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Abstract: With the advancement and widespread adoption of deep learning models, there has been a growing interest in class
incremental learning. This approach aims to continuously learn new classes while retaining the recognition and memory
capabilities for previously learned classes within an open and dynamic environment. The primary focus of class incremental
learning is on maintaining the ability to learn new classes while mitigating catastrophic forgetting, thus achieving a better balance
between stability and adaptability. To address this challenge, we propose an innovative method for incremental class learning
that leverages dynamically representations to facilitate more efficient incremental class learning, preserving previously acquired
features while adapting to new ones and effectively reducing catastrophic forgetting. Furthermore, we introduce a feature
augmentation mechanism to significantly enhance the model's classification performance when incorporating new classes. This
approach ensures efficient learning of both old and new classes without compromising the effectiveness of previous models. We
conducted extensive experiments on two classes incremental learning benchmarks, consistently demonstrating significant

performance advantages over other methods.
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1. Introduction

Class incremental learning is a key machine learning
paradigm that demonstrates enormous application value in
responding to dynamic and constantly changing real-world
environments. With the rapid development of technology,
class incremental learning has found a wide range of
applications in multiple fields, especially in cutting-edge
intelligent systems such as image classification [1] and
natural language processing [2]. The system needs to
constantly adapt and learn new data classes to maintain its
efficiency and accuracy. This challenge requires the model to
simulate the learning process of the human brain, which
involves accumulating knowledge in a continuous stream of
information and gradually mastering new skills. Therefore,
how to design a machine learning mechanism that can learn
new classes flexibly like the human brain remains an
important issue that urgently needs to be addressed in the
scientific research community.

An excellent class incremental learning model should have
the ability to absorb new knowledge while firmly retaining
the memory of old classes, thus finding a balance between
stability and plasticity. Recently, various knowledge replay
strategies [3] have emerged in the field of deep networks.
Generative replay strategy, as one of the approaches, attempts
to create old data samples by training generative models.
However, the training process of generative models consumes
huge resources, especially when dealing with complex
datasets, which require huge memory and computing
resources. The parameter regularization method [4] attempts
to solve the problem from another perspective by limiting the
update amplitude of model parameters to slow down
forgetting. Although this method is effective to some extent,
excessive constraints may limit the model's ability to absorb
new knowledge. With the deepening of research on class
incremental learning, more and more people are combining
various incremental learning methods and using
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comprehensive class methods to conduct research.
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Figure 1. Class incremental learning

In this work, to address the aforementioned weaknesses
and better balance the stability and plasticity of class
incremental learning, we designed an extensible dynamic
framework that utilizes enhanced features of old knowledge
to identify features of new classes. We adopt a dynamic
architecture that parameterizes and replays features from old
classes, while dynamically expanding feature extractors to
learn new features from new classes. This new architecture
consists of a single primary feature extractor shared across all
classes and an advanced feature extractor added at each
incremental step. Finally, a unified classifier is input for
classification prediction, thereby maintaining the utilization
of previous old knowledge.

Furthermore, we introduce a feature enhancement
mechanism that deepens the network's understanding of
existing features, significantly improving the classification
performance of the model while introducing new classes. We
also propose sparse loss to optimize the model, reducing
memory usage while better receiving new class knowledge.
We validated our proposed framework on two publicly
available incremental learning datasets. The empirical results



show that our method is superior to state-of-the-art methods,
effectively reducing the forgetting of old class knowledge and
improving the learning ability of new class knowledge.

2. Related Works

The research of incremental learning has made great
progress, but how to mitigate catastrophic forgetting and
maintain significant learning ability is still the focus of
research. Most of the mainstream incremental learning
methods alleviate catastrophic forgetting from the following
four aspects: parametric regularization method, data playback
method, class prototype playback method and network
structure-based method.

Parametric regularization methods reduce the forgetting of
old knowledge by setting additional constraints on the
updating of model parameters. Kirkpatrick et al. [4] first
proposed to reduce catastrophic forgetting by constraining
important parameters with Elastic weight consolidation
(EWC). Specifically, the method uses the Frisher information
matrix to calculate importance. The Synaptic intelligence (SI)
[5] method calculates the importance of each parameter in the
model online during the training phase. MAS(Memory aware
synapses) [6] method uses unlabeled samples to estimate the
sensitivity of this nonlinear mapping function of neural
network to parameter changes, and acts as the parameter
importance estimation. Although the above methods achieve
good results in some task incremental learning, they generally
perform poorly in class incremental learning Settings.

