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Abstract—Real-world visual recognition is frequently chal-
lenged by long-tailed distributions, where the scarcity of tail-class
samples severely degrades model performance. While classical
approaches like re-balancing and Logit Adjustment (LA) mitigate
prediction bias, they fail to fundamentally address the infor-
mation deficiency inherent in tail classes. Data synthesis offers
a solution but often suffers from blind ropping (e.g., standard
CutMix) or reliance on external pre-trained segmentation models.
To bridge this gap, we propose Dual-Prior Mix (DP-Mix), a novel
data augmentation strategy that synthesizes diverse tail samples
by transplanting precise tail foregrounds onto rich head-class
backgrounds. Specifically, we leverage two intrinsic image priors:
a Texture Prior for structural integrity and a Semantic Prior
for class-discriminative localization. Central to our method is
the Uncertainty-Gated Selection mechanism, which dynamically
switches between these priors based on mask entropy. This
ensures high-quality object extraction throughout the training
process—from the ‘“cold start” phase to convergence—without
requiring any pre-trained models. Extensive experiments on
CIFAR-10/100-LT and ImageNet-LT demonstrate that DP-Mix
not only achieves competitive performance but also consistently
enhances the efficacy of existing mixing-based strategies.

Index Terms—Long-Tailed Recognition, Data Augmentation,
Sample Synthesis, Few-Shot Learning

I. INTRODUCTION

The unprecedented success of deep learning in visual
recognition is largely attributed to the availability of mas-
sive, manually annotated datasets. However, while academic
benchmarks typically exhibit a balanced class distribution,
real-world data inevitably follows a long-tailed distribution.
In such scenarios, a small portion of head classes dominates
the sample count, while the vast majority of tail classes are
severely under-represented. This extreme imbalance poses a
fundamental challenge: standard training paradigms tend to be
biased toward head classes, resulting in poor generalization on
the tail.

To mitigate this bias, extensive research has been devoted
to class re-balancing. Classical strategies, such as Loss Re-
weighting and Logit Adjustment [1], [2], attempt to calibrate
the model by adjusting the contribution of tail samples.
However, these methods often incur a significant performance
trade-off, sacrificing head-class accuracy to improve the tail.
More recently, ensemble-based methods [3], [4] have achieved
state-of-the-art results by training multiple expert networks
for different segments of the distribution. Despite their ef-
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Fig. 1. Visual comparison of different data synthesis strategies. As observed
in the first two columns, existing methods like CutMix and CMO rely on
blind, box-level cropping. In contrast, our proposed DP-Mix performs precise,
content-aware extraction.

fectiveness, these approaches typically require complex multi-
branch architectures or multi-stage training pipelines, which
significantly increases computational overhead and limits their
flexibility in standard deployment scenarios.

To enrich tail-class samples, traditional re-sampling meth-
ods typically oversample minority classes. However, this
straightforward approach risks overfitting to scarce tail sam-
ples by introducing massive redundancy. Consequently, data
augmentation has emerged as a promising alternative to enrich
the tail-class feature space. Notably, CutMix [5] synthesizes
training samples by cutting a random image patch and past-
ing it onto another image. Building on this, Context-Rich
Minority Oversampling (CMO) [6] tailors CutMix for long-
tailed scenarios by sampling foreground sources from the tail
(based on inverse class frequency) and background sources
from the head (following the original distribution) to transfer
contextual diversity. However, both methods suffer from a
critical limitation: the lack of object localization. Relying
on blind, box-level cropping, they frequently fail to capture
the discriminative foreground of tail objects or, conversely,
introduce irrelevant background noise, as shown in the first
two columns in Fig. 1. This issue is particularly detrimental



in long-tailed settings, where tail samples are already scarce;
obscuring valuable instances with misleading background
patches severely hinders the model’s ability to learn robust
class boundaries. To overcome this, we propose Dual-Prior
Mix (DP-Mix), a precision-driven synthesis strategy that lever-
ages intrinsic texture and semantic priors to precisely extract
object foregrounds, as illustrated in the third column of Fig. 1.
Crucially, we introduce an Uncertainty-Gated Selection mech-
anism to dynamically adapt to the model’s evolving capability.
By evaluating the entropy of the model’s activation maps, this
mechanism dynamically arbitrates between structural texture
cues and high-level semantics, ensuring high-fidelity sample
synthesis across the entire training process without relying on
external segmentation models.

