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Abstract
Real‐world data always exhibit an imbalanced and long‐tailed distribution, which leads to
poor performance for neural network‐based classification. Existing methods mainly
tackle this problem by reweighting the loss function or rebalancing the classifier. How-
ever, one crucial aspect overlooked by previous research studies is the imbalanced feature
space problem caused by the imbalanced angle distribution. In this paper, the authors
shed light on the significance of the angle distribution in achieving a balanced feature
space, which is essential for improving model performance under long‐tailed distribu-
tions. Nevertheless, it is challenging to effectively balance both the classifier norms and
angle distribution due to problems such as the low feature norm. To tackle these chal-
lenges, the authors first thoroughly analyse the classifier and feature space by decoupling
the classification logits into three key components: classifier norm (i.e. the magnitude of
the classifier vector), feature norm (i.e. the magnitude of the feature vector), and cosine
similarity between the classifier vector and feature vector. In this way, the authors analyse
the change of each component in the training process and reveal three critical problems
that should be solved, that is, the imbalanced angle distribution, the lack of feature
discrimination, and the low feature norm. Drawing from this analysis, the authors pro-
pose a novel loss function that incorporates hyperspherical uniformity, additive angular
margin, and feature norm regularisation. Each component of the loss function addresses
a specific problem and synergistically contributes to achieving a balanced classifier and
feature space. The authors conduct extensive experiments on three popular benchmark
datasets including CIFAR‐10/100‐LT, ImageNet‐LT, and iNaturalist 2018. The experi-
mental results demonstrate that the authors’ loss function outperforms several previous
state‐of‐the‐art methods in addressing the challenges posed by imbalanced and long‐
tailed datasets, that is, by improving upon the best‐performing baselines on CIFAR‐
100‐LT by 1.34, 1.41, 1.41 and 1.33, respectively.
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1 | INTRODUCTION

Deep learning has achieved significant progress in many tasks
with large‐scale datasets [1–5]. In traditional classification
setting [6–8], the instance numbers of different classes are re‐

balanced artificially for facilitating evaluation. However, data of
some classes are hard to collect in the real world, which makes
the collected datasets generally exhibit a long‐tailed distribu-
tion, where head classes occupy most of the data while tail
classes have rarely few instances. Models trained on
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imbalanced data are likely to be biased towards the head class
and perform poorly on the tail classes, which degrades the
overall performance. It is a great challenge to train an unbiased
network under the data‐biased scenario [9, 10].

To address this problem, many techniques have been
proposed to re‐balance the data distribution in order to be
less dominated by the head classes. Early techniques [9, 11]
on long‐tailed classification focus on re‐weighting and re‐
sampling the data. The core ideas are to rectify the classi-
fier by assigning a larger weight to tail classes or sample more
data from them. However, the re‐balancing strategies damage
the representative ability of the learnt deep features and raise
the risk of over‐fitting on tail class [12]. To improve the
generalisation on tail classes, Cao et al. [13] proposed the
label distribution aware margins (LDAM) from the perspec-
tive of generalisation error bound. Ref. [14] empirically shows
that the imbalance of classifier weight norms caused by
imbalanced data distribution degrades the model’s perfor-
mance. Then they proposed a two‐stage method that trains
the network with vanilla CE at the first stage and retrains the
classifier with different classifier correction methods. Another
work [15] analysed the class imbalance problem from the
perspective of Bayes probabilistic and proposes a novel loss
function Balanced Softmax. Menon et al. [16] analysed long‐
tailed distribution from the same perspective, and further
explored the post‐hoc logit adjustment and parameter for
Balance Softmax loss function. A recent work [17] proposed
LAbel distribution DisEntangling loss (LADE) to better
involve the label disentanglement into the training stage.
Besides working on loss function, other studies proposed data
augmentation techniques [18–21] to improve the performance
in data imbalance scenarios. Some recent works also investi-
gated the effect of different backbones models for long‐tail
classification [22, 23].