The data playback based approach is in incremental
learning, allowing the model to hold a small number of old
classes These small portions of the old class data will be used
in conjunction with the new class data for current model
updates. Rebuffi et al. [3] proposed the Incremental classifier
and representation learning (iCaRL) based on data playback
for the first time. After learning each task, the method samples
each class and samples the most representative sample in the
limited memory size for subsequent model training. In
addition, there are incremental learning methods based on
generated data playback that primarily utilize GAN[7] or
conditional GAN [8] to generate pseudo-samples for old
classes. The classification model is trained simultaneously
with the generation model at each incremental stage. The
FearNet approach proposed by Kemker et al. [9] uses auto-
encoders [10] to consolidate old class knowledge: For each
old class, FearNet uses an auto-encoder to generate a sample
of the old class based on the class mean of the depth feature
space, and then trains the current model with a real sample of
the new class.

Yuetal. [11] proposed that for each old class, only the class
prototype in the feature space should be saved for the joint
classification of the old and new classes. In the face of the
prototype drift problem caused by the update of feature
extractor, literature [11] proposed a Semantic drift
compensation (SDC) strategy. According to the amount of
feature deviation of the current task data in the new and old
feature space, the drift of the old class prototype is
approximated, and the SDC will map the saved old class
prototype to the new location in the feature space. PASS
(Prototype augmentation and self-supervision) [12] only
keeps the mean value of newly learned classes in the depth
feature space as the prototype. When learning new classes,
simple prototype enhancement based on Gaussian noise can
overcome the imbalance between old and new weights in the
classifier. This kind of method can maintain strict incremental
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Settings, and at the same time, it has better anti-forgetting
performance.

By extending the network structure, Liu et al. [13]
proposed a new type of Adaptive aggregation networks
(AANets) to explicitly solve the stability-plasticity problem
in class incremental learning. Yan et al. [14] decoupage the
feature representation from the classifier [15], and on this
basis, a dynamically expanded table is proposed

The Dynamically expandable representation (DER)
method, which constructs a modular deep classification
network consisting of a network of super feature extractors
and linear classifiers. In the test phase, the feature extractor
used to map the test sample is the model after the final
parameter fusion, and the feature space of the old class has
also changed. Therefore, the structure expansion strategy
mentioned above cannot guarantee that the old class
knowledge will not be forgotten in theory.

3. Methods

In this section we propose a solution to the class
incremental learning problem, which aims to mitigate the
catastrophic forgetting problem and enable better learning of
new classes. To this end, we propose a dynamic structure
expansion strategy to avoid forgetting, and we also apply
feature enhancement methods to incremental learning. In
order to maintain the performance of the classes seen earlier,
a sparsity regularization loss strategy is also used. In
categorical incremental learning, the model is required to
learn from a constantly updated stream of data. In the

incremental step e [l. T ], let Y, be the set of the new class
and D, be the data set containing the sample (X, y), where

X is the input image and Y €Y, is the corresponding label. In

order to maximize the classification accuracy, the complete
classification before step t can be made and a good prediction

t
can be made, that is, Yllrt] = U Y.

i=1 !

3.1. Dynamic Structure Extension

Our model architecture is built on the basis of dynamic
structure extension, and its core consists of three main parts:
a shared primary feature extraction layer |, a dynamically
extensible set of high-level feature extractors, and an
integrated classifier.

The shared primary feature extraction layer | remains
unchanged throughout model training and is configured with
its parameter set 6’,_ . Its role is to capture primary features of

the input data that serve as the basis for subsequent processing.
Because it is shared, it ensures that the primary feature
representations that have been learned before can be utilized
when the model learns a new class.

We progressively develop a dynamically scalable
collection of advanced feature extractors tailored to learning
requirements. Each new advanced feature extractor H,
maintains the same structure but possesses an independent

parameter set 6’,_,5 As new classes or tasks are introduced,

additional H, is incorporated into the collection.
During incremental learning, we fix the old parameter set

{HL O T QHH } , and encourage the new advanced feature



extractor H, to exclusively acquire knowledge related to
the new class and produce the d-dimensional vector N .

