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Abstract

Visual attribute imbalance is a common yet underexplored
issue in image classification, significantly impacting model
performance and generalization. In this work, we first define
the first-level and second-level attributes of images and then in-
troduce a CLIP-based framework to construct a visual attribute
dictionary, enabling automatic evaluation of image attributes.
By systematically analyzing both single-attribute imbalance
and compositional attribute imbalance, we reveal how the rar-
ity of attributes affects model performance. To tackle these
challenges, we propose adjusting the sampling probability of
samples based on the rarity of their compositional attributes.
This strategy is further integrated with various data augmen-
tation techniques (such as CutMix, Fmix, and SaliencyMix)
to enhance the model’s ability to represent rare attributes. Ex-
tensive experiments on benchmark datasets demonstrate that
our method effectively mitigates attribute imbalance, thereby
improving the robustness and fairness of deep neural networks.
Our research highlights the importance of modeling visual
attribute distributions and provides a scalable solution for
long-tail image classification tasks.

Introduction
Addressing data imbalance in computer vision tasks remains
a core challenge for improving model performance (Zhang
et al. 2021b; Ma et al. 2025). Imbalances in the number of
training samples across classes often lead to biases during the
learning process, making it difficult for deep learning models
to accurately recognize underrepresented classes. To tackle
this issue, researchers have proposed various approaches,
such as class-aware sampling strategies, loss reweighting,
and balanced data augmentation techniques (Tan et al. 2020;
Sinha, Ohashi, and Nakamura 2020; Ren et al. 2020; Ma
et al. 2024b,a; Yin et al. 2019; Liu et al. 2020; Huang et al.
2016; Dong, Gong, and Zhu 2017; Kang et al. 2020). How-
ever, these methods primarily focus on inter-class imbalances,
assuming that achieving balance at the class level suffices
to ensure fairness and efficacy in learning. This assumption,
however, overlooks intra-class attribute imbalances, particu-
larly the problem of compositional attribute imbalance.
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Attribute imbalance refers to the uneven distribution of im-
age attributes (e.g., color, texture, and shape) within a single
class. This imbalance can bias the learned representations of
a model. While limited studies (Tang et al. 2022; Liu et al.
2021b; Li et al. 2024) have qualitatively discussed the chal-
lenges posed by attribute imbalance, no prior research has
systematically quantified or analyzed its prevalence, severity,
and impact on model performance. To address this gap, our
study aims to answer three core questions:

(1) How prevalent is attribute imbalance in commonly used
vision datasets?

(2) What is the impact of attribute imbalance on model per-
formance?

(3) How can attribute imbalance be effectively mitigated?

To automatically assess the degree of attribute imbalance
in image datasets, two key challenges must be addressed:
how to define attributes and how to determine the attributes
corresponding to each image. First, based on previous studies
(Zhong et al. 2021; Zhang et al. 2024), we define 20 primary
attributes (e.g., color) and their corresponding 300+ sec-
ondary attributes (e.g., black, white). Second, leveraging the
CLIP (Radford et al. 2021), we construct a visual attribute dic-
tionary that aligns low-level visual attributes of images with
specific textual descriptions, enabling automated attribute an-
notation for each image. Using this dictionary, we assign the
most suitable secondary attribute from each primary attribute
category to each image, resulting in a total of 20 secondary
attributes per image. We then compute the frequency of all
secondary attributes within each class—the lower the fre-
quency, the higher the scarcity. Based on this, we propose
the concept of Compositional Attribute Scarcity (CAS) to
comprehensively evaluate the overall attribute scarcity of an
individual image. Specifically, for each image, we calculate
the scarcity of its contained secondary attributes and sum
them to obtain its CAS score.

Through experiments on 12 commonly used vision
datasets, we reveal that intra-class attribute imbalance and
compositional attribute imbalance are pervasive. Furthermore,
we systematically analyze how these imbalances affect model
performance. Our experimental results demonstrate a con-
sistent pattern: images with higher CAS tend to have lower
recognition accuracy. This finding underscores the potential
for improving model generalization by addressing attribute

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

7836



Attribute Dictionary

keys values

Aqua

Beige

… …

Chain-Link

The photo is 
{Visual Attributes}

Text
Encoder

Image
Encoder

Text Attribute List

Aqua Chain-Link…

Text embedding

Image embeddings

Select the most similar image 
embedding as the key

Figure 1: The left side shows all primary attributes we defined and their corresponding secondary attributes. The right side illustrates the
process of constructing the visual attribute dictionary based on CLIP.

imbalance, beyond the improvements achievable by resolving
inter-class imbalance alone.

To mitigate attribute imbalance, we propose a novel sam-
pling adjustment strategy for data augmentation. Specifically,
we adjust the sampling probability of each image based on
its compositional attribute scarcity, with rarer images being
sampled more frequently. This adjustment increases the rep-
resentation of rare attributes in augmented datasets, enabling
data augmentation methods to generate more samples em-
phasizing rare attributes (e.g., white dogs). As a result, the
proposed method facilitates better learning of diverse intra-
class attributes. Notably, our method introduces no additional
computational overhead and requires only a simple modifica-
tion of the sampling strategy, making it easily integrated into
existing frameworks. The key contributions of this work are
as follows:

(1) A Visual Attribute Framework: We define a comprehen-
sive visual attribute framework encompassing 20 primary
attributes and over 300 secondary attributes. We also pro-
pose a CLIP-based visual attribute dictionary to auto-
mate the evaluation of attribute imbalance, revealing its
widespread prevalence in general vision datasets.

