
Rectifying Soft-Label Entangled Bias in Long-Tailed
Dataset Distillation

Chenyang Jiang1,2 Hang Zhao1 Xinyu Zhang1 Zhengcen Li1,2

Qiben Shan2 Shaocong Wu2∗ Jingyong Su1,2∗

1Harbin Institute of Technology, Shenzhen 2Pengcheng Laboratory

{23B936035,200110431,zhangxinyu,lizhengcen}@stu.hit.edu.cn
sujingyong@hit.edu.cn, {shanqb, wushc}@pcl.ac.cn

Abstract

Dataset distillation compresses large-scale datasets into compact, highly informa-
tive synthetic data, significantly reducing storage and training costs. However,
existing research primarily focuses on balanced datasets and struggles to perform
under real-world long-tailed distributions. In this work, we emphasize the critical
role of soft labels in long-tailed dataset distillation and uncover the underlying
mechanisms contributing to performance degradation. Specifically, we derive an
imbalance-aware generalization bound for model trained on distilled dataset. We
then identify two primary sources of soft-label bias, which originate from the
distillation model and the distilled images, through systematic perturbation of the
data imbalance levels. To address this, we propose ADSA, an Adaptive Soft-label
Alignment module that calibrates the entangled biases. This lightweight module
integrates seamlessly into existing distillation pipelines and consistently improves
performance. On ImageNet-1k-LT with EDC and IPC=50, ADSA improves tail-
class accuracy by up to 11.8% and raises overall accuracy to 41.4%. Extensive
experiments demonstrate that ADSA provides a robust and generalizable solution
under limited label budgets and across a range of distillation techniques.

1 Introduction

Pretrained models built on large-scale datasets exhibit superior predictive capabilities. However,
training such large-scale models demands massive data volumes, resulting in significant costs in
data storage, transmission, and computational resources. Moreover, the effectiveness of model
training is highly dependent on the availability of high-quality datasets [1, 2]. With the increasing
importance of data, the paradigm of data-centric artificial intelligence (DCAI) has gained increasing
attention, encompassing data acquisition, optimization, and maintenance [3], and has become central
to contemporary model development in both research and industry. A key research challenge is
to efficiently extract critical information from datasets, eliminate redundancy, and construct high-
quality data, which can accelerate model development, reduce carbon emissions, and promote the
democratization of large-scale model training.

Dataset distillation [4] aims to synthesize a smaller and high-quality synthetic dataset that serves
as a surrogate for the original dataset. The core motivation is to treat the dataset as learnable
parameters by representing images as trainable tensors and optimizing them to match the performance
of models trained on the full dataset. Recent advances in dataset distillation have focused on improved
optimization objectives [5], parameterization strategies [6], training dynamics [7], and more effective
utilization of soft labels [8], which has significantly enhanced its practicality and applicability.

∗Corresponding authors.

39th Conference on Neural Information Processing Systems (NeurIPS 2025).



Despite recent progress in dataset distillation, limited attention has been paid to the challenge of
distilling long-tailed datasets, a pervasive issue in real-world scenarios. Real-world data typically
follow a long-tailed distribution [9, 10], where a few head classes account for the majority of samples,
while numerous tail classes are sparsely represented. Models trained on such distributions often suffer
significant performance degradation on tail classes. Applying dataset distillation directly to these
datasets tends to produce biased synthetic data, leading to performance degradation and optimization
instability. This hinders the real-world applicability of dataset distillation. Such scenarios often
involve a distributional mismatch between the original and synthetic datasets. LTDD [11] attempts to
address this issue by aligning the parameter distributions derived from models trained on both datasets
during the distillation process. While LTDD provides a promising solution by aligning parameter
distributions, it primarily operates at the parameter-level matching and does not explicitly address the
bias encoded in soft labels, an increasingly critical component in modern distillation pipelines.

