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Abstract

Lifelong learning represents an essential function of an arti�cial intelligence system, which can

continually acquire and learn novel knowledge without forgetting it. Lately, deep learning

has brought new possibilities for the development of arti�cial intelligence, including arti�cial

lifelong learning systems. However, most existing lifelong learning systems are limited to the

classi�cation task, and lifelong generative modelling remains a new stage. In this PhD thesis,

our research goal mainly focuses on training deep generative models in the context of lifelong

learning. The advantage of our research topic over general continual learning is that we can

implement many downstream tasks within a uni�ed framework, including classi�cation, image

generation, image interpolation, and disentangled representation learning. Firstly, we propose a

new lifelong hybrid approach, combining the advantages of Generative Adversarial Net (GAN)

and Variational Autoencoder (VAE) for lifelong generative modelling. The proposed model can

learn a robust generative replay network that provides high-quality generative replay samples

to relieve forgetting, while we also train inference models to capture meaningful latent repre-

sentations over time. Secondly, to learn a long sequence of tasks, we propose a novel dynamic

expansion model that can reuse existing network parameters and knowledge to learn a related

task while building a new component to deal with a novel task. Thirdly, we propose a novel

lifelong teacher-student framework where a dynamic expansible GAN mixture model imple-

ments the teacher module. Then, we introduce a novel self-supervised learning approach for

the Student that allows capturing cross-domain latent representations from the entire knowl-

edge accumulated by the Teacher as well as from novel data. Finally, we extend the lifelong

teacher-student framework to task-free continual learning, where the task information is un-

available. The proposed model can adaptively expand its network architecture when detecting

the data distribution shift during the training, which can be applied to in�nite data streams.
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Notations

Notations Description

N The total number of tasks in general continual learning.

N 0 The total number of training times/steps for a data stream under task-free continual learning.

D i
S The i -th labelled training dataset.

D i
D The task label dataset, which represents the task information for D i

S from the i -th task.

D i
SU The i -th unlabelled training dataset.

D i
T The i -th labelled testing dataset.

p(x i
SU ) The data distribution formed by samples from the i -th training dataset D i

SU .

f x i ; y i g An image with the associated with the class label.

d ?
i The task label (one-hot vector) for x i .

z The continuous latent variable.

u The discrete latent variable, representing the class information.

d The discrete latent variable, representing the domain/task information.

e The discrete latent variable, representing expert identity information.

X The data space.

W The dimension of a data sample.

L The dimension of a latent variable d .

Q The dimension of a latent variable u .

V The dimension of a latent variable e.

Z The space of the latent variable z.

m The size of a data batch.

K The current number of components/experts in the model.

G� The generator with the parameter � .

D � The discriminator with the parameter � .

f X batch ; Y batch g The labelled data batch.

D batch The data batch of the task label.

D G The labelled dataset generated using the model.

D GU The unlabelled dataset generated using the model.

D GU The unlabelled dataset generated using the model.

D bs
GU The unlabelled dataset produced by the bs-th expert.

D bs
G The labelled dataset produced by the bs-th expert.

D t
D The task label set of the t-th task.

A i The i -th component/expert in the mixture framework.

A A single model.

bs The index of the current selected component/expert in the mixture system.
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Chapter 1

Introduction

Humans have an inherent ability to memorise, interpret and transfer knowledge across tasks,

[4]. Lifelong/Continual learning represents the capability of people or animals of being able

to continually acquire new skills or novel knowledge from a sequence of tasks while also main-

taining their performance on previously learnt tasks [44]. When presented with a new task,

humans would use their previously learnt experience in order to understand it. This ability

is essential for adaptation and solving many real-world problems and would be very useful if

it could be implemented in arti�cial systems in order to advance their capabilities. Arti�cial

learning systems, able to learn new information from multiple sources while expanding their al-

ready assimilated cognitive abilities, would be able to solve multiple challenges [125]. However,

lifelong learning remains a serious challenge for deep learning applications. While deep learning

approaches perform well in many speci�c data classi�cation applications [64], they su�er from

the catastrophic forgetting problem [6, 136, 129, 163] when attempting to learn new tasks. This

happens because a deep learning model, which had been trained initially on a speci�c database,

loses that knowledge when it is trained for a new task on a novel data set. While deep learning

was concerned mostly with language and image processing, the goal of lifelong learning is to

process a wide variety of data. In this PhD thesis, we limit our study to learning databases of

images.

Lifelong learning has attracted much attention in recent years because of its potential ap-

plications in many real-world systems such as autonomous learning agents and robots [125].

The natural property of lifelong learning is also relevant to many practical applications. For

example, the bank fraud detection system should be able to continuously learn new cases to

improve the system's robustness. Moreover, a robot should be able to acquire new knowledge in

1



CHAPTER 1. INTRODUCTION 2

a dynamically changing environment without forgetting it in order to make a reasonable deci-

sion when the environment changes. In addition, studying lifelong learning can bridge the gap

between the computational model and the brain-like machine and promote the development of

arti�cial intelligence research.

A lifelong learning problem can be de�ned by several individual tasks and a model, where

each task is de�ned by sets of images from several incremental classes or from a single larger

data set, which is maybe provided through a continuous data stream. During lifelong learning,

only one set of training examples from the current task is available for training the model,

while the model cannot access all previously seen tasks. Once training is complete, the model's

e�ectiveness on all test examples is evaluated using a prede�ned performance metric such as

Freschet Inception Distance (FID) [63]. This thesis also considers a more realistic setting for

lifelong learning called Task-Free Continual Learning (TFCL) [7], which assumes there is no

task information access during the training.

Prior research aiming to alleviate catastrophic forgetting was often focused on regular-

ization [191], dynamic architectures [142] and memory-based methods [106]. For instance,

regularisation-based approaches would generally impose a more signi�cant penalty for changing

the model parameters in order to relieve catastrophic forgetting [99]. However, these approaches

do not work well when learning entirely di�erent data sets. Dynamic architecture approaches

would either freeze the weights for sections of the network or add new processing nodes when

learning new tasks [129]. The drawback of these approaches is that they invariably require

additional network structures, thus increasing the number of parameters requiring training for

storing additional information. Other continual learning methods rely on a small memory bu�er

that stores some past samples [22] or uses a generator to reproduce previously learned samples

[175]. The memory-based approaches have shown impressive results in continual learning but

cannot handle an increasing number of tasks due to limited memory capacity.

On the other hand, most of the existing continual learning studies mainly focus on the

classi�cation task, where a classi�er can continuously learn new classes [134]. Training deep

generative models using lifelong learning has been recently investigated in several works [193, 2].

These studies have shown that generative models in lifelong learning can bene�t many down-

stream tasks, including the image interpolation [2], disentangled representation learning [2] and

image to image translation task [193]. These approaches typically use generative technologies

such as the Variational Autoencoder (VAE) [85] and Generative Adversarial Net (GAN) [52]
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to generate previously learned samples that are used to re-train the model to avoid forgetting.

However, since the performance of these approaches depends heavily on the quality of the

generative replay samples, they would su�er from catastrophic forgetting when learning a long

series of tasks. In addition, when a single generative technology (GAN or VAE) is used for

generative replay, it still su�ers from the limitation of either lacking an inference mechanism

(GAN) or producing blurred images (VAE). In this thesis, our research mainly focuses on

training generative models under lifelong learning and aims to develop several methodologies

to overcome the limitations of prior studies. Moreover, this research also investigates three

di�erent settings for lifelong learning : 1) learning a �nite number of tasks; 2) learning an in�nite

number of tasks; 3) learning in�nite data streams without knowing the task information; These

settings represent the basis for developing practical applications in lifelong learning. Therefore,

we implement these settings by developing several new models, brie
y described in the following.

