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Abstract

Few-shot Class-incremental learning (FSCIL) is a challeng-
ing task in machine learning that aims to recognize new
classes from a limited number of instances while preserving
the ability to classify previously learned classes without re-
training the entire model. This presents challenges in updat-
ing the model with new classes using limited training data,
particularly in balancing acquiring new knowledge while re-
taining the old. We propose a novel method named Multiple
Mkxing Self-Distillation (M2SD) during the training phase to
address these issues. Specifically, we propose a dual-branch
structure that facilitates the expansion of the entire feature
space to accommodate new classes. Furthermore, we intro-
duce a feature enhancement component that can pass ad-
ditional enhanced information back to the base network by
self-distillation, resulting in improved classification perfor-
mance upon adding new classes. After training, we discard
both structures, leaving only the primary network to classify
new class instances. Extensive experiments demonstrate that
our approach achieves superior performance over previous
state-of-the-art methods.

Introduction

Deep learning has had a significant impact on computer
vision, particularly in image classification (Krizhevsky,
Sutskever, and Hinton 2017; Simonyan and Zisserman 2014;
Ren et al. 2015). Currently, most computer vision scenarios,
including classification, rely on data-driven discriminative
tasks, requiring obtaining the specific task data distribution
and designing targeted loss functions before model train-
ing to achieve better results. Even though numerous publicly
available datasets have produced excellent results in various
scenarios, the classification task suffers from a significant
limitation: it often performs poorly when new classes are
added, particularly when the amount of data in these new
classes is insufficient and uneven (Ren et al. 2019; Zhu et al.
2021b).

In many real-world scenarios, the situation may worsen
when new classes have only a few instances. To address
this challenge, researchers have introduced Few-shot Learn-
ing(FSL)(Chen et al. 2019) to Class Incremental Learn-
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Figure 1: This is a schematic diagram of the boosting of our
method in FSCIL. Our method can significantly reduce the
intra-class distance, boost the inter-class distance, and have
better spacing for the added classes. It is reflected in the ac-
curacy results and the visual distribution of the final features,
detailed analysis in Table 1 and Figure 4.

ing(CIL)(Wu et al. 2019) and proposed Few-shot Class In-
cremental Learning (FSCIL)(Ayub and Wagner 2020). One
of the significant challenges FSCIL faces is catastrophic for-
getting. Introducing new classes to predefined models for
a classification task by fine-tuning can potentially lead to
an overemphasis on the new classes, possibly resulting in a
decline in performance for the existing classes(Kirkpatrick
et al. 2017).

To address this problem, various methods(Shi et al. 2021)
incorporate more robust regularization with the objective
function during incremental sessions, resulting in a minor
change in the parameters of the new model relative to the
original one. Unlike the regularization methods, the idea be-
hind FACT(Zhou et al. 2022) is to prepare for the arrival of
new data in advance, which is akin to forward compatibility
in software updates. It is more concerned with obtaining a
feature space in the base session of FSCIL that is suitable
for subsequent incremental learning sessions.

We are inspired by the idea of FACT and propose a
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method called Multiple Mixing Self-Distillation(M2SD) for
FSCIL, which prepares the feature space for incremental
sessions and emphasizes feature extensibility and inclusive-
ness in later incremental sessions, showed in Figure 1.

To prepare the feature space for subsequent incremental
sessions, M2SD utilizes multi-scale feature extraction and
fusion; the specific structure can be seen in Figure 2. We
extract features at different scales for each instance and fuse
them to capture the characteristics of multiple dimensions of
the instances fully. By comparing the fusion of these features
with a single feature, as in previous work(Ji et al. 2021),
the feature module can better understand various aspects of
the instance, leading to greater inclusiveness. For expansion,
inspired by using virtual classes in FACT, we propose a dual-
branch virtual class to enhance further the extensibility of
the feature extraction module(Xu and Liu 2019). It becomes
aware of potential expansion possibilities by optimizing the
dual-branch virtual class and allowing the feature module to
see the unknown in advance. It tries to reserve feature space
for new classes in the future.

