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ABSTRACT

Recent long-tail classification methods generally adopt the two-stage pipeline and
focus on learning the classifier to tackle the imbalanced data in the second stage
via re-sampling or re-weighting, but the classifier is easily prone to overconfi-
dence in head classes. Data augmentation is a natural way to tackle this issue.
Existing augmentation methods either perform low-level transformations or apply
the same semantic transformation for all samples. However, meaningful augmen-
tations for different samples should be different. In this paper, we propose a novel
sample-specific and context-aware augmentation learning method for long-tail im-
age classification. We model the semantic within-class transformation range for
each sample by a specific Gaussian distribution and design a semantic transforma-
tion generator (STG) to predict the distribution from the sample itself. To encode
the context information accurately, STG is equipped with a memory-based struc-
ture. We train STG by constructing ground-truth distributions for samples of head
classes in the feature space. We apply STG to samples of tail classes for augmen-
tation in the classifier-tuning stage. Extensive experiments on four imbalanced
datasets show the effectiveness of our method.

1 INTRODUCTION

With the available of large-scale datasets such as ImageNet ILSVRC2012 (Russakovsky et al., 2015)
and MS COCO (Lin et al., 2014), Convolutional Neural Networks(CNN) have achieved great suc-
cess in image classification. The numbers of labeled samples of different classes in these datasets
are balanced. However, data in the real-world often follows a long-tail distribution, i.e., a few dom-
inant classes occupy most of the samples, while much fewer examples are available for most other
classes. CNNs trained with such imbalanced data generalize well for head classes but easily overfit
tail classes, and hence obtain degraded performances on balanced test data.

It has been demonstrated in (Kang et al., 2019; Zhou et al., 2020) that directly tackling the long-
tail distribution by re-weighting or re-sampling techniques to train CNNs will hurt the capability
of the learned representation. To alleviate the dilemma, many studies (Kang et al., 2019; Zhong
et al., 2021) split the long-tail classification pipeline into a feature learning stage and a classifier
learning stage. Solutions for adjusting the long-tail distribution are only applied to re-balance the
classifier in the second stage. Such methods can well exploit the good feature representation learned
from the original distribution. However, due to the imbalanced data, the classifier is still prone to
overconfidence toward head classes and overfit to the limited samples of tail classes.

A natural way to alleviate such overconfidence is to augmenting samples for tail classes. Low-level
image transformations such as random rotation, horizontal and color jittering are commonly used
for augmentation (Cubuk et al., 2018). Although being effective, these augmentation techniques
only slightly change the lighting, orientation, location, or color of samples, but are not capable of
performing semantic transformations, e.g., changing the background of an object or the shape and
texture of a foreground object. Therefore, the generated augmentations only distribute locally around
existing samples and cannot effectively recover the real distribution. In (Wang et al., 2019), each
class is modeled by a Gaussian distribution and augmentations are sampled from the distribution
estimated in the feature space. It is difficult to reliably estimate the mean and covariance of a
tail class since they are directly calculated from the few training samples. In (Li et al., 2021), a
validation set is employed to calculate the mean and covariance in the way of meta learning. These
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methods treat each sample of the same class equally. However, different samples may locate in
different regions of the real distribution and hence their meaningful within-class transformations
are different. As is shown in Figure.1 (b), the within-class change ranges for the three samples are
quite different. Applying the same global semantic variance range to all samples may lead to illegal
augmentations that are out of the real distribution.

In this paper, we propose a novel three-stage method for long-tail image classification by exploring
an additional sample-specific augmentation learning stage. In the first stage, we follow effective
methods (Zhong et al., 2021) to learn the feature representation from the original imbalanced train-
ing samples. In the second stage, we propose a sample-specific and context-aware augmentation
generation module to learn semantic augmentations for each sample. Since the within-class vari-
ance ranges for different samples are different, we explicitly model the augmentation distribution
for each sample by an individual Gaussian distribution and use a Semantic Transformation Gener-
ator (STG) to estimate the distribution. We train STG from sufficient samples of head classes. To
estimate the sample-specific statistics accurately, STG adopts a dictionary-based memory mecha-
nism to preserve the context information. In the third stage, we apply STG to each sample of tail
classes and achieve semantic data augmentation for fine-tuning the classifier. For each tail class,
STG generates different meaningful and large-scale semantic distributions for augmenting different
samples, so the augmented distribution better approaches the real distribution from few samples as
shown in Figure.1 (c). Our major contributions are summarized as:

1) We propose a novel STG network to generate different transformation distributions for different
samples. To train STG, we estimate the within-class variance distribution for each sample of the
head class as the ground-truth, so that STG obtains sample-specific meaningful semantic augmen-
tations and generalizes well to samples of tail classes.