Despite the notable achievements of previous studies, they
mainly focus on the classifier rebalancing process while

ignoring the issue of an imbalanced feature space learnt under
long‐tailed distributions, which can also negatively impact
model generalisation. Figure 1a presents the feature space
learnt by previous classifier rebalancing methods. We can find
that although these methods can solve the imbalanced classifier
norm problem, the learnt feature space is still highly imbal-
anced, that is, the feature space occupied by head classes is
much larger than that of tail classes. Specifically, the space
occupied by head classes significantly surpasses that of tail
classes. Consequently, the features of instances from tail classes
(i.e. orange and brown) become indistinguishable as they
cluster together, while the features of instances from head
classes (i.e. purple and green) maintain considerable distances
between each other, making them easily distinguishable. This
will largely hamper the model performance on the tail classes.
To gain deeper insights into this problem, we offer an example
in Figure 1b to elucidate why prior approaches struggle to
achieve a balanced feature space. In the left part of Figure 1b,
we observe that previous methods solely address the magni-
tudes of classifier vectors without balancing the angle distri-
bution between them, ultimately leading to an imbalanced
feature space. In contrast, the right part of Figure 1b shows
that a balanced feature space can only be achieved when both
the magnitudes of classifier vectors and the angles between
them are balanced. Thus, it becomes imperative to tackle the
issue of an imbalanced feature space for long‐tailed classifi-
cation. However, it is challenging to effectively balance the
classifier norms and angle distribution at the same time due to
problems such low feature norm, as we illustrated in
Section 3.1.

To address these challenges, we conduct an in‐depth
analysis of the last fully connected layer in a classification
model by decoupling the classification logits into three
distinct components: classifier norm (magnitude of the clas-
sifier vector), feature norm (magnitude of the feature vector),
and cosine similarity between the classifier and feature

F I GURE 1 An illustration of imbalanced feature space problem.
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vectors. In this way, we quantitatively validate and evaluate the
imbalanced angle distribution problem. We further analyse the
change of each component in the training process and reveal
three critical problems that should be solved, that is, the
imbalanced angle distribution, the lack of feature discrimi-
nation, and the low feature norm. Based on the analysis, we
propose a new loss function to effectively regularise the
classifier norms, angle distribution, and feature norms to
achieve a balanced feature space. Specifically, to get a
balanced angle distribution, we distribute the classifier vectors
as uniformly as possible on a hypersphere by employing the
maximisation of minimal pairwise angles regularisation. Then
in the additive angular margin regularisation part, we propose
to fix the classifier norms to balance the classifier and add the
label‐aware angular margin to improve the discrimination of
feature space. Furthermore, to address the low feature norm
problem caused by fixed classifier norms and prevent over-
fitting, we propose an additional regularisation term to
penalise low feature norms. Eventually, we combine all the
regularisation terms together to a unified training loss. We
evaluate the effectiveness of our proposed loss function on
three popular benchmark datasets including CIFAR‐10/100‐
LT, ImageNet‐LT, and iNaturalist 2018. The experimental
results show that our loss function outperforms a couple of
previous state‐of‐the‐art methods.

In summary, the main contributions of this work are as
follows:

1. We figure out the imbalanced angle distribution problem
which is harmful to the learnt feature space from long‐tailed
distribution but ignored by previous work.

2. To obtain a more balanced and discriminative feature space,
we propose a novel loss function that contains the hyper-
spherical uniformity, additive angular margin, and feature
norm regularisation.

3. Extensive experiments show that our method can outper-
form other methods on long‐tailed classification datasets
including CIFAR‐10/100‐LT, ImageNet‐LT, and iNaturalist
2018.

Paper structure. Section 2 illustrates the background
knowledge and related work of this paper. Section 3 presents
our proposed methodology for long‐tail classification. Sec-
tion 4 introduces the experimental setup and describes the
evaluation results. Finally, Section 5 concludes the paper.

