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Abstract

Long-tailed data poses a significant challenge for deep
learning models, which tend to prioritize accurate classifi-
cation of head classes while largely neglecting tail classes.
Existing techniques, such as class re-balancing, logit ad-
justment, and data augmentation, aim to enlarge decision
regions of tail classes or achieve clear decision bound-
aries, leaving the robustness of decision regions under-
considered. This paper proposes a simple yet effective Su-
pervised Exploratory Learning (SEL) framework to achieve
these goals simultaneously from space exploration perspec-
tives. SEL employs the adaptive Optimal Foraging Al-
gorithm (OFA) to generate diverse exploratory examples,
integrating Class-biased Complement (CbC) for balanced
class distribution and Fitness-weighted Sampling (FwS) for
space exploration. Both theoretical analysis and empiri-
cal results demonstrate that SEL enhances class balance,
sharpens decision boundaries, and strengthens decision re-
gions. SEL is a plug-and-play training framework that can
be seamlessly integrated into model training or classifier
adjustment stages, making it highly adaptable and com-
patible with existing methods and facilitating further per-
formance improvements. Extensive experiments on various
long-tailed benchmarks demonstrate SEL’s superiority.

1. Introduction
With the success of deep learning in various Computer Vi-
sion (CV) tasks, real-world applications of automated sys-
tems have become more prevalent, such as autonomous
driving [49], medical diagnosis [11], security surveillance
[14], and so on. This success is largely due to the availabil-
ity of large-scale labeled datasets, such as ImageNet [30],
and the development of deep learning models that can learn
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(a) Existing methods.

(b) Existing methods trained with SEL.

Figure 1. Comparison of decision regions and boundaries pro-
duced by (a) existing methods and (b) proposed SEL.

complex patterns from balanced data [1]. However, real-
world data often exhibit long-tailed distributions with heavy
class imbalance, where head classes have a massive number
of samples, while tail classes are associated with only a few
samples [46]. Such data imbalance poses a significant chal-
lenge for developing unbiased automated recognition sys-
tems, as deep learning models tend to be biased towards
head classes and disregard tail classes, which are often the
most important ones in practice [28].

To solve this challenge, a multitude of studies have
been proposed in recent years [46], including re-sampling
[44, 47], logit adjustment [23, 38], data augmentation
[27], classifier design [40], representation learning [22, 52],
class-sensitive learning [13, 28], transfer learning [25, 29],
ensemble learning [8, 39, 48] and decoupled training [17,
18, 41] methods. Despite their differences in principle, they
all enhance the model’s representation capabilities and de-
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velop an optimal classifier with clear decision boundaries to
separate different classes. On the one hand, effective repre-
sentation learning can alleviate the issue of imbalanced data
distribution and create a balanced embedding space; on the
other hand, robust classifiers can improve the recognition
capability of tail classes.

Thanks to recent advances in self-supervised learning
and pre-training, foundational models now learn represen-
tations much more effectively. In the pre-trained era, imbal-
anced data primarily affects the classifier, where sufficient
samples of head classes occupy decision space, while tail
classes suffer from sparse, obscure decision regions. As a
result, the potential of pre-trained foundational models is
not fully released. During the inference stage, while in-
formative representations of tail classes are obtained, they
often differ from those in the training set. This discrep-
ancy erodes the well-defined margins of the classifier [25],
leading to the misclassification of samples from tail classes
as head classes, as shown in Fig. 1(a). Recently, numer-
ous methods have been developed to optimize the classifier.
Representatively, BCL [52] and TSC [28] use Supervised
Contrastive Learning (SCL) to tighten intra-class spaces
and enlarge inter-class margins, significantly improving de-
cision boundaries between classes. Furthermore, MixUp
[45] and its variants [23, 42] are good at generating diversity
samples that are beneficial for improving decision regions
of tail classes. However, their goal of smoothing the de-
cision space increases boundary ambiguity, which hinders
classification since errors often occur at boundaries.