(2) Impact Analysis of Attribute Imbalance: We reveal the
significant impact of attribute imbalance on model per-
formance. Specifically, images with higher CAS exhibit
lower recognition accuracy, highlighting the necessity and
importance of addressing intra-class attribute imbalance.

(3) We propose a sampling adjustment method based on CAS.
This method, requiring only a custom sampler, integrates
seamlessly with existing data augmentation frameworks.
Experiments on 12 benchmark datasets demonstrate the ef-
fectiveness and generalizability of the proposed approach.

Attribute Imbalance
In this section, we first systematically define the visual at-
tributes of images. Then, we propose using CLIP to construct
a visual attribute dictionary, enabling automatic evaluation of
image attributes. Finally, we reveal the prevalence of attribute
imbalance and compositional attribute imbalance across 12
commonly used visual datasets and analyze their impact on
model performance.

Definition of Visual Attributes
Visual attributes refer to the fundamental characteristics that
constitute an image, such as color, texture, and shape. These

attributes not only define the visual appearance of an image
but also play a critical role in the representation learning
process of deep learning models. In this study, we define
visual attributes based on a comprehensive analysis of prior
research (Zhao et al. 2019; Pham et al. 2021) and practical
insights. These attributes are categorized into 20 primary
attributes (e.g., color, material, shape, size) and over 300
secondary attributes (e.g., “black” and “white” under color).
Figure 1 illustrates all primary and secondary attributes. This
hierarchical design ensures both the comprehensiveness and
granularity of attribute definitions.

Constructing a Visual Attribute Dictionary
To enable the automated evaluation of attribute distributions
in image datasets, we leverage the CLIP model to construct
a visual attribute dictionary on ImageNet-21k. As shown
in Figure 1, we first organize all secondary attributes into
a textual attribute list, such as “The photo is Brown,” and
generate corresponding text embeddings. Next, we calculate
the similarity between each text embedding and the image
embeddings, matching the most similar image embedding to
the respective text attribute. The matched image embeddings
serve as the keys in the visual attribute dictionary, while the
corresponding text attributes serve as the values. To query the
visual attributes of a given image, its embedding is extracted
and compared with the dictionary keys using cosine simi-
larity. The value corresponding to the key with the highest
similarity score is then returned as the predicted attribute for
the image.While CLIP enables both image-text and image-
image matching, we deliberately adopt the image-to-image
retrieval strategy in our dictionary construction. The main
reason is that many secondary attributes, such as colors (e.g.,
“beige”, “brown”) or textures (e.g., “striped”, “metallic”),
are semantically similar in textual form yet visually distinct.
Matching directly via textual prompts (e.g., “The object is
brown”) risks conflating attributes that are linguistically close
but visually divergent. Moreover, prompt-based approaches
often rely on handcrafted sentence templates and suffer from
prompt sensitivity and inconsistency across diverse attributes.

By contrast, constructing a visual dictionary using rep-
resentative image anchors allows us to build a more stable
and interpretable embedding space. These anchors are re-
trieved from ImageNet-21K and provide consistent visual
prototypes for each attribute. This design not only avoids
the ambiguity of natural language prompts but also enhances
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generalizability across datasets.

Single-Attribute Imbalance
At the single-attribute level, the imbalance manifests as cer-
tain attributes (e.g., “black”) dominating a large proportion
of the dataset, while other attributes (e.g., “purple”) are rep-
resented by only a few samples. We conducted a systematic
analysis of 12 commonly used visual datasets, including Im-
ageNet and CIFAR-100. Using the visual attribute dictionary,
we calculated the distribution of different attributes in each
dataset and quantified the degree of attribute imbalance. As
shown in Figure 2, the distribution of secondary attributes un-
der each primary attribute typically exhibits a long-tailed pat-
tern, with a large number of low-frequency attributes having
significantly fewer samples than high-frequency attributes.

To investigate the impact of attribute frequency on model
performance, we first trained standard ResNet-18 and ResNet-
50 models on each dataset. Within each category, for each
primary attribute, we divided the samples into subsets based
on their associated secondary attributes and evaluated the
recognition accuracy of both models on each subset. The
experimental results, shown in Figure 2, reveal that samples
with higher-frequency attributes generally achieve higher
and more stable recognition accuracy. Conversely, samples
with low-frequency attributes do not consistently exhibit
the expected low recognition accuracy. Merely analyzing
single-attribute imbalance is insufficient to explain this phe-
nomenon. We hypothesize that the rarity of one type of sec-
ondary attribute in an image does not necessarily imply the
rarity of other secondary attributes (e.g., a rare color may
coexist with a common shape).