Given that the entire training phase is divided into base
and incremental sessions, and referring to CEC(Zhang et al.
2021) to address the issue of imbalanced data between old
and new classes, we decouple the model into feature and
classifier learning, which can be seen by Figure 2. This
structure is used in many CEC follow-up works(Zhou et al.
2022; Song et al. 2023). The parameters are frozen once
the feature module is learned using sufficient data from the
base session. The feature module functions solely as a fea-
ture extractor during incremental learning, and its parame-
ters are no longer updated. The classifier is the only part of
the model updated upon the arrival of new classes.

The three main contributions of our paper:

* To our knowledge, we are the first to introduce self-
distillation to FSCIL. Our method improves model fea-
ture discriminative and classification accuracy.

* We propose a two-branch virtual inter-class distillation.
Based on the successful use of mixup(Zhang et al. 2017)
to construct virtual classes, we have successfully intro-
duced the virtual class constructed by CutMix(Yun et al.
2019), which was negative for FSCIL tasks.

e Experiments on CIFAR100, CUB200, and minilma-
geNet demonstrate that our method outperforms the
baseline and achieves new SOTA results.

Related Work
Few-Shot Learning(FSL)

Few-Shot Learning (FSL) refers to the task of training mod-
els on small datasets that typically have only a few in-
stances per class. The goal of it is to overcome the chal-
lenge of overfitting in traditional deep learning methods,
which require large amounts of data to train. Extensive re-
lated work in this field includes metric-based methods(Snell,
Swersky, and Zemel 2017a) such as prototype-based mod-
els, and optimization-based methods(Li et al. 2019) like
gradient-based optimization. Another popular approach is to
use meta-learning(Snell, Swersky, and Zemel 2017b), where
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the model learns how to learn from few-shot instances by
training on various tasks. Recent work(Tian et al. 2020;
Zhang et al. 2023b) demonstrates that a good feature space is
essential for FSL, and further enhancements can be achieved
by incorporating self-distillation. Inspired by its findings, we
applied self-distillation to FSCIL to obtain a high-quality
feature space.

Class-Incremental Learning(CIL)

Class-Incremental Learning (CIL) refers to the problem of
continuously learning new classes in a lifelong learning
scenario, where the data distribution of the new classes
may differ from the previously learned classes. Various
approaches have been proposed in the literature, includ-
ing regularization-based methods(Li and Hoiem 2017),
memory-based methods(Lopez-Paz and Ranzato 2017; Gi-
daris and Komodakis 2018), and architecture-based meth-
ods(Rusu et al. 2016). In particular, IL2A(Zhu et al. 2021a)
highlights the critical role of representation learning in CIL.
Integrating data augmentation and knowledge distillation
used in IL2A inspires our research.

Few-Shot Class-Incremental Learning(FSCIL)

Few-shot Class-incremental learning(FSCIL) builds upon
the foundations of FSL and CIL(Akyiirek et al. 2021). As
a result, the category(Kim and Choi 2021) of FSCIL meth-
ods is not fundamentally different from them. Prior works
in this area include CEC, which decouples the model into
two parts, representation learning, and classifier learning,
and it is well-suited for FSCIL. FACT addresses the FS-
CIL challenge by constructing virtual classes using manifold
mixup(Verma et al. 2019), which improves the quality of the
trained feature space for the incremental sessions. Both of
these ideas inspired our method.