Our work focuses on how soft labels, a widely used technique in recent dataset distillation methods [12,
13, 14, 15, 16] that significantly boosts performance, are affected by dataset imbalance. We first
derive an imbalance-aware generalization bound for dataset distillation, which theoretically reveals
that imbalanced soft labels generated during the standard distillation process limit the performance of
models trained on the distilled data. We then conduct an experiment that perturbs the distribution of
the original dataset and observe its effect on the distilled images and labels. Through this analysis,
we identify two primary sources of soft-label bias: the distillation model and the distilled images.
These biases jointly contribute to significant performance degradation on tail classes.

To address the entangled bias inherent in soft labels, we introduce ADSA, an ADaptive Soft-label
Alignment module that calibrates the distillation model’s predictions on distilled images by jointly
removing both sources of bias. We observe that distilled images can serve as a form of hold-out
data to estimate and eliminate this bias. ADSA preserves the class-level relational information
encoded in soft labels while eliminating the bias induced by the imbalanced distillation model and
the image-specific distribution shift. It functions as a post-hoc module that does not participate in
model training or image distillation, and can therefore be seamlessly integrated into various dataset
distillation baselines, without requiring the design of complex training objectives, sampling strategies,
or distillation architectures to handle long-tailed distributions. Moreover, it can benefit from advanced
methods for distilling imbalanced datasets at the ImageNet scale. This lightweight module is simple
yet effective, and consistently improves accuracy across multiple state-of-the-art dataset distillation
methods and diverse datasets, providing a robust and generalizable solution for imbalanced data
scenarios across various distillation settings.

Our main contributions are summarized as follows:

• We theoretically and empirically reveal the importance of soft labels in dataset distillation by
deriving an imbalance-aware generalization bound and designing experiments to investigate the
influence of imbalanced data. The theoretical analysis and corresponding experiment design
provide an effective tool for future research on dataset distillation under distribution shift.

• We reveal two distinct sources of soft-label bias originating from the imbalanced distillation model
and the image-induced distribution shift, both of which jointly degrade tail-class performance.

• We propose ADSA, an adaptive soft-label alignment module that calibrates soft-label distributions
in a post-hoc manner. ADSA is lightweight, plug-and-play, and can be seamlessly integrated into
various dataset distillation methods without the need for complex training design.

2 Related Work

Dataset distillation reduces dataset size while preserving essential information, making it valuable
for neural network training. It has been applied in real-world scenarios, such as continual learning.
However, most real-world datasets exhibit a long-tail distribution, and research on dataset distillation
in such contexts remains limited. This section first reviews key studies on dataset distillation, followed
by an overview of long-tail recognition and relevant research.

2.1 Dataset Distillation

Dataset distillation [4] aims to condense the knowledge of an original dataset into a significantly
smaller synthesized dataset. This process involves initializing the synthetic dataset as trainable
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parameters and optimizing it using gradients derived from a specified objective function. The
objective function is a carefully designed matching criterion between the core information of the
original and synthesized datasets, where an information function extracts essential features, and a
distance function computes the loss. This information extraction process typically involves model
training or inference, where the model is referred to as a distillation model. Finally, we evaluate
performance by training an evaluation model on the distilled dataset and testing it on the test set.
Methods are categorized into performance matching, gradient matching, parameter matching, and
distribution matching based on the matching policy.

Performance matching [4, 17, 18] optimizes the performance of model trained on the distilled dataset
directly. Gradient matching [19, 20, 21, 22] and parameter matching [23, 24, 7] both train a distillation
model on the distilled dataset to mimic the behavior of model trained on the original dataset, with the
former focusing on gradient similarity and the latter on training parameter trajectory similarity.

The matching methods described above are challenging to deploy in large-scale dataset scenarios
due to the high computational and memory costs associated with distillation model training and
loading in the inner loop of the distillation process. Consequently, distribution-based methods
were initially proposed by Bo Zhao [25], which optimize the synthesized dataset by matching the
feature distributions of neural networks. DataDAM [26] and DREAM [27] improved the matching
and sampling strategies to enhance performance. More recently, SRe2L [14] further boosted the
performance of distribution-based methods by utilizing a DeepInversion-like [28] image distilling
approach and soft labels, establishing a three-stage framework of squeeze, recover, and relabel.
Subsequently, D3S [29], EDC [16], and GVBSM [30] enhanced performance both theoretically and
empirically. In addition to optimization-based methods, generative-based approaches have also been
explored. These methods conduct the matching process in the latent space [31, 15] or modify the
generative models’ objective function to encourage the generation of more informative images [32].

