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Deep Long-Tailed Learning: A Survey
Yifan Zhang, Bingyi Kang, Bryan Hooi, Shuicheng Yan, Fellow, IEEE , and Jiashi Feng

Abstract—Deep long-tailed learning, one of the most challenging problems in visual recognition, aims to train well-performing deep
models from a large number of images that follow a long-tailed class distribution. In the last decade, deep learning has emerged as a
powerful recognition model for learning high-quality image representations and has led to remarkable breakthroughs in generic visual
recognition. However, long-tailed class imbalance, a common problem in practical visual recognition tasks, often limits the practicality of
deep network based recognition models in real-world applications, since they can be easily biased towards dominant classes and perform
poorly on tail classes. To address this problem, a large number of studies have been conducted in recent years, making promising
progress in the field of deep long-tailed learning. Considering the rapid evolution of this field, this paper aims to provide a comprehensive
survey on recent advances in deep long-tailed learning. To be specific, we group existing deep long-tailed learning studies into three main
categories (i.e., class re-balancing, information augmentation and module improvement), and review these methods following this
taxonomy in detail. Afterward, we empirically analyze several state-of-the-art methods by evaluating to what extent they address the issue
of class imbalance via a newly proposed evaluation metric, i.e., relative accuracy. We conclude the survey by highlighting important
applications of deep long-tailed learning and identifying several promising directions for future research.

Index Terms—Long-tailed Learning, Deep Learning, Imbalanced Learning, Convolutional Neural Networks
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1 INTRODUCTION

D EEP learning allows computational models, composed of
multiple processing layers, to learn data representations with

multiple levels of abstraction [1], [2] and has made incredible
progress in computer vision [3], [4], [5], [6], [7], [8]. The key
enablers of deep learning are the availability of large-scale datasets,
the emergence of GPUs, and the advancement of deep network
architectures [9]. Thanks to the strong ability of learning high-
quality data representations, deep neural networks have been
applied with great success to many visual discriminative tasks,
including image classification [6], [10], object detection [7], [11]
and semantic segmentation [8], [12].

In real-world applications, training samples typically exhibit
a long-tailed class distribution, where a small portion of classes
have massive sample points but the others are associated with
only a few samples [13], [14], [15], [16]. Such class imbalance
of training sample numbers, however, makes the training of deep
network based recognition models very challenging. As shown in
Fig. 1, the trained model can be easily biased towards head classes
with massive training data, leading to poor model performance
on tail classes that have limited data [17], [18], [19]. Therefore,
the deep models trained by the common practice of empirical risk
minimization [20] cannot handle real-world applications with long-
tailed class imbalance, e.g., face recognition [21], [22], species
classification [23], [24], medical image diagnosis [25], urban scene
understanding [26] and unmanned aerial vehicle detection [27].

To address long-tailed class imbalance, massive deep long-
tailed learning studies have been conducted in recent years [15],
[16], [28], [29], [30]. Despite the rapid evolution in this field, there
is still no systematic study to review and discuss existing progress.
To fill this gap, we aim to provide a comprehensive survey for
recent long-tailed learning studies conducted before mid-2021.
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Fig. 1. The label distribution of a long-tailed dataset (e.g., the iNaturalist
species dataset [23] with more than 8,000 classes). The head-class
feature space learned on these sampled is often larger than tail classes,
while the decision boundary is usually biased towards dominant classes.

As shown in Fig. 2, we group existing methods into three main
categories based on their main technical contributions, i.e., class
re-balancing, information augmentation and module improvement;
these categories can be further classified into nine sub-categories:
re-sampling, cost-sensitive learning, logit adjustment, transfer
learning, data augmentation, representation learning, classifier
design, decoupled training and ensemble learning. According to this
taxonomy, we provide a comprehensive review of existing methods,
and also empirically analyze several state-of-the-art methods by
evaluating their abilities of handling class imbalance using a new
evaluation metric, namely relative accuracy. We conclude the
survey by introducing several real-world application scenarios of
deep long-tailed learning and identifying several promising research
directions that can be explored by the community in the future.
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Fig. 2. Taxonomy of existing deep long-tailed learning methods.

We summarize the key contributions of this survey as follows.

• To the best of our knowledge, this is the first comprehensive
survey of deep long-tailed learning, which will provide a
better understanding of long-tailed visual learning with
deep neural networks for researchers and the community.

• We provide an in-depth review of advanced long-tailed
learning studies, and empirically study state-of-the-art
methods by evaluating to what extent they handle long-
tailed class imbalance via a new relative accuracy metric.

• We identify four potential directions for method innovation
as well as eight new deep long-tailed learning task settings
for future research.

The rest of this survey will be organized as follows: Sec-
tion 2 presents the problem definition and introduces widely-used
datasets, metrics and network backbones. Section 3 provides a
comprehensive review of advanced long-tailed learning methods
and Section 4 empirically analyzes several state-of-the-art methods
based on a new evaluation metric. Section 5 presents the application
scenarios of deep long-tailed learning, while Section 6 identifies
future research directions. We conclude the survey in Section 7.

2 PROBLEM DEFINITION AND BASIC CONCEPTS

2.1 Problem Definition
Deep long-tailed learning seeks to learn a deep neural network
model from a training dataset with a long-tailed class distribution,
where a small fraction of classes have massive samples and the rest
classes are associated with only a few samples (c.f. Fig. 1). Let
{xi, yi}ni=1 be the long-tailed training set, where each sample xi
has a corresponding class label yi. The total number of training
set over K classes is n =

∑K
k=1 nk, where nk denotes the data

number of class k; let π denote the vector of label frequencies,
where πk = nk/n indicates the label frequency of class k.
Without loss of generality, a common assumption in long-tailed
learning [31], [32] is that the classes are sorted by cardinality in
decreasing order (i.e., if i1 < i2, then ni1 ≥ ni2 , and n1 � nK ),
and then the imbalance ratio is defined as n1/nK .

This task is challenging due to two difficulties: (1) imbalanced
data numbers across classes make deep models biased to head
classes and performs poorly on tail classes; (2) lack of tail-class
samples makes it further challenging to train models for tail-class
classification. Such a task is fundamental and may occur in various
visual recognition tasks, such as image classification [15], [32],
detection [19], [33] and segmentation [26], [34], [35].

TABLE 1
Statistics of long-tailed datasets. “Cls.” indicates image classification;

“Det.” represents object detection; “Seg.” means instance segmentation.

Task Dataset # classes # training data # test data

Cls.

ImageNet-LT [15] 1,000 115,846 50,000
CIFAR100-LT [18] 100 50,000 10,000
Places-LT [15] 365 62,500 36,500
iNaturalist 2018 [23] 8,142 437,513 24,426

Det./Seg. LVIS v0.5 [36] 1,230 57,000 20,000
LVIS v1 [36] 1,203 100,000 19,800

Multi-label Cls. VOC-LT [37] 20 1,142 4,952
COCO-LT [37] 80 1,909 5,000

Video Cls. VideoLT [38] 1,004 179,352 51,244

2.2 Datasets
In recent years, a variety of visual datasets have been released for
long-tailed learning, differing in tasks, class numbers and sample
numbers. In Table 1, we summarize nine visual datasets that are
widely used in the deep long-tailed learning community.

In long-tailed image classification, there are four benchmark
datasets: ImageNet-LT [15], CIFAR100-LT [18], Places-LT [15],
and iNaturalist 2018 [23]. The previous three are sampled from
ImageNet [39], CIFAR100 [40] and Places365 [41] following
Pareto distributions, respectively, while iNaturalist is a real-world
long-tailed dataset. The imbalance ratio of ImageNet-LT, Places-LT
and iNaturalist are 256, 996 and 500, respectively; CIFAR100-LT
has three variants with various imbalance ratios {10, 50, 100}.

In long-tailed object detection and instance segmentation,
LVIS [36], providing precise bounding box and mask annotations,
is the widely-used benchmark. In multi-label image classification,
the benchmarks are VOC-LT [37] and COCO-LT [37], which are
sampled from PASCAL VOC 2012 [42] and COCO [43], respec-
tively. Recently, a large-scale “untrimmed” video dataset, namely
VideoLT [38], was released for long-tailed video recognition.

2.3 Evaluation Metrics
In long-tailed learning, the overall performance on all classes
and the performance for head, middle and tail classes are usually
reported. The used evaluation metrics differ in various tasks. For
example, Top-1 Accuracy (or Error Rate) is the widely-used metric
for long-tailed image classification, while mean Average Precision
(mAP) [44] is adopted for long-tailed object detection and instance
segmentation. Moreover, mAP is also used in long-tailed multi-
label image classification as a metric, while video recognition
applies both Top-1 Accuracy and mAP for evaluation.

2.4 Mainstream Network Backbones
Existing long-tailed learning methods are developed based on
generic network backbones, which differ in various datasets.
The common practices for ImageNet-LT are ResNet [10] and
ResNeXt [45] with different depths, where ResNet-50 and
ResNeXt-50 are the most common ones. Moreover, ResNet-32 is
generally used for CIFAR100-LT; ResNet-50 is used for iNaturalist
2018; ResNet-152 pre-trained on ImageNet is adopted for Places-
LT. For LVIS datasets, the widely-used architectures are Mask
R-CNN [46] or Faster R-CNN [7] based on ResNet-50 with Feature
Pyramid Networks (FPN) [47]. In multi-label classification, the
pre-trained ResNet-50 is the common choice for VOC-LT and
COCO-LT, while in video recognition of VideoLT, both the pre-
trained ResNet-50 and ResNet-101 are applied. On top of these
generic backbones, recent methods also explored multiple network
branches (i.e., multi-expert) to improve the backbone [30], [48].
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2.5 Long-tailed Learning Challenges

The most popular challenge events in long-tailed learning includes
iNat [23] and LVIS [36].

iNat Challenge. The iNaturalist (iNat) challenge is a large-
scale fine-grained species classification competition at CVPR.
This challenge seeks to push forward the state of the art in
automatic image classification for real-world images with a large
number of categories, including plants and animals. In contrast
to other classification challenges (e.g., ImageNet Large Scale
Visual Recognition Challenge), the iNaturalist dataset [23] in
this challenge exhibits a long-tailed class distribution and thus
encourages progress in image classification.

LVIS Challenge. The Large Vocabulary Instance Segmentation
(LVIS) dataset [36] is a high-quality instance segmentation dataset
with more than 1,000 object categories. As the categories are long-
tailed distributed, LVIS presents a novel instance segmentation and
object detection challenge at ICCV/ECCV that is distinct from the
famous COCO challenge.