Knowledge Distillation

Knowledge distillation(Hinton, Vinyals, and Dean 2015) is
a method that involves transferring knowledge from a pre-
trained model, known as the teacher model, to a new model,
known as the student model, to improve student perfor-
mance. The student model may have a different architecture
or be smaller than the teacher model, but they do not need
to be identical. Self-distillation(Lee, Hwang, and Shin 2020;
Zhang et al. 2019) is a specific case of knowledge distilla-
tion in which a single model generates soft targets that are
then used to train another identical model. In this paper, we
are the first to incorporate self-distillation into FSCIL. It can
facilitate the model to learn that the feature space will be
enriched and that knowledge can be internalized, ultimately
leading to enhanced model generalization. So we design a
Multiple Mixing Self-Distillation(M2SD) into FSCIL to get
a feature space more suitable for FSCIL.

Problem Set-Up

FSCIL comprises multiple learning sessions that are com-
pleted sequentially. During each session, the model is ex-
tended to a new subset of the dataset, while the training sub-
sets from previous sessions are inaccessible. The evaluation
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Figure 2: Our methodology framework is divided into two main parts: base session and incremental sessions. Base session are
divided into two stages. One is the general model pre-training stage, and the other is the stage of M2SD, which is composed of
two self-distillation modules. Incremental sessions have only one stage, which is classifier updating.

of the FSCIL method in each session considers all classes {z1,...,x;} € X, from the dataset DY, This stage focuses on

learned in previous and current sessions. In summary, the enabling the model to quickly assimilate the dataset’s char-

overall training process is divided into a base session and acteristics and acquire the most suitable feature space for the

multiple incremental sessions. next stage. Our model is fy(x) with a backbone ¢(x) and a
Base Session: At this session, the model receoives suf- linear classifier W.

ficient Tgajmng data from the training set Dy, = Folx) = WT(x) (1)

(2, yi),*" and is then evaluated on the test set D}, , =
(x4, yi)?:“ft. x; is an instance in the training dataset, and its
corresponding label y; € Y;. Yy is the label space of D°.
Incremental Sessions: New classes arrive incremen-
tally with insufficient instances at these sessions. A series
of datasets {D', D2, ..., DB} appearing in sequence. B
means there are a total of B incremental sessions. D® =
(24, yl)f\gf, y; € Y}, which is the label space of session b and
Y, NYy = @ for b # b'. At session b, only dataset D° can
be reached. The subset is represented as an N-way, K-shot
to form, which denotes that each session dataset is wrapped
in N classes, each class with K instances. After training the
dataset for a new session, the model should test the model
with classes from this session and all previous sessions.

J0) = =3 Les(y, WHo) @
i=1

where 6 represents ¢(x) and W parameters. m is the number
of training samples, z; is the i-th input instance from Xy, y;
is the corresponding label from base session label space Yj.

This stage is crucial in enabling successful self-distillation
operations in the subsequent stages. Without a suitable pre-
trained backbone network fy(x), models initialized with
random parameters can only impart random knowledge, ren-
dering them ineffective in supporting successful distillation.
We will demonstrate the importance of this stage and its im-
pact on the results in the subsequent ablation experiments,
shown in Table 3.

Method Multi Branch Virtual Classes Mixing Distillation
In this section, we present our framework to solve the FSCIL SAVC(Song et al. 2023), FACT(Zhou et al. 2022), and
problem. Our method consists of three stages: the first two IL2A(Zhu et al. 2021a) have both improved future pre-
are performed in the base session, and the last stage for the dictability by using virtual classes. Based on these works,
incremental sessions. The central part of our method is in we have made specific enhancements to strengthen further
Stage2. In the optimal setting, it accounts for the latter 80% the expanding effect of this virtual class on the inter-class
epochs of the base session training, and it can be explained distance within the feature space. By introducing multi-
in subsequent ablation experiments, shown in Table 3. instance, we construct virtual classes from different ensem-

ble perspectives, enabling the model to learn virtual classes

Representation Pre-training Stage that can keep feature space for future insertion of new

This stage begins the base session, and the methodol- classes.
ogy follows general deep learning. Given the abundance For our multi-branch, we utilize two different methods:
of classes {y1,...,y;} € Yp, and corresponding instances mixup(Zhang et al. 2017) and CutMix(Yun et al. 2019).
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Accuracy in each session (%)

