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Abstract

Deep learning has shown its human-level performance in various applications. However, current deep learning
models are characterized by catastrophic forgetting of old knowledge when learning new classes. This poses a
challenge such as in intelligent diagnosis systems where initially only training data of a limited number of diseases
are available. In this case, updating the intelligent system with data of new diseases would inevitably downgrade its
performance on previously learned diseases. Inspired by the process of learning new knowledge in human brains,
we propose a Bayesian generative model for continual learning built on a fixed pre-trained feature extractor. In this
model, knowledge of each old class can be compactly represented by a collection of statistical distributions, e.g.,
with Gaussian mixture models, and naturally kept from forgetting in continual learning over time. Unlike existing
class-incremental learning methods, the proposed approach is not sensitive to the continual learning process and
can be additionally well applied to the data-incremental learning scenario. Experiments on multiple medical and
natural image classification tasks reveal that the proposed approach outperforms state-of-the-art approaches that
even keep some images of old classes during continual learning of new classes.
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1 Introduction

Deep learning models, particularly convolutional neural
networks (CNNs), have demonstrated human-level per-
formance in various applications, such as in healthcare
[1-4], surveillance [5-8], and machine translation [9, 10].
However, particularly in the healthcare domain, most in-
telligent diagnosis systems are limited to the diagnosis of
only one or a few diseases and cannot be easily extended
once deployed, and therefore cannot diagnose all diseases
of certain tissues or organs (e.g., skin or lung) as medi-
cal specialists do. Since collecting data of all (e.g., skin or
lung) diseases is challenging due to various reasons (e.g.,
privacy and limited data sharing), it is impractical to train
an intelligent system diagnosing all diseases at once. One

“Correspondence: wangruix5@mail.sysu.edu.cn

'School of Computer Science and Engineering, Sun Yat-sen University,
Guangzhou, China

Department of Network Intelligence, Peng Cheng Laboratory, Shenzhen,
China

Full list of author information is available at the end of the article

@ Springer

possible solution is to make the intelligent system have the
continual or lifelong learning ability, such that it can con-
tinually learn to diagnose more and more diseases with-
out resourcing (or resourcing few) original data of previ-
ously learned diseases [11]. Such continual learning of new
classes may also appear in other applications such as in
automated retail stores [12]. However, current intelligent
models are characterized by catastrophic forgetting of old
knowledge when learning new classes [13-15].
Researchers have recently proposed multiple types of
continual learning approaches to reduce catastrophic for-
getting of old knowledge particularly in deep learning
models [16—20]. The overall objective is to help the up-
dated classifier accurately recognize both new and old
classes, when only data of new classes and few (or even
no) data of old classes are available during classifier updat-
ing. However, almost all existing approaches modify the
feature extraction part of the classifiers either in parame-
ter values or in structures during continual learning of new
classes. In contrast, humans seem to learn new knowledge
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by adding memory of the learned new information without
modifying the (e.g., visual) perceptual pathway. Therefore,
one possible cause of catastrophic forgetting in existing
models is the change in the feature extraction part (cor-
responding to the perceptual pathway in human brains)
when learning new knowledge. With this consideration,
we propose a generative model for continual learning built
on a fixed pre-trained feature extractor, which is different
from all existing (discriminative) models. The generative
model can naturally prevent knowledge of each old class
from being forgotten without storing original images of old
classes or regenerating synthetic images during continual
learning. Experiments on two skin disease classification
tasks and two natural image classification tasks demon-
strate that the proposed approach outperforms state-of-
the-art approaches which even keep some images of old
classes during continual learning. The proposed approach
provides a new direction for the investigation of contin-
ual learning, i.e., exploring effective ways to represent and
store knowledge of each class based on a fixed but power-
ful feature extractor. Note that this work is an extension of
the previous conference publication [21] in the following
aspects.

1) In the methodology, the statistical distribution of
each feature output for each class is extended from
the parametric Gaussian mixture model (GMM) to
the non-parametric Kernel density estimation (KDE).
Empirical evaluation indicates that both methods are
effective in the representation of statistical
distributions for the proposed method.

2) The application and effectiveness of the proposed
method are extended from general class-incremental
learning to two new scenarios, i.e., few-shot
continual learning and data-incremental learning.

3) Empirical comparisons with very recent
state-of-the-art continual learning methods were
performed.

4) The effect of feature output size on continual
learning performance is extensively evaluated.

5) Qualitative evaluation was performed on the
separability of distributions between classes.

6) Two natural image datasets, CIFAR100 and CUB200,
were employed to further support the effectiveness
and superiority of the proposed method. In addition,
extensive sensitivity study of hyper-parameters was
performed on these new datasets.

7) A comprehensive literature review is included.

2 Related work

There are typically two types of continual learning prob-
lems, task-incremental and class-incremental. Task-incre-
mental learning presumes that one model is incremen-
tally updated to solve an increasing number of tasks, of-
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ten with multiple tasks sharing a common feature extrac-
tor but having task-specific classification heads. Task iden-
tification is presumed to be available during inference, i.e.,
users know which classification head should be applied
when predicting the class label of new test data. This set-
ting is impractical for intelligent diagnosis systems where
old and new diseases need to be diagnosed together. In
contrast, class incremental learning presumes that one
model is incrementally updated to predict more and more
classes sharing a single classification head. This approach
is more relevant to the continual learning of new diseases.
Thus, our study focuses on the class-incremental learn-
ing problem. Existing approaches to the two types of con-
tinual learning can be roughly divided into four groups:
regularization-based, expansion-based, distillation-based,
and regeneration-based.

