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Abstract

Real-world data often exhibit a long-tail class distribution, where a small subset of classes dominate the majority of the training samples, while

the remaining classes suffer from severe data scarcity. Long-tail learning (LTL) aims to tackle this extreme data imbalance problem and

improve the generalization across both head and tail classes. Although re-sampling offers a straightforward solution to mitigate class

imbalance, prior researches have empirically shown its limited effectiveness in modern long-tail learning tasks. To overcome this limitation, we

propose Context-Aware RE-sampling (CARE), a novel framework that leverages large pre-trained models to suppress irrelevant contexts as

well as enrich the diversity of the training data. Specifically, CARE introduces multiple practical implementations: CARE-DS, which integrates

DINO and SAM to segment and transplant objects across images, generating diverse samples while preserving semantic consistency, and
CARE-DM, which utilizes diffusion models to synthesize contextually diverse samples conditioned on original images and textual prompts.
Extensive experiments demonstrate that CARE effectively mitigates performance deterioration for both head and tail classes, achieving

significant generalization improvements over conventional re-sampling methods.
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H 1 Introduction

Recent years have witnessed well-established deep neural networks
applied on various domains, particularly when it is trained upon
extensive elaborated datasets [1-3]. However, despite the success,
the practical application often encounters a significant challenge
posed by the real-world data: the presence of a long-tail class
distribution [4-6]. Such long-tail data poses two main challenges:
1) the class-imbalanced issue, causing the model to exhibit bias
towards those dominated head classes; 2) the scarcity of data related
to those rare tail classes, which hinders effective generalization of the
model [7-10].

Re-sampling is a classic and commonly applied strategy to address
the class-imbalanced problem [11,12]. By simply creating replicates
of the samples of minority classes, it aims to rectify the class
distribution and estimate an unbiased model. Unfortunately, previous
empirical evidence suggests that re-sampling methods often limit the
effects when applied to modern long-tail datasets [6,13], and are even
worse than not being utilized. Previous studies subjectively attribute
the limited performance of re-sampling to the risk of overfitting
[6,14]. Nevertheless, the reasons behind this phenomenon remain

inadequately explained in most of the existing literature. To mitigate
the negative effect of re-sampling, two-stage learning is proposed,
which adopts re-sampling in the later or the second stage of the
whole training process. The representative two-stage learning
approaches include DRS [15], cRT [6], and BBN [14]. Despite that
two-stage learning can avoid the impact of re-sampling at the first
stage, it still adopts re-sampling at the second stage and can
inevitably fall into the overfitting problem.

To better understand the effects of re-sampling methods, one prior
study [16] conducts a series of empirical investigations into the re-
sampling strategies. It discovers that re-sampling does not necessarily
work or fail on long-tail datasets, as it leads to absolutely contrasting
effects on different long-tail datasets. As shown in Fig. 1, it helps the
learning on the MNIST-LT dataset, with more balanced sampling
yielding more performance improvements. In contrast, it harms the
learning on CIFAR100-LT, and more balanced sampling leads to
the additional
empirical results infer that the effectiveness of re-sampling depends

more performance deterioration. Furthermore,
on the semantic relevance between training samples and their

corresponding target labels [16]. Specifically, re-sampling proves
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Fig. 1 The contrasting effects of re-sampling on different long-tail datasets
[16], with larger balance ratio y representing more balanced sampling
strategies. (a) MNIST-LT; (b) CIFAR100-LT

advantageous when training samples exhibit high semantic relevance;

otherwise, re-sampling suffers from oversampling redundant
unrelated contexts, and is even worse than uniform sampling
(directly sampling from the original long-tailed distributed data). It is
worth mentioning that “irrelevant contexts” refer to the semantically
unrelated parts of the training examples. In contrast, “related
contents” refer to the semantically related parts of the examples. We
give an example in Fig. 2. Interestingly, the previous works [16]
point out when there exist irrelevant contexts, re-sampling yields
inferior representations compared to uniform sampling, which
demonstrates the negative impact of irrelevant context on re-
sampling methods.

