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Abstract

Diffusion-based models have been recently shown to be high-
quality data generators. However, their performance severely
degrades when training on non-stationary changing data dis-
tributions in an online manner, due to the catastrophic forget-
ting. In this paper, we propose enabling the diffusion model
with a novel Dynamic Expansion Memory Unit (DEMU)
methodology that adaptively creates new memory buffers, to
be added to a memory system, in order to preserve informa-
tion deemed critical for training the model. Having a selec-
tive memory unit is essential for training diffusion networks,
which are expensive to train, especially when deployed in
resource-constrained environments. A Maximum Mean Dis-
crepancy (MMD) based expansion mechanism, that evaluates
probabilistic distances between each of the previously defined
memory buffers and the newly given data, and uses them as
expansion signals, is employed for ensuring the diversity of
information learning. We propose a new model expansion
mechanism to automatically add new diffusion models as ex-
perts in a mixture system, which enhances the multi-domain
image generation performance. Also a novel memory com-
paction approach is proposed to automatically remove statis-
tically overlapping memory units, through a graph relation-
ship evaluation, preventing the limitless expansion of DEMU.
Comprehensive results show that the proposed approach per-
forms better than the state-of-the-art.

Introduction

In recent years, the Denoising Diffusion Generative Model
(DDPM) (Ho, Jain, and Abbeel 2020) emerged as an in-
creasingly popular approach used, due to its data represen-
tation properties, for image synthesis (Croitoru et al. 2023;
Rombach et al. 2022). DDPM has been successfully em-
ployed in various applications, including image inpainting
(Song et al. 2021), image super-resolution generation (Ho
etal. 2022; Li et al. 2022), shape generation (Cai et al. 2020),
graph generation (Niu et al. 2020), text-to-image genera-
tion (Gu et al. 2022a; Kim, Kwon, and Ye 2022) and object
detection (Chen et al. 2023), producing remarkable results.
However, the DDPM model performance highly relies on
the availability of massive labelled data, which can not be
easily obtained in certain real-time applications where data
is not labelled and which is only available once at a time.
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Figure 1: The core idea of the proposed DEMU.
{P1, - ,P5} represent five different underlying data dis-

tributions at different times {74, -- ,Tg02}. The DEMU
dynamically creates new memory units, denoted as *Unit
1,..., Unit k’, to capture new distributions over time. This is
achieved by using a memory expansion mechanism enabled
by a criterion to decide when to add new memory units.

Such a learning scenario is referred to as the Task-Free Un-
supervised Continual Learning (TFUCL) (Rao et al. 2019).
The goal of a TFUCL-based model is that of learning repre-
sentations without having any task identity knowledge.

Recently, continual image generation has attracted a lot
of attentions in several studies (Achille et al. 2018; Rama-
puram, Gregorova, and Kalousis 2017; Ye and Bors 2023).
However, these methods employ either Generative Adver-
sarial Nets (GANs) (Goodfellow et al. 2014) or Variational
Autoencoders (VAEs) (Kingma and Welling 2013) as gen-
erative models, while the DDPM has not been explored in
continual unsupervised image generation. When compared
to the GAN or VAE models, DDPM has superior capabil-
ities of generating high-fidelity images following a stable
training process (Rombach et al. 2022).

Learning a DDPM model under the TFUCL faces two
primary challenges : catastrophic forgetting, and the data
distribution shift when class and task information are not