Inspired by evolutionary algorithms like the Optimal
Foraging Algorithm (OFA) [51], we attempt to tackle bi-
ased decision regions and boundaries in long-tailed recog-
nition through a space exploration perspective. To this end,
we propose Supervised Exploratory Learning (SEL), a sim-
ple yet effective framework that seamlessly integrates with
existing methods to enhance their performance. SEL lever-
ages an adaptive OFA operator to synthesize exploratory ex-
amples, compensating for insufficient tail-class data and en-
abling balanced decision regions and boundaries, as shown
in Fig. 1(b). To be specific, SEL is composed of two
modules: Class-biased Complement (CbC) and Fitness-
weighted Sampling (FwS). The former is responsible for
sampling more tail-class samples as target samples to bal-
ance the data distribution, while the latter selects more con-
fident samples from adjacent classes as candidate samples
to facilitate the formation of clear decision boundaries be-
tween classes. Hence, the synthesized exploratory exam-
ples are diverse and informative in representing the dis-
tribution of unseen samples in reality. SEL is a plug-
and-play training framework compatible with existing long-
tailed recognition methods, requiring no backbone modifi-
cations or additional parameters. The main contributions of
this paper are summarized as follows:

• We attempt to address the challenge of long-tailed data
from the perspective of space exploration. An adaptive
OFA operator is employed to synthesize exploratory ex-
amples, which are informative and diverse to represent
the distribution of unseen samples in reality.

• We propose a novel SEL framework that enables existing
long-tailed recognition models to achieve balanced deci-
sion regions and clear decision boundaries, thereby im-
proving their performance without altering network struc-
ture or increasing model parameters.

• Rational analysis proves the effectiveness of SEL in im-
proving the classification of tail classes. Considerable
performance improvements of existing long-tailed recog-
nition methods verify the effectiveness of SEL.

2. Related Work

Data Augmentation (DA) [50] is an effective method in im-
proving model robustness, particularly in scenarios of data
scarcity or imbalance. In this section, we review recent ad-
vances in DA for long-tailed recognition, categorized into
explicit and implicit methods.

2.1. Explicit Data Augmentation
Traditional DA techniques, like flipping, rotating, cropping,
and padding, effectively improve robustness on long-tailed
datasets and mitigate overfitting by creating new image-
label pairs consistent with the training data [9, 34]. More
recently, Population-Based Augmentation [10], AutoAug-
ment [2], and Randaugment [3] have emerged to automati-
cally choose optimal DA strategies according to character-
istics of datasets, which have demonstrated their efficacy in
long-tailed data [4, 21, 33]. Similarly, Wang et al. [37] gen-
erated images for tail classes using encoder variation infor-
mation learned from head classes. Zada et al. [43] utilizes
pure noise images as samples for tail classes.

Although generating new images is an effective data aug-
mentation method, it is time-consuming and computation-
ally expensive. Moreover, the diversity of the generated im-
ages is limited, as they are created through simple transfor-
mations of the original training data.

2.2. Implicit Data Augmentation
Different from explicit DA, implicit DA generates new sam-
ples by interpolating existing samples in the feature space,
which can effectively improve the model’s generalization
ability. Representatively, MixUp [45] introduced complex-
ity control to unexplored regions in the data space by lin-
early interpolating discrete sample points, effectively reduc-
ing the generalization error of the model. Subsequently,
CutMix [42], an extension of MixUp, augmented data by
inserting a patch from one image into another, with labels
blended according to the patch areas. This method can
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transfer context-rich background information from domi-
nant classes to less frequent ones by combining foreground
patches from the latter with background images from the
former [32]. Manifold MixUp [36] further developed this
concept by applying linear interpolation to the features of
input images, which proved to be more effective for long-
tail learning. MetaSAug [26] learns class covariance ma-
trices from a small, balanced validation set to augment tail
classes semantically. Recently, H2T [25] improved diver-
sity by replacing part of the tail class feature map with that
of the head classes.

These findings highlight the superiority of implicit DA
methods in enhancing model generalization on long-tailed
data. Following this line, we propose a novel implicit DA
technique, from the perspective of space exploration, to
augment the diversity of training data, especially for tail
classes, and improve the robustness of the long-tailed recog-
nition model’s performance.

3. Methodology

3.1. Definition
For image classification, {x, y} represents a sample consist-
ing of an image x and its corresponding label y ∈ Y , where
Y = {1, 2, ..., C} is the set of classes. In the long-tailed
scenario, different classes have varying sample sizes. The
imbalance ratio ρ = nmax

nmin
measures the skewness of the data

distribution, where nmax and nmin represent the maximum
and minimum number of training samples across classes.
Typically, training samples for head classes are significantly
greater than those for tail classes.