First, we address the �rst learning situation by proposing a new hybrid approach that com-

bines the advantages of GANs and VAEs in a uni�ed optimisation framework. Here, the GAN

model is trained to produce high-quality generative replay patterns, while inference models

are enforced to learn cross-domain latent representations for both past and current tasks using

VAE losses. However, the proposed lifelong hybrid approach can only be applied to a few tasks

and would su�er from serious forgetting problems when trying to learn an unlimited number of

tasks. This inspires us to address the second learning setting by developing a lifelong learning

framework, called the Dynamic Growing Mixture Model (GMM), which dynamically expands

its network architecture to cope with an increasing number of tasks. To test whether the pro-

posed GMM model is more advantageous than a single/static model in learning a long series of

tasks, we construct a series of experiments on both supervised and unsupervised learning. The

empirical results show that dynamically expanding the network architecture can signi�cantly

reduce forgetting compared to a single/static model.

Although GMMs achieve promising results in lifelong learning, they require a multi-head

structure for performing the component selection during the testing phase. To address this

issue, we develop a dynamic self-supervised Teacher-Student framework which can continually

embed di�erent data domains into a single latent space modelled by a lightweight student

module. During the testing phase, the proposed model only requires the student module for

the inference and discards the teacher module, accelerating the processing required for inference

while also reducing the memory requirement.
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The third learning context, called Task-Free Continual Learning (TFCL) [7] is a special case

of continual learning in which the model can not access the task information and boundaries.

To address this challenging learning paradigm, we develop a new teacher-student framework,

where the teacher learns a dynamic expansion model as a parameterised memory to retain long-

term information. We also introduce a short-term memory (STM) for temporarily storing the

incoming information. To enable the model expansion, we develop a novel dynamic expansion

criterion that evaluates the probabilistic distance between the STM and each previously learnt

teacher component. Such a mechanism can avoid frequent expansion and ensure knowledge

diversity among components during the training. Finally, to embed the stored knowledge into

a single latent space, we propose to learn a VAE-based student module and a new knowledge

distillation approach that transfers the teacher's and STM's knowledge into the student module.

We outline the remainder of this thesis as follows :

ˆ Chapter 2. Literature review : We introduce the related works of general continuous

learning and task-free continual learning. We also discuss the drawbacks of the existing

lifelong learning approaches, which inspire us to propose several new lifelong learning

models described in the following chapters.

ˆ Chapter 3. Lifelong learning with a hybrid approach : We propose to learn a

generative model under continual learning by taking the properties of GAN and VAE

models that can learn cross-domain latent representations over time.

ˆ Chapter 4. Dynamic growing mixture model : We develop the Dynamic Growing

Mixture Model (GMM) model that can address the limitations of the static network

architecture in learning an in�nite number of tasks.

ˆ Chapter 5. Dynamic Self-Supervised Teacher-Student Network Learning : Al-

though GMMs can achieve promising results in lifelong generative modelling, they require

a mechanism for performing the component selection at the testing phase, which leads

to additional inference times. This chapter proposes a new lifelong learning framework

based on the teacher-student structure, which aims to transfer the teacher's knowledge

to a lightweight student module without forgetting. The proposed framework can signi�-

cantly reduce inference times and maintain a lightweight student module during testing.
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ˆ Chapter 6. Task-free continual learning using a teacher-student framework :

In this chapter, we extend the proposed teacher-student framework (chapter 5) for task-

free continual learning and introduce a new dynamic expansion criterion that does not

require accessing the task information during the training. The proposed framework can

be applied to learning in�nite data streams without forgetting.

ˆ Chapter 7. Conclusion and future works : We provide a detailed discussion of the

conclusion and hints about the future development of the research results from this thesis.



Chapter 2

Background and Literature Review

Although lifelong learning can be applied to a variety of applications such as natural language

processing, text or speech, the research results presented in this thesis are focused on processing

images. In this chapter, we �rst introduce several methods used in this thesis, including the

Variational Autoencoder (VAE) and the Generative Adversarial Network (GAN). Then we pro-

vide an overview of related work on general continual learning, where the task label is always

given during training. The lifelong approaches can be divided into four branches: regularisation-

based methods, dynamic architectures, memory-based and knowledge distillation-based meth-

ods. Since task-free continual learning represents an important and realistic setting, we also

provide an overview of related work on task-free continual learning in the remainder of this

chapter.

2.1 Background

2.1.1 Generative Adversarial Nets (GANs)

GANs represent a promising approach for both unsupervised and semi-supervised learning [52].

The learning procedure of a GAN is presented in Figure 2.1. A GAN is made up of two di�erent

networks which are coupled: the Generator and the Discriminator. These two networks are

separately trained while playing a Min-Max game where the Discriminator network is trained

to receive both fake and real data samples while learning to distinguish them from each other.

Meanwhile, the generator is trying to produce more realistic data, such as images, that would

fool the Discriminator network. The loss for training GANs is de�ned as, [52]:

6
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Figure 2.1: The learning procedure of GAN, which involves two components, the generator and
the discriminator.

L G = Ez� p(z) [log (1 � D � (G� (z)))] ; (2.1)

L D = � Ex � p(x ) [logD� (x)] � Ez� p(z) [log (1 � D � (G� (z)))] ; (2.2)

where z is a low-dimensional random noise vector sampled from a simple prior distribution

p(z) = N (0; I ) and x is a real training sample drawn from a data distribution1 p(x). G� (z)

is parameterized by� and is implemented by a generator that receives a random vectorz and

returns an imagex. D� (x) is parameterized by� and is implemented by a discriminator network

which receives an imagex and returns a scalar. In practice, the generator and discriminator

can be implemented by using the deep CNN networks and the output of the discriminator

in the original GAN [52] is con�ned to [0; 1] by using the sigmoid function. Although the

GAN model has shown impressive results in image generation, it still encounters two main

drawbacks: (1) Mode collapse [156] happens when the generator tends to generate images of a

limited number of categories; (2) The unstable learning [143] induces a strong generator and

a weak discriminator, which can not �nd the optimal solution for the GAN and thus produce

unrealistic image generation results.

2.1.2 Variational Autoencoder

The Variational Autoencoder (VAE) is a popular latent variable generative model, �rstly pro-

posed in [85]. The learning procedure of VAEs is shown in Figure 2.2 where a VAE is shown

as having two module components, namely the encoder and decoder. Letx and z be the

1Following from the original GAN [52] works and other existing studies in generative modelling �elds [11, 55],
we adopt the data distribution to represent the probability distribution of data samples.
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Figure 2.2: The learning procedure of VAE, where the encoder and decoder are used to model
the encoding and decoding distributions, respectively.

observed and the latent variable, respectively. Letp(x) represent a data distribution and

p� (x j z) be a decoding distribution which is usually implemented as the Gaussian distribution

p� (x j z) = N (f (z; � ); � 2I ), where f (z; � ) parameterized by � is the decoder that receives a

latent code z and its output is used as the mean vector ofN (f (z; � ); � 2I ). � is the standard

deviation which is �xed for the decoding process. The learning goal of a VAE aims to maximize

the real sample log-likelihood, de�ned as:

log
Z

p� (x j z)p(z) dz ; (2.3)

wherep(z) is the prior distribution N (0; I ). To solve Eq. (2.3), the VAE framework derives a

new objective function, described as follows.