Regularization-based approaches often estimate model
components (e.g., kernels in CNNs) crucial for old knowl-
edge, and try to change them as little as possible with
the help of regularization loss terms when learning new
knowledge [16, 22—28]. The importance of each model pa-
rameter can be measured by the sensitivity of the loss func-
tion to changes in the model parameter, as in the elas-
tic weight consolidation (EWC) method [16], or by the
sensitivity of the model output to small changes in the
model parameter, as in the memory aware synapses (MAS)
method [29]. The importance of each kernel in a CNN
model can be measured based on the magnitude of the ker-
nel (e.g., L2 norm of the kernel matrix), as in PackNet [27].
Regularization may also be designed to ensure that cer-
tain gradient-based measurement is not increased during
learning for the stored data of old tasks in the memory, as
in GEM [30] and its extensions A-GEM [31], or to update
the model only in certain feature subspace that is irrelevant
to the old knowledge, as in LOGD [32] and Adam-NSCL
[33]. A new model architecture can be designed such that
part of the model is allowed to be more easily updated than
the others as in AANet [34].

Regularization-based approaches could help models
keep old knowledge in the first few rounds of continual
learning where little new knowledge needs to be learned.
However, it would become increasingly difficult to con-
tinually learn new knowledge, particularly at later rounds
of continual learning, because more and more kernels in
CNNs become crucial and therefore should be kept un-
changed to increase old knowledge.

To make models more flexible in learning new knowl-
edge, expansion-based approaches are developed to mod-
ify model structures by adding new kernels, layers, or even
sub-networks when learning new knowledge [17, 35-43].
For example, Aljundi et al. [35] proposed employing an
additional network for a new task and training an ex-
pert model to make decisions about which network to
use during inference. It turns a class-incremental learn-
ing problem into a task-incremental problem at the cost
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of additional parameters. As another example, Yoon et
al. proposed a dynamically expandable network (DEN)
[17] by selectively retraining the network and expand-
ing kernels at each layer if necessary. Most expansion-
based and regularization-based approaches were initially
proposed for task-incremental learning, although some of
them (e.g., EWC) can be extended for class-incremental
learning. One exception is the recently proposed state-
of-the-art method DER [40] and the simple DER [41],
where the feature extractor trained at each round of con-
tinual learning is aggregated into the updated classifier
over class-incremental learning. In addition to CNN back-
bones, the Transformer backbone was also recently used
in class-incremental learning [42], where learnable task-
specific input tokens at the last self-attention block of the
Transformer are learned at each round.

In comparison, distillation-based approaches can be di-
rectly applied to continual learning of new classes by dis-
tilling knowledge from the old classifier (for old classes)
to the new classifier (for both new and old classes) while
learning new knowledge [18, 19, 44—48], where the old
knowledge is often implicitly represented by soft outputs
of the old classifier with a stored small amount of old im-
ages and/or new classes of images as the inputs. A distil-
lation loss is added to the original cross-entropy loss dur-
ing training the new classifier, where the distillation loss
helps the new classifier have similar relevant output com-
pared to the output of the old classifier for any input image.
The well-known methods include the learning without for-
getting (LwF) [18], incremental classifier and representa-
tion learning (iCaRL) [19], and the end-to-end incremental
learning (End2End) [46]. More recently, the distillation has
been extended to intermediate CNN layers, either by keep-
ing feature map activation unchanged as in the learning
without memorizing (LwM) [49], or by keeping the spatial
pooling unchanged along the horizontal and vertical di-
rections as in PODNet [50], or by keeping the normalized
global pooling unchanged at last convolutional layers as in
learning a unified classifier incrementally by rebalancing
(UCIR) [51].

These distillation-based methods achieve state-of-the-
art performance for the class-incremental learning prob-
lem. However, such methods would become insufficient
with continual learning of more classes, either because
stored old data become too small to be representative for
each old class, or because the outputs of the old classifier
with new classes of data as inputs cannot represent the
knowledge of old classes due to underlying differences be-
tween new classes and each old class.

In addition, regeneration-based approaches have also
been proposed particularly when no old data are available
while learning new classes. The basic idea is to train an
auto-encoder [52-54] or generative adversarial network
(GAN) [20, 55-57] to produce enough realistic data for
each old class when learning new classes. The potential
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issue is that fine-grained lesion features may not be well
learned by the generative model, which would result in un-
satisfying synthetic data when updating the intelligent di-
agnosis system. Different from all the existing approaches,
we propose a simple but effective generative model that is
based on a fixed pre-trained feature extractor and does not
store any old data.

3 A generative model for continual learning

The proposed method is inspired by two interesting find-
ings in neuroscience. One finding is that most infants can-
not form episodic memory before 3 years old [58—60], and
the other finding is that humans continually form mem-
ory from infants to elderly people [61]. One hypothetical
explanation is that the visual pathway in younger infants’
brains might be rapidly changing with daily visual stim-
uli from their surroundings and then become firm with
little change after approximately 3 years of age. Humans
can continually learn new visual knowledge through their
whole lives, probably because they form new memories
about the new knowledge, but without changing the visual
pathway which works as a visual feature extractor. This
could help explain why current deep learning models are
characterized by catastrophic forgetting of old knowledge,
i.e., model parameters or model structures from the fea-
ture extractor part are always changed to some extent in
almost all continual learning approaches. With this con-
sideration, we propose a human-like continual learning
framework, i.e., first pre-training a feature extractor, then
fixing the feature extractor and forming new memory for
new knowledge. In the following part, we will introduce
one general way to pre-train the feature extractor, one sta-
tistical method to represent the memory, and one Bayesian
model to predict the class of any new (test) data after con-
tinual learning each time.