Existing long-tailed recognition methods usually learn a
complex function mapping from the input space X to the
target space Y . This function is usually implemented as
the composition of an encoder f : X → Z ∈ Rd and a
linear classifier w : Z → Y . Both are crucial for the final
classification accuracy [46].

3.2. Motivation
Firstly, the poor performance of the tail classes is primarily
due to their lack of training samples. A straightforward so-
lution is to increase the number of tail class samples through
methods such as re-sampling [44] or to emphasize their im-
portance through re-weighting [47]. Although these meth-
ods are effective, they do not generate new, diverse samples
for tail classes different from the training data, limiting the
enhancement of generalization. Secondly, MixUp [45] and
its variants [23, 36, 42] are good at generating diverse sam-
ples that are beneficial to improving the decision regions
of the tail classes. However, on the one hand, head-class
samples are more likely to be randomly selected to con-
struct mixed samples, worsening the imbalance of training
data. On the other hand, their goal of smoothing the de-

Figure 2. The differences and relationships among MixUp, OFA
and SEL. MixUp linearly interpolates two random samples (typ-
ically from different classes, such as za and zc) to create a new
sample, while OFA leverages the better individual (zs′ ) to guide
weaker individuals (zs) toward better evolution. Combining their
strengths, SEL gradually expands and reinforces minority decision
regions by synthesizing adjacent exploratory examples.

cision space intensifies the boundary ambiguity, as shown
in Fig. 2(a), where the mixed sample ze may fall into an-
other class’s region. Finally, methods like BCL [52] and
TSC [28] use SCL [19] to tighten intra-class spaces and ex-
pand inter-class margins, significantly improving decision
boundaries but reducing decision region robustness while
increasing false positives risk.

To address these issues simultaneously, we propose to
synthesize exploratory examples to enhance the diversity of
the training data and improve the robustness of the decision
regions and boundaries. As shown in Fig. 2(b), OFA [51] is
good at exploring the sample space by leveraging the better
individual (evaluated by the task-specific fitness function)
to guide weaker ones, promoting more effective evolution
and optimization. Combining the strengths of MixUp and
OFA, SEL views samples of the same class as a population
and expands its decision region by synthesizing exploratory
examples in uncharted spaces, as illustrated in Fig. 2(c).

Note that MixUp is an intuitive and effective enhance-
ment method applied at the input layer [7]. However,
due to varying model structures and input patterns, unify-
ing these methods is challenging. Consequently, most en-
hanced training frameworks [22, 25, 36] operate in the fea-
ture space, as most classification models first derive feature
representations before classifying images. Similarly, SEL
is also operated in the feature space, making it compatible
with various models and methods.

3.3. Supervised Exploratory Learning
SEL is a compatible framework that can be seamlessly in-
tegrated into existing methods. In SEL, an adaptive OFA
operator is employed to synthesize exploratory examples to
supplement and balance the original training samples.

3.3.1. Exploratory Example Synthesization
Inspired by the space exploration process of evolutionary
algorithms, we propose to synthesize exploratory examples
using an adaptive OFA operator. The OFA [51], a meta-
heuristic algorithm introduced in 2017, is characterized by
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its simple structure, strong global search efficiency, and
proven affine invariance [15]. It simulates animals’ forag-
ing behavior, where each individual follows better ones to
explore the environment. In OFA and its variants, the opera-
tor is defined in dimension. Here, we extend its formulation
to a vector operation. Specifically, we treat samples in the
batch as populations, and synthesize exploratory examples
by using the following formula:

ze = zs + r(zs′ − zs) (1)

where zs ∈ Z and zs′ ∈ Z denote the target and candidate
samples, respectively. r ∈ (0, 1) is a coefficient that con-
trols the exploration distance, which is randomly sampled
during model training. Generally, OFA selects the candidate
sample zs′ with higher fitness to guide weaker individuals
(zs) toward better evolution. To adapt OFA to the require-
ment of long-tailed recognition, we introduce two modules,
CbC and FwS, to regulate the selection of target and candi-
date samples, respectively.