2.6 Relationships with Other Tasks

We then briefly discuss the differences of long-tailed learning with
class-imbalanced learning, few-shot learning, and out-of-domain
generalization. These relationships are consistent between deep
learning and non-deep learning.

Class-imbalanced learning [5], [49] seeks to train models
from class-imbalanced samples. Overall, long-tailed learning can
be regarded as a more specific and challenging sub-task within
class-imbalanced learning. In comparison, in class-imbalanced
learning, the number of classes can be very small (e.g., 2) and
the number of minority data is not necessarily small; while in
long-tailed learning, there are a large number of classes and the
tail-class samples are often very scarce.

Few-shot learning [50], [51], [52], [53] aims to train models
from a limited number of labeled samples (e.g., 1 or 5). In
comparison, few-shot learning can be regarded as a sub-task of
long-tailed learning, in which the tail classes generally have a very
small number of samples.

Out-of-domain Generalization [54], [55] indicates a class of
tasks, in which the training distribution is inconsistent with the
unknown test distribution. Such inconsistency includes inconsistent
data marginal distributions (e.g., domain adaptation [56], [57], [58],
[59], [60], [61] and domain generalization [62], [63]), inconsistent
class distributions (e.g., long-tailed learning [15], [28], [32], open-
set learning [64], [65]), and the combination of the previous two
situations. From this perspective, long-tailed learning can be viewed
as a specific task within out-of-domain generalization.

3 CLASSIC METHODS

As shown in Fig. 2, we divide existing deep long-tailed learning
methods into three main categories, including class re-balancing,
information augmentation, and module improvement. More specif-
ically, class re-balancing consists of three sub-categories: re-
sampling, cost-sensitive learning (CSL), and logit adjustment
(LA). Information augmentation comprises transfer learning (TL)
and data augmentation (Aug). Module improvement includes
representation learning (RL), classifier design (CD), decoupled
training (DT) and ensemble learning (Ensemble). According to this
taxonomy, we sort out existing deep long-tailed learning methods
in Table 2 and will review them in detail as follows.

3.1 Class Re-balancing
Class re-balancing, a mainstream paradigm in long-tailed learning,
seeks to balance the training sample numbers of different classes
during model training. We begin with re-sampling based methods,
followed by cost-sensitive learning and logit adjustment.

3.1.1 Re-sampling
Re-sampling is one of the most widely-used methods to resolve
class imbalance in the last few decades [32], [34], [112], [113],
[114], [115], [116]. The common practices of re-sampling are
random over-sampling (ROS) and random under-sampling (RUS).
To re-balance classes, ROS randomly repeats the samples from
tail classes, while RUS randomly discards the samples from head
classes. Nevertheless, when the classes are extremely skewed, ROS
tends to overfit to tail classes, while RUS tends to degrade the
model performance on head classes. Instead of using random re-
sampling, recent long-tailed learning studies develop various kinds
of sampling methods, including class-balanced re-sampling and
scheme-oriented sampling.

Class-balanced re-sampling. We begin with Decoupling [32],
which empirically evaluated various sampling strategies for repre-
sentation learning on long-tailed recognition. Specifically, the sam-
pling strategies include instance-balanced sampling, class-balanced
sampling, square-root sampling and progressively-balanced sam-
pling. In instance-balanced sampling, each sample has an equal
probability of being sampled, while in class-balanced sampling,
each class has an equal probability of being selected. In addition,
square-root sampling [117] is a variant of instance-balanced
sampling, where the sampling probability for each class is related
to the square root of sample size in the corresponding class.
Progressively-balanced sampling [32] interpolates progressively
between instance- and class-balanced sampling.

Simple Calibration (SimCal) [34] proposed a new bi-level
class-balanced sampling strategy to handle long-tailed instance
segmentation. Specifically, the bi-level sampling strategy combines
image-level re-sampling and instance-level re-sampling to alleviate
class imbalance in instance segmentation.

Dynamic curriculum learning (DCL) [75] developed a new
curriculum strategy to dynamically sample data for class re-
balancing. To be specific, the more instances from one class are
sampled as training goes by, the lower probabilities of this class
would be sampled later. Following this idea, DCL first conducts
random sampling to learn general representations, and then samples
more tail-class instances based on the curriculum strategy to handle
long-tailed class imbalance.

Balanced meta-softmax [86] developed a meta learning based
sampling method to estimate the optimal sampling rates of
different classes for long-tailed learning. Specifically, the proposed
meta learning method, a bi-level optimization strategy, learns
the best sample distribution parameter by optimizing the model
classification performance on a balanced meta validation set.

Feature augmentation and sampling adaptation (FASA) [103]
proposed to use the model classification loss on a balanced meta
validation set (as a metric) to adjust feature sampling rate for
different classes, so that the under-represented tail classes can be
sampled more.

Long-tailed object detector with classification equilibrium
(LOCE) [33] proposed to use the mean classification prediction
score (i.e., running prediction probability) to monitor model
training on different classes, and guide memory-augmented feature
sampling for enhancing tail-class performance.
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TABLE 2
Summary of existing deep long-tailed learning methods published in the top-tier conferences before mid-2021. There are three main categories:
class re-balancing, information augmentation and module improvement. In this table, “CSL” indicates cost-sensitive learning; “LA” indicates logit
adjustment; “TL” represents transfer learning; “Aug” indicates data augmentation; “RL” indicates representation learning; “CD” indicates classifier

design, which seeks to design new classifiers or prediction schemes for long-tailed recognition; “DT” indicates decoupled training, where the feature
extractor and the classifier are trained separately; “Ensemble” indicates ensemble learning based methods. We also make our collected long-tailed

learning resources available at https://github.com/Vanint/Awesome-LongTailed-Learning.

Method Publication Year Class Re-balancing Augmentation Module Improvement

Re-sampling CSL LA TL Aug RL CD DT Ensemble

LMLE [66] CVPR 2016 3 3
HFL [67] CVPR 2016 3
Focal loss [68] ICCV 2017 3
Range loss [21] ICCV 2017 3
CRL [69] ICCV 2017 3
MetaModelNet [70] NeurIPS 2017 3
DSTL [71] CVPR 2018 3
CB [16] CVPR 2019 3
Bayesian estimate [72] CVPR 2019 3
FTL [73] CVPR 2019 3 3
Unequal-training [74] CVPR 2019 3
OLTR [15] CVPR 2019 3
DCL [75] ICCV 2019 3
Meta-Weight-Net [76] NeurIPS 2019 3
LDAM [18] NeurIPS 2019 3
Decoupling [32] ICLR 2020 3 3 3 3 3
LST [77] CVPR 2020 3 3
BBN [48] CVPR 2020 3 3
BAGS [78] CVPR 2020 3 3
Domain adaptation [28] CVPR 2020 3
Equalization loss (ESQL) [19] CVPR 2020 3
DBM [22] CVPR 2020 3
M2m [79] CVPR 2020 3 3
LEAP [80] CVPR 2020 3 3 3
IEM [81] CVPR 2020 3
SimCal [34] ECCV 2020 3 3 3
PRS [82] ECCV 2020 3
Distribution-balanced loss [37] ECCV 2020 3
OFA [83] ECCV 2020 3 3 3
LFME [84] ECCV 2020 3 3
Deep-RTC [85] ECCV 2020 3
Balanced Meta-Softmax [86] NeurIPS 2020 3 3
UNO-IC [87] NeurIPS 2020 3
De-confound-TDE [88] NeurIPS 2020 3 3
SSP [89] NeurIPS 2020 3 3
Logit adjustment [14] ICLR 2021 3
RIDE [17] ICLR 2021 3 3
KCL [13] ICLR 2021 3 3
LTML [90] CVPR 2021 3 3
Equalization loss v2 [91] CVPR 2021 3
Seesaw loss [92] CVPR 2021 3
ACSL [93] CVPR 2021 3
PML [94] CVPR 2021 3
LADE [31] CVPR 2021 3 3
RoBal [95] CVPR 2021 3 3 3
DisAlign [29] CVPR 2021 3 3 3
MiSLAS [96] CVPR 2021 3 3 3
CReST [97] CVPR 2021 3
Conceptual 12M [98] CVPR 2021 3
RSG [99] CVPR 2021 3 3
MetaSAug [100] CVPR 2021 3
Hybrid [101] CVPR 2021 3
Unsupervised discovery [35] CVPR 2021 3
VideoLT [38] ICCV 2021 3
LOCE [33] ICCV 2021 3 3
GIST [102] ICCV 2021 3 3 3
FASA [103] ICCV 2021 3 3
ACE [104] ICCV 2021 3 3
IB [105] ICCV 2021 3
DARS [26] ICCV 2021 3
SSD [106] ICCV 2021 3
DiVE [107] ICCV 2021 3
MosaicOS [108] ICCV 2021 3
PaCo [109] ICCV 2021 3
DRO-LT [110] ICCV 2021 3
DT2 [111] ICCV 2021 3

https://github.com/Vanint/Awesome-LongTailed-Learning
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VideoLT [38], seeking to address long-tailed video recognition,
introduced a new FrameStack method that conducts frame-level
sampling to re-balance class distributions. Specifically, FrameStack
dynamically adjusts the sampling rates of different classes based
on the running model performance during training, so that it can
sample more video frames from tail classes (generally with lower
running performance) and fewer frames from head classes.

Scheme-oriented sampling seeks to facilitate some specific
learning scheme for long-tailed learning, such as metric learning
and ensemble learning. For example, large margin local embedding
(LMLE) [66] developed a new quintuplet sampling scheme for
metric learning, to learn high-quality features that maintain both
inter-cluster and inter-class margins. Unlike the triplet loss [118]
that samples two contrastive pairs, LMLE presented a quintuplet
sampler to sample four contrastive pairs, including a positive pair
and three negative pairs. The positive pair is the most distant intra-
cluster sample, while the negative pairs include two inter-clusters
samples from the same class (one is the nearest and one is the
most distant within the same cluster) and the most nearest inter-
class sample. Following that, LMLE introduced a quintuplet loss to
encourage the sampled quintuplet to follow a specific distance order.
In this way, the learned representations preserve not only locality
across intra-class clusters but also discrimination between classes.
Moreover, each data batch in the quintuplet loss contains the same
number of samples from different classes for class re-balancing.

Partitioning reservoir sampling (PRS) [82] proposed a replay-
based sampling method to handle continual long-tailed learning.
One key challenge is that the replay memory is unable to consider
the issue of class imbalance because no information about the
future input is available. To address this, PRS developed an online
memory maintenance algorithm that dynamically maintains the
running statistics of samples from different classes. Based on the
running statistics, PRS can dynamically adjust the memory size
and the scheme of sample-in/out operations for different classes.