3.1 Fixed pre-trained feature extractor

An ideal feature extractor should output two different
feature vectors if two input images were visually differ-
ent, meanwhile visually more similar inputs should re-
sult in more similar feature vectors from the feature ex-
tractor. The visual feature extractor (i.e., visual pathway)
in younger infants is probably taught in a certain self-
supervised way, although the mechanism of self-supervision
in the infant brain has not been explicitly understood
[59]. While it is worth exploring various self-supervised
learning approaches (e.g., auto-encoder) to train a feature
extractor, here we leave the self-supervision exploration
for future work, and adopt a simpler but widely used ap-
proach, i.e., pre-training a CNN classifier with a relatively
large number of images whose classes or domains are rel-
evant but different from those in the task of interest and
then using the pre-trained CNN feature extractor (often
consisting of all the convolutional layers; Fig. 1, top row)
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for the continual learning classification task of interest. It
is expected that the pre-trained feature extractor would
probably be powerful enough to discriminate different in-
putimages in the task of interest. Experiments in this study
verify that even such a simple approach using a fixed pre-
trained feature extractor can already help significantly re-
duce catastrophic forgetting of old knowledge with the
proposed generative approach. It is worth noting that, dur-
ing continual learning of new classes in the classification
task of interest, the pre-trained feature extractor is fixed
and not updated. The knowledge of each learned new class
isrepresented and stored as described in the following sub-
section.

3.2 Memory formation

Different from state-of-the-art continual learning ap-
proaches, which often store a small number of original im-
ages for each old class, the proposed approach stores not
original images but the statistical information of each class
based on the feature extractor outputs of all training im-
ages belonging to the class. Here, each element of the out-
put feature vector is assumed to represent a certain type of
visual feature. Then, based on the class of training images,
the distribution of each feature is estimated and collected
together to form the memory of the knowledge of the spe-
cific class (Fig. 1, second and third rows, each row for one
class). Formally, denote by D, = {x;,i = 1,...,N,} the set of
training images for class ¢, z; = [zi1,2i2, .. .» Zik> - - - ,zi|" the
L,-normalized output feature vector from the feature ex-
tractor for the input image x;, and f = [fi,f5, ... ,fer -, fx]"
the vector of random variables representing the output of
the feature extractor, and then the statistical distribution
of the k-th feature f; for class ¢ can be represented by a
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probability density distribution p(f|c, D.),
plfle, D) =g(lzmri=1,...,N.}), Vke{l,...,K}, (1)

where g(-) could be any appropriate distribution estima-
tor. Here a Gaussian mixture model (GMM) with a small
number of § components is adopted to represent g(-) for its
simplicity. Since each Gaussian component can be com-
pactly represented by its mean and standard deviation,
in total, only 2 - S - K numbers are stored in the mem-
ory to represent the knowledge of each class. D, is omit-
ted from p(fi|c,D,) in the following for simplicity. Fig-
ure 2 demonstrates representative distributions of eight
randomly selected features for three classes, which clearly
indicates that there exist differences in the statistical dis-
tributions of individual features between classes. Note that
here, a K-dimensional Gaussian is not used to represent
the distribution of the K-dimensional feature vector be-
cause the multi-dimensional Gaussian not only requires
storing more parameters per class in the memory, but also
more importantly, requires many more training data to ob-
tain good estimate of the mean and covariance matrix for
each class. However, in general, only hundreds of training
images are available for each class, and such a small num-
ber of images are often far from sufficient to estimate the
mean and covariance matrix of the high-dimensional fea-
ture vector.

3.3 Bayesian model for prediction

Based on the statistical distributions of visual features for
each class, we propose a generative classification model
with the Bayesian rule for prediction. Given a test image
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Figure 1 Fixed pre-trained feature extractor (top) and memory formation (middle to bottom). The feature extractor is pre-trained and fixed during
continual learning. The memory of each class is represented by a set of statistical distributions over features
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Figure 2 Representative statistical distributions of eight randomly selected features for three classes from the CIFAR100 dataset. Each class is from a
different continual learning round. Each row is for one class, and each column represents the statistical distributions of the same feature for three
different classes. In each subfigure, the curve represents the GMM approximating the histogram of the feature based on all training images of the

x;, denote by z; = [zj1,2p,...,Zjk, - ..,zjK]T the correspond-
ing output from the feature extractor, and p(c|z;) the prob-
ability of the test image belonging to class c¢. Then, based
on the Bayes rule, we can calculate

p(zjlc) - plc)

, )
M p(zjlm) - p(m)

plclz) =

where M is the number of classes learned thus far. Con-
sidering that potential correlations between certain fea-
ture components are probably caused by co-occurring vi-
sual parts of a specific class of objects, it can be assumed
that different feature components f;’s are conditionally in-
dependent given specific class c¢. Then, the logarithm of
Equation (2) gives

logplclz) = ) logp(fi = zxle) + log p(c) - a, (3)
k

where a =log )", p(zj|m)p(m) can be considered a con-
stant for different classes. In Equation (3), the likelihood
function value p(fy = zj|c) for each feature element k can
be directly obtained based on the previously stored knowl-
edge p(fi|c) (Equation (1)) in the memory. The prior p(c)
for class ¢ can be simply estimated based on the ratio of
the number of training images for this class over the to-
tal number of training images of all learned classes thus
far, i.e., p(c) = N./Y_,, Ny, Note that in this case, the num-
ber of training images for each class needs to be stored
in the memory such that p(c) can be easily updated when
new classes’ knowledge is learned as above (Equation (1)).
Based on Equation (3), the class of the test image x; would
be directly predicted as the one with the highest value of
log p(c|z;) over all classes learned thus far. The proposed
method is summarized in Algorithms 1 and 2.

