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Abstract

Real-world classification tasks often show an extremely im-
balanced problem. The extreme imbalance will cause a strong
bias that the decision boundary of the classifier is completely
dominated by the categories with abundant samples, which
are also called the head categories. Current methods have al-
leviated the imbalanced impact from mainly three aspects:
class re-balance, decoupling and domain adaptation. How-
ever, the existing criterion with the winner-take-all strategy
still leads to the crowding problem in the eigenspace. The
head categories with many samples can extract features more
accurately, but occupy most of the eigenspace. The tail cat-
egories sharing the rest of the narrow eigenspace are too
crowded together to accurately extract features. Above these
issues, we propose a novel T-distributed spherical metric for
equalized eigenspace in the imbalanced classification, which
has the following innovations: 1) We design the T-distributed
spherical metric, which has the characteristics of high kurto-
sis. Instead of the winner-take-all strategy, the T-distributed
spherical metric produces a high logit only when the ex-
tracted feature is close enough to the category center, without
a strong bias against other categories. 2) The T-distributed
spherical metric is integrated into the classifier, which is able
to equalize the eigenspace for alleviating the crowding issue
in the imbalanced problem. The equalized eigenspace by the
T-distributed spherical classifier is capable of improving the
accuracy of the tail categories while maintaining the accu-
racy of the head, which significantly promotes the intraclass
compactness and interclass separability of features. Exten-
sive experiments on large-scale imbalanced datasets verify
our method, which shows superior results in the long-tailed
CIFAR-100/-10 with the imbalanced ratio IR = 100/50.
Our method also achieves excellent results on the large-scale
ImageNet-LT dataset and the iNaturalist dataset with various
backbones. In addition, we provide a case study of the real
clinical classification of pancreatic tumor subtypes with 6 cat-
egories. Among them, the largest number of PDAC accounts
for 315 cases, and the least CP has only 8 cases. After 4-fold
cross-validation, we achieved a top-1 accuracy of 69.04%.

Introduction
In visual classification, the extremely imbalanced problem
is increasingly a critical challenge. The head categories rep-
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resent categories with a lot of samples, and the tail cate-
gories denote categories with only a few samples. Due to
the limitation of sampling, the head categories with abun-
dant samples are in minority, and the most of categories
only have a few samples, which are tail categories. Under
the extremely imbalanced condition, the classifier will fall
into the local optimal solution, that only improves the ac-
curacy of head categories and ignores the tail categories. In
the most extreme case, the classifier will fail to train that
all samples are predicted as the class with the largest num-
ber. Especially as large-scale classification problems, such
as Image-Net (Russakovsky et al. 2015) and iNaturalist (Cui
et al. 2018), become more granular and sophisticated, the
head categories will dominate the whole classifier, resulting
in a strong bias in the eigenspace that totally ignores the tail
categories. To address this critical issue, a number of meth-
ods are proposed for extremely imbalanced recognition. The
current mainstream methods are mainly divided into three
categories: class re-balance, decoupling and domain adapta-
tion.

Class re-balance. There are two main aspects of class re-
balance: re-sampling and re-weighting. Re-sampling (Chou
et al. 2020; Yang and Xu 2020) alleviates the extremely
imbalanced problem by simply oversampling the tail cat-
egories and undersampling the head categories. The class
re-weighting (Byrd and Lipton 2019; Cao et al. 2019; Cui
et al. 2019a; Jamal et al. 2020) believes that as the training
samples number of one certain category increases, the im-
provement of accuracy will gradually decrease. Therefore,
the loss function is used to assign different weights to differ-
ent numbers of categories to improve the accuracy of the
tail categories. However, the re-balance method improves
the performance of the tail categories at the cost of the head
categories, that abundant samples in head categories are not
fully utilized.