Soft labels for distilled images have been widely adopted by many methods [12, 13, 14, 15, 16]
to enhance performance, and have recently received increasing attention. Qin et al. [33] highlight
the crucial role of soft labels in dataset distillation and systematically evaluate their impact on
model performance. The DD-Ranking benchmark [34] further demonstrates that dataset distillation
techniques can lead to substantial performance improvements. GIFT [8] introduces a tailored loss
function for training on distilled datasets to better exploit soft labels. Xiao et al. [35] find that high
within-class diversity demands large-scale soft labels and propose the LPLD method to effectively
prune them. The optimization of soft labels has also been explored in prior work [36, 37], while
DRUPI [38] and LADD [39] design more effective soft-label formats to improve training efficiency.

Recent advancements have brought data distillation closer to real-world applications, where data
typically follows a long-tailed distribution. Directly applying distillation techniques to long-tailed
datasets may result in a biased distilled dataset. LTDD [11] pioneers long-tailed dataset distillation
by identifying the limitations of expert trajectory matching on imbalanced data and proposing Weight
Mismatch Avoidance and Adaptive Decoupled Matching to improve tail-class supervision and soft-
label quality. However, its focus remains on parameter-level bias propagation, while our work
explicitly targets soft-label bias and introduces a post-hoc calibration strategy to correct it.

2.2 Long-Tailed Recognition

Long-tailed recognition aims to train well-performing deep models, particularly on tail classes, from
datasets following a long-tailed class distribution [9]. Traditional designs of sampling methods,
network architecture, and loss functions cause the trained network to assign much higher confidence
to the head classes than to the tail classes, leading to poor predictions on the tail classes [40]. Balanced
data acquisition [41], multi-branch networks [42], feature transferring [43, 44, 45], adaptive loss
function design [46, 47], decoupled training [48], and logit post-hoc calibration [49] have been
well-explored. Decoupled training methods first train the model’s backbone under standard settings
and then apply balanced sampling to retrain the classifier, achieving significant performance gains.
This reveals that the backbone trained on a long-tailed dataset retains sufficient capacity to extract
tail-class information. Our approach takes this further by utilizing a fully trained distillation model
without modification to recover tail-class information within the distilled dataset, thereby enhancing
the evaluation model’s training.
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3 Method

3.1 Imbalance-aware Upper Bound

Dataset distillation aims to distill the original dataset Dtr into a smaller synthetic dataset Ddd,
where the size of the latter is significantly smaller than the former, i.e., |Ddd| ≪ |Dtr|. We
define the loss function for model fθ (hereafter referred to θ for brevity) and dataset D as
l(θ,D) = 1

|D|
∑

(x,y)∈D L(fθ(x), y), where L denotes the cross-entropy function. The goal of
dataset distillation is to minimize the performance gap on the test dataset Dte between models θtr
and θdd, trained on Dtr and Ddd respectively:

Ddd = argmin
Ddd

[l(θdd, Dte)− l(θtr, Dte)] (1)

θdd = argmin
θ

l(θ,Ddd). (2)

For theoretical analysis, it is common to model the finite datasets Dtr and Ddd as samples drawn
from underlying distributions, ptr(x, y) and pdd(x, y), respectively. The empirical loss l(θ,D) is
thus a Monte Carlo approximation of the expected loss, Ep[L(fθ(x), y)]. Following this convention,
we adopt the notation for expected losses in our theoretical discussion.