The advantages of the proposed approach over existing
continual learning approaches are clear. First, the knowl-
edge of each old class is statistically represented by the

Algorithm 1 Incremental learning of class ¢

Input: D, ={x;,i=1,...,N:} \\ the set of training images
for class ¢
Output: p(fi|c,D.) \\ the statistical distribution of the k-
th feature
1: F < the pre-trained feature extractor;
2: fori=1,2,...,N.do
z; = Lo(F(x;)); \\ extract features of each image and
perform L, normalization
4: end for
5. fork=1,2,...,K do
pfile) = g{zic,i = 1,...,N.}); \\ perform distribu-
tion estimator (e.g., GMM) for each feature
7: end for

Algorithm 2 Bayesian model for prediction

Input: x; \\ a test image
Output: predicted class label y*
1: F < the pretrained feature extractor;
. z; = Ly(F(x;)); \\ extract features of the test image and
perform L, normalization
: forc=1,2,...,Cdo \\ C: number of learned classes
log p(z|c) = 0;
fork=1,2,...,K do
log p(zj|c) = log p(zj|c) + log p(fi = zjk|c); \\ es-
timate log likelihood
end for
log p(c|z;) = log p(zj|c) + log p(c); \\ from Equation
(3), omitting constant o
9: end for

[ov]

AU - S

® X

,,,,,

set of likelihood functions (Equation (1)) and compactly
stored in the memory. Our approach does not need to store
any original images for each old class in the memory and
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instead only stores the Gaussian mixture model (GMM)
parameters (together with the dataset size for each class).
When learning a set of new classes at each continual learn-
ing stage, the stored GMM parameters are collected from
the memory and then used by the Bayesian rule for class
probability prediction. In contrast, almost all the strong
baselines (including those state-of-the-art methods) need
to store a small subset of old images per class (e.g., a total
of 2000 images) in the memory, and each stored old image
will be used together with the new classes of images as in-
put to the model for model training. Therefore, old knowl-
edge will not be forgotten over continual learning of new
classes. In comparison, old knowledge will be inevitably
and gradually forgotten over multiple rounds of continual
learning in existing approaches, either due to the changes
in the feature extractor or due to the reduced number of
original images to be stored in the limited memory. Sec-
ond, the final performance of the proposed approach over
multiple rounds of continual learning is not affected by
the number of learning rounds and the number of new
classes added in each round. In contrast, in existing ap-
proaches, more rounds of continual learning with smaller
number of new classes added each time would often lead
to worse classification performance at later round of con-
tinual learning. Therefore, the proposed approach is more
robust to various continual learning conditions with little
forgetting of old knowledge.

4 Experimental evaluation

4.1 Experimental setup

The proposed approach was extensively evaluated on a di-
verse group of image datasets, including two natural im-
age datasets and two medical skin image datasets. Medi-
cal image datasets are normally quite different from nat-
ural image datasets in terms of appearance and textures.
Each dataset is briefly summarized as follows (also see Ta-
ble 1).

CIFAR100 [62] is a dataset of natural images of daily ob-
jects, including various animals, plants, outdoor and in-
door scenes, and vehicles. It consists of 100 classes, 500
training images and 100 test images for each class. The size
of each image is quite small, only 32 x 32 pixels.

Table 1 Datasets for diverse image classification tasks, from
natural to medical images, small scale to relatively large scale, and
general to fine-grained classifications. Image size varies greatly in
Skin40. [120, 500] means that image width and height vary in the
range between 120 and 500 pixels

Dataset #Classes Training set Test set Image size
CIFAR100 100 50,000 10,000 32x32
CUB200 190 5694 5496 [120, 500]
Skin7 7 8010 2005 600 x 450
Skin40 40 2000 400 [260, 1640]

Page 6 of 14

CUB200 [63] is a dataset of bird species typically used for
fine-grained recognition [64]. It contains 11,788 images for
200 categories, approximately 60 images per class. Note
that although part locations, binary attributes and bound-
ing boxes are provided, only image-level species labels are
used in our classification experiments. For experiments on
the CUB200 and the CIFAR100 datasets, the adopted fixed
feature extractor is directly from the pre-trained CNN
model (e.g., VGG-Net [65] or ResNet101 [66]) based on
the ImageNet dataset [67], where the last fully connected
layer is removed and the remaining part is used for the
feature extractor. Considering that the pre-trained feature
extractor is based on the ImageNet dataset, the Tinylm-
ageNet dataset, which is a subset of ImageNet and often
adopted for continual learning, was not used in the experi-
ments here. Additionally, for a similar reason, the ten com-
mon classes (Black footed Albatross, Laysan Albatross,
Sooty Albatross, Indigo Bunting, American Goldfinch,
Ruby throated Hummingbird, Green Violetear, Blue Jay,
Dark eyed Junco and Red breasted Merganser) between
CUB200 and ImageNet were removed from CUB200, re-
sulting in 190 classes for continual learning on the CUB200
dataset.

Skin7 [68] is a skin lesion dataset from the challenge of
dermoscopic image classification held by the International
Skin Imaging Collaboration (ISIC) in 2018. It consists of
7 disease categories; each image is of size 600 x 450 pix-
els. This dataset presents severe class imbalance, with the
largest class 60 times larger than the smallest class.

Skin40 is a subset of 193 classes [69] of skin disease im-
ages collected from the Internet. The 40 classes with rel-
atively more number of images (60 images per class) were
chosen from the 193 classes to form the Skin40 dataset,
while the remaining 153 classes (10 to 40 images per class)
were used to train a CNN classifier whose final classifica-
tion layer was then removed to form the fixed feature ex-
tractor in most experiments relevant to the Skin7 and the
Skin40 datasets. Notably, there is no overlap between the
153 classes (for training the feature extractor in advance)
and the classes in Skin7 and Skin40 (for continual learning
evaluation).