Bilateral-branch network (BBN) [48] developed two network
branches (i.e., a conventional learning branch and a re-balancing
branch) to handle class imbalance based on a new bilateral sampling
strategy. To be specific, BBN applies uniform sampling for the
conventional branch to simulate the original long-tailed training
distributions; meanwhile, BBN applies a reversed sampler for the re-
balancing branch to sample more tail-class samples for improving
tail-class performance. The final prediction is the weighted sum
of two network branches. Afterward, long-tailed multi-label visual
recognition (LTML) [90] extended the bilateral branch network to
address long-tailed multi-label classification. Geometric structure
transfer (GIST) [102] also explored this bilateral sampling strategy
for knowledge transfer from the head to tail classes.

Besides sampling for bilateral branches, balanced group soft-
max (BAGS) [78] proposed to divide classes into several balanced
groups based on the number of samples in each class, where
each group has classes with a similar number of training data.
Following this, BAGS uses different sample groups to train different
classification heads so that they perform the softmax operation on
classes with a similar number of training data and thus avoid a
severely biased classifier due to imbalance. Afterward, learning
to segment the tail (LST) [77] also divides the training samples
into several balanced subsets, and handles each one based on
class-incremental learning. To address catastrophic forget during
class-incremental learning, LST developed a class-balanced data
reply/sampling strategy, which keeps a relatively balanced sample
set for knowledge distillation.

TABLE 3
Summary of losses. In this table, z and p indicate the predicted logits

and the softmax probability of the sample x, where zy and py
correspond to the class y. Moreover, n indicates the total number of

training data, where ny is the sample number of the class y. In addition,
π denotes the vector of sample frequencies, where πy=ny/n

represents the label frequency of the class y. The class-wise weight is
denoted by ω and the class-wise margin is denoted by ∆, if no more

specific value is given. Loss-related parameters include γ.

Losses Formulation

Softmax loss Lce = − log(py)
Weighted Softmax loss Lwce = − 1

πy
log(py)

Focal loss [68] Lfl = −(1− py)γ log(py)

Class-balanced loss [16] Lcb = − 1−γ
1−γny log(py)

Balanced softmax loss [86] Lbs = − log(
πy exp(zy)∑
j πj exp(zj)

)

Equalization loss [19] Leq = − log(
exp(zy)∑
j ωj exp(zj)

)

LDAM loss [18] Lldam = − log(
exp(zy−∆y)∑
j exp(zj−∆j)

)

Instead of division into several balanced groups, ally comple-
mentary experts (ACE) [104] divides samples into several skill-
diverse subsets, where one subset contains all classes, one contains
middle and tail classes, and another one contains only tail classes.
Based on these subsets, ACE trains different experts to have specific
and complementary skills for ensemble learning.

3.1.2 Cost-sensitive Learning
Cost-sensitive learning seeks to re-balance classes by adjusting loss
values for different classes during training [119], [120], [121], [122],
[123], [124], [125]. Recent studies have developed various cost-
sensitive long-tailed learning methods to handle class imbalance,
including class-level re-weighting and class-level re-margining.

Class-level re-weighting. The most intuitive method is to
directly use label frequencies of training samples for loss re-
weighting, namely weighted softmax loss (c.f. Table 3). Such
a loss can be further improved by tuning the influence of label
frequencies on loss weights, based on sample influence [105] or
distribution alignment between model prediction and a balanced
reference distribution [29]. In addition to loss value re-weighting,
balanced softmax [86] proposed to use the label frequencies to
adjust model predictions during training, so that the bias of class
imbalance can be alleviated by the prior knowledge. Following
that, LADE [31] introduced a label distribution disentangling loss
to disentangle the learned model from the long-tailed training
distribution, followed by model adaptation to arbitrary test class
distributions if the test label frequencies are available.

Instead of using label frequencies, class-balanced loss (CB) [16]
introduced a novel concept of effective number to approximate the
expected sample number of different classes. Here, the effective
number is an exponential function of the training sample number.
Following this concept, CB loss enforces a class-balanced re-
weighting term, inversely proportional to the effective number of
classes, to address class imbalance (c.f. Table 3).

Focal loss [68] explored class prediction hardness for re-
weighting. To be specific, focal loss is inspired by the observation
that class imbalance usually increases the prediction hardness of
tail classes, whose prediction probabilities would be lower than
those of head classes. Following this, Focal loss uses the prediction
probabilities to inversely re-weight classes (c.f. Table 3), so that
it can assign higher weights to the harder tail classes but lower
weights to the easier head classes.
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Besides using a pre-defined weighting function, the class
weights can also be learned from data. In Meta-Weight-Net [76],
guided by a balanced validation set, the weighting function,
approximated by a one-layer MLP, is updated for fitting the
long-tailed distribution, so that a well-performed model on the
uniform test set can be learned. In addition, distribution alignment
(DisAlign) [29] developed an adaptive calibration function to
calibrate the model classifier. The calibration function is adaptively
learned by minimizing the KL-Divergence between the adjusted
prediction distribution and a given balanced reference distribution.

Another issue in long-tailed learning is negative gradient
over-suppression [19], [126]. That is, each positive sample of
one class can be seen as a negative sample for other classes in
softmax or sigmoid cross-entropy, leading tail classes to receive
more suppressed gradients. To address this, distribution-balanced
loss [37] alleviates gradient over-suppression via a new negative-
tolerant regularization. Meanwhile, it also evaluates the gap
between the expected sampling frequency and the actual sampling
frequency of each class, and then uses the division of these two
frequencies to re-weight loss values for different classes.

Equalization loss [19] directly down-weights the loss values of
tail-class samples when they serve as negative pairs for massive
head-class samples. Equalization loss v2 [91] further extended
the equalization loss [19] by modeling the multi-class detection
problem as a set of independent sub-tasks, where each sub-task
focuses on one class. More specifically, equalization loss v2
introduced a novel gradient-guided re-weighting mechanism to
dynamically up-weight the positive gradients and down-weight the
negative gradients for model training on each sub-task.

Seesaw loss [92] re-balances positive and negative gradients for
each class with two re-weighting factors, i.e., a mitigation factor
and a compensation factor. To address gradient over-suppression,
the mitigation factor alleviates the penalty to tail classes during
training based on the dynamic ratios of the cumulative sample
number between different classes. Meanwhile, if a false positive
sample is observed, the compensation factor up-weights the penalty
to the corresponding class for improving model discrimination.

Adaptive class suppression loss (ACSL) [93] uses the output
confidence to decide whether to suppress the gradient for a negative
label. Specifically, if the prediction probability of a negative label is
larger than a pre-defined threshold, the model should be confused so
the weight for this class is set to 1 to improve model discrimination.
Otherwise, the weight is set to 0 to avoid negative over-suppression.

Class-level re-margining seeks to handle class imbalance by
adjusting the minimal margin (i.e., distance), between the learned
features and the model classifier, for different classes. For example,
label-distribution-aware margin (LDAM) [18] extended the existing
soft margin loss [127], [128] by enforcing class-dependent margins
based on label frequencies and encouraging tail classes to have
larger margins. Nevertheless, simply using LDAM loss is not
empirically sufficient to handle class imbalance. Therefore, LDAM
further introduced a deferred re-balancing optimization schedule
that re-balanced classes by re-weighting LDAM loss in a class-
balanced way after learning with LDAM loss for a while.

Bayesian estimate [72] found that the class prediction uncer-
tainty is inversely proportional to the training label frequency,
i.e., tail classes are more uncertain. Inspired by this, bayesian
estimate [72] proposed to use the estimated class-level uncertainty
to re-margin losses so that the tail classes with higher class
uncertainty would suffer a higher loss value and thus have a larger
margin between features and the classifier.

Domain balancing [22] studied a long-tailed domain problem,
where a small number of domains (containing multiple classes)
frequently appear while other domains exist less. To address this
task, this work introduced a novel domain frequency indicator
based on the inter-class compactness of features, and uses this
indicator to re-margin the feature space of tail domains.

LOCE [33] uses the mean classification prediction score to
monitor the learning status for different classes and apply it to guide
class-level margin adjustment for enhancing tail-class performance.

Progressive margin loss (PML) [94] adjusts the class-wise
margin for long-tailed learning with two margin terms: the ordinal
margin and the variational margin. The ordinal margin seeks to
extract discriminative features and maintain the age order relation.
The variational margin attempts to progressively suppress head
classes to handle class imbalance in long-tailed training samples.

RoBal [95] argued that existing re-margining methods that
encourage larger margins for tail classes may degrade the feature
learning for head classes. Therefore, RoBal enforces an additional
margin term to also enlarge the feature margin for head classes.

3.1.3 Logit Adjustment
Logit adjustment, post-hoc shifting the model logits based on
label frequencies, is a classic idea to obtain a large relative margin
between classes in class-imbalanced problems [14], [129]. Recently,
one study [14] comprehensively analyzed logit adjustment methods
in long-tailed recognition, and theoretically showed that logit
adjustment is Fisher consistent to minimize the average per-class
error. Following this idea, RoBal [95] applied a post-processing
strategy to adjust the cosine classification boundary based on
training label frequencies.

Instead of using label frequencies of training data, LADE [31]
proposed to use the label frequencies of test data (if available)
to post-adjust model outputs, so that the trained model can
be calibrated for arbitrary test class distribution. UNO-IC [87]
proposed to use a hyper-parameter, tuned on a balanced meta
validation set, to calibrate the model classifier for handling class
imbalance, leading to better performance on the uniform test set.
De-confound [88] introduced a causal classifier (c.f. Section 3.3.2)
that records the bias information by computing the exponential
moving average of features during training, and then removes
the bad causal effect by subtracting the bias information during
inference. DisAlign [29] applied an adaptive calibration function
for logit adjustment, where the calibration function is learned
by matching the calibrated prediction distribution to a relatively
balanced class distribution.

3.1.4 Discussions
Compared to other long-tailed learning paradigms, class re-
balancing methods are relatively simple but can achieve comparably
or even better performance. Some of them, especially cost-sensitive
learning methods, are theoretically inspired or guaranteed to handle
long-tailed problems [16], [18], [31]. These advantages enable class
re-balancing to be a good candidate for real-world applications.

However, one drawback of this type of method is that most class
re-balancing methods improve tail-class performance at the cost of
head-class performance, which is like playing on a performance
seesaw. Although the overall performance is improved, it cannot
essentially handle the issue of lacking information, particularly on
tail classes due to limited data amount. To address this limitation,
one feasible solution is to conduct information augmentation for
all classes as follows.
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3.2 Information Augmentation

Information augmentation based methods seek to introduce ad-
ditional information into model training, so that the model
performance can be improved in long-tailed learning. There are
two kinds of methods in this method type: transfer learning and
data augmentation.

