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Abstract

Continually learning and acquiring new concepts from a dynamically changing
environment is an important requirement for an artificial intelligence system. How-
ever, most existing deep learning methods fail to achieve this goal and suffer
from significant performance degeneration under continual learning. We propose
a new unsupervised continual learning framework combining Long- and Short-
Term Memory management used for training deep learning generative models.
The former memory system uses a dynamic expansion model (Teacher), while the
latter uses a fixed-capacity memory buffer to store the update-to-date information.
A novel Teacher model expansion approach, called the Knowledge Incremental
Assimilation Mechanism (KIAM) is proposed. KIAM evaluates the probabilis-
tic distance between the already accumulated information and that contained in
the Short Term Memory (STM). The proposed KIAM adaptively expands the
Teacher’s capacity and promotes knowledge diversity among the Teacher’s ex-
perts. As Teacher experts, we consider generative deep learning models such
as : the Variational Autocencoder (VAE), the Generative Adversarial Network
(GAN) or the Denoising Diffusion Probabilistic Model (DDPM). We also extend
the KIAM-based model to a Teacher-Student framework in which we use a data-
free Knowledge Distillation (KD) process to train a VAE-based Student without
using any task information. The results on Task Free Continual Learning (TFCL)
benchmarks show that the proposed approach outperforms other models.

Keywords: Continual Learning, Dynamic Expansion Model, Teacher-Student
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1. Introduction

The continuous learning of new concepts and their latent representations from
a dynamically evolving environment is a fundamental requirement for an artifi-
cial intelligence machine. Modern deep learning models are already outperform-
ing humans in learning certain individual tasks [1], but would suffer dramatic
performance degeneration when attempting to learn a sequence of different data
domains. This is due to the fact that weights are rewritten when retraining the
network, a phenomenon referred in AI as “catastrophic forgetting” [2].

A widely adopted strategy for mitigating catastrophic forgetting involves the
Generative Replay Mechanism (GRM) [3], typically realized through architec-
tures such as Variational Autoencoders (VAEs) [4] or Generative Adversarial Net-
works (GANs) [5]. The central premise of GRM-based methodologies is to syn-
thesize pseudo-samples that encapsulate previously acquired knowledge, subse-
quently leveraging these generative replay instances to counteract forgetting dur-
ing the acquisition of new tasks [6, 7, 8, 9, 10]. Although these approaches have
demonstrated notable efficacy in continual classification and generative tasks,
their performance tends to deteriorate as the number of sequentially learned tasks
increases, primarily due to the constraints imposed by fixed model capacity, as
theoretically substantiated in [11]. Furthermore, GRM-based techniques are sus-
ceptible to generating suboptimal replay samples, a consequence of phenomena
such as mode collapse and unstable training dynamics [12], particularly when
confronted with heterogeneous data domains. To address these limitations, one
alternative is to substitute the GRM network with a memory buffer that retains a
limited set of past learning exemplars [13]. During the assimilation of new tasks,
samples from this buffer are replayed to facilitate model updates and alleviate for-
getting. Nevertheless, memory-based strategies may introduce concerns regarding
data privacy and security [14]. When faced with an unbounded sequence of tasks,
both GRM- and memory-based approaches may prove inadequate in maintaining
sufficient data for effective model training. Recent advancements have explored
the integration of GRM with dynamic expansion mechanisms within a unified
continual learning framework [11] to further mitigate forgetting. However, these
hybrid methods still rely on the GRM, which ultimately leads to performance
degradation as the number of tasks increases. Alternative research directions have
investigated ensemble-based architectures [15, 16, 17], wherein each constituent
network is constructed atop a shared backbone, enabling the preservation of opti-
mal performance for prior tasks by maintaining frozen components while dynam-
ically incorporating new modules for learning novel information [15]. Despite
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their promise, most dynamic expansion models necessitate explicit access to task
identities and related metadata to facilitate the expansion process, a requirement
that is often impractical in real-world continual learning settings. In the Task-
Free Continual Learning (TFCL) paradigm [18], such task-specific information
and boundaries remain inaccessible during training.
Motivation. Existing continual learning research predominantly concentrates on
classification tasks [19], whereas the application of generative modeling for im-
ages within continual learning frameworks remains underexplored. Generative
modeling aims to learn the underlying data distributions and patterns to produce
new samples that are statistically consistent with the target data distribution. In-
vestigating image generative modeling in continual learning can enhance various
downstream tasks, including real-time image editing systems, unsupervised fea-
ture representation learning, and online image compression. However, integrating
generative models into task-free continual learning (TFCL) presents significant
challenges such as catastrophic forgetting and distributional shifts. The absence of
explicit task and class labels hampers the deployment of existing continual learn-
ing methodologies for this complex paradigm. Consequently, there is a pressing
need to develop innovative frameworks capable of mitigating catastrophic forget-
ting and adapting to data distribution shifts within TFCL settings.

In this study, we investigate lifelong generative modeling within the Task-
Free Continual Learning (TFCL) paradigm, with the objective of developing a
generative architecture that consistently produces high-fidelity image reconstruc-
tions and learns robust, semantically meaningful latent representations over time
without succumbing to catastrophic forgetting. The Dynamic Expansion Model
(DEM) [20, 21] has demonstrated strong performance in TFCL scenarios and ex-
hibits potential for deployment in unbounded data stream environments. DEM’s
core mechanism involves adaptively instantiating new expert modules upon de-
tecting shifts in the underlying data distribution, while preserving the parameters
of previously trained modules to retain historical knowledge. Unlike static archi-
tectures, DEM offers scalability and adaptability to non-stationary learning envi-
ronments, thereby enhancing generalization capabilities. The criterion for model
expansion in DEM is critical for maintaining an optimal trade-off between gener-
alization and model complexity. Current dynamic expansion approaches typically
leverage Neural Dirichlet Processes [20] and sample log-likelihood metrics [21] to
determine when expansion is warranted. However, prior work has not considered
the use of probabilistic distance measures between the statistical representations
of historical and incoming data as an expansion signal, which limits the effective-
ness of model adaptation. Additionally, these models often employ a multi-head
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architecture, necessitating a component selection step during inference that in-
curs significant computational overhead. Moreover, the absence of a shared latent
space in such frameworks restricts their applicability to downstream tasks such as
cross-domain image reconstruction, interpolation, and disentanglement [22, 23].

Furthermore, we address the shortcomings of current Dynamic Expansion
Mixture (DEM) methodologies. Existing DEM architectures tend to expand un-
controllably when learning large data streams, typically retaining the entire en-
semble during inference, resulting in significant computational overheads. To
overcome these challenges, we propose a scalable knowledge distillation frame-
work tailored for continual learning in data streams characterized by evolving
distributions, specifically within a Task-Free Continual Learning (TFCL) con-
text. This framework is designed to ensure a lightweight model architecture dur-
ing the inference phase. We leverage the teacher-student paradigm [10, 24, 25],
which facilitates incremental knowledge accumulation and efficient compression
of learned representations into a compact student network. An additional benefit
of the teacher-student approach over traditional DEMs is the architectural flex-
ibility of the student model, enabling its application across various paradigms,
including unsupervised, supervised, disentangled, and causal representation learn-
ing [10, 25]. However, existing lifelong teacher-student frameworks [10, 24, 25]
typically require explicit task information, which is often unavailable in real-world
continual learning scenarios. To address this limitation, we introduce a dynamic
expansion mixture model as the Teacher, complemented by a short-term memory
buffer that retains recent data stream samples. The integration of the short-term
memory buffer serves two primary objectives: (1) It provides enough samples for
training one of the Teacher’s experts, enabling it to learn appropriate knowledge
from a data stream without accessing task information; (2) It aims to store more
recently seen data samples, representing the short-term information, which can be
combined with the knowledge preserved by the Teacher module, thus represent-
ing longer-term information, to provide a better knowledge distillation process for
student learning.

A further challenge in implementing the teacher-student paradigm for Task-
Free Continual Learning (TFCL) lies in the dynamic expansion criterion. Ex-
isting lifelong teacher-student frameworks [10] utilize the Knowledge Discrep-
ancy Score (KDS) to regulate the Teacher’s expansion, a process contingent on
explicit task identities and boundaries. To address this limitation, we introduce
the Knowledge Incremental Assimilation Mechanism (KIAM), empowering the
Teacher module with autonomous network architecture expansion without rely-
ing on task-specific information. The core function of KIAM is to quantify the
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divergence between the current short-term memory buffer (STM) and the cumula-
tive knowledge of the Teacher, thereby signaling when to augment the Teacher’s
memorization capacity. The proposed mechanism facilitates the progressive accu-
mulation of knowledge within the Teacher module, mitigating catastrophic forget-
ting and promoting knowledge diversity across all frozen experts in the Teacher
ensemble. Additionally, we seek to optimize the Teacher model’s footprint by
introducing an expert pruning strategy that eliminates redundant or superfluous
experts from the Teacher ensemble, resulting in a more compact network archi-
tecture with reduced computational overhead during knowledge distillation. All
these knowledge transfer processes take place in an online, task-agnostic manner.

In summary, our contributions in this paper are as follows:

• We introduce an innovative teacher-student architecture designed for life-
long generative modeling within the Task Free Continual Learning (TFCL)
scenario. To facilitate the assimilation of new information over time, we
propose a novel Teacher expansion strategy, termed the Knowledge Incre-
mental Assimilation Mechanism (KIAM), which dynamically augments the
Teacher’s knowledge base in the absence of supervised signals.

• We present an innovative data-free knowledge distillation (KD) framework
that facilitates the online transfer of knowledge through data generation
from a Teacher to a Student model, thereby reducing computational over-
head during inference. Additionally, we propose a novel expert pruning
strategy designed to compress the Teacher mixture model while preserving
and enhancing knowledge diversity among the retained Teacher experts.

• We introduce an innovative theoretical framework to examine the forgetting
dynamics of the proposed method within the context of TFCL. Our theo-
retical analysis indicates that the proposed framework delivers remarkable
performance.

The rest of the paper is structured as follows. Section 2 describes the literature
review for this paper. The proposed methodology, when using either GANs, VAEs
or the DDPM as Teacher experts, is explained in Section 3. The theoretical anal-
ysis framework is introduced in Section 4. The experimental results are presented
and discussed in Section 5, while the conclusion and future work are provided in
Section 6.
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2. Related Works

2.1. Continual Learning
Most existing approaches to continual learning consider the task label or some

other information alleviating forgetting. These methods can be roughly divided
into three approaches : memory-based approaches [6, 7, 26], regularisation-based
methods [27, 28] and dynamic architectures [24, 29, 30]. The memory-based ap-
proaches either train a generative model [31] or employ a memory buffer [32] to
preserve and replay past training samples. These memorized or generated sam-
ples are combined with the new samples for training the model. However, due
to the fixed model and memory capacity, these methods do not perform well on
a long sequence of tasks [11]. The regularization-based methods usually employ
a regularization term in the objective function, aiming to minimize the change in
the critical network weights when learning a new task [33]. Some regularization
approaches use memory buffers to further improve the model’s performance [34].
However, such methods require a significant computational effort when the num-
ber of tasks to be learned is large. Meanwhile, dynamic expansion models add
new layers of processing nodes [35] or sub-networks into a mixture of networks
[11, 17, 20, 21] when learning a new task. Past information can be preserved in the
frozen network’s parameters while only updating a new component when learning
a new task. Dynamic expansion models achieve significant better performances
than static network architectures [11] while they are scalable to learning a growing
number of tasks [25]. Some studies have also explored CLIP-based approaches
to improve the model’s performance in continual learning [36, 37]. However,
all these methods require accessing the task information and boundaries and thus
cannot be applied in the TFCL framework.