The theoretical framework of D3S [29] views dataset distillation as a domain shift problem. For a
classifier p̂(y|x) trained on data from pdd, its corresponding expected losses are defined as ldd =
Epdd

[− log p̂(y|x)] and ltr = Eptr
[− log p̂(y|x)]. Assuming the classifier’s negative log-likelihood

is bounded by a positive constant C, D3S provides the following generalization bound:

ltr ≤ ldd +
C

2
√
2

√
Rdd, (3)

where Rdd = DKL(ptr(x)∥pdd(x)) +DKL(ptr(y|x)∥pdd(y|x)). (4)

This result suggests that the upper bound on the original training loss ltr can be tightened by
reducing the training loss ldd on the distilled dataset and minimizing the distribution discrepancy
Rdd between the original training and distilled datasets. Under ptr(x, y) = pte(x, y) assumption
and with a sufficiently large dataset, we have lte ≈ ltr according to VC theory [50]. Consequently,
the test loss lte can be considered approximately upper-bounded by ldd +

C
2
√
2

√
Rdd. However, this

assumption does not hold in the long-tailed setting, where only the class-conditional distributions
ptr(x|y) = pte(x|y) are preserved in long-tailed recognition studies [51, 46].

Following the setting in long-tailed recognition study [51, 46], the training dataset Ddd used for
distillation follows a long-tailed distribution, while the test dataset is balanced. Let nk denote the
number of samples in the k-th class in Dtr, where

∑K−1
k=0 nk = |Dtr| and n0 > n1 > · · · > nK−1.

Theorem 3.1. In the long-tailed setting, where training and test distributions share the same class-
conditional distributions (i.e., ptr(x|y) = pte(x|y)) but differ in their class priors (i.e., ptr(y) ̸=
pte(y)), the discrepancy term Rdd in the D3S bound (4) can be expressed in the following two
equivalent forms:

Rdd = DKL(pte(y|x)∥pdd(y|x)) +DKL(pte(x)∥pdd(x)) + const, (5)

and

Rdd = DKL(pte(y)∥pdd(y)) +
∑
y

pte(y)DKL (ptr(x|y)∥pdd(x|y)) . (6)

The proof is provided in Appendix A.2. Under the relaxed assumption, the two resulting bounds
introduce additional terms compared to Eq. 4, leading to several key insights regarding the desired
properties of the distilled dataset: (i) The first term in Eq. 5 suggests that the learned posterior
distribution pdd(y|x) from a model trained on Ddd should align with the label distribution in the test
set. (ii) The second term in Eq. 5 highlights the importance of aligning the feature distribution of the
synthetic dataset with that of the original training data to ensure optimal performance. Additionally,
the second term in Eq. 6 refines this insight by emphasizing a more fine-grained, per-class alignment
due to the long-tailed assumption ptr(x|y) = pte(x|y). (iii) The first term in Eq. 6 further suggests a
natural experimental setup by adopting a balanced class distribution in the distilled dataset, where
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Figure 1: Overview of the experimental framework and modules. (a) The conventional dataset distillation
pipeline utilizes a single model for both image and label generation. (b) The perturbation analysis framework
employs two separate models: one for image synthesis and another for soft label generation. Three configurations
indicate different combination of balanced/imbalanced dataset. We then perturb the imbalance levels to observe
the resulting performance. (c) The proposed adaptive soft-label alignment module(ADSA). Symbols ȳ, ∆y,
and ỹ denote the average confidence, confidence adjustment by different levels, and the calibrated average
confidence, respectively. We optimize ∆y to get the most uniform ỹ across classes, and use it to calibrate the
soft labels. The operator ⊕ indicates addition in logit space; soft labels are shown here for visualization clarity.

each class contains the same number of samples as in the test set. While most existing works aim to
improve distillation performance by focusing on insight (ii), such as EDC which enforces both global
and class-aware feature matching corresponding to the second terms in Eq. 5 and Eq. 6, the widely
used and empirically effective soft-labeling technique remains relatively underexplored. Notably, soft
labels are highly generalizable and can be seamlessly integrated into various distillation pipelines.
Therefore, this work primarily focuses on insight (i). In Section 3.2, we demonstrate that conventional
soft-labeling strategies introduce bias in long-tailed dataset distillation, resulting in a mismatch in the
first term of Eq. 5 and subsequent performance degradation. We further identify two main sources of
this bias that are inherent in existing soft-labeling methods.