2 | RELATED WORK

2.1 | Long‐tail classification

The traditional classification has the balanced distribution over
all classes [24] but the long‐tailed distribution problem will
largely hurt the performance [25]. To tackle the long‐tailed
classification problem, prior methods for imbalance learning
include re‐sampling by over‐sampling the minority or under‐
sampling the majority and re‐weighting by applying a larger

weight for minor categories. Compared with directly re‐
weighting by the number of different classes, ref. [26]
considered the effective samples of each class and designed a
class‐balanced cross‐entropy loss function. Cao et al. [13]
proposed to introduce label distribution aware margin into loss
function to improve the generalisation of tail class. With the
observation that the re‐weighting and re‐sampling methods
benefit the classifier but harm the representation learning,
Kang et al. [14] proposed some classifier rebalance methods to
learn the representation and classifier at two stages to avoid
this problem in previous work. Another work [12] proposed to
transit from representation learning stage to classifier learning
stage with an annealing factor which is more smoothing. Refs.
[15, 16] focused on the classifier revision part and proposed a
better classifier rebalance methods which is the optimal solu-
tion from statistical perspective and ref. [17] further proposed
to improve the generalisation of this method by regularising
the Donsker–Varadhan representation. Apart from accuracy, a
recent work [27] focused on the calibration problem and
proposed label‐aware smoothing to deal with miscalibration
for models trained on long‐tailed datasets. However, these
methods mainly focused on the classifier rebalancing process
while ignoring the imbalanced feature space learnt under long‐
tailed distribution, which is also harmful for model general-
isation. Different from them, our method aims at rebalancing
both the classifier and feature space and can achieve better
performance.

Apart from these, many methods have been proposed to
help further improve the performance by combining them
with the above optimising objective. Many work [18, 20, 28]
leverage data augmentation to help the network learn a better
representation on tail class. Ref. [19] improved the mixup
strategy under imbalanced distribution and proposed remix.
Ref. [29] utilised self‐supervised learning to further boost the
performance of many loss functions. Recent approaches
leverage causal inference [30], meta‐learning [31], multi‐experts
[32] and contrastive learning [33] and achieve better perfor-
mance. These methods are orthographic to our research and
can be combined with our method to further boost the
performance.

2.2 | Hyperspherical learning

Hyperspherical uniformity encourages vectors to be spaced
apart with an angle as large as possible such that these vectors
can be uniformly distributed over the hypersphere [34] which
is equivalent to the Thompson problem [35] in physics.
Inspired by this, Liu et al. [36] proposed a minimum hyper-
spherical energy (MHE) objective as generic regularisation for
neural networks. Since this objective function is hard to opti-
mise due to highly non‐linear and non‐convex optimisation as
the space dimensionality becomes higher, ref. [37] proposed
CoMHE which utilises projection mappings to reduce the
dimensionality. Ref. [38] proposed hyperspherical prototype
networks in which the prototype of each class is fixed in
advance. Wang et al. [39] proposed maximising the minimal
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pairwise angles (MMA) from the Tammes problem and ach-
ieved closer solutions to the optimal solutions.

3 | PROPOSED APPROACH

In this section, we start with an empirical study to analyse the
classification layer of a traditional neural network. By con-
ducting several experiments using the decoupling framework,
we reveal some problems under the long‐tail distribution.
Inspired by the investigation, we then propose a set of stra-
tegies to regularise each component individually. Finally, we
present a comparison with existing typical methods from the
decision boundary perspective.

3.1 | Empirical study

To analyse why vanilla CE training suffers a large performance
drop under long‐tail distribution, we first revisit the classifi-
cation layer of a traditional neural network. We decouple the
logits into classifier norm, feature norm, and cosine similarity
of classifier vector and feature vectors. We then propose a
novel objective metric, classification space, to evaluate the
quality of balance among the classifiers of trained neural net-
works. Through experiments and analysis, we reveal several
problems under the decoupling framework. These problems
will be proven to be critical in improving the long‐tail classi-
fication performance, as addressed in the following sections.