In addition to the decoding distribution p� (x j z), we can replace the true posterior distribu-

tion p� (z j x) with an approximation distribution q(z). We start by de�ning the Kullback-Leibler

divergence betweenp� (z j x) and q(z), following from [34]:

DKL [q(z) jj p� (z j x)] = Ez� q(z) [logq(z) � logp� (z j x)] : (2.4)

According to Bayes rule, we can rewrite Eq. (2.4) as:

DKL [q(z) jj p� (z j x)] = Ez� q(z) [logq(z) � logp� (z j x) � logp(z)] + log p(x) : (2.5)
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Then we rearrange Eq. (2.5), resulting in:

logp(x) � DKL [q(z) jj p� (z j x)] = Ez� q(z) [logp� (x j z)] � DKL [q(z) jj p(z)] : (2.6)

In practice, q(z) is implemented by a parameterized distributionq&(z j x) = N (f � (x); (f � (x))2I ),

where f � (x) and f � (x) are the functions to return the mean and standard deviation vector,

implemented by a neural network with the trainable parameters&. Eq. (2.6) can be rewritten

by replacingq(z) by q&(z j x):

logp(x) � DKL [q&(z j x) jj p� (z j x)] = Ez� q&(z j x ) [logp� (x j z)]

� DKL [q&(z j x) jj p(z)] :
(2.7)

The Right-Hand-Side (RHS) of Eq. (2.7) is called the Evidence Lower Bound (ELBO) [85].

The VAE loss function is the minimization of the negative ELBO:

L VAE = � Ez� q&(z j x ) [logp� (x j z)] + DKL [q&(z j x) jj p(z)] ; (2.8)

where the �rst term in RHS of Eq. (2.8) is the negative reconstruction error de�ned as:

logp� (x j z) = �
1

2� 2
kx � f (z; � )k2 �

1
2

W log 2�� 2 ; (2.9)

where W is the dimension ofx. The second term in RHS of Eq. (2.8) is the KL divergence

term. In the VAE optimization, one simple approach to enable the sampling procedure is by

using the reparameterization trick [85] which �rstly draws � � N (0; I ) and then the latent

variable z is calculated asz = f � (x) + f � (x)
J

� , which allow the di�erentiable optimization

process using Eq. (2.8), where
J

is the element-wise product.

The VAE's performance can be improved by deriving a tight ELBO, using the Importance

Weighted Autoencoder (IWELBO) [18] in which the tightness is controlled by the number

of weighted samples considered. Other approaches focus on the choice of the approximate

posterior distribution, including by using normalising 
ows [84, 137], implicit distributions [115]

or using hierarchical variational inference [70]. The IWELBO bound can be used with any of

these approaches to further improve their performance [151]. Additionally, online variational

inference [119] has been used in VAEs, but requires storing the past samples for computing the
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Figure 2.3: The procedure of general continual learning where each task is associated with a
di�erent data domain. During the N -th task learning, the model can access the training dataset
of the N -th task while all previously learnt datasets are not available.

Figure 2.4: The procedure of task-free continual learning, where each data batch contains
training samples from di�erent data domains while the task information and boundaries are
unavailable. During the N 0-th training time/step, the model can only access theN 0-th data
batch while all previous data batches are not available.

approximate posterior, which is intractable when learning an in�nite number of tasks.

2.1.3 Lifelong Learning and Its Settings

Continual/Lifelong learning represents a long-standing challenge for the machine learning ap-

proaches [125, 58]. Di�erent from the traditional deep learning paradigm, which can access all

training samples and aims to learn a single dataset, lifelong learning considers learning succes-

sively a sequence of tasks where each one is associated with a di�erent dataset or with groups

of samples from various data categories. During each task learning, the model can access the

training samples from the current task while all previously learnt tasks are unavailable. With-

out accessing past samples, deep learning frameworks gradually lose their previously learnt

knowledge, leading to catastrophic forgetting [125]. In this thesis, we study two main lifelong
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learning scenarios, described as follows.

General continual learning is the most popular scenario in which the task information and

label are given during the training [134]. For a given sequence ofN tasks, each task (the

t-th task) consists of a training setD t
S = ff x j ; y j ggN t

S
j =1 and testing setD t

T = ff x j ; y j ggN t
T

j =1 ,

respectively, wherex j 2 X and y j 2 Y are the data sample and its corresponding class label

(one-hot vector), respectively. X and Y are the data and class label space, respectively.N t
S

and N t
T represent the total number of samples forD t

S and D t
T , respectively. For unsupervised

learning, each task (thet-th task) has an unlabelled training set2 D t
SU = f x j g

N t
S

j =1 and testing set

D t
T U = f x j g

N t
T

j =1 , respectively. In theN -th task learning (Supervised learning), the model can

only access the training samples fromD N
S , as shown in Fig. 2.3. Once the learning of all tasks

is �nished, the performance of the model is evaluated on all testing datasetsf D 1
T ; � � � ; DN

T g.

Task-free continual learning is a more realistic scenario where the model sees only a small set

of samples in a training period/step [7] without knowing task boundaries. LetD i
T U = f x j g

N T
i

j =1

and D i
SU = f x j g

N S
i

j =1 be the unlabelled test and training sets, for thei -th data domain/dataset,

whereN T
i and N S

i represent the number of samples for the test and training sets, respectively.

In task-free continual learning, we create a joint datasetS = f D 1
SU [ D 2

SU [ � � � [ D N
SUg as

a data stream S, where N is the total number of datasets. For a given data batch sizem

(We considerm = 64 in the experiments), the data stream can be divided intoN 0 disjoint

data batchesf X 1
batch; X 2

batch; � � � ; X N 0

batchg in a batch-to-batch learning manner [7] and each data

batch X t
batch containsm samples. For a given set ofN 0 training times/steps, each training step

(the t-th step) is associated with a small batch of training samplesX t
batch := f x j gm

j =1 . In the

N 0-th training period/step, the model can only access the data batchX N 0

batch while all previously

learnt data batchesf X 1
batch; � � � ; X N 0� 1

batch g are unavailable, as shown in Fig. 2.3. After all training

steps are �nished, the model's performance is evaluated on all testing samples. The primary

di�erence between general continual learning and task-free continual learning is that TFCL

does not access any task information and boundaries during training.

2.1.4 Disentangled Representation Learning

Learning a disentangled representation from data distributions is an important problem in

computer vision. Generative models provide a general way to achieve this goal by learning a

2Since D t
SU has the same dataset size withD t

S , we employ N t
S to denote the total number of samples for

D t
SU .
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set of critical latent variables that can determine meaningful variations in visual spaces. The

de�nition of disentangled representation is an open problem, but most studies consider it to be

a data decomposition into sets of statistically and syntactically independent variables. In order

to understand what is the disentangled representations, we show an example in Figure 2.5 (ref

from [64]) where the face has meaningful variations as changing one single latent variable from

-3 to 3 while �xing other variables. This shows that a single latent variable captures a speci�c

meaningful variation in face images.

Figure 2.5: The disentangled representation results from [64].