3.2 Perturbation Analysis and Dual Bias in Soft Labels

In this section, we first empirically validate that mismatches in soft labels (first term in Eq. 5)
and distilled images (second term in Eq. 5) under long-tailed distributions lead to performance
degradation. Motivated by Theorem 3.1, which underscores the importance of soft labels under
imbalanced distributions, we further investigate the influence pathway from the original long-tailed
data distribution to the resulting soft labels by identifying two key distortion factors. To investigate
how imbalance affects predictions of the final evaluation model, we propose a perturbation analysis
of distilled images and their corresponding soft labels, as illustrated in Figure 1. Unlike conventional
dataset distillation pipelines where synthetic images and soft labels are jointly derived from the
same distillation model, we decompose the process into two separate pipelines. This design enables
controlled perturbation of either modality (distilled images or soft labels) by leveraging original
datasets with varying degrees of class imbalance. By doing so, we can analyze the individual
contribution of each modality to the downstream model’s performance under long-tailed settings.

We employ an inversion-like objective [28]

argmin
Ddd

∑
(x̃dd,y)∈Ddd

L(fθtr (x̃dd), y) +Rreg(x̃dd), (7)

to distill images, where (x̃dd, y) ∈ Ddd, denotes a synthetic image-label pair, with y as the predefined
class label for each x̃dd, and Rreg(x̃dd) as the distribution matching regularization term such as
feature distribution constraints ∥g(x̃dd) − g(xori)∥2 where g denotes the network backbone of f .
Soft labels are generated using the pretrained model. This follows the mainstream pipeline in recent
large-scale dataset distillation frameworks [14, 16, 29, 30].
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The original dataset, illustrated in the corresponding region of Figure 1, can be either balanced
or imbalanced. The model trained on it is accordingly referred to as a balanced or imbalanced
distillation model. We analyze four configurations2 (referred to as configs for brevity) that differ in
the composition of distillation models used to generate distilled images and assign soft labels: config
(1) images distilled from an imbalanced model and labeled by a balanced model; config (2) images
distilled from a balanced model and labeled by an imbalanced model; config (3) images both distilled
and labeled by an imbalanced model; and config (4) images both distilled and labeled by a balanced
model. Using the CIFAR-100 dataset [52], we designate 20 classes as tail classes and the remaining
80 as head classes. The number of images in tail classes is varied to simulate different levels of
imbalance. The experimental details are provided in Appendix A.3. Figure 2 reports the confidence
value (the predicted probabilities for the ground-truth class) for head and tail classes, the classification
accuracy on tail classes, and the entropy of the softmax outputs. The x-axis represents the average
number of samples across all tail classes or head classes. These metrics reflect the informativeness
and reliability of the soft labels, both of which influence the evaluation model’s performance, as
discussed in [33].
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Figure 2: Effect of the number of images across
head and tail classes on confidence, accuracy, and
entropy. (a): Accuracy trend on tail classes. (b):
Entropy of soft labels for tail classes. (c) and (d):
Confidence scores for tail and head classes with
increasing tail samples.

As shown in Figure 2 (a), config (1) (using only
imbalanced images), config (2) (using only an
imbalanced distillation model for labeling), and
config (3) (both imbalanced) all experienced a
performance drop compared to config (4) (both
balanced). This validates the theory presented
in Section 3.1, which states that both biased
distilled images and soft labels lead to perfor-
mance degradation. Furthermore, we observed
that config (2), which used an imbalanced model
for labeling, showed a greater performance de-
crease than config (1). Figure 2 (b) illustrates
the entropy of the soft labels, showing that a
more imbalanced dataset leads to higher entropy,
which indicates a lack of class-discriminative in-
formation in the soft labels [33].