Decoupling. BBN (Zhou et al. 2020) and LWS (Kang
et al. 2019) are representative of the method of decoupling.
They think that the distribution of image features and the dis-
tribution of category labels are essentially uncoupled. So the
essence of the decoupling method should separate the distri-
bution of image features from the distribution of categories.
(Kang et al. 2019; Zhong et al. 2021) use a two-stage strat-
egy. In the first stage, a traditional model is normally trained
upon the imbalanced data to construct the feature space. In
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the second stage, the parameters of the feature extractor are
fixed, and a new classifier is fine-tuned to elaborate the deci-
sion boundaries of the eigenspace. (Zhou et al. 2020) merges
these two steps into a neural network to achieve decoupling
of the distributions between image features and categories.
In addition, (Wang et al. 2020; Cai, Wang, and Hwang 2021)
utilize multiple expert networks to predict categories of dif-
ferent number-level, and different expert networks are con-
nected through a routing module. So the classification of the
tail category is not affected by the head category. Despite
their efficiency, these methods either require complex train-
ing strategies or drastically increase the parameters.

Domain Adaption. LDA (Peng et al. 2021), as the repre-
sentative, formulates the imbalanced recognition as domain
adaption, by modeling the imbalanced distribution as an un-
balanced domain and the general distribution as a balanced
domain to alleviate the extremely imbalanced problem. In
addition, (Kobayashi 2021) makes improvement from the
view of regularization for cosine similarity, which is known
for normalizing features but causing larger within-class vari-
ance of features. Besides,(Tang, Huang, and Zhang 2021)
uses the normalization of multi-head to remove the bad mo-
mentum and keep the good momentum in the optimizer,
which makes the optimization direction of the imbalanced
dataset consistent with the optimization direction of the bal-
anced dataset. But some of these methods need pre-trained
models, and the similarities and disparities between the head
domain and the tail domain still need further research.

Categories: Head Tail
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Figure 1: The cosine distance of each center in the hyper-
sphere classifier. Left: Trained on the long-tailed CIFAR-
100. Right: Trained on the original CIFAR-100 (balanced)

We reconsider the imbalanced problem from the per-
spective of metric learning. Ideally, the more the number
of training samples, the more accurate the feature extrac-
tion, and the less the eigenspace occupied by the head cate-
gories. However, current metrics improve the accuracy of the
head category at the expense of squeezing the tail category
eigenspace and allocating them to the head, which causes
the crowding problem.

The crowding problem in the eigenspace under the imbal-
anced condition is shown in Fig.1. The softmax-based cosine
classifier is trained on the long-tailed CIFAR-100 dataset
(imbalanced ratio IR = 100) and the balanced CIFAR-100
dataset, respectively. Fig.1 shows the average angle distance
of each category center in the R128 hyper-sphere. A smaller
average angle means more crowded, and vice versa. Com-
pared with the balanced circumstance, the centers of tail cat-
egories are more crowded with the eigenspace of only about

60° under the extremely imbalanced condition, that head
categories dominate most of the hyper-spherical eigenspace
with an angle of more than 100°. The head categories can ex-
tract accurate features due to their large number of samples,
but occupy most of the eigenspace, causing a huge waste.
The tail categories need a lot of eigenspace because of their
rare training samples, but they are crowded together, shar-
ing the rest of the small eigenspace. The crowding problem
poses a huge challenge for imbalanced tasks.

The cause of the crowding is the winner-take-all strat-
egy of the current metrics, that one category with only
marginally higher logit than other categories will receive a
disproportionately large share of the eigenspace. Due to the
abundant samples of the head categories, they are probabilis-
tically more likely to appear than other categories, resulting
in a marginally higher logit against other categories. With
the winner-take-all strategy, the head categories will domi-
nate the whole classifier, occupy most of the eigenspace, and
keep squeezing the tail categories for a larger eigenspace,
even though their accuracy is already high. The strong bias
brought by the winner-take-all strategy intensely affects the
classifier, causing serious crowding problems.

Based on the above issues and expectations, from the per-
spective of metric learning, we design a T-distributed spher-
ical metric (tSP) on the hyper-sphere, and embed it into the
classifier as the distance metric. In general, our paper mainly
makes the following contributions:

1) We propose a T-distributed spherical metric, which
has the characteristic of high kurtosis. Instead of cur-
rent methods with the winner-take-all strategy, the T-
distributed spherical metric produces a high logit only
when the extracted feature is close enough to the category
center without a strong bias against other categories.

2) Integrating the T-distributed spherical metric, we de-
sign a T-distributed spherical classifier to equalize the
eigenspace for alleviating the crowding issue in the im-
balanced problem, which significantly promotes the intr-
aclass compactness and interclass separability of features
without any pre-trained model.