3.1.1 | Classification space

The classification layer of a traditional neural network is given
as the following equation:

pðy ¼ ijxÞ ¼
eϕi

PN
j¼1e

ϕj
ð1Þ

where ϕi = wix. Following the decoupling framework [40], ϕi
can also be expressed as ϕi ¼ kwikkxkcos

�
θwi;x

�
. The clas-

sification boundary of each pair of classes is determined by
kwikcos

�
θwi;x

�
¼
�
�wj
�
�cosðθwj ;xÞ. On the one hand, the larger

the classifier norm of one class, the larger the space it
occupied; on the other hand, with equal norms, the occupied
space of one class can be approximately quantified by the
total pair‐wise angular distance with the other classifiers.
Therefore, we propose classification space (CS) as an objec-
tive metric to quantify the relative space occupied by each
class such that,

CSi ¼ kwik
XC

j¼1

arccos
�
ŵi ⋅ ŵj

�
ð2Þ

where C is the number of classes and ŵi ¼
wi
kwik

is the norm of
each prototype.

3.1.2 | Investigation

Equipped with CS, we visualise the classifiers resulting from a
traditional cross‐entropy training loss in Figure 2. As shown in
Figure 2a, the classifiers exhibit a severe phenomenon of
imbalance. A quick and attempted modification might be to fix
all classifier norms to be a constant during training. In fact, the
classifier normalisation has been proposed by ref. [14], but only

F I GURE 2 Comparison of CE, weight norm, and our proposed
method on CIFAR100‐100. Figure (a) shows the classification space per
class for cross entropy and our method. Figure (b) shows the pair‐wise
angular distance per class for cross entropy, weight norm, and our method.
Figure (c) shows the average feature norm of each class for cross entropy,
weight norm, and our method.
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in the inference stage to improve the result. One might be
surprised by the observation that classifier normalisation dur-
ing training leads to worse performance under the long‐tail
training setting, since classifier normalisation has been re-
ported to accelerate and improve the training progress in a
variety of other settings [40, 41]. In an attempt to shed light on
this phenomenon, we investigate the change in the distribution
of CS and feature norm across different classes, and the results
are shown below.

Figure 2b displays the total pair‐wise angular distance (the
second term of Eq. 2) as a function of class index, with and
without classifier normalisation. As we can see, the classifier
normalisation results in a lower total pair‐wise angular dis-
tance which indicates that the prototype of each class is closer
than vanilla CE. This makes the classification procedure
harder.

Figure 2c plots the average feature norm for each class,
with and without classifier normalisation. Once again, the
presence of classifier normalisation during training harms the
training process from the perspective of feature norm. We can
find that the average feature norm for each class is much lower
and raise the risk of overfitting.

3.2 | Decoupling regularisation

As discussed above, training with long‐tail data results in a set
of imbalanced classifiers. To address these issues, we propose
a set of strategies that aim to regularise each component
individually and eventually combine them into a unified
training loss. Specifically, the hyperspherical uniformity regu-
larisation term and the normalisation of classification weight
vector are proposed for a more balanced feature space. The
additive angular margin part is to improve the discrimination
of feature space. The feature norm regularisation is proposed
to deal with the low feature norm problem observed from
the weight norm before (Figure 2c) which can easily lead to
overfitting. The rest of the strategies are described as follows.

3.2.1 | Hyperspherical uniformity

To achieve a balanced distribution of the total pairwise
angular distance among each class, we propose to introduce a
regularisation item that aims to uniformly distribute the
normalised classifier vectors on a hypersphere. This is
equivalent to a well‐known problem in physics—Thomson
problem [35] where one seeks to find a solution that dis-
tributes N electrons on a unit sphere as evenly as possible
with minimum potential energy [36]. Several algorithms have
been proposed for solving this problem in the literature [36,
37], with the latest and most successful method proposed by
ref. [39]. This method treats the problem as a Tammes
problem and tries to maximise the minimal pairwise angles
(MMA). Formally, the MMA objective function can be
expressed as the following equation:

Lmma ¼ −
1
C

XC

i¼1
min
j≠i

arccos
�
ŵi ⋅ ŵj

�
ð3Þ

where ŵi ¼
wi
kwik

is the normalised classifier vector. Under a
long‐tail class distribution setting, it is beneficial to distribute
the classifier vectors such that the tail classes have larger
minimal pairwise angles, as shown in the ablation study 4.5.
Therefore, we modify the MMA to become label frequency
aware such that

Lhu ¼ −
XC

i¼1
weighti ⋅min

j≠i
arccos

�
ŵi ⋅ ŵj

�
ð4Þ

weighti ¼
n−1

k
i

PC
j¼1n

−1
k

j

ð5Þ

where ni is the number of training instances of class i and the
parameter k is set to 4 by referencing previous work [13].