known. To address the first challenge, an efficient approach
is that of storing past data samples in memory buffers, (Jin
et al. 2021). The sample selection for memory-based meth-
ods is usually implemented by using either gradient infor-
mation (Aljundi et al. 2019b) or a learner-evaluator evalua-
tion framework (De Lange and Tuytelaars 2021). However,
most existing memory-based approaches require accessing
the class information or the prediction by a classifier to im-
plement sample selection mechanisms, which can not ad-
dress the second challenge. In this paper, we simultaneously
address those two TFUCL challenges by proposing a novel
Dynamic Expansion Memory Unit (DEMU) approach, aim-
ing to store diverse samples without having any information
about either the task or class. The primary idea of DEMU is
illustrated in Fig. 1, where {Py,--- ,P5} are different un-
derlying data distributions, each one emerging at a differ-
ent time {77, -, Teo2}. In order to model the distribution
change over time, the proposed DEMU dynamically creates
new and fixed-size memory units that can store groups of
samples of similar semantic information to capture the new
data distribution configurations. We implement this memory
optimization process by comparing the discrepancy distance
between the distributions of the new data and that of each
existing memory unit. A large distance represents a good
signal for creating a new memory unit to preserve the novel
information from the data. Such a memory expansion mech-
anism ensures the preservation of diverse knowledge, bene-
fiting the capturing of all given underlying data distributions
while using a compact memory capacity. To implement this
goal, we propose a novel memory expansion mechanism that
uses the Maximum Mean Discrepancy (MMD) (Tolstikhin,
Sriperumbudur, and Scholkopf 2016) criterion to evaluate
the discrepancy distance on a pair of memory units. The
MMD is efficiently computed in the embedding space and
was used as a distance criterion between probabilistic rep-
resentations in other models (Li et al. 2017). Furthermore,
when deploying the model on a small device, it is necessary
to restrict the overall memory capacity. To address this issue,
we propose a novel memory reduction approach that formu-
lates each memory unit as a node in a graph structure and
evaluates a graph relation matrix to guide the removal of the
statistically overlapping memory units. This approach can
prevent the DEMU from growing forever while maintaining
the knowledge diversity among the memory units.

The proposed DEMU approach enables diffusion-based
image generation under the Task-Free Unsupervised Con-
tinual Learning (TFUCL) paradigm. A new dynamic model
expansion mechanism, which adaptively builds new DDPM
models as experts in a mixture system, is proposed for dy-
namically increasing the diffusion model’s capacity when
learning complex data statistics. The proposed mechanism
evaluates expansion signals measured by the MMD distance
between the information recorded by each expert and that
of the incoming data batch, expanding the model whenever
needed. We perform a series of experiments on unsupervised
image generation, showing that DEMU significantly relieves
the DDPM model forgetting.

The contributions of this research study are as follows:
(1) We propose a new memory buffer management approach
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that dynamically preserves critical data samples through an
MMD-based memory expansion mechanism. This memory
approach is plug-and-play and can be used in different vari-
ants of the DDPM model; (2) A new memory reduction ap-
proach is proposed to prevent DEMU from expanding for-
ever, enabling it to be deployed on resource-constrained de-
vices; (3) A novel dynamic expansion mechanism for in-
creasing the capacity of the DDPM model is also proposed;
(4) We perform a series of experiments showing that the pro-
posed methodology achieves state-of-the-art performance.
The code is available !

Related Work

Continual Learning (CL). Managing a fixed-capacity
memory buffer to store data samples has shown good perfor-
mances in CL (Bang et al. 2022; Gu et al. 2022b; Guo, Liu,
and Zhao 2022; Jha et al. 2024; Liang and Li 2024; Smith
et al. 2023b; Tiwari et al. 2022; Villa et al. 2023). Regu-
larization penalizing changes in certain important network
parameters when learning a new task was shown to further
improve the results (Deng et al. 2021; Egorov, Kuzina, and
Burnaev 2021; Hurtado, Raymond, and Soto 2021; Wang
et al. 2021). Training a generator network to learn and re-
generate past data samples was also shown to be an efficient
replay-based CL method. However, these methods perform
well on simple datasets while facing significant performance
degeneration when learning long sequences of tasks. This
challenge is addressed by the Dynamic Expansion Model
(DEM) that dynamically expands the model’s capacity to
deal with new tasks (Polikar et al. 2001; Rusu et al. 2016;
Xiao et al. 2014; Zhou, Sohn, and Lee 2012). However, most
DEM models rely on the availability of the task information
and cannot be used in the more realistic TFUCL scenario,
where the task information is missing.