To further analyze the respective contributions
of imbalanced distilled images and imbalanced
distillation models to the final soft labels, we
visualize the per-class confidence. We use the
term labeling model to refer to the distillation
model used to generate soft labels for the dis-
tilled images. Panels (c) and (d) show that both
imbalanced synthetic images and imbalanced labeling models lead to soft labels that are overconfident
for head classes and underconfident for tail classes. Notably, even in config (1) where a balanced
distillation model is used, its predictions are biased due to the imbalanced distilled images, and we
refer to this as bias from distilled images. In contrast, the bias observed in config (2) stems from the
prediction bias within the labeling model itself, which we term bias from the labeling model. As a
result, the evaluation model trained on such biased soft labels from these two sources learns incorrect
class probabilities, thereby inheriting this bias.

We can approximate the total bias in the soft labels using the following decomposition:

pobs
DD(y | x) = ptarget

DD (y | x) + ϵT (y | x) + ϵI(y | x) , (8)

where pobs
DD(y|x) denotes the observed soft label posterior, and ptarget

DD (y|x) represents the desired
(unbiased) target posterior. The terms ϵT (y|x) and ϵI(y|x) correspond to the bias introduced by the
labeling model and the synthetic images, respectively.

The above observation reveals the entangled sources of bias in soft labels and underscores the
necessity of their calibration. In practice, however, the additive decomposition assumption may not
hold, as evidenced in panel (a) of Figure 2, where the presence of both biases does not result in the
worst performance. To address the entangled bias, we propose an effective lightweight calibration
module that adaptively debiases the soft-label by utilizing the distilled images in next section.

2All networks f involved in distillation will be trained separately for each configuration.
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3.3 Adaptive Soft Label Alignment Module

The calibrated soft labels must satisfy three key properties. First, they should eliminate entangled bi-
ases to approximate the true posterior distribution on the test set, thereby tightening the generalization
upper bound. Second, they should preserve the semantic relationships among classes to maintain the
informative structure of the original soft labels, which is a key factor in enhancing the informational
richness of the distilled dataset [33]. Third, the module should be adaptive across different datasets,
image-per-class (IPC) regimes, and imbalance factor (IF) conditions to ensure robust generalization
across varying scenarios.

The proposed module is illustrated in Figure 1(c). The main idea to address entangled biases is direct
and unified: we adaptively calibrate the model’s predictive outputs for each distilled image to obtain
refined soft labels. To better illustrate the concept of ADSA, we present soft labels in Figure 1(c),
although the calibration is actually applied to the logits.

First, to preserve semantic relationships among classes while smoothly adjusting each logit com-
ponent, we adopt the logit calibration method proposed in [49]. The adjustment is defined as
argmaxy∈[K]fy(x)− τ · log πy, where πy denotes the empirical frequency of class y in the training
set, τ is a calibration hyperparameter, [K] is the label set, f denotes the neural network, and fy(x)
is the y-th logit output. While such methods are typically applied during inference to select the
class with the highest logit and thus make a confident prediction, our focus lies in the relationship
preserving property of soft labels. We obtain preliminary prediction probability for a given image:

p(y|x; τ) = exp(fy(x)− τ log πy)∑
y′∈[K] exp(fy′(x)− τ log πy′)

. (9)

We refer to p(y|x) as the soft label without loss of generality.

We observe that the distilled images exhibit a distribution shift relative to the original training dataset.
Consequently, the distilled set can serve as a hold-out validation set to diagnose class-wise output
imbalance from the model trained on the original data. To quantify this, we compute the class-wise
average soft label across all distilled images as p(ȳ = i|x; τ) = Ex∼Di

[p(y = i | x; τ)], where Di

denotes the set of distilled images labeled as class i. In Figure 1(c), the symbols ȳ and ỹ correspond to
p(ȳ|x; 0) and p(ȳ|x; τ) respectively. To achieve balanced confidence across all classes, we optimize
the calibration strength τ such that the class-wise confidence variance is minimized. The optimal τ∗
is defined as

τ∗ = argmin
τ

√√√√√ 1

K

K−1∑
i=0

p(ȳ = i|x; τ)− 1

K

K−1∑
j=0

p(ȳ = j | x; τ)

2

. (10)

The soft labels are then calibrated as p(y|x; τ∗) and integrated into the final distilled dataset.