During training the feature extractor based on the 153
skin image classes, each image was randomly cropped
within the scale range [0.8, 1.0] and then re-sized to 224 x
224 pixels, followed by random horizontal and vertical flip-
ping. The mini-batch stochastic gradient descent (batch
size 32) was used to train the feature extractor, with an
initial learning rate of 0.01 and then divided by 10 at the
35th, 70th, and 105th epoch, respectively. Weight decay
(0.0005) and momentum (0.9) were also applied. The fea-
ture extractor was trained for 120 epochs with observed
convergence.

In each experiment, multiple rounds of continual learn-
ing were performed, with a few (e.g., 2, 5, 10) new classes
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to be learned at each round. After each round of contin-
ual learning, the mean class recall (MCR) over all classes
learned thus far was calculated. For each experiment, the
average and standard deviation of MCR over five runs were
reported, where the five orders of classes to be continually
learned were fixed and used in the proposed approach and
baseline methods. Unless otherwise mentioned, ResNet-
101 was used as the backbone for the feature extractor, and
the dimension of feature vector K was 2048 and the num-
ber (S) of Gaussian components in each GMM model was
empirically set to 2 based on a small validation set for each
dataset.

4.2 Effectiveness of the generative model

This section evaluates the effectiveness of the proposed
approach by comparing it with recent state-of-the-art
strong baselines, including iCaRL [19], end-to-end incre-
mental learning (End2End) [46], learning a unified classi-
fier incrementally via rebalancing (UCIR) [51], distillation
and retrospection (DR) [47], learning without forgetting
(LwF) [18], adaptive aggregation networks (AANets) [34],
and separated softmax for incremental learning (SSIL)
[44]. The suggested hyper-parameter settings in the orig-
inal work were adopted unless otherwise mentioned. In
each round of continual learning, for the iCaRL, End2End,
DR, UCIR, AANets, and SSIL, which need a certain amount
of old data, the number of images stored (i.e., memory size)
for all old classes is respectively 2000 on CIFAR100, 400
on CUB200, 50 on Skin7, and 100 on Skin40. The memory
size was chosen such that the stored number of images for
each class was only a small portion of the original training
images at the last round of continual learning. For each ex-
periment, an upper-bound result was also reported (e.g.,
Fig. 3 and Fig. 4, green star) by training a non-continual
classifier with all classes of training data.

All the baselines were previously evaluated by initially
training a CNN classifier from scratch before starting con-
tinual learning. Therefore, the proposed approach was first
compared to the baselines where each initial CNN classi-
fier for each baseline was trained from scratch. In this case,
as clearly displayed in Fig. 3 (first row), the proposed ap-
proach outperforms all the strong baselines. Compared to
the strongest baseline, the absolute improvement by the
proposed approach is respectively 14.3% (first row, left)
and 9.3% (first row, right) at the last round of continual
learning when learning 5 and 10 new classes in each round,
respectively. However, the comparison could be consid-
ered unfair because the proposed approach used a pre-
trained feature extractor while the baselines did not. In
consideration of this point, the proposed approach was
also compared with the baselines where each initial CNN
classifier at the first learning round was fine-tuned from
the same pre-trained feature extractor for each baseline
method. In this case, Fig. 3 (second row; also see Ta-
ble 2) demonstrates that although some strong baselines
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Figure 3 Performance comparison on natural image datasets. First
row: learning 5 (left) and 10 (right) classes at each round on CIFAR100,
with CNN classifiers initially trained from scratch for each baseline
method. Second row: learning 5 (left) and 10 (right) classes at each
round on CIFAR100, with CNN classifiers initially fine-tuned from the
same pre-trained feature extractor as that used in the proposed
approach. Third row: learning 5 (left) and 10 (right) classes at each
round on CUB200, with CNN classifiers initially fine-tuned from the
same pre-trained feature extractor. X-axis in each sub-figure
represents the accumulated number of learned classes in the
corresponding continual learning task

have slightly better performance in the first several rounds
of continual learning, the performance of most baselines
decreases faster than the proposed approach particularly
when more continual learning rounds are involved (left),
and the proposed approach performs either best (left) or
equivalently well (right) compared to the strong baselines
at the last several rounds of continual learning. The more
rounds of continual learning there are, the larger final gap
between the proposed approach and the strong baselines
at the last round of continual learning. This is further con-
firmed on the CUB200 dataset where more rounds of con-
tinual learning occurred compared to on CIFAR100 with
the same settings. As illustrated in Fig. 3 (third row, left;
also see Table 3), the classification performance of the pro-
posed approach decreases much more slowly than that of
all the baselines, and the proposed approach quickly out-
performs all the strong baselines after a few rounds of con-
tinual learning, although the same pre-trained feature ex-
tractor was initially used to fine-tune each CNN classifier
in each baseline. It can be consistently observed that the
gap between the strongest baseline and the proposed ap-
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Table 2 Performance comparison on the CIFART00 dataset. Five classes are learned at each round with CNN classifiers initially

fine-tuned from the same pre-trained feature extractor

Class # 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100
LwF 98.83 90.67 84.89 79.87 7462 69.01 6367 6025 5637 536 4992 4706 4278 4094 3721 3422 3374 329 3179 31.14
DR 98.35 9391 8754 8274 7588 7352 6944 651 6059 5869 5457 5346 487 4603 4533 4388 4346 41.09 3949 3843
ICaRL 9849 9171 88.1 8425 8064 764 7532 719 7031 6762 655 63.19 6175 5979 5832 575 56.87 5403 528 51.2
EndtoEnd 99.44 9385 90.74 86.32 8525 8263 7928 743 7103 6681 6563 6187 6043 592 56.17 5433 5367 5307 51.53 5081
UCIR 99.11 9193 8856 8576 8441 79.84 7895 7657 7459 715 6886 6742 6517 6375 61.54 5837 576 5602 5436 52.16
SSIL 976 936 9027 824 7976 7957 7691 7617 7413 729 7225 69.15 6846 60607 6559 6389 6251 61.69 6039 589
AANets  90.27 76.03 7216 67.22 6268 5878 5703 5364 5187 5047 4689 4354 42657 4091 40.08 3901 3849 36.94 3532 3472
Ours 944 909 86.26 8355 8224 7746 7537 7355 7208 7048 6934 6743 6655 6562 6342 6326 6231 6243 6162 6047