Task-Free Continual Learning (TFCL). Employing a
memory buffer was shown to be efficient in the TFCL,
(Aljundi, Kelchtermans, and Tuytelaars 2019). The mem-
ory approach usually designs an appropriate sample se-
lection criterion to store the most representative samples
(Aljundi et al. 2019a). In (Aljundi et al. 2019b) the sam-
ple selection was performed by comparing the gradient in-
formation between new and past data sets, thus formulating
CL as a constrained optimization problem. Furthermore, the
sample selection process was implemented using a learner-
evaluator evaluation framework (De Lange and Tuytelaars
2021), which can ensure storing balanced data sets from all
categories. Moreover, sample editing, which modifies, the
data used for training, in such a way that it increases the loss
in the upcoming model updates was enacted on certain mem-
orized samples. Furthermore, the memory approach can be
combined with a model expansion mechanism in (Lee et al.
2020) to further improve performance. Although these meth-
ods provide promising results in TFCL, they can not be used
in unsupervised learning.

Continual generative modeling. Training generative mod-
els under CL has been studied recently, (Achille et al. 2018;
Ramapuram, Gregorova, and Kalousis 2017). The study

"https://github.com/dtuzi123/DEMU



from Achille et al. (2018) introduces a VAE-based frame-
work that learns shared and task-specific latent representa-
tions over time. Continual generative modeling was imple-
mented by using a teacher-student framework (Ramapuram,
Gregorova, and Kalousis 2017) or a GAN-based model (Wu
et al. 2018). However, these approaches require knowing the
task boundaries, which can not be considered in TFUCL.
This issue was addressed by the dynamic expansion model
from (Ye and Bors 2023), which introduces a Fréchet In-
ception Distance (FID)-based model expansion mechanism
without requiring any supervision signals. However, this ex-
pansion criterion relies on the extra knowledge stored in a
pre-trained network, while our approach does not need ei-
ther such knowledge or pre-trained models.

Methodology
Preliminary

In this paper, we focus on unsupervised image genera-
tion tasks under Task-Free Unsupervised Continual Learn-
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ing (TFUCL). Let Df = {x;};; and D = {x;}}"; be
the ¢-th unlabeled training and testing datasets containing
N7 and NI samples, respectively. In the class-incremental
learning, we consider a data stream A incorporating sequen-
tially the training subsets, A = {D;|, Dy, - , D7}, orig-
inating from one or several classes, where ¢ is the total num-
ber of subsets. Under the online learning paradigm, training
amodel on A is divided into n time intervals {771, - , T, }.
During each time interval 7}, the model can only see once a
small batch of b samples (x;). Besides the class-incremental
learning we also study the dataset-incremental setting in
which A involves both domain and class shifts over time,
expressed by A = {Dil, DYy, ,ch}, where ¢ repre-
sents the total number of datasets. The model’s performance
is evaluated using image generation performance after fin-
ishing its learning, at each time {77, --- ,T,}, on all testing
datasets {DT,--- ,DI'},.
Denoising Diffusion Generative Model (DDPM): DDPM
(Ho, Jain, and Abbeel 2020), consists of two independent
processes of iterative series of optimizations. Firstly, the for-
ward diffusion process gradually adds noise to the data to
produce a sequence of noisy samples {Xy,--- ,Xr}, as :

T

q(X1.7 | Xo) = Hj:

where T is the total number of diffusion steps, and
q(fcj \ij_l) = N(}EJ, \/1 - 6jij—1vﬁj1)- )20 is a real
training sample drawn from a certain data distribution p(Xg).
{B; € (0,1)|j =1,--- ,T} is a hyperparameter that con-
trols the diffusion step size. A sufficiently small 3; can en-
sure that g(X;_1 | X;) follows a Gaussian distribution. The
forward diffusion process transforms the data distribution
p(Xo) to become as close as possible to a Gaussian distri-
bution N'(0, I), when a large diffusion step 7' is considered.