We identify that the success of re-sampling hinges on the semantic
relevance between training samples and their labels. When samples
exhibit high relevance to their class (e.g., clean foreground objects),
re-sampling usually improves generalization; conversely, irrelevant
contexts (e.g., cluttered backgrounds) lead to spurious correlations
and performance degradation. Motivated by this insight, we propose
Context-Aware RE-sampling (CARE), a novel framework that
leverages off-the-shelf pre-trained models to generate diverse
training data while suppressing irrelevant contexts (e.g., the
background and the semantically irrelevant foregrounds). We first
introduce CARE-DS, which combines DINO [17] and SAM [18] to
segment and transplant semantically relevant objects to different
backgrounds, thus enhancing diversity while preserving semantic
information. Specifically, it first leverages DINO [17] to obtain a
rough box coordinate of the relevant objects, and then treats the
coordinate as a prompt for the SAM model to extract the

semantically relevant objects more precisely. Then, it pastes the
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Fig.2 Explanation of irrelevant context and relevant content. When
identifying the “bicycle” in the example image, the irrelevant context refers to
the semantically unrelated parts (e.g., the background and the irrelevant rider),

while relevant content refers to the semantically related parts (e.g., the bicycle)

Long-tail learning with context-aware re-sampling

separated objects onto other randomly chosen backgrounds to
generate diverse novel samples. This approach encourages the model
not to focus on the irrelevant contexts and to acquire more
discriminative results on both head and tail classes.

However, the performance of CARE-DS relies on the capabilities
of both the DINO and the SAM models. If one of the model performs
unsatisfactorily, the overall generated quality may be negatively
affected. Therefore, we further propose CARE-DM,
implementation of context-aware re-sampling that uses stable

another
diffusion models. Specifically, it synthesizes diverse samples
conditioned on original images and textual prompts, such as “a photo
of a cat with real-world background.” Moreover, it generates more
diverse samples especially for tail classes, thus re-balancing the
skewed training data distributions. After generating adequate training
samples, it combines the raw dataset and the generated samples and
jointly trains a model for final predictions. Compared to CARE-DS,
the proposed CARE-DM is more convenient for deployments by
leveraging foundational generative model and conditional guidance.
Although the data preparing phase requires more time cost, the final
performance of CARE-DM is significantly superior to CARE-DS.
Experimental results on multiple long-tail datasets demonstrate that
CARE achieves competitive performance on both head and tail
classes.

The key contributions of this work can be briefly summarized as
follows:

e We review the efficacy of re-sampling that depends on
semantic label relevance, thus highlighting the necessity of
context-aware re-sampling strategies.

e We propose CARE, the first framework to explicitly suppress
irrelevant contexts in re-sampling using pre-trained models.
CARE includes two versions, i.e., CARE-DS and CARE-DM.

e We conduct extensive experiments to verify the effectiveness

which achieves

of the proposed module, an average

performance gain of more than 2% in accuracy.

The rest of the paper is organized as follows. Section 2 delves into
an investigation of the effects of re-sampling approaches. Section 3
presents the details of the proposed context-aware re-sampling
method. Section 4 provides a brief review of the related works.
Section 5 gives a conclusion of the paper.

M 2 Related work

2.1 Re-sampling and re-weighting

Re-sampling is widely adopted in addressing class-imbalanced
[11,12]. Typically,
approaches: 1) Over-sampling, which replicates data from the rare

problems re-sampling involves two main
classes. 2) Under-sampling, which discards a proportion of data from
the frequent classes. However, conventional re-sampling methods
often encounter challenges when confront with highly skewed class
distributions. Previous researches propose that under-sampling may
lead to the loss of valuable information, thereby inevitably degrading
the model performance, while over-sampling tends to induce
overfitting issues, particularly on the rare classes [14,15]. Another

strategy, re-weighting, aims to generate more balanced predictions by
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adjusting the losses for different classes [19,20]. An intuitive
approach involves assigning weights to each training sample based
on the inverse of its class frequency [4]. Similar to re-sampling, re-
weighting tends to achieve better results for tail classes at the
expense of the head-class performances [7].