To summarize, our main contributions are as follows:

o Dual-Prior Collaboration for Data Synthesis: We pro-
pose DP-Mix, an augmentation framework that integrates
intrinsic Texture Priors (low-level structure) and Semantic
Priors (high-level class activation). Unlike previous meth-
ods that rely on blind cropping or external pre-trained
segmentation models, DP-Mix effectively solves the
“cold-start” localization problem. By utilizing gradient-
based texture cues as a proxy for localization during early
training stages, we ensure precise foreground extraction
even when the model lacks semantic discrimination.

o Uncertainty-Gated Selection Mechanism: We devise
a dynamic, self-regulating Uncertainty-Gated Selection
strategy. By quantifying the spatial entropy of the model’s
activation maps, this mechanism acts as an adaptive ar-
biter that monitors the reliability of the semantic branch.
It automatically switches from the texture prior to the re-
fined semantic prior only when the model becomes “con-
fident,” ensuring high-fidelity mask generation throughout
the entire training process.

« Extensive Empirical Validation: We conduct exten-
sive experiments on standard long-tailed benchmarks,
including CIFAR-10-LT, CIFAR-100-LT, and ImageNet-
LT. The results demonstrate that DP-Mix serves as a
generic, cost-effective plugin that effectively enhances the
performance and robustness of existing methods utilizing
mixing-based strategies.

II. RELATED WORK
A. Long-Tailed Recognition

Current solutions for long-tailed recognition primarily focus
on mitigating the prediction bias towards head classes. A
prevalent strategy is class re-balancing, which aims to adjust
the training distribution or the objective function. While resam-
pling methods balance the dataset by modifying sample counts,
they frequently induce overfitting to redundant tail samples
or risk discarding valuable head-class information. To avoid
discarding data, reweighting methods assign higher importance
to minority classes in the loss calculation. Early works adopted
inverse class frequency weighting, while subsequent studies
introduced more sophisticated metrics. For instance, the Class-
Balanced Loss [7] leverages the effective number of samples,

and LDAM [8] encourages larger margins for tail classes
to improve generalization. At the instance level, Focal Loss
[9] and Influence-Balanced Loss [10] dynamically re-weight
samples based on their training difficulty.

Beyond simple re-balancing, advanced paradigms like de-
coupling representation from classifier training [11], [12]
demonstrate that high-quality features are learnable from im-
balanced data. Building on this, ensemble methods like RIDE
[3] and MDCS [4] use multi-branch networks to capture
diverse features. Although these strategies effectively calibrate
the decision boundary, they still rely on fixed, information-
scarce tail samples. Addressing this inherent information de-
ficiency necessitates data augmentation to synthesize new,
diverse training examples.

B. Data Augmentation and Mixing Strategies

Data augmentation serves as a fundamental tool to enrich
the training set and improve generalization. While conven-
tional geometric transformations like flipping and cropping
are standard, modern approaches have shifted towards mixed
sample synthesis. Techniques like Mixup [13] and CutMix
[5] generate synthetic samples by interpolating images and
labels. CutMix, which replaces a random patch of an image
with one from another, has proven particularly effective for
convolutional networks.

In the context of long-tailed learning, standard CutMix may
inadvertently suppress tail classes if not carefully managed.
To address this, Context-Rich Minority Oversampling (CMO)
[6] adapts CutMix by sampling foregrounds from tail classes
and backgrounds from head classes, thereby transferring rich
contexts to the minority. However, a critical limitation re-
mains in these mixing strategies. Methods like CMO rely on
stochastic region selection, which risks cutting out the tail
object entirely or introducing irrelevant background informa-
tion. Conversely, advanced saliency-based methods [14], [15]
often necessitate the use of external pre-trained feature ex-
tractors or even heavy pre-trained segmentation models (e.g.,
Segment Anything Model (SAM)) [16] to obtain high-quality
masks. This dependency introduces significant computational
overhead and limits their flexibility in standard training-from-
scratch settings. This dilemma motivates our proposed method,
which utilizes intrinsic texture and semantic priors to ensure
high-fidelity synthesis without the need for any auxiliary pre-
trained weights.