During the second processing stage of the DDPM, af-
ter a real image is converted into a noise vector, the back-
ward diffusion process recovers the data from the noisy sam-
ples. However, estimating the distribution ¢(X;_; |%;) in
the backward diffusion is challenging requiring the entire

V4% 1%5-1), )
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dataset. The DDPM solves this issue by learning a model
po(Xj_1|X;) parameterized by 6, and then the noise image
is repeatedly refined through :

~ ~ T ~ ~
Po(Xo:7) == p(XT) szlpe(xjfl |X;5), 2
where pp(X;-11%;) = N(Xj-1;1(X5,7), Zo (X, 7))
3o(-,-) and p(xr) = N(0,I) represents a Normal distri-
bution. gty (-, ), Xg(-, -) are trainable functions implemented
by deep neural networks. Training the DDPM uses a simple
objective function leading to a stable learning procedure, as :

Loppum(0) = Ejx,.¢ [[le — €a(1/as%o
+4/1— dje7j)||2] ,

where a; := 1 — f; and &; := [[/_,{as}. € ~ N(0,T)
is a random vector and €4(+, -) is implemented using a deep
neural network that predicts € for the given x; and j.

3)

The Dynamic Expansion Memory Unit (DEMU)

Most memory-buffer based methods rely heavily on know-
ing the task identity or class information (Bang et al. 2022;
Gu et al. 2022b; Tiwari et al. 2022; Smith et al. 2023a);
however, these are actually not available in the unsuper-
vised image generation under TFUCL. In the following we
introduce the Dynamic Expansion Memory Unit (DEMU)),
which enables the learning of a DDPM model on a non-
stationary data distribution without accessing any super-
vised signals. The key idea for the DEMU is to continu-
ally build several memory units over time, each storing suffi-
ciently different information with respect to the others. Sup-
pose that the DEMU has already created £ memory units
M ={My, -+ , My} atT;, whereeach M, j =1,--- |k
has a fixed capacity of maximum ~ samples. To ensure an
appropriate discrepancy between the memory units during
the memory expansion process, we compare the information
distance between each stored memory unit M, and the ex-
isting data buffer My, k > j, currently considered for learn-
ing, and use this measure to guide the memory expansion :
k-1

5= f;l_i{l{fd(/\/lj, M)}, )
where f4(-, ) is an information distance measure evaluating
the knowledge similarity between two memory units, where
M, is the current memory buffer considered for learning. A
large s in Eq. (4) indicates that the current memory buffer
unit M, has a large discrepancy in comparison to existing
memory units. Consequently, we consider an efficient and
effective memory expansion criterion, expressed as :

5>\, (5)

where A € [0, 3] is a threshold controlling the memory ex-
pansion. If Eq. (5) is fulfilled, we freeze the current memory
unit M, to promote the overall knowledge diversity among
the memory units while building a new memory buffer unit
M4 for future learning. A small A leads adding more
memory units, while a large A has the opposite effect.

The distance measure function f4(-,-) from Eq. (4) can
be implemented by using the Fréchet Inception Distance
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Figure 2: Static framework learning diagram consisting of a DDPM model €y, a representation network ("RN’) {enc, dec, }
and a memory M, where *Unit k’ denotes M. The first step is to update the DDPM model and the representation network on
MUx; at T;. In the second step, we perform the memory unit optimization to update the current memory unit M, via Eq. (9).
If the expansion criterion (Eq. (5)), in the third step is satisfied, then we freeze M, and create a new memory unit My in the
subsequent learning. The fourth step is to remove overlapped memory units when the size of M exceeds its maximum D.

score (FID), representing a symmetrical distance measure
used for assessing the quality of generated images, (Heusel
et al. 2017). The FID score can be efficiently calculated in
the embedding space and it relies on the extra knowledge
stored by a pre-trained network. In this paper, we propose
an alternative approach to implement f4(-) on the embed-
ding space without requiring extra knowledge. Specifically,
we consider an autoencoder, as a data representation net-
work, consisting of an encoder ency and a decoder dec,,
parameterized by parameters {¢, n}, which is then trained
on M using the reconstruction error loss, aiming to learn an
embedding space in order to support the distance evaluation.
As a result, we implement f; in the embedding space using
the Maximum Mean Discrepancy (MMD), expressed as :