Recent advancement [6] discovers that re-sampling is beneficial for
classifier learning but has negative impacts on representation
learning. Consequently, two-stage approaches [6,14,15] incorporate
it in the late stage of the whole training process to mitigate its
impacts on the representation. In contrast, our empirical study
suggests that re-sampling can be effective, as long as there are no
irrelevant contexts present. Its failures in some cases primarily stem
from the unexpected overfitting towards the over-sampled, redundant
contexts. When applied with context-aware augmentation, class-
balanced re-sampling can achieve competitive performance on long-
tail datasets.

2.2 Data augmentation

Various data augmentation approaches have been proposed to
enhance model generalization capabilities. In research fields such as
contrastive learning [21,22], curriculum learning [23], meta-learning
[24], semi-supervised learning [25,26], and noisy-label learning
[27-29],
effectiveness in improving the generalization of tail classes. MiSLAS

data augmentation strategies have demonstrated the
[30] investigates the mixup technique [31] in long-tail learning and
observes a positive effect of mixup on representation learning.
However, it brings about a negative or negligible effect on classifier
learning. Remix [32] adapts the mixup method to a re-balanced
version by introducing a disproportionately higher weight for the tail
class, thereby assigning the mixed label in favor of the tail class,
Head-to-tail knowledge transfer strategies have also been proposed
for data augmentation in long-tail learning. Major-to-minor
translation (M2m) [33] employs over-sampling and translates the
head-class samples to replace the duplicated tail-class samples
through adversarial perturbations. CAM-BS [13] separates the
foreground and background of each sample, augmenting the
foreground part through flipping, translating, rotating, or scaling.
However, it overlooks the limited generalization ability of the
learned model on tail classes, which may yield incredible separations.
CMO [34] applies CutMix [35] by cutting out random regions of a
head-class sample and filling these regions with another sample from
tail classes. By this means, it enriches the contexts of the tail data.
Nevertheless, the random cutout operation does not necessarily
distinguish the semantically related objects or irrelevant contexts. In
contrast, our method utilizes the off-the-shelf pre-trained model to
separate related objects from contexts in training samples. It then
pastes the well-separated objects onto more backgrounds to generate

diverse novel samples.

2.3 Pretrained models

Recent advances in self-supervised learning and generative models
present novel approaches for data augmentation. DINO [36]
leverages vision transformers to extract semantically meaningful
object representations without manual annotations. The ability of

DINO on capturing object-level features has been exploited in
segmentation and augmentation tasks [17,36]. Similarly, the Segment
Anything Model (SAM) [18] provides a powerful and promptable
segmentation framework, which is capable of precisely segmenting
objects in complex scenarios. Recent works have utilized SAM for
data augmentation by extracting and recombining salient regions,
thus
consistency [37,38].

enhancing sample diversity while preserving semantic

Diffusion models [39-41] have emerged as a powerful foundation
model to synthesize high-quality and diverse samples. Unlike
traditional augmentation techniques, diffusion models can synthesize
contextually coherent images conditioned on textual or visual
prompts. For instance, Guided Imagination Framework (GIF) [42]
shows that diffusion-generated samples can improve generalization
of small-scale datasets by preserving class-relevant features.
Moreover, recent studies [43,44] demonstrate the effectiveness of
diffusion models in long-tail learning by generating tail-class
samples with different stategies. However, the effectiveness of
diffusion models on avoiding spurious correlations has not been
studied. In this work, we studies how to leverage well-trained models
such as DINO, SAM, and stable-diffusion models for mitigating

irrelevant contexts and generating more diverse samples.

B 3 Context-aware re-sampling

3.1 Preliminaries

Given a training dataset O = {x;, y,»}{i \» where x; is a training sample
and y; € C=[K]={1,...,K} is the corresponding label. We assume
that the training data follow a long-tail class distribution, i.e., the
class prior distribution P(y) is long-tailed. In this case, a majority of
classes have a very low probability of occurrence. Moreover, we
define the imbalance ratio as p = max,P(y)/ min, P(y) to indicate the
long-tailedness of data. Classes with high P(y) are referred to as head
classes, while others are referred to as tail classes.