3.2.1 Transfer Learning

Transfer learning [70], [83], [99], [130], [131] seeks to transfer the
knowledge from a source domain (e.g., datasets, tasks or classes)
to enhance model training on a target domain. In deep long-tailed
learning, there are four main transfer learning schemes, i.e., head-to-
tail knowledge transfer, model pre-training, knowledge distillation,
and self-training.

Head-to-tail knowledge transfer seeks to transfer the knowl-
edge from head classes to augment model performance on tail
classes. For instance, feature transfer learning (FTL) [73] found
that tail-class samples have much smaller intra-class variance than
head-class samples, leading to biased feature spaces and decision
boundaries. To address this, FTL exploits the knowledge of intra-
class variance from head classes to guide feature augmentation for
tail-class samples, so that the tail-class features have higher intra-
class variance, leading to better tail-class performance. Following
that, LEAP [80] constructs “feature cloud” for each class, and seeks
to transfer the knowledge of head-class feature clouds to enhance
the intra-class variation of tail-class feature clouds, by augmenting
tail-class samples with certain disturbation in the feature space. As
a result, the distortion of the intra-class feature variance among
classes is alleviated.

Online feature augmentation (OFA) [83] proposed to use class
activation maps [132] to decouple sample features into class-
specific and class-agnostic ones. Following that, OFA augments
tail classes by combining the class-specific features of tail-class
samples with class-agnostic features from head-class samples.
Afterward, all the augmented and original features would be used to
fine-tune the model classifier with a re-balancing sampler, leading
to better long-tailed learning performance.

Rare-class sample generator (RSG) [99] also observed that the
feature space of tail classes is much smaller than that of head
classes in long-tailed problems. To address this, RSG proposed
to generate new tail-class samples to enlarge the feature space
for tail classes and “push away” the decision boundaries. To this
end, RSG dynamically estimates a set of feature centers for each
class, and uses the feature displacement between head-class sample
features and the nearest intra-class feature center to augment each
tail sample feature. To further maximize the feature displacement
distance and increase the diversity of the generated tail-class sample
features, RSG introduced a maximized vector loss to enforce the
direction of the feature displacement and the direction of the sample
feature to be “co-linear”.

In addition to the feature-level head-to-tail transfer, major-to-
minor translation (M2m) [79] proposed to augment tail classes by
translating head-class samples to tail-class ones via perturbation-
based optimization, which is essentially similar to adversarial attack.
The translated tail-class samples would be used to construct a more
balanced training set for model training. Moreover, GIST [102]
proposed to conduct head-to-tail transfer at the classifier level. By
enhancing the classifier weights of tail classes with the relatively
large classifier geometry information of head classes, GIST is able
to obtain better tail-class performance.

MetaModelNet [70] proposed to learn a meta-network that
maps few-shot model parameters to many-shot model parameters,
where the few-shot model is trained on a small number of samples
while the many-shot model is trained on massive samples. To be
specific, the meta-network is trained on head classes, where the
many-shot model is directly trained on the head-class training set,
while the few-shot model is trained on a sample subset from these
classes. Following that, the meta-network learned on head classes
is applied to map the few-shot model trained on tail classes for
obtaining better tail-class performance.

Model pre-training is a popular scheme for deep model
training [133], [134], [135], [136], [137]. Domain-specific transfer
learning (DSTL) [71] first pre-trains the model with all long-
tailed samples for representation learning, and then fine-tunes
the model on a more class-balanced training subset. In this
way, DSTL slowly transfers the learned features to tail classes,
obtaining more balanced performance among all classes. In
addition, self-supervised pre-training (SSP) [89] proposed to first
use self-supervised learning (e.g., contrastive learning [138] or
rotation prediction [139]) for model pre-training, followed by
standard training on long-tailed data. Empirical results show the
effectiveness of SSP, where tail classes exhibit larger performance
gains. Such a scheme has also be explored to handle long-tailed
data with noisy labels [140]. Recently, a new vision-and-language
pre-training dataset (Conceptual 12M [98]) was proposed and has
been shown effective for downstream long-tailed recognition.

Knowledge distillation seeks to train a student model based
on the outputs of a well-trained teacher model [141], [142].
Several recent studies have explored knowledge distillation for
long-tailed learning. LST [77] developed a class-incremental
learning strategy to handle long-tailed instance segmentation,
where knowledge distillation is used to overcome catastrophic
forget during incremental learning. Learning from multiple experts
(LFME) [84] divides the entire long-tailed dataset into several
subsets with smaller degrees of class imbalance, and trains multiple
experts with different sample subsets. Based on these experts,
LFME trains a unified student model using adaptive knowledge
distillation in an easy-to-hard curriculum instance selection manner.
Following the multi-expert framework, routing diverse distribution-
aware experts (RIDE) [17] introduced a knowledge distillation
method to reduce the parameters of the multi-expert model by
learning a student network with fewer experts.

Very recently, self-supervision to distillation (SSD) [106]
developed a new self-distillation scheme to enhance decoupled
training. Specifically, SSD first trains a calibrated model based
on supervised and self-supervised information via the decoupled
training scheme (c.f. Section 3.3.3), and then uses the calibrated
model to generate soft labels for all samples. Following that, both
the generated soft labels and original long-tailed hard labels are
used to distill a new student model, followed by a new classifier fine-
tuning stage. In addition, distill the virtual examples (DiVE) [107]
showed the effectiveness of using a class-balanced model as the
teacher in knowledge distillation for long-tailed learning.

Self-training aims to learn well-performing models from a
small number of labeled samples and massive unlabeled sam-
ples [143], [144], [145]. To be specific, it firstly uses labeled
samples to train a supervised model, which is then applied to
generate pseudo labels for unlabeled data. Following that, both the
labeled and pseudo-labeled samples are used to re-train models.
In this way, self-training exploits the knowledge from massive
unlabeled samples to enhance long-tailed learning performance.
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Such a paradigm, however, cannot be directly used to handle
long-tailed problems, because both labeled and unlabeled datasets
may follow long-tailed class distributions. In such cases, the trained
model on labeled samples may be biased to head classes and tends
to generate more head-class pseudo labels for unlabeled samples,
which leads to a more skewed degree of class imbalance. By far,
how to enhance self-training to address long-tailed semi-supervised
learning is still an under-explored important question.

Class-rebalancing self-training (CReST) [97] explored self-
training in long-tailed classification and found that the precision
of the supervised model on tail classes is surprisingly high. Based
on this finding, CReST proposed to select more tail-class samples
for online pseudo labeling in each iteration, so that the re-trained
model can obtain better performance on tail classes.

Distribution alignment and random sampling (DARS) [26]
enhances self-training for handling long-tailed semi-supervised
semantic segmentation. To address the potential inconsistency of
class imbalance between labeled and unlabeled samples, DARS
regards the label frequencies of labeled training data as the
true class distribution, and enforces the label frequencies of the
generated pseudo labels to be consistent with the labeled ones.
Meanwhile, DARS applies a sampling strategy to strictly control
the number of pseudo labels in each class. In this way, the generated
pseudo labels would be more consistent with the true labeled ones,
which leads to model performance improvement.

MosaicOS [108] resorted to additional object-centric images
(for image classification) to boost long-tailed object detection.
Specifically, it first pre-trains the model with labeled scene-centric
images from the original detection dataset, and then uses the
pre-trained model to generate pseudo bounding boxes for object-
centric images, e.g., ImageNet-1K [39]. After that, MosaicOS
fine-tunes the pre-trained model in two stages, i.e., first fine-
tuning with the pseudo-labeled object-centric images and then fine-
tuning with the original labeled scene-centric images. In this way,
MosaicOS alleviates the negative influence of data discrepancies
and effectively improves long-tailed learning performance.

3.2.2 Data Augmentation
Data Augmentation aims to pack a set of augmentation techniques
to enhance the size and quality of datasets for model training [146],
[147]. In long-tailed learning, there are two kinds of data aug-
mentation methods having been explored, including transfer-based
augmentation (please refer to head-to-tail knowledge transfer in
Section 3.2.1) and conventional (non-transfer) augmentation.

Non-transfer augmentation seeks to improve or design conven-
tional data augmentation methods to address long-tailed problems.
MiSLAS [96] investigated data mixup in long-tailed learning, and
found that (1) data mixup helps to remedy model over-confidence;
(2) mixup has a positive effect on representation learning but a
negative or negligible effect on classifier learning in the decoupled
training scheme [32]. Following these observations, MiSLAS
proposed to use data mixup to enhance representation learning
in the decoupled scheme. In addition, Remix [148] also resorted to
data mixup for long-tailed learning and introduced a re-balanced
mixup method to particularly enhance tail classes.

FASA [103] proposed to generate class-wise features, based
on a Gaussian prior with its mean and variance estimated from
previously observed samples. Moreover, FASA exploits the model
classification loss on a balanced validation set to adjust sampling
rates of features for different classes, so that the under-represented
tail classes can be augmented more.

Meta semantic augmentation (MetaSAug) [100] proposed to
augment tail classes with a variant of implicit semantic data
augmentation (ISDA) [149]. To be specific, ISDA estimates
the class-conditional statistics (i.e., covariance matrices from
sample features) to obtain semantic directions, and generates
diversified augmented samples by translating sample features along
with diverse semantically meaningful directions. Nevertheless,
insufficient tail-class samples make it ineffective to estimate the
covariance matrices for tail classes. To address this, MetaSAug
explored meta learning to guide the learning of covariance matrices
for each class with the class-balanced loss [16]. In this way, the
covariance matrices of tail classes are estimated more accurately,
and thus the generated tail-class features are more informative.

3.2.3 Discussions

Thanks to introducing additional knowledge, transfer learning
based methods improve tail-class performance without sacrificing
head-class performance. Considering the lack of enough tail-class
samples is one of the key problems in long-tailed learning, this
type of method is worth further exploring.

Data augmentation is a relatively fundamental technique and
can be used for a variety of long-tailed problems, which makes
this type of method more practical than other methods in real-
world applications. However, simply using existing class-agnostic
augmentation techniques for improving long-tailed learning is
unfavorable, since they may further increase imbalance considering
head classes have more samples and would be augmented more.
How to better conduct data augmentation for long-tailed learning
is still an open question.

3.3 Module Improvement

Besides class re-balancing and information augmentation, re-
searchers also explored methods to improve network modules
in long-tailed learning. These methods can be divided into four cat-
egories: (1) representation learning improves the feature extractor;
(2) classifier design enhances the model classifier; (3) decoupled
training boosts the learning of both the feature extractor and the
classifier; (4) ensemble learning improves the whole architecture.