3.3.2. Class-biased Complement (CbC)
To alleviate the class imbalance problem, diverse ex-
ploratory examples are synthesized to complement the tail
classes. We first count the number of samples in each class
and then identify the additional samples required (i.e., ex-
ploratory examples) to balance the class distribution. As
illustrated in Fig. 2(c), the target sample’s label is assigned
to the exploratory example, eliminating the decision bound-
ary ambiguity issue present in MixUp. Hence, synthesiz-
ing varying numbers of exploratory examples for different
classes becomes a task of selecting target samples. In prac-
tice, training samples with the target class are allowed to be
selected as the target samples multiple times. Specifically,
for a sample zs in the batch, it will be utilized as the target
sample kc times if it belongs to class c.

kc = Ceil(
nmax − nc

nc
) (2)

where nc denotes the sample number of class c, and nmax

represents the sample size of the largest head class. Ceil(∗)
is the ceiling function.

In this way, the issue of class imbalance is addressed by
synthesizing exploratory examples with different classes,
ensuring that the number of samples in each class is bal-
anced. The key challenges are guaranteeing the diversity
of synthesized exploratory examples and the rationality of
assigned labels, a crucial difference that distinguishes SEL
from MixUp and its variants. As shown in Fig. 3, our solu-
tion is to identify neighboring classes and place exploratory
examples in the regions between the target and adjacent
classes, ensuring rational label assignment.

3.3.3. Neighboring Class Recognition
In MixUp and its variants, the label of the synthesized sam-
ple is determined by linear interpolation of the target and

Figure 3. Synthesize exploratory examples by the adaptive OFA
operator. More exploratory examples are generated for tail classes.

candidate samples. This approach results in label misas-
signment if the synthesized sample falls within the decision
region of another class. To avoid this situation, we propose
selecting candidate samples from neighboring classes, and
placing synthesized samples between the target and adja-
cent class regions. Specifically, for samples in the batch B,
we calculate the center of each class and then determine the
Euclidean distances between the target and the others.

d(c, c′) =∥ 1

|Bc|

|B|∑
zi∈B

zi · Iyi=c −
1

|Bc′ |

|B|∑
zi∈B

zi · Iyi=c′ ∥2

(3)
where Bc and Bc′ are sets of samples belong to class c and
c′ in the batch B, respectively. I∗ is the indicator function,
and ∥ ∗ ∥2 denotes the L2 norm. Therefore, d(c, c′) de-
notes the distance between the centers of class c and class
c′. The nearest k′c classes are chosen as neighboring classes
for class c, from which a neighbor is randomly selected,
such as class c′, and the candidate sample will be picked
from Bc′ based on their fitnesses, as done in OFA.

3.3.4. Fitness-weighted Sampling (FwS)
Following the principle of OFA, the prediction probability
of the correct class is considered the fitness of the sample,
and the sample with higher fitness is selected as the can-
didate sample. To reduce the operation complexity and in-
crease the exploration randomness, we employ probability-
based sampling to select the candidate sample. Specifically,
the sampling probabilities are obtained by:

ps′ = Norm({ŷc
′

i }|B
c′ |

i=1 ) (4)

where c′ represents the selected neighboring class, Bc′ is
the set of samples belong to class c′ in the batch B. ŷc

′

i is
the predicted probability of the i-th sample belonging to its
correct class c′, and Norm(∗) is the normalization function
that ensure the sum of ps′ equals 1.

In this way, for each target sample zs, a candidate
sample zs′ with higher confidence is sampled from the
batch, thereby achieving exploratory examples with diver-
sity. FwS is essential for the validity of SEL, which is why
we use the adaptive OFA operator to synthesize exploratory
examples. The rational analysis is elaborated later.
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3.3.5. Training with SEL Framework
SEL is a plug-and-play training framework that can be
seamlessly integrated into the training process of the origi-
nal model. The optimization objective of SEL is to correctly
classify the exploratory examples, which is equivalent to
maximizing the predicted probability of the correct class.

LSEL = − 1

C

C∑
c=1

(
1

kc

kc∑
i=1

log(ŷci )

)
(5)

where ŷci denotes the predicted probability of the i-th ex-
ploratory example belonging to the c-th class, and kc is the
number of exploratory examples synthesized for class c.

Finally, the overall optimization objective is defined as:

L = (1− λ)LTask + λLSEL (6)

where LTask is the optimization objective of the original
method, and λ is a weighting coefficient that controls the
impact of SEL loss.