Table 3 Performance comparison on the CUB200 dataset. Ten classes are learned at each round with CNN classifiers initially fine-tuned

from the same pre-trained feature extractor

Class # 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190

LwF 97.15 8495 7762 6479 6171 5849 5756 5123 4639 4485 4061 3789 3554 3034 2888 2533 2392 2065 2096
DR 97.16 8734 7968 6784 6479 625 6086 582 5214 50.14 5134 4444 4257 3831 355 3563 2971 2946 27.11
ICaRL 9734 8938 8521 79.15 719 6772 6569 597 5886 5755 5546 5269 51.13 5025 4779 4569 4422 4257 4159
EndtoEnd 9825 92.13 8855 878 7797 747 7327 6726 6524 6053 6122 5708 5339 5144 5175 4621 4328 417 4074
UCR 9862 9185 91 8898 7594 7477 7073 6725 6519 635 6201 5912 583 5793 5039 494 4746 462 4594
SSIL 99.64 9313 88.1 8569 7449 7299 7145 7035 6939 6781 664 6767 6511 6416 625 6104 61.12 5928 5793
AANets 8332 6633 5831 5558 5551 57.09 6051 6079 60.15 5869 6062 5898 5725 5577 5417 5185 5064 4793 4503
Ours 83.55 8471 7604 7352 7165 6992 668 6746 68.14 6792 6691 6528 63.18 62.18 6122 608 6049 5903 59.19

proach becomes increasingly larger with more rounds of
continual learning.

As expected, Fig. 3 also shows that the final-round per-
formance of the proposed approach is not affected by the
number of new classes to be learned in each round. The
performance of the proposed approach is approximately
60% in MCR in the last round of continual learning on both

the CIFAR100 and the CUB200 datasets, regardless of how
many rounds of continual learning are performed and how
many new classes are learned in each round. In compari-
son, the final performance of each baseline becomes worse
with more rounds of continual learning (correspondingly
with a smaller number of new classes to be learned at each
round; also see Fig. 5, right). In addition, the performance
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Table 4 Performance comparison on the SKin40 dataset. Two classes are learned at each round with CNN classifiers initially fine-tuned

from the same pre-trained feature extractor

Class # 2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40

LwF 98.75 6562 60 56.25 4925 4625 4285 36.08 3207 2962 2628 27.15 2375 2322 228 2148 20 17.77 1552 13.78
DR 96.67 7059 6533 6147 5513 49.18 45.17 39.18 35.16 314 2851 27.14 2541 2504 2413 236 2255 1943 1833 1532
ICaRL 96.67 94.17 8887 84.17 7866 7472 7214 7002 70.18 64.17 5997 5591 5281 5095 47.11 45 4127 3787 3657 3533
EndtoEnd 9833 925 8445 8042 72 675 6143 5645 513 5167 4652 4472 4282 4393 3667 3406 36.28 30.83 2919 2525
UCIR 97.77 9514 90.13 86.13 79.12 7643 7455 7213 7061 6513 6053 57.11 5133 4817 4512 4363 40.78 3551 3433 32.12
SSIL 100 90.12 6833 70.51 6642 6251 60.01 5625 51.11 4833 50.54 4792 4808 4143 3933 3781 3588 3534 33.16 30.75
AAnet 91 6935 676 6529 6439 6067 60.76 5894 5436 53.15 5134 4969 49.25 4849 4742 4559 4628 4457 456 4478
Ours 100 96.5 9567 89.75 862 8283 8357 8125 8144 776 77 76.17 7608 7464 704 7062 67.18 6628 6358 63.1

MCR (%)
MCR (%)

20 40 60 B0
Number of classes

100 0 20 40 60 80
Number of classes

100

Figure 5 Continual learning performance on CIAF100 with smaller
memory (left) or more learning rounds (right). Left: learning 5 classes
at each round with only 1000 images stored in the memory. Right:
learning 2 classes at each round. The CNN classifiers were initially
fine-tuned from the same pre-trained feature extractor

of existing state-of-the-art methods is seriously affected by
the number of old data stored in the memory. As Fig. 5
(left) demonstrates, performance of the strong baselines
significantly decreases when the memory size is reduced
from 2000 to 1000, while the proposed approach is not af-
fected by the memory size at all. These results clearly sup-
port that the proposed Bayesian generative model is effec-
tive in reducing the catastrophic forgetting of old knowl-
edge, probably because the knowledge of old classes is kept
unchanged in the form of statistical distribution over con-
tinual learning.

The proposed approach works effectively not only on the
natural image datasets, but also on medical datasets. As
depicted in Fig. 4 (also see Table 4 and Table 5), with a
certain number of new classes to be continually learned at
each round on both the Skin40 and Skin7 datasets, the pro-
posed approach always performs better than all the strong
baselines particularly at later rounds of continual learn-
ing, although the same pre-trained feature extractor was
used to initially fine-tune the CNN classifier for each base-
line method (which is the default setting in the following
sections). Even with more images of old classes stored for
the representative strong baseline iCaRL, the proposed ap-
proach still performs better (Fig. 4, second row, last), again
supporting that the proposed approach is more effective in
preventing old knowledge from being forgotten.