1 | M i
= RO Sy (0600
)},

+ f(Xs,Xl;) - f(xgaxlg> - f(Xé,X];
where | M| is the number of samples for M;. x7 and x’;
are the a-th and g-th sample selected from M ; and M, re-
spectively. -y is the total number of samples for each memory
buffer. f(-,-) is a distance function for a data pair :

f(x, <t %)

where f’ is considered as linear in the experiments, while
kernel functions can be considered. The MMD measure is
used for implementing f,; for two reasons: (1) The MMD is
a statistics grounded-measure, which has been widely used
to evaluate the similarity between two distributions, (Tol-
stikhin, Sriperumbudur, and Scholkopf 2016); (2) The MMD
is computationally efficient in the embedding space and does
not require additional information;

fa(M;j M)

(6)

) = f'(ency (x]), ency(xy))

Memory Unit Optimization

Most memory-based approaches focus on supervised learn-
ing, relying on class information, when predictions made by
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a classifier can guide the sample selection process (Kurle
et al. 2020; Raghavan and Balaprakash 2021). However,
such information is not available for unsupervised image
generation. We introduce a task-free and class-free mem-
ory update approach that aims to selectively store the sam-
ples considered important in the current memory unit My
containing the latest data samples for training. Consider that
the memory M = {M, -+, My_1} has (k — 1) frozen
memory units, while we also have an active memory unit
M., which is used to store novel information in 7;. Our
key idea is to encourage M, to store those data samples
that trigger large loss values and tend to be forgotten by
the model. Given the data representation by the autoencoder
{ency, dec, }, we perform sample selection by using the loss
value, given by the difference between the reconstruction er-
ror of each new sample x,,.,, € My, and the original :

fs (Xnew) - ||Xnew - decn (enc¢(xnew))”2 5 (8)

where || -||? is the reconstruction error (square loss) function
and the memory unit My, at T; is updated by :

My = M'IJUM[2]U---UM'[y], 9)

where M’ is the sorted joint set of M, and x;, where each
sample M'[a] denotes the a-th sample from M’ satisfying
fs(M'[a]) > fs(M'[g]) fora < g.

Memory Optimization Via Graph Relationship

Memory M cannot grow forever, especially when the model
is deployed on a resource-constrained device such as a mo-
bile phone or a drone. We address this issue by propos-
ing a new memory reduction mechanism to selectively re-
move redundant memory units when the size of M exceeds
a predefined maximum number D of memorized samples.
Our primary aim is to identify the memory units that record
similar information with each other in order and remove
them to reduce redundancy. To do this we construct a graph,
where each node represents a memory unit M; and con-
sider an adjacency matrix A € R**¥ to represent the graph



Datasets DEMU DEMU-D LTS LGM R-VAE R-DDPM CGKD-GAN CVA CGKD-WAE CGKD-VAE
Split MNIST 20.18 19.23 71.67 66.31 55.67 63.26 54.34 21.46 47.98 48.72
Split Fashion 43.34 37.64 128.84 109.20 103.25 82.23 85.23 67.28 87.92 88.16
Split SVHN 62.12 53.49 87.25 72.60 65.18 87.22 101.26 57.14 100.15 102.87
Split CIFAR10  83.67 78.70 12422 177.15 155.72 106.18 115.38 74.97 162.12 163.75
Average 54.07 47.26 102.99 106.31  94.95 84.72 89.05 55.21 99.54 100.87

Table 1: Image generation performance using the Fréchet Inception Distance score (FID) for class-incremental learning.