In the following, we show how� -VAE [64] can learn disentangled representations by simply

modifying the objective function of VAEs. The main change in the objective function is to set

a large penalty factor� > 1 on the KL divergence term:

L BVAE = � Eq&(z j x ) [logp� (x j z)] + �D KL [q&(z j x) jj p(z)] ; (2.10)

where� controls the balance between reconstruction �delity and the degree of disengagements

in latent variables [64]. To understand why increasing� can help disengagements, some works

[112] [80] have decomposed the KL divergence term into two terms:

Ex � p(x ) [DKL (q&(z j x) jj p(z))] = I (x; z) + DKL [~q(z) jjp(z)] ; (2.11)

where ~q(x) =
R

x q&(z j x)p(x) dx is the aggregated posterior [112]. Minimising the last term can

encourage disengagements in latent variables. However, minimising the above equation results

in reducing the mutual information I (�; �) between latent variablesz and observed datax. In

practice, this can lead to an increasing reconstruction error during the training. Recently, many

technologies have been developed to induce disengaged representation without sacri�cing recon-

struction quality. For instance, Burgesset al. [19] provided a deep analysis on the emergence of



CHAPTER 2. BACKGROUND AND LITERATURE REVIEW 13

Figure 2.6: The learning procedure of GRM, which involves two components, the generator
and the classi�er.

disentangled representation in� -VAEs and proposed a new training procedure which progres-

sively increases the penalty of the KL divergence term in order to balance disengagements and

reconstruction accuracy. Gaoet al. [48] proposed to use the multivariate mutual information,

namely total correlation, to help �nd interpretable representations in VAEs. Kim et al. [80]

proposed a VAE-based disentangled learning model, called FactorVAE, which encourages the

distribution of latent representation to be independent and factorial over the dimensions by pe-

nalising the total correlation in the VAE objective function. A similar idea has been employed

in [26] where the author demonstrated that the total correlation is the more important penalty

in the VAE objective function for inducing disentangled representation.

Learning only continuous latent representations has limitations in the case of databases

with complex images that contain discrete variations. Many research studies attempt to learn

continuous and discrete representations to capture both the class and the continuously changing

properties of data. Dupontet al. [41] proposed jointly learning continuous and discrete latent

variables in VAEs to discover disentangled and interpretable representations. This joint VAE

model introduces gradually increasing the penalty of two KL divergence terms in the VAE

objective function to balance disengagements and reconstruction quality. The InfoGAN [27]

is another kind of unsupervised disentangled learning method, which learns a subset of codes

to capture meaningful representations. The InfoGAN derived a lower bound on the mutual

information between latent codes and the generation process, treated as an additional term in

the GAN objective function. In our research, we also explore the learning of the disentangled

representations in the lifelong learning setting.
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2.1.5 Generative Replay Mechanism for Lifelong Learning

Since this research focuses, among other research directions, on training generative models in

lifelong learning, we give a brief overview of the generative replay mechanism (GRM). The

idea behind the GRM is to train a deep generative model, such as a GAN or VAE, as a

generative replay network that provides past examples to relieve forgetting. A GRM consists

of two components: the generator and classi�er, and its application to classi�cation is shown in

Fig. 2.6. When GRM sees a new task, it �rst generates the previously learned samples through

the generation process, and then the classi�er predicts the pseudo labels for each generated

sample. Finally, these pseudo-samples are merged with new given samples to form a joint

dataset which is used to train the model for the subsequent task learning. In this thesis, we

show that GRM can be used for classi�cation tasks and lifelong generative modelling.

2.2 General Continual Learning

Most of the existing works focus on general continual learning. They usually require task labels

to de�ne the task-speci�c component and loss function evaluation. In this section, we give an

overview of related work on general continual learning.

2.2.1 Regularization Based Methods

Regularization approaches normally impose constraints on the objective function during train-

ing in order to alleviate catastrophic forgetting [191]. Changes in the neural network weights

are penalized by considering a regularization term in the objective function, for instance. Kirk-

patrick et al. [86] introduced the Elastic Weight Consolidation (EWC) algorithm, which en-

courages the weights of a neural network deemed signi�cant to keep close their previous values

when learning a new task. This approach proposes using a quadratic penalty on the di�erence

between the parameters associated with the old and new tasks, which aims to minimize the

change in the previously learnt parameters when learning a new task. Empirical results [77]

have shown that EWC is good at the permutation tasks where each task is built using MNIST

with a di�erent random permutation of the image pixels. However, EWC performs worse when

learning completely new categories incrementally. In addition, one disadvantage for EWC is

that the Fisher matrix is kept for each task and is used in the loss function when learning a
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new task. This can increase the computational complexity of learning a long sequence of tasks.

This problem was addressed by [145], which only employs a single Fisher matrix to preserve

the information of all previously learned tasks and therefore, the computational costs do not

increase when the number of tasks grows.

More recently, regularization approaches have been developed based on the Bayesian In-

ference framework. For instance, Nguyenet al. [119] introduced a new continual learning

framework, called Variational Continual Learning (VCL), which employs the Bayesian prin-

ciple to overcome forgetting. Typically, VCL de�nes a projection operator at thet-th task

learning [119]:

qt (� ) = arg min
q2Q

DKL
�
q(� ) jj

1
Z t

qt � 1(� )p(D t
S j � )

�
; t = 1; � � � ; N ; (2.12)

where� is the model's parameter andDKL is the Kullback-Leibler (KL) divergence. D t
S is the

dataset of the t-th task and 1
Z t

is the intractable normalizing constant. qt (� ) is the tractable

normalised approximation, andQ is a family of approximations. However, to solve Eq. (2.12)

without accumulating errors, VCL requires storing a few samples for each task to calculate

the task-speci�c approximate posterior, which is then used to regularise the updating of the

model's parameters on a new task. VCL was shown to be successfully used in both the clas-

si�er and generative models, such as VAEs. Ahnet al. [3] analysed the drawbacks of VCL,

including the computation time and space complexity and proposed a new solution, which in-

troduces two additional regularisation terms that preserve old knowledge by freezing important

parameters while allocating the remaining capacity to tackle a new task. Moreover, several

works have proposed to regulate the learned representations that are robust to forgetting in

continual learning. Ebrahimi et al. [43] introduced a new lifelong learning framework, which

learns a disjoint representation for task-speci�c and task-invariant features. The main idea

of this approach is to employ adversarial learning to induce task-invariant features that are

combined with newly created task-speci�c features to learn new tasks. Khurramet al. [73]

proposed a new approach that employs a deep Representation Learning Network (RLN) and a

prediction learning network for continual learning. Speci�cally, the proposed approach employs

the meta objective function [46] to update RLN that can be composed with the prediction

learning network to make predictions for data samples. The empirical results show that the

meta-learning can induce suitable representations that can improve the model's performance
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in continual learning. However, these approaches require using signi�cant computational costs,

especially for learning a growing number of tasks [106], since they involve the inner iterative

optimisation paradigm.

2.2.2 Dynamic Architectures

Dynamic architectures employ a 
exible network architecture, which can be dynamically changed

when learning new tasks. Resuet al. [142] proposed the Progressive Neural Network, which

starts with a basic structure and increases its complexity when training with new information.