Method
0 1 2 3 4 5 6 7 8

Finetune 61.31 27.22 16.37 6.08 2.54 1.56 1.93 2.60 1.40

iCarl(Rebuffi et al. 2017) 61.31 46.32 42.94 37.63 30.49 24.00 20.89 18.80 17.21
NCM(Hou et al. 2019) 61.31 47.80 39.31 31.91 25.68 21.35 18.67 17.24 14.17
TOPIC(Tao et al. 2020) 61.31 50.09 45.17 41.16 37.48 35.52 32.19 29.46 24.42
CEC+(Zhang et al. 2021) 72.23 66.86 63.19 60.00 57.20 54.31 51.62 49.92 48.28
ERDFR(Liu et al. 2022) 71.84 67.12 63.21 59.77 57.01 53.95 51.55 49.52 48.21
MetaFSCIL(Chi et al. 2022) 72.04 67.94 63.77 60.29 57.58 55.16 52.90 50.79 49.19
Factt(Zhou et al. 2022) 76.30 71.00 66.61 62.84 59.41 56.06 53.10 51.06 49.31
ALICE(Peng et al. 2022) 80.60 70.60 67.40 64.50 62.50 60.00 57.80 56.80 55.70
SSFE-Net(Pan et al. 2023) 72.06 66.17 62.25 59.74 56.36 53.85 51.96 49.55 47.73
WaRP(Kim et al. 2022) 72.99 68.10 64.31 61.30 58.64 56.08 53.40 51.72 50.65
CABD(Zhao et al. 2023) 74.65 70.43 66.29 62.77 60.75 57.24 54.79 53.65 52.22
GKEAL(Zhuang et al. 2023) 73.59 68.90 65.33 62.29 59.39 56.70 54.20 52.59 51.31
SAVC+(Song et al. 2023) 81.02 75.59 71.36 67.48 64.40 60.86 57.97 56.10 54.59
Ours 82.11 79.92 75.44 71.31 68.29 64.32 61.13 58.64 56.51

Table 1: This table mainly shows the performance of our method and previous work on each session on the minilmageNet.
Three of these methodstare based on our replication implementation, and the others are taken from their articles. For the other

two datasets, refer to the Appendix for specific results.

o 1 2 3 4 5 6 7 8 0 1 2 3 4
Incremental Session (CIFAR100)

—a— Finetune 4— iCarl —a— NCM TOPI —e— CEC —a— ERDFR

Incremental Session (CUB200)
4— MetaFSCIL Fact »— ALICE

6 7 8 9 10 0 1 2 3 4 5 & 1 8
Incremental Session (MINI)
e— WaRP GKEAL SAVC Ours

Figure 3: The comparison is made with the previous state-of-the-art works on three mainstream benchmark datasets in CI-
FAR100, CUB200, and minilmageNet. Our method outperforms all current methods for all sessions and achieves significant
performance improvement in the average case. Detailed figures are in Table 1 and the Appendix.

Mixup generates virtual instances by linearly interpolating
pairs of instances, focusing on producing greater diversity,
which is crucial for virtual classes. In contrast, CutMix com-
bines pairs of images by cutting and pasting, concentrating
on generating more realistic instances. Since the new classes
in the incremental sessions are real, the virtual classes need
to be authentic. The diverse and realistic branches are dis-
tilled based on the characteristics of the newly arrived class
instances in the incremental sessions. We must admit that not
every virtual instance matches our analysis above, adding
random factors to the method and making it more robust.