Datasets DEMU DEMU-D LTS LGM R-VAE R-DDPM CGKD-GAN CVA CGKD-WAE CGKD-VAE
CelebA-3DChair 81.53 79.79 186.25 241.14 210.18  183.72 132.12 142.62 154.45 156.62
CelebA-CACD 73.11 69.85 124.87 117.76 121.52  103.52 78.00 92.83 142.52 145.23
Split MINIImageNet 141.66  123.65 179.78 216.06 205.12  181.15 176.18 177.17 241.11 243.37

Table 2: FID scores for the image generation performance for datasets with complex images.

relationships, where A(a,g) = 1/fq(Mg, My) denotes
the knowledge similarity score between memory units M,
and M, evaluated using the MMD-based distance measure
from Eq. (6). Using the matrix A, we find a pair of memory
units with the maximum knowledge similarity :

a,q =arg max k{A(mg)},
a -

g,a,9=1,--

(10)

where o’ and ¢’ are the indices of similar memory units. We
then evaluate the discrepancy score for each candidate to de-
cide which one should be removed as :

k !

fdlv(Ma’) = Zm:l,m#a’{A(a ,m)} .

If faiv(Mar) > faiv(My) indicates that M, has a large
discrepancy with respect to all other memory units com-
pared to M/ and consequently we remove M while re-
taining M,. Otherwise, we remove M, and retain M.
This mechanism removes redundant memory units while
preserving knowledge diversity among the preserved units.
We continually apply Eq. (10) and Eq. (11) to remove as
many memory units as necessary until the number of mem-
orized samples is |[M| < D.

Y

Model Expansion Mechanism

Dynamically adding new components in a mixture system
provided promising results for TFCL (Ye and Bors 2023).
However, dynamically expanding the capacity of the DDPM
model under TFUCL has not been studied so far. This pa-
per bridges this gap by proposing a new dynamic expansion
mechanism that automatically expands the capacity of the
DDPM model over time, which can be used for learning infi-
nite data streams. Let G be a dynamic expansion model and
we assume that G has already built v experts G = {G;}/_;
at T;_1, where each G; consists of a DDPM model €, and
a data representation network {ency_, dec,, }, where j is the
expert index. To check whether to expand the model, we
compare the relationship between the knowledge preserved
by each expert and that corresponding to a new data batch
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X; at T;, and use this as an expansion signal criterion. This
is achieved by means of the proposed MMD-based dynamic
expansion mechanism :

mln{fd(X“X_/])L]:l, 7U} > Az, (12)

where xg- is a generated data batch using the DDPM model
€y, , representing the knowledge preserved by the j-th expert
G; and Ay € [0,3] is a threshold controlling the dynamic
expansion process. Since G consists of several experts, we
design a function f* to replace f in Eq. (6) to use all previ-
ously trained representation networks for the feature extrac-
tion, expressed as :

1 v . .
)= =30 {Flency, (xh) ency, (x4) ).
(13)
Then G builds a new expert G, 1 when the criterion from
Eq. (12) is satisfied. Since the dynamic expansion model
would have learned several experts, the sample selection cri-
terion from Eq. (8), originally used for the static model, is
redesigned for the dynamic expansion model G, as :

Fi) =+

v

(2, XS

v
S lixg — decy, (ence,, (x,))I*. (14)
Eq. (14) evaluates the average reconstruction loss using the
reconstructions from all previous network components of G.
We employ f¥(-) to update the current memory unit M
through (9) at T;. We call our model using the dynamic ex-
pansion mechanism as DEMU-D.

Algorithm Implementation

We illustrate the learning procedure of a single model for
DEMU in Fig. 2. Training DEMU consists of 4 steps :

Step 1 (Training). Initially, if the memory is empty M = 0,
we build the first memory unit M; = {x;} and add it to
M. We train the DDPM model €y and the representation
network {enc,, dec, } on MUx; using the DDPM objective
function and reconstruction loss, respectively.



Methods Resolution CelebA-HQ CACD FFHQ
DEMU 128 x 128 x 3 92.35 81.62 90.52
CGKD-WVAE 128 x 128 x 3 139.96 158.32 179.59
CGKD-GAN 128 x 128 x 3 132.65 142.66 157.03

Table 3: FID scores for the image generation performance
for datasets with images of high resolution.

Step 2 (Sample selection). We form a joint set M, U x; and
sort it to M’ using Eq. (8). Then the current memory unit
M is updated using (9).

Step 3 (Memory expansion). We build the second memory
unit M at the training step (T7gg) to use the memory ex-
pansion criterion from Eq. (5). Other samples are added in
the same way to the memory buffers.