In order to avoid catastrophic forgetting, this approach considers sub-networks for each newly

learnt task, whose parameters are then frozen when learning new tasks. Aljundiet al. [6]

proposed a mixture model, namely the Expert Gate for continual learning, where each expert

is implemented as an autoencoder for learning a new task. Once all tasks have been learnt, the

Expert Gate employs the reconstruction error as a component selection criterion at the testing

phase. A component with the minimum reconstruction error is selected for the evaluation of

the given task. The empirical results have shown that the Expert Gate can achieve impressive

results when learning a long sequence of tasks. Wenet al. [174] introduced a new ensemble

model for continual learning, called BatchEnsemble. This ensemble model consists of several

components and each of these can have an independent weight matrixW i . However, the en-

semble model would require many more parameters when learning a long sequence of tasks. To

solve this issue, BatchEnsemble generates each weight matrixW i by using a tuple of trainable

vectors r i and si , expressed as:

W i = W � F i ; F i = r i sT
i ; (2.13)

whereW is the joint weight matrix which is frozen after the �rst task learning to avoid forget-

ting. � is the element-wise multiplication operator. Eq. (2.13) is used to generate the speci�c

network parameters for thei -th ensemble member. The previously learned information can be

entirely preserved since each member has its own trainable parameters. However, the main dis-

advantage of using the BatchEnsemble for continual learning is that the number of tasks must

be known before training, which is not applicable in a realistic scenario in which we usually do

not know the number of tasks. In addition, each ensemble member in BatchEnsemble can only

learn a unique task and can not learn several similar tasks, which leads to more parameters when
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learning a long sequence of tasks. Yanet al. [179] proposed a new dynamic expansion model

for class incremental learning. The main idea of this approach is to dynamically build a new

feature extractor, which is combined with the previously learnt feature to form a super-feature

extractor. Then a task-speci�c classi�er is built on the top of this super-feature extractor.

This approach can preserve the best performance on all previously learnt tasks since it only

updates partial parameters when learning a new task. The recent study [38] has implemented

the dynamic expansion model using an advanced neural network called Vision Transformer

(ViT) [36] in which the task token � i is assigned to a certain task and a sub-classi�er is built on

the top the task-attention block for making predictions for a given sample. However, similar

to BatchEnsemble, this approach does not reuse an existing component to learn several similar

tasks. The total number of parameters will grow linearly as the number of tasks increases.

In addition, most existing dynamic expansion models mentioned above [38, 179, 174, 142] can

only be applied to the classi�cation task, limiting their usability to a wide range of applications

such as image reconstruction, image interpolation and disentangled representation learning.

2.2.3 Memory Based Approaches

Memory-based approaches can be generally divided into two categories: storing a few samples

as a memory bu�er and training a generator as a generative replay network. Firstly, we review

the former.

Lopez-Pazet al. [106] introduced a general continual learning framework called the Gradi-

ent Episodic Memory (GEM) that employs a small memory bu�er to store a subset of samples

of each task. An important component in this framework is the task descriptors preserving the

additional information for each task, such as the task label. During each task learning, the mem-

ory replays previously stored samples which are used to train the model to relieve forgetting.

Chaudhry et al. [12] analysed GEM and found that GEM encounters a huge computational

burden when the memory bu�er size and the number of tasks are increased. Therefore, the

author introduced an improved version of GEM, called Averaged GEM (A-GEM), which re-

duces the computational costs by introducing a new objective function that replaces (t � 1)

constraints of GEM with a single constraint, wheret is the number of tasks. A-GEM has been

shown to reduce computational complexity and achieve better performance than GEM. More

recently, Banget al. [16] has shown that the diversity of samples in an episodic memory plays
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an important role in the performance. The authors proposed a new diversity-aware sampling

approach that promotes the diversity of samples by evaluating the classi�cation uncertainty.

Then a data augmentation approach is used to augment the memory to further encourage

sample diversity and improve performance. Yoonet al. [188] introduced a simple yet e�ective

sample selection approach that selectively stores the most representative and informative sam-

ples into the memory bu�er, called the Online Coreset Selection (OCS). This approach utilises

the gradient information to select samples that minimise the angle between the gradient vector

of samples from the current task and the memory preserving all past samples. Sunet al. [157]

investigated the memory selection from an information-theoretic perspective and proposed a

stochastic information-theoretic reservoir sampler (InfoRS) that aims to store informative data

points while �ltering out uninformative ones. Speci�cally, InfoRS detects informative data

points by calculating the negative log conditional probability� logp(y? j Y M ; X M ; x?) where

f y?; x?g is a pair of new training samples andf Y M ; X M g are memorized samples. Intuitively,

if f y?; x?g is obtained from a new task,� logp(y? j yM ; X M ; x?) will be large andf y?; x?g will

be added into the memory bu�er to ensure sample diversity. Wanget al. [166] proposed em-

ploying a data compression method to store more memorised samples. The main idea of this

approach is to use the JPEG algorithm [165] to compress the stored samples. In this way, the

memory bu�er can store a large number of compressed samples, which would preserve more

information of previously learnt tasks. Empirical results indicate that this data compression

technology can relieve forgetting of past tasks and improve performance. Madaanet al. [108]

proposed a new approach for learning unsupervised representations under continual learning,

which is based on the data augmentation approach called Mixup [195]. Typically, Mixup cre-

ates virtual training examples by performing the interpolations on a pair of training samples.

In the case of continual learning, Mixup is used to create additional examples by interpolating

between the samples uniformly obtained from the memory bu�er and the current task, which

is called Lifelong Unsupervised Mixup [108]. In addition, the memory-based approach can also

be combined with the regularization methods to further enhance its performance, including the

Bayesian inference [162], kernel function [32], gradient optimization [161, 102, 100, 167]. Al-

though memory-based approaches provide promising results, using the additional storage space

for learning is still necessary. This issue is addressed in [130], which introduced a memory

recovery paradigm that synthesises samples from the learned classi�er, called the transfer set,

which is used for learning the next task to relieve forgetting. This approach can be used in a
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CL scenario that does not require preserving past data samples.

In addition to using a memory bu�er, recent works have explored the intrinsic properties

of generative models for continual learning. Typical approaches for the generative replay are

using Generative Adversarial Networks (GAN) [52] or Variational Autoencoders (VAE) [85] as

generative models. Shin et al. [57], proposed a dual-model architecture consisting of a deep

generative model and a classi�er. This computational framework replays past knowledge by

generating pseudo-data using generative models trained on previous tasks, while the learned

classi�er predicts the label for these generative replay samples. Then, this pseudo-dataset is

used with the new samples to train the system on the next task learning. A similar idea

is presented in [175], where the authors also use a GAN as a generative replay network that

retains previously learned samples and reproduces them in the subsequent learning task to relive

forgetting. This approach has been shown to improve both classi�cation and generation tasks.

Liu et al. [104] presented a new approach for incremental class learning. Unlike existing GRM

methods that generate data samples in the image space, this approach introduces a feature

replay mechanism that generates previously learned feature vectors to relieve forgetting. The

advantage of such an approach is that it reduces memory requirements and speeds up the

learning process. In addition to the generative replay mechanism, Conget al. [29] extended

the style transfer techniques [198, 127] to enable GAN to learn a sequence of tasks without

forgetting. However, such an approach still requires adding new network parameters to adapt

to a new task, which is not scalable for learning an in�nite number of tasks. Moreover, GANs

would su�er from mode collapse such that the model only captures a few modes of the true

distribution [156]. Mode collapse in continual learning usually occurs when the model is trained

on a long sequence of tasks where each task has a completely di�erent data domain [181].