2.2. Knowledge Distillation
Knowledge Distillation (KD) is a popular approach in deep learning research,

first proposed in [28], which aims to transfer the knowledge learnt by a neural
network, usually called Teacher, to another network, called Student. Most knowl-
edge distillation methods employ a fixed and pre-trained Teacher model while a
Student model (usually a classifier) is trained by accessing information provided
by the Teacher and/or new data. Recent works propose implementing the Teacher
module using an ensemble framework consisting of multiple networks, while the
Student can learn multi-modality defined knowledge from the Teacher to improve
its generalization performance [38, 39]. Knowledge distillation has recently been
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used to relieve forgetting in continual learning. Li et al. [40] proposed a new ap-
proach, namely Learning without Forgetting (LwF), which employs Knowledge
Distillation [28] to ensure that the prediction on each data sample is similar to the
outputs of the previously learnt network. Zhai et al. [41] introduced a GAN-based
learning framework for conditional image generation, called Lifelong GAN. Un-
like existing GAN-based GRM, which mainly focuses on the classification task,
Lifelong GAN can be used for classification and conditional image generation
tasks. The main idea for the 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 aux-
iliary data during the knowledge distillation process, which is intractable when
learning an infinite number of tasks. Pietro et al. [42] introduced a simple and
effective approach for continual learning using knowledge distillation called the
Dark Experience Replay (DER). This approach employs a memory buffer to store
samples for past tasks and then minimizes 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 learn-
ing by adapting reservoir sampling [43] that randomly selects samples from the
data stream and then adds them into the memory buffer. Although the KD-based
approaches achieve promising performances, they can not deal with infinite data
streams due to their fixed model capacities.

2.3. Lifelong Generative Modeling
Unlike continual supervised learning, which mainly performs classification

tasks, lifelong generative modelling aims to learn a generative model that can con-
tinually produce data generations and reconstructions without forgetting [7, 44].
Lifelong generative modelling, based on the Variational Autoencoder (VAE) [4],
was firstly explored in [6], and was shown to be able to induce disentangled rep-
resentations across different data domains without forgetting. Furthermore, VAE-
based lifelong learning approaches were extended to a teacher-student frame-
work [7]. More recently, lifelong generative modeling was implemented using
Generative Adversarial Networks (GAN)-based frameworks [10, 45] that trains
a GAN-based module as the Teacher and transfers its learnt knowledge to the
Student implemented by a VAE-based model. In addition, combining the VAE
and GAN into a unified framework has shown promising performance in lifelong
generative modeling [23]. Such VAE-GAN hybrid frameworks were shown to
implement many downstream tasks, including supervised, semi-supervised, un-
supervised learning and disentangled representation learning. However, despite
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achieving good performance in lifelong generative modeling, these GRM-based
approaches are not scalable to learning long sequences of tasks due to the repeat-
ing generative replay processes [41] that eventually would affect the performance.
This issue was addressed by employing a dynamic expansion GAN mixture model
as the Teacher [25], which adds new Teacher experts into the system when learn-
ing new tasks. However, these frameworks still need task labels and information
about when and where should perform the generative replay process or expand.
On the other hand, the Dynamic Expansion Model (DEM) can be used in im-
age generative modeling under task-free continual learning by developing new
model expansion mechanisms. The first TFCL method was the Continual Unsu-
pervised Representation Learning (CURL) [21]. CURL requires a threshold to
control the expansion process of a mixture architecture. A similar idea is em-
ployed in the Continual Neural Dirichlet Process Mixture (CN-DPM) [20], where
a Neural Dirichlet process-based expansion mechanism is used to dynamically in-
crease the model’s capacity. CN-DPM, unlike CURL, updates only a single VAE
component at each training time while freezing the weights of all previously learnt
components, thus preserving the best information from the past data. However,
these approaches would not lead to optimal network architectures since they ig-
nore the discrepancy and knowledge diversity among components/experts when
performing model expansion.

3. Methodology

3.1. Problem Definition

For a given i-th data domain, we have the training dataset Di
S = {xj

S}
NS

i
j=1 and

the testing dataset Di
T = {xj

T}
NT

i
j=1, respectively, where NS

i and NT
i denote the

number of samples for the training and testing sets, respectively. In this paper,
we study a more challenging learning setting, aiming to train a model on a data
stream consisting of multiple data distributions provided in an online manner. We
construct a data stream S by including all incoming training sets in a sequence
manner, expressed as :

S = {D1
S ∪D2

S · · · ∪Dk
S} , (1)

where k is the total number of datasets to be learnt. In addition to the domain-
incremental setting, defined above in Eq. (1), we also consider a more challenging
setting involving class and domain shifts. We divide each dataset D1

S into five
parts {D1,1

S , · · · , D1,5
S }, according to the category information [18], with each part

8



containing samples from two classes [18]. This setting is more challenging than
that from Eq. (1) since the model requires dealing with the change in both domain
and class over time, resulting in the following sequence :

S = {D1,1
S ∪D1,2

S ∪ · · · ∪D1,5
S · · ·Dk,5

S } . (2)

Let {T ′
1 , · · · , T ′

N ′} be the total number of training time/steps for the data stream
S. At a training step/time T ′

i , we can only see a small batch of samples {xi,j}bj=1

provided from S while all previous data batches {{x1,j}bj, · · · , {xi−1,j}bj} are un-
available. We assume that learning the whole data stream S requires a total of
N ′ training steps. Once the model finishes the training step/time T ′

N ′ , we evalu-
ate its performance on all test sets {D1

T , · · · , Dk
T}. Compared with the problem

definition described in [10, 25], which can access the task information during the
training, TFCL represents a more challenging learning scenario where task identi-
ties and information are unavailable and the model can only see a small data batch
once at each training time/step.

3.2. The Knowledge Incremental Assimilation Mechanism (KIAM)
Humans can incrementally learn and memorise novel concepts throughout

their entire lifespan [46]. Specifically, biological research [47] shows that short-
and long-term information/skills can be learned using distinct brain networks at
different stages. Inspired by this, we propose using two memory systems storing
short- and long-term information to address catastrophic forgetting in Task Free
Continual Learning (TFCL). Firstly, we introduce a short-term memory buffer to
store the more recently seen data samples from the data stream S during the train-
ing, aiming to shortly preserve the up-to-date information. Then we introduce a
long-term memory system to preserve the permanent information during training.
Using a memory buffer for storing long-term crucial information may lead to sig-
nificant storage requirements if the data stream S involves a large number of un-
derlying data distributions. Inspired by the dynamic Teacher-Student framework
from [25], which enables a Teacher module to capture multiple data distributions
without forgetting, we propose to implement a long-term memory system em-
ploying a dynamic expansion model as a Teacher. Such an approach has several
advantages when compared to using a memory buffer : (1) The dynamic expan-
sion model can generate an unlimited number of samples while the memory buffer
can only store and replay a limited data set; (2) The dynamic expansion model is
scalable to the data stream S that consists of multiple data domains; (3) Stor-
ing long-term information using a memory buffer requires designing an appropri-
ate sample selection approach to selectively filter out many unnecessary samples.
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However, such an approach would lose some previous important data samples,
resulting in performance degeneration. In contrast, the dynamic expansion model
can permanently preserve past information by freezing all previously trained com-
ponents and learning novel knowledge through an appropriate dynamic expansion
mechanism.

Another challenge for the Teacher module is its dynamic expansion process,
which is hard to control under the TFCL since we can not access the task infor-
mation during training. In this paper, we address this issue by introducing the
Knowledge Incremental Assimilation Mechanism (KIAM), which aims to reduce
the Teacher’s parameters without decreasing its performance too much. Let Mi

denote a short-term memory of fixed size, where the subscript i denotes that Mi

was updated at Ti. Let Ai = {A1, · · · ,Ac} denote a Teacher module aiming to
learn c experts at Ti. Each expert Aj can be implemented by using either a GAN
[5], or a VAE [4], or a diffusion model [48] to learn a generator distribution Pθi

with trainable parameters θi. Without the task information and labels, detecting
whether the data distribution changes at a certain training time/step is a major
challenge. In order to address this challenge, we propose a new expansion cri-
terion that evaluates the probabilistic distance between the knowledge learnt by
each previous Teacher expert and the information from the short-term memory
and uses this measure as an expansion signal:

min
{
fp(D

′
j,Mi) | j = 1, · · · , c− 1

}
≥ ν , (3)

where D′
j is a dataset consisting of samples drawn from Pθj . fp(·, ·) is a dis-

tance measure evaluating the similarity between two datasets, and in practice, we
consider sampling from Mi and calculate fp(D

′
j,Mi) in Eq. (3).. We omit the

current expert Ac in Eq. (3) since Ac is knowledgeable about Mi. One potential
approach for implementing fp(·, ·) is training a discriminator using adversarial
learning [5], to estimate the discrepancy between the current memory buffer and
the already-learnt knowledge. However, such an approach may require consider-
able computational costs, especially when the total number of training steps/times
is large. In addition, adversarial learning suffers from unstable training behaviour
and mode collapse [12], leading to unstable signals for the model expansion in
Eq. (3). Consequently, we implement fp(·, ·) by using a statistical measure which
is easy to compute such as the Frechét Inception Distance (FID) score. FID is a
non-parametric measure which is evaluated between non-parametric data distri-
butions, extensively used to evaluate the performance of GAN models [49]. In
this study we employ the FID to evaluate the knowledge similarity between each
previously trained expert and the current memory buffer (STM). Compared to
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other dynamic expansion models, which employ the log-likelihood [21] or Neural
Dirichlet processes [20] to implement the expansion criterion, Eq. (3) relies on a
non-parametric distance measure which can better distinguish new data from the
already-learnt knowledge.

If the dynamic expansion criterion from Eq. (3) is satisfied at T ′
i , we freeze

the current expert Ac to preserve the information stored by the STM Mi, repre-
senting the knowledge learnt by Ac. We also construct a new expert Ac+1 to be
added to the Teacher module at the next training step T ′

i+1, in order to implement
the subsequent learning processes. After being used for training we remove all
data samples from the current STM memory Mi at T ′

i+1, avoiding the storage of
similar data samples for the future learning of Ac+1. Compared to the expansion
process described in [25], Eq. (3) does not require accessing any task information
and thus enables the model for TFCL. In addition, dynamic expansion methods,
such as the Continual Neural Dirichlet Process Mixture (CN-DPM)) [20] also em-
ploys a short-term memory buffer to store recent data samples, but the proposed
KIAM has several differences from CN-DPM: (1) The CN-DPM does not learn
a Student module while the proposed KIAM implements the dynamic expansion
model as a Teacher module within a unified framework to eventually support Stu-
dent’s learning; (2) The CN-DPM employs the Neural Dirichlet process for the
model expansion, while the proposed KIAM uses the FID-based criterion; (3) The
CN-DPM implements each expert using a VAE model, resulting in rather blurred
image generation results. In contrast, the proposed KIAM can employ a more
powerful generative model, such as a diffusion model or a GAN to implement
each expert, providing better generative knowledge for Student’s learning.