Compositional Attribute Imbalance
In the analysis of single-attribute imbalance, we observed
that samples with high-frequency attributes are more likely
to be correctly identified by the model. However, merely
relying on single-attribute statistics cannot fully explain the
model’s performance on low-frequency attribute samples.
Considering that an image often contains multiple visual
attributes, we further introduce the concept of compositional
attributes to explore the impact of multi-attribute scarcity on
model performance.

Compositional attributes refer to the specific combination
of multiple (20 in this study) primary attributes in an im-
age, such as {Blue, Metallic, Round, . . .} or {Red, Wooden,
Square, . . .}. These combinations not only describe the visual
characteristics of an image but also capture the interrelation-
ships between attributes. However, the free combinations
of attributes are not uniformly distributed in datasets, and
many compositional attributes are extremely scarce in the
training data. Such scarcity may lead to significantly de-
graded model performance on images with these rare com-
positional attributes. We define Compositional Attribute
Scarcity (CAS) as follows:

(1) For each primary attribute, calculate the frequency of its
secondary attributes and rank them in descending order
of frequency.

(2) The scarcity of each secondary attribute is indicated by
the ranked position, the lower the rank, the rarer it is.

(3) The CAS of an image is calculated as the sum of the
scarcity ranks of its 20 secondary attributes.

Figure 3 illustrates the process of calculating the CAS of
an image. We further investigate the impact of compositional
attribute scarcity on model performance across 12 datasets
using ResNet-18 and ResNet-50. Samples were divided into
subsets based on their CAS values, and classification accu-
racy was evaluated for each subset. The experimental results,
shown in Figure 4, reveal the following:

(1) Compositional attribute imbalance is pervasive, with
many attribute combinations represented by only a few
samples in the entire dataset.

(2) As Compositional Attribute Scarcity increases, model
performance gradually deteriorates.

It is evident that samples with high compositional attribute
scarcity are often under-learned. To address this issue, we
propose a simple yet effective solution to mitigate the impact
of compositional attribute imbalance.

Leveraging Compositional Attribute Scarcity to
Guide Data Augmentation

To mitigate the negative impact of compositional attribute
imbalance on model performance, we propose a simple yet
effective solution. The core idea is to adjust the sampling
probability during data augmentation based on a sample’s
Compositional Attribute Scarcity (CAS), thereby increasing
the exposure of rare attribute combinations in the augmented
dataset. This directly addresses the root cause of the per-
formance degradation identified: if high-CAS samples are
under-learned due to their scarcity, the most straightforward
intervention is to make them more likely to be selected as
the ”source” image in augmentation techniques like CutMix,
thus generating new composite samples that inherit and em-
phasize these rare attributes . To amplify the differentiation
among samples of varying scarcity, we apply a power trans-
formation to the CAS scores. In practice, our method can be
implemented by simply customizing the data sampler.

Sampling Strategy Based on CAS
Assume the total number of samples is M , and the compo-
sitional attribute scarcity of sample i is ri. To enhance the
differentiation of scarcity, we apply a power transformation
to ri: r′i = rbi , where b is the power parameter controlling
the degree of nonlinear amplification. When b > 1, the differ-
entiation of high-scarcity samples is significantly increased.
Our empirical studies recommend setting b to 1.2 (see Sec-
tion ). Based on the transformed scarcity r′i, the sampling
probability for each sample is defined as:

pi =
r′i∑M

k=1 r
′
k

.

Our proposed strategy is deliberately designed for simplicity
and practicality. It introduces no additional computational
overhead, requires no modification to the model architecture,
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Figure 2: The distribution of secondary attributes under color categories across 12 visual benchmark datasets, along with the performance of
ResNet-18 and ResNeXt-50 on each secondary attribute. For further details, please refer to the appendix.
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Figure 3: Illustration of the computation process for image omposi-
tional attribute scarcity (CAS).

and can be seamlessly integrated as a plug-and-play module
with a wide range of existing data augmentation frameworks
(e.g., CutMix, FMix, SaliencyMix). This makes our method
highly accessible and easy to deploy in real-world scenarios.

Seamless Integration with Data Augmentation
During training, we first compute the compositional attribute
scarcity and sampling probability for each sample. These

ImageNet-1K +CutMix +Our Method
Mean 124.6 120.4 129.8

Standard Deviation 37.6 36.8 29.3

Table 1: Comparison of sample CAS statistics on ImageNet-1K.
Our method significantly reduces the standard deviation of CAS,
indicating a more balanced and less dispersed distribution of com-
positional attributes.

probabilities are then used to customize the sampler. Subse-
quently, data augmentation techniques (e.g., CutMix, FMix,
SaliencyMix) are applied to preferentially generate more
samples with rare attributes. Algorithm 1 provides the imple-
mentation details using CutMix as an example.

Furthermore, Table 1 compares the level of compositional
attribute imbalance in the dataset before and after applying
our method. The results show that using only standard data
augmentation strategies yields little improvement in reducing
attribute imbalance within the dataset.