GAN-based GRM usually lacks inference mechanisms, and consequently, it cannot learn

meaningful latent representations that support many downstream tasks, including image in-

terpolation and reconstruction. By employing VAEs in lifelong learning, we can provide both

generative replay and inference mechanisms, given that it consists of a decoder (generator) and

an encoder. The �rst work using VAEs in lifelong learning was proposed in [2], which aims

to learn disentangled representations under lifelong learning, called Variational Autoencoder

with Shared Embeddings (VASE). To enable learning meaningful latent variables across multi-

ple domains, VASE introduces a new loss function based on the Minimum Description Length

(MDL) principle [64], which progressively increases the representational capacity to accommo-
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date learning new data. The empirical results show that VASE can learn several disentangled

representations across multiple data domains under lifelong learning. More recently. Ramapu-

ram et al. [132] proposed the Lifelong Generative Modeling (LGM), which employs VAEs for

two networks working in tandem: a teacher and a student module. The teacher network replays

past knowledge through the generation process, as shown in Fig. 2.7, where the decoder of the

teacher module receives a random vector sampled from a normal distribution and outputs the

generation, while the student module continually learns knowledge from the data generated by

the teacher module. At the subsequent task learning, the teacher and student exchange their

roles in order to accumulate all previously learnt knowledge. The quality of the data generated

from previously learnt knowledge in algorithms such as LGM [132] or VASE [2] depends on

the generative abilities of VAEs, which are not that great, when compared to those of GANs,

and usually result in blurred images. These models do not perform well in the case of complex

data due to a rather poor replay of the knowledge from the previously learnt databases. Se�

et al. [146] proposed the Augmented Generator objective function, based on a GAN, which is

known as a better data generator than VAEs. Nevertheless, this model is applied on rather

simple data. Kuzina et al. [89] introduced a lifelong learning approach for VAE, namely the

Boosting Approach for continual learning of VAE (BooVAE), which learns the approximation

of the aggregated posterior as a prior for each learned task. BooVAE employs the trainable

pseudo-inputs as the parameters of the approximation of the posterior, and these pseudo-inputs

preserve the past knowledge used to relieve forgetting. BooVAE has shown promising results in

image generation tasks under lifelong learning. However, since BooVAE uses the static network

architecture, it is suitable for learning several tasks for a single data domain and hardly dealing

with a long sequence of di�erent data domains.

2.2.4 Knowledge Distillation

Methods for transferring information from one model to another have been studied in recent

years [62, 65]. This process is also called Knowledge Distillation (KD), where a classi�er is

trained on the predictions made by another classi�er, [128]. A single classi�er was trained

using an ensemble of networks in order to achieve higher performance with fewer computations

[9].

Knowledge distillation has recently been used to relieve forgetting in continual learning. Li
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Figure 2.7: The learning process of LGM, which includes two components, the teacher and
student module. Both teacher and student modules are implemented by VAEs. During the
second task learning, the student module is �xed and provides the knowledge for the teacher's
learning. In the next task learning, the teacher and student exchange their roles.

et al. [99] introduced a lifelong learning system, called Learning without Forgetting (LwF),

which encourages the predictions for each data sample to be similar to the outputs from the

original network by using Knowledge Distillation [65]. Zhaiet al. [194] introduced a GAN-

based learning framework for conditional image generation called Lifelong GAN. Unlike existing

GAN-based GRM, which mainly focuses on the classi�cation task, Lifelong GAN can be used

for classi�cation and conditional image generation tasks. The main idea of Lifelong GAN is to

employ knowledge distillation that enforces the matching between the latent representations of

the current task and the previously learnt task. However, this approach still requires to use the

auxiliary data during the knowledge distillation process, which is intractable when learning an

in�nite number of tasks. Then Zhai et al. [192] proposed an e�cient lifelong learning framework

for conditional image generation called Piggyback GAN. Instead of using the generative replay

or memory bu�er for either generating or storing data, Piggyback GAN dynamically adds new

network parameters for learning a new task while all previously learnt parameters are frozen

to avoid forgetting. However, the total number of network parameters is also increased as

learning more tasks. Buzzegaet al. [20] introduced a simple and e�ective approach for continual

learning using knowledge distillation, called the Dark Experience Replay (DER). This approach

employs a memory bu�er to store samples for past tasks and then minimize the distance on

the network's output between the current task and memorized samples. DER was initially

designed for general continual learning and can be extended for task-free continual learning by

adapting reservoir sampling [164] that randomly selects samples from the data stream and then

adds them into the memory bu�er. Dhar et al. [33] introduced a new knowledge distillation

approach for continual learning without memory bu�ers. This approach treats the previously
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learnt model as the teacher and a newly initialized model as the student module. Then it

generates attention maps for both the student and teacher module by using Grad-CAM [147]

and introduces a loss term that minimizes the distance on the attention maps between the

teacher and the student module. Finiet al. [45] introduced a two-stage processing algorithm to

relieve catastrophic forgetting in continual learning. The �rst stage, called the warm-up stage,

minimizes the classi�cation loss over the new-task classi�er using the incoming samples. The

second stage, called the joint training, performs the knowledge distillation and the training

with the new task, simultaneously. These approaches were also extended in [59] to enable

incremental learning in the online scenario. Douillardet al. [37] formulated continual learning

as representation learning and introduced a new knowledge distillation loss that minimizes

the distance to the outputs of the �nal and intermediate layers between the trained teacher

and a newly initialized student module. A similar idea was introduced in [149] to minimize

the dissimilarity of the network's output between previous and current tasks from the low-

dimensional subspace.

In addition to relieving forgetting, knowledge distillation-based methods have also been

used to solve data imbalance problems in continual learning. Houet al. [69] introduced to

learn a uni�ed classi�er that treats both old and new tasks uniformly, while the knowledge

distillation loss was used for relieving forgetting. Zhaoet al. [196] found that optimising the

knowledge distillation loss can not help the model treat old and new tasks fairly. To solve this

problem, the author �rst trains a new model on both incoming and memorised samples using

cross-entropy and knowledge distillation losses. Then a new approach, called Weight Aligning

[196], is proposed to correct the model trained in the �rst stage.

Furthermore, knowledge distillation has also been used for transferring relevant knowledge

when learning a new task. Keet al. [76] employed a fully connected network or a CNN ar-

chitecture as the knowledge base that preserves the knowledge from all learnt tasks. A knowl-

edge distillation approach, called knowledge transfer attention [76], was proposed to selectively

transfer useful information from the knowledge base when learning a new task, promoting the

forward knowledge transfer. Such an idea was also used in [94] to transfer the knowledge to a

subset of network layers selected by the Expectation-Maximization (EM) algorithm, which can

be applied to other existing continual learning methods to further improve their performance.
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2.3 Task-Free Continual Learning

Task-free continual learning represents a special form of lifelong learning in which access to

task information is not required during the training. In this section, we summarize the current

works of task-free continual learning into two branches: memory-based approaches and dynamic

expansion models.

2.3.1 Memory Based Approaches

The Reservoir [164] was a simple but e�ective approach for continual learning, which shows

impressive results compared to other continual learning methods [22]. The Reservoir can be seen

as a popular baseline for task-free continual learning, which manages a memory bu�erM with

a �xed capacity. Although the Reservoir has several advantages, it still lacks an appropriate

sample selection criterion that can selectively store informative data points into the memory

bu�er. Recently, several memory-based works have focused on designing an e�ective sample

selection approach for the memory bu�er. Aljundi et al. [7] proposed to employ a small

memory bu�er and a simple sample selection approach that maintains the samples with the

highest loss among the new samples and the current memory bu�er. The empirical results

show that using a small memory bu�er bene�ts task-free continual learning. The memory

replay approach was then combined with the generative replay mechanism for training both

the classi�er and the Variational Autoencoders (VAEs) [85], resulting in a model called Maximal

Interfered Retrieval (MIR), [5]. Speci�cally, MIR proposes a new retrieval mechanism which

favours to store the samples with the highest loss value. Unlike existing work that focuses only

on the classi�cation task, MIR can be used for both the classi�cation and image generation

tasks. However, since the sample selection in MIR strongly depends on the loss value, MIR

needs to use di�erent selection criteria for the classi�cation and generation tasks. The Gradient

Sample Selection (GSS) [8] is another approach that treats sample selection as a constrained

optimization reduction. More recently, a Learner-Evaluator framework was proposed for TFCL,

called the Continual Prototype Evolution (CoPE) [30], which aims to store the same number

of samples for each class in the memory in order to ensure the balance replay. CoPE consists

of two components, the evaluator and the learner, enabling learning and evaluation at any

time. The empirical results show that CoPE achieves impressive results, especially for learning

highly imbalanced data streams. Jinet al. [75] proposed to modify the stored samples in
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order to create more \challenging" examples for replay, called Gradient-based Memory EDiting

(GMED). Unlike the other existing memory approaches that store real training samples, GMED

directly edits the training samples via gradient updates and then stores them in a memory

bu�er. Moreover, GMED can be combined with any existing memory-based methods to further

improve their performance.