This stage is still part of the base session, so the dataset
used is Dy. During the same mini-batch {1, ..., 23}, b in-
dicates the size of the mini-batch. We randomly interpo-
late two different classes of instances (x;,x;), correspond-
ing y; # y; to generate two instances of two virtual classes

denoted as z¢"rtual and pyirtual,
mz])irtual — mixup(xi, .Z‘j) = )\,]j,t- + (1 _ )\)33] (3)
x%rtual = CutMiz(x;, xj) =Moz;+(1 *M)(ij 4)

A€ Ba, ) (5

where two A is the same, a random number of interpo-
lation coefficients sampled from Beta distribution. M €
{0,1}W*H is a binary mask indicating the patch’s location
cropped from the two instances. In order to get the CutMix
mask, first determine the coordinates of the bounding box
(72, Ty, Tw, n). Unif refers to Uniform Distribution.

re ~ U0+ 7y /2, W — 74, /2), 1w =Wy1-=2X\
ry ~ Unif(0 +7,/2, H —rp/2), rp=HV1—-X
(6)
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The corresponding labels of the virtual classes are y?irtual
and y});rtual.

virtual __ , virtual
I I

=y + (1 =Ny, @)

Similar to other works(Song et al. 2023; Zhou et al. 2022)
that use virtual classes, we force f(z"™) to fit the distri-
bution of virtual classes with equation(8). The virtual class
information is not directly used in the subsequent incremen-
tal sessions. However, it encourages the fy(x) to adapt to
types that have never been seen before, a characteristic of
incremental sessions.

Z[-:ce vm"tual’f ( m'r‘tual)),i — I, II (8)

It is also required that the distribution obtained from the
two virtual classes is consistent, which makes fy(x) sta-
ble and consistent in the virtual classes space composed
of multi-mixture enhancements. So Kullback—Leibler diver-
gence (Kullback and Leibler 1951) is used here.

%1 = Drr (fo(zd ™ )||(fo (7))
+DKL (f& (xil)'}rtual)H(fa( thual))

Self-Distillation with Attention Enhancement

In order to fuse features from multiple phases of the network
and obtain more discriminative features(Zhang et al. 2023a),
we designed a feature enhancement module F E(z) to per-
form self-distillation on the network.

FE(xz) = FPN(EN(¢(x))) = FPN(¢/(x)))

The first step is to use attention FN(-) to augment the fea-
ture obtained from ¢(x) and obtain high-quality features
@' (). Then multi-scale feature fusion is introduced to ob-
tain more semantic information by FPN from the attention-
enhanced virtual class features. Finally, we apply a self-
distillation module that uses the enhanced features to align
the original network features.

Attention Enhanced: To fully use the feature information
of inputs, we use the attention mechanism to enhance the
feature of each block in the ¢(x), which also helps to reduce
irrelevant information.

P(x) = [p1(x), P2(x), P3(x), Pa()] (11

Each block ¢;(x) is enhanced by an attention mechanism.
Multi-Head Self-Attention(MHSA)(Vaswani et al. 2017) is
used for the first and last layer, and Coordinate Atten-
tion(CA)(Hou, Zhou, and Feng 2021) is used for the sec-
ond and third. Using MHSA in the first block can provide
a strong foundation for later blocks to build upon, which is
particularly useful when the input data is complex. This is
the biggest characteristic of virtual classes. In the second
and third blocks, the CA selectively attends to different spa-
tial locations within the feature maps, which virtual classes
lack. Finally, in the fourth block, the network typically re-
verts to using MHSA, which can further refine and integrate
the feature learned in the previous blocks. After attention
enhancing, the feature ¢ (x), ¢ denotes the i-th block.

¢i(x) = EN(¢i(z)) = MHSA/CA(¢;(x))

&)

(10)

(12)
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Feature Fusion: To align the above feature after atten-
tion enhancement and leverage multi-scale information of
virtual class features, we use a BiFPN(Tan, Pang, and Le
2019) structure to fuse them.

T; = FPN(¢()) (13)
T; is attention-enhanced refined feature-map, ¢ denotes the
i-th block. Then, a temporary classifier W' is used to predict
the result. ,
p =W (Tiast)
p is treated as a soft label.