3.4. Rationale Analysis
The exploitation process of OFA has proved to be effec-
tive and rational [51]. In this section, we provide a rational
analysis of SEL. For clarity, we denote the weights of the
linear classifier as w = {wc}Cc=1, where C is the number
of classes, and wc ∈ Rd×1 denotes the weights of class c,
d is the feature dimension. For a sample z ∈ Rd×1, the
predicted probability of class c can be expressed as:

ŷc =
ew

T
c z∑C

c′=1 e
wT

c′z
(7)

Hence, ŷc ∝ wT
c z. The classifier attempts to assign a higher

probability to the target class, i.e., ŷc > ŷc
′
, where c and c′

denote the target and other classes, respectively.
Without loss of generality, the selection of the target

sample (zs) and candidate sample (z′s) can be divided into
two cases, as summarized in Tab. 1. We use the subscripts t
(tail) and h (head) to represent their relative relation. Gen-
erally, the first case typically dominates, as the CbC mod-
ule selects more tail-class targets, while the long-tailed dis-
tribution increases the chance of candidate samples being
from head classes. Additionally, since exploratory exam-
ples share labels with targets, the optimization aims to chal-
lenge the model’s bias toward head classes.

For the first case, the goal of ŷte > ŷhe is equivalent to:

wT
t ze−wT

h ze > 0 ⇒
wT

t (zt + r(zh − zt))−wT
h (zt + r(zh − zt)) > 0

(8)

After expanding and transforming the inequality, we have:

wT
t zt − wT

h zt >
r

1− r
(wT

h zh − wT
t zh)

⇒ ŷtt − ŷht >
r

1− r
(ŷhh − ŷth)

(9)

Case zs zs′ ze Goal

1 zt zh zt + r(zh − zt) ŷte > ŷhe

2 zh zt zh + r(zt − zh) ŷhe > ŷte

Table 1. Two types of synthesized exploratory examples.

where ŷhh and ŷth represent probabilities of the candidate
sample (zh) belonging to the head class and tail classes, re-
spectively. The classifier favors head classes (ŷhh − ŷth > 0),
while the FwS module reinforces this by selecting high-
confidence candidates. Therefore, the right item is tend to
be positive, and ŷtt > ŷht is achieved, meaning that optimiz-
ing tail-class exploratory examples effectively improves the
classification accuracy of original tail-class samples.

Similarly, for the second case, the optimization goal of
SEL is to make ŷhe > ŷte, yielding:

ŷhh − ŷth >
r

1− r
(ŷtt − ŷht ) (10)

where ŷtt and ŷht represent probabilities of the candidate
sample (zt) belonging to the tail class and head class, re-
spectively. Although the classifier tends to misclassify tail-
class samples as head classes, the FwS mitigates this by
selecting better candidates, which possess higher probabili-
ties in the correct classes. Hence, optimizing the head-class
exploratory examples does not cause significant damage to
the original head sample.

4. Experiments
4.1. Dataset
CIFAR-10/100-LT [5] are the subsets of CIFAR-10/100
[20]. Both contain 50,000 training images and 10,000 vali-
dation images, each of size 32×32, with 10 and 100 classes,
respectively. The imbalance factors used in the experiment
are set to 100, 50, and 10.
ImageNet-LT [30] is a long-tailed version of ImageNet [6]
by sampling a subset following the Pareto distribution with
power value α = 0.64. It consists of 115.8K images of
1000 classes in total, with 1280 to 5 images per class.
iNaturalist 2018 [12] is a large-scale dataset containing
437.5K images from 8,142 classes. It is long-tailed by na-
ture, with an extremely imbalanced distribution.

4.2. Basic Setting
4.2.1. Compared Methods
To evaluate the effectiveness of our proposed SEL, we in-
tegrated it into several existing methods introduced in re-
cent years, including re-balanced techniques (IB [31], GCL
[23], KPS [24]), contrastive learning (BCL [52]), feature
compression (FCC [22]), and data augmentation strategies

1874



Methods CIFAR-100-LT CIFAR-10-LT

Avenue Imbalance Ratio ρ 100 50 10 100 50 10

-
ResNet-32 [9] 39.96 46.01 56.66 71.96 75.95 85.92

+ MixUp [45] 41.55↑1.59 47.11↑1.10 57.18↑0.52 73.43↑1.47 77.19↑1.24 86.37↑0.45
+ SEL 44.53↑4.57 49.64↑3.85 59.17↑2.51 75.84↑3.88 79.81↑3.86 86.78↑0.86