3.3. Continual Generative Knowledge Distillation
Most existing Knowledge Distillation (KD) methods transfer class and cat-

egory information from a large and complex Teacher module to a small-scale
Student, which is mainly used in classification tasks [50]. However, these ap-
proaches fail to transfer unsupervised generative factors from the Teacher to the
Student due to lacking class label information. In addition, these methods usually
require accessing the entire training dataset and thus can not be used in Task-Free
Continual Learning (TFCL) [51]. Next, we propose a new KD approach for con-
tinual generative modelling without accessing any of the previous data. First, let
us consider implementing the Student using a latent variable generative model
pθstu(x, z) = pθstu(x | z)p(z), where z and x denote the latent and observed vari-
ables, respectively. pθstu(x | z) is the decoder, and p(z) = N (0, I) is the prior
distribution. To transfer the knowledge stored by the Teacher to the Student, one
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Figure 1: The procedure for removing redundant experts.

can minimise the KL divergence between the generator distribution Pθj of each
Teacher expert Aj and the generator distribution Pθstu of the Student. However,
this KL divergence optimization is computationally intractable due to the lack of
explicit density function for the distribution Pθj . To solve this problem, we mini-
mize the cross entropy between Pθj and pθstu(x) to replace the KL divergence :

LKD =
∑c−1

j=1

{
− Ex∼Pθj

[log pθstu(x)]
}
. (4)

However, directly evaluating Eq. (4) is intractable since the sample log-likelihood
function log pθstu(x) = log

∫
pθstu(x | z)p(z)dz is hard to estimate. In this study,

we propose employing a variational distribution qϕ(z |x), parameterised by ϕ, to
approximate the true posterior pθstu(z |x). As a result, the sample log-likelihood
log pθstu(x) can be estimated using the Evidence Lower Bound (ELBO) [4]. Then,
Eq (4) can be calculated as :

LKD =
∑c−1

j=1

{
Ex∼Pθj

[−Eqςstu (z |x) [log pθstu (x | z)]

+DKL [qςstu (z |x) || p (z)]]
}
.

(5)

By combining the KL loss from Eq. (5) and the loss on the current memory buffer
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Mi, we propose a unified objective function for learning the Student at Ti :

LStu = Ex∼PMi
[−Eqςstu (z |x) [log pθstu (x | z)]

+DKL [qςstu (z |x) || p (z)]] + LKD ,
(6)

where PMi
is the distribution of the memory buffer Mi at Ti. The first term

encourages the Student module to learn samples obtained from the memory buffer
Mi that preserves the short-term information, and the second term LKD transfers
the Teacher’s knowledge, representing the long-term information, to the Student.
We train the Student module using Eq. (6) in the mini-batch learning manner
[1], which has been widely used in deep learning [52]. Compared to the D-TS
framework described in [25], the proposed KD approach, defined by Eq. (5), has
several differences: (1) Eq. (5) is used for transferring the knowledge at each
training step under TFCL, while D-TS can only access data corresponding to the
current task learning; (2) Eq. (5) employs a memory buffer Mi to store more
recent samples, which enables the Student module to learn both short- and long-
term information during the training. In contrast, the D-TS framework does not
have a memory buffer and its learning relies heavily on the task identity; (3) The
Teacher module in the D-TS framework always increases its model size/capacity
when learning a growing number of tasks. In contrast, the proposed framework
introduces an expert pruning approach, which is introduced in the next section,
that can maintain a fixed Teacher’s model size without sacrificing performance.

3.4. The Expert Pruning Approach
When deploying the model on a resource-constrained device, such as train-

ing robots or drones among other platforms, we have to consider the memory
and computational resources limitations. Consequently, we can not expand the
Teacher module forever and should keep a compact network architecture for the
Teacher. To address this issue, we introduce a novel expert pruning approach to
automatically remove Teacher expert components over time. The primary idea
of the proposed expert pruning approach is to find and remove those Teacher
experts that share significant amounts of knowledge with each other. However,
directly searching multiple similar Teacher experts is computationally intractable.
Instead, we formulate the selection process as a simple problem that first finds a
pair of Teacher experts containing overlapping knowledge and then one of them
is removed. Then, the expert pruning process is repeated until a specific criterion
is met.

Let us consider a Teacher module with c experts A = {A1, · · · ,Ac}, updated
at the training step Ti. We define a knowledge matrix Q ∈ Rc×c, where each
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Figure 2: The learning procedure of the proposed framework where we omit the updating of
the memory for the sake of simplification. In the Teacher learning process, we always update
the current Teacher expert on the memory buffer Mi at Ti. In the dynamic expansion process,
if the criterion from Eq. (3) is satisfied, we then build a new Teacher expert while freezing the
current one. In the expert pruning process, we remove those Teacher experts having overlapping
knowledge with other experts until the number of Teacher experts is not larger than nA. In the
knowledge distillation process, we update the Student module using Eq. (6). The pseudo-code
corresponding to the implementation is provided in Section 3.7.

Q(a, g) records the knowledge discrepancy score between experts Ag and Aa.
Given that the Student module is always updated to capture the entire information
from the Teacher and the memory buffer, we can employ the Student module to
identify whether two Teacher experts contain statistically overlapping knowledge.
The knowledge discrepancy score Q(a, g) is estimated using the square loss ∥ · ∥2
on the latent variables, inferred by the inference model qςstu (z |x) of the Student :

Lks(Aa,Ag) =
1

m′

m′∑
j=1

∥za,j − zg,j∥2 , (7)

where za,j and zg,j are latent variables, drawn from qςstu (z |x) that receives the
data samples xa,j and xg,j generated by Aa and Ag, respectively. In the experi-
mental results we consider m′ = 1000 as the total number of generated samples.
Eq. (7) is computationally efficient since it is evaluated on the low-dimensional
latent space. Although the FID can be used to evaluate the distance on a pair
of Teacher experts, it still has much more additional computational requirements
than that used for Eq. (7). If the two experts, Aa and Ab have learnt most similar
knowledge, the latent variables za and zb, representing the latent information of
Aa and Ab tend to be similar, resulting in a small Lks(Aa,Ag) in Eq. (7). We use
the square loss to evaluate the distance between latent variables due to its com-
putational efficiency, while other choices are discussed in Section 6. Once the
discrepancy matrix Q is evaluated, we can use it to determine a pair of experts
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with the minimal discrepancy score :

{a⋆, g⋆} = argmina,g=1,··· ,c,a ̸=g

{
Q(a, g)

}
, (8)

where A⋆ and G⋆ are the indices of the chosen experts. To decide which selected
expert should be removed, we calculate the discrepancy score between each other
expert from the Teacher’s ensemble and either Aa⋆ or Ag⋆ :

sa⋆ =
∑c

j=1,j ̸=a⋆
{Q(a⋆, j)} ,

sg⋆ =
∑c

j=1,j ̸=g⋆
{Q(g⋆, j)} .

(9)

A higher diversity score, calculated using Eq. (9), indicates that the selected com-
ponent represents distinct knowledge from the other components and should be
kept. The primary goal for Eq. (9) is to remove a component that has a small
discrepancy score with respect to the remaining experts. This mechanism can
maintain the discrepancy and knowledge diversity between Teacher experts, ben-
efiting from capturing more information by using a compact network architecture.
If sa⋆ > sg⋆ , then we decide to remove Ag⋆ , while otherwise we remove Aa⋆ . We
then continually evaluate (8) and (9) to identify and remove all other unnecessary
experts from the Teacher’ knowledge matrix representation Q. This redundant ex-
pert removal process is finished when the total number of experts becomes equal
to a predefined number nA. This process is illustrated in Fig. 1.

We also can use a threshold for evaluating the importance of the experts to
be preserved for the teacher ensemble. Once a matrix Q is evaluated in Eq. (7),
we identify a pair of information overlapping experts by searching the minimal
discrepancy score using Eq. (8). We then consider a threshold λ2 to determine
whether we remove one of the paired experts as follows:

min
{∑c

j=1,j ̸=a⋆
Q(a⋆, j),

∑c

j=1,j ̸=g⋆
Q(g⋆, j)

}
< λ2 . (10)

This approach does not restrict the total number of Teacher experts and thus is
suitable for learning infinite data streams. We refer to this approach as KIAM-
GAN-λ2, and KIAM-VAE-λ2 when the Teacher uses GANs or VAEs, respectively,
as experts.

3.5. Disentangled Representation Learning
Disentangled representation learning is an important topic in computer vision

[53], which aims to find the latent variables which indicate specific directions of
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variation for certain image characteristics. Learning disentangled representations
is usually implemented using the β-VAE [54], which employs an additional hyper-
parameter β > 1 to penalise the KL divergence term in the main objective func-
tion. However, the β-VAE suffers from poor image reconstruction results when
using a large value for the hyperparameter β. Then, a new approach was proposed
in [55] to progressively increase the information capacity of the latent variable
in the β-VAE, during training. Currently, disentangled representation methods
only consider learning a static and predefined data distribution, while the lifelong
learning of disentangled representations is a rather new research topic [56]. For
the student’s disentangled representation knowledge distillation, we consider the
improved β-VAE method [55], by extending Eq. (5) as :

LDis
KD =

∑c−1

j=1

{
Ex∼Pθj

[−Eqςstu (z |x) [log pθstu (x | z)]

+ γ|DKL [qςstu (z |x) || p (z)]]− C|
}
,

(11)

where C and γ are hyperparameters used to control the degree of disentanglement.
In the experiments, we consider the recommended hyperparameters from [55],
where the multiplicative parameter is γ = 4, while the hyperparameter C is chosen
within the interval [0.5,25.0] during training. The final objective function for
encouraging the Student to learn disentangled representations is defined as :

LDis
Stu = Ex∼PMi

{−Eqςstu (z |x) [log pθstu (x | z)]
+ γ|DKL [qςstu (z |x) || p (z)]− C|}+ LDis

KD ,
(12)

where LDis
KD is the dissentangled representation knowledge distillation loss pro-

vided in Eq. (11).