III. METHOD

In this section, we propose DP-Mix, a framework enabling
precision localization for long-tailed synthesis. As illustrated
in Fig. 2, the core lies in the collaboration of two components:
1) Dual-Prior Mask Generation, which derives foreground
masks from both intrinsic texture cues and learned semantic
activations; and 2) Uncertainty-Gated Selection, a dynamic
mechanism that utilizes mask entropy to automatically arbi-
trate between these priors, thereby selecting the most precise
foreground mask for synthesis.
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Fig. 2. Overview of the proposed DP-Mix framework. The pipeline consists of four integrated stages: (1) Tail foregrounds and head backgrounds are sampled
from different distributions. (2) Candidate masks are generated via a Texture Branch and a Semantic Branch. (3) An Uncertainty-Gated Selection module
monitors the spatial entropy of the semantic heatmap, and dynamically arbitrates between the two priors. (4) The final sample is synthesized by compositing

the extracted foreground onto a diverse background.
A. Preliminaries

Let D = {(z;,v;)}Y; denote a long-tailed training dataset,
where x; € REXWXC represents an input image and y; €
{1,..., K} is the corresponding class label. The dataset fol-
lows a long-tailed distribution where the class frequencies ex-
hibit an exponential decay, satisfying Ny > Ny > --- > Nk,
where Nj denotes the number of samples in class k. The
degree of imbalance is typically measured by the imbalance
ratio p = N1 /Ng > 1.

To synthesize diverse tail-class samples, our DP-Mix frame-
work employs a dual-sampling strategy based on two distinct
probability distributions over the classes:

1) Original Distribution P: This distribution reflects the
original data frequency, defined as P(k) = Nj/N. Sampling
from P predominantly yields head-class samples, providing
rich contextual variations (backgrounds).

2) Inverse Distribution (): To prioritize tail classes, we
define a class-balanced inverse distribution Q(k) o 1/Ng.
Sampling from @ ensures sufficient coverage of tail categories
(foregrounds).

During each training iteration, we sample a background
image (x4, ypy) from the original distribution P and a fore-
ground source (4, ,) from the inverse distribution Q. Our
objective is to generate a synthesized sample x by grafting
the semantic foreground of x, onto xp, via a binary mask
M € {0, 1}H>W:
ey

SE‘ZM@:Efg-‘r(].—M)@xbg,

where © denotes element-wise multiplication.

B. Dual-Prior Mask Generation

To overcome the semantic ambiguity caused by blind crop-
ping, we introduce a dual-branch mechanism to extract precise
foreground masks M from the tail-class source image .
This mechanism leverages two complementary intrinsic priors:
low-level texture structure and high-level semantic activation.

Structural Texture Prior Branch. In the early stages
of training, the deep network has not yet learned robust
discriminative features, rendering semantic-based localization
unreliable. To address this cold-start problem, we utilize an
intrinsic texture prior that relies solely on pixel-level gradients,
independent of the model’s training state.

Specifically, we employ the Sobel operator to calculate the
image gradient magnitude, which serves as a proxy for object
boundaries. Let G, and G, denote the horizontal and vertical
gradients of the input image x y,. The gradient magnitude map
G € REXW is computed as:

G(i, ) = \/Gali, )2 + Gy (5, 1)*. @

To obtain a binary mask, we apply a thresholding operation.
While dynamic thresholding (e.g., Otsu’s method) is possible,
we find that a mean-based binarization is computationally
efficient and effective. The texture mask M, is defined as:

Mtex - H(g > /lg)a (3)

where I(+) is the indicator function and pg is the mean value
of G. This branch captures high-frequency structural details
such as edges and contours, ensuring that the object’s shape
is preserved even when the model is under-trained.