3.2.2 | Additive angular margin

Adding margins to the classifier boundary is known to be
effective to improve the generalisation of neural networks. This
regularisation strategy can be naturally integrated with the
strategy of regularising the angles between the classifiers [13,
42–44]. A classical approach to account for the issue of long‐
tail distribution is to introduce a label‐aware margin [43].
Inspired by the previous works, we propose a novel label‐aware
additive angular margin such that

pðyjxÞ ¼
ekxkcosðθy þ θWy ;xÞ

ekxkcosðθy þ θWy ;xÞ þ
P

c≠ye
kxkcosðθWc ;xÞ

ð6Þ

Lam ¼ −
1
N

XN

i¼1

log p
�
yijxi

�
ð7Þ

where kxk is the feature norm, θWc;x is the angle between
feature and classifier vectors, θy is the angular margin for class
y and s is a learnable parameter. We set a larger margin for tail
classes in the following way:

θy ¼
π
m

⋅n−1
k

y ð8Þ

where ny is the number of each class and m is a hyper-
parameter to control the amount of margin. The parameter k is
also set to 4 following previous work [13]. It is worth noting
that the previous work of label‐aware margin acts on the cosine
similarity, which has been shown to suffer critical optimisation
issues, while our regularisation strategy works directly on the
angle and therefore facilitates the training process as discussed
in ref. [43].

GAO ET AL. - 5
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3.2.3 | Feature norm regularisation

As discussed above regarding feature norm, we propose to
regularise it to be not too small by minimising,

Lf r ¼
1
N

XN

i
gðkxikÞ ð9Þ

where gðxÞ ¼ 1
x. As we can see, this term encourages larger

feature norms for every instance to avoid a negative impact on
accuracy. It is worth noting the feature normalisation has been
shown to facilitate the training of neural networks in the
literature [13, 43]. But our proposed feature norm regularisa-
tion is more flexible and can potentially bring additional ben-
efits to the training of neural networks.

3.2.4 | Final loss function

Finally, the proposed loss function is defined in Eq. 10, which
is a combination of hyperspherical uniformity regularisation,
feature norm regularisation, and angular margin loss. λa and λb
are a non‐negative weighting coefficient:

Loss ¼ Lam þ λaLhu þ λbLf r ð10Þ

Similar to LDAM, we also use the deferred re‐balancing
training strategy which first trains the network with standard
loss function and re‐weighting each class after annealing the
learning rate.

3.3 | Comparison with other method

From the geometry perspective, we compare our loss function
with the previous methods in Figure 3. From Figure 3a, we can
see that τ Norm [14] improves the model performance on the
balanced test set by allocating the classification space of head
class to tail class at test time. The experimental results in ref.
[14] also indicated that τ Norm performs well on tail class but
sacrifices the performance on the head class. The same issue
also exists in Balanced Softmax [15]; in Figure 3b, we can see
that the inconsistent decision boundary at training and testing
time makes the head class sample between the boundary
misclassified. As for LDAM in Figure 3c, the margin loss can
ensure the training boundary is contained in the testing
boundary, but the cosine classifier makes the classification
space of the tail class much lower than the head class. Our
proposed loss function can solve the above problems and
achieve better performance.

From the theoretical perspective, our method distinguish
from previous work as it can better deal with the collapse
problem [45, 46]. Neural collapse [45] is a phenomenon where
the embeddings of each class collapse to their class mean.
Based on this, Fang et al. [46] further investigated the imbal-
anced scenario and proposed the minority collapse, denoting

that the classifier vectors of the minorities (i.e. tail classes)
collapse to the same vector. Recent works have proved that
dealing with this will lead to a better generalisation perfor-
mance [46, 47]. Therefore, based on this, we can find that our
proposed hyperspherical uniformity regularisation term is
helpful for avoiding the collapse problem and leads to better
generation performance.