3.6. Generative models as Teachers
In the proposed approach, the Teacher module dynamically builds several

components to capture the knowledge from a data stream during the training.
Only the newly created component is updated while all others are frozen in or-
der to preserve the information learnt in the past. This allows the Teacher module
to gradually store new knowledge without forgetting previously learnt informa-
tion. Unlike in the Lifelong Teacher-Student (LTS) framework, described in [25],
where the task information is known, thus allowing the Teacher module to reuse
one of its existing components to learn a new task, the proposed Knowledge In-
cremental Assimilation Mechanism (KIAM) does not use any labels.
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Traditionally, Variational Autoencoders (VAEs) [4] or Generative Adversarial
Networks (GANs) [5] have been used as generative models. Both VAEs [25] and
GANs [57] have also been successfully employed as Generative Replay Mech-
anisms in Teacher-Student configurations. More recently, diffusion models [48]
have been successfully used as high-quality image generators. In the following
we discuss all these models as implementations for the Teacher.
GAN-based Teacher. For the GAN-based Teacher model, each expert Ac = {Dη,Gθc}
has a discriminator network Dη parameterized by η and a generator Gθc parame-
terized by θc. We consider the WGAN-GP loss [58] for training the current c-th
expert Ac at Ti :

LGθc
=

1

m

m∑
t=1

{
−Dη(Gθc(zt))

}
, (13)

LDη =
1

m

m∑
t=1

{
[Dη(Gθc(zt)]−Dη(xt) + γ(∥∇x̃tDη(x̃t)∥2 − 1)2

}
, (14)

where in the experimental study we consider a batch size of m = 64, and zt ∼
N (0, I) is a random vector. xt is the t-th real sample from the data batch Xbatch

obtained from the memory buffer Mi. γ is a hyperparameter, aiming to reg-
ulate the last term from the right hand side of Eq. (14) that enforces the dis-
criminator’s Lipschitz constraint, [58]. x̃t is the interpolated image produced by
x̃t = sxt+(1−a)x′

t, where s is drawn from a uniform distribution U(0, 1) and x′
i

is a generated image. Actually, we only expand the number of GAN generators,
which are frozen after being learnt one-by-one, while keeping a single discrim-
inator, thus reducing the overall number of parameters. The basic GAN-based
teacher model integrated with our proposed Knowledge Incremental Assimilation
Mechanism (KIAM) is named as KIAM-GAN, while when considering the expert
pruning it becomes KIAM*-GAN.
VAE-based Teacher. For the VAE-based Teacher model, each expert Ac is imple-
mented as a VAE model consisting of a decoder pθc(x | z) and an encoder, de-
fined by an encoding distribution qς(z |x) = N (µ,σ2I), whose hyperparameters
{µ,σ} are given by the encoder. A latent variable z = µ + σ ⊙ τ is then drawn
from N (µ,σ2I) using the reparameterization trick [4], where τ ∼ N (0, I), and
⊙ is the element-wise product. We employ the VAE loss function for training the
current expert Ac, expressed as :

LV AE(x;Ac) = −Eqς(z |x) [log pθc (x | z)] +DKL [qς (z |x) || p (z)] . (15)
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Similar to the GAN-based experts, only a single encoding distribution qς(z |x) is
needed in the whole training phase because all previously frozen experts of the
decoding modules for {A1, · · · ,Ac−1} do not have to be updated during subse-
quent learning. The basic VAE-based teacher model is named as KIAM-VAE,
while KIAM*-VAE involves also expert pruning.
Diffusion-based Teacher. The Denoising Diffusion Probabilistic Model (DDPM)
[48] has been successfully applied in many applications, including image super-
resolution [59, 60], image synthesis [61, 62, 63, 64, 65], inpainting [66], graph
generation [67], text-to-image generation [68, 69] and shape generation [70].
When compared to the GAN-based models, which suffer from unstable training
[12, 71], the DDPM model has a stable training procedure resulting in high-quality
generation results when compared to the VAE-based models.

DDPM consists of forward and backward diffusion processes. The goal of
the former is to corrupt the given data by gradually adding Gaussian noise that
is usually drawn from an empirical data distribution p(x0), to a real sample x0,
leading to the generation of a sequence of noisy samples {x1, · · · ,xT}, where T
is the total number of steps being considered. We formulate the forward process
as follows, [48] :

q(x1:T |x0) :=
∏T

t=1
q(xt |xt−1) , (16)

where x1:T denotes {x1, · · · ,xT}. The DDPM framework introduces a variance
schedule defined by the parameters {βt ∈ (0, 1) | t = 1, · · · , T} in order to ensure
a smooth transfer between xt−1 and xt, expressed as :

q(xt |xt−1) := N (xt;
√

1− βtx
t−1, βtI) . (17)

We set each variance controlling parameter βt as being small enough for ensuring
that the reverse distribution q(xt−1 |xt) is a Gaussian distribution, [72, 73]. In
practice, estimating q(xt−1 |xt) is intractable because we need to access the whole
training dataset. The DDPM framework solves this issue by learning a model
pθ(x

t−1 |xt) with trainable parameters θ, and with the backward diffusion process
redefined as :

pθ(x
0:T ) := p(xT )

∏T

t=1
pθ(x

t−1 |xt) , (18)

where pθ(x
t−1 |xt) is defined as:

pθ(x
t−1 |xt) := N (xt−1;µθ(x

t, t),Σθ(x
t, t)) , (19)

where Σθ(·, ·) and µθ(·, ·) are trainable functions implemented by a neural net-
work. The DDPM framework employs a simple but effective training objective

18



function, [48] :

LDDPM(θ) := Et,x0,ϵ

[
∥ϵ− ϵθ(

√
α̂tx

0 +
√

1− α̂tϵ, t)∥2
]
, (20)

where α̂t :=
∏t

s=1{αs} and αt := 1 − βt. ϵ is a random vector drawn from
N (0, I). ϵθ(·, ·) is implemented by a noise estimator model that predicts ϵ from
xt and t.

A natural approach to enhance the quality of knowledge transfer from the
teacher to student module is to use the DDPM ϵθi(·, ·) for implementing each
teacher expert, where the subscript i represents the expert index. However, the
DDPM requires performing thousands of iterations during the generation process
of a single image, leading to considerable computational costs. Consequently, us-
ing the dynamic expansion criterion, defined in Eq. (3), to regulate the expansion
process of the teacher module is intractable due to frequently employing gener-
ative processes. We address this issue by proposing a new dynamic expansion
criterion that does not involve the generation process by assigning a tiny memory
buffer M i for each diffusion-based teacher expert ϵθi(·, ·), aiming to preserve a
few data samples, characteristic of the probabilistic representation of the diffusion
component. The tiny memory buffer M i randomly stores data samples obtained
from the main incoming data buffer Mi and is fixed when the i-th teacher expert
ϵθi(·, ·) is frozen. Based on the tiny memory buffer, we introduce a new dynamic
expansion criterion for the diffusion-based teacher module :

min
{
fp(M

j,Mi) | j = 1, · · · , c− 1
}
≥ ν1 . (21)

Eq. (21), unlike the criterion defined in Eq. (3), only compares the knowledge
representation distance between two memory buffers, one storing the incoming
data and the other storing the data associated with each diffusion-based expert.
This approach is computationally efficient because it does not involve the image
generation process. We call the proposed framework using the diffusion-based
teacher module as KIAM-DDPM.

We summarise several differences in the Teacher module between the ap-
proach for the proposed KIAM and the Dynamic Teacher Student (D-TS) [25]
: (1) The teacher module in D-TS can select an existing component to learn a new
task, which requires accessing the task information. The proposed KIAM always
updates the current expert to learn new knowledge while freezing all previously
learnt experts, which can be used in TFCL; (2) The Teacher model size in D-TS
grows as the number of tasks increases. In contrast, we can fix the Teacher’s
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Algorithm 1: Training algorithm of KIAM*-GAN
1 for i < t do
2 Updating of the memory;
3 if (|Mi| ≥ |Mi|max) then
4 Remove earliest samples from Mi;
5 end
6 Teacher learning; ;
7 if (i == 100) then
8 Build a new expert A2 while fixing A1 ;
9 else

10 for s < iterations do
11 {xs,j}bj=1 obtained from Mi ;
12 Update the generator of the current expert using Eq. (13);
13 Update the discriminator on Mi using Eq. (14) ;
14 end
15 end
16 end
17 Checking the expansion ;
18 if (|Mi| ≥ |Mi|max) then
19 if Eq. (3) is stratified then
20 Build a new expert and cleaning up Mi ;
21 end
22 end
23 Perform the expert pruning (See Algorithm 2) ;
24 Perform the Student learning (See Algorithm 3);
25 end

model size in the KIAM by employing the expert pruning approach, as described
in Section 3.4; (3) The D-TS only uses a GAN-based Teacher module. In contrast,
the KIAM can employ either a GAN, or a VAE, or a Diffusion model as an expert
in the mixture model.

3.7. Algorithm Implementation
Algorithm. The detailed pseudo-code of KIAM*-GAN is provided in Algorithm 1,
which summarizes the training algorithm in five steps.

• (Updating the memory buffer Mi). When seeing a new data batch {xi,j}bj=1

at T ′
i , we update the memory buffer Mi by adding a new data batch {xi,j}bj=1,
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Algorithm 2: Expert pruning.
1 while True do
2 if (|G| > nA) then
3 Calculate Q using Eq. (7) ;
4 Find a pair of experts by a⋆, g⋆ = argmina,g=1,··· ,c

{
Q(a, g)

}
;

5 sa⋆ =
∑c

j=1,j ̸=a⋆{Q(a⋆, j)} , sg⋆ =
∑c

j=1,j ̸=g⋆{Q(g⋆, j)};
6 if sa⋆ > sg⋆ then
7 Remove the expert Ag⋆ from the Teacher module ;
8 end
9 else

10 Remove the expert Aa⋆ from the Teacher module
11 end
12 end
13 else
14 break;
15 end
16 end

if the memory is not already full |Mi| < |Mi|max. Otherwise, we delete the
earliest memorized samples from Mi and then add the new batch {xi,j}bj=1.

• (Teacher learning). In the initial training phase from T ′
0 to T ′

99, we only
learn a single expert in the Teacher module. We build the second expert
A2 and freeze A1 at the training step T ′

100, in order to preserve the initial
knowledge into the Teacher module such that it can support the dynamic
expansion process during subsequent learning. We update the current expert
on the memory buffer Mi using Eq. (13) and Eq. (14) for the GAN expert
in a mini-batch learning manner, in which ’iterations’ in Algorithm 2 is
determined by iterations = (|Mi|/b)epoch where b = 64 is the batch
size, and epoch is the training epoch.

• (Checking the expansion). In order to avoid frequently evaluating the dy-
namic expansion criterion, we only check the model expansion when the
memory buffer is full, i.e. |Mi| = |M|max. If the criterion from Eq. (3)
is satisfied, we freeze the current expert Ac and add a new one Ac+1, to
the Teacher module. We also clean up Mi to avoid learning overlapping
samples in subsequent learning.
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Algorithm 3: Student learning.
1 for s < iterations do
2 {xs,j}bj=1 obtained from Mi ;
3 for s′ < c− 1 do
4 Generate the data batch {x′

s′,j}bj=1 using As′ ;
5 end
6 Update the Student module on {{xs,j}bj=1, {x′

1,j}bj=1, · · · , {x′
c−1,j}bj=1}

using Eq. (6) ;
7 end

• (Expert pruning). The detailed pruning process is provided in Algorithm 2
through which we continually remove experts from the Teacher module,
considered non-essential, using Eq. (8) and Eq. (9) until the number of ex-
perts in A is less than nA.

• (Student learning). We train the Student module by using Eq. (6), which in-
volves generated and real data samples from the Teacher module which are
mixed with those from the memory buffer Mi, respectively. The Student
is updated in a mini-batch learning manner, and the pseudocode for its up-
dating process is provided in Algorithm 3. Then we return to Step 1 for the
next training step Ti+1.

4. Theoretical analysis framework

In this section, we theoretically analyze the forgetting process of a generative
model under task-free continual learning and how the proposed approach can re-
lieve forgetting. This theoretical analysis extends the previous theoretical studies
from [24, 51]. In the following section, we provide some important and necessary
notations.

