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a b s t r a c t

The long-tailed distribution in the dataset is one of the major challenges of deep learning. Convolu-
tional Neural Networks have poor performance in identifying classes with only a few samples. For this
problem, it has been proved that separating the feature learning stage and the classifier learning stage
improves the performance of models effectively, which is called decoupled learning. We use soft labels
to improve the performance of the decoupled learning framework by proposing a Dynamic Auxiliary
Soft Labels (DaSL) method. Specifically, we design a dedicated auxiliary network to generate auxiliary
soft labels for the two different training stages. In the feature learning stage, it helps to learn features
with smaller variance within the class, and in the classifier learning stage it helps to alleviate the
overconfidence of the model prediction. We also introduce a feature-level distillation method for the
feature learning, and improve the learning of general features through multi-scale feature fusion. We
conduct extensive experiments on three long-tailed recognition benchmark datasets to demonstrate
the effectiveness of our DaSL.

© 2022 Elsevier Ltd. All rights reserved.
1. Introduction

With the continuous development of deep learning, Convo-
utional neural networks (CNNs) have made significant break-
hroughs in many fields of computer vision. One of the important
easons is the construction of rich image datasets in different
ields, such as ILSVRC 2012 (Russakovsky et al., 2015) for image
ecognition, MS COCO (Lin et al., 2014) for object detection,
nd Places (Zhou, Lapedriza, Khosla, Oliva, & Torralba, 2018) for
cene recognition. These artificially constructed datasets usually
onsider the problem of class balance when collecting samples,
o ensure that the number of images of different categories in
he dataset is less different. However, in the real world, the
umber of samples in different categories is usually imbalanced.
few categories (also known as the head categories) occupy a

arge number of samples, and most categories (also known as
he tail categories) can only occupy a small number of samples,
hich is called the long-tailed distribution. In recent years, the
omputer vision community has released more and more datasets
hat reflect the long-tail distribution, such as iNaturalist (Cui,
ong, Sun, Howard, & Belongie, 2018) and LVIS (Gupta, Dollár, &
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Girshick, 2019). This kind of distribution appears in many prac-
tical applications. If we directly use general training strategies to
train models, it will cause significant performance degradation.
Because the model shows a bias towards the head categories, the
recognition accuracy of the tail categories is affected.

Many works have tried to solve this problem. Some works
use re-balancing methods to alleviate the model’s bias towards
head categories. Such methods are generally divided into two
categories: re-sampling (Buda, Maki, & Mazurowski, 2018; Byrd
& Lipton, 2019; Chawla, Bowyer, Hall, & Kegelmeyer, 2002; Jap-
kowicz & Stephen, 2002) and re-weighting (Cao, Wei, Gaidon,
Aréchiga, & Ma, 2019; Dong, Gong, & Zhu, 2017; Lin, Goyal,
Girshick, He and Dollár, 2017; Zhang, Fang, Wen, Li, & Qiao, 2017).
The re-sampling method builds a more balanced data distribution
by oversampling the head categories or undersampling the tail
class, while the re-weighting method adjusts the weight of the
tail categories in the objective function to make the model pay
more attention to the tail categories. However, if the re-balancing
method is used directly, it may have a negative impact on the
model to learn a general feature representation. Therefore, some
studies (Kang et al., 2020; Zhou, Cui, Wei, & Chen, 2020) separate
feature representation learning and classifier learning by decou-
pled learning to achieve a good performance. These methods only
use the re-balancing method in the classifier learning stage, and
still use the instance-sampling method in the feature learning

stage.
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Fig. 1. Comparison of various soft labels generation methods. (a) Label Smoothing. (b) Online Label Smoothing. (C) Our proposed method, Dynamic Auxiliary Soft
abel.
However, most of the existing decoupled methods use hard
abels to supervise the two-stage learning. We argue that using
ard labels is not the best way to learn feature representa-
ion (Müller, Kornblith, & Hinton, 2019), and the use of hard
abels in the learning stage of the classifier will increase the over-
onfidence of the head categories and aggravate the bias of the
odel for the head categories. Some recent studies (He, Wu, &
ei, 2021) have shown that if the label distribution becomes flat-

er than the original label distribution, it will help the model learn
he under-represented tail categories. It uses knowledge distil-
ation (Hinton, Vinyals, & Dean, 2015) to supervise the student
odel through a re-balancing teacher model, and has achieved
significant improvement on the long-tail distributed dataset.
ut the student model still uses a single-stage training method.
e try to find a suitable flat distribution to improve the model
erformance in both the feature representation stage and the
lassifier learning stage.
A simple attempt is to use Label Smoothing (Szegedy, Van-

oucke, Ioffe, Shlens, & Wojna, 2016) to generate soft labels in
oth stages to increase the proportion of the tail categories in the
abels. However, the experiments have proved that it has an ad-
erse effect on the performance of the model. One possible reason
s that when Label Smoothing generates soft labels, the uniform
istribution strategy exacerbates the model’s bias towards head
ategories. Although Online Label Smoothing (Zhang et al., 2020)
roved that the model itself can be used to generate labels with
more reasonable distribution. However, the prediction of the
odel learned in the first stage is biased, while the representa-

ions will be kept fixed in the classifier learning stage. Based on
he above reasons, if the model learned in the first stage is directly
sed to generate the labels for the second stage, the generated
oft labels will also be biased. For the long-tail distribution, due
o the model’s bias towards head categories, as well as the sepa-
ation of feature representation learning and classifier learning in
ecoupled learning, the existing Label Smoothing method cannot
enerate effective soft labels for the two stages of decoupled
earning at the same time.