The extensible unified classifier F, is an independent
layer with weights are made up of the matrix W, . Where
each column vector of W, corresponds to each class
e Y[H] . These weight vectors are not completely new, but
are extended based on the weight matrix W, ; in the

previous step t—1 . Specifically, the expansion process
consists of two directions: column direction expansion to
include features from the newly added advanced feature

extractor H,, and row direction expansion to cover the
newly added class Y, . Let W,_; be the matrix of weight

vectors W_y; of all previously known classes iEY[l.t] .

Primary feature
extractor L

Construct a new weight matrix W, , which can be expressed
as W, = [[ 4oV, ] ] .Where

matrix from H, to H,, and for the new class in Y, U,

V, is a feature weight

is a matrix whose weight vector corresponds to the H,

features of all classes in Yy If Z, =[h oh,o---oh] is

the join of the feature vectors obtained from the input image
X after passing through all advanced feature extractors, then
the probability of the input X prediction belonging to class
| can be estimated as follows:

7-$im(z; W ;)

Z e’]‘Sim(Zt!Wt,i)
jeY

where 7] is a learnable scalar and SIM(-) is the cosine

pi(z)= (1)
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Figure 2. Model architecture based on dynamic structure extension and feature enhancement

3.2. Feature enhancement

Drawing on the valuable experience of previous research,
we innovatively adopted a data enhancement strategy where
we cleverly incorporated two technologies, Mixup[16] and
CutMix[17], to achieve diverse data enhancement goals.

We apply parallel fusion operation and use Mixup
technology to mix the data and labels of different samples
through linear interpolation to generate new training samples.

X = mixup(X;, X;) = A% + (L - A)X; )

Where AE[0,1] is a random coefficient that controls the
proportion of two samples in the mixing process.

CutMix takes it a step further by cutting part of one sample
directly and pasting it onto the other, while adjusting the
labels of both samples according to the size of the cropped
area.

X, = CUutMix(x;, X;) =M Ox +(1-M)©Ox; (3)

In our framework, we use parallel fusion operations to
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create challenging "derived class" samples, forcing models to
learn more robust feature representations to cope with
complex and variable data environments.

Lee :che(yi’ f,(%)),1=12 4)

Although this "derived class" information is not directly
used in the subsequent incremental process, it effectively

promotes the adaptability of type f(Z) to previously
unseen types.

3.3. Loss compensation

Our training sample R, consists of the incoming data set
D, and a finite number of samples of each seen class in
memory M, at each incremental step t > 1.Our goal is to
optimize the new model parameters 6, ,V,, U, while
s O

fixed to retain previous knowledge. Objective L focuses on
learning the discriminant features of the new input data set,

W,

maintaining the old parameters 6, , ng , Wiy

t-1



which has four components: sparse loss, distillation loss and

auxiliary loss:
L|oss = LSpar + ﬂiLDist + 22 I-Aux

Where A, and A, are the hyper-parameters.

)

Sparsity Loss

Sparse regularization is an optimization technique that
encourages the sparsity of a model by adding a regular term
to the loss function. This regular term is often related to the
weight of the model, and at each step in the incremental
process, we encourage the model to minimize the number of
parameters with minimal performance degradation. Inspired
by this, we add sparsity losses based on the proportion of used
weights among all available weights.

Z p; (z,,) log( pi (2, ))+AZ|WI (6)

where N is the number of samples in R, with class label

Spar

Y .Where A is the hyper-parameters

Distillation Loss

We need to freeze previously learned features in our
scheme, and to mitigate catastrophic forgetting, we add a
regularization term designed to transfer knowledge from the
old model to the new model. We therefore use the Logits stage
distillation loss (Rebuffi et al. 2017) [3] by distillation to
minimize the Kullback-Leibler divergence between the

probabilities of the old class knowledge Y[l‘t—l] predicted by

the model in the previous step as follows:

p|( tl)
pi(z)

L V| 2 Pi(z4)log ~o2

i eY[l1 =)

)

= E
Dist (x,y)~S,

Considering that the need to freeze and preserve previously
learned knowledge varies with the number of old classes, we
weight the losses.