3.3.1 Representation Learning

Existing representation learning methods for long-tailed learning
are based on four main paradigms, i.e., metric learning, sequential
training, prototype learning, and transfer learning.

Metric learning aims at designing task-specific distance met-
rics for establishing similarity or dissimilarity between objects; in
long-tailed learning, metric learning based methods seek to explore
distance-based losses to learn a more discriminative feature space.
One example is LMLE [66], which introduced a quintuplet loss
to learn representations that maintain both inter-cluster and inter-
class margins. Moreover, range loss [21] innovated representation
learning by using the overall distances among all sample pairs
within one mini-batch. In other words, the range loss uses statistics
over the whole batch, rather than instance level, and thus alleviates
the bias of data number imbalance overall classes. More specifically,
range loss enlarges the inter-class distance by maximizing the
distances of any two class centers within mini-batch, and reduces
the intra-class variation by minimizing the largest distances between
intra-class samples. In this way, the range loss obtains features with
better discriminative abilities and less imbalanced bias.
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Class rectification loss (CRL) [69] seeks to enhance tail-
class sample representations to have a larger degree of intra-
class compactness and inter-class distances. To this end, CRL
constructs massive hard-pair triplets for tail classes and applies a
class rectification loss (similar to the triplet loss [118]) as a class-
balanced constraint. In this way, the learned model overcomes the
negative influence of class imbalance on representation learning.

Recent studies also explored contrastive learning for long-tailed
problems. KCL [13] proposed a k-positive contrastive loss to learn
a balanced feature space, which helps to alleviate class imbalance
and improve model generalization. Following that, Hybrid [101]
introduced a prototypical contrastive learning strategy to enhance
long-tailed learning. Parametric contrastive learning (PaCo) [109]
further innovated supervised contrastive learning by adding a set
of parametric learnable class centers, which play the same role as
a classifier if regarding the class centers as the classifier weights.
DRO-LT [110] extended the prototypical contrastive learning with
distribution robust optimization [150], which makes the learned
model more robust to data distribution shift.

Sequential training. Hierarchical feature learning (HFL) [67]
took inspiration from that each class has their individuality in
discriminative visual representation. Therefore, HFL hierarchically
clusters objects into visually similar class groups, forming a
hierarchical cluster tree. In this cluster tree, the model in the
original node is pre-trained on ImageNet-1K; the model in each
child node inherits the model parameters from its parent node and
is then fine-tuned based on samples in the cluster node. In this way,
the knowledge from the groups with massive classes is gradually
transferred to their sub-groups with fewer classes.

Unequal-training [74] proposed to divide the dataset into head-
class and tail-class subsets, and treat them differently in the training
process. First, unequal-training uses the head-class samples to train
relatively discriminative and noise-resistant features with a new
noise-resistant loss. After that, it uses tail-class samples to enhance
the inter-class discrimination of representations via hard identities
mining and a novel center-dispersed loss. Here, the center-dispersed
loss is based on normalized features in each class.

Prototype learning based methods seek to learn class-specific
feature prototypes to enhance long-tailed learning performance.
Open long-tailed recognition (OLTR) [15] innovatively explored
the idea of feature prototypes to handle long-tailed recognition
in an open world, where the test set includes head, tail and open
classes. Here, the open classes indicate the test classes that do not
exist in the training set. To address this task, OLTR maintains a
visual meta memory containing discriminative feature prototypes,
and uses the features induced from the visual memory to augment
the original features. In this way, the learned feature space would
be more discriminative, and the sample features from novel classes
would be far away from the memory and closer to the origin point.
Such a feature space enables OLTR to discriminate close-set classes
as well as to detect novel classes. Moreover, OLTR also explored a
self-attention scheme to enhance feature learning.

Following that, inflated episodic memory (IEM) [81] further
innovated the meta-embedding memory by a dynamical update
scheme, in which each class has independent and differentiable
memory blocks, while each memory block records the most
discriminative feature prototype for the corresponding categories.
As the dynamic memory banks contain only the most discriminative
feature prototypes, they are not influenced by the issue of class
number imbalance. In addition, IEM also explored a region self-
attention mechanism to further enhance representation learning.

TABLE 4
Summary of classifiers, where w,f ,b,φ, and p denote the model

classifier, sample features, the bias term, the softmax function, and
prediction probabilities, respectively. Moreover, d̂ is the unit vector of the
exponential moving average features. The temperature factor is denoted

by τ , and other classifier-related hyper-parameters include γ and α.

Classifier Formulation

Linear classifier p = φ(w>f + b)

Cosine classifier p = φ(τ w>f
‖w‖‖f‖ + b)

τ -norm classifier p = φ( w
>f
‖w‖τ2

+ b)

Causal classifier p=φ(τ w>f
(‖w‖+γ)‖f‖−α

cos(x,d̂)(w>d̂)
‖w‖+γ )

Transfer learning. In Section 3.2.1, we have introduced some
transfer-based long-tailed methods that improve representation
learning, including SSP [89] and LEAP [80]. In addition to them,
unsupervised discovery (UD) [35] proposed to use self-supervised
learning to help discover novel and more fine-grained objects from
images with long-tailed objects. To be specific, UD first uses a
pre-trained class-agnostic mask proposal network to generate object
bounding boxes and segmentation masks for all possible objects.
Then, UD applies three new self-supervised triplet losses, based
on features of the bounding boxes and semantic masks, to learn a
hyperbolic feature space. Based on the learned features, UD lastly
conducts unsupervised clustering and exclusive label assignation
for clusters to discover novel and more fine-grained objects.

Besides the above learning schemes, decoupling [32] innovated
long-tailed representation learning with different sampling strate-
gies, including instance-balanced, class-balanced, square-root, and
progressively-balanced sampling. Following the instance-balanced
sampling, MiSLAS [96] empirically studied the influence of data
mixup on long-tailed representation learning.

3.3.2 Classifier Design
In addition to representation learning, researchers also designed
different types of classifiers to address long-tailed problems. In
generic visual problems [10], [138], the common practice of deep
learning is to use linear classifier p = φ(w>f+b), where φ
denotes the softmax function and the bias term b can be discarded.

However, long-tailed class imbalance often results in larger
classifier weight norms for head classes than tail classes [73],
which makes the linear classifier easily biased to dominant classes.
To address this, several studies [80], [95] proposed to use the scale-
invariant cosine classifier p = φ(( w>f

‖w‖‖f‖ )/τ + b), where both the
classifier weights and sample features are normalized. Here, the
temperature τ should be chosen reasonably [125], or the classifier
performance would be negatively influenced.

The τ -normalized classifier [32] rectifies the imbalance of
decision boundaries by adjusting the classifier weight norms
through a τ -normalization procedure. Formally, let w̃ = w

‖w‖τ2
,

where τ is the temperature factor for normalization. When τ = 1,
the τ -normalization reduces to L2 normalization, while when
τ = 0, no scaling is imposed. Note that, the hyper-parameter τ
can also be trained with class-balanced sampling, and the resulting
classifier is named the learnable weight scaling classifier [32]. In
addition, the nearest class mean classifier [32] computes the L2-
normalized mean features for each class on the training set, and then
conducts prediction based on the nearest neighbor algorithm [151]
either using the cosine similarity or the Euclidean distance.
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Realistic taxonomic classifier (RTC) [85] proposed to address
class imbalance with hierarchical classification. Specifically, RTC
maps images into a class taxonomic tree structure, where the
hierarchy is defined by a set of classification nodes and node
relations. Different samples are classified adaptively at different
hierarchical levels, where the level at which the prediction is made
depends on the sample classification difficulty and the classifier
confidence. Such a design favors correct decisions at intermediate
levels rather than incorrect decisions at the leaves.

Causal classifier [88] resorted to causal inference for keeping
the good and removing the bad momentum causal effects in long-
tailed learning. The good causal effect indicates the beneficial
factor that stabilizes gradients and accelerates training, while the
bad causal effect indicates the accumulated long-tailed bias that
leads to poor tail-class performance. To better approximate the
bias information, the causal classifier applies a multi-head strategy
to divide the channel (or dimensions) of model weights and data
features equally into K groups. Formally, the causal classifier
calculates the original logits by p = φ( τK

∑K
k=1

(wk)>fk

(‖wk‖+γ)‖fk‖ ),
where τ is the temperature factor and γ is a hyper-parameter.
This classifier is essentially the cosine classifier when γ = 0.
In inference, the causal classifier removes the bad causal ef-
fect by subtracting the prediction when the input is null, i.e.,
p = φ( τK

∑K
k=1

(wk)>fk

(‖wk‖+γ)‖fk‖ − α
cos(xk,d̂k)(wk)>d̂k

‖wk‖+γ ), where d̂
is the unit vector of the exponential moving average features, and
α is a trade-off parameter to control the direct and indirect effects.
More intuitively, the classifier records the bias by computing
the exponential moving average features during training, and
then removes the bad causal effect by subtracting the bias from
prediction logits during inference.

GIST classifier [102] seeks to transfer the geometric structure of
head classes to tail classes. Specifically, the GIST classifier consists
of a class-specific weight center (for encoding the class location)
and a set of displacements (for encoding the class geometry). By
exploiting the relatively large displacements from head classes to
enhance tail-class weight centers, the GIST classifier is able to
obtain better performance on tail classes.

3.3.3 Decoupled Training

Decoupled training decouples the learning procedure into represen-
tation learning and classifier training.

Decoupling [32] was the pioneering work to introduce the
two-stage training scheme. It empirically evaluated different
sampling strategies for representation learning in the first stage
(c.f. Section 3.1.1), and then evaluated different classifier training
schemes by fixing the trained feature extractor in the second
stage. In the classifier learning stage, there are also four methods,
including classifier re-training with class-balanced sampling, the
nearest class mean classifier, the τ -normalized classifier, and
a learnable weight scaling scheme. The main observations are
twofold: (1) instance-balanced sampling is surprisingly the best
strategy for representation learning; (2) the devil is in classifica-
tion: re-adjusting the classifier leads to significant performance
improvement in long-tailed recognition.

Following that, KCL [13] empirically observed that a balanced
feature space is beneficial to long-tailed learning. Therefore,
it innovated the decoupled training scheme by developing a k-
positive contrastive loss to learn a more class-balanced and class-
discriminative feature space, which leads to better long-tailed
learning performance.