4.1. Preliminary
Notations. For a given VAE model, denoted as B, let qς(z |x) and pθ(x | z) denote
the encoder and decoding distribution for B, respectively. Let h represent a hy-
pothesis function in the hypotheses space {h ∈ H | H : X → X}, where X ∈ Rd

is the data space with d dimensions. We consider implementing h ∈ H using the
reconstruction process, achieved using the VAE model B. Let L : X × X → R
denote an error function, which is implemented using the square-loss function
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Algorithm 4: Expert pruning.
1 while True do
2 if (|G| > nA) then
3 Calculate Q using Eq.(7) of the paper ;
4 Find a pair of experts by a⋆, g⋆ = argmina,g=1,··· ,c

{
Q(a, g)

}
;

5 sa⋆ =
∑c

j=1,j ̸=a⋆{Q(a⋆, j)} , sg⋆ =
∑c

j=1,j ̸=g⋆{Q(g⋆, j)};
6 if sa⋆ > sg⋆ then
7 Remove the expert Ag⋆ from the Teacher module ;
8 end
9 else

10 Remove the expert Aa⋆ from the Teacher module
11 end
12 end
13 else
14 break;
15 end
16 end

L(x,x′) = ∥x−x′∥2,x,x′ ∈ X . We assume that the error function L : X ×X →
R is bounded, ∀(x,x′) ∈ X 2,L(x,x′) ≤ C, for some C > 0.

Definition 1. (Model risk.) For a given memory distribution PMi
, a risk for B on

PMi
is defined as EPMi

(h, fPMi
) = Ex∼PMi

L(h(x), fPMi
(x)), where fPMi

∈ H
is an identity function.

In the following, we define the discrepancy distance for measuring the simi-
larity between two distributions.

Definition 2. (Discrepancy distance.) Let PDT
j

be a probability distribution for
DT

j over X . The discrepancy distance on two distributions PDT
i

and PDT
j

, is de-
fined as:

Ldisc

(
PDT

i
,PDT

j

)
= sup

(h,h′)∈H

∣∣Ex∼P
DT
i

[L (h′ (x) , h (x))]

−Ex∼P
DT
j

[L (h′ (x) , h (x))]
∣∣. (22)

Definition 3. (Rademacher complexity). Let H represent a hypothesis class, For
a given unlabeled sample U = {xi}mi=1, the Rademacher complexity of H with
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Algorithm 5: Student learning.
1 for s < iterations do
2 {xs,j}bj=1 obtained from Mi ;
3 for s′ < c− 1 do
4 Generate the data batch {x′

s′,j}bj=1 using As′ ;
5 end
6 Update the Student module on {{xs,j}bj=1, {x′

1,j}bj=1, · · · , {x′
c−1,j}bj=1}

using Eq.(6) of the paper ;
7 end

respect to the sample U is defined as follows :

ReU (H) = E
K

[
sup
h∈H

2

m

m∑
i=1

Kih (xi)

]
, (23)

where Ki is an independent uniform random variable within {−1,+1}. The
Rademacher complexity for the whole hypothesis class is defined as :

Ren (H) = EU∼(D)nReU (H) . (24)

Definition 4. (Empirical discrepancy distance.) In practice, we only have access
to finite training sets D̂T

i and D̂T
j of sample sizes mi and mj , respectively. Let P̂DT

i

and P̂DT
j

denote the empirical distribution for D̂T
i and D̂T

j , respectively. Then we
estimate the discrepancy distance with probability 1− δ, δ ∈ (0, 1) :

Ldisc

(
PDT

i
,PDT

j

)
≤ Ldisc

(
P̂DT

i
, P̂DT

j

)
+ 8

(
ReD̂T

i
(H) + ReD̂T

i
(H)

)
(25)

+ 3M

(√
log

(
4
δ

)
2mi

+

√
log

(
4
δ

)
2mj

)
,

where ReD̂T
i

denotes the Rademacher complexity and M > 0. We consider

L̂disc(·) to represent the right-hand side (RHS) of Eq. (25).

4.2. Forgetting Analysis for the Static Model
The ELBO is the primary objective function for training a VAE model, which

has also been employed as a criterion for performance evaluation [74, 75, 4]. In
the following, we introduce an upper bound to the negative ELBO to investigate
the forgetting behaviour of a single VAE model in task-free continual learning.
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Theorem 1. Let S be a data stream and Px′(1:i) be a probability distribution of all
previously visited i data batches {{x1,j}bj=1, · · · , {xi,j}bj=1} ∈ S at the training
time Ti. We assume that the probabilistic representation of the decoder for a
single VAE model is a Gaussian distribution with a diagonal covariance matrix
(we consider that the diagonal element is 1/

√
2). We derive an upper bound to

the negative ELBO at Ti, as :

EPx′(1:i)

[
− LELBO

(
x′(1 : i);h

)]
≤ EA

(
Px′(1:i),PMi

)
+ EPMi

[
− LELBO

(
xMi

;h
)]

+
∣∣KL1 −KL2

∣∣ , (26)

where xMi
and x′(1 : i) are the variables drawn from PMi

and Px′(1:i), respec-
tively. EA(Px′(1:i),PMi

) is defined as :

EA
(
Px′(1:i),PMi

)
= L̂disc

(
Px′(1:i),PMi

)
+ EPx′(1:i)

(
h∗
x′(1:i), fx′(1:i)

)
+ EPx′(1:i)

(
h∗
x′(1:i), h

∗
Mi

)
,

(27)

where h∗
Mi

= argminh∈HEPxMi
(h, fMi

) and h∗
x′(1:i) = argminh∈HEPx′(1:i)

(h, fx′(1:i))

are the optimal hypotheses for PMi
and Px′(1:i), respectively. KL1 and KL2 are

defined as :
KL1 = EPx′(1:i)

KL
(
qϕi(z |x′(1 : i)) || p(z)

)
,

KL2 = EPMi
KL

(
qϕi(z |xMi

) || p(z)
)
.

(28)

qϕi(z | ·) is the encoding distribution implemented by a single VAE model trained
on the memory buffer Mi at Ti.

Proof. From Definition 4 , we know that Ldisc(Px′(1:i),PMi
) ≤ L̂disc(Px′(1:i),PMi

).
By considering Theorem 1 from [51], see also Theorem 1 from [24], we replace
Ldisc(Px′(1:i),PMi

) by using L̂disc(Px′(1:i),PMi
), resulting in :

EPx′(1:i)

(
h, fPx′(1:i)

)
≤ EPMi

(
h, h∗

PMi

)
+ L̂disc

(
Px′(1:i),PMi

)
+ ECi

(
h∗
PMi

, h∗
Px′(1:i)

)
+ EPx′(1:i)

(
h∗
Px′(1:i)

, fPx′(1:i)

)
,

(29)

which is proved in Theorem 1 from [51].
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From Eq. (29), according to the bound on the KL divergence :

EPx′(1:i)
KL(qϕi(z | x′(1 : i)) || p(z)) ≤

EPMi
KL(qϕi(z | xMi

) || p(z))
+ |EPMi

KL(qϕi(z | xMi
) || p(z))

− EPx′(1:i)
KL(qϕi(z | x′(1 : i)) || p(z))| .

(30)

We also know that LELBO (x; {θ, ϕ}) is expressed as :

LELBO (x; {θ, ϕ}) := Eqϕ(z|x) [log pθ (x | z)]
−KL [qϕ (z |x) || p (z)] ,

(31)

When the decoder models a Gaussian distribution, log pθ (x | z) is represented
as :

log pθ (x | z) = − 1

2σ2
θ (z)

∥x− µθ (z)∥2 −
1

2
log 2πσ2

θ (z) (32)

where σθ (z) and µθ (z) are the variance and mean of the Gaussian distribution,
obtained by the decoder. ∥·∥2 represents the reconstruction error (square loss). We
implement the decoder by a Gaussian distribution N (µθ (z) , σI), where µθ (z) is
a deep convolutional neural network and I is the identity matrix and σ is a fixed
variance.

Since h is the hypothesis of the model, implemented as an encoding-decoding
process, we have

LELBO(x
′(1 : i);h)

= − 1

2σ2
L(h(x′(1 : i)), fPx′(1:i)

(x′(1 : i))) (33)

− 1

2
log 2πσ2 −KL(qϕi(z | x′(1 : i)) || p(z))

Then by considering the negative ELBO, we have :

− LELBO(x
′(1 : i);h) =

1

2σ2
L(h(x′(1 : i)), fPx′(1:i)

(x′(1 : i))) (34)

+
1

2
log 2πσ2 +KL(qϕi(z | x′(1 : i)) || p(z))
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And we know that:

RPx′(1:i)
(h, fPx′(1:i)

) = Ex∼Px′(1:i)
L(h(x′(1 : i)), fPx′(1:i)

(x′(1 : i))) (35)

and we have :
Ex′(1:i)∼Px′(1:i)

[−LELBO(x
′(1 : i);h)] =

Ex′(1:i)∼Px′(1:i)

{
1

2σ2
L(h(x′(1 : i)), fPx′(1:i)

(x′(1 : i)))

+ KL(qϕi(z | x′(1 : i)) || p(z))
}
+

1

2
log 2πσ2 .

(36)

We observe that 1
2
log 2πσ2 and 1

2σ2 are constants and we set σ = 1√
2

in order
to simplify the notations. Therefore, Eq. (36) is rewritten as :

Ex′(1:i)∼Px′(1:i)
[−LELBO(x

′(1 : i);h)] =

Ex′(1:i)∼Px′(1:i)
{L(h(x′(1 : i)), fPx′(1:i)

(x′(1 : i)))

+KL(qϕi(z | x′(1 : i)) || p(z))}+ 1

2
log π

(37)

We then consider Equations (30) and (29) and we have :

Ex′(1:i)∼Px′(1:i)
{L(h(x′(1 : i)), fPx′(1:i)

(x′(1 : i)))

+KL(qϕi(z|x′(1 : i)) || p(z))} ≤

ExMi
∼PMi

{
L
(
h(xMi

), h∗
PMi

(xMi
)
)

+KL(qϕi(z | xMi
) || p(z))

}
+ |KL1 −KL2| + EA

(
Px′(1:i),PMi

)
,

(38)

where KL1 and KL2 are defined in Eq. (28). We assume that h∗
PMi

(xMi
) is a

perfect model for PMi
. Then we have h∗

PMi
(xMi

) = f ∗
PMi

(xMi
). It notes that we

can add the constant 1
2
log π in both sides of Eq. (38). According to Eq. (37), we

can rewrite Eq. (38) as :

Ex′(1:i)∼Px′(1:i)
[−LELBO (x′(1 : i);h)] ≤

Ex∼PMi
[−LELBO (xMi

;h)]

+ |KL1 −KL2|+ EA
(
Px′(1:i),PMi

)
□

(39)

This corresponds to Eq. (26) and proves Theorem 1.
We have several observations regarding Theorem 1 :
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• The knowledge loss and gain achieved by a single VAE model at each train-
ing time {Ti | i = 1, · · · , t} can be evaluated using Eq. (26).

• The first term from the right-hand side of Eq. (26), representing the dis-
crepancy distance, plays a vital role in the model’s performance. A large
discrepancy distance term indicates that the memory buffer Mi does not
store sufficient information about all previously learnt samples and thus the
right-hand side of Eq. (26) is large, resulting in a small ELBO on the target
distribution achieved by a single VAE model, corresponding to the forget-
ting process.