Empirical Study
Datasets
To comprehensively evaluate the performance of the pro-
posed method, twelve diverse image classification datasets
were selected. These datasets encompass tasks ranging from
large-scale image classification to fine-grained classification,
which effectively validate the model’s performance across
various scenarios. The ImageNet-1K (Deng et al. 2009)
dataset contains 1.2 million training images and 50, 000 val-
idation images across 1, 000 categories. The CIFAR-100
(Krizhevsky, Hinton et al. 2009) dataset includes 50, 000
training images and 10, 000 test images spanning 100 cat-
egories. The Oxford-IIIT Pet (Parkhi et al. 2012)
dataset comprises 37 pet categories with 7, 349 images.
The Stanford Dogs (Khosla et al. 2011) dataset con-
tains 120 dog breeds with a total of 20, 580 images. The
DTD (Describable Textures Dataset) (Cimpoi
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Figure 4: The long-tailed distribution of sample composite attribute sparsity across certain categories in 12 visual benchmark datasets, along
with the performance of ResNet-18 and ResNeXt-50 across different compositional attribute scarcity (CAS) intervals. The horizontal axis
represents 10 evenly divided intervals based on different CAS values, increasing from left to right. The left vertical axis indicates the average
compositional attribute scarcity of all samples within each interval.

et al. 2014) includes 47 texture categories with 5, 640 im-
ages. The Oxford-102 Flower (Nilsback and Zisser-
man 2008) dataset contains 102 flower categories with
8, 189 images. The Food-101 (Bossard, Guillaumin, and
Van Gool 2014) dataset covers 101 food categories with a
total of 101, 000 images. The Stanford Cars (Krause
et al. 2013) dataset includes 196 car categories with 16, 185
images. The FGVC-Aircraft (Maji et al. 2013) dataset
contains 100 aircraft categories with 10, 000 images. The
SUN397 (Xiao et al. 2010) dataset features 397 scene cat-
egories with 108, 754 images. The DeepFashion (Liu
et al. 2016) dataset consists of 50 clothing categories with
50, 000 images. Finally, the CUB200-2011 (Wah et al.
2011) dataset includes 200 bird species categories with
11, 788 images. Through comprehensive testing across these
datasets, we can thoroughly assess the model’s performance
in a variety of tasks and environments.

Implementation Details

In this experiment, we employed ResNet-18 and
ResNeXt-50 as the baseline models and configured the hy-
perparameter α for different data augmentation methods (Qin
et al. 2024). Specifically, α was set to 0.2 for CutMix, FMix,
and SaliencyMix, and the mixed hyperparameters were gener-
ated by sampling from a Beta(α, α) distribution at each train-
ing iteration. The batch size for all models was set to 64, and
the initial learning rate was 0.1, with cosine annealing
used as the learning rate scheduling strategy (Qin et al. 2024;
Islam et al. 2024).

Evaluation Metrics
To comprehensively evaluate the performance of the proposed
method, in addition to testing overall classification accuracy
(Qin et al. 2024), we also introduce a sample partitioning
strategy based on compositional attribute scarcity (CAS) to
further investigate the model’s performance at different CAS
levels. We first calculate the CAS for all samples and rank
them. Samples with higher CAS correspond to rarer visual
features, thus posing greater challenges to the model’s dis-
criminative ability. Based on the CAS value of each sample,
we divide the test set into three subsets:

• High subset: Contains the top 40% of samples with the
highest CAS values, representing the most challenging
samples due to their rare visual features.

• Middle subset: Includes the next 30% of samples, with
moderate CAS values, representing samples with less rare
visual features compared to the first subset.

• Low subset: Consists of the remaining 30% of samples
with the lowest CAS values, representing the easiest sam-
ples with more common visual features.

For each subset, we calculate and test the classification ac-
curacy of the model before and after the improvements. This
sparsity-based subset division allows us to more precisely
analyze the model’s performance under varying informa-
tion conditions, particularly in terms of classification ability
between low sparsity (information-rich) and high sparsity
(information-scarce) samples, as well as the differences in
model enhancement. Through this method, we can effectively
assess the model’s robustness and generalization when faced
with samples of varying information density.
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CIFAR-100

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 68.31 49.65 43.05 54.57 71.54 51.73 44.62 58.07
CutMix+weight 68.96 50.32 43.94 55.28 71.85 52.36 45.6 58.52

∆ +0.65 +0.67 +0.89 +0.71 +0.31 +0.63 +0.98 +0.45
FMix 64.15 52.36 33.58 51.30 69.44 43.25 38.45 52.98

FMix+weight 66.73 56.63 39.38 52.85 73.69 45.59 42.30 55.74
∆ +2.58 +4.27 +5.80 +1.55 +4.25 +2.34 +3.85 +2.76

SaliencyMix 79.24 64.28 41.73 57.25 72.65 70.28 43.26 59.65
SaliencyMix+weight 79.56 65.86 44.15 57.88 73.41 71.21 45.02 59.94

∆ +0.32 +1.58 +2.42 +0.63 +0.76 +0.93 +1.76 +0.29

(a) CIFAR-100

Imagenet-1k

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 68.24 47.26 21.68 48.36 76.30 71.14 30.25 49.78
CutMix+weight 68.41 48.22 23.26 49.04 77.28 72.21 33.79 50.96

∆ +0.17 +0.96 +1.58 +0.68 +0.98 +1.07 +3.54 +1.18
FMix 58.72 49.36 38.25 47.26 62.95 56.31 41.36 49.78