2) To explore the relationship between other samples and encode the context information, we develop
a dictionary-based memory mechanism in STG to make the estimations of the sample-specific
mean and covariance more accurate.

3) We design a three-stage method for long-tail classification by learning data augmentations for
tail classes in the feature space. We conduct extensive experiments on the CIFAR-10-LT, CIFAR-
100-LT Krizhevsky et al. (2009), ImageNet-LT, Places-LT Liu et al. (2019) datasets and the results
demonstrate the effectiveness of our method.

(a) Long-tail distribution (b) Class level augmentation (c) Sample level augmentation

Figure 1: Visualization of semantic data augmentation. (a) Example of the long-tail distribution,
where the distributions of the two head classes are shown in blue and green, respectively, while
the distribution of the tail class is shown in pink. Solid line denotes the original distribution. (b)
Class-level augmentation. Since the same transformation is applied to all samples indiscriminately,
the adjusted distribution contains illegal augmentations. Dotted line denotes the adjusted distribu-
tion. (c) The proposed Sample-specific augmentation. The semantic transformation is different for
different sample. The adjusted distribution better recovers the real distribution of the tail class.

2 RELATED WORK

Re-balancing strategies. Re-balancing strategies can be decomposed into re-sampling and re-
weighting. The basic idea of re-sampling is to extend the amount of samples in tail classes or reduce
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the number of samples in head classes. These methods can be summarized as up-sampling (Buda
et al., 2018; Byrd & Lipton, 2019) and under-sampling (Drummond et al., 2003; Buda et al., 2018).
Up-sampling aims to repeat samples of tail classes while under-sampling focuses on removing a part
of samples in the head classes. Compared with up-sampling, under-sampling has a smaller risk of
over�tting, but it incurs the dilemma of removing important samples (Drummond et al., 2003).

Re-weighting strategies aim to allocate larger weights for training samples of tail classes and smaller
weights for training samples of head classes in loss functions (Huang et al., 2016; Wang et al., 2017).
Huang et al. (2016) and Mahajan et al. (2018) assigns the weights by the inverse of class frequency
or the smooth version. In (Cui et al., 2019), a function is proposed to calculate the weights via the
number of samples for each class. In (Tan et al., 2020), the re-weighting strategy is realized from
another aspect and it randomly ignores discouraging losses for tail classes. Focal loss (Lin et al.,
2017) is a typical and effective method to associate the weight with respect to the probability of each
sample, where the gradient of high probability samples will be impaired heavily.

In (Zhou et al., 2020; Kang et al., 2019), it is shown that distribution of features and the distri-
bution of category labels are inherently uncoupled. Therefore, many recent methods (Kang et al.,
2019) follow the two-stage framework by decoupling representation learning and classi�er learning.
The re-balancing strategies are applied to turning the classi�er rather than learning representations.
Compared with these conventional re-balancing methods, our method generates new semantic sam-
ples of tail classes from few samples after the representation learning stage. An additional stage
for learning to generate augmentations is performed before using augmented samples to learn the
classi�er. From the perspective that viewing augmentation as up-sampling, our method can be seen
as an extension of traditional re-sampling strategy.

Augmentation-based methods. Augmentation-based methods aim to generate new samples based
on original training data. Such methods can be decomposed into data level augmentation and feature
level augmentation. Mixup (Zhang et al., 2017) generates synthetic data by interpolating pairs of
samples and their labels. In (Kim et al., 2020) new samples of tail classes are generated by adding
noises to samples of head classes to improve the generalization ability of the model. However, such
low-level augmentations only change samples in the color space, which not only cannot guarantee
to make sense in reality, but also cannot explore the uncovered spaces of the real distribution.