• A single fixed-capacity memory buffer can not store sufficient information
for all previously learnt samples, especially when learning a long-term data
stream. From Eq. (26), we also find that an appropriate sample selection
approach is critical for the memory-based methods.

4.3. Theoretical Guarantees
In this section, we analyze the forgetting process of a dynamic expansion

model by extending the theoretical analysis of using a single VAE model. In addi-
tion, we also theoretically show that the proposed dynamic expansion mechanism
can ensure a lightweight network architecture while providing good performance.

Theorem 2. For a given Teacher module with c already learnt experts A =
{A1, · · · ,Ac} at Ti, let h be a Student model implemented using a VAE model.
We derive an upper bound to the negative ELBO at Ti, as :

EPx′(1:i)

[
− LELBO

(
x′(1 : i);h

)]
≤ EA

(
Px′(1:i),PMi⊗θ(1:c)

)
+ EPMi⊗θ(1:c)

[
− LELBO

(
x′′;h

)]
+
∣∣KL1 −KLMi⊗θ(1:c)

∣∣ , (40)

where KLMi⊗θ(1:c) = KL(qϕi(z |x′′) || p(z)) and x′′ is the latent variable drawn
from PMi⊗θ(1:c) which is a probability distribution formed by the samples uni-
formly drawn from {Pθ1 , · · · ,Pθc ,PMi

}. From Theorem 2, we have several ob-
servations:

• Compared to the static/single model (Theorem 1), the Student model h in
Eq. (40) can significantly reduce forgetting when the Teacher experts cap-
ture and preserve more knowledge.
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• When each Teacher expert is appropriately built to learn a unique data distri-
bution during the training, the discrepancy distance term EA(Px′(1:i),PMi⊗θ(1:c))
in Eq. (40) would be stable, thus relieving forgetting.

• The study from [24] demonstrates a similar conclusion to Eq. (40). How-
ever, the theoretical analysis in [24] relies on the task information, which
can only be applied in the task-known continual learning case. In contrast,
our theoretical analysis can be used in a more realistic continual learning
paradigm, such as TFCL.

We also find that encouraging the diversity of the generator’s characteristic
distributions {Pθ1 , · · · ,Pθc} would maintain a small discrepancy distance term in
Eq. (40) while reducing the necessary number of experts. A reasonable approach
for expanding the Teacher module is to maximize the distance between the trained
experts {A1, · · · ,Ac−1} and the current expert Ac, expressed as :

P⋆
θmc

= argmax{Pθmc
}tm=i+1

1

c− 1

∑c−1

j=1

{
fp(Pθj ,Pθmc )

}
, (41)

where P⋆
θmc

is an optimal solution that maximizes the distance and m is the index of
the training step. However, searching P⋆

θmc
in Eq. (41) needs accessing all future

training steps {Ti+1, · · · , Tt} simultaneously, which is not feasible in continual
learning. To deal with this problem, we have proposed a novel expansion mech-
anism in Eq. (3), which implements the goal expressed in Eq. (41), given that it
can ensure maintaining the discrepancy among Teacher experts when performing
model expansion. Unlike Eq. (41), which requires accessing all training steps,
the proposed dynamic expansion mechanism from Eq. (3) introduces employing
a threshold ν to automatically enhance the Teacher’s capacity, which can capture
novel information and avoid forgetting. However, existing dynamic expansion
approaches [20, 21] fail to achieve the goal of Eq. (41) because their expansion
mechanisms do not consider the knowledge diversity among experts.

5. Experiments

5.1. Settings And Baselines
Parameter setting : In the experiment we employ a set of six data domains, includ-
ing MNIST [77], SVHN [78], Fashion [79], InverseFashion (IFashion), Rotated
MNIST (RMNIST) and CIFAR10 [80]. The IFashion is created by inverting each
pixel for all images. For Rotated MNIST (RMNIST), we rotate all images from
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Table 1: Evaluation of the FID for the images generated by various models under the MSFIRC
setting. Last column represents the final number of Teacher experts after finishing the whole
training.

Methods MNIST SVHN Fashion IFashion RMNIST CIFAR10 Average No

finetune 174.1 148.3 237.0 229.1 159.2 216.4 194.0 1

Reservoir [43] 127.2 159.3 213.4 201.6 110.2 113.3 154.2 1

LTS [10] 44.8 62,9 92.9 83.1 41.8 80.3 67.7 1

LGM [7] 104.8 134.3 194.3 168.1 94.8 91.5 131.3 1

CN-DPM [20] 118.7 73.4 120.7 120.3 97.9 97.6 104.8 18

DEDM [76] 10.6 75.2 66.8 11.0 70.4 69.5 50.6 9

KIAM-GAN 11.6 70.6 101.9 29.9 11.41 68.6 49.0 16

KIAM-VAE 122.9 73.6 109.2 104.3 119.1 86.4 102.6 11

KIAM*-GAN 12.0 74.6 69.8 22.3 11.4 68.5 43.1 7

KIAM*-VAE 82.6 82.5 127.0 132.9 88.8 86.3 100.0 7

KIAM-DDPM 10.6 71.3 65.9 23.6 11.2 69.0 42.0 7

the MNIST database by 180 degrees. We create a data stream S, from all these
training sets, named MSFIRC. By considering IFashion and RMNIST datasets in
the data stream S, we can involve both dissimilar and similar datasets in our ex-
periment. We also consider a popular setting, class-incremental learning, in which
each dataset/domain is split into five sets, each set consisting of images from two
different classes [81]. Unlike [81], which only considers a single dataset, we build
a more complex data stream S that consists of all parts of the six datasets, and we
call this setting as Class Incremental CI-MSFIRC.

The batch size for processing the images is considered as b = 64. We set
the number of epochs for each training step to 1. The threshold used in Eq. (3)
for controlling the number of experts for the Teacher module is chosen within the
range ν ∈ [0, 200]. In addition, we consider setting the maximum memory size for
STM as 5000 samples for MSFIRC and CI-MSFIRC. Since we mainly evaluate
the performance of various models on lifelong generative modelling under task-
free continual learning, we follow the set-up from [23] which adopts the Fréchet
Inception Distance (FID) [49] to evaluate the performance of various models. We
use a Tesla V100-SXM2 (32GB) GPU and the RHEL 8 operating system for our
experiments.
Network Architecture. We introduce the details of the network architecture. For
the VAE generator of each expert in the teacher module and the decoder of the
Student, we adopt the same CNN network that consists of five convolution layers
{256, 256, 256, 256, 3}. For the inference model q(z |x) of the Student, we con-
sider using a network architecture consisting of four convolution layers and two
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Figure 3: The cross-domain reconstruction results of various models under MSFIRC setting.

fully connected layers, aiming to return the hyperparameters of a Gaussian distri-
bution. The number of kernels in each convolution layer is of {64, 128, 256, 512}
and the kernel size is 3 × 3. The number of hidden nodes in the fully connected
layer is 256. For the input size of 64 × 64 × 3, the generator for each expert
consists of 6 convolution layers {256, 256, 256, 256, 128, 3}. The decoder of the
Student also uses the same network architecture as the generator. The inference
model q(z |x) of the Student and each expert consists of four convolution lay-
ers {64, 128, 256, 512}, one hidden layers {1024} and two separate layers {256}
which are used to infer the hyperparameters of a Gaussian distribution. For each
expert of the GAN-based teacher, we use for the same network structure as in
[82]. For the DDPM-based teacher module, we employ the same network ar-
chitecture from the improved DDPM model [83], which is a U-Net [84] and the
detailed network information can be found in [85]. Compared to the GAN and
VAE-based teacher modules, the DDPM-based teacher module uses a large-scale
neural network with more parameters, leading to considerable computational costs
and memory resources. In addition, the DDPM also requires many more optimiza-
tion iterations than the GANs and VAEs when generating one image, which leads
to additional generation times for the images.
Baselines : The majority of continual learning methods only focus on the classifi-
cation tasks and thus can not be used for image generative modelling. Therefore,
we evaluate the proposed approach with the baselines that have been used for
image generative modelling, such as : Reservoir [43], Lifelong Teacher Student
(LTS) [10], Lifelong Generative Modelling (LGM) [7], and CN-DPM [20], re-
spectively. For a fair comparison with CN-DPM, we also train a Student model
to learn data generated by CN-DPM and from the memory buffer. In addition, we
also assign a short-term memory buffer with a maximum size of 5,000 for LGM
and LTS to support TFCL. Furthermore, we consider a learning rate of 0.0002 for
the Adam algorithm [86], when training all models.
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Table 2: The FID of various models under the CI-MSFIRC setting.

Methods MNIST SVHN Fashion IFashion RMNIST CIFAR10 Average No

finetune 158.1 167.6 246.2 233.3 138.6 229.4 195.6 1

Reservoir [43] 141.7 163.6 220.0 200.1 127.1 115.5 161.3 1

LTS [10] 101.9 99.4 140.6 139.5 99.9 95.5 112.8 1

LGM [7] 108.5 122.1 189.5 175.9 96.6 92.4 130.9 1

CN-DPM [20] 90.9 62.0 109.0 95.0 77.9 95.5 88.4 18

KIAM-GAN 16.7 65.1 44.5 43.9 27.9 85.2 47.2 11

KIAM-VAE 102.6 69.9 117.1 99.5 113.0 82.7 97.5 11

KIAM*-GAN 13.5 72.7 89.9 52.1 12.4 71.9 52.1 7

KIAM*-VAE 131.0 70.3 106.7 92.2 126.5 87.7 102.4 7

5.2. Generative Modeling Tasks Under TFCL
In this section, we investigate the performance of the Student module on a

data stream with multiple data distributions. We provide the FID performance for
generated images, following the MSFIRC setting in Tab. 1. KIAM-VAE, KIAM-
GAN and KIAM-DDPM are the dynamic expansion models whose Teacher ex-
perts are implemented using VAE, GAN, or the Denoising Diffusion Probabilis-
tic Model (DDPM), respectively. Adding ‘*’ to the name of the generator in
Table 1 denotes that the dynamic expansion model employs the proposed ex-
pert pruning approach from Section 3.4 to remove the redundant Teacher experts
from the model. KIAM-GAN-based methods usually have higher FID scores
than KIAM-VAE-based methods, while the best results are by the KIAM-DDPM
model. KIAM-GAN has better performance than CN-DPM while employing
fewer Teacher experts. Image reconstruction results by various models, after
training on MSFIRC are provided in Fig. 3. Overall, the DDPM and GAN-based
teachers provide better results by a large margin when comparing with using VAEs
as teacher experts. In addition, KIAM*-GAN, when compared to KIAM-GAN,
reduces the number of experts from 16 to 7 while still maintaining a good per-
formance. In addition, KIAM*-VAE reduces the number of components by prun-
ing from 11 to 7. These results show that the proposed expert pruning approach
can further reduce the Teacher model size and eventually employ fewer parame-
ters without sacrificing performance. By using the powerful DDPM-based teacher
module can further improve the student’s performance as demonstrated by KIAM-
DDPM.

In the following, we investigate the performance of various models under the
class-incremental setting. In this setting, each dataset is divided into five parts, and
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Table 3: The FID for the generated results of various models under the CelebA-Chair learning
setting.