3) We have verified our method on various public imbal-
anced datasets. Our model achieved superior results in
the long-tailed CIFAR-100/-10 dataset with imbalanced
ratio IR = 100/50, and also got excellent results on the
ImageNet-LT and iNaturalist dataset with different back-
bones. In addition, we also provided a case study that ap-
plied our model to the real clinical classification of pan-
creatic tumor subtype with Top-1 accuracy of 69.04%.

Methodology
In this part, we first introduce the preliminaries about direc-
tional statistics in metric learning, and revisit the softmax-
based cosine distance classifier from the perspective of di-
rectional statistics, as the representative of the winner-take-
all strategy that causes the crowding problem. Then we pro-
pose the T-distributed spherical metric with the characteris-
tic of high kurtosis. Integrating with the T-distributed spher-
ical metric of good properties, a novel classifier is designed
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Figure 2: The crowding performance of different metrics in S1 hyper-sphere.

to alleviate the crowding problem for the imbalanced classi-
fication.

Directional Statistics
Given a training dataset D = {(zi, yi)|i = 0, 1, ..., n},
where zi and yi represent the i-th pair of image and la-
bel respectively, and n denotes the number of pairs in the
training dataset. The feature extractor establishes the map-
ping fθ : zi → xi from image zi to feature xi ∈ Sd−1,
where Sd−1 = {x ∈ Rd : ||x||2 = 1} denotes the hyper-
spherical set. A key idea in directional distribution is the
tangent-normal decomposition. Any unit vector x can be de-
composed as:

x = tµ+ (1− t2)
1
2 v (1)

with t ∈ [−1, 1] and v ∈ Sd−2 a tangent to Sd−1 at µ (Mar-
dia and Jupp 2000; Cao and Aziz 2020), where v and t are
independent and v is uniform on Sd−2. Thus, the intersec-
tion of Sd−1 with the hyperplane through tµ and normal to
µ is a (d − 2)-dimensional sphere of radius

√
1− t2, that t

has density as following:

pT (t; d) ∝ (1− t2)
d−3
2 (2)

with t ∈ [−1, 1]. Therefore, through the marginal density pT
and pv , we can estimate the density of the entire spherical
distribution.

Revisiting Softmax-based Cosine Classifier
Taking the softmax-based cosine distance classifier as a
classical example with the winner-take-all strategy. The co-
sine distance classifier with softmax can be considered as a
spherical distribution that follows the density:

pX(x;µ) ∝ exp (µTx) (3)

where the feature x ∈ S(d−1) and the center µ ∈ S(d−1).
The density conforms to the form of the von Mises-Fisher

distribution (vMF) (Banerjee et al. 2005) under the condition
of concentration κ = 1, that follows the density:

pX(x;µ, κ) ∝ exp (κµTx) (4)

where exp represents the exponential function. So, com-
bined with Eq.2, we can get the normalizer of the marginal
distribution pT (t;κ, d):

CT (κ, d) =

∫
Sd−1

exp (κµTx)dx

=
(κ

2

) d
2−1

{
Γ

(
d− 1

2

)
Γ

(
1

2

)
I d−1

2
(κ)

}−1 (5)

where Im denotes the modified Bessel function of the first
kind at order m, and Γ(·) represents the gamma function.
Further, according to the Eq.1, the normalizer CX(κ, d)
of density pX(x;µ, κ) is the product of the normalizer
CT (κ, d) and the uniform distribution on Sd−2, which is:

CX(κ, d) = CT (κ, d) ·Ad−2 =
(2π)d/2Id/2−1(κ)

κd/2−1
(6)

where Ad−1 = (2π
d
2 )/Γ

(
d
2

)
denotes the surface area of the

hyper-sphere Sd−1. Thus, the density of von Mises-Fisher
is:

p(x) = CX(κ, d)−1 exp (κµTx), x ∼ vMF(µ, κ) (7)

Based on the above analysis, we discuss the shortcomings
of the softmax-based cosine distance classifier in the imbal-
anced problem. Due to the Eq.4 characteristic of vMF, it is
essentially a winner-take-all classifier, which will receive an
exponential share of the eigenspace with only a marginally
higher logit. Fig.2a also illustrates that even though the head
samples are close enough to the head center, it will produce
a high gradient to the tail categories and squeeze them. Un-
der the imbalanced circumstance, the head categories with
many samples will dominate the whole softmax-based co-
sine classifier and cause the decision boundary to expand
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continuously. Most of the eigenspace will be occupied by the
head categories, leading to the squeezing of the eigenspace
of other categories, especially when the concentrate κ = 1.
The rest of the small eigenspace is shared by other cate-
gories, and the classifier will be stuck into a local optimum.