Learnable Semantic Prior Branch. While the texture prior
captures structural boundaries, it is class-agnostic and may
include background clutter (e.g., grass texture around a dog).
To capture class-specific discriminative regions, we leverage
the Class Activation Map (CAM) derived from the on-the-fly
model encoder fy.

Let ' € RE>XHXW" represent the feature maps from
the final convolutional layer of the encoder, and w,. denote
the classifier weights corresponding to the ground-truth class
c of x¢y. The raw class activation map A° is obtained by
computing the weighted sum of feature maps:

Cl
A° = "wfF*, )
k=1

where F'* is the k-th feature map. Since A€ typically has a
lower resolution than the input image, we bilinearly upsample
it to H x W. To generate the semantic mask, we apply ReLU
activation to remove negative contributions and normalize the
map to the range [0, 1]:
c 3 c
M., — ReLU(A®) .mm(A ) 7 )
max(A¢) — min(A°) + ¢

where € is a small constant for numerical stability. Unlike the
fixed texture mask, M., evolves dynamically. As training
progresses, the model focuses more accurately on the discrim-
inative parts of the tail object, providing a semantic-aware
localization that is superior to the low-level texture cues.

C. Uncertainty-Gated Selection

A core challenge in utilizing the semantic prior is the
reliability of the model’s activation maps. In the early stages of
training, the model cannot distinguish foreground objects from
the background, resulting in diffuse and noisy class activation
maps (CAMs). Blindly relying on these maps would lead
to incorrect cropping. Conversely, the texture prior is robust
but lacks semantic specificity. To resolve this dilemma, we
introduce an Uncertainty-Gated Selection mechanism that
dynamically arbitrates between the two priors based on the
spatial entropy of the model’s attention.

Entropy as Uncertainty Metric. We interpret the nor-
malized semantic mask as a probability distribution over the
spatial locations, reflecting where the model focuses on. Let
Mg, € [0, 1]7%W be the semantic mask generated in Eq. 5.
We first normalize it to form a valid spatial probability map
Pien € REXW.

.. MS(:”"L (1/7 j)
P (i) = S~ oy T e ©)
We then calculate the Shannon Entropy H(M;.,,) to quantify
the “peakedness” or concentration of the attention:

H W
H(Msem) = - Z Z Psem(iaj) 10g Psem(iaj)- (7)

i=1 j=1
A high entropy value H(M,,,,) implies a uniform distri-
bution, indicating that the model is “confused” and attend-
ing to the entire image diffusely (typical in early epochs).

Conversely, a low entropy value indicates that the model’s
attention is highly concentrated on specific regions, signaling
high confidence in localization.

Dynamic Selection and Synthesis. Based on the calculated
entropy, we employ a gating mechanism to select the optimal
mask M*. We define a threshold 7 to delineate the boundary
between uncertainty and confidence:

M — {Msem if H(Mjser) < 7 (Confident: Use Semantic)

if H(Mjer,) > 7 (Uncertain: Use Texture)

®)
where 7 acts as a hyperparameter controlling the sensitivity
of the transition. We empirically set 7 = 0.6 based on our
experimental results.

This selection mechanism creates a natural curriculum:
in the cold start phase, the high entropy forces the model
to fall back to the texture prior, guaranteeing the structural
integrity of the cropped object. As the model learns to localize
discriminative features, the entropy decreases, automatically
switching to the semantic prior for more precise, class-aware
extraction.

Finally, the synthesized tail-class sample ¥ is generated by
compositing the tail foreground x ¢, and head background z,
using the selected mask M*:

Mtex

@:M*Qxfg—ﬁ—(l—M*)@.’L'bg. 9)

This uncertainty-gated synthesis ensures that the augmented
samples remain semantically valid throughout the entire train-
ing process, effectively preventing the “blind cropping” issues
prevalent in prior art.

IV. EXPERIMENTS

In this section, we perform extensive experiments on three
standard long-tailed recognition benchmarks: CIFAR-10-LT,
CIFAR-100-LT, and ImageNet-LT, to evaluate the effec-
tiveness of our proposed DP-Mix framework. We system-
atically compare DP-Mix with a wide range of state-of-
the-art approaches, including classical re-balancing strategies,
decoupling methods, and advanced data synthesis techniques.
Furthermore, we provide comprehensive ablation studies and
qualitative visualizations to verify the specific contribution of
the Dual-Prior mechanism and the Uncertainty-Gated Selec-
tion strategy.