Attention Transfer Loss: Finally, we introduce an At-
tention Transfer Loss(Zagoruyko and Komodakis 2016) to
distillate the information between the original activation’s
attention map and the multi-scale attention-enhanced activa-
tion’s attention map generated by FE(.).

2
—at (¢i(2))|3

+Z llat (T
(15)

where at(-) is the attention map computed from the input
feature. Note that the loss function consists of two terms: the
first is the KL divergence between model output fp(z) and
soft label p from feature fusion. The second term measures
the difference between the attention maps of 7} and ¢},
N is the number of attention maps. Finally, the loss function
for our second stage is

L =LY+ Ly + Lar

(14)

Lar = Dk, (B, fo(z

(16)

Classifier Updating Stage

This stage focuses on the incremental learning process. Sim-
ilar to CEC, our method involves freezing the backbone net-
work 04 after two stages of training in the base session, re-
moving the F'FE structure, and only updating the classifier
parameter W during subsequent incremental sessions. We
consider a total of (1 + B) sessions, where 1 denotes the
base session and B denotes the B incremental sessions. To
represent each class in these datasets, we average the data
over all the instances corresponding to that class. We update
the classifier by appending these class features to the weight
matrix, i.e., Whew = [Wnew; w;,i €Y.

w; = KZH

(z;,y;) € D D is the training dataset D* k €
{0,1,..., B} that contains instances belonging to class .
|D?| is the number of instances in the D. I (y; = 4) is an
indicator function that is equal to 1 if the label of the j-th
instance is 7, and 0 otherwise. K is a normalization constant
ensuring the prototype has the same scale as the representa-
tion vectors.

= 1) b, () (17

Experiment
In this section, we evaluate our method performance on three
mainstream benchmark datasets: Caltech-UCSD Birds-200-
2011 (CUB200) (Wah et al. 2011), CIFAR100 (Krizhevsky,
Hinton et al. 2009), and minilmageNet (Russakovsky et al.
2015), the results are shown in Figure 3.
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Metric Method  Average value
. Baseline 1.35
Intra-class distance | ‘ M2SD 0.98(-27%)
. Baseline 6.49
Inter-class distance 1 ‘ M2SD 7.92(+22%)

Table 2: Based on feature vectors, our method reduces the
average intra-class distance by 27% and increases the aver-
age inter-class distance by 22% compared to the baseline.

Implementation Details

Dataset: Following the guidance of CEC, we divide each
dataset into base and incremental sessions. For CUB200, the
base session comprises 100 classes, and each of the 10 in-
cremental sessions comprises 100 classes. Each incremental
session consists of 10 classes, with 5 instances per class. For
CIFAR100 and minilmageNet, the base session comprises
60 classes, and each of the 8 incremental sessions comprises
40 classes. Each incremental session consists of 5 classes,
with 5 instances per class.

Training Details: Our implementation is based on Py-
Torch, and the choice of backbone model is determined ac-
cording to TOPIC(Tao et al. 2020): ResNet-20(He et al.
2016) for CIFAR100, ResNet-18 for CUB200 and minilm-
ageNet. The same general data augmentation methods as
other methods are used. We employ stochastic gradient de-
scent (SGD) with momentum for optimization with a learn-
ing rate le-3 and a batch size of 256 on a 4xA100 GPU.

Benchmark Comparison

We mainly compare knowledge distillation-based methods
and other SOTA methods. Our results on the three datasets
are presented in Figure 3, showing that our method out-
performs the current SOTA methods. Specifically, on the
CUB200 our method achieves an average improvement of
more than 2.0% over each stage compared to them. On the
CIFAR100, the average improvement is more than 2.1%. On
the minilmageNet, our method performs the best, which out-
performs the SOTA method by more than 3.2% on average.
Compared with the two SOTA methods based on knowledge
distillation of SSFE-Net and CABD, our method is still very
advantageous regarding accuracy across all sessions. Com-
pared with them, our method improves by 7.21% and 8.94%
per session on average.