T-distributed Spherical Metric
To solve the above problems, inspired by the T-SNE(Van
der Maaten and Hinton 2008), we design a T-distribution
spherical metric (tSP) with one degree of freedom, which
follows the density:

pX(x) ∝ (1− 1 + µTx

2
)−1 (8)

where the feature x ∈ Sd−1 and the center µ ∈ Sd−1.
Through the Eq.2, we can get the marginal normalizer:

NT (d) =

∫
Sd−1

2

1− µTx
dx = 2α+β

Γ(α)Γ(β)

Γ(α+ β)
(9)

where α = d−1
2 and β = d−3

2 . Combined with Eq.1, the
normalizer NX(d) of density pX(x;µ) is:

NX(d) = NT (d) ·Ad−2 = 2d−1π
d
2

Γ(β)

Γ(α+ β)
(10)

Thus, the probability density function is as followed:

p(x) = NX(d)−1(1− 1 + µTx

2
)−1, x ∼ tSP(µ) (11)

According to Eq.11, the basic properties of the tSP dis-
tribution are given in Table.1, and the ψ(·) denotes the
digamma function. And the vMF distribution with concen-
trate κ = 1 and tSP distribution on the hyper-sphere are
shown in Fig.3.

-π 0 π

μ

x

1
p(x)~tSP(μ)

p(x)~vMF(μ,k)

Figure 3: tSP distribution and vMF distribution in S2 hyper-
sphere.

As we can see from Fig.3, tSP is a distribution with the
characteristic of high kurtosis, that has a higher tip and slim

Properties Value
E(X) (α− β)/(α+ β)µ
Var[X] 2α

(α+β)2(α+β+1)

(
(β − α)µµ> + (α+ β)Id

)
Mode µ
H(x) logNX(d)− (log 2 + ψ(α)− ψ(α+ β))

Table 1: Properties of tSP distribution.

body than the vMF distribution. Only when the extracted
features are sufficiently obvious, that the feature is close
enough to the category center, the classifier will generate
high confidence in this category, which is in line with the hu-
man thinking mechanism. Otherwise, the classifier will only
generate particularly low confidence without a bias against
other categories. Furthermore, the movement of the cate-
gory center parameters is shown in Fig.2. Compared with
the vMF, the feature vector belonging to the head category
in the tSP will only achieve a small logit in the tail category.
So, the gradients of the tail will also be small, and the tail
categories will not be crowded. It means that the eigenspace
of those head categories in the long-tailed dataset occupies
less, and the limited feature space can be more allocated to
the features of tail categories. The tSP metric can equalize
the eigenspace as much as possible, alleviating the crowd-
ing issue in the extremely imbalanced problem.

T-distributed Spherical Classifier
Based on the good properties of the T-distributed spher-
ical metric, we designed the T-distributed hyper-spherical
classifier to alleviate the crowding problem in the imbal-
anced classification. There are K centers µ = {µk|k =
0, 1, ...,K − 1} in the T-distributed hyper-spherical classi-
fier, where K denotes the number of categories. For the i-th
sample zi, the extracted feature xi is obtained through the
backbone neural network and L2-based normalization. And
the posterior probability pik of the k-th class are obtained
by the feature xi through the T-distributed hyper-spherical
classifier is given by:

pik =
(1− 1+µT

k xi

2 )−1∑K
j=0 (1− 1+µT

j xi

2 )−1
(12)

Since the dimension of the feature x of each sample is the
same, the normalization term of the T-distributed spherical
distribution NX(d) is ignored in the calculation of logits.
Besides, high kurtosis will bring a narrow margin, making
training hard. Therefore, we use a trainable parameter to re-
lax the margin of the T-distributed spherical classifier, reduc-
ing the training difficulty.