In conventional settings, where the training and test data obey a
consistent distribution, Empirical Risk Minimization (ERM) is
widely used upon the training data to achieve an empirical estimate
of the underlying test data distribution. A typical approach is to
minimize the Cross-Entropy (CE) loss for each training sample as
following:

1 v exp(zy,)
Leg=— —log —y',
N 2 i1 exp(zi)

i=1

)

where z; denotes the predictive logit of sample x on class k.
However, this prevalent approach neglects the issue of class
imbalance, leading to learned models biased toward head classes
[8,45].

To deal with the class-imbalance problem, the re-sampling strategy
assigns a probability of being selected for each training sample
according to its class frequency [6]. The probability of sampling a
data point x; can be written as:

-y
Vi
N -y
2 j=11y;

where n; denotes the frequency of class k. When y =0, Eq. (2)

px) = 2

Frontiers of Computer Science | Issuc 1 | Volume 21 | January 2027 | 2101301-3



Jiang-Xin SHI et al.

denotes uniform sampling, where all training data share the same
sampling probability. In this case, tail-class data have lower
probabilities of being sampled. When y =1, Eq. (2) denotes class-
balanced re-sampling, where the sampling probability is related to
the reciprocal of the corresponding class frequency, and each class
has an equal probability of occurence.

By studying the effects of re-sampling methods in different
scenarios [16], we can draw a conclusion: when the training samples
contain irrelevant contexts, simply over-sampling the tail-class
samples might cause the model to unexpectedly focus on these
redundant contexts, thereby resulting in the overfitting problem.
Therefore, we naturally raise a question: can we separate the
irrelevant contexts to avoid the overfitting problem? Inspired by this
motivation, we design a context-aware re-sampling module by
utilizing off-the-shelf pre-trained segmentation models to separate
the contexts as well as enrich the diversity of the training data. Note
that with the rapid development of large pre-trained models [46,47],
how to use such off-the-shelf models to assist in the training of small
models in specific fields has also attracted widespread concerns.
However, they mainly focus on model distillation or compression
[48], which often requires extensive training epochs.

3.2 Re-sampling with enriching the contexts

The segment-anything (SAM) model [18] has been proposed
recently, which can help separate the objects or backgrounds for a
given image with a simple prompt. Such prompts can be a set of
points, a box, some masks, or a text sentence. Note that though SAM
allows text prompts as inputs, it has not open-sourced the detailed
implementation. Nevertheless, existing works mainly combine SAM
with other text-driven recognition models, such as DINO [17].
Specifically, one can first use DINO to achieve a rough box
coordinate by giving a text description of the object, and then utilize
the box as a prompt for SAM to extract the detailed object masks.

To mitigate the negative effect of irrelevant contexts and avoid
overfitting issues, we propose to separate the contexts of the training
samples. However, the absence of the contexts gives rise to the
change in the style of the images, for example, a pure black
background. To avoid this potential issue, we utilize the extracted
contexts to enrich other samples from the same class. In this way, it
keeps the semantic relevant objects unchanged while enriching the
diversity of the irrelevant contexts, thereby preventing the model
from overfitting to the contexts.

Formally, given an image x;, we calculate its mask M, that is
semantically related to the corresponding label. Here M; is a matrix
of the same size as x; with boolean values. The positive value
indicates that the corresponding pixel belongs to the semantically
related object, while the other pixels belong to the contexts.

Long-tail

' Training
dataset ;

1

1

image

Segmentation
model

C

Masked
image

Long-tail learning with context-aware re-sampling

After calculating the mask, we obtain the object by M,;0x;.
Moreover, we replace the contexts with a background image of the
other training samples, i.e., (1-M;)Ox;. In this way, we generate
more diverse novel samples by keeping the semantically related
objects and simulating the objects within various contexts. To further
encourage diversity, we apply a random fusing factor A for
generating novel images. Formally, we have

A~ Uniform(0, 1). 3)

f?,-zM,-(Dx,-+(l—Ml-)O(/lxj+(l—/l)x,-). (4)

Different from previous mixup-based methods [31,35], our method
does not change the target label, because the pasted background is
not related to the semantics of any class labels. Finally, we replace x;
with ¥; to calculate the corresponding training loss. We call this
framework Context-Aware Re-sampling with DINO and SAM
(CARE-DS). Figure 3 gives a brief overview of the proposed module
CARE-DS.