Numerical Analysis

The effectiveness and characteristics of our method are re-
flected through the following numerical and visual analysis.

Visualization Increment: We used t-SNE(Van der
Maaten and Hinton 2008) to visualize the change in the de-
cision boundary on CIFAR100. Five classes were randomly
selected from the base session, and another five classes were
randomly selected from the incremental sessions. Figure 4a
is the incremental result of the baseline method. The base-
line method uses cross-entropy loss to train the entire base
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Base session Base session
k28
.
Few-shot Class incremental sessions Few-shot Class incremental sessions
= B # .
(a) baseline (b) ours

Figure 4: The distance coordinate scales of the two t-SNE
are the same. Part (a) is the incremental result of the base-
line method. The baseline method uses cross-entropy loss to
train the entire base session, and then the incremental ses-
sion uses our same classifier update strategy. Part (b) is the
incremental result of our method.

session, and then the incremental session uses our same clas-
sifier update strategy. Figure 4b is our method, and it can be
seen that the added classes are more naturally entered into
the feature space than the baseline method. Compared with
the baseline, our method reduces the average intra-class dis-
tance by 27% and increases the average inter-class distance
by 22%. The intra-class distance is the average distance from
the same class of data to the centroid of the class. The inter-
class distance is the minimum value between a class centroid
and other class center centroids, shown in Table 2.

Confusion Matrix: We plot the confusion matrix gener-
ated by training the model without(Figure 5a) and with our
method(Figure 5b) on CIFAR100. As we can see, our diag-
onal is brighter, whether the base class is in the early stage
or the incremental class in the later stage.

Nways-Kshots: We set the number of ways N and shots
K in {1,5,10,15,20}. A total of 25 experiments are per-
formed on the CUB200 and record the classification results
of the last incremental session, shown in Figure 5c. It can
be seen that the classifier update is insensitive to IV for the
same K. It is evident from the function of classifier update.
When the same N, the larger K classification, the better the
result, but the growth gradually decreases.

Ablation Study

The ablation experiment was set up in four parts, as shown
in Table 3. The experiments were conducted on the CUB200
with other configuration parameters unchanged.

Division of Base Session: The primary purpose of the ex-



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

ablation \ situation Accuracy in each session (%)
| stagel stage2 | 0 1 2 3 4 5 6 7 8 9 10
i 0 100% | 81.19 7559 71.48 65.82 6428 6038 5935 5733 5563 53.89 5237
ratio 50% 50% | 81.59 77.19 74.08 69.05 6890 6578 65.01 6420 62.13 61.83 60.73
80% 20% | 81.87 7746 7425 69.00 6897 66.03 6490 63.81 6254 6181 60.63
100% 0 7338 6690 63.55 58.15 57.56 5547 5440 5251 5043 4956 4835
20% 80% | 81.49 76.67 7358 68.77 6873 6578 6473 6403 6270 62.09 60.96
| virtuall  virtwal2 | 0 1 2 3 4 5 6 7 8 9 10
mixup . 81.30 76.10 7330 68.03 6844 6530 63.87 6334 6150 61.19 60.19
method | CutMix - 81.19 7559 7148 6582 6428 6038 59.35 5733 55.63 53.89 52.37
mixup  mixup | 81.66 76.69 74.01 69.34 6825 6519 6385 6251 61.64 60.56 59.49
CutMix CutMix | 81.21 7635 73.41 68.68 68.08 6510 64.15 6333 61.65 6094 59.88
mixup CutMix | 8149 76.67 73.58 68.77 68.73 65.78 64.73 64.03 6270 62.09 60.96
| FE dual | 0 1 2 3 4 5 6 7 8 9 10
FE 80.88 7578 72.19 6755 6732 6422 63.51 6273 6181 6087 60.02
v 81.25 7625 7292 6851 68.12 6478 63.68 6293 61.70 60.85 59.84
v v 81.49 76.67 73.58 68.77 68.73 65.78 64.73 64.03 62.70 62.09 60.96
\ updating 0 1 2 3 4 5 6 7 8 9 10
Classifier 81.49 7281 66.57 6132 56.83 53.00 49.57 46.60 43.96 4236 40.17
v 81.49 76.67 73.58 68.77 68.73 65.78 64.73 64.03 62.70 62.09 60.96