MiSLAS [96] empirically observed that data mixup is beneficial
to features learning but has a negative/negligible effect on classifier
training under the two-stage decoupled training scheme. Therefore,
MiSLAS proposed to enhance the representation learning with data
mixup in the first stage. During the second stage, MiSLAS applies
a label-aware smoothing strategy for better model generalization,
and further addresses the distribution shift between two training
stages by keeping updating the running mean and variance in the
batch normalization layers.

Several recent studies innovated the decoupled training scheme
by enhancing the classifier training stage. OFA [83] innovated the
classifier re-training through tail-class feature augmentation by
combining the extracted class-specific features of tail classes with
the extracted class-generic features from head classes. SimCal [34]
proposed to enhance the classifier training stage by calibrating the
classification head with a novel bi-level class-balanced sampling
strategy for long-tailed instance segmentation. DisAlign [29]
innovated the the classifier training with a new adaptive calibra-
tion strategy. Specifically, a new adaptive calibration function,
learned by minimizing the KL-Divergence between the calibrated
prediction distribution and a balanced reference distribution, is
used to adjust the output logits of the original classifier. To
summarize, DisAlign essentially applies an additional classifier
layer to calibrate the original classifier by matching the calibrated
prediction distribution to a relatively balanced class distribution.

Very recently, DT2 [111] applied the scheme of decoupled
training to the scene graph generation task, which demonstrates the
effectiveness of decoupled training in handling long-tailed class
imbalance in visual relation learning.

3.3.4 Ensemble Learning

Ensemble learning based methods strategically generate and
combine multiple network modules (namely, multiple experts)
to solve long-tailed visual learning problems. We summarize the
main schemes of existing ensemble-based methods in Fig. 3, which
will be detailed as follows.

BBN [48] proposed to use two network branches, i.e., a
conventional learning branch and a re-balancing branch, to handle
long-tailed recognition. To be specific, the conventional learning
branch applies uniform sampling to simulate the original long-tailed
training distribution; the re-balancing branch applies a reversed
sampler to sample more tail-class samples in each mini-batch for
improving tail-class performance. The predictions of two branches
are dynamically combined during training, so that the learning
focus of BBN gradually changes from head classes to tail classes
(via the re-balancing branch).

Following BBN, LTML [90] explored the bilateral-branch
network scheme to solve long-tailed multi-label classification. To be
specific, LTML trains each branch using the sigmoid cross-entropy
loss for multi-label classification and enforces a logit consistency
loss to improve the consistency of two branches. Moreover, LTML
applies label smoothing and logit compensation for improving
model generalization.

Similar to BBN, SimCal [34] explored a dual classification
head scheme to address long-tail instance segmentation. Specif-
ically, SimCal maintains two classification heads: the original
classification head and a calibrated classification head. Based on a
new bi-level sampling strategy, the calibrated classification head is
able to improve the performance on tail classes, while the original
head aims to maintain the performance on head classes.
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Fig. 3. Illustrations of existing ensemble-based long-tailed learning methods. The trained experts may have different skills, e.g., being skilled in
different class distributions or different class subsets.

Instead of bilateral branches, BAGS [78] explored a multi-head
scheme to address long-tailed object detection. Specifically, BAGS
took inspiration from an observation that learning a more uniform
distribution with fewer samples is sometimes easier than learning
a long-tailed distribution with more samples. Therefore, BAGS
first divides classes into several sub-groups, where the classes
in each sub-group have a similar number of training data. Then,
BAGS applies multiple classification heads, upon a shared feature
extractor, for prediction, where different classification heads are
trained on different data sub-groups. In this way, each classification
head performs the softmax operation on classes with a similar
number of training data, thus avoiding the negative influence of
class imbalance. Moreover, BAGS also introduces “other” classes
into each group to alleviate the contradiction among different heads.

Similar to BAGS, LFME [84] divides the long-tailed dataset
into several subsets with smaller “class longtailness”, and trains
multiple experts with different sample subsets. Based on these
experts, LFME then learns a unified student model using adaptive
knowledge distillation from the multiple teacher experts.

Instead of division into several balanced sub-groups, ACE [104]
divides classes into several skill-diverse subsets: one subset contains
all classes; one contains middle and tail classes; another one has
only tail classes. ACE then trains multiple experts with various class
subsets, so that different experts have specific and complementary
skills. Moreover, considering various subsets have different sample
numbers, ACE also applies a distributed-adaptive optimizer to
adjust the learning rate for different experts. A similar idea of ACE
was also explored in ResLT [152].

Without data division, RIDE [17] trains each expert indepen-
dently with softmax loss based on all training samples and enforces
a KL-divergence based loss to improve the diversity of different
experts. Following that, RIDE applies an expert assignment module
to improve computing efficiency. Note that training each expert with
the softmax loss independently boosts the ensemble performance
on long-tailed learning a lot.

Test-time aggregating diverse experts (TADE) [30] explored the
multi-expert scheme to handle test distribution-agnostic long-tailed
recognition, where the test class distribution can be either uniform
or long-tailed. To be specific, TADE developed a novel spectrum-
spanned multi-expert framework, and innovated the expert training
scheme by introducing a diversity-promoting expertise-guided loss
that trains different experts to handle different class distributions.
In this way, the learned experts are more diverse, leading to better
ensemble performance, and integratedly span a wide spectrum of
possible class distributions. Based on this property, TADE further
introduced a novel test-time self-supervised learning method,
namely prediction stability maximization, to adaptively aggregate
experts for better handling unknown test class distribution, based
on only unlabeled test data.

3.3.5 Discussions
Representation learning and classifier design are fundamental
problems for deep long-tailed learning, being worth further
exploring. Decoupled training is attracting increasing attention
in recent studies; in this scheme, the second stage of class-balanced
classifier learning does not introduce too many computation costs
but leads to significant performance gains. One critique [104] is
that the accumulated training stages make decoupled training less
practical to be integrated with existing well-formulated methods in
other long-tailed problems, e.g., object detection and instance
segmentation. Despite this, the idea of decoupling training is
conceptually simple and thus can be easily used to design new
methods for resolving a variety of long-tailed learning problems.

Ensemble-based methods, compared to other types of long-
tailed learning methods, generally obtain better performance on
both head and tail classes. One concern of these methods is that
they generally lead to higher computational costs due to the use
of multiple experts. Such a concern, however, can be alleviated
by using a shared feature extractor. Moreover, efficiency-oriented
expert assignment and knowledge distillation strategies [17], [84]
can also reduce computational complexity.
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4 EMPIRICAL STUDIES

This section empirically analyzes existing long-tailed learning
methods. To begin with, we introduce a new evaluation metric.

4.1 Novel Evaluation Metric
The key goal of long-tailed learning is to handle class imbalance
for better model performance. Therefore, the common evaluation
protocol [13], [22] is directly using the top-1 test accuracy (denoted
by At) to judge how well long-tailed methods perform and which
method handles class imbalance better. Such a metric, however,
cannot accurately reflect the relative superiority among different
methods when handling class imbalance, as the top-1 accuracy
is also influenced by other factors apart from class imbalance.
For example, long-tailed methods like ensemble learning (or data
augmentation) also improve the performance of models, trained
on a balanced training set. In such cases, it is hard to tell if the
performance gain is from the alleviation of class imbalance or from
better network architectures (or more data information).

To better evaluate the method’s effectiveness in handling class
imbalance, we propose a new metric, namely relative accuracy
Ar, to alleviate the influence of unnecessary factors in long-
tailed learning. To this end, we first compute an empirically upper
reference accuracy Au = max(Av, Ab), which is the maximal
value between the vanilla accuracy Av of the corresponding
backbone trained on a balanced training set with cross-entropy
and the balanced accuracy Ab of the model trained on a balanced
training set with the corresponding long-tailed method. Here, the
balanced training set is a variant of the long-tailed training set
with a similar total data number but each class has the same data
number. This upper reference accuracy, obtained from the balanced
training set, is used to alleviate the influence apart from class
imbalance; then the relative accuracy is defined by Ar = At

Au
. In

our experiments, all the accuracy, upper reference accuracy and
relative accuracy will be used for evaluation.

4.2 Experimental Settings
We then introduces the experimental settings.

Datasets. We adopt the widely-used ImageNet-LT [15] as the
benchmark long-tailed dataset for empirical studies, considering
that ImageNet-LT has massive classes of 1,000 and a large
imbalance ratio of 256. The corresponding balanced training set
variant of ImageNet-LT is sampled based on [13]. The total sample
number of ImageNet-LT can be found in Table 1. Besides the
performance regarding all classes, we also report performance on
three class subsets in ImageNet-LT: Head (more than 100 images),
Middle (20∼100 images) and Tail (less than 20 images).

Baselines. We select long-tailed learning methods via the
following criterion: (1) official source codes are publicly available
or easy to re-implement; (2) methods are evaluated on ImageNet-
LT in the corresponding papers. As a result, more than 20
methods are empirically evaluated in this paper, including baseline
(Softmax), cost-sensitive learning (Weighted Softmax, Focal
loss [68], LDAM [18], ESQL [19], Balanced Softmax [86],
LADE [31]), logit adjustment (UNO-IC [87]), transfer learning
(SSP [89]), data augmentation (RSG [99]) representation learning
(OLTR [15], PaCo [109]). classifier design (De-confound [88]),
decoupled training (Decouple-IB-CRT [32], CB-CRT [32], SR-
CRT [32], PB-CRT [32], MiSLAS [96]), ensemble learning
(BBN [48], LFME [84], RIDE [17], ResLT [152], TADE [30]).
More details of these methods can be found in Section 3.

Implementation details. We implement all experiments in
PyTorch. Following [17], [31], [32], we use ResNeXt-50 as the
network backbone for all methods. We conduct model training
with the SGD optimizer based on batch size 256, momentum 0.9
and weight decay factor 0.0005, and learning rate 0.1 (linear LR
decay). For method-related hyper-parameters, we set the values by
either directly following the original papers or manual tuning if the
default values perform poorly. Moreover, we use the same basic
data augmentation (i.e., random resize and crop to 224, random
horizontal flip, color jitter, and normalization) for all methods,
while other augmentation techniques proposed in augmentation-
based long-tailed methods would be used on top of these basic
augmentation operations.

4.3 Results on all Classes

Table 5 and Fig. 4 report the average performance over all classes.
From these results, we have several observations on overall method
progress and different method types.

Observations on all methods. As shown in Table 5, almost
all long-tailed methods perform better than the Softmax baseline
in terms of accuracy, which demonstrates the effectiveness of
long-tailed learning. Even so, there are two methods performing
slightly worse than Softmax, i.e., Decouple-CB-CRT [32] and
BBN [48]. We speculate that the poor performance of Decouple-CB-
CRT results from poor representation learning by class-balanced
sampling in the first stage of decoupled training (refer to [32] for
more empirical observations). The poor results of BBN (based
on the official codes) may come from the cumulative learning
strategy, which gradually adjusts the learning focus from head
classes to tail classes; at the end of the training, however, it may
put too much focus on the tail ones. As a result, despite the better
tail-class performance, the model accuracy on head classes drops
significantly (c.f. Table 6), leading to worse average performance.