In order to generate effective soft labels for decoupled learn-
ng, we propose a simple and novel method to generate soft
abels dynamically, named Dynamic Auxiliary Soft Label (DaSL).
he core idea is to design a general auxiliary model that provides
oft labels for training of both two stages. Without changing the
tructure and learning strategy of the original model, the auxiliary
odel generates additional labels with flatter distributions for all

ts supervised learning stages. Specifically, our auxiliary model
akes the feature maps of the original model as input to gener-
te soft labels online. During the training process, our auxiliary
odel also uses instance-balanced sampling in the first stage,
nd re-balancing in the second stage. But in the second stage the
133
representations are not fixed so that the auxiliary model can gen-
erate soft labels for feature representation learning and classifier
unbiased learning for the two stages. We design the connection
way between the original model and the auxiliary model. In order
to improve the feature representation learning of the original
model, we introduce multi-scale fusion features to the auxiliary
network to supervise the feature learning of the original model.
We demonstrate that our method not only assists the original
model to learn feature representations with smaller intra-class
variance in the first stage, but also alleviates its bias towards the
head categories and improves the recognition accuracy of the tail
categories. Fig. 1 shows the difference between our method and
existing soft labels generation methods.

In this paper, we have three key contributions:

• For the problem of long-tail recognition, we propose a Dy-
namic Auxiliary Soft Label method, which uses an auxiliary
model to generate soft labels for decoupled learning. The
feature representation learning and classifier learning of the
original model can be improved at the same time.

• In order to improve the general feature representation of
the original model, we design a feature-level self-distillation
method that uses multi-scale fusion features to supervise
the feature learning of the original model.

• We demonstrate the effectiveness of our DaSL model on
multiple long-tail recognition benchmark datasets, and use
visualization methods to demonstrate that our method is
beneficial to the general feature representation of the orig-
inal model.

2. Related works

There are four mainstream methods for dealing with long-tail
recognition problems, Re-sampling based, Cost-sensitive based,
Decoupled Learning based, and Transfer-learning based methods.
In this section we will briefly review the existing methods for
long-tail recognition and Label Smoothing.

Re-sampling based methods A classic method to solve long-
tailed recognition is based on the Re-sampling method, which
uses a more balanced data distribution to reduce the bias of the
model to the head categories. The method based on re-sampling
has two main parts, which are the over-sampling of the tail
categories (Buda et al., 2018; Byrd & Lipton, 2019; Shen, Lin, &
Huang, 2016) and the undersampling of the head categories (He
& Garcia, 2009; Japkowicz & Stephen, 2002). There are also some
works (Chu, Bian, Liu, & Ling, 2020a; Liu, Sun, Han, Dou, & Li,
2020; Yin, Yu, Sohn, Liu, & Chandraker, 2019a) to implement
re-sampling by data augmentation of tail categories in feature
space. Recently, studies (Chou, Chang, Pan, Wei, & Juan, 2020; Liu,
Li, Kang, Hua, & Vasconcelos, 2021; Zhang, Wei, Zhou and Wu,
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021) proved that using appropriate data augmentation methods
an improve the model’s ability to deal with long-tailed distri-
utions, especially Mixup (Zhong, Cui, Liu, & Jia, 2021). However,
he Re-sampling method may lead to overfitting of the tail cat-
gories (Cui, Jia, Lin, Song, & Belongie, 2019) and reduce the
eneralization of the model.
Cost-sensitive based methods The cost-sensitive method (also

alled the re-weighting method) reduces the model’s recognition
rror rate for the tail categories by assigning more cost to the
ail categories when calculating the loss function. A simple idea
s to use the number of samples contained in different categories
o determine the assigned weight. Cost-sensitive softmax cross
ntropy loss (Japkowicz & Stephen, 2002) weights the loss func-
ion by the number of real samples. Cui et al. (2019) used the
umber of effective samples to achieve re-weighting. Another
ay is to focus on difficult samples (Li, Liu, & Wang, 2019; Lin,
oyal, Girshick, He, & Dollár, 2020), and improve the performance
f the model by increasing the error cost of difficult samples. This
ind of methods are usually on sample-level. There are also some
orks (Tan et al., 2020; Wang et al., 2020) to reduce the adverse
ffect of the head categories on the tail categories by correcting
he negative gradient in the back propagation process.

Decoupled-Learning based methods The decoupled learning
ethod separates the model’s feature representation learning and
lassifier learning. Kang et al. (2020) found that using the re-
alance method in the classifier learning stage and fixing the rep-
esentations can significantly improve the model performance.
hou et al. (2020) also discovered this rule at the same time. They
esigned a Bilateral-Branch Network to learn feature representa-
ion and classifier respectively, and used the Cumulative Learning
o smoothly merge the two branches. However, both methods
sed hard labels to supervise the two-stage training. Several
ecent studies improved the single learning stage of decoupled
earning (Chu et al., 2020a; Wang et al., 2020; Zhang, Li, Yan,
e and Sun, 2021). Zhong et al. (2021) proposed label-aware
moothing strategy to optimize the classifier learning stage. As a
omparison, our paper attempts to use soft labels to optimize the
wo-stage training under the framework of decoupled learning.