ICCV 2021 IB [31] 40.50 46.31 56.75 75.11 79.95 88.01
+ SEL 42.34↑1.84 47.95↑1.64 57.57↑0.82 75.04↓0.07 79.81↓0.14 88.13↑0.12

CVPR 2022 BCL [52] 51.76 56.51 67.90 83.61 86.13 90.10
+ SEL 52.30↑0.54 57.25↑0.74 68.43↑0.53 84.44↑0.83 86.31↑0.18 90.26↑0.16

CVPR 2022 GCL [23] 46.50 51.72 61.79 80.56 84.74 89.65
+ SEL 47.89↑1.39 52.74↑1.02 62.41↑0.62 81.86↑1.30 85.13↑0.39 89.78↑0.13

CVPR 2023 FCC+CE [22] 40.20 45.93 57.80 73.80 79.57 87.75
+ SEL 42.33↑2.13 48.05↑2.12 58.75↑0.95 77.88↑4.08 82.10↑2.53 88.80↑1.05

CVPR 2023 GLMC [7] 53.91 58.87 68.07 83.68 86.90 91.16
+ SEL 56.48↑2.57 61.13↑2.26 70.75↑2.68 85.40↑1.72 88.57↑1.67 92.83↑1.67

TPAMI 2023 KPS [24] 41.97 47.92 59.59 82.32 84.29 89.10
+ SEL 44.01↑2.04 47.80↓0.12 60.03↑0.44 83.48↑1.16 84.49↑0.20 89.34↑0.24

AAAI 2024 H2T+CE [25] 42.27 47.58 58.24 79.91 82.80 88.77
+ SEL 42.45↑0.18 47.80↑0.22 58.66↑0.42 80.43↑0.52 82.80↓0.00 88.79↑0.02

Table 2. Comparisons between raw methods and their SEL-enhanced counterparts on CIFAR-LT datasets.

(H2T [25], GLMC [7]). These methods were chosen not
only for their representativeness but also for their publicly
available code and configurations, ensuring ease of repro-
ducibility. Most employ a two-stage training strategy, with
the first stage dedicated to representation learning and the
second to classification. Additionally, we use ResNet mod-
els as baselines to directly compare the performance im-
provements achieved by MixUp and SEL.

4.2.2. Implementation Details
We reproduce the compared methods using their official
codes and configurations, setting the random seed to 2024
for fair comparison. The base ResNet models are config-
ured identically to those in Li et al. [23]. To simplify ap-
plication, we first determine the optimal way to apply SEL
on different datasets by using the base model, i.e., ResNet-
32 for CIFAR-10/100-LT and ResNet-50 for others, then
replace it with corresponding models to assess SEL’s ef-
fectiveness on these models. Specifically, for CIFAR-100-
LT, SEL is applied during the final 20 training epochs. For
other datasets, SEL is applied by further fine-tuning the
classifier for 20 epochs on CIFAR-10-LT and 10 epochs on
ImageNet-LT and iNaturalist 2018. The weight coefficient
λ in Eq. (6) is set to 0.9, with the number of neighboring
classes k′c set to 2, 5, 10, and 50 for CIFAR-10-LT, CIFAR-
100-LT, ImageNet-LT, and iNaturalist 2018, respectively.
Top-1 accuracy serves as the evaluation metric.

4.3. Improvement of Existing Methods

4.3.1. Results on CIFAR-10/100-LT
For CIFAR-10/100-LT, the results with and without SEL are
presented in Tab. 2. Across 48 experiment groups, our pro-
posed SEL significantly improves 44 of them, with an av-
erage increase of 1.37% (4.57% max and 0.02% min). Ex-
tensive experimental results fully verify the effectiveness of
our method on long-tailed recognition, particularly for sce-
narios with high imbalance ratios. Generally, integrating
MixUp into the vanilla ResNet-32 model significantly en-
hances performance, highlighting the effectiveness of data
augmentation. However, our proposed SEL achieves even
greater improvements across all scenarios, and even sur-
passes existing methods. For example, ResNet-32+SEL
outperforms IB on both datasets except for CIFAR-10-LT-
10, and surpasses GCL, KPS, and H2T on CIFAR-100-LT,
though it underperforms on CIFAR-10-LT.