Note that the context-aware augmentation is only applied in the
training stage. While in the inference phase, we predict from the
original image to ensure the inference efficiency.

3.3 Re-sampling with diverse image generation
While CARE-DS mitigates
segmenting and transplanting objects, we further propose CARE-

irrelevant contexts by physically

DM, a generative approach that leverages diffusion models to
synthesize diverse and high-quality samples for tail classes. Unlike
traditional augmentation or pasting-based strategies, diffusion models
inherently generate contextually coherent images while preserving
semantic relevance to the corresponding class labels.

Given an image with label y;, we employ a pre-trained text-
conditioned diffusion model to synthesize new samples. The text
prompt is structured as “a photo of a {class} with real-world
background”, where {class} denotes the textual descriptor of y; (e.g.,
“cat” or “dog”). This prompt ensures the generated images retain
class-discriminative features while varying backgrounds naturally.

Moreover, in order to ensure the generation quantity as well as
control the augmentation scale, we generate more samples for tail-
class samples by reducing the imbalance ratio (0 = fipax /min) t0 VP.
For instance, if the original long-tail dataset contains several classes
with number of samples per class ranging from 100 to 1, then we
generate enough samples to adjust the class frequency to ranging
from 100 to 10. We call this framework Context-Aware Re-sampling
with Diffusion Model (CARE-DM), which is illustrated in Fig. 4.
Compared with CARE-DS which relies on object-background
composition and may occasionally produce unnatural boundaries,

Diverse
novel samples

Fig.3 An overview of context-aware re-sampling with DINO and SAM (CARE-DS)
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Fig. 4 An overview of context-aware re-sampling with diffusion model (CARE-DM)

using Diffusion models can generate globally coherent images and
lead to more satisfactory data augmentation effects.

3.4 Final objective
The final learning objective is presented in Egs. (5)—(7).

x.y)~D, 6))
2 = D(x), (6)

1Y exp(zy,)
Leg=— ) —log——"—, 7
CE N; 0og ZII;IGXP(Z/() (7

where D refers to the augmented dataset, which contains the original
training samples and the generated novel samples. z; denotes the
predictive logit of sample x on class k using the learned model ®. N
denotes the number of training samples in the augmented dataset. We
optimize the cross-entropy loss considering that the class distribution
of the training dataset is rectified to a more balanced distribution.

H 4 Empirical results

4.1 Experimental settings

We demonstrate the effectiveness of the proposed method CARE by
comparing it with different kinds of long-tail learning methods,
including:

e Re-sampling or re-weighting methods, such as Focal Loss
[49], CB-Focal [7], CE-DRS [15], CE-DRW [15], LDAM-
DRW [15], cRT [6], LWS [6], and BBN [14],

e Data augmentation methods, such as Mixup [31], Remix [32],
M2m [33], CAM-BS [13], CMO [34], and CSA [16].

We conduct experiments on CIFAR10-LT [15], CIFAR100-LT
[15], the long-tail versions of CIFAR datasets by sampling from the
raw dataset with an imbalance ratio p. Following previous works
[14,15], we conduct experiments with p € {100,50,10}. For CIFAR-
100, we split the classes into three shots: head (0—35 classes),
medium (3670 classes), and tail (71-99 classes) classes. For
CIFAR-10, the classes are also split into three shots: head (0-2),
medium (3-6), and tail (7-9) classes. For each dataset, we evaluate
the model on another corresponding class-balanced test set by
calculating the overall prediction accuracy.

We use ResNet-32 as the backbone network and train it using
standard SGD with a momentum of 0.9, a weight decay of 2x 107,
and a batch size of 128. The model is trained for 200 epochs. The
initial learning rate is set to 0.2 and is annealed by a factor of 10 at
the 160th and the 180th epochs. We train each model with 1 NVIDIA
GeForce RTX 3090. In all experiments, we utilize the context-aware
augmentation for the whole of 200 epochs. Following deferred re-

sampling (DRS), we adopt re-sampling at the 160th epoch to obtain a
balanced classifier.