FMix+weight 59.07 50.83 40.00 48.31 63.59 58.18 43.97 51.36
∆ +0.35 +1.47 +1.75 +1.05 +0.64 +1.87 +2.61 +1.58

SaliencyMix 61.54 46.57 40.38 47.10 58.32 49.62 43.28 47.35
SaliencyMix+weight 63.22 48.55 42.36 49.78 61.00 52.68 48.17 50.42

∆ +1.68 +1.98 +2.92 +2.68 +2.68 +3.06 +4.89 +3.07

(b) Imagenet-1k
DTD

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 95.36 91.74 85.55 91.63 95.22 94.36 86.32 99.61
CutMix+weight 95.79 92.33 88.43 93.01 95.98 95.05 87.80 99.98

∆ +0.43 +0.59 +2.88 +1.38 +0.17 +0.69 +1.51 +0.37
FMix 93.66 86.20 79.65 88.61 94.62 86.31 70.89 99.56

FMix+weight 95.58 87.89 81.02 88.76 95.38 87.99 72.83 99.65
∆ +1.92 +1.69 +1.37 +0.15 +0.76 +1.68 +1.94 0.09

SaliencyMix 92.99 81.45 69.02 89.33 91.36 79.26 65.35 98.14
SaliencyMix+weight 93.45 82.99 70.67 90.65 91.68 80.04 69.03 99.99

∆ +0.46 +1.54 +1.65 +1.32 +0.32 +0.78 +3.68 +1.85

(c) DTD

FGVC-Aircraft

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 80.77 71.36 60.98 76.25 89.31 79.36 61.28 86.47
CutMix+weight 81.46 73.24 63.60 77.29 89.42 80.59 63.13 87.43

∆ +0.69 +1.88 +2.62 +1.04 +0.11 +1.23 +1.85 +0.96
FMix 81.33 71.02 69.35 74.25 89.36 78.86 70.25 82.72

FMix+weight 82.55 73.38 72.05 75.89 89.61 80.54 73.19 84.58
∆ +1.22 +2.36 +2.70 +1.64 +0.25 +1.68 +2.94 +1.86

SaliencyMix 85.56 78.89 68.36 72.32 91.36 81.22 79.69 85.21
SaliencyMix+weight 85.87 79.87 70.33 72.87 92.02 82.56 81.21 85.48

∆ +0.31 +0.98 +1.97 +0.64 +0.66 +1.34 +1.52 +0.27

(d) FGVC-Aircraft
CUB200-2011

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 90.86 91.68 86.35 92.36 98.35 89.63 75.36 94.31
CutMix+weight 91.16 92.66 87.93 93.32 99.69 92.31 78.34 95.83

∆ +0.33 +0.98 +1.58 +0.96 +1.34 +2.68 +2.98 +1.52
FMix 92.88 89.36 90.58 90.32 91.31 89.56 86.77 96.79

FMix+weight 93.43 89.68 92.26 91.00 91.64 90.92 86.96 96.97
∆ +0.55 +0.32 +1.68 +0.68 +0.33 +1.36 +1.25 +0.18

SaliencyMix 90.05 91.02 89.25 93.68 92.86 95.44 89.65 96.59
SaliencyMix+weight 90.70 91.68 90.50 94.00 93.08 95.89 90.67 97.05

∆ +0.65 +0.66 +1.25 +0.32 +0.22 +0.45 +1.02 +0.46

(e) CUB200-2011

Oxford IIIT Pet

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 95.02 89.95 83.36 85.58 93.25 89.95 82.63 87.76
CutMix+weight 95.70 91.88 84.98 86.44 93.37 90.27 84.31 88.28

∆ +0.68 +1.93 +1.62 +0.86 +0.12 +0.32 +1.68 +0.48
FMix 92.25 91.58 81.16 84.45 93.03 91.12 84.50 85.68

FMix+weight 93.93 92.04 83.15 85.43 93.54 92.74 86.38 86.94
∆ +1.68 +0.54 +1.99 +0.98 +0.51 +1.62 +1.88 +1.26

SaliencyMix 90.04 91.12 86.65 88.32 94.60 89.99 87.75 88.53
SaliencyMix+weight 91.66 93.01 88.68 89.52 95.14 90.65 88.99 89.92

∆ +1.62 +1.89 +2.03 +1.20 +0.54 +0.66 +1.24 +1.39

(f) Oxford IIIT Pet
Stanford Dogs

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 74.43 69.98 62.24 68.00 85.53 71.15 62.25 69.14
CutMix+weight 77.11 74.93 65.89 71.37 89.78 77.48 69.50 74.57

∆ +2.68 +4.95 +3.65 +3.37 +4.25 +6.33 +7.25 +5.43
FMix 69.94 71.15 60.35 61.54 81.16 72.25 68.87 74.30

FMix+weight 71.56 74.93 64.37 64.2 84.39 78.07 74.13 79.13
∆ +1.62 +3.78 +4.02 +2.66 +3.23 +5.82 +5.26 +4.83