Additionally, SEL significantly enhances the perfor-
mance of existing methods, with particularly pronounced
improvements in high-imbalance scenarios. For example,
SEL is notably effective on KPS at an imbalance ratio of
100 but shows limited impact at other imbalance ratios. In
addition, GLMC+SEL and FCC+SEL significantly outper-
form their original counterparts on both datasets, with aver-
age improvements of 2.10% and 2.14%, respectively. For
the re-balanced methods IB, GCL, and KPS, SEL yields
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Method Many Medium Few All

ResNet-50 63.38 33.74 26.04 44.80
+ Mixup 62.97 35.44 28.58 45.71↑0.91
+ SEL 64.14 38.41 31.27 47.86↑3.06

BCL 65.83 53.16 36.27 55.67
+ SEL 65.45 54.82 36.53 56.27↑0.60

GCL 65.04 52.77 35.69 55.51
+ SEL 65.13 53.94 39.18 56.12↑0.61

FCC+CE 65.52 52.18 33.83 54.68
+ SEL 64.74 54.00 35.66 55.60↑0.92

GLMC 69.42 52.49 30.41 56.17
+ SEL 68.67 54.37 38.28 57.24↑1.07

Table 3. Comparisons on the ImageNet-LT dataset.

Method Many Medium Few All

ResNet-50 74.89 68.24 61.42 65.95
+ Mixup 71.34 69.53 63.88 67.29↑1.34
+ SEL 73.04 70.38 66.74 69.10↑3.15

BCL 73.47 71.99 68.82 70.80
+ SEL 71.99 73.04 69.21 71.32↑0.52

GCL 73.75 72.28 68.34 70.76
+ SEL 72.63 73.58 70.05 72.00↑1.24

FCC+CE 72.78 71.09 67.41 69.70
+ SEL 71.17 72.41 69.55 71.09↑1.39

GLMC 76.04 73.69 71.77 73.14
+ SEL 74.68 75.14 73.66 74.51↑1.37

Table 4. Comparisons on the iNaturalist 2018 dataset.

greater improvements on CIFAR-100-LT than on CIFAR-
10-LT, demonstrating its superiority in scenarios with more
classes. However, SEL is less effective on BCL and H2T.
BCL uses contrastive learning to reinforce balanced deci-
sion regions, aligning with SEL’s objective. The difference
is that SEL further enhances the robustness of decision re-
gions, resulting in additional improvements. H2T is also an
evolutionary algorithm-inspired method that generates di-
verse samples through cross-mutation, following the prin-
ciples of Genetic Algorithm (GA), thus indicating the fun-
damental difference between SEL and H2T stems from the
distinction between OFA and GA. The slight improvement
of H2T+SEL further validates SEL’s effectiveness in gener-
ating diverse samples, aligning with H2T’s principles.

4.3.2. Results on ImageNet-LT and iNaturalist 2018
For ImageNet-LT and iNaturalist 2018, experimental results
are listed in Tab. 3 and Tab. 4, respectively. Following pre-

CbC FwS Top-1 Accuracy

ρ =100 ρ =10

× × 39.96 56.66
× ✓ 40.26↑0.30 56.93↑0.27
✓ × 43.44↑3.48 57.84↑1.18
✓ ✓ 44.53↑4.57 59.17↑2.51

Table 5. Ablations of key modules.

vious works [7, 16], also report accuracy across three class
splits: Many (nc ≥ 100), Medium (20 < nc < 100), and
Few (nc ≤ 20). Overall, SEL outperforms MixUp on both
datasets, and consistently enhances the compared methods,
achieving an average improvement of 1.25% (max 3.06%,
min 0.61%) on ImageNet-LT and 1.53% (max 3.15%, min
0.52%) on iNaturalist 2018. As seen, training with SEL
typically improves the performance of Few classes while
slightly reducing that of Many classes, aligning with the ra-
tionale proved in Sec. 3.4. However, the greater gain in Few
classes outweighs the slight decline in Many classes, lead-
ing to an overall improvement in the All classes.

4.4. Further Analysis
To further analyze the principles of SEL quantitatively,
we conducted a series of ablation studies on the CIFAR-
10/100-LT datasets using ResNet-32 [9] as the base model.