A. Experimental Settings

Datasets. We perform experiments on the long-tailed ver-
sions of CIFAR-10 and CIFAR-100. Following standard pro-
tocols [27], the long-tailed datasets are constructed by down-
sampling training samples according to an exponential decay
function np = n3 //", where the imbalance factor § =
Niaz/Nmin is set to 100, 50, or 10.

Architectures. For fair comparison with prior art, we adopt
standard backbones trained from scratch. Specifically, we
use ResNet-32 for all CIFAR-LT experiments and ResNet-50
for ImageNet-LT. Note that our framework relies solely on



TABLE I
PERFORMANCE COMPARISON ON LONG-TAILED DATASETS

CIFAR-10-LT CIFAR-100-LT ImageNet-LT
Method Year Venue .
IR=10 IR=50 IR=100 IR=10 IR=50 IR=100 Many Medium Few Overall
Backbone ResNet-32 ResNet-32 ResNet-50
cRT [11] 2020  ICLR - - - - 43.8 - 58.8 44.0 26.1 47.3
BBN [17] 2020 CVPR  88.32 82.18 79.82 59.12 47.02 42.36 - - - -
LADE [8] 2021  CVPR - - - 61.7 50.5 45.4 65.1 48.9 33.4 53.0
PaCo [18] 2021 ccv - - - 64.2 56.0 52.0 65.0 55.7 38.2 57.0
CMO [6] 2022  CVPR - - - 60.2 53.0 50.0 66.4 53.9 35.6 56.2
FRS [19] 2022  ICME 87.7 82.2 80.0 59.4 48.4 442 66.7 454 21.6 50.3
GLMC [20] 2023  CVPR  94.87 91.04 88.50 73.40 63.78 57.97 70.1 524 304 56.3
AREA [21] 2023 ICCV 88.71 82.68 78.88 60.77 51.77 48.83 - - - 49.5
MDCS [4] 2023 ICCV - 89.4 85.8 - 60.1 56.1 - - - 60.7
FBC [22] 2023 ICME - - - - 58.17 53.88 - - - 52.99
DODA [23] 2024  ICLR - - - 62.7 53.6 51.0 66.9 54.1 374 56.9
LOS [24] 2025 ICLR - - - 69.7 58.8 54.9 63.2 50.7 42.3 54.4
FeatRecon [25] 2025 ICML 91.6 87.8 85.2 65.3 57.0 52.5 - - - 56.8
CALA [26] 2025  AAAI 92.47 - 84.79 65.51 - 52.34 - - - -
DP-Mix - Our 91.15 85.18 83.78 64.60 56.47 54.12 64.72 55.38 38.97 57.1
MDCS + DP-Mix - Our 94.35 91.27 87.62 72.33 62.59 58.46 68.70 59.12 39.83 62.54
GLMC + DP-Mix - Our 95.82 92.07 89.69 74.15 64.71 58.88 68.46 53.94 34.12 58.26
these backbones to generate semantic priors (CAM) on-the-
fly, without utilizing any external pre-trained feature extractors STaill
. . . . ample
or segmentation models, ensuring a fair and cost-effective ’
training setup. Head
Evaluation Metrics. We evaluate the models on the cor- Sample
responding balanced test/validation sets and report the Top-
1 accuracy (%). For detailed analysis on ImageNet-LT, we CAM
follow [28] and report accuracy on three subsets based on class
frequency: Many-shot (>100 samples), Medium-shot (20~100 Texture
samples), and Few-shot (<20 samples). Boundary i) )5

B. Main Results

Table I summarizes the performance comparison on CIFAR-
10-LT, CIFAR-100-LT, and ImageNet-LT. We compare our
method against a wide range of baselines, including classical
re-balancing strategies and recent approaches. Crucially, to
validate the effectiveness of our proposed precise synthesis
strategy, we integrate DP-Mix as a plug-and-play module into
two strong mixing-based baselines: GLMC [20] and MDCS
[4].