Methods CelebA 3D-Chair Average No

finetune 35.79 9.90 22.85 1

Reservoir [43] 20.82 11.04 15.93 1

LTS [10] 20.68 11.47 16.07 1

LGM [7] 21.58 11.84 16.71 1

CN-DPM [20] 20.19 11.45 15.82 11

KIAM-GAN 18.05 11.32 14.68 3

KIAM-VAE 20.63 11.79 16.21 5

KIAM-DDPM 17.14 11.35 14.24 3

each part consists of samples from two classes. This setting is more challenging
since the model requires dealing with both class and domain shifts. We report the
performance of the Student module in Tab. 2. From this table we can observe that
the static models, including finetune, Reservoir, LTS and LGM, perform worse
on the class-incremental setting when compared with the domain-incremental set-
ting. This is because the static model has a fixed capacity and can not capture
more classes during the training. From the results of Tab. 2, we observe that
KIAM-GAN outperforms KIAM*-GAN, which shows that learning more com-
ponents can benefit the performance for the class-incremental setting. The reason
behind this case is that more components can potentially capture more category in-
formation and thus are suitable for the class-incremental setting in which the class
changes over time, at the cost of requiring more parameters. As in the previous ex-
periments, GAN-based models perform better than the VAE-based methods in the
class-incremental setting, showing that the high-quality generative replay samples
play a critical role in lifelong generative modelling. Furthermore, the proposed
KIAM-GAN outperforms other baselines in the class-incremental setting.

5.3. Learning Complex Data Streams Under TFCL
We study the performance achieved by the Student module when learning

datasets consisting of complex images. Following the setting from [10], we con-
sider 5,000 sample images for testing from each of the datasets CelebA [87] and
3D-chair [88] while the remaining data samples are used for training. We create
a data stream named CelebA-Chair consisting of these training samples that are
resized as 64× 64× 3. The same setting from MSFIRC is used for CelebA-Chair,
and we provide the results achieved by the Student module in Table 3. We observe
that the static model can achieve good performance on the last dataset (3D-Chair)
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(a) The GAN-based teacher module.

(b) The DDPM-based teacher module.

Figure 4: The generation results from the Teacher module after the CelebA to 3D-Chair continual
learning.

while performing worse on the first dataset (CelebA) in the data stream, which
shows that the static model suffers from forgetting. In contrast, the dynamic ex-
pansion models can perform well on both the first and second datasets. In ad-
dition, the proposed KIAM-GAN outperforms other baselines while employing
fewer components when compared with CN-DPM. Furthermore, compared with
KIAM-VAE, CN-DPM achieves a slightly better performance but employs much
more experts than KIAM-VAE. Since both KIAM-GAN and KIAM-VAE employ
fewer components after CelebA-Chair lifelong learning, we do not further reduce
the model size for them using the proposed expert pruning. In addition, we also
compare the generation results from KIAM-GAN and KIAM-DDPM in Fig. 4-
a and 4-b, which indicate that the DDPM-based teacher module provides better
generation results than the GAN-based teacher module.

We also investigate whether the proposed Student model can learn meaningful
latent representations across multiple data domains without forgetting. When the
learning of CelebA to 3D-Chair is finished, we perform an interpolation experi-
ment in which we interpolate latent variables from two different images and the
interpolated code is then fed into the decoder for the image reconstruction. We
provide the visual results in Fig. 5, which shows on the first row a 3D chair which
is gradually becoming a human face image, with the outline of the chair gradually
becoming the eyes of the human. These results demonstrate that the Student mod-
ule can implicitly capture the correlations between different regions of two data
domains by exploring their joint latent space.
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Figure 5: Image interpolation results by the Student module, considering KIAM-GAN as the
Teacher under CelebA-Chair setting.

5.4. Learning Classification Tasks
In this section, we extend our model for the continual learning of classifica-

tion tasks. We adopt the TFCL benchmark from [89], which is used for supervised
learning. Similar to [89], we only consider a teacher module where each expert
is implemented by a VAE model, while we also train a classifier for each ex-
pert. Therefore, each expert Ai in the teacher module consists of a VAE model
{pθi (x | z) , qηi (z |x)} and a classifier Cδi , where δi denotes the classifier’s pa-
rameters of the i-th expert, implemented by a ResNet-18 network.

We train the current classifier and the VAE using the samples drawn from the
memory buffer. We also use the proposed Knowledge Incremental Assimilation
Mechanism (KIAM) to dynamically add new experts during the training. In the
testing phase, the VAE is used for the expert selection by comparing the sample
log-likelihood for all Teacher experts. We employ ResNet 18 [52] as the classifier
for Split CIFAR10 and Split CIFAR100, and a fully connected network with two
hidden layers of 400 units for Split MNIST [81]. The maximum memory sizes
for Split MNIST, Split CIFAR10, and Split CIFAR100 are 2000, 1000 and 5000,
respectively. We adopt the same setting and datasets from [89, 81] and report the
results in Table 4, where the performance of all baselines are taken from [89, 81].
These results show that our model is applicable for the classification task with
better performance than other approaches.

5.5. Lifelong Disentangled Representation
In this section, we extend the proposed framework to lifelong disentangled

representation learning where we employ the objective function from Eq. (12) for
the Student module. We train the proposed framework on a data stream consisting
of data samples from CelebA and 3D-chair datasets. After finishing all training
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Table 4: Classification accuracy of five independent runs for various models on three datasets.

Methods Split MNIST Split CIFAR10 Split CIFAR100

finetune 19.75 ± 0.05 18.55 ± 0.34 3.53 ± 0.04

GEM 93.25 ± 0.36 24.13 ± 2.46 11.12 ± 2.48

iCARL 83.95 ± 0.21 37.32 ± 2.66 10.80 ± 0.37

reservoir 92.16 ± 0.75 42.48 ± 3.04 19.57 ± 1.79

MIR 93.20 ± 0.36 42.80 ± 2.22 20.00 ± 0.57

GSS 92.47 ± 0.92 38.45 ± 1.41 13.10 ± 0.94

CoPE-CE 91.77 ± 0.87 39.73 ± 2.26 18.33 ± 1.52

CoPE 93.94 ± 0.20 48.92 ± 1.32 21.62 ± 0.69

ER + GMED† 82.67 ± 1.90 34.84 ± 2.20 20.93 ± 1.60

ERa + GMED† 82.21 ± 2.90 47.47 ± 3.20 19.60 ± 1.50

CURL 92.59 ± 0.66 - -

CNDPM 93.23 ± 0.09 45.21 ± 0.18 20.10 ± 0.12

Dynamic-OCM 94.02 ± 0.23 49.16 ± 1.52 21.79 ± 0.68

KIAM-VAE 95.78 ± 0.27 53.98 ± 1.27 26.92 ± 1.17

steps, we employ the Student module to map an image x to a latent vector z and
only change one dimension of z from -3 to 3 while fixing the other dimensions.
The resulting latent code z is fed into the decoder of the Student for the image
reconstruction. We provide the visual results in Fig. 6, which shows that the Stu-
dent module can discover four disentangled representations for two different data
domains under TFCL.

5.6. Extension to Task-Aware Continual Learning
Recent research has investigated leveraging pre-trained Vision Transformer

(ViT) models to improve generalization performance in continual learning sce-
narios [90, 91, 92]. However, these approaches are limited to task-aware con-
tinual learning settings. In this section, we extend the proposed framework to
the task-aware continual learning paradigm by utilizing a pre-trained ViT as the
core backbone for expert construction. Specifically, we adopt the ViT model from
[93] within our framework. Each expert is implemented using a Variational Au-
toencoder (VAE) to capture the underlying data distribution, coupled with a clas-
sifier to learn discriminative features for prediction. The VAE functions as the
expert selector during inference. To maximize the representational capacity of the
pre-trained ViT backbone, we propose a straightforward yet effective incremental
update mechanism that calibrates the predictions of each historical expert dur-
ing backbone updates. This involves updating only the final three representation
layers of the ViT to minimize computational overhead. Let Fβi

denote the ViT
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(a) Morphing a chair image into a face image.

(b) Changing chair colour.

(c) Changing chair style.

Figure 6: Lifelong disentangled representation results achieved by the Student module.

backbone updated at the i-th task. We define Eθj as the classifier associated with
the j-th expert. Upon completion of the j-th task, we duplicate the three trainable
representation layers of the ViT backbone to form an auxiliary network Fβ⋆

i
, which

is frozen to preserve previously learned representations for subsequent tasks. The
current active ViT and the auxiliary network serve as the primary backbones for
each historical expert. Additionally, we introduce a novel regularization loss that
penalizes significant parameter shifts in the ViT backbone, formulated as :

Lr =
1

j + 1

j+1∑
c=1

{
Fd(Fβj+1

(Eθc(x)), Fβ⋆
j
(Eθc(x)))

}
, (42)

where Fd(·, ·) represents the Mean Squared Error (MSE) loss metric. The ultimate
objective function for training the current active expert’s classifier is formulated
as :

Ltotal = LCE + λrLr , (43)

where λr is a hyperparameter that modulates the weight of the regularization
penalty, and LCE denotes the cross-entropy loss function.

We enhance the proposed KIAM architecture for classification tasks utilizing
the identical training protocols outlined in [93]. Tab. 5 presents the classification
accuracy metrics across different models. Empirical evaluations demonstrate that
the KIAM framework consistently outperforms alternative baseline models. Ad-
ditional classification performance results have been incorporated into the revised
version.
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Table 5: The average accuracy calculated by various models on complex continual learning bench-
marks. The results of baselines are taken from [93].

Methods ImageNet-R CUB200 Cars

DualPrompt [94] 71.00 79.50 40.10

RanPAC [93] 77.90 90.30 77.50

L2P [95] 72.40 65.20 38.20

CODA-Prompt [96] 75.50 79.50 43.20

ADaM [97] 72.30 87.10 41.40

KIAM 77.92 91.02 80.12

5.7. Ablation Study
In this section, we perform a full ablation study to investigate the performance

of the proposed framework under various configurations.
The analysis when changing ν. We investigate the performance of the proposed
KIAM-GAN when varying the threshold ν in Eq. (3). We train the KIAM-GAN
under the MSFIRC lifelong learning setting and the average FID score on all six
testing datasets is provided in Fig. 7a. The value for ν represents a trade-off be-
tween model complexity and performance. Nevertheless, we observe from Fig. 7a
that the proposed KIAM-GAN does not lead to significant changes in the perfor-
mance when changing the threshold ν. A small value for ν tends to result in
adding more experts to the Teacher module. This result shows that more experts
do not lead to significantly greater performance gains because some of these ex-
perts would learn and generate similar data samples.
Changing the memory size. We examine the performance and number of experts
for the proposed KIAM-GAN and CN-DPM with different memory configura-
tions under the MSFIRC learning settings. We consider 1000, 2000, 3000, 4000,
5000 and 6000, respectively, as the maximum number of samples stored in mem-
ory. The results are provided in Fig. 7b. We can observe that both KIAM-GAN
and CN-DPM gradually increase their number of experts as the maximum mem-
ory size decreases. A large memory buffer would also increase the performance
and reduce the complexity of the model for KIAM-GAN as it can store more
training samples. In contrast, by reducing the maximum memory size leads to
learning more experts for KIAM-GAN. This result indicates that the proposed
expansion mechanism can automatically increase the model’s capacity to com-
bat small-scale memory. The proposed KIAM-GAN achieves better results than
CN-DPM, despite using fewer experts with different memory configurations.
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Figure 7: Ablation results. (a) The performance and the number of Teacher experts when varying
ν when learning MSFIRC. (b) The performance and the number of experts for KIAM-GAN and
CN-DPM with different memory configurations under the MSFIRC learning setting.