4 | EXPERIMENTS

4.1 | Datasets

We evaluate the proposed method on four long‐tailed datasets,
including the CIFAR‐10/100‐LT [13], ImageNet‐LT [48] and
iNaturalist 2018 [49].

CIFAR‐10/100‐LT: CIFAR‐10‐LT and CIFAR‐100‐LT
are both created by sampling from the original CIFAR data-
set [50]. For a fair comparison, we do not create a new dataset
from original CIFAR dataset and use the long‐tailed versions
of CIFAR datasets with the same setting as those used in ref.
[13]. The data imbalance ratio is denoted by a factor β, β ¼ Nmax

Nmin

where Nmax and Nmin are the numbers of training samples for
the most and least frequent classes, respectively. We conduct
experiments on four imbalance factors 10, 50, 100, and 200.

ImageNet‐LT: ImageNet‐LT is proposed in ref. [48].
ImageNet‐LT is a long‐tailed classification dataset by sampling
a subset from ImageNet [51] following the Pareto distribution
with power value α = 6. It contains 115,846 training examples
in 1000 classes, with class cardinality ranging from 5 to 1280.

iNaturalist 2018: The iNaturalist 2018 [49] is a large‐scale
real‐world species classification dataset with severe long‐tail
distribution. The iNaturalist 2018 dataset contains 437,513
training images from 8142 classes, with an imbalance ratio of
500. For fair comparisons, we use the official training and
validation splits in our experiments.

F I GURE 3 The classification boundary under different loss function.
The red triangle and the green circle represent head class and tail class
respectively. The blue dash and the black line represent the training and
testing classification boundary.
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4.2 | Baseline

Since the method we proposed is a loss function, we mainly
compare our model with state‐of‐the‐art long‐tail loss func-
tions. Other methods such as refs. [18–20] can also be com-
bined with our method and further boost the performance.
Specifically, we mainly compare our method with focal loss [9],
ClassBalance loss [26], C‐SMOTE [52], LDAM [13], LDAM‐
DRW [13], decouple methods (LWS, τ Norm and cRT) [14],
and Balanced Softmax [15]. Besides, we also compare with
some advanced methods proposed in the past 3 years,
including LADE [17], KCL [53], CDB [54] and MixGra-
dient [55].

4.3 | Implementation details

For all the experiments over different datasets, we follow
previous works [13, 56] and use the SGD optimiser with
momentum γ = 0.9 to train the network. The initial learning
rate is set to 0.2 and the weight decay is set to 2 ⋅ 10−4 if not
specific. All experiments are conducted with fixed random
seed similar to ref. [56]. For CIFAR‐10/100‐LT, we use
ResNet‐32 as the backbone and use the multistep learning rate
schedule, which decreases the learning rate by 0.01 at the 160th

and 180th epoch. For ImageNet‐LT, we mainly follow refs. [14,
56] and use ResNet‐10 and ResNet‐50 as backbones. ResNet
and its variants are widely used in the literature [44, 57, 57]. We
train the network with 90 epoch and follow ref. [56] to anneal
the learning rate by 0.1 at epoch 60 and 80. For iNaturalist
2018, we use ResNet‐50 as the backbone and train the
network with 90 epochs. The learning rate decay is used at
60th, 80th epoch for 90 epochs. As for the hyper‐parameters,
we set λa and λb to 0.15 and 200, respectively. All the exper-
iments are conducted on a server with 4 Nvidia Tesla V100
GPUs.

4.4 | Experimental results

We show our experimental results on the three datasets,
respectively.