Table 5 Performance comparison on the SKin7 dataset. One
class is continually learned at each round with CNN classifiers
initially fine-tuned from the same pre-trained feature extractor

Class # 2 3 4 5 6 7

LwF 85.54 40.82 30.15 25.56 2227 20.09
DR 85.71 55.83 45.36 3553 32.16 27.73
ICaRL 88.86 66.53 58.22 525 47.98 47.09
EndtoEnd 85.26 61.83 58.25 56.29 47.53 46.44
UCIR 89.2 68.12 59.33 54.52 50.17 49.77
SSIL 8157 5392 40.05 31.84 27.06 24.79
AANets 91.51 64.81 57.25 54.88 534 50.14
Ours 83.91 7747 69.63 61.72 58.64 5844

4.3 Generalizability and robustness of the generative
model

The proposed approach is a general framework that can
employ different feature extractor backbones or use differ-
ent ways to represent and store old knowledge in specific
applications. As Table 6 shows, the proposed approach
performs consistently better than strong baselines on all
the four datasets with different feature extractor back-
bones (Vggl9, ResNet18, ResNet34 and ResNet101), sup-
porting that the proposed approach is not limited to spe-
cific feature extractor structures.

Additionally, the proposed approach is not limited to
the specific Gaussian mixture model (GMM) representa-
tion for old knowledge. For example, in addition to the
parametric GMM model, the well-known nonparametric
Kernel density estimation (KDE) was also used to approx-
imate the statistical distribution of each feature output,
where the kernel width is empirically determined based
on a small validation set from each dataset. Figure 6 de-
picts that the proposed approach based on KDE works
equivalently well compared to that based on GMM for the
representation of old knowledge. Because the proposed
approach is not limited to specific ways to represent old
knowledge, a potentially more effective representation of
old knowledge would increase the performance of contin-
ual learning by the proposed approach. This remains to be
explored in future work.
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Table 6 Performance on various feature extractor backbones. The results after the last round of continual learning were reported, with
1 (Skin7), 5 (Skin40), 5 (CIFAR100), and 5 (CUB200) new classes per round

Dataset VGG19 ResNet18 ResNet34 ResNet101
LwF iCaRL IR Ours LwF iCaRL IR Ours LwF iCaRL IR Ours LwF iCaRL IR Ours
CIFAR100 20.7 353 394 489 264 483 437 57.2 279 496 445 61.8 311 51.2 522 60.5
CUB200 1.3 28.1 266  46.3 14.2 30.1 322 54.9 144 312 337 56.5 15.2 336 352 59.2
Skin7 189 39.7 383 46.5 198 443 46.2 55.6 20.1 46.9 483 56.8 20.1 471 49.8 58.4
Skin40 274 336 325 52.8 304 4138 37.1 61.9 31.1 423 39.5 62.8 31.2 431 40.2 63.1
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Figure 6 Performance comparison between GMM and KDE models
for old knowledge representation respectively on CIFAR100 (first row) Figure 7 Stable performance with varying GMM components on
and CUB200 (second row), when learning 5 (first column) or 10 Skin7 (first row, left), Skin40 (first row, right), CIFAR100 (second row,
(second column) new classes at each round left) and CUB200 (second row, right). At each round of continual
learning, 1, 5, 10, and 10 new classes were continually learned,
respectively, on Skin7, Skin40, CIFAR100, and CUB200 datasets

To evaluate the robustness of the generative model, the
GMM with varying numbers of Gaussian components and
different orders of classes to be continually learned were
tried during continual learning. As clearly displayed in
Fig. 7, the generative model works stably with different
numbers of Gaussian components in the GMM on all
four datasets, although GMM with two components works
slightly better than GMM with fewer or more components.
Note that the proposed approach still outperforms all the
strong baselines when the number of GMM components
is larger than two. In addition, with six different orders of
classes to be continually learned, the performance of the
proposed approach does not change at the last round of
continual learning, while the performance of the repre-
sentative iCaRL baseline method clearly varies with dif-
ferent class orders (Fig. 8). This is because knowledge of
each previously learned old class is compactly stored and
is not changed throughout the whole process of continual
learning by the proposed approach. In comparison, almost
all the strong baseline methods inevitably update the fea-
ture extractor during continual learning, which would then
change the representation of each stored old data and fur-
ther change the representation of old knowledge, differ-
ently with different orders of classes to be learned.

5'/\/'/\.
40

—— Ours
351 e icart

1 2 3 4 5 6

Figure 8 Final-round learning performance with different class orders
during continual learning on Skin40. Five new classes were
continually learned at each round. Different numbers in the x-axis
represent different sequences of class orders

4.4 Wide application scenarios of the generative model
One reason to explore continual learning techniques is
due to the difficulty in collecting data from all classes. Such
difficulty may cause another two challenging problems,
few-shot continual learning where only a few number of
training images are available for each new class at each
round of continual learning, and data-incremental contin-
ual learning where the classifier would be updated contin-
uously with new data of existing classes (rather than with
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Figure 9 Few-shot continual learning performance on CIFAR100 and
CUB200. Only 10 training images are available for each new class
during continual learning on CIFAR100 (first row) and CUB200 (second
row), with 5 (first column) or 10 (second column) new classes learned
each time

data of new classes). To check whether the proposed ap-
proach works effectively in the scenario of few-shot con-
tinual learning, in the experiment, only 10 training images
for each new class were provided to update the model for
each method. The memory size was set to 200 for all the
baseline methods, which need to store a small set of orig-
inal images. As illustrated in Fig. 9, while the strongest
baseline method changes with varying datasets and num-
bers of learned new classes per round, the best perfor-
mance is always from the proposed approach. This clearly
supports that the proposed approach still works effectively
even if only a limited number of data are available during
continual learning.