Results on CIFAR-10-LT and CIFAR-100-LT. DP-Mix
consistently enhances baseline performance across various im-
balance ratios (IR). On CIFAR-100-LT (IR=100), integrating
DP-Mix with GLMC yields a solid gain of 0.91%, outperform-
ing standard augmentation strategies. Similarly, on CIFAR-10-
LT, our method improves robustness under extreme imbalance.
These results empirically verify that replacing the blind crop-
ping of traditional CutMix/CMO with our uncertainty-gated
precise localization effectively mitigates feature collapse in
tail classes.

Results on ImageNet-LT. On the large-scale ImageNet-LT
dataset, the efficacy of DP-Mix is further amplified. When
applied to MDCS, our method boosts the overall accuracy by

Fig. 3. Qualitative visualization of synthesized samples. DP-Mix effectively
leverages dual priors to perform content-aware cropping, preserving the
structural integrity of tail objects.

1.84%. A similar improvement is observed with GLMC. The
improvement is primarily driven by the Few-shot subset, where
MDCS + DP-Mix achieves 39.83% accuracy. This validates
our core motivation: synthesizing high-quality, semantically
intact samples for underrepresented classes.

C. Ablation Study and Analysis

To verify the superiority of our strategy, we decouple the
method and evaluate the contribution of each component, as
shown in Table II. Furthermore, we provide visualizations
to intuitively demonstrate how DP-Mix achieves high-quality
synthesis.

The vanilla CE baseline struggles on tail classes, achieving
only 38.60% accuracy. Our method significantly alleviates



this issue. Specifically, the introduction of dual priors with a
random switch strategy alone boosts accuracy by 13.6%, prov-
ing the necessity of semantic and texture augmentation. Our
full model, DP-Mix, which incorporates the Uncertainty-Gated
Selection mechanism, further elevates the gain to +15.5%. This
result confirms that our uncertainty-aware gating is not merely
a passive switch, but an active component that ensures the
optimal prior is utilized for each training instance.

TABLE II
COMPARISON OF DIFFERENT METHODS

Methods | Vanilla | +Dual-prior | DP-Mix

CE 38.6 | 51.2 (+13.6) | 54.1 (+15.5)
LDAM 417 | 528 (+11.1) | 56.0 (+14.3)

Visualization. Fig. 3 provides a comprehensive visualiza-
tion of the intermediate artifacts and final outputs generated
by DP-Mix. We display the raw foreground and background
images, the Class Activation Maps (CAMs) from the semantic
branch, the edge contours from the texture branch, the final
mask arbitrated by our Uncertainty-Gated Selection, and the
resulting synthesized samples. The first three columns illus-
trate the model’s behavior during the early training stages.
Here, the semantic heatmaps are diffuse and scattered, indi-
cating high uncertainty. The gating mechanism select texture
branch as final mask. In contrast, the last four columns reflect
the converged state, where the model focuses intently on
discriminative regions. With low entropy, the system automat-
ically switches to the semantic branch for precise extraction.
Ultimately, as shown in the final row, the synthesized images
successfully capture the holistic foreground objects regardless
of the training phase, validating the robustness of our dynamic
selection strategy.

V. CONCLUSION

In this work, we present DP-Mix, a robust data synthesis
framework designed to address the scarcity of tail-class sam-
ples in long-tailed scenarios. By unifying semantic specificity
and texture invariance into an adaptive pipeline, our approach
effectively overcomes the fragility of single-source priors.
Our empirical results demonstrate that the Uncertainty-Gated
Selection mechanism plays an important role in this collab-
oration: it utilizes the texture prior as a structural safety net
during the high-entropy cold start phase, while progressively
shifting to the semantic prior for precise localization as the
model learns discriminative features. This dynamic arbitration
ensures the generation of high-quality, semantically valid
samples throughout the training process. DP-Mix offers a new
perspective on data augmentation and sets a solid foundation
for future research in data-centric long-tailed learning.
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