Differently, feature space augmentation (Chu et al., 2020) operates on the learned features. Its
feature-level augmentation is performed by sampling two samples and fuse their feature maps. The
shortcoming of such fusion-based method lies in the fact that it is easy to confuse the differences
of different classes. BBN (Zhou et al., 2020) proposes a bilateral branch network and combines
different features from instance balanced sampler and reversed sampler, respectively. MetaSAug (Li
et al., 2021) uses semantic augmentations with meta-learning to enlarge features for tail classes.

Recently, in (Upchurch et al., 2017) extensive human annotations are used to explicitly �nd semantic
transformation directions with additional manual consumption. ISDA (Wang et al., 2019) realizes
implicit semantic augmentation by calculating mean and covariance of samples for each class and
views samples of this distribution as available semantic directions. Since only few samples are
available for tail classes, it is dif�cult to estimate the mean and covariance accurately. Actually, our
method is also attributed as feature level augmentation. Different from other methods that apply the
same transformation (e.g., adding random noises) to all samples, we distinguish different samples
and model the transformation space of each samples as a separate Gaussian distribution. The statis-
tics of the distribution for each sample are generated by a network learned from head classes rather
than estimation from data. Sample-speci�c augmentation is achieved by sampling different trans-
formations from the corresponding spaces for different samples. Compared with other methods, our
method fully considers individual differences to generate semantically rational augmentations.

3 METHOD

3.1 PROBLEM DEFINITION AND NOTATIONS

We are given an imbalanced training datasetS = f (x i ; y i )g, wherey i 2 f 1; � � � ; Cg is the label
of the i th samplex i , C is the number of classes, andnc denotes the number of samples belongs
to thec-th class. Without loss of generality, we assume that the classes are sorted by cardinality
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(a) The learning progress of STG (b) Estimating� , �

(c) The memory-based dictionary

Figure 2: (a) The learning process of the proposed STG. (b) The estimation of� , � . The Yellow dot
indicates the anchor feature, blue lines denote samples of semantic transformation and we calculate
� , � by estimating from such transformations. Every feature has its own speci�c semantic transfor-
mations. (c) The memory-based dictionary. We push and pop features to refresh the dictionary.

in decreasing order, i.e.,n1 � n2 � ::: � nC . The data obeys the long tail distribution, i.e.,
most samples belong to only a few head classes, while each of the other tail classes only has a few
samples. In the test set, all classes have the same number of test samples, i.e.,n1 � n2 � � � � nC .
As a consequence, the model trained on imbalanced datasets performs poorly to recognize the tail
classes.

Previous works (Kang et al., 2019) have already demonstrated the effectiveness of the two-stage
strategy, which decouples the training process into the feature extraction learning stage and the
classi�er learning stage. In the �rst stage, a feature vectora i is extracted from each samplex i by
the backbone networkf (x i ; � ), where� is the set of parameters of the backbone. In the second
stage, the �nal classi�er is denoted asg(a i ; w ), wherew is the parameter set of the classi�er.

3.2 OVERALL ARCHITECTURE

Different from the two-stage strategy, we add a semantic transformation learning stage and hence
split the total pipeline into three stages. The �rst stage remains the same, in which we learn fea-
ture representations by training the parameters in� of backbonef (x ; � ) from the imbalanced data.
Mixup (Zhang et al., 2017) and self-supervised learning (Yang & Xu, 2020) have proved their ef-
fectiveness in tackling the long-tail problem. We choose mixup as the training strategy to learn the
backbone. In the second stage, we freeze parameters of the backbone learned in the �rst stage and
learn the proposed STG network from the features of the head classes, where details are described in
Section 3.3. In the third stage, we utilize the learned STG to generate semantic transformation dis-
tributions for samples of the tail classes. Sample-speci�c augmentations are generated by sampling
from the corresponding distribution and then used to �ne-tune the �nal classi�erg(a; w ). Details
of the augmentation strategy are presented in Section 3.4.