4.2 Results on long-tail datasets

The results for CIFAR10-LT and CIFAR100-LT are summarized in
Table 1. We report the results under imbalance ratio p = 100,50, 10.
As shown in the results, CARE-DS outperforms most of the existing
methods, especially under high imbalance ratios. CARE-DM even
achieves the highest performance compared with the baseline
methods under all scenarios.

Specifically, the methods based on re-sampling or re-weighting
such as DRS, DRW, cRT, and LWS can ease the class-imbalanced
problem to some degree but the performance gain is limited due to
the negative effects of re-sampling. The methods based on data
augmentations, such as CAM-BS and CMO, achieve higher
performance. CAM-BS adopts the class activation map (CAM) to
separate the objects and the contexts of each sample and then applies
balanced re-sampling. Nevertheless, it neglects that the learned

Table 1 Test accuracy (%) on CIFAR datasets with various
imbalanced ratios (p=100, 50, 10)

CIFAR100-LT CIFARI0-LT
100 5 10

CE 383 439 557 704 748 864
Focal Loss [49] 384 443 558 704 767 86.7
CB-Focal [7] 396 452 580 746 793 871
CE-DRS [15] 416 455 581 756 798 874
CE-DRW [15] 415 453 581 763 800 87.6
LDAM-DRW [15] 420 46.6 587 770 81.0 882
cRT [6] 423 468 581 757 804 883
LWS [6] 423 464 581 730 785 877
BBN [14] 426 470 591 798 822 883
mixup [31] 395 450 580 731 778 87.1
Remix [32] 419 - 594 754 - 882
M2m [33] 435 - 576 791 — 875
CAM-BS [13] 417 460 - 754 814 -

CMO [34] 439 483 595 - - -

CSA [16] 458 496 613 806 843 90.8
CARE-DS (Ours) 462 511 612 794 837 89.0
CARE-DM (Ours)  49.7 525 63.7 820 847 93.6
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model has limited generalization ability, and the separated contexts
are incredible. CMO applies CutMix [35] and combines uniform
sampling and balanced re-sampling. However, the simple cutout
operation can not separate the objects and contexts. In contrast, our
proposed method CARE-DS utilizes the off-the-shelf model to
extract contexts and can consistently achieve satisfactory
performance. Our method CARE-DM leverages the advantages of
and achieves in all

diffusion models superior performance

experimental settings.

4.3 Results of different shots of classes

Apart from the main results, we also report the results of different
shots of classes. The results are presented in Tables 2—7. Compared
with CARE-DS, CARE-DM performs better in most of the cases.

Long-tail learning with context-aware re-sampling

Moreover, it improves the tail-class performance particularly under
high class imbalance scenarios, indicating the effectiveness of

context-aware re-sampling under extreme data scarcity.

4.4 Comparison of different rectified imbalance ratios

To improve the diversity of the generated samples while ensuring the
efficiency of generation, we propose to adjust the imbalance ratio
(0 = Npax/Mmin) 10 AP. We conduct a comparison experiment of
different rectified imbalance ratios (/0 vs. 1) and report the results
in Table 8. The results show that adjusting the imbalance ratio to 1
does not lead to further performance improvement. This indicates
that adjusting the imbalance ratio from p to +/p is sufficient for
enhancing performance, while generating more samples has limited

benefits. We add the comparison results in the updated manuscript.