Table 3: Ablation study on CUB200. The first column shows the different methods used. The second column provides specific
details about the settings used for each method. The last row of each sub-table indicates the best-performing implementation

selected in this study.

True Label
True Label

0 20 40 60
Predicted Label
(a) baseline

80 100

0 20 40 60 80 100
Predicted Label s

(b) ours

Figure 5: Part(a) and Part(b) shows that the effectiveness
and accuracy of our method are improved. Part(c) primarily
shows the impact of classifier updating, which is not sensi-
tive to the incremental increase in the number of classes.

periments here is to demonstrate the necessity of the pre-
train stage and its trade-off with our method in the base ses-
sion.

We have set the ratio of pre-training and our method based
on epochs. As shown in the first part of Table 3, it is clear
that our method directly leads to the worst results without
pre-training the model. The average performance is 0.5%
lower in the base session and 8% lower in the final session.
It can also be seen that the larger the ratio, the better the
performance in the early stages, while the later performance
gets worse. To average the overall performance, we choose
the ratio of 20%:80%.

Multiple Mixing Self-Distillation: As shown in the first
part of Table 3, when stagel ratio is 100%, it is equivalent
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to not using our self-distillation method. Comparing with
our final results, we can see that our method has an average
increase of 10% per session. It can reflect the effectiveness
of our self-distillation method.

Multi Branch Virtual Classes Mixing Distillation: As
shown in the second part of Table 3, the ablation experiments
for this aimed to investigate the necessity of dual branches
and the choice of virtual class construction method for each
branch. Using mixup alone to construct virtual classes yields
good results. However, when using CutMix alone, the last
session decreased by 8.4% compared to our method. The
improvement in the base session through virtual classes con-
structed by CutMix is similar to the mixup. However, Cut-
Mix drops much faster in the incremental sessions than in
the mixup. It shows that the feature space obtained by Cut-
Mix training is unsuitable for FSCIL. However, combining
CutMix and mixup with distillation can further improve the
gain of virtual class features brought by mixup to FSCIL
while avoiding the negative impact of CutMix.

We also compared dual branches using the same virtual
class construction method. The experimental involved sam-
pling different lambda values and randomly selecting two
different classes. It was found that no other combination is
better than ours.

Self-Distillaton with Attention Enhancement: The re-
sults in the third part of Table 3 showed that the dual-
branch the virtual class structure provided an average boost
of 1.15% per session, while the feature enhancement struc-
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ture provided an average boost of 0.79% per session. The
attention enhancement module demonstrated the most sig-
nificant improvement between the two experiments.

Classifier Learning: In the fourth part of the Table 3, we
can see that if we do not empty the original W parameters
directly into the incremental session classification, there is
a significant impact on the subsequent classification effect.
From session 1 lags behind 3.86%, the lagging magnitude
increases until the last session lags behind 20.79%, with an
average drop of 13.49% per session. It can be seen that the
use of classifier updates is essential.

Conclusion

To solve the FSCIL problem, we first employ dual-branch
virtual class distillation to expand the feature space. This ex-
pansion enables it to accommodate both current and future
classes, which we have verified through numerical and vi-
sual methods. Furthermore, we employ feature enhancement
and self-distillation to fully utilize the virtual class feature
and enhance the compatibility of the feature space. These
methods allow us to obtain a feature space suitable for the
FSCIL. Experimental results on three datasets demonstrate
that our approach leads to significant session accuracy gains,
indicating the effectiveness of our M2SD.
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