Auxiliary loss

In order to learn the discriminant features of the new class,
we introduce an auxiliary loss. It uses class-balanced focal

loss, but focuses only on the features extracted by H, ,that

is ht and the weight vector Uy , corresponding to class y

as follows?

1-¢6
L.x= E
Aux (w)ﬂ[ 1-6"

Where

(1— py(hl))y |09(py(ht))} ®)

errsim(ht,wt,i)

pi(he) =

Therefore, in the classifier Ft we use, existing parameters

Yjey[1:t] STt We i) ©)

can learn better decision boundaries in new feature
dimensions.

4. Experiments and Results

In this section, we will conduct a number of experiments to
verify the effectiveness of the algorithm. In particular, we
evaluated our approach using a widely used bench marking
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protocol on the CIFAR-100[ 18], ImageNet-100[19] datasets.
We also conducted a series of ablation studies to assess the
importance of each component and provide additional
insights into our approach. Below, we first introduce the
experimental setup and implementation details in Section 4.1,
and then introduce the benchmarks and evaluation indicators
of our comparative experiments in Section 4.2. We then
present the evaluation results of the two datasets in Section
4.3. Finally, we introduce the ablation study and analysis for
our method in Sec. 4.4.

4.1. Experimental setup

4.1.1. Datasets and Settings

We used the following data sets and Settings in our
experiment: CIFAR-100 [18] consists of 32 x 32-pixel color
images of 100 classes. It contains 50,000 images for training,
500 images per class, and 10,000 images for assessment, 100
images per class. ImageNet-1000 [19] is a massive data set of
1000 classes, including approximately 1.2 million RGB
images for training and 50,000 images for validation.
ImageNet-100 [19] is built by selecting 100 classes from the
ImageNet-1000 data set. The protocol we follow is that we
use half of the classes to train the model and evenly split the
remaining classes for training at each incremental step (Hou
et al. 2019) [20]. If the sample has a total of 100 classes, start
with a model trained with 50 classes, and the remaining 50
classes are divided into 5 and 10 steps, each class has 20
samples as memory. Based on previous work, we used a group
selection strategy to select a fixed number of 20 samples for
each class in all experiments for data playback.

4.1.2. Implementation Details

All of our methods are implemented in PyTorch and trained
on an NVIDIA 3090 with 32GB of memory. For
ImageNet100, we use ResNet-18 (He et al. 2016) [21] as the
backbone of the network and cosine normalization (Hou et al.
2019) [20] at the classifier layer. For CIFAR100, we use
ResNet32 as the backbone network, and for our method, we
use the first two residual blocks as primary feature extractors
and introduce copies of the remaining two residual blocks at
each incremental step. The backbone of all models was
initialized with pre-trained weights on ImageNet (Deng et al.
2009) [19] and optimized with an SGD optimizer with a value
attenuation coefficient of 0.0005 and a momentum value of
0.9. The batch size for the model training phase of CIFAR-
100 and ImageNet-100 is 32.

4.1.3. Baselines

We compared our approach to the following baselines :(a)
iCaRL (Rebuffi et al. 2017) [3] uses logits stage distillation
loss to mitigate forgetting; (b) LUCIR (Hou Saihui et al. 2019)
[20] solves problems such as unbalanced classifier weight and
knowledge bias of old classes by using strategies such as
cosine normalization, smaller forgetting constraints and
isolation between classes ; (c) The LwF (Zhi zhong Li et al.)
[22] method, drawing on model distillation techniques,
mitigated the forgetting problem to some extent by retaining
the predictions of the old model on the new data as soft labels,
which were used together with the labels of the new task to
train the new model ; (d) DER (Yan, Xie, and He 2021) [14]
uses dynamic extensible representations to handle new
classes without forgetting them, and two-stage learning to
solve class imbalances.