4.4.1. Visualization of Decision Regions
Fig. 4 visualizes the decision regions and boundaries of
different classes using t-SNE [35] across various methods.
These models are trained on the CIFAR-100-LT with an im-
balance ratio of 100 and tested on a balanced test set. For
comparison, we selected four classes from CIFAR-100 test
set for visualization: where apple and aquarium fish are the
head classes with the most training samples, and willow tree
and wolf are the tail classes with the fewest training sam-
ples. The decision boundaries are derived using the SVM
algorithm. From Fig. 4, we can observe that SEL results
in more balanced decision regions for both head and tail
classes, aligning with our motivation.

4.4.2. Role of Key Modules
The CbC and FwS modules are the core components of
SEL. To examine their roles, we conduct ablation experi-
ments on CIFAR-100-LT with imbalance ratios of 100 and
10. Tab. 5 presented the experimental results, showing
that the CbC module significantly enhances the baseline
method, with improvements of 3.48% (39.96% → 43.44%)
and 1.18% (56.66% → 57.84%) for imbalance ratios of 100
and 10, respectively. These results highlight the CbC mod-
ule’s crucial role in balancing data distribution, enabling the
model to learn more effectively from tail classes. However,
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(a) CE (b) MixUp (c) SEL

Figure 4. Visualization of decision regions and boundaries on the CIFAR-100 test set (each class contains 100 test samples), where apple
and aquarium fish are head classes with the most training samples, and willow tree and wolf are tail classes with the fewest training samples.

(a) CIFAR-100-LT (b) CIFAR-10-LT

Figure 5. Changes with different neighboring class numbers.

(a) start epochs (b) weight (λ)

Figure 6. Changes with different parameters.

the FwS module has a minimal impact without the CbC
module, yielding only 0.30% and 0.27% improvements for
imbalance ratios of 100 and 10, respectively. Its effective-
ness is fully realized when combined with the CbC module,
leading to a significant boost in model performance.

4.4.3. Impact of different parameters

In this section, we conduct exploratory experiments on the
impact of the number of neighboring classes (k′c) in the FwS
module. Experimental results are summarized in Fig. 5,
where k′c is varied from 1 to 10 and relative accuracy (values
are adjusted by subtracting their mean) is utilized for com-
parison. As seen, the model performs better with a higher
k′c on CIFAR-100-LT but with a lower k′c on CIFAR-10-
LT. This difference arises from the number of classes, as
CIFAR-100-LT has 100 classes, whereas CIFAR-10-LT has
only 10. Based on these observations, we empirically set
k′c to 5 for CIFAR-100-LT and 2 for CIFAR-10-LT.

4.4.4. When to Start SEL Training
In this section, we explore the optimal starting point for SEL
training to maximize computational efficiency, as its syn-
thesis of additional exploratory examples increases com-
putational costs. Specifically, we integrate SEL into the
training process at different epochs, ranging from 100 to
200, as shown in Fig. 6(a). Here, starting at 200 epochs
indicates a two-stage training mode, where SEL is applied
with an additional 20 epochs after the original training pro-
cess. Similarly, relative accuracy is used as the ordinate
for clearly showing the parameter’s impact. It is obvious
that the model’s performance steadily improves as the SEL
starting point increases, with most datasets peaking at 180
epochs, except for CIFAR-10-LT-100 and CIFAR-10-LT-
10. Therefore, we set the starting point to 180 epochs for
CIFAR-100-LT and 200 epochs for CIFAR-10-LT.

Building on the optimal starting points, we further ex-
amine the impact of parameter λ in Eq. (6). Fig. 6(b) illus-
trates the performance variation with λ ranges from 0.0 to
1.0. Note that λ = 0.0 indicates the absence of SEL, while
λ = 1.0 signifies its full integration. For most datasets, as
λ increases, the model’s performance gradually improves,
peaking at λ = 0.9 before declining. However, for CIFAR-
10-LT-10, the simplest dataset, performance remains rela-
tively stable, with a peak at λ = 0.6.

5. Conclusion

In this paper, we propose SEL, a simple yet effective
training framework that addresses long-tailed challenges
through the space exploration perspective. SEL is a plug-
and-play method that boosts performance without modify-
ing the model or adding parameters. It uses an adaptive
OFA operator to generate exploratory examples that capture
unseen tail-class features, enhancing decision regions and
boundaries. The effectiveness of SEL is validated mathe-
matically through rational analysis and empirically through
experiments on various long-tailed datasets and methods.
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