Results on CIFAR‐10/100‐LT: The results of four
imbalance ratios on CIFAR‐10/100‐LT are shown in Table 1.
The results are reproduced based on the code released by the
authors. From the result, we can see that Balanced Softmax
[15], LADE [17], LDAM‐DRW [13], KCL [53] and cRT [14]
achieve second‐best results on different datasets and imbalance
ratios. But our proposed method consistently achieves the best
results on all datasets and imbalance ratios and outperforms
the second‐best results by at least 1 point in most settings.
Specifically, on CIFAR‐10, except CIFAR10‐100 our method
gets an obvious improvement compared with all baselines and
achieves the highest improvement 1.33 points on CIFAR10‐50.
On CIFAR‐100, compared with the strongest baseline
Balanced Softmax, our method can improve it with at least
1.41 points and the highest improvement is 2.01 points on

CIFAR100‐100. These results demonstrate the effectiveness of
our proposed regularisation methods. Besides, compared with
KCL which also aims to create a more balanced feature space
for long‐tailed classification, our method consistently out-
performs it on different settings. Specifically, on CIFAR‐100,
our method improves it by a large margin, for example, 2.48
points and 2.70 points on CIFAR100‐10 and CIFAR‐100‐50,
respectively. This shows that the proposed hyperspherical
uniformity regularisation term is more effective in learning a
balance and uniform feature space, especially when the number
of classes become very large.

Results on ImageNet‐LT: The experimental comparison
to baselines on ImageNet‐LT is presented in Table 2. We
compare our method with many strong baselines. The results
show that our method can achieve good performance with
both ResNet‐10 and ResNet‐50 as backbones. Specifically, our
method yields 42.5% top‐1 overall accuracy with ResNet‐10 as
the backbone, which improves the strongest baseline Balanced
Softmax (combined with meta sampler) by 0.7 points. This
indicates that our proposed loss function can help weak
backbone get much improvement and even surpass the strong
backbone model. Besides, our method can also achieve good
performance when using ResNet‐50 as the backbone. These
results show that our proposed method is also effective on
large‐scale datasets.

Results on iNaturalist 2018: Table 3 presents the
experimental results on the naturally long‐tailed datasets iNa-
turalist 2018. We conduct experiments for 90 epochs. Our
method reaches the best accuracy of 68.1% compared with

TABLE 1 Experimental results on CIFAR‐10/100‐LT.

Approach CIFAR‐10 CIFAR‐100

im10 im50 im100 im200 im10 im50 im100 im200

CE 86.92 76.55 73.13 66.40 56.84 42.81 39.13 35.28

Focal 86.62 77.79 72.27 63.97 56.40 42.90 37.08 34.30

ClassBalance 86.90 78.13 72.68 68.77 57.57 44.79 38.77 35.56

C‐SMOTE 81.50 75.02 70.17 64.89 50.52 43.69 39.44 35.23

LDAM 87.32 78.83 73.55 66.75 57.29 46.16 40.60 36.53

LDAM‐
DRW

87.32 81.03 77.03 71.94 57.40 47.29 42.48 37.52

Balanced
softmax

88.31 80.74 77.96 72.35 58.33 47.59 41.88 38.09

LADE 87.98 80.82 78.78 72.65 57.82 46.80 41.56 37.93

LWS 87.41 77.77 70.04 65.74 58.08 45.40 41.57 37.52

τ norm 87.03 78.70 72.82 70.21 57.48 45.40 42.40 37.43

cRT 87.90 79.56 73.02 69.48 57.86 45.37 41.57 38.16

KCL 88.00 81.70 77.60 – 57.60 46.30 42.80 –

CDB – – – – 58.74 46.82 42.59 37.72

MixGradient 84.40 79.38 75.52 72.74 53.57 47.43 42.46 38.14

Ours 88.94 82.36 78.87 73.54 60.08 49.00 43.89 39.49

Note: Best and second‐best results are marked in bold and underline, respectively.
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previous methods. Specifically, compared with the strongest
baseline Balanced Softmax, our method significantly out-
performs it by 1.7 points. Compared with other classification
boundary adjustment methods including τ Norm, LDAM‐
DRW, and Balanced Softmax, our method improves them by
a large margin, which demonstrates that the classification
boundary obtained by our method has better generalisation for
the test set. This also validate the analysis in Section 3.3.