SaliencyMix 75.56 68.89 60.04 66.24 81.15 74.65 70.05 72.42
SaliencyMix+weight 77.90 72.22 66.68 71.5 82.80 76.47 72.21 74.27

∆ +2.34 +3.33 +6.64 +5.26 +1.65 +1.82 +2.16 +1.85

(g) Stanford Dogs

Food-101

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 86.66 90.05 81.16 84.25 92.25 89.99 91.16 87.76
CutMix+weight 87.61 91.93 82.92 85.57 92.93 90.65 94.57 89.75

∆ +0.95 +1.88 +1.76 +1.32 +0.68 +0.66 +3.41 +1.99
FMix 90.02 89.95 76.65 81.66 91.17 84.45 80.00 87.85

FMix+weight 91.70 90.20 78.19 82.01 92.13 85.79 81.66 88.12
∆ +1.68 +0.25 +1.54 +0.35 +0.96 +1.34 +1.66 +0.27

SaliencyMix 92.22 91.14 89.95 85.54 96.65 91.99 88.82 87.75
SaliencyMix+weight 93.07 92.39 91.12 86.17 97.40 93.61 90.58 89.75

∆ +0.85 +1.25 +1.47 +0.63 +0.75 +1.62 +1.76 +1.02

(h) Food-101
Stanford Cars

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 84.89 81.36 80.02 82.49 93.33 91.47 82.24 92.77
CutMix+weight 90.25 89.6 86.68 89.57 94.01 92.72 83.99 93.86

∆ +5.36 +8.24 +6.66 +7.08 +0.68 +1.25 +1.75 +1.09
FMix 81.14 82.25 70.02 75.72 92.26 91.14 89.92 90.79

FMix+weight 85.99 88.02 76.91 86.51 92.91 92.34 91.57 92.12
∆ +4.85 +5.77 +6.89 +10.79 +0.65 +1.20 +1.65 +1.33

SaliencyMix 92.13 89.99 84.45 87.39 93.36 91.12 84.45 92.08
SaliencyMix+weight 95.37 97.55 91.33 93.93 94.33 92.81 86.33 92.96

∆ +3.24 +7.56 +6.88 +6.54 +0.97 +1.69 +1.88 +0.88

(i) Stanford Cars

Deep Fashion

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 89.94 91.14 84.46 87.19 93.33 91.25 88.86 89.55
CutMix+weight 92.81 96.09 88.81 90.73 94.79 92.82 91.54 92.29

∆ +2.87 +4.95 +4.35 +3.54 +1.46 +1.57 +2.68 +1.74
FMix 94.44 93.36 81.23 87.37 92.28 91.14 87.76 88.95

FMix+weight 94.80 94.8 84.10 82.74 93.17 92.48 89.34 89.62
∆ +0.36 +1.44 +2.87 +1.54 +0.89 +1.34 +1.58 +0.67

SaliencyMix 93.20 90.02 86.63 87.24 90.03 91.15 86.65 90.53
SaliencyMix+weight 96.88 92.06 88.85 89.81 90.67 92.46 87.85 91.85

∆ +3.68 +2.04 +2.22 +2.57 +0.64 +1.31 +1.20 +1.32

(j) Deep Fashion
SUN397

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 78.85 73.36 68.95 70.31 79.98 78.89 71.62 76.35
CutMix+weight 81.53 76.92 71.26 73.31 81.20 77.21 73.58 77.83

∆ +2.68 +3.56 +2.31 +3.00 +1.22 +0.86 +1.96 +1.48
FMix 63.34 59.98 61.04 60.03 73.36 69.94 65.58 67.76

FMix+weight 65.29 62.34 63.74 62.42 74.02 71.15 67.26 68.63
∆ +1.95 +2.36 +2.70 +2.39 +0.66 +1.21 +1.68 +0.87

SaliencyMix 63.33 64.45 58.85 60.91 69.99 68.85 60.02 61.99
SaliencyMix+weight 65.37 66.13 62.71 64.35 70.32 70.11 61.13 63.33

∆ +2.04 +1.68 +3.86 +3.44 +0.33 +1.26 +1.11 +1.34

(k) SUN397

Oxford-102 Flower

Method ResNet18 ResNeXt50
low middle high all low middle high all

CutMix 93.22 94.41 91.15 93.89 96.63 95.53 90.24 97.68
CutMix+weight 95.91 99.40 96.51 98.88 97.25 96.77 92.92 99.33

∆ +2.69 +4.99 +5.36 +4.99 +0.62 +1.24 +2.68 +1.65
FMix 93.33 92.25 86.62 90.00 94.43 95.56 91.12 94.62

FMix+weight 95.49 97.2 90.30 93.21 97.42 99.04 95.78 99.51
∆ +2.16 +4.95 +3.68 +3.21 +2.99 +3.48 +4.66 +3.44

SaliencyMix 93.34 90.06 89.95 91.14 90.01 93.32 89.95 94.62
SaliencyMix+weight 96.98 90.22 91.63 93.15 93.99 98.98 95.61 99.63