Step 4 (Memory reduction). If the memory buffer is full, we
repeatedly perform Eq. (10) and Eq. (11) to remove those
memory units containing redundant information units, until
the memory reaches its maximum capacity, |[M| = D.

Experiments
Experimental Settings

Baselines and hyperparameters. Since most other TFCL
methods can only perform classification tasks, we only con-
sider several baselines that can be used for lifelong gen-
erative modeling, including Continual Variational Autoen-
coder (CVA) (Ye and Bors 2024), CGKD-GAN (Ye and
Bors 2023) and CGKD-WAE, where ‘WAE’ indicates that
each component of CGKD is implemented by a Wasser-
stein auto-encoder, (Tolstikhin et al. 2018). We also consider
generative replay methods, including the Lifelong Teacher-
Student (LTS) (Ye and Bors 2022) and Lifelong Generative
Modelling (LGM) (Ramapuram, Gregorova, and Kalousis
2017). To enable LTS and LGM for TFCL, we assign a
memory buffer to store the incoming data samples. Further-
more, we also consider employing a random sample selec-
tion approach, as a baseline. Specifically, we use this random
sampling to train the DDPM and a VAE, respectively, result-
ing in R-DDPM and R-VAE. The batch size b for each pro-
cessing time is considered as b = 64. The maximum mem-
ory size for all models is D = 2, 000.

Performance criteria. Following from (Ye and Bors 2023),
we employ the Fréchet Inception Distance (FID) score
(Heusel et al. 2017) to evaluate the generation performance.

Class-Incremental Learning (CIL)

We divide each original dataset into five independent parts,
where each part contains samples from two consecutive
classes, as in (Aljundi, Kelchtermans, and Tuytelaars 2019),
resulting in Split MNIST, Split Fashion, Split SVHN and
Split CIFAR10. The FID scores for the image generation by
various models after CIL are reported in Tab. 1. We observe
that the dynamic expansion models, including CGKD-GAN
and CGKD-WAE usually perform better than the baselines
with static architectures such as R-VAE and R-DDPM. In
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Settings Dataset
A Ao MRP SS MDE  Split MNIST
0.01  0.02 v v v 19.23
001  0.02 X v v 33.79
001  0.02 v X v 25.41
001  0.02 v v X 23.12
0.04  0.02 v v X 20.18

Table 4: Image generation (FID) when considering different
settings for the memory expansion with A from Eq. (5), and
for the model expansion with A, from Eq. (12).

addition, using a GAN as an expert in the dynamic expan-
sion model, as in CGKD, can further improve its perfor-
mance on all datasets when compared to using VAEs. De-
spite generative replay methods, including LTS and LGM,
providing promising results in task-aware learning scenar-
ios, they perform worse than other baselines in more chal-
lenging scenarios such as TFCL. Furthermore, the proposed
DEMU with the static network architecture still outperforms
all baselines, including the dynamic expansion model, by
a large margin. Moreover, by dynamically increasing the
model’s capacity over time using the proposed dynamic ex-
pansion mechanism (DEMU-D), our model can further im-
prove its performance on all datasets, as shown in Tab. 1.
After the training, the number of components for DEMU-D
in Split MNIST, Split Fashion, Split SVHN and Split CI-
FARI10is of 7, 5, 7 and 6, respectively.

Performance on Datasets with Complex Images

We train various models on a data stream A consisting of
images of higher complexity, by grouping face images from
CelebA (Liu et al. 2015) and CACD (Chen, Chen, and Hsu
2014) in a learning sequence CelebA-CACD. We also con-
sider a more challenging data stream .4 that is comprised
of images from two entirely different datasets, CelebA and
3DChair (Aubry et al. 2014) and we call this setting as
CelebA-3DChair. The image generation performance of var-
ious models for CelebA-CACD and CelebA-3DChair is re-
ported in Tab. 2. The proposed DEMU outperforms other
baselines by a large margin on complex datasets. In addi-
tion, the proposed model expansion mechanism can further
improve the model’s performance, as demonstrated by the
results achieved by DEMU-D.