Transfer-learning based methods In solving the problem that
he tail categories has fewer samples and cannot be fully learned,
n idea of transfer learning based method is to transfer the
odel’s knowledge learned from the head categories to the tail
ategories (Liu et al., 2019; Wang, Ramanan, & Hebert, 2017;
iang, Ding, & Han, 2020; Yin, Yu, Sohn, Liu, & Chandraker,
019b). Another idea is to use multiple data groups with more
alanced data distribution to train different experts, then transfer
he knowledge of experts (Xiang et al., 2020). Recently, there are
ome studies using the meta learning to deal with long-tailed
ecognition (Jamal, Brown, Yang, Wang, & Gong, 2020; Lee et al.,
020; Li et al., 2021). Knowledge distillation has been proved
o be effective in solving long-tail problems (He et al., 2021; Li,
ang and Wu, 2021). He et al. (2021) proposed the DiVE, using

he model trained by the Virtual Examples with flat distribution
s the teacher model. Similar to DiVE, our method embodies
he idea of knowledge distillation, and also treats the generation
f flat labels as Label Distribution Learning. The difference is
hat our proposed soft labels generation method is based on
ecoupled learning, and uses the feature map of the auxiliary
odel to supervise the original model, which can be regarded as
feature-level self-distillation method.
Label Smoothing Label Smoothing (Szegedy et al., 2016), as

a simple and effective method to generate soft labels for model
training, improves the generalization performance of the model
on many recognition tasks. Müller et al. (2019) used a visu-
alization method to show that Label Smoothing can help the

model learn a more compact feature representation. Zhang et al.

134
(2020) designed Online Label Smoothing to use the model of the
last epoch to predict the current label distribution, replacing the
uniform distribution used in general Label Smoothing. It can be
regarded as a label-level self-distillation method (Kim, Ji, Yoon
and Hwang, 2020). Shen et al. (2021) proved that the use of Label
Smoothing in the single-stage model has an adverse effect on
long-tail recognition. Our model also explores the impact of soft
labels on long-tail recognition. The difference is that our model
can generate auxiliary soft labels for the two-stages training
in decoupled learning, and improve the feature representation
learning and classifier learning of decoupled learning at the same
time.

3. Methodology

Our model is called Dynamic Auxiliary Soft Label (DaSL). In this
section, we first review the related methods of Label Smoothing,
and introduce some of our attempts based on existing Label
Smoothing methods in Section 3.1. Then we introduce our DaSL
model in Section 3.2. Fig. 2 shows the overview of DaSL. Our
model is also based on the decoupled learning. We will sep-
arately introduce the feature representation learning stage in
Section 3.2.1, the classifier learning stage in Section 3.2.2 and the
auxiliary network we designed in Section 3.2.3.

3.1. Study of label smoothing for decoupled learning

Kang et al. (2020) and Zhou et al. (2020) found that for the
long-tail recognition problem, if the feature learning stage and
the classifier learning stage of the model are disassembled, the
model prediction accuracy will be significantly improved. Based
on this discovery, Kang et al. (2020) proposed a simple and
effective method called Classifier Re-training (cRT). Specifically,
in the first stage, the feature learning network and classifier of
the model are trained using instance-based sampling, with the
goal of learning a general feature representation. In the second
stage, the representations are fixed, then we use the re-sampling
method to train the classifier from scratch, in order to learn a
classifier with less bias towards the head categories. Both stages
use hard labels to supervise the feature representation network
and classifier. We argue that using hard labels in these two
stages is not the best choice. The study of Müller et al. (2019)
shows that soft labels can improve the model in the feature
space, to make clusters of the same categories more compact and
clusters of different categories more dispersed, and it can reduce
the model’s overconfidence in the sample prediction. Clusters of
different categories in the feature space become more dispersed,
which is considered as a better general feature representation,
and this decrease in overconfidence helps to reduce the model’s
bias towards the head categories in the second stage. Based on the
above two reasons, we believe that the supervised signal based
on soft labels is more suitable for decoupled learning than hard
labels.

We try to generate suitable soft labels for the decoupled
learning framework. We first consider Label Smoothing (Szegedy
et al., 2016), a simple soft labels generation method for recog-
nition problems. For an image classification task with K cat-
egories, we have a training dataset with n samples Dtrain =

{(x1, y1), (x2, y2), . . . , (xn, yn)}, where xi is an image, yi is the
correct categories corresponding to the image xi, where yi ∈

{1, 2, . . . , K }. For each sample (xi, yi), if we use hard labels, it
means that the label yi is encoded by one-hot encoding. It con-
verts the scalar yi into a vector y i, where y i ∈ RK , y i =

1 2 K j
(qi , qi , . . . , qi ), where qi ∈ {0, 1}. If the label yi = k, then there is
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Fig. 2. Our framework for long-tailed recognition, Dynamic Auxiliary Soft Label (DaLS). An auxiliary network is designed to generate auxiliary soft labels for the two
raining stages. The stage 1 is the feature representation learning stage, and stage 2 is the classifier learning stage.
j=k
i = 1, and there is qj̸=k

i = 0. Label Smoothing (Szegedy et al.,
016) changes the encoding method for the vector y i as

j
i =

{
1 − ε if j = k
ε/(K − 1) otherwise .