The workflow of our method is shown in Fig.4. First, the
input image is extracted by the backbone network to obtain
the feature. The feature will be mapped on the hyper-sphere
through the L2-based normalization method. Finally, the re-
sult of logits is obtained through the T-distributed hyper-
spherical classifier.

Due to the high kurtosis characteristics of the T-
distributed spherical distribution, the T-distributed spherical
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Figure 4: The workflow of our proposed model.

classifier is able to equalize the eigenspace for alleviating the
crowding issue in the imbalanced problem. The equalized
eigenspace is capable of improving the accuracy of the tail
categories while maintaining the accuracy of the head cate-
gories, which significantly promotes the intraclass compact-
ness and interclass separability of features. Instead of sacri-
ficing the head categories to improve the tail categories, our
model allocates the eigenspace more equally and more suf-
ficiently, so that each category can get as much eigenspace
as possible without affecting other categories.

Experiments
Dataset and Evaluation
Our proposed method was evaluated on major public imbal-
anced datasets and various backbones. The improvements
across different tasks show the generalization and feasibility
of our method.

1. Long-tailed CIFAR-10/-100: we constructed the long-
tailed CIFAR-10/-100 dataset following the (Zhou et al.
2020; Yang and Xu 2020), which consists of approximately
10K∼13K training samples and 10K test images. The con-
trollable degrees of imbalanced ratio IR = Nmax

Nmin
controls

the distribution of training sets, where N is the number of
samples in each category. In addition, the validation dataset
is also set according to the same ratio as the training dataset,
meaning the distribution of the training dataset represents
the distribution of the real world.

2. ImageNet-LT (Liu et al. 2019): ImageNet-LT is a long-
tailed subset from the ImageNet-2012 dataset (Russakovsky
et al. 2015), which consists of 1000 classes and 115.8K sam-
ples. The imbalanced ratio IR = 256, that the category
with the largest number has 1280 images and the smallest
category has only 5 images in the training dataset. Besides,
different from the test and validation dataset in Long-tailed
CIFAR-10/-100, each category in the test and validation of
ImageNet-LT contains the same number of images, which is
50 and 20 respectively. It means that the long-tailed distribu-
tion of the training dataset is caused by sampling rather than
its own characteristic. The distribution of the real world is
not long-tailed.

3. iNaturalist (Cui et al. 2018): iNaturalist is a real-world
large-scale dataset for species recognition of animals and
plants. We verify our methods on the iNaturalist 2018 to

demonstrate the feasibility of our method. iNaturalist 2018
contains 438K images for over 8K categories with extreme
imbalance IR = 512 and challenging fine-grained prob-
lems.

Top-1 accuracy is used to evaluate the performance of
our model. Especially, in long-tailed recognition, the cate-
gories are divided into many (with more than 100 training
samples), medium (with 20∼100 samples) and few (with
less than 20 samples) splits (Cai, Wang, and Hwang 2021),
which calculate Top-1 accuracy respectively. Representative
methods of the current extremely imbalanced approaches are
chosen for our comparison, which are Focal loss (Lin et al.
2017), CB Focal loss (Cui et al. 2019b), BBN (Zhou et al.
2020), ACE (Cai, Wang, and Hwang 2021), OLTR (Liu et al.
2019), LDAM-DRW (Cao et al. 2019), cRT (Yang and Xu
2020), LWS (Kang et al. 2019), NCM (Kang et al. 2019), τ -
norm (Kang et al. 2019), Mixup (Huang, Zhang, and Zhang
2020), De-confound-TDE (Tang, Huang, and Zhang 2021),
LADE (Hong et al. 2021), LDA (Peng et al. 2021), CAM
(Zhang et al. 2021) and RIDE (Wang et al. 2020), respec-
tively. And † denotes that the results are copied from the
corresponding paper.