For data-incremental continual learning, with a few new
images provided for each class at each round, it can be ob-
served that the performance of the proposed approach in-
creases over rounds of continual learning, while the rep-
resentative iCaRL method cannot effectively improve its
learning performance shortly after the memory used in
iCaRL becomes full (Fig. 10). This is probably because the
proposed approach can naturally update the representa-
tion of each class with more data, without discarding the
information of data that previously appeared. In compari-
son, the performance of the updated classifier by existing
methods often depends on the limited original data stored
in memory and the data that appeared more recently. Note
that the existing methods would perform even worse with-
out storing old data by memory. This experiment demon-
strates that the proposed approach can be used to handle
two types (i.e., class-incremental and data-incremental) of
continual learning, while existing methods can only handle
the class-incremental learning task.
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Figure 10 Data-incremental continual learning performance on
CIFART00 (left) and CUB200 (right). All classes are available from the
beginning, but only 10 (CIFAR100) or 1 (CUB200) new images are
available for each class at each round of continual learning. Memory
size is respectively set 2000 (left) and 400 (right) for the representative

method iCaRL
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Figure 11 Effect of feature extractor on continual learning. More
classes (X-axis) used to train feature extractors result in better
performance on Skin7 (left) and Skin40 (right). Note that the classes
used to train the feature extractor are not overlapped with the set of
classes to be learned during continual learning

4.5 Effect of the feature extractor

The proposed approach is based on a fixed pre-trained
feature extractor. To confirm that better feature extrac-
tors would help the generative model perform better in
continual learning, the original 153 classes of skin image
data used for training the feature extractor (before starting
to continually learn new skin disease classes) were grad-
ually reduced to only 10 classes, each time using such a
reduced number of classes to train the feature extractor,
and then the performance of the proposed approach at
the last round of continual learning on both the Skin7 and
Skin40 datasets was calculated. As illustrated in Fig. 11,
more classes used for training the feature extractor gener-
ally result in better performance of the proposed approach.
The feature extractor trained by more classes of data would
probably have learned to extract more types of features and
therefore could be more generalizable to a new but rele-
vant domain. Consistent with the observation and expla-
nation, when the feature extractor is fixed by random pa-
rameter weights (i.e., without any training), the classifier in
continual learning showed the worst performance (MCR is
21% on Skin7, 6% on Skin40; not shown in Fig. 11). These
results strongly suggest that exploring better ways to ob-
tain a better feature extractor would further improve per-
formance of the generative model in continual learning.
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Figure 12 Continual learning performance with different numbers of
feature outputs. First row: learning 5 (left) and 10 (right) new classes at
each round on CIFAR100. Second row: learning 5 (left) and 10 (right)
classes at each round on CUB200. Curves in different colors
correspond to different numbers of feature outputs during continual
learning

Another factor in the feature extractor that potentially
affects continual learning performance is the size of the
feature extractor outputs. In general, more outputs could
represent more types of feature information and there-
fore help the proposed approach represent richer infor-
mation in each class. To confirm this hypothesis, varying
numbers of feature outputs were randomly sampled from
the original 2048 outputs, and then continual learning was
performed based on the randomly sampled feature out-
puts. As demonstrated in Fig. 12, the performance clearly
decreases when the number of feature extractor outputs
used is fewer than 1000, with more drops in performance
corresponding to fewer outputs. Interestingly, the perfor-
mance changes little when the number of feature extrac-
tor outputs decreases from the original 2048 to 1248. This
may be because some outputs are highly correlated, such
that removal of some of the outputs would not affect the
representation power by the remaining outputs. This pro-
vides an opportunity to use a relatively smaller number of
outputs for knowledge representation when memory re-
sources are very limited. A similar finding was obtained
when directly pre-training a feature extractor with differ-
ent numbers of output features or applying PCA to the
high-dimensional feature vector output of a pre-trained
and fixed feature extractor (Fig. 13).

5 Conclusion

In this study, we propose a Bayesian generative model for
continual learning of new classes. The model does not up-
date the feature extractor but generates statistical infor-
mation to represent the knowledge of each class. With-
out storing any original data, the generative model can
prevent knowledge of each old class from being forgot-
ten and outperforms existing state-of-the-art approaches,
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Figure 13 Continual learning performance with different numbers of
feature outputs based on alternative strategies to obtain features. Left:
the ResNet101 backbone was modified by adding one additional fully
connected layer on top of the last convolutional layer and then
pre-trained with the ImageNet dataset, and the feature vector output
of the added FC layer is used for subsequent analysis. Right: PCA was
applied to reduce the output vector of the originally pre-trained
ResNet101 with the ImageNet dataset, where the principal
components were obtained based on the ImageNet dataset as well

which often store a small amount of old data. The model
is not limited to any specific feature extractor backbone
and the ways to represent statistical information, and the
final-round performance is not affected by the process of
continual learning such as the number of new classes to
be learned each time or the number of rounds of continual
learning. In addition to continually learning new classes,
the model can also consistently improve the classification
performance by continuously learning from new data of
existing classes. This study suggests a new direction to
solve the catastrophic forgetting issue in continual learn-
ing, i.e., exploring effective ways to represent knowledge
based on certain fixed but powerful pre-trained feature ex-
tractor. Better pre-trained feature extractor could also be
explored to further improve the performance of the gen-
erative approach.
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