(1)

ε is a small constant used to adjust the smoothing ratio of
he soft labels, usually with ε = 0.1. We use Label Smoothing in
he first stage, the second stage, and the two stages of decoupled
earning. We find that Label Smoothing has an adverse effect
n the model, the experimental results of which are shown in
ection 4.4.5. This simple soft labels method does not have a
ositive impact on the model. The possible reason is that Label
moothing will use uniform distribution when assigning labels
o non-label classes. This uniform distribution intensifies the
odel’s bias towards head categories. Therefore, we consider
sing a non-uniform soft labels generation method.
Zhang et al. (2020) considered the true relationship between

ifferent categories and designed Online Label Smoothing (OLS),
hich is a non-uniformly distributed soft labels generation
ethod. It defines a soft labels matrix S, where S ∈ RK×K ,
= {S1, S2...SK }, where one column Si in S corresponds to ith

categories of soft labels. OLS uses the model learned in the last
epoch to generate the soft labels needed for this epoch. For the
sample (xi, yi), if the prediction is correct, the soft labels matrix
will be updated:

Styi,k = Styi,k + Mlast (k | xi) . (2)

k is the true label of the sample, and Mlast is the model after
the last epoch parameter update. After the current epoch is over,
OLS normalizes the soft labels matrix for supervised training in
the next epoch:

Lsoft = −

K∑
k=1

St−1
yi,k

· log p (k | xi) . (3)

We will also try the compatibility between OLS and decoupled
learning. We apply OLS to the first stage and the both stages in the
cRT. We found that OLS had unfavorable or insignificant effects on
the model. The experimental results are shown in Section 4.4.5.
From the perspective of decoupled learning, the reason why OLS
is not applicable, is that cRT freezes the parameters of the feature
representation network in the second stage. The feature indicates
that the network has a great influence on the generation of
soft labels. Therefore, the general feature representation is not
suitable for generating soft labels for the second stage.
135
Based on the above two parts of the experiment, we judge that
if we want to generate a suitable soft labels for the decoupled
learning framework, we need to consider two factors. First, an
adaptive method should be used to generate soft labels instead
of using uniformly distributed soft labels. Second, in the pro-
cess of label generation, the difference between the two training
processes should be considered. Based on the above two consider-
ations, we propose a method of dynamically generating auxiliary
soft labels using an auxiliary network to generate soft labels for
the two-stage training.

3.2. Dynamic auxiliary soft label

3.2.1. Representation learning stage
The Dynamic Auxiliary Soft Label model consists of three parts.

In addition to the feature representation network RN and the
classifier C under the decoupled learning framework, we have
designed an auxiliary network AN for the two-stage training
to generate auxiliary soft labels. Due to the different training
methods of the two stages, the auxiliary network has different
characteristics in the two stages, and the corresponding soft
labels can be generated for the feature representation network
and the classifier of the original network in the two stages. The
study by Furlanello, Lipton, Tschannen, Itti, and Anandkumar
(2018) showed that self-distillation can use predictions of model
to find correlations between categories. Our auxiliary network is
similar to a teacher network, but without the complex ensemble
structure. The auxiliary network structure will be introduced in
Section 3.2.3.

In the representation learning stage, we use an instance-
sampling method to train the feature representation network,
classifier and auxiliary network at the same time. The groundtruth
of the sample uses the form of hard labels to supervise the origi-
nal network and auxiliary network. The auxiliary network uses
intermediate feature maps to provide feature-level distillation
for the feature representation network of the original network,
and uses the generated soft labels to provide label-level auxiliary
supervision for the classifier. Using two levels of supervision
information helps the feature representation network learn a
better general feature representation.

Specifically, in the representation learning stage, for an input
sample (xi, yi), we use the feature representation network RN
to extract the feature maps of each layer of the input image xi,
RN(xi) = [F 1

i , F 2
i , . . . , F B

i ], where B is the number of convolutional
block layers used by RN . The classifier C uses the last layer
of features F B to predict the result, and obtains the prediction
i
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istribution sc = (s1c , s
2
c , . . . , s

K
c ). We use the cross-entropy loss

unction to supervise the model using one-hot encoding of real
abels:

gt2c(y i, sc ) = −

K∑
j=1

yji log s
j
c . (4)

After that, the auxiliary network uses the feature maps ex-
tracted by the feature representation network, [F 1

i , F 2
i , . . . , F B

i ].
Then we get the auxiliary features [FA1

i , FA
2
i , . . . , FA

B
i ] and the

predicted distribution of the sample sa = (s1a, s
2
a, . . . , s

K
a ). The

auxiliary feature FAb
i corresponds to the original feature F b

i layer
by layer. We also use the one-hot encoding of the groundtruth to
supervise the auxiliary network:

Lgt2a(y i, sa) = −

K∑
j=1

yji log s
j
a. (5)

In order to realize the improvement of feature representa-
tion learning by soft labels, we use the auxiliary network pre-
diction distribution as the auxiliary soft labels of the original
network for supervision. We refer to the loss function in Knowl-
edge Distillation (Hinton et al., 2015), set the temperature co-
efficient T , and transform sa and sc into s̃a and s̃c , where s̃ia =

exp
(
sia/T

)
/
∑

j exp
(
sja/T

)
. The transformation of s̃ic is the same,

and the loss function method of the auxiliary soft labels is as
follows:

La2c(sa, sc ) =

K∑
j=1

˜sja log
˜sja
˜sjc

. (6)

Since the auxiliary network distills the feature maps of each
layer in the original model, similar to the feature-level knowledge
distillation, we refer to the method of Zagoruyko and Komodakis
(2017) to establish the supervision between the auxiliary network
features and the original network features:

La2r(FA, F ) =

D∑
j=1

 Tr(Fj)Tr(Fj)2

−
Tr(FAj)Tr(FAj)


2


2

. (7)

The transformation Tr is a kind of attention mapping
(Zagoruyko & Komodakis, 2017). We use Tr(Fb) =

∑Ch
i=1

⏐⏐F i
b

⏐⏐p,
where Ch is the number of channels in the feature map. We can
get the auxiliary network’s supervision to the original network
as:

La2cr(sa, sc , FA, F ) = La2c(sa, sc ) + βLa2r(FA, F ). (8)

In the feature representation learning stage, we can construct
the objective function as:

LRepL = Lgt2c(y i, sc ) + Lgt2a(y i, sa) + La2cr(sa, sc , FA, F ). (9)

We use LRepL to realize the supervision of the real label on
the original network and the supervision of the auxiliary network
on the original network at the same time. The latter supervision
includes label-level and feature-level, to improve the feature
representation network for general feature learning.