Table 2 Test accuracy (%) of different shots of classes on CIFAR-100-IR100 dataset

Overall Head Medium Tail
CARE-DS 46.2 63.6 48.3 222
CARE-DM 49.7 (+3.5) 65.5 (+1.9) 51.2 (+2.9) 26.1 (+3.9)
Table 3 Test accuracy (%) of different shots of classes on CIFAR-100-IR50 dataset

Overall Head Medium Tail
CARE-DS 51.1 64.2 53.3 32.0
CARE-DM 52.5 (+1.4) 66.1 (+1.9) 54.3 (+1.0) 33.1 (+1.1)
Table 4 Test accuracy (%) of different shots of classes on CIFAR-100-IR10 dataset

Overall Head Medium Tail
CARE-DS 61.2 67.6 62.1 52.1
CARE-DM 63.7 (+2.5) 66.0 (—1.6) 64.8 (+2.7) 54.2 (+2.1)
Table 5 Test accuracy (%) of different shots of classes on CIFAR-10-IR100 dataset

Overall Head Medium Tail
CARE-DS 79.4 91.7 78.1 68.9
CARE-DM 82.0 (+2.6) 91.4 (=0.3) 80.9 (+2.8) 70.6 (+1.7)
Table 6 Test accuracy (%) of different shots of classes on CIFAR-10-IR50 dataset

Overall Head Medium Tail
CARE-DS 83.7 91.2 81.8 78.7
CARE-DM 84.7 (+1.0) 92.6 (+1.4) 83.4 (+1.6) 82.6 (+3.9)
Table 7 Test accuracy (%) of different shots of classes on CIFAR-10-IR10 dataset

Overall Head Medium Tail
CARE-DS 89.0 92.5 86.5 88.7
CARE-DM 90.7 (+1.7) 93.6 (+1.1) 86.9 (+0.4) 90.5 (+1.8)
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Table 8 Test accuracy (%) on CIFAR datasets with various rectified imbalanced ratios

CIFAR100-LT

CIFARI10-LT

VP (square root) 49.7

1 (balanced) 49.8

63.7
63.5

82.0
81.2

93.6
93.6

4.5 Visualization of generated images

In CARE-DM, we utilize the diffusion model for generating diverse
and high-quality images. In Table 9, we visualize the generated
images from the CIFAR10-IR100 dataset. We choose all of the

13

augmented classes (“automobile”, “bird”, “cat”, “deer”, “dog”,

CLENNTS

“frog”, “horse”, “ship”, and “truck™) in this dataset and randomly
select raw images and the corresponding generated images. Note that
the class “airplane” is not included, since it is the most frequent class
in CIFAR10-IR100, thus CARE-DM does not require to generate

new samples for this class. The visualization results in Table 9 show

Table 9 Visualization of images generated by CARE-DM on
CIFAR10-IR100

Raw Generated

ﬁ

Fig. 5 [Illustration of misrepresented generated samples

that the diffusion model can effectively generates diverse and high-
quality images for different training images. When taking a close
look at the objects in the images, it can be found that the
backgrounds and irrelevant contexts are generated into multiple
diverse versions. Such generating results can effectively help
mitigate the overfitting to irrelevant contexts, and thereby improving
the generalization ability of the learned model.

Moreover, one may be interested in the negative cases where
generated samples misrepresent the sample characteristics. We have
checked the generated samples and find that although most of the
samples are normal, there are also misrepresented samples on both
head and tail classes. We visualize the misrepresented samples in
Fig. 5. For example, it may generate images of automobile with
strange structure, frog with three eyes, and some blurry images of
horse or truck. This issue is mainly related to the ability of the
generated model. Nonetheless, the overall quality of generated
samples is positive, which can also be verified by the improved
model performance. We will incorporate more versatile generative
model in future work.

B 5 Conclusion

This work rethinks the intrinsic relationship between re-sampling and
its impact on long-tail learning. Motivated by the effects of re-
sampling on different long-tail tasks and the sensitivity of re-
sampling on irrelevant contexts, we proposed Context-Aware RE-
sampling (CARE) to address the potential challenge. CARE presents
a novel framework that mitigates the negative impact of irrelevant
contexts through diverse data augmentation. By leveraging off-the-
shelf segmentation or generative models, CARE is able to effectively
separates semantically relevant objects from trivial backgrounds, and
generates diverse and high-quality training samples through context-
aware composition. By conducting experiments on long-tail datasets
and comparing the performance with re-sampling, re-weighting, and
data augmentation methods, we demonstrated the effectiveness of our
proposed method CARE by a considerable margin.
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The source code for this work is available at the website of
github.com/shijxcs/CARE.
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