∆ +3.64 +0.16 +1.68 +2.01 +3.98 +5.66 +5.31 +5.01

(l) Oxford-102 Flower

Table 2: Evaluation results on 12 visual benchmark datasets. The overall performance improvement of CutMix, FMix, and SaliencyMix using
our method is reported. Additionally, the performance of our method on three different CAS-based subsets is presented.
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Algorithm 1: Enhancing CutMix with CAS

1: Input: DatasetD = {(xi, yi)}Ni=1, rarity scores {ri}Ni=1,
CutMix parameter α > 0, scaling factor β > 0, training
epochs T

2: Output: Trained modelM
3: // Step 1: Compute Sampling Weights
4: for each ri in {r1, r2, . . . , rN} do
5: wi ← rβi
6: end for
7: Define weight vector w = {w1, w2, . . . , wN}
8: // Step 2: Initialize Weighted Sampler
9: Initialize sampler S using w

10: // Step 3: Training with CutMix
11: for t = 1 to T do
12: Sample batch B from D using sampler S
13: for each pair (xi, yi) and (xj , yj) in B do
14: Sample λ ∼ Beta(α, α)
15: Compute CutMix bounding box B
16: Generate binary mask M based on B
17: xmix ← xi ·M + xj · (1−M)
18: ymix ← λyi + (1− λ)yj
19: end for
20: Perform forward and backward propagation on mixed

samples
21: Update modelM
22: end for
23: return Trained modelM

Figure 5: Performance of ResNeXt-50 with our method combined
with CutMix, Fmix, and SaliencyMix under different values of b.

Selection of Hyperparameter b

The power parameter b of scarcity augmentation controls the
nonlinear amplification of the compositional attribute scarcity.
We explored the optimal value of b by setting it within the
range of 0.5 to 1.5 on CIFAR-100 and ImageNet. As
shown in Figure 5, when b = 1.2, our method achieves the
highest performance gains for CutMix, FMix, and Salien-
cyMix. Therefore, we set b = 1.2 for main experiments.

Main Results
Table 2 shows the classification results of the model before
and after improvements across different datasets. We ob-
served that on all datasets, the performance improved af-
ter applying our method, demonstrating the effectiveness
of our approach in mitigating attribute imbalance. Impres-
sively, with just our sampling strategy, on ImageNet-1k
using ResNeXt-50 as the backbone network, our method

improved the overall performance of CutMix, FMix, and
SaliencyMix by 1.18%, 1.58%, and 3.07%, respectively. This
highlights the necessity of addressing the combined attribute
imbalance issue in general-purpose vision datasets.

In fine-grained classification tasks (e.g., Stanford
Dogs, Stanford Cars, and Oxford-102
Flower), the performance improvement was most
pronounced. Specifically, on Stanford Dogs, using
ResNeXt-50 as the backbone network, our method improved
the overall performance of CutMix, FMix, and SaliencyMix
by 5.43%, 4.83%, and 1.85%, respectively. On Stanford
Cars, using ResNet-18 as the backbone network, our
method achieved performance gains of 7.08%, 10.79%, and
6.54% for CutMix, FMix, and SaliencyMix, respectively.
On Oxford-102 Flower, using ResNet-18 as the
backbone network, our method improved the overall
performance of CutMix, FMix, and SaliencyMix by 4.99%,
3.21%, and 2.01%, respectively.

Impact on Rare Samples
To further analyze the effectiveness of our method across
different sparsity levels, we divided the test set into three
subsets: high sparsity, medium sparsity, and low sparsity,
and evaluated the classification accuracy for each subset. As
shown in Table 2, standard data augmentation methods per-
form poorly on high-sparsity samples, leading to a significant
performance gap between low-sparsity and high-sparsity sam-
ples. However, after applying our sparsity-based sampling
strategy, we observed a notable improvement in classification
accuracy for high-sparsity samples, effectively reducing the
performance gap between low- and high-sparsity samples.

For instance, on ImageNet-1k, using ResNeXt-50 as
the backbone network, our method improved the performance
of CutMix, FMix, and SaliencyMix on the high-sparsity sub-
set by 3.54%, 2.61%, and 4.89%, respectively. On the fine-
grained image dataset Stanford Dogs, with ResNet-18
as the backbone, our method enhanced the performance of
CutMix, FMix, and SaliencyMix on the high-sparsity sub-
set by 3.65%, 4.02%, and 6.64%, respectively. Similarly, on
Stanford Cars, our method boosted the performance of
CutMix, FMix, and SaliencyMix on the high-sparsity sub-
set by 6.66%, 6.89%, and 6.88%, respectively. These results
demonstrate that sparsity-guided data augmentation effec-
tively improves the model’s ability to represent sparse at-
tributes. In summary, our experimental results validate the
effectiveness of the sparsity-guided data augmentation ap-
proach across multiple datasets and augmentation techniques.
This method not only enhances overall classification perfor-
mance but also significantly improves the model’s perfor-
mance on sparse attribute samples, providing an effective
solution to address attribute imbalance issues in real-world
applications.