3.2.2. Classifier learning stage
In the classifier learning stage, we get the representations, and

use the re-balance method to train the classifier and auxiliary
network. In the process of re-balance, we choose to use class-
balanced sampling (Kang et al., 2020) for re-sampling, so that
each class j has the same probability pj of being selected.

pj =
nq
j∑K q . (10)
i=1 ni

136
ni is the number of samples in the ith categories, and we define
q = 0. It can be regarded as a two-stage sampling. First, a category
is uniformly selected from the class set, and then an instance is
uniformly sampled from the categories.

Different from the representation learning stage, the parame-
ters of the feature representation network have been fixed. Thus,
the auxiliary network does not need to perform feature-level
feature supervision on the feature representation network, but
only includes the supervision of its soft labels on the classifier:

La2cr(sa, sc ) = La2c(sa, sc ). (11)

We use one-hot encoded groundtruth to supervise the original
etwork classifier and auxiliary network. Therefore, the objective
unction of the classifier learning stage can be constructed as:

ClaL = Lgt2c(y i, sc ) + Lgt2a(y i, sa) + La2cr(sa, sc ). (12)

In the classifier learning stage, we use soft labels to reduce the
verconfidence of the model prediction, so that the targets are
latter (He et al., 2021). Moreover, the model’s bias is alleviated
or the head categories.

.2.3. Auxiliary model
Our auxiliary network is to provide suitable auxiliary super-

ision information for the two stages of decoupled learning, in-
luding label-level supervision and feature-level supervision. The
nput of the auxiliary network is the feature map of each layer
xtracted in the feature representation network [F 1

i , F 2
i , . . . , F B

i ],
o get the predicted soft distribution sa = (s1a, s

2
a, . . . , s

K
a ) of

he sample xi. Furthermore, we use the middle feature layer to
upervise the feature representation network.
In order to let the auxiliary network get more effective middle

ayer features, we use the multi-scale feature fusion method. We
efer to the existing multi-scale feature fusion methods, FPN (Lin
t al., 2017), PANet (Liu, Qi, Qin, Shi, & Jia, 2018), and BiFPN (Tan,
ang and Le, 2020). We design three kinds of auxiliary network
esigns, that include Single-way fusion structure, two-way fusion
tructure, and complex two-way fusion structure. The specific
tructures are shown in Fig. 3.
Single-way fusion structure: The Single-way fusion structure

nly has one path from low-level features to high-level features,
hich is a bottom-up path. The auxiliary network with Single-
ay fusion structure includes two sets of convolution ConvL1,
onvL2 and a classifier. ConvL1, ConvL2 contain B convolution op-
rations respectively, for example ConvL1 = [Conv1

L1, Conv
2
L1, . . . ,

onvB
L1]. For the features of each layer, we use first convolution

onvL1 for processing, and then use ConvL2 to form a bottom-up
usion path. The output of ConvB

L2 is finally used to predict the
eatures of the soft labels, and the features of each layer of ConvL2
re used to distill the features of the original network.
Two-way fusion structure: The two-way fusion structure is

ased on the one-way fusion structure, with a path added from
igh-level features to low-level features, which is a top-down
ath. Specifically, we add a set of convolution operations, includ-
ng ConvL1, ConvL2 and ConvL3. We use ConvL1 for preliminary
rocessing of the original input features, and then implement
top-down fusion path on ConvL2. Finally, bottom-up fusion is

ealized on ConvL3, and each layer feature of ConvL3 is used to
upervise the original network.
Complex two-way fusion structure: The complex two-way

usion structure is based on the two-way fusion structure. It
lso uses three sets of convolution ConvL1, ConvL2 and ConvL3
hich increases Cross-Scale Connections (Tan, Pang et al., 2020),
nd weighted skip connection. For the intermediate convolutional
ayer, we no longer directly use the output of ConvL1 as the input
f the convolution, but use Cross-Scale Connections to achieve
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Fig. 3. Illustration of three auxiliary network structures considered in this paper. (a) Single-way fusion structure. (b) Two-way fusion structure. (c) Complex two-way
usion structure.
op-down fusion. The specific operations of ConvL2 are as follows:

onvi
2 = Conv(wC2

i,1 · Convi
1 + wC2

i,2 · Resize
(
Convi+1

2

)
). (13)

At the ConvL3 layer, we use the structure of skip connections
nd weight the fusion features to achieve bottom-up fusion. The
pecific operations of ConvL3 are as follows:

Convi
L3 = Conv(wC3

i,1 · Convi
L1 + wC2

i,2 · Convi
L2

+wC3
i,3 · Resize

(
Convi−1

L3

)
).