2.3.2 Dynamic Expansion Model

Although memory-based approaches show promising results in task-free continual learning,

learning an in�nite number of data streams using those approaches is still challenging due to

the �xed-length memory bu�er. The other challenge for the memory-based approach is the

negative backward transfer caused by some stored samples that interfere with updating the

model using incoming samples [22]. A dynamic expansion model (DEM) can address these

constraints from two aspects:1) DEM relieves the negative backward transfer by preserving

previously learned knowledge into frozen components from a mixture system, in which the

frozen components do not update their parameters when learning new samples and can thus

maintain the optimal performance ; 2) DEM can achieve better generalisation performance

under TFCL by allowing each component to model one or only a few similar underlying data

distributions. The �rst work employing DEM for TFCL was proposed in [133] which intro-

duces a new learning system for TFCL called the Continual Unsupervised Continual Learning

(CURL). Unlike existing TFCL works that focus on the classi�cation task, CURL studies a

more sophisticated setting in continual learning where the task and class labels are unavailable.

In order to adapt to changes in the data distribution during training, CURL dynamically builds

new inference models to capture the information from the incoming samples. An expansion

criterion evaluating the log-likelihood of the incoming samples is introduced in CURL to bal-

ance the complexity of the model and its generalisation performance. However, CURL has two

drawbacks:1) CURL has only a single generator that continuously updates all its parameters,

which leads to catastrophic forgetting when it learns a long sequence of data streams because

the frequent updating of the generator leads to losing the information of the earlier learnt

tasks; 2) CURL learns several inference models which bene�t the clustering task and cannot

handle many downstream tasks, including image interpolation across domains. Another DEM

approach was proposed in [95] in which a new Neural Dirichlet process-based expansion mech-
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anism is introduced for component expansion in a mixture system called the Continual Neural

Dirichlet Process Mixture (CN-DPM). Unlike CURL, which expands its network architecture

only for the inference models, CN-DPM expands the network architecture for both the gener-

ator and inference models. The advantage of CN-DPM over CURL is that CN-DPM does not

use GRM to relieve forgetting and thus can preserve the complete information of the previously

learnt samples. However, like CURL, CN-DPM does not embed the information of all tasks

into a single latent space. Therefore, it is suitable for classi�cation and image generation tasks

and cannot perform image interpolation and disentangled representation tasks [181].

2.4 Conclusion

In this chapter, we discuss the research studies from the areas of general continual learning

and task-free continual learning. The former assumes that the task label is given while there

are no task labels for the second category of continual learning settings. To prevent forgetting,

various methods are used, including memory-based, regularisation-based, dynamic architecture

and knowledge distillation. Among these, the generative replay mechanism has the ability to

generate data which is probabilistically consistent with the probabilistic representations of the

tasks learnt in the past. By having a small bu�er memory to store previous samples can also

accomplish this task while requiring additional storage space. Moreover, the memory-based

approaches are not scalable when learning a growing number of tasks. In this thesis, we explore

the generative replay mechanism and memory bu�er used for lifelong generative modelling.

Recently, signi�cant attention has been paid to the dynamic extension model because of its

scalability and generalisation performance. Thus, a static architecture model cannot handle an

in�nite number of tasks due to its limited model capacity. In addition, the static architecture

model cannot guarantee the best performance for past tasks because it constantly updates

the entire network parameters when it sees new samples. The Dynamic Extension Model

(DEM) can overcome the limitations of a static architecture model through two mechanisms:

1) DEM freezes previously learned parameters to preserve the knowledge of past tasks; 2) DEM

dynamically builds new components to adapt to new tasks;

Although existing approaches work well in general continual learning, applying these tech-

nologies in task-free continual learning is still challenging due to the absence of task information.

Two approaches, the memory bu�er and the dynamic expansion model have been shown to be
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useful for task-free continual learning. However, the memory-based approach is suitable for pro-

cessing a �xed-length data stream and would su�er from catastrophic forgetting when learning

in�nite data streams. This motivates us to combine the memory bu�er and DEM to deal with

real-world applications where we do not know precisely the task boundaries or the length of

a data stream. Moreover, existing studies for DEM do not take into account the knowledge

similarity when performing model expansion, which leads to non-optimal network architec-

tures. In this thesis, we address this issue by developing a new dynamic expansion mechanism

that ensures learning components charactering diverse knowledge in a mixture system. Fur-

thermore, this thesis proposes a new expert pruning approach to further remove unimportant

experts/components.



Chapter 3

Lifelong Learning Using VAEGAN

3.1 Introduction

In order to alleviate catastrophic forgotten, memory-based approaches introduce employing a

memory bu�er to store a small subset of previously seen data samples [5, 8, 22]. However, such

an approach requires designing the criteria that would dynamically remove or add data samples

in the bu�er. Additionally, as the number of tasks increases, memory-based approaches would

require large bu�ers, which is unsuitable in practical applications. Another solution, called the

Generative Replay Mechanism (GRM) [57], consists of enabling a generator as a generative

replay network for reproducing past samples when learning new tasks.

Many lifelong learning approaches consider using Generative Adversarial Networks (GANs)

to implement the generative replay mechanism. Such an approach was �rst proposed in [57],

where a classi�er is considered in the GRM framework, learning from the samples associated

with a new task while the generated samples are drawn from the outputs of the generator.

However, such an approach requires generating a large number of samples after each task

switch during lifelong learning, which would result in signi�cant additional memory require-

ments. More recently, GRM-based methods have been combined with knowledge distillation

for conditional image generation in a method called Lifelong GAN [193], which is built upon the

BicycleGAN framework [199]. Lifelong GAN mainly focuses on the conditional image genera-

tion task while requiring to store past samples when learning new tasks, which is not applicable

for learning an in�nite number of tasks. Additionally, these approaches require designing a spe-

ci�c network architecture such as the classi�er [57] and an encoding-decoding framework [193]

to support learning many downstream tasks. Such methods are not able to learn meaningful

27
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latent representations within a single latent space. This represents a challenge for many tasks,

including image interpolation [123] or disentangled representation learning [80].