Cifar100 Cifar10
Method 100 50 100 50

Baseline † 38.3 42.1 70.4 74.8
Focal loss † 38.4 44.3 70.4 76.7
CB Focal loss † 39.6 45.3 74.6 79.3
BBN † 42.6 47.0 79.8 82.2
ACE † 49.6 51.9 81.4 84.9
OLTR † 41.2 - - -
LDAM-DRW † 43.4 47.1 77.8 82.1
cRT † 45.1 50.9 79.1 84.2
LWS † 44.2 50.7 76.3 82.6
Mixup † 39.5 45.0 73.1 77.8
De-confound-TDE † 44.1 50.3 80.6 83.6
LADE † 45.4 50.5 - -
LDA † 50.6 54.6 - -
CAM † 47.8 51.7 80.0 83.6

Ours 51.7 55.1 84.5 86.9

Table 2: Top-1 Accuracy on Long-tailed CIFAR-10/-100.
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(a) tSP Classifier, IR=10. (b) tSP Classifier, IR=50. (c) tSP Classifier, IR=100.

(d) Softmax Classifier, IR=10. (e) Softmax Classifier, IR=50. (f) Softmax Classifier, IR=100.

Figure 5: The visualization of the eigenspace of the T-distributed classifier and softmax classifier respectively, which is resulted
by Long-tailed CIFAR-10 with different imbalanced ratios IR.

Ablation Experiments
We perform ablation experiments on long-tailed CIFAR-10/-
100 datasets with various imbalanced ratios (100 and 50).
The ResNet-32 is used as our backbone, as the same as
the methods of comparison. And the network is trained by
the stochastic gradient descent (SGD) with a momentum of
0.9 for 90 epochs, following the experiment setting of De-
confound-TDE(Tang, Huang, and Zhang 2021). The result is
shown in Table.2. The red denotes the best result. Especially,
to intuitively demonstrate the improvement by our method,
there is no data augmentation and pre-trained model in our
training phase, that the improvement is totally brought by
our T-distributed spherical classifier. It can be seen that we
have achieved superior results in the long-tailed CIFAR-10
and long-tailed CIFAR-100 datasets, showing our model can
significantly improve the Top-1 accuracy in the long-tailed
problems, alleviating the extreme imbalanced issue brought
by the real-world sampling.

To show the eigenspace of our T-distributed spherical
classifier, we use T-SNE to visualize the extracted features
in Fig.5, with the comparison of the softmax classifier as
the representation of the winner-take-all strategy. The results
are achieved in long-tailed CIFAR-10 with difference imbal-
anced ratios IR. It can be seen that, our model significantly
maintains the separation of each category with clearer de-
cision boundaries, and promotes the intraclass compactness
and interclass separability of features. Instead of the most of
eigenspace occupied by the head categories in the softmax
classifier, the head categories in our T-distributed spherical
classifier still occupy a small eigenspace, so that the redun-
dant eigenspace is provided to other categories, alleviating
the crowding problem.

Furthermore, we measure the cosine distance of each cen-
ter in our T-distributed spherical classifier in left of Fig.6,
which shows the eigenspace occupied by each category. The
larger the angle, the more eigenspace occupied by the cate-
gory, which means less crowded. Compared with the perfor-
mance of cosine metric trained on the long-tailed CIFAR-
100 and the balanced CIFAR-100 in Fig.1, our model not
only equalizes the eigenspace for each category, but also
raises the angle to more than 100°, which means more avail-
able eigenspace for each category. Our model can make full
use of the eigenspace. Besides, we visualize the categories
centers of our tSP classifier and cosine classifier in right of
Fig.6, which shows that our category center distribution is
more sparse, alleviating crowding problems.

Angle

60°

80°

100°

Categories: Head Tail

Figure 6: Left: The cosine distance of each center in the tSP
classifier trained on the long-tailed CIFAR-100. Right: The
visualization of the classifier centers by t-SNE on the long-
tailed CIFAR-100. tSP classifier is in red, and the cosine
classifier is in blue.

By equalizing the eigenspace and alleviating the crowd-
ing problems, our model can improve the accuracy of tail
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categories while maintaining the accuracy of the head cate-
gories shown in Table.3. The test dataset is split into three
parts: many (with more than 100 training samples), medium
(with 20∼100 samples) and few (with less than 20 samples)
split. It can be seen that our model achieves excellent results
on the many and median splits, and significantly improve the
accuracy of few split compared with the baseline.