(14)

We also use the features of each layer of ConvL3 to supervise
the original network. In Section 4.4.2, we introduce the com-
parative experimental results of the three structures in detail,
which indicates the auxiliary network with the complex two-way
structure has the best performance.

4. Experiments

We demonstrate the effectiveness of our DaSL on multiple
long-tail datasets, with the datasets and implementation details
in Section 4.1, our comparison method in Section 4.2, our main
experimental results in Section 4.3, and a series of results of our
ablation experiments in Section 4.4. Finally, we further analyze
our DaSL model in Section 4.5.

4.1. Datasets and implementations

We evaluate our model on the following three datasets, in-
cluding CIFAR-10-LT, CIFAR-100-LT and ImageNet-LT.

4.1.1. Datasets
CIFAR-10-LT & CIFAR-100-LT CIFAR-10 and CIFAR-100 are

both typical datasets for image classification tasks containing 10
classes and 100 classes respectively. They both have 50000 sam-
ples for training and 10000 samples for verification. We use the
long-tailed version of two datasets. The sampling method follows
the previous work (Cao et al., 2019), by setting the imbalanced
factor IF to adjust the imbalance of the training samples in the
dataset. IF = Nmin/Nmax, where Nmin and Nmax represent the
number of samples with the smallest and largest sampling rate,
respectively. For the two datasets, we set IF ∈ {10, 50, 100}.

ImageNet-LT ImageNet-LT is a long-tail version of ImageNet.
The sampling method follows the previous work (Liu et al., 2019),
using the Pareto distribution with the power value α = 6 for
sampling. ImageNet-LT contains 115846 images for training, with
a total of 1000 categories. Among them, the maximum sample
size of the same categories is 1280, and the minimum is 5, so the

imbalanced factor is 256.
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iNaturalist 2018 iNaturalist 2018 is a large-scale real-world
dataset for species classification, which suffers from extremely
imbalanced label distribution. It is composed of 437513 im-
ages from 8142 categories. Besides the severe long-tail problems,
iNaturalist 2018 also faces the fine-grained problem.

4.1.2. Implementation details
For CIFAR-10-LT and CIFAR-100-LT, we use ResNet-32 as the

backbone, set the batch size to 128, use SGD with 0.9 moment to
train the model, set the initial learning rate to 0.2, and set weight
decay to 2e–4. A total of 200 epochs are trained, including 160
epochs for the first stage training and 40 epochs for the second
stage training. For the first stage, we use warmup in the first 5
epochs, and use 0.1 attenuation at the 140th and the 150th epoch.
For ImageNet-LT, we use ResNet-10 as the backbone, set the batch
size to 512, and also use SGD with 0.9 moment to train the model,
set the initial learning rate to 0.2. We train a total of 100 epochs,
including the first stage training for 90 epochs, the second stage
training for 10 epochs. For the first stage, we use 0.1 attenuation
at the 60th and the 80th epoch, and do not use warmup. For the
two datasets, when the auxiliary network supervises the original
network, we both set β = 100. Our training for backbone is done
from scratch, and after backbone, we use GAP structure to reduce
the feature dimension. For fair comparisons, we also use ResNeXt-
50 as the backbone. We train our model for 90 epochs with batch
size 256. For iNaturalist 2018, we use ResNet-50 as the backbone,
use SGD to train the model, set the initial learning rate to 0.2. We
train a total of 90 epochs, including the first stage training for 80
epochs, the second stage training for 10 epochs. For the first stage,
we use 0.1 attenuation at the 30th and the 60th epoch, and also
do not use warmup.

4.2. Comparison methods

In this section, we define baseline methods and briefly intro-
duce the model for comparison.

Baseline methods This paper uses the decoupled learning
model as the baseline. In the first stage it uses instance-based
sampling for training, and in the second stage it uses the class-
balance-based balanced sampling method for training. Both stages
use cross entropy as the loss function.

Competing methods We also compare our model with the
latest models of different kinds, including re-weight based meth-
ods: Focal (Lin et al., 2020), Class-Balanced Loss (Cui et al.,
2019), LDAM-DRW (Cao et al., 2019), BSCE, transfer learning
based methods: LDAM-M2 m (Kim, Jeong et al., 2020), Meta-
learning (Jamal et al., 2020), decoupled learning based methods:
BBN (Zhou et al., 2020), LWS (Kang et al., 2020), and some other
methods: TDE (Tang, Huang, & Zhang, 2020) and FSA (Chu, Bian,
Liu, & Ling, 2020b).
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Table 1
Top-1 accuracy (%) for ResNet-32 based models trained on CIFAR-10-LT.
CIFAR-10-LT

Models IF = 10 IF = 50 IF = 100

Focal (Lin et al., 2020) 86.66 76.71 70.38
Class-balanced loss (Cui et al., 2019) 86.40 77.73 72.11
LDAM-DRW (Cao et al., 2019) 88.16 81.27 77.03
MW-Net (Shu et al., 2019) 87.84 80.06 75.21
LDAM-M2 m (Kim, Jeong and Shin, 2020) 87.5 – 79.1
BBN (Zhou et al., 2020) 88.32 82.18 79.82
Meta-learning (Jamal et al., 2020) 88.37 82.88 78.90

Baseline + mixup 88.01 83.52 78.90
DaLS 89.21 84.43 79.91
Table 2
Top-1 accuracy (%) for ResNet-32 based models trained on CIFAR-100-LT.
CIFAR-100-LT