Learning meaningful and disentangled data representations has been shown to bene�t many

applications [182]. Recently, learning disentangled representations under lifelong learning was

explored by introducing a framework based on the Variational Autoencoder (VAE), called

VAE with Shared Embeddings (VASE) [2], which uses an environment-dependent mask to

learn domain-speci�c latent representations. Additionally, VASE also uses the GRM to relieve

forgetting. However, VAE-based GRM methods usually would yield blurred generative replay

samples when compared with using GANs as GRM, leading to a degenerated performance on

the past tasks. In this chapter, we develop the Lifelong Generative Adversarial Autoencoders

(LGAA), representing a new approach to lifelong learning which combines the advantages of

both GAN and VAEs models. We propose to train a robust generative replay network by using

adversarial learning while also training the inference models on the joint data samples corre-

sponding to the new task and the generated samples by the generator through a new objective

function. The trained inference models can be used in a variety of applications, such as classi-

�cation, image interpolation and learning disentangled representations. The advantage of the

proposed LGAA over existing GRM-based methods is that LGAA can learn a robust generative

replay network compared to VAE-based methods, while it can also capture meaningful latent

representations across domains when compared to GAN-based approaches.

The rest of this chapter consists of Section 3.2, which introduces the proposed Lifelong

Generative Adversarial Autoencoder and Section 3.3, where we provide the training algorithm of

the proposed model. Finally, Section 3.4 contains the experimental results and their discussion,

while the conclusions of this chapter are drawn in Section 3.5.

3.2 Lifelong Generative Adversarial Autoencoder

The quality of the generated samples is the key to the performance of the GRM-based mod-

els during lifelong learning [181]. Additionally, most GRM-based approaches do not have an

inference model to use in training [57], which prevents them from extracting meaningful repre-

sentations for downstream tasks. This inspires us to propose a novel lifelong learning approach,

Lifelong Generative Adversarial Autoencoder (LGAA), which not only learns a robust genera-

tive replay network but also trains accurate inference models for representation learning.
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The key idea of the proposed LGAA is to combine the advantages of GAN and VAE into

a uni�ed framework, in which GAN learning enables to produce high-quality generative replay

samples while VAE learning encourages representation learning. To implement this goal, we

propose to design GAN and VAE models, respectively, and then combine them into a uni�ed

framework. Firstly, we formulate a GAN generator as a generative replay network in super-

vised learning, which receives two additional hidden variablesd and u to represent the unknown

class and task information. Secondly, we introduce a VAE framework with the same hidden

variables that are modelled by additional appropriate distributions approximated using the

inference models. Using two models to implement lifelong generative modelling can have two

main advantages : (1) It learns additional inference models when compared to the GAN-based

methods, enabling to implement many downstream tasks, including image reconstruction, im-

age interpolation and classi�cation tasks; (2) It uses the GAN loss to improve the quality of

generative replay samples, bene�ting from relieving network forgetting when compared to the

VAE-based methods that usually produce blurry generative replay samples; One simple ap-

proach for training such two models in a uni�ed framework is to combine GAN and VAE losses

into a simple objective function. However, such an approach has two main weaknesses : (1)

It requires designing a hyper-parameter to balance the importance of GAN and VAE losses,

making the model more complex; (2) It requires performing several runs in order to select an

appropriate hyper-parameter, which is time-consuming. In this chapter, we introduce an alter-

native optimization approach that formulates GAN and VAE losses into a two-step updating

procedure. Speci�cally, we update the generator using the GAN loss in the �rst step to provide

good initial parameters for the generator. Then the second step updates the generator and

inference models using the VAE loss, aiming to learn meaningful latent representations for the

data. Such a design does not require the additional hyper-parameter selection process and is

easy to implement.

3.2.1 Problem Formulation

Let X and Z represent the data and latent variable space, respectively. For a given sequence of

N tasks, each task has a training setD t
S = ff x j ; y j ggN t

S
j =1 and a testing setD t

T = ff x j ; y j ggN t
T

j =1 ,

respectively. x j 2 X and y j 2 Y (one-hot vector) are an observed variable, and the target

variable (class label), whereY is the space of the class label.N t
S and N t

T are the total number
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of samples forD t
S and D t

T , respectively. In unsupervised learning where we do not have class

labels, each task (thet-th task) is assigned with an unlabelled training set1 D t
SU = f x j g

N t
S

j =1

and testing setD t
T U = f x j g

N t
T

j =1 , respectively. Since this chapter focuses on task-aware continual

learning, we also de�ne a task label dataset2 D t
D = f d?

j gN t
S

j =1 to represent the task information for

D t
S and D t

SU . Speci�cally, D t
D has the same dataset size withD t

S and each task labeld?
j (one-

hot vector) represents the task information for thej -th labelled samplef x j ; y j g and unlabelled

sample x j in D t
S and D t

SU , respectively. Our learning goal is to learn an inference model

which can accumulate the representation information from novel concepts without forgetting

previously learnt knowledge. This can allow us to perform many downstream tasks, such as

classi�cation, reconstruction and interpolation tasks, by using the inference model.

3.2.2 Training A Robust Generative Replay Network

We consider that the underlying information of observed data samples is de�ned by three

latent variables f u; d; zg whered = f di j i = 1; : : : ; Lg is the discrete variable (one-hot vector)

representing the domain information, whereL is the number of domains. Each dimensiondi in

the vector d is either 0 or 1, and the summation of all dimensions ofd is equal to 1. Meanwhile,

similarly, u = f ui j i = 1; : : : ; Qg is the Q-dimensional one-hot vector, which represents the class

information. z is the continuous variable with 256 dimensions, which is drawn from a Gaussian

distribution N (0; I ). The generation process is de�ned by:

d = f OneHot (d; L); d � Cat
�
L; pd

1 ; � � � ; pd
L

�
;

u = f OneHot (u; Q); u � Cat
�
Q; pu

1 ; � � � ; pu
Q

�
;

z � N (0; I ) ;

x0 = G� (z; d; u) ;

(3.1)

where Cat(�) is the Categorical distribution and pd
j = 1=L; j = 1; � � � ; L is the probability

for each outcome. Eachpu
j = 1=Q; j = 1; � � � ; Q has the same probability. f OneHot (d; L)

is a function that transfers the category variabled to the L-dimensional one-hot vectord

where the d-th vector's entry is 1, and all others are 0. x0 is the image drawn from the

1Since D t
SU has the same dataset size withD t

S , we employ N t
S to denote the total number of samples for

D t
SU .

2We employ d?
j to denote a label (one-hot vector) that represents the task information for thej -th labelled

(x j ; y j ) and unlabelled training sample x j in D t
S and D t

SU , respectively.
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Figure 3.1: The detailed network architecture for the generator and discriminator.

generator distribution, modelled by the generatorG� (z; d; u) implemented by a neural network

with trainable parameters, � . In order to train a powerful generative replay network, we use

the Wasserstein GAN (WGAN) [11] loss with the gradient penalty [55], which consists of a

generatorG� and a discriminator networkD� with the parameter set � . The main goal of the

discriminator network in the GAN training paradigm is to distinguish fake images (generated

images) from real ones [52]. In the WGAN-GP framework, the �nal layer of the discriminator

network outputs a single scalar and does not use any activation functions to restrict its outputs

[11]. The loss functions used for WGAN-GP are de�ned by [55]:

L GLGAA (� ) =
1
m

mX

i =1

n
� D � (G� (u i ; zi ; d i ))

o
: (3.2)

L D LGAA (X batch; � ) =
1
m

mX

i =1

n
D� (G� (u i ; zi ; d i )) � D � (x i ) + � (kr ~x i D� (~x i )k2 � 1)2

o
; (3.3)

where � = 10 is considered in our all experiments according to [55].L GLGAA and -L D LGAA are

the loss functions for the generator and discriminator, respectively. In each training iteration

of the mini-batch learning [92], we obtain a real data batchX batch = f x1; x1; � � � ; xmg from the
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