4.1.4. Evaluation Metrics
An intuitive evaluation index is to investigate after each



incremental step 1, only evaluate the classification accuracy
of all known classes after the training of all classes seen so far,
and record it as reflecting the overall performance of the
model in the data flow learning process. The model accuracy
rate of step T can be averaged to obtain the average accuracy

rate of the model in Y;:

oMb

In addition to AC as a benchmark, we also quantified the
amount of forgetting of the old class as the difference between
the accuracy of the current step and the previously obtained
maximum, the amount of decline in classification accuracy on
task I ,based on these forgetting  degree

Ai =MaX ;. ..iq) (A; - A') ,the average forgetting rate of

the incremental learning phase is calculated :
= lot | 1 t1
9= ?Zt:l EZi:lA\
4.2. Comparative Study

Table 1 summarizes the results of the ImageNet-100 and
CIFAR-100 datasets. There are also two types of incremental
settings defined for each data set, resulting in 4 columns of
comparison results. We saw that our proposed approach
outperformed all baselines in increments of 5 and 10 steps. At
the same time, compared with the mainstream dynamic
structure extension method, the proposed method also has
obvious advantages. This fully shows that the method
combined with feature data enhancement strategy can identify
new classes better on the premise of limited knowledge of old
classes.

Specifically, compared with the second best method DER,
the performance of the proposed method on the CIFAR-100
datasets is improved by 1.3% and 1.6% at 5 and 10 steps,
respectively. The advantage on the ImageNet-100 datasets is
a further 2.8% and2.3%.

Under the two types of incremental settings of the CIFAR-
100 data set, we respectively show its accuracy at each
incremental step, as shown in Figure 3and Figure 4.

Table 1. Accuracy results for CIFAR-100 and ImageNet-100

(10)

(1)

datasets
Accuracy/% CIFAR-100 ImageNet-100
Metric 5 steps 10 steps 5 steps 10 steps
LwF 48.1 45.6 62.6 58.6
LUCIR 56.6 50.7 58.4 52.9
iCaRL 65.1 61.2 68.8 64.6
DER 75.3 73.1 77.8 74.4
Ours 77.6 74.8 80.6 76.7

We observe that DER and our proposed method have the
most similar data curve effects, demonstrating the
effectiveness of dynamic extended representations in
preserving old features. But thanks to the two-stage learning
approach used in DER, where the classifier is re-initialized
and fine-tuned in the second stage using a balanced data set.
Discarding previously learned class weight vectors
corresponding to old features leads to a decrease in accuracy
and an increase in forgetting. And our average accuracy curve
is significantly better than DER.
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Figure 3. Experimental results on CIFAR-100(5 incremental steps)
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Figure 4. Experimental results on CIFAR-100(10incremental
steps)

Under the two types of incremental settings of the
ImageNet-100 data set, we respectively show its accuracy at
each incremental step, as shown in Figure 5 and Figure 6.
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Figure 5. Experimental results on ImageNet-100(5 incremental
steps)
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Figure 6. Experimental results on ImageNet-100(10incremental
steps)

4.3. Ablation Study and Analysis

We conducted exhaustive ablation studies to assess the
contribution of each component to our approach. Since all the
loss components are incorporated, our method achieves the
highest Ac,. We conducted ablation experiments in the multi-
type incremental scenarios of the CIFAR-100 and ImageNet-
100 datasets, and the corresponding experimental results are
listed in Table 2. It can be found that the dynamic structure
extension model combined with the feature enhancement
strategy achieves the optimal classification accuracy in all
experimental scenarios.

Table 2. Ablation study on CIFAR-100 and ImageNet-100 datasets

Accuracy/% CIFAR-100 ImageNet-100
Metric 5 steps 10 steps 5 steps 10 steps
ALL 77.6 74.8 80.6 76.7
Without
L 72.2 68.9 77.6 74.8
Spar
Without
L 745 69.2 78.1 73.3
Dist
Without
L 75.3 69.8 77.3 74.6
Aux

In the 5 steps of ImageNet-100, compared with the base
model, the improvement is 3.0%, 2.5% and 3.3%, .This is
strong evidence that our model can effectively enhance the
ability to learn new classes.

5. Conclusion

In this paper, we propose a new class incremental learning
method, which utilizes dynamic scalable representations to
achieve more efficient class incremental learning, while
retaining previously learned features and adapting new
features, effectively reducing the case of catastrophic
forgetting. In addition, by incorporating two powerful data
enhancement techniques, Mixup and CutMix, into our
framework, we designed a feature enhancement mechanism
that significantly improves the classification performance of
the model while introducing new classes. This scheme
ensures efficient identification of old and new classes without
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compromising the efficiency of previous models, so that new
discriminant features can be better learned. We conduct
detailed experiments on two main incremental classification
benchmarks. The experimental results show that our method
is consistently superior to other methods.
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