Models IF = 10 IF = 50 IF = 100

Focal (Lin et al., 2020) 56.51 42.41 38.35
Class-balanced loss (Cui et al., 2019) 54.87 38.57 32.65
LDAM-DRW (Cao et al., 2019) 58.71 46.62 42.04
BSCE 58.38 47.60 42.39
BBN (Zhou et al., 2020) 59.12 47.02 42.60
TDE (Tang et al., 2020) 59.60 50.30 44.10
DiVE (He et al., 2021) 62.00 51.13 45.35
SSD (Li, Wang et al., 2021) 62.30 50.50 46.00

Baseline + mixup 60.42 50.72 45.80
DaLS 61.34 51.90 47.68
Table 3
Top-1 accuracy (%) for ResNet-10/ResNeXt-50 based models trained on
ImageNet-LT.
ImageNet-LT

Models ResNet-10 ResNeXt-50

OLTR (Liu et al., 2019) 35.60 46.70
LWS (Kang et al., 2020) 41.40 49.90
LFME+OLTR (Xiang et al., 2020) 38.80 47.00
FSA (Chu et al., 2020a) 35.20 –
BALMS (Ren et al., 2020) 41.80 –
MiSLAS (Zhong et al., 2021) – 51.40

Baseline + mixup 39.01 48.82
DaLS 42.43 51.71

Table 4
Top-1 accuracy (%) for ResNet-50 based models trained on iNaturalist 2018.
iNaturalist 2018

Models Top1 Acc

CB-Focal (Cui et al., 2019) 61.12
LWS (Kang et al., 2020) 65.90
FSA (Chu et al., 2020a) 65.91
Meta-learning (Jamal et al., 2020) 67.55
BBN (Zhou et al., 2020) 66.29
BBN(2× ) (Zhou et al., 2020) 69.62
DaLS 67.83

4.3. Main results

Results on CIFAR-10-LT & CIFAR-100-LT For the two datasets
IFAR-10-LT and CIFAR-100-LT, we carried out extensive exper-
ments under different imbalanced factor settings, with IF =

0, 50, 100. The experimental results of CIFAR-10-LT are summa-
ized in Table 1, and the experimental results of CIFAR-100-LT are
ummarized in Table 2. The experimental results show that our
roposed DaSL has better performance on the CIFAR-LT dataset
ompared with existing methods under different imbalanced fac-
ors. (see Fig. 4).
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Table 5
Top-1 accuracy (%) on CIFAR-100-LT. We use DaSL in different stages of
decoupled learning.
CIFAR-100-LT

Models IF = 10 IF = 50 IF = 100

Baseline + mixup 60.42 50.72 45.80
Only 1-sta 60.80 51.42 46.92
Only 2-sta 60.93 51.60 47.21
1-sta & 2-sta 61.34 51.90 47.68

Results on ImageNet-LT We further verify the effectiveness
of our proposed model on a large dataset ImageNet-LT, and the
experimental results are summarized in Table 3. We use both
ResNet-10 and ResNeXt-50 as the backbone like the comparison
method. Based on the same experimental design, our model has
better performance on large datasets.

Results on iNaturalist 2018 We further verify the effective-
ness of DaSL on iNaturalist 2018, and the experimental results are
summarized in Table 4. We use ResNet-50 as the backbone and
train 90 epochs like the comparison method. The results show
that our model has good performance on large-scale real-world
datasets.

4.4. Ablation experiments

4.4.1. Assisting the label network to supervise experiments in differ-
ent stages of supervision

Our model uses the auxiliary network to generate soft labels
for the two stages of decoupled learning for auxiliary supervision.
We hope that the soft labels classifier learning stage will reduce
the model’s bias towards the head categories by reducing the
overconfidence of the model prediction. In the first stage, through
a more reasonable auxiliary distribution, the feature represen-
tation network can learn more aggregated in-class features. In
order to verify that our model has a positive effect on the two

training stages at the same time, we use the auxiliary network
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Fig. 4. Compare the training process of different three models, illustration of
the accuracy curves by Label Smoothing, Online Label Smoothing and DaSL.

Fig. 5. Impact of β and T in DaLS, performance is reported on CIFAR-100-LT.

Table 6
Top-1 accuracy (%) on CIFAR-100-LT. We compare three different auxiliary
models.
CIFAR-100-LT

Models IF = 50

Baseline + mixup 50.72
Single-way fusion 51.52
Two-way fusion 51.76
Complex two-way fusion 51.90

to generate soft labels only for the first stage, only for the second
stage, and for both stages. We conduct control experiments under
the three imbalanced factors of CIFAR-100-LT (IF = 10, 50, 100).
The experimental results are shown in Table 5. Through the
experimental results, we find that using soft labels only in a
single stage can have a positive effect compared to the baseline.
Moreover, when the soft labels are used as auxiliary supervision
in both stages, the model has the best performance, which can
prove that our auxiliary soft labels are useful for the original
model in both stages.

4.4.2. Auxiliary network model’s impact on performance
For the auxiliary model, we design three structures, which

are distributed as single-way fusion structure, two-way fusion
structure and complex two-way fusion structure. In Table 6, we
report the experimental results of the three structures on the

CIFAR-100-LT dataset with IF = 50, and the parameter statistics
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Table 7
Top-1 accuracy (%) on CIFAR-100-LT. We compare our DaLS with Label
Smoothing (LS) and Online Label Smoothing (OLS).
CIFAR-100-LT

Models IF = 10 IF = 50 IF = 100

Baseline + mixup 60.42 50.72 45.80

LS 1-sta 60.10 50.44 45.35
LS 2-sta 60.02 50.65 45.68
LS 1&2-sta 59.93 50.38 45.32

OLS 1-sta 60.51 50.76 45.78
OLS 1&2-sta 60.36 50.58 45.71

DaSL 61.34 51.90 47.68

of the model. Through the experimental results, it can be found
that even using the simplest one-way fusion mechanism as the
auxiliary network can still help the original network to achieve
the improvement of the model performance. Using complex two-
way fusion as the auxiliary network can further improve the
performance of the model.