In addition to accuracy, we also evaluate long-tailed methods
based on upper reference accuracy (UA) and relative accuracy (RA).
Table 5 shows that most methods have the same UA as the baseline
model, but there are still some methods having higher UA, e.g., SSP,
MiSLAS, TADE. For these methods, the performance improvement
comes not only from the alleviation of class imbalance, but also
from other factors, like data augmentation or better network
architectures. Therefore, simply using accuracy for evaluation is
not accurate enough, while our proposed RA metric provides a
good complement, since it alleviates the influences of factors apart
from class imbalance. For example, MiSLAS, based on data mixup,
has higher accuracy than Balanced Softmax under 90 training
epochs, but it also has higher UA. As a result, the relative accuracy
of MiSLAS is lower than Balanced Softmax, which means that
Balanced Softmax alleviates class imbalance better than MiSLAS
under 90 training epochs. When the training epoch increases to
200, MiSLAS has higher RA than Balanced Softmax. That is,
despite having other factors improving performance, MiSLAS
with sufficient training also shows a better ability to handle class
imbalance than Balanced Softmax. More examples under 200
training epochs can be found in Figs. 4 (a,c).

Although some recent high-accuracy methods have lower RA,
the overall development trend of long-tailed learning is still positive,
as shown in Fig. 4. Such a performance trend demonstrates that
recent studies of long-tailed learning make real progress. Moreover,
the RA of the state-of-the-art TADE is 93.0, which implies that
there is still room for improvement in the future.
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TABLE 5
Results on ImageNet-LT in terms of accuracy (Acc), upper reference

accuracy (UA), relative accuracy (RA) under 90 or 200 training epochs. In
this table, CR, IA and MI indicate class re-balancing, information

augmentation and module improvement, respectively.

Type Method 90 epochs 200 epochs

Acc UA RA Acc UA RA

Baseline Softmax 45.5 57.3 79.4 46.8 57.8 81.0

CR

Weighted Softmax 47.9 57.3 83.6 49.1 57.8 84.9
Focal loss [68] 45.8 57.3 79.9 47.2 57.8 81.7
LDAM [18] 51.1 57.3 89.2 51.1 57.8 88.4
ESQL [19] 47.3 57.3 82.5 48.0 57.8 83.0
UNO-IC [87] 45.7 57.3 81.4 46.8 58.6 79.9
Balanced Softmax [86] 50.8 57.3 88.7 51.2 57.8 88.6
LADE [31] 51.5 57.8 89.1 51.6 57.8 89.3

IA SSP [89] 53.1 59.6 89.1 53.3 59.9 89.0
RSG [99] 49.6 57.3 86.7 52.9 57.8 91.5

MI

OLTR [15] 46.7 57.3 81.5 48.0 58.4 82.2
PaCo [109] 52.7 58.7 89.9 54.4 59.6 91.3
De-confound [88] 51.8 57.7 89.8 51.3 57.8 88.8

Decouple-IB-CRT [32] 49.9 57.3 87.1 50.3 58.1 86.6
Decouple-CB-CRT [32] 44.9 57.3 78.4 43.0 57.8 74.4
Decouple-SR-CRT [32] 49.3 57.3 86.0 48.5 57.8 83.9
Decouple-PB-CRT [32] 48.4 57.3 84.5 48.1 57.8 83.2
MiSLAS [96] 51.4 58.3 88.2 53.4 59.7 89.4

BBN [48] 41.2 57.3 71.9 44.7 57.8 77.3
LFME [84] 47.0 57.3 82.0 48.0 57.8 83.0
ResLT [152] 51.6 57.3 90.1 53.2 58.1 91.6
RIDE [17] 55.5 60.2 92.2 56.1 60.9 92.1
TADE [30] 57.3 61.9 92.6 58.8 63.2 93.0

TABLE 6
Accuracy results on ImageNet-LT regarding head, middle and tail

classes under 90 or 200 training epochs. In this table, WS indicates
weighed softmax and BS indicates balanced softmax. The types of

methods are the same to Table 5.

Method 90 epochs 200 epochs

Head Middle Tail Head Middle Tail

Softmax 66.5 39.0 8.6 66.9 40.4 12.6

WS 66.3 42.2 15.6 57.9 46.2 34.0
Focal loss [68] 66.9 39.2 9.2 67.0 41.0 13.1
LDAM [18] 62.3 47.4 32.5 60.0 49.2 31.9
ESQL [19] 62.5 44.0 15.7 63.1 44.6 17.2
UNO-IC [87] 66.3 38.7 9.3 67.0 40.3 12.7
BS [86] 61.7 48.0 29.9 62.4 47.7 32.1
LADE [31] 62.2 48.6 31.8 63.1 47.7 32.7

SSP [89] 65.6 49.6 30.3 67.3 49.1 28.3
RSG [99] 68.7 43.7 16.2 65.0 49.4 31.1

OLTR [15] 58.2 45.5 19.5 62.9 44.6 18.8
PaCo [109] 59.7 51.7 36.6 63.2 51.6 39.2
De-confound [88] 63.0 48.5 31.4 64.9 46.9 28.1

IB-CRT [32] 62.6 46.2 26.7 64.2 46.1 26.0
CB-CRT [32] 62.4 39.3 14.9 60.9 36.9 13.5
SR-CRT [32] 64.1 43.9 19.5 66.0 42.3 18.0
PB-CRT [32] 63.9 45.0 23.2 64.9 43.1 20.6
MiSLAS [96] 62.1 48.9 32.6 65.3 50.6 33.0

BBN [48] 40.0 43.3 40.8 43.3 45.9 43.7
LFME [84] 60.6 43.5 22.0 64.1 42.3 22.8
ResLT [152] 57.8 50.4 40.0 61.6 51.4 38.8
RIDE [17] 66.9 52.3 34.5 67.9 52.3 36.0
TADE [30] 65.3 55.2 42.0 67.2 55.3 40.0

In addition, we also evaluate the influence of different training
epochs (i.e., 90 and 200) on model training in Table 5. Overall,
training with 200 epochs leads to better performance for most long-
tailed methods, because sufficient training enables deep models to
fit data better and learn better visual representations. However, there
are also some methods that perform better when only training 90
epochs, e.g., De-confound and Decouple-CB-CRT. We speculate
that, for these methods, 90 epochs are enough to train models
well, while training more epochs does not bring additional benefits
but increases the training difficulties since it also influences the
learning rate decay scheme.

Observations on different method types. We also discuss
the results in Table 5 from the perspective of different method
types. To begin with, almost all class re-balancing (CB) methods
is beneficial to long-tailed learning performance, compared to the
baseline model. Specifically, LADE, Balanced Softmax and LDAM
achieve state-of-the-art in this method type. Moreover, Focal loss
was proposed to handle imbalanced object detection [68]; however,
when handling an extremely large number of long-tailed classes
(e.g., 1,000 in ImageNet-LT), Focal loss cannot perform well and
only leads to marginal improvement. In LDAM, there is a deferred
re-balancing optimization schedule in addition to the cost-sensitive
LDAM loss; note that simply learning with the LDAM loss without
the deferred scheme may not achieve promising performance. In
addition, as shown in Table 5, the upper reference accuracy of
most cost-sensitive learning methods are the same, so the relative
accuracy is positively correlated to accuracy (c.f. Fig. 4 (b)). Hence,
the accuracy improvement in this method type can accurately reflect
the alleviation of class imbalance.

In the method type of information augmentation (IA), both
transfer learning (SSP) and data augmentation (RSG) help to
handle long-tailed class imbalance. Although SSP also improves
upper reference accuracy, the relative accuracy is increased more

significantly, which implies that the performance gain mostly comes
from the handling of class imbalance. Considering that lack of
enough tail-class samples is one of the key challenges, IA is worth
further exploring by bringing more information into training.

In module improvement (MI), all sub-categories of methods
contribute to handling class imbalance. By now, the state of the
art is ensemble-based long-tailed methods, i.e., TADE [30] and
RIDE [17], in terms of both accuracy and relative accuracy. Al-
though ensemble learning also improves upper reference accuracy,
the performance gain from handling imbalance is more significant,
i.e., higher relative accuracy (c.f. Fig. 4 (d)).

4.4 Results on Class Subsets
This section provides the method performance on different class
subsets. As shown in Table 6, almost all methods improve tail-class
and middle-class performance at the cost of head-class performance.
The head classes, however, are also important in long-tailed
learning, so it is necessary to improve long-tailed performance
without sacrificing the performance on the head. Potential solutions
include information augmentation and ensemble learning, e.g., SSP,
RIDE and TADE (with sufficient training, e.g., 200 epochs).

By comparing both Tables 5 and 6, one can find that the overall
performance gain largely depends on the improvement of middle
and tail classes; hence, how to improve their performance is still
the most important goal of long-tailed learning in the future.

By now, TADE [30] achieves the best overall performance
in terms of accuracy and RA (c.f. Table 5), but TADE does not
perform state-of-the-art on all class subsets (c.f. Table 6). For
example, when training 200 epochs, the head-class performance of
TADE is worse than RIDE and its tail-class performance is worse
than BBN. To summarize, the higher average performance of TADE
implies that the key to obtaining better long-tailed performance is
a better trade-off among all classes.
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(d) Ensemble learning

Fig. 4. Performance trends of long-tailed learning methods in terms of accuracy and relative accuracy under 200 epochs. Fig. (a) includes approaches
from multiple method types; Figs. (b) refers to class re-balancing; Figs. (c) includes information augmentation and partial module improvement
methods; Figs. (d) refers to ensemble learning. Here, the shape of ◦ indicates the softmax baseline; � indicates class re-balancing;4 and ♦ are
information augmentation and module improvement methods, respectively. Different colors, consistent in all sub-figures, represent different methods.

In summary, the current best practice for deep long-tailed
learning is using ensemble learning and class re-balancing, simul-
taneously. Note that all these methods, apart from data augmen-
tation based methods, only use basic augmentation operations. If
using stronger data augmentation, e.g., RandAugment [153] or
Cutmix [154], the model performance can be further improved.