Evaluation under Stronger Vision Backbones
To further examine the impact of Combinatorial Attribute
Scarcity (CAS) and the generalizability of our sampling strat-
egy, we extend our experiments to a stronger vision back-
bone — DINOv2. This aims to verify whether the CAS
problem still exists under improved feature representations,
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and whether our sampling method remains effective under
high-capacity models. We evaluate on three representative
datasets: DTD, Food101, and Oxford-102 Flowers. For each,
we apply two widely used augmentation methods: CutMix
and SaliencyMix. Table 3 reports performance gains (Overall
and High) for CLIP and DINOv2 backbones.

Dataset Augmentation Base Model ∆ Overall (%) ∆ High (%)

DTD

CutMix CLIP +1.38 +2.88
DINOv2 +0.97 +1.84

SaliencyMix CLIP +1.32 +1.65
DINOv2 +1.03 +1.21

Food101

CutMix CLIP +1.32 +1.76
DINOv2 +0.88 +1.22

SaliencyMix CLIP +0.63 +1.47
DINOv2 +0.59 +1.00

Oxford-102

CutMix CLIP +4.99 +5.36
DINOv2 +3.42 +4.21

SaliencyMix CLIP +2.01 +1.68
DINOv2 +1.95 +0.87

Table 3: Consistent Gains from CAS-Aware Sampling on Stronger
DINOv2 Backbones.

Although DINOv2 improves overall accuracy, the High-
scarcity region still lags significantly, validating the persis-
tence of CAS. Our sampling strategy consistently improves
performance, showing robustness across architectures. In-
terestingly, CLIP benefits slightly more, likely due to its
superior semantic alignment, especially for fine-grained or
attribute-heavy datasets like DTD and Flowers102. These re-
sults affirm the generalizability of our CAS-aware sampling
method, even under stronger vision backbones.

Conclusion
In this work, we explore the impact of visual attribute imbal-
ance on image classification and propose a sampling strat-
egy based on compositional attribute scarcity (CAS) to im-
prove model performance on rare attributes. By integrating
CAS-based sampling with data augmentation techniques,
our method effectively enhances the representation of un-
derrepresented attributes. Extensive experiments on twelve
benchmark datasets validate its effectiveness in improving
both robustness and fairness. Our findings emphasize the
importance of attribute-aware learning and provide insights
for future research on long-tailed and imbalanced learning.
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Related Work
Long-tailed image recognition
In practice, the dataset usually tends to follow a long-tailed
distribution, which leads to models with very large variances
in performance on each class. It should be noted that most
researchers default to the main motivation for long-tail visual
recognition is that classes with few samples are always weak
classes. Therefore, numerous methods have been proposed to
improve the performance of the model on tail classes. (Zhang
et al. 2021b) divides these methods into three fields, namely
class rebalancing (Sinha, Ohashi, and Nakamura 2022; Cui
et al. 2019; Lin et al. 2017; Elkan 2001; Zhou and Liu 2005;
Zhao et al. 2018; Ye et al. 2020; Chawla et al. 2002; Wang
et al. 2020a; Estabrooks, Jo, and Japkowicz 2004; Zhang and
Pfister 2021; Zhong et al. 2021), information augmentation
(Ma et al. 2024b,a; Chu et al. 2020; Liu et al. 2021a; Park
et al. 2022; Cui et al. 2018; Yang and Xu 2020; Hu et al.
2020; Zang, Huang, and Loy 2021), and module improve-
ment (Cui et al. 2021; Ouyang et al. 2016; Zhou et al. 2020;
Wang et al. 2020a; Cai, Wang, and Hwang 2021; Wang et al.
2020b; Zhang et al. 2021a). Unlike the above, (Sinha, Ohashi,
and Nakamura 2022) and (Ma et al. 2023) observe that the
number of samples in the class does not exactly show a posi-
tive correlation with the accuracy, and the accuracy of some
tail classes is even higher than the accuracy of the head class.
Therefore, they propose to use other measures to gauge the
learning difficulty of the classes rather than relying on the
sample number alone.

Discussion on Intra-Class Imbalance
The fundamental goal of exploring intra-class imbalance
is to identify factors that cause differences in recognition
performance among samples within the same class, thereby
enabling targeted model improvements. (Liu et al. 2021b)
attempted to define an imbalanced distribution of learning
difficulty within a class, where learning difficulty is deter-
mined by the model’s prediction confidence. However, pre-
diction confidence varies across different models, leading to
inconsistent quantification of learning difficulty, which lacks
reproducibility, transparency, and interpretability. (Tang et al.
2022) proposed investigating the long-tail distribution of at-
tributes within a class but only provided qualitative analyses
of how attribute imbalance might negatively affect model
performance.

In practical applications, (Doonan et al. 2025) addressed
the imbalanced distribution of plant traits in wheat recogni-
tion by applying weighted point cloud sampling to increase
the proportion of rare plant traits. Similarly, (Yang et al. 2024)
focused on generating data for specific defect types in in-
dustrial defect detection to balance subclass distributions,
effectively improving defect detection accuracy. (Zhou et al.
2023) explored the relationship between noise interference
and camera angle imbalance with segmentation performance
in medical image segmentation tasks. However, these studies
are limited to specific domains and lack generalizability.

To date, no research has systematically defined general
visual attributes, thoroughly investigated the prevalence of
attribute imbalance, or examined whether its negative impact
on models warrants widespread attention from researchers.
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