4.4.3. Experiments comparing our method with LS and DLS
In order to illustrate the effectiveness of the soft labels we

designed compared to the existing soft labels method, we conduct
a comparative experiment on the CIFAR-100-LT dataset, and com-
pare them under three imbalanced factors (IF ∈ {10, 50, 100}).
We conduct detailed experiments to mainly compare the com-
parative effects of DaLS and two soft labels generation methods:
Label Smoothing (Szegedy et al., 2016) and Online Label Smooth-
ing (Zhang et al., 2020). As shown in Section 3.1, we use Label
Smoothing in the first, second and both stages of decoupled
learning, and use Online Label smoothing in the first and both
stages respectively. The experimental results are summarized in
Table 7. Through experiments, we can find that no matter how
Label Smoothing is used, it cannot have a positive impact on the
original model. We find that if Online Label Smoothing is only
used in the first stage, it can have a small positive effect on the
original model. But if Online Label smoothing is used at both
stages, it will have an adverse effect on the original model. This
also validates our idea that in the second stage, if a biased model
is used to generate soft labels for the original network, it will not
help the classifier to relieve the bias.

4.4.4. The influence of loss fusion ratio
In Section 3.2.1, when using auxiliary network to perform

label-level and feature-level supervision on the original network
features, we introduce the hyperparameter β and T . In this part,
we explore the impact of hyperparameter β , T on the model. We
use ResNet-32 as the backbone to conduct experiments on the
CIFAR-100-LT dataset with IF = 50, β ∈ {50, 100, 150, 200, 250},
T ∈ {2, 4, 6} and other parameters unchanged. The experimental
results are shown in Fig. 5. It is found through experiments
that different β and T affect the performance of the model to a
certain extent. Furthermore, for different datasets, the trend of
the impact of β on the model performance is not the same.

4.4.5. The influence of decoupled learning
We use a decoupled learning framework as the learning strat-

egy for the DaSL, which separates the representation learning
stage from the classifier learning stage. In order to verify the
adaptability of coupled learning and DaSL, we compare the per-
formance of model using decoupled learning with that using only
a single kind of sampling strategy. In Table 8, we report the ex-
perimental results on the CIFAR-100-LT dataset, which compares
our model with that using instance-balanced sampling or class-
balanced sampling in both two stages. Through the experimental
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Fig. 6. Use t-SNE to visualize the feature distribution of the various methods.
Fig. 7. Illustration of the confusion matrices by baseline method and DaSL, performance is reported on CIFAR-10-LT.
Table 8
Top-1 accuracy (%) on CIFAR-100-LT. We compare our DaLS with model using
single kind of sampling strategy.
CIFAR-100-LT

Models IF = 10 IF = 50 IF = 100

Only instance-balanced sampling 59.12 44.91 41.17
Only class-balanced sampling 60.46 48.39 45.35
Decoupled learning 61.34 51.90 47.68

results, it can be found that using decoupled learning can help
the model solve the long-tailed distribution problem better than
using the same sampling strategy in the two stages. Moreover,
when the data becomes more imbalanced (IF ∈ {10, 50} →

IF ∈ {100}), decoupled learning brings larger improvements
than other settings, which further reflects the effectiveness of the
decoupled learning strategy for long-tailed problems.

4.5. Further analyses on our method

In order to further illustrate the effectiveness of our DaLS, we
use visualization methods to analyze it. We use t-SNE diagrams
to analyze the influence of DaSL on feature distribution, and use
confusion matrix to analyze the degree of DaSL’s attention to
different categories.

Fig. 6 shows the feature distribution obtained by using t-SNE
to compare different training models. We conduct experiments
on the CIFAR10-LT (β = 100) dataset, and use t-SNE to show the
feature distribution of 10 categories of validation samples. The
distribution includes two training stages using hard labels, both
using Label Smoothing, and both using the DaSL method. Through
the visual display, we can find that using the soft labels generated
by DaSL to assist in training the model helps the model generate a
140
more aggregated feature distribution with a smaller variance for
similar samples in the stage of feature representation learning.

Fig. 7 shows that we use the confusion matrix to show the pre-
dictions of the two models for different categories. We also con-
duct experiments on the CIFAR10-LT (β = 100) dataset. Through
comparison, we can intuitively find that our model can help the
original model to pay more attention to the tail categories and
improve the prediction accuracy of several tail categories.

5. Conclusion

In this work, we explored how to design an effective soft labels
generation method for the decoupled learning framework for long
tail recognition. We designed an auxiliary network to generate
auxiliary soft labels for the two training stages at the same time.
Moreover, in order to help feature representation learning and
classifier learning at the same time, we used the intermediate
features of the auxiliary network to perform feature-level distil-
lation of the original network in the first stage. At the same time,
we used visualization methods to prove that our model extracts
more aggregated in-class features, and pays more attention to
the tail categories. Experimental results on multiple long-tail
benchmarks show that our DaSL has the best performance.
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