3.3 SEMANTIC TRANSFORMATION GENERATOR

It has been shown in (Upchurch et al., 2017) that translations in the well-learned feature space can
produce meaningful semantic transformations, e.g., changing the color or posture of the object. In
(Wang et al., 2019), the Implicit Semantic Data Augmentation (ISDA) method models semantic
transformations for each class by a Gaussian distribution. By calculating class-wise covariances
� = f � 1; � � � ; � C g, it de�nes the distribution of semantic augmentation transformations for each
feature vectora i asN (a i ; � � y i ), where� is a scale coef�cient to rectify the vector length. Since
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only few samples are available for a tail class, it is hard to estimate the covariance and model the
distribution of semantic transformations directly. MetaSAug (Li et al., 2021) utilizes a validation
set to obtain semantic transformations indirectly. However, this method still does not consider the
fact that semantic transformation ranges for different samples should be different. For instance, the
semantic transformation vector that aims to change the color from red to blue cannot be applied to
blue objects. On the contrary, our STG is proposed to learn semantic transformations at the instance
level. The training progress of STG is shown in Figure 2.

We also make a hypothesis that the semantic transformations for a sample follow a Gaussian dis-
tribution. Since only a few samples are available for tail classes, the distribution cannot be reliably
estimated from these samples. To tackle this problem, we train the STG network from head classes
and use it to generate distributions for samples of tail classes. Different from ISDA and MetaSAug
that estimate a single transformation covariance for all samples of the same class, STG aims to gen-
erate ad-hoc distribution for each sample in the feature space. Speci�cally, STG takes the feature of
a sample as input and outputs the mean� and covariance� of the transformation distribution of this
sample. We use two multilayer perceptrons with batch normalization (Ioffe & Szegedy, 2015) and
the Relu activation as two modules to constitute the STG model and predict� and� , respectively.

In the additional second stage of our three-stage pipeline, we train STG from head classes. Since
head classes have suf�cient samples, the within-class variances for each sample can be directly es-
timated from other samples of the same class. Instead of estimating �xed statistics for each head
sample of�ine from all training samples, we dynamically update such estimations with batches on
the �y, which not only improves the ef�ciency but increases the diversity and randomness. More-
over, since each time a different local Gaussian is estimated, this also alleviates the limitation of
single Gaussian modeling. Given a featurea i , we collect samples with the same class ofa i in
the mini-batch into a setf a1y i ; � � � ; aky i g. The corresponding semantic transformation set ofa i is
f a1y i � a i ; � � � ; aky i � a i g. We view elements in this set as samples of the Gaussian distribution
of semantic transformations ofa i . As is shown in Figure 2 (b), the mean� i and covariance� i can
be estimated from these samples directly as follows:

� i =
1
k

kX

j =1

a jy i � a i � i =
1
k

kX

j =1

(� i � (a jy i � a i ))2 (1)

In addition, we hold the assumption that each channel of feature is independent and only calculate
the diagonal of the covariance matrix for simplicity. The estimated� i and� i serve as the ground-
truth statistics ofs(a i ; � s) for the supervised learning of STG.

Although directly usinga i as the input of STG is available, the difference between different classes
is not explicitly taken into consideration. Feasible semantic transformations for samples in the
same class may be similar. Therefore, we de�ne learnable class-speci�c tokensf p1; � � � ; pC g to
distinguish different classes explicitly. These tokens are initiated by the normal distribution and
participate in the updates by back-propagation. During the training phase, the corresponding class
tokenpy i is added toa i , thus STG takes the input ofa i + py i and regresŝ� i and�̂ i directly. This
process can be formulated as:

�̂ i ; �̂ i = s(a i + py i ; � s) (2)

where� s denotes the parameter set of the STG networks, �̂ i and�̂ i are the estimations of the mean
and covariance, respectively.

Actually, the more abundant the samples, the more accurate the estimated statistics. In the STG
learning stage, we only collect samples from the mini-batch and thus the number of samples is
small. A plain strategy is to expand the size of the mini-batch, but it is limited by cuda memory.
Inspired by MoCo (He et al., 2020), we add an external dictionary to store features of previous
iterations. Our dictionary pushes in features of the recent mini-batch and pops out old features,
as shown in Figure 2 (c). Therefore, features in our dictionary are dynamically updated to supply
samples in each mini-batch to better estimate the statistics. Moreover, the make the predictions more
stable, we smoothly update the estimated statistics for the same sample.