Assessing the number of experts nA. We investigate the impact of the number of
experts nA following the pruning of those having redundant knowledge, as dis-
cussed in Section 3.4, for the proposed KIAM*-GAN. We train KIAM*-GAN
under the MSFIRC setting when considering different limits in the number of ex-
perts nA and the results are shown in Fig. 8a. It can be seen that the proposed
KIAM*-GAN would lose in its performance when nA is very small. On the other
hand, when nA is equal to or larger than 5, the proposed KIAM*-GAN achieves a
stable performance.
The consequences when varying λ2 in KIAM-GAN-λ2. We investigate the perfor-
mance of the proposed KIAM-GAN-λ2 when changing the threshold λ2 in Eq. (10),
for choosing the number of Teacher’s experts, as detailed at the end of Section 3.4.
We train KIAM-GAN-λ2 under the MSFIRC learning setting with the different
threshold λ2 and the empirical results are shown in Fig. 8b. We observe from
these results that a small threshold λ2 leads to more experts for KIAM-GAN-λ2

while a large threshold λ2 leads to fewer experts for KIAM-GAN-λ2. However,
varying the threshold λ2 in KIAM-GAN-λ2 does not significantly change the final
performance, as it can be observed in Fig. 8b. The Teacher module with less than
five experts hardly can capture all underlying data distributions from the MSFIRC
continual learning.
The assessment of the offline learning for the student module. We explore how we
can further reduce the training time for KIAM-GAN without sacrificing perfor-
mance. We create a baseline, called KIAM-GAN-Offline, which trains the Stu-
dent only when the number of experts in the teacher module exceeds a certain
number (6 in our experiments). In this way, KIAM-GAN-Offline updates the
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Figure 8: Ablation results. (a) The performance for KIAM*-GAN when varying the number of
experts nA under the MSFIRC setting. (b) The performance for KIAM-GAN-λ2 when changing
the threshold λ2 under the MSFIRC setting. (c) The results of KIAM-GAN and KIAM-GAN-
Offline under the MSFIRC setting. (d) The training times (hours) required for the GAN- and
DDPM-based teacher module.

teacher module only at certain training times thus reducing the overall computa-
tional cost. We train KIAM-GAN and KIAM-GAN-Offline with the same setting
under MSFIRC and the empirical results are shown in Fig. 8c. From the results,
KIAM-GAN-Offline can significantly reduce the total training time while the per-
formance remains competitive with KIAM-GAN.
Changing the learning order of the data domains. We investigate the performance
of various models when changing the learning order of data domains in a data
stream S. First, we consider creating a data stream consisting of Fashion, SVHN,
IFashion, RMNIST, CIFAR10 and MNIST, namely FSIRCM. We train various
models under FSIRCM and report the results in Table 6. These results show that
the proposed KIAM outperforms other baselines when learning the data sequence
FSIRCM with a suitable number of Teacher’s components. We also consider a
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Table 6: The FID of various models after the FSIRCM lifelong learning.

Methods MNIST SVHN Fashion IFashion RMNIST CIFAR10 Average No

finetune 30.5 127.0 185.4 179.9 28.9 206.1 126.3 1

Reservoir [43] 5.7 213.8 137.1 216.2 5.0 197.5 129.2 1

LTS [10] 6.7 155.1 109.3 167.8 6.2 230.5 112.6 1

LGM [7] 4.4 213.2 164.7 227.8 4.0 192.4 134.4 1

CN-DPM [20] 6.5 76.3 99.8 112.6 5.6 128.7 71.6 26

KIAM-GAN 6.1 79.2 16.1 118.2 13.8 110.4 57.3 10

KIAM-VAE 4.1 75.5 94.5 139.7 3.7 135.8 75.6 11

KIAM*-GAN 5.0 60.6 15.1 139.7 8.6 98.1 54.5 7

KIAM*-VAE 4.3 77.0 75.6 101.7 3.9 109.1 61.9 7

Table 7: The FID of various models after the IFIMSC lifelong learning.

Methods MNIST SVHN Fashion IFashion RMNIST CIFAR10 Average No

finetune 206.1 142.2 265.8 236.3 227.1 204.6 213.7 1

Reservoir [43] 185.5 120.8 223.9 193.5 191.1 110.4 170.9 1

LTS [10] 7.1 186.0 122.9 193.7 6.5 256.8 128.8 1

LGM [7] 215.7 109.2 250.7 202.2 223.0 119.6 186.7 1

CN-DPM [20] 89.7 87.2 135.9 125.4 103.7 98.6 106.7 26

KIAM-GAN 16.4 57.0 75.9 28.8 15.4 88.3 47.0 12

KIAM-VAE 58.8 64.3 96.3 93.9 38.8 97.3 74.9 10

KIAM*-GAN 10.5 49.0 33.2 20.2 9.7 76.2 33.1 7

KIAM*-VAE 112.5 77.9 140.2 123.3 104.0 90.4 108.0 7

data stream consisting of IMNIST, Fashion, IFashion, MNIST, SVHN and CI-
FAR10, namely IFIMSC. We report the results in Table 7. The proposed KIAM
still outperforms other baselines under the IFIMSC setting. Together with the re-
sults from Tables 6 and 7, we show that the proposed KIAM is robust to changing
the learning order of data domains in a data stream.
Exploring other expansion criteria. Instead of using the FID as the expansion sig-
nal fp(·, ·) from Eq. (3), we consider a different dynamic expansion mechanism
that employs the student module as a pre-trained model for checking the model ex-
pansion. Specifically, we consider that the student module can accumulate knowl-
edge over time and can thus be used to evaluate the novelty of incoming samples.
Once the Student finishes the training at a given time, we treat the student mod-
ule as a pre-trained evaluator which aims to detect the data distribution shifts.
Since the student module, implemented as a VAE, can estimate the sample log-
likelihood, we can replace the FID metric for fp(·, ·) in Eq. (3) by considering the
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Table 8: FID for various models under the MSFIRC setting.

Methods MNIST SVHN Fashion IFashion RMNIST CIFAR10 Average No

KIAM-GAN-StuLL 21.2 62.6 102.1 30.5 23.2 84.0 53.9 14

KIAM-VAE-StuLL 125.9 75.5 108.4 101.5 120.6 86.7 103.1 12
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Figure 9: The performance on ImageNet-R, CUB200 and Cars, achieved by the proposed frame-
work with different λr configurations.

difference on the sample log-likelihood, as :

Ds(Pθj ,PMi
) = Ex ∼Pθj

,x′ ∼PMi

∣∣LELBO(x;Stu)− LELBO(x
′;Stu)

∣∣ , (44)

where LELBO(x
′;Stu) is the sample log-likelihood estimated by using the Student

module and | · | denotes the absolute value. Therefore, the dynamic expansion
criterion from Eq. (3) can be replaced by:

Ds(Pθj ,PMi
) ≥ ν . (45)

Similar images usually tend to have close sample log-likelihood values and,zz
therefore, the above measure can be used to evaluate the knowledge similarity
between two distributions. Furthermore, the new dynamic expansion criterion
does not use FID, which requires an extra pre-trained network and thus it is easier
to implement. The results of the proposed framework using the new dynamic
expansion criterion are provided in Tab. 8, where ”KIAM-GAN-StuLL” denotes
that the proposed KIAM-GAN uses the new dynamic expansion mechanism based
on the Student log-likelihood evaluation. These results show that the proposed
framework still performs similarly with OGKD-GAN and OGKD-VAE.
Training time. We evaluate the training times required for the proposed KIAM-
GAN and KIAM-DDPM. Specifically, we train KIAM-GAN and KIAM-DDPM
under the CelebA to 3D-Chair setting and the training times are reported in Fig. 8d.
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From these results, we observe that the proposed KIAM-DDPM requires much
more training time than KIAM-GAN. The primary reason is due to the consider-
able training costs from the DDPM model [48, 98]. Moreover, if we consider the
generation process of the DDPM-based teacher module for the knowledge distilla-
tion procedure, instead of using a memory buffer M i, as proposed in Section 3.6,
would require significantly more training time.
The changes of the hyperparameter λr. To analyze the impact of hyperparameter
λr on the performance of the proposed continual learning framework, we con-
duct experiments with various λr settings. The empirical results, depicted in
Fig. 9, indicate that the framework attains optimal accuracy on ImageNet-R and
Cars datasets when λr is set to 0.4. Conversely, the highest performance on the
CUB200 dataset is observed when λr is configured at 0.6.

6. Conclusions and limitation

In this paper, we propose a new framework for task-agnostic lifelong gener-
ative modeling after learning from several different data domains without forget-
ting. Unlike existing memory-based methods, which employ a single memory
buffer [18], the key idea of the proposed framework is to manage a two-memory
system to store short- and long-term information. In order to implement this goal,
a memory buffer with a fixed capacity is used to store the more recent data samples
while the long-term memory system is implemented using a dynamic expansion
memory buffer system. In order to learn data representations, we treat the long-
term memory as a Teacher module as part of a unified framework that transfers
its knowledge to a Student module. However, expanding the Teacher’s capacity
remains challenging under task-free continual learning due to the lack of task in-
formation. To solve this issue, this study introduces the Knowledge Incremental
Assimilation Mechanism (KIAM) to progressively increase the Teacher’s knowl-
edge through a dynamic expansion mechanism. The resulting model eventually
achieves a minimal number of parameters following the implementation of an ex-
pert pruning approach that automatically removes unimportant experts from the
Teacher module. This mechanism also promotes knowledge diversity among ex-
perts and reduces computational costs for knowledge distillation.

Below, we outline several limitations inherent to the proposed teacher-student
framework. Firstly, the computational overhead associated with KIAM remains
substantial, particularly due to the dynamic expansion mechanism, which neces-
sitates frequent monitoring of data distribution shifts throughout training. To mit-
igate this, a promising direction would involve substituting the current generation
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process with a compact memory buffer that retains a select set of pivotal histori-
cal samples. This strategy will be investigated in subsequent research. Secondly,
the expert pruning procedure within KIAM incurs significant computational ex-
penses, primarily due to the repeated computation of inter-expert knowledge sim-
ilarity. Addressing this challenge may be feasible by devising a more efficient
knowledge similarity assessment method, leveraging low-dimensional feature rep-
resentations rather than high-dimensional data samples. Additionally, the reliance
on DDPM as the generative model introduces further computational demands dur-
ing sample generation. To overcome this, future work will examine the adoption
of more efficient generative architectures, such as the latent diffusion model [62],
which has demonstrated effectiveness in accelerated sample synthesis.

The proposed lifelong learning framework can only address a sequence of
datasets that belong to the same application. For instance, an artificial intelligence
system should be able to continually deal with different applications, including
classification, object detection, generation and language processing tasks, like in a
continual federated learning system. Such a system should be able to infer knowl-
edge from any sort of different tasks after lifelong learning. However, the main
challenge for such systems is that different applications require different network
architecture designs and requirements, while existing methods fail to address such
challenges.
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