Methods ALL Many Median Few

BaseLine † 39.1 66.1 37.3 10.6
Focal Loss † 41.2 61.8 41.4 17.6
Remix † 40.9 69.6 40.7 8.8
Mixup † 41.2 70.7 40.4 8.8
BBN † 39.4 47.2 49.4 19.8
LDAM-DRW † 42.0 61.5 41.7 20.2
τ -norm † 43.2 65.7 43.6 17.3
cRT † 43.3 64.0 44.8 18.1
RIDE † 49.1 69.3 49.3 26.0

Ours 51.7 70.9 62.6 23.9

Table 3: Performances on Long-tailed CIFAR-100 with the
evaluation of Many-shot, Median-shot, Few-shot and all ac-
curacy.

Results and Discussion
In addition, our model still achieves excellent results on the
large-scale extremely imbalanced dataset with various back-
bones, such as ImageNet-LT (Russakovsky et al. 2015) and
iNaturalist (Cui et al. 2018). We use ResNet-10, ResNet-50
and ResNeXt-50 as the backbone, and the network is trained
by the SGD optimizer for 300 epochs, with the batch size
of 2048. We use Auto-Augmentation and class-aware sam-
pler to perform data augmentation. The results are shown in
Table. 4. The red denotes the best result.

ImageNet-LT iNat2018
Method Res10 Res50 ResX50 Res50

Baseline † 20.9 41.6 44.4 61.2
Focal loss † 30.5 - 43.7 60.3
CB Focal loss † - - - 61.1
BBN † - 48.3 49.3 66.3
OLTR † 34.1 - 41.9 63.9
NCM † 35.5 44.3 47.3 -
LDAM-DRW † 36.0 - - 68.0
cRT † 41.8 47.3 49.6 65.2
τ -norm † 40.6 46.7 49.4 65.6
LWS † 41.4 47.7 49.9 65.9
RIDE † - 54.4 55.9 71.4

Ours 44.7 52.3 54.2 70.3

Table 4: Top-1 Accuracy on ImageNet-LT and iNatural-
ist2018.

Compared with the baseline, our model improves 23.8%
accuracy with the ResNet-10 in ImageNet-LT, which

achieves superior top-1 accuracy. Besides, extensive experi-
ments demonstrate the robustness and generalizability of our
model, with the improvement of 10.7% under ResNet-50 of
ImageNet-LT, 9.8% under ResNeXt-50 of ImageNet-LT and
9.1% under ResNeXt-50 of iNaturalist2018. By equalizing
the eigenspace, our model can largely alleviate the crowding
problem and boost the performance of the extremely imbal-
anced classification.

Case Study for Pancreatic Tumor Subtypes
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Figure 7: The number of cases in each category of the pan-
creatic subtype classification dataset.

Besides, we applied our method to the real clinical ap-
plication of pancreatic tumor subtypes classification, which
has the extremely imbalance issue. 530 patients’ abdomi-
nal CT images are collected as shown in Fig.7, including
six categories that doctors are most concerned about, which
are pancreatic ductal adenocarcinoma (PDAC), intraduc-
tal papillary mucinous neoplasm (IPMN), pancreatic neu-
roendocrine tumor (NET), serous cystic neoplasm (SCN),
adenosquamous carcinoma (ASC) and Chronic pancreati-
tis (CP). Our model achieves the Top-1 accuracy of 69.04%
and Top-5 accuracy of 83.62%. Most of the other methods
crashed in training, all predicted as PDAC.

Conclusion
The extremely imbalanced problem often shows in the real-
world. We analyze that current metrics with the winner-
take-all strategy will lead to the crowding problem in the
eigenspace, causing a huge waste of the eigenspace. There-
fore, we designed the T-distributed spherical metric which
has the good characteristic of high kurtosis. Based on the
T-distributed spherical metric, we design the T-distributed
spherical classifier embedding the neural network for the
extremely imbalanced classification. We achieved superior
performances on long-tailed CIFAR-10/-100 with a large
imbalanced ratio. And the accuracy of both the tail and the
head categories has been improved. We have also verified
our model on the large-scale Imagenet-LT and the iNatu-
ralist2018 datasets, which also achieved excellent results.
The results show that our model equalizes the eigenspace
for each category, alleviating crowding problems. In addi-
tion, we successfully apply our model to the classification
of pancreatic tumor subtypes without crashing.
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