3.4 SEMANTIC TRANSFORMATION AUGMENTATION

In the third stage, we use the trained STG to generate augmentations for tail classes. Because the
tail classes have not participated in the learning stage of STG, no class-speci�c tokens with respect
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to these classes are learned. Therefore, we use the token of the most similar head class for each
sample of tail classes. Given each sample featurea i of the i -th tail class, we obtain its semantic
transformation distribution with� i , � i predicted by STG. Then we employ the reparameteric trick
(Kingma & Welling, 2013) to generate augmentation samples as follows:

aaug
i = a i + (

p
� i � � + � i ) � � � � y i (3)

where� � N (0; 1) and(
p

� i � � + � i ) is a sampled semantic transformation vector. The hyper-
parameter� controls the strengthen of augmentations globally.� y i is another knob to control the
strengthen at the class level, which is calculated as� y i = ( n min

n y i
)1=2. ny i is the number of samples

belonging to classyi andnmin = min (n1; � � � ; nC ). Considering the number of samples in differ-
ent classes also differs, we need to distinguish samples in different tail classes. The effect of this
function is to inhibit the strengthen of classes with more samples than other tail classes.

Finally, we combine the augmented featureaaug
i with the original featurea i to obtain the enhanced

representation. Since our augmentation is random and illegal features can be generated, we pre-
serve part of the original feature to alleviate such illegal situation. We randomly sample a vector
m � U(0; 1) which has the same dimension asa i . We use a thresholdt 2 (0; 1) to control the
augmentation rate. The �nal augmentation feature fora i is de�ned by Eq. (4):

~a i = 1[m > t] � a i + 1[m < t] � aaug
i (4)

Empirically, we sett = 0 :5, which means that we preserve50%of the original features.

The loss function by using the augmented representation to train the classes is presented in Eq.(5):

L =
1
N

NX

i =1

� log
eg( ~a i ;w y i )

P C
j =1 eg( ~a i ;w y j )

(5)

Kang et al. (2019) propose different classi�er re-training strategies such as cRT, LWS,� -normalized,
etc. Zhong et al. (2021) propose the generalized classi�er for long-tail distribution. Experiments
show that cRT is more proper for small scale datasets while LWS and the generalized classi�er are
more adaptable for large scale datasets. Therefore, we use cRT to re-train the classi�er for common
situations while adopt the generalization classi�er on large scale datasets.

4 EXPERIMENT

4.1 DATASETS AND EXPERIMENTAL SETUP

We evaluate our method on the CIFAR-10-LT dataset, the CIFAR-100-LT dataset, the ImageNet-LT
dataset, and the Places365-LT dataset. To verify that our method can be applied to multiple backbone
models, deep residual networks (ResNets) (He et al., 2016) with various depths are applied as the
feature extraction backbone.

Datasets. CIFAR-10-LT and CIFAR-100-LT are simulated from balanced datasets. There are 10
classes and 100 classes in the two datasets, respectively. For both classes, on the test set, every
class has an equal number of samples. We conduct experiments with different imbalance factor
(IM), which is de�ned asNmax =Nmin . Nmax andNmin denote the volumes of the most frequent
class and the least frequent class, respectively. We follow the same protocol in (Cao et al., 2019) to
generate training datasets with imbalance factors of 10, 50, and 100, respectively. ImageNet-LT is
generated from the ImageNet dataset (Russakovsky et al., 2015) and contains 115.8k images. The
imbalance factor is 256, and the number of images per class ranges from 1280 to 5. Places365-LT
is constructed from the Places-2 dataset and contains 6.5k images from 365 categories. Compared
with the CIFAR-LT datasets, it suffers from extreme imbalance. The largest class contains 4980
images while the smallest one has only 5 images (IM = 996).