Results on High-Resolution Images

We evaluate the proposed DEMU on datasets containing
high-resolution images, including CACD (Chen, Chen, and
Hsu 2014), CelebAHQ (Liu et al. 2015) and FFHQ (Karras,
Laine, and Aila 2019). For each dataset, we create a data
stream .4 by using all training data, considering D = 2,000
and b = 64. The FID for the image generation performance
of various models on the three datasets is provided in Tab. 3.
From these results, we observe that the proposed DEMU
outperforms the state-of-the-art methods on these datasets
with high-resolution images.
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Performance in Few-Shot Datasets

We investigate the effectiveness of various models on MINI-
ImageNet (Vinyals et al. 2016) which was used in few-shot
learning experiments (Schonfeld et al. 2019). The MINI-
ImageNet (Vinyals et al. 2016) consists of 100 image cat-
egories, divided into 64, 16, and 20 classes corresponding to
meta-training, meta-validation, and meta-test, respectively,
in few-shot learning. We combine meta-training and meta-
validation as a single training dataset, while the Split MINI-
ImageNet data stream is divided into 16 tasks, each contain-
ing samples from five successive classes. From Tab. 2, we
observe that DEMU-D provides the best image generation
results for the continual learning of Split MINIImageNet.

Ablation Study

We perform a full ablation study to examine the performance
of the proposed approach under different configurations.
Changing )\ in Eq. (5). We change the threshold A €
[0.02,0.05] in Eq. (5) when training on Split MNIST and
examine the DEMU’s performance. The performance re-
sults as well as the number of memory units are provided
in Fig. 3-a. We observe that by gradually decreasing the
threshold A allows the DEMU to frequently build new mem-
ory units. In contrast, when increasing A number of memory
units for DEMU decreases while the model’s performance
does not change much. Using less than ten memory units
can still provide a good performance for DEMU. Such re-
sults indicate that storing just a few, but diverse, samples in
the memory buffer can achieve good performance.

The memory expansion process. We investigate the mem-
ory expansion for the proposed DEMU, during training. We
train DEMU in Split MNIST using the threshold A = 0.05
and plot the number of memory units used and distributions
(tasks) learnt during time intervals in Fig. 3-b. We find that
the proposed DEMU adds a new memory unit when the data
distribution changes. A small threshold A = 0.02 leads to
frequently building memory units while the total memory
size | M| reaches the maximum D at the middle of the entire
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training phase. DEMU still provides good performance for
A = 0.02 because the proposed memory reduction process
removes only redundant memory units.

Changing the size of a memory unit. We train DEMU un-
der Split MNIST by considering various memory unit sizes
and the results are shown in Fig. 3-c. Using small-size mem-
ory units encourages DEMU to add more units during train-
ing. We can observe that changing the memory unit size does
not influence much the performance. DEMU achieves the
best performance when the memory unit has a capacity of
64 samples while requiring a low number of memory units.
The effect of each mechanism. In Tab. 4 we evaluate
the image generation performance using FID, for the pro-
posed dynamic expansion model without the Memory Re-
duction Process (MRP) and without the Sample Selection
(SS) mechanism. The best performance is achieved by us-
ing all proposed mechanisms, including MRP, SS and the
Model Dynamic Expansion (MDE). We also observe that
without considering the memory buffer reduction process,
the memory is full before the final training stage and then it
is not able to store new data samples during the subsequent
learning processes, resulting in degenerated performance.

Conclusion

In this paper, we propose the Dynamic Expansion Mem-
ory Unit (DEMU) in order to enable the Denoising Dif-
fusion Generative Model (DDPM) model to learn continu-
ously non-stationary data distributions without knowing any
task or class information. To maintain a compact memory
capacity, we introduce a novel memory buffer expansion ap-
proach that dynamically creates new memory units to cap-
ture novel information through a Maximum Mean Discrep-
ancy (MMD) based criterion. We also provide an expansion
mechanism for defining a mixture of generators.
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