector that maps between consecutive
tasks’ feature spaces, utilizing only the data available at each task along with
current and previous models. This projector is applied after each task to
adjust the positions of stored old prototypes. Comprehensive experiments on
continual learning benchmarks demonstrated that LDC surpasses previous
drift correction methods in supervised and semi-supervised contexts.

* Chapter 5: Planckian Jitter: countering the color-crippling effects of color
jitter on self-supervised training. Current self-supervised learning research
focuses on tasks where color is not critical, often using data augmentation
techniques that can hinder performance on color-sensitive tasks. To address
this, we introduced 'Planckian Jitter,’ a novel color data augmentation method
based on light’s physical properties. Our experiments showed its effectiveness
across various tasks where objects’ intrinsic color (linked to their reflectance)
is crucial for differentiation, independent of the illumination source. Fur-
thermore, we proposed combining color and shape information by merging
features learned through different self-supervision modalities, resulting in
substantial improvements in overall representation learning.

6.2 Future work

For future work, we are interested in studying the accuracy boost that smaller
networks can give to self-supervised continual learning (as Chapter 3 showed). We
think these lower capacity networks can offer interesting properties in many-task
scenarios or even in extreme settings such as online continual learning.

Second, we studied and developed methods for architectures based on convolu-
tional neural networks. However, vision transformers (ViT) have become a standard
for computer vision applications, and several methods for continual learning using
ViTs have been proposed. In particular, we would like to study how to extend current
ViT-based continual learning methods to the unsupervised exemplar-free regime.



6.2 Future work

Finally, this thesis focused on computer vision, but vision and language merged
into the same topic as time passed. We are interested in exploring continual learning
methods that can be applied to vision-language models. In this multi-modal realm,
language could contribute to retaining and distilling knowledge between tasks as it
has a higher level of representation than images.
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