Experimental Setup. For CIFAR-10-LT and CIFAR-100-LT, we use ResNet-32 as our backbone
following (Cao et al., 2019). In the �rst stage, we use the SGD optimizer and set the initial learning
rate to 0.1. The �rst �ve epochs are trained with the linear warm-up (Goyal et al., 2017) learning rate
schedule. The learning rate drops by 0.1 at epoch 160 and epoch 180, respectively. We follow the
most popular setting to set the momentum and the weight decay to0:9 and2� 10� 4, respectively. In
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the STG learning stage, we use the ADAM optimizer and set the learning rate to 0.001. In the third
stage, we also use ADAM as the optimizer and set the learning rate to 0.0001 and 0.001 for CIFAR-
100-LT and CIFAR-10-LT, respectively. For ImageNet-LT, we use ResNet-50 as the backbone and
adopt the cosine learning rate schedule that gradually decays from 0.1 to 0 in the �rst stage. For
Places365-LT, we use ResNet-152 as the backbone and the ImageNet pretrained parameters for
initiation. Following OLTR (Liu et al., 2019), we set the initial learning rate to 0.01 and drop by 0.1
every 10 epochs. In the STG learning stage, we follow previous CIFAR-LT training strategies using
the ADAM optimizer. In the classi�er learning stage, we use the cosine learning rate that decays
from 0.001 to 0.

Table 1: Performance on CIFAR-10-LT.
Method 100 50 10
CE 70.4 74.8 86.4
Mixup 73.1 77.8 87.1
LDAM-DRW 77.1 81.1 88.4
BBN 79.9 82.2 88.4
Remix-DRW 79.8 - 89.1
MetaSAug 80.7 84.3 89.7
cRT+mixup 79.1 84.2 89.8
LWS+mixup 76.3 82.6 89.6
MiSLAS 82.1 85.7 90.0
Ours 83.1 85.9 90.4

Table 2: Performance on CIFAR-100-LT.
Method 100 50 10
CE 38.4 43.9 55.8
Mixup 39.6 45.0 58.2
LDAM-DRW 42.1 46.7 58.8
BBN 42.6 47.1 59.2
Remix-DRW 46.8 - 61.3
MetaSAug 48.0 52.3 61.3
cRT+mixup 45.1 50.9 62.1
LWS+mixup 44.2 50.7 62.3
MiSLAS 47.0 52.3 63.2
Ours 48.6 53.9 63.3

4.2 COMPARISON WITH STATE-OF-THE-ARTS

(a) w/o augmentation (b) w augmentation

Figure 3: The T-SNE (Van der Maaten & Hinton, 2008)
visualizations of training samples on CIFAR-10-LT with
IM=100. (a) Feature distribution of training samples.
(b) Semantic augmentation samples. Some augmenta-
tion features are split into two parts since the most similar
head classes for different features are different.

Results on CIFAR-LT. To demonstrate
the effectiveness of our method, we
compare our method with mixup (Zhang
et al., 2017), LDAM-DRW (Cao et al.,
2019), BBN (Zhou et al., 2020),
Remix-DRW (Chou et al., 2020),
MetaSAug (Li et al., 2021), cRT,
LWS (Kang et al., 2019) and MiS-
LAS (Zhong et al., 2021). The
performances on CIFAR-10-LT and
CIFAR-100-LT are shown in Table 1
and Table 2, respectively. Compared
with other methods, our method gen-
erally achieves better performances on
both datasets. The improvement made
by our method is larger with the im-
balanced factor of 100 and weaker with
the imbalanced factor of 10. Especially,
our method outperforms other methods
by a margin of 1% with the imbalanced
factor 100 on both datasets. The inner reason is that the more extreme imbalanced distribution
suffers from more severe over�tting, and our semantic augmentations can alleviate such over�tting
better by exploring more accurate within-class covariances.

To better understand how our method in�uences classi�cation, we visualize the decision boundary
of our method and compared it with CE and cRT. As shown in Figure 3 and Figure 4, our method
obtains better decision boundaries compared with other methods. This further supports our point
that our method can alleviate the over�tting of tail classes and has better generalization ability.

Results on ImageNet-LT/Places365-LT.Our method can well scale to large scale datasets such
as ImageNet-LT and Places365-LT. On ImageNet-LT, we add focal loss (Lin et al., 2017) and CE-
DRW (Cao et al., 2019) for comparison. On Places365, we add OLTR (Liu et al., 2019), OLTR-
LMFE (Xiang et al., 2020), and FeatureAug (Chu et al., 2020) for comparison. Results on the two
datasets are shown on Table 3 and Table 4, respectively.
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