4.5 | Further evaluation

Ablation study: To verify the effectiveness of each compo-
nent in our method, we also conduct an ablation study. As
shown in Table 4, removing the margin will cause more than 1
point performance drop on three imbalance ratios, which in-
dicates that the generalisation improvement brought by mar-
gins is essential for long‐tail classification. We can also find that
our model suffers from an obvious performance drop after
eliminating Lhu and Lfr . Specifically, when removing Lhu, the
performance drop 2.19 points on CIFAR100‐100. As for Lfr,
the performance of our method also drops significantly on the

three imbalance ratios. This suggests that the model can learn a
better feature space by regularising the shortcoming from
training with weight normalisation.

Evaluation on the classification space: As we discussed
in our empirical study, we use classification space, pair‐wise
angular distance, and the average feature norm to evaluate
the balanced degree of classifier and feature space. Thus, we
also conduct experiments to validate whether our proposed
method achieves the purpose above. As shown in Figure 2a,
our method can clearly give a more balanced classification
space over all classes. As for the pair‐wise angular distance, we
can see that our method which is combined with weight
normalisation and hyperspherical uniformity can avoid the
problem and reach a higher pair‐wise angular distance. This
property can help improve the generalisation of neural net-
works. As for the average feature norm, we can also see that
our method can generate a more balanced and larger feature
norm for each class.

Visualisation of feature space: We also visualise the
feature space of our method and each component of our
method in Figure 4 to show how each component helps long‐
tail classification. The visualisation is conducted by adding
another full‐connected layer (64 � 2) before the classifier. In
vanilla CE, we can find that the feature norm of tail classes (red
and orange) is much lower than other classes which makes it
hard to be classified. When using weight normalisation, the
feature norm of each class is more balanced but we can also
find that the angle between some classes (orange and brown) is
very close. This hinders the model’s ability to distinguish them.
After adding Lhu regularisation, we can find that the angle
between different classes is more balanced. Eventually, adding
margin helps the feature of different classes distributed away
from each other. This helps the long‐tail classification.

Parameter analysis: In the section, we study the effect of
the parameters on the performance of the proposed method in
our loss function. We analyse two main parameters λa and λb in
Equ. 10 that could greatly affect the balance of different losses.
The analysis results are shown in Figure 5. As can be seen, with
the growth of λa and λb, the model performance first increases
to the peak and suffers from an obvious degradation with
further improvement. This shows the importance of balancing
the contribution of three regularisation terms. Besides, we can
also find that our method achieves the highest accuracy when
λa = 0.15 and λb = 200. So we set them to these values in our
experiments.

TABLE 2 Experimental results on ImageNet‐LT.

Approach ResNet‐10 ResNet‐50

CE 36.5 41.7

OLTR 35.6 41.9

Remix 37.6 46.2

τ_norm 40.6 46.7

cRT 41.8 47.3

LWS 41.4 47.7

LDAM‐DRW 40.7 48.8

Balanced Softmax 41.8* 50.0*

Ours 42.5 48.9

Note: The bold figures indicates the best results.
* denotes combined with meta sampler.

TABLE 3 Experimental results on iNaturalist 2018.

Approach ResNet‐50

CE 61.7

τ_norm 65.6

cRT 65.2

LWS 65.9

LDAM‐DRW 66.1

BBN 66.3

Balanced Softmax 66.4

Ours 68.1

Note: The bold figures indicates the best results.

TABLE 4 Ablation study on CIFAR‐100.

Imbalance factor 50 100 200

Ours 49.00 43.89 60.08

Ours w/o margin 47.42 42.43 58.82

Ours w/o Lhu 48.48 41.70 59.46

Ours w/o Lfr 47.04 41.51 59.20

Note: The bold figures indicates the best results.
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5 | CONCLUSION

In this paper, we conducted a thorough analysis of the classifier
and feature space under long‐tail distribution with a decoupling
approach. With the analysis, we developed a set of strategies that
aim to regularise each component individually and eventually
combined them into a unified training loss. Extensive experi-
ments show that our proposed method outperforms other
methods on several long‐tailed classification benchmarks.
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