4.5 More Discussions on Cost-sensitive Losses
In this section, we further evaluate the performance of different
cost-sensitive learning losses based on the decoupled training
scheme [32] that decouples representation and classifier learning
into two stages. In the first stage, we use different cost-sensitive
learning losses to train the model backbone for learning represen-
tations, while in the second stage, we use four different strategies
for classifier training [32], i.e., joint training without re-training,
nearest class mean classifier (NCM), class-balanced classifier re-
training (CRT), and learnable weight scaling (LWS).

As shown in Table 7, decoupled training, compared to joint
training, can further improve the overall performance of most
cost-sensitive methods apart from balanced softmax (BS). These
methods under decoupled training can obtain comparable perfor-
mance to BS that performs the best under joint training. Such
results are particularly interesting, as they imply that although
these cost-sensitive losses perform differently under joint training,
they essentially learn similar quality of feature representations.

TABLE 7
The decoupled training performance of various cost-sensitive losses
under 200 training epochs on ImageNet-LT. Here, “Joint” indicates

one-stage end-to-end joint training; “NCM” is the nearest class mean
classifier [32]; “CRT” represents class-balanced classifier re-training [32];
“LWS” means learnable weight scaling [32]. Moreover, BS indicates the

balanced softmax method [86].

Test Dist.

Accuracy on all classes Accuracy on head classes

Joint NCM CRT LWS Joint NCM CRT LWS

Softmax 46.8 50.2 50.2 50.8 66.9 63.5 65.0 64.6
Focal loss [68] 47.2 50.7 50.7 51.5 67.0 62.6 64.5 64.3
ESQL [19] 48.0 49.8 50.6 50.5 63.1 60.2 64.0 63.3
BS [86] 51.2 50.4 50.6 51.1 62.4 62.4 64.9 64.3

Test Dist.

Accuracy on middle classes Accuracy on tail classes

Joint NCM CRT LWS Joint NCM CRT LWS

Softmax 40.4 45.8 45.3 46.1 12.6 28.1 25.5 28.2
Focal loss [68] 41.0 47.0 46.4 47.3 13.1 30.1 26.9 30.2
ESQL [19] 44.6 46.6 46.5 46.1 17.2 31.1 27.1 29.5
BS [86] 47.7 46.8 46.1 46.7 32.1 29.1 26.2 29.4

The worse overall performance of BS under decoupled training
than joint training may imply that BS has conducted class re-
balancing very well; further using classifier re-training for re-
balancing does not bring additional benefits but even degenerate
the consistency of network parameters by end-to-end joint training.
Similar observations can be found in head-class, middle-class and
tail-class performance.
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5 APPLICATIONS

This section discusses the main visual applications of deep long-
tailed learning, including image classification, image detection and
segmentation, and visual relation learning.

5.1 Image Classification

The most common application of long-tailed learning is multi-
class classification [15], [30], [32], [48], [88]. As mentioned in
Section 2.2, there are many artificially sampled long-tailed datasets
from widely-used image classification datasets, i.e., ImageNet,
CIFAR, and Places. Based on these datasets, various long-tailed
learning methods have been proposed, as shown in Section 3.
Besides these artificial tasks, long-tailed learning is also applied
to real-world image classification tasks, including species classi-
fication [23], [24], [155], face recognition [21], [22], [74], [80],
age classification [94], logo detection [156], rail surface defect
detection [157] and medical image diagnosis [25], [158].

In addition to multi-class classification, long-tailed learning is
also applied to multi-label classification based on both artificial
tasks [37], [90] (i.e., VOC-LT and COCO-LT) and real-world
tasks, including web image classification [82], face attribute
classification [69] and cloth attribute classification [69].

5.2 Image Detection and Segmentation

Object detection and instance segmentation has attracted increasing
attention in the long-tailed learning community [19], [35], [68],
[78], [103], [126], [159], [160], where most existing studies are
conducted based on LVIS and COCO. In addition to these widely-
used benchmarks, many other applications have also been explored,
including urban scene understanding [26], [161], unmanned aerial
vehicle detection [27], point cloud segmentation [162], [163].

5.3 Visual Relation Learning

Visual relation learning is important for image understanding
and is attracting rising attention in the long-tailed learning
community. One important application is long-tailed scene graph
generation [111], [164]. In the future, long-tailed visual question
answering and image captioning are worth exploring [165], [166].

6 FUTURE DIRECTIONS

In this section, we identify several future research directions
for deep long-tailed learning from both perspectives of method
innovation and task innovation.

6.1 New Methodology

We first discuss several potential directions for innovating deep
long-tailed learning methods.

Class re-balancing without label frequencies. Some real-
world long-tailed tasks, e.g., multi-label classification or object
detection, may suffer an additional issue besides class imbalance,
i.e., label co-occurrence. Specifically, the co-occurrence of labels
indicates the situation that head-class labels frequently appear with
tail-class labels, which may bias the imbalance degree during model
training and make it difficult to obtain exact label frequencies.
Considering this issue, existing class re-balancing methods based
on label frequencies tend to fail. How to handle this issue in
long-tailed learning is an open question.

Transfer learning with unlabeled data. One key challenge in
long-tailed learning is the lack of enough tail-class samples. Trans-
ferring the knowledge from other unlabeled samples is a feasible
solution, e.g., self-supervised learning, knowledge distillation and
self-training. Existing transfer methods, however, may not handle
long-tailed learning very well. For example, CReST [97] found the
supervised trained model often has high precision on tail classes in
long-tailed image classification and thus proposed to select more
tail-class data for pseudo labeling and model training. Such a
finding, however, may not hold in long-tailed object detection or
multi-label classification. Hence, how to better use unlabeled data
for long-tailed learning is worth further exploring.

Data augmentation for multiple tasks. Existing long-tailed
methods are often designed for a specific task, e.g., image
classification or image detection. However, due to the differences
among various tasks, existing methods for a specific task may
not handle other tasks, leading to poor method generalization.
Considering data augmentation is fundamental for all visual tasks, it
is valuable to design better augmentation-based long-tailed methods
that can resolve multiple long-tailed tasks, simultaneously.

Ensemble learning for improving all classes. Most existing
long-tailed methods improve tail-class performance at the cost of
head-class performance. One solution is ensemble learning, which
exploits different expertise of various experts to obtain a better
trade-off between head and tail classes, leading to state-of-the-
art performance on long-tailed learning [30]. Thanks to potential
performance improvement in all classes, ensemble learning would
be a promising direction for future research.

6.2 New Task Settings
In addition to method innovation, there are several new task settings
of long-tailed learning waiting to be resolved.

Test-agnostic long-tailed learning. Existing long-tailed learn-
ing methods generally hypothesize a balanced test class distribution.
The practical test distribution, however, often violates this hypoth-
esis (e.g., being long-tailed or even inversely long-tailed), which
may lead existing methods to fail in real-world applications. To
overcome this limitation, LADE [31] relaxes this hypothesis by
assuming that the test class distribution can be skewed arbitrarily
but the prior of test distribution is available. Afterward, TADE [30]
further innovates the task, in which the test class distribution is not
only arbitrarily skewed but also unknown. Besides class imbalance,
this task poses another challenge, i.e., unidentified class distribution
shift between the training and test samples.

Open-set long-tailed learning. Real-world samples often have
a long-tailed and open-ended class distribution. Inspired by this,
open-set long-tailed learning [15], [81] seeks to learn from long-
tailed data and optimize the classification accuracy over a balanced
test set that includes head, tail and open classes. There are two
main challenges: (1) how to share visual knowledge between head
and tail classes; (2) how to reduce confusion between the tail and
open classes.

Federated long-tailed learning. Existing long-tailed learning
studies generally assume that all the training samples are accessible
during model training. However, in real-world applications, long-
tailed training data may be distributed on numerous mobile devices
or the Internet of Things [167], which requires decentralized
training of deep models. Such a task setting is called federated long-
tailed learning, which has two main challenges: (1) long-tail class
imbalance; (2) unknown class distribution shift among different
clients’ local data.
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Class-incremental long-tailed learning. In real-world appli-
cations, long-tailed data may come in a continual and class-
incremental manner [82], [168]. To deal with this scenario, class-
incremental long-tailed learning aims to learn deep models from
class-incremental long-tailed data, suffering two key challenges: (1)
how to handle long-tailed class imbalance when different classes
come sequentially, and the model has no information about the
future input regarding classes as well as label frequencies; (2) how
to overcome catastrophic forgetting of previous class knowledge
when learning new classes. Such a task setting can also be named
continual long-tailed learning.

Multi-domain long-tailed learning. Current long-tailed meth-
ods generally assume that all long-tailed samples come from the
same data marginal distribution. However, in practice, long-tailed
data may also get from different domains with distinct data distribu-
tions [28], [169], e.g., the DomainNet dataset [170]. Motivated by
this, multi-domain long-tailed learning seeks to handle both class
imbalance and domain distribution shift, simultaneously. One more
challenging issue may be the inconsistency of class imbalance
among different domains. In other words, various domains may
have different class distributions, which further enlarges the domain
shift in multi-domain long-tailed learning.

Robust long-tailed learning. Real-world long-tailed samples
may also suffer image noise [95], [171] or label noise [140],
[145]. Most long-tailed methods, however, assume all images and
labels are clean, leading to poor model robustness in practical
applications. This issue would be particularly severe for tail classes,
as they have very limited training samples. Inspired by this, robust
long-tailed learning seeks to handle class imbalance and improve
model robustness, simultaneously.

Long-tailed regression. Most existing studies of long-tailed
visual learning focus on classification, detection and segmentation,
which have discrete labels with class indices. However, many tasks
involve continuous labels, where hard classification boundaries
among classes do not exist. Motivated by this, long-tailed regres-
sion [172] aims to deal with long-tailed learning with continuous
label space. In such a task, how to simultaneously resolve long-
tailed class imbalance and handle potential missing data for certain
labels remains an open question.

Long-tailed video learning. Most existing deep long-tailed
learning studies focus on the image level, but ignore that the
video domain also suffers the issue of long-tail class imbalance.
Considering the additional temporal dimension in video data, long-
tailed video learning should be more difficult than long-tailed image
learning. Thanks to the recent release of a VideoLT dataset [38],
long-tailed video learning can be explored in the near future.

7 CONCLUSION

In this survey, we have extensively reviewed classic deep long-
tailed learning methods proposed before mid-2021, according to
the taxonomy of class re-balancing, information augmentation
and module improvement. We have empirically analyzed several
state-of-the-art long-tailed methods by evaluating to what extent
they address the issue of class imbalance, based on a newly
proposed relative accuracy metric. Following that, we discussed the
main application scenarios of long-tailed learning, and identified
potential innovation directions for methods and task settings.
We expect that this timely survey not only provides a better
understanding of long-tailed learning for researchers and the
community, but also facilitates future research.
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