4 Experiment

In this section, we conduct a comprehensive evaluation of our dataset distillation method under
long-tailed distribution settings. We begin by detailing the experimental setup, including datasets,
evaluation metrics, and baseline methods for comparison. Specifically, we reproduce dataset distilla-
tion methods on long-tailed datasets and benchmark our approach against state-of-the-art baselines,
demonstrating its superior performance under imbalanced conditions. We then perform ablation
studies to assess the adaptiveness of our method, particularly in extreme long-tail scenarios, and
evaluate its robustness under varying soft-label budgets. Finally, we provide explanatory analyses
and visualizations to illustrate the effectiveness of the ADSA module.

Experimental Setup. We evaluate our method on CIFAR10/100-LT [52], and ImageNet-1k-LT
(224×224) [54]. The CIFAR-LT datasets are constructed using exponential long-tail distributions
as in [42], with imbalance factor (IF) r = n0

nK−1
controlling class imbalance. Class sizes ni follow

ni = n0 · r−
i

K−1 , and we test with r ∈ 10, 50, 100. The ImageNet-LT follows the setup in [43].
We evaluate performance across varying IPC (images per class) settings and compare our method
with state-of-the-art baselines, including LTDD [11], SRe2L [14], GVBSM [30], and EDC [16].
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Table 1: Comparison with baseline methods. Long-tailed datasets are constructed using an exponential decay in
class frequency. Dataset distillation is then applied to generate compact synthetic datasets, on which evaluation
models are evaluated. The table reports Top-1 validation accuracy on the distilled datasets. We use IF (imbalance
factor) and IPC (images per class) to denote imbalance severity and distilled dataset size, respectively. LTDD [11]
uses a depth-3 ConvNet as the backbone, SRe2L uses ResNet-18, and GVBSM/EDC adopt multiple architectures
to distill and ResNet-18 to evaluate, as detailed in Appendix A.3.

CIFAR-10-LT
IPC=1 IPC=10 IPC=50

IF 10 50 100 10 50 100 10 50 100

LTDD 28.0±1.0 24.4±0.3 23.8±0.5 58.1±0.3 54.2±1.0 53.4±0.1 70.5±0.4 65.8±0.2 64.0±0.9
SRe2L 16.9±2.2 17.8±2.3 14.3±1.7 24.1±0.7 23.3±1.9 22.6±0.4 40.4±0.6 36.6±1.9 34.6±1.4
+ours 20.2±0.9 18.1±1.2 19.3±1.3 27.1±1.6 25.0±0.2 25.9±0.6 47.1±0.1 38.8±0.6 45.3±0.7

GVBSM 34.2±0.4 28.9±0.4 25.1±0.3 49.5±0.1 33.8±0.3 29.4±0.1 58.2±0.2 37.2±0.0 30.9±0.0
+ours 39.1±0.4 36.0±0.6 31.5±0.5 54.4±0.5 45.8±0.1 40.4±0.4 64.7±0.0 51.4±0.2 46.9±0.2
EDC 32.3±1.4 29.5±0.8 30.0±0.6 69.9±0.7 58.5±0.5 50.9±0.5 77.8±0.1 65.6±0.3 56.0±0.2
+ours 35.2±0.8 36.4±1.0 39.3±0.6 73.2±0.4 69.8±0.2 68.7±0.3 80.8±0.2 76.4±0.4 74.8±0.1

CIFAR-100-LT
IPC=1 IPC=10 IPC=50

IF 10 50 100 10 50 100 10 50 100

LTDD 12.3±0.2 11.1±0.1 10.6±0.1 31.5±0.2 26.8±0.3 24.9±0.1 40.0±0.1 34.5±0.1 31.6±0.0
SRe2L 7.4±0.3 8.5±0.6 7.5±0.1 27.0±1.4 25.0±2.5 22.6±1.1 41.4±1.8 32.8±2.0 28.9±0.4
+ours 6.4±0.0 7.1±0.4 7.0±0.8 25.9±0.5 26.3±0.2 23.2±0.1 47.2±0.3 42.5±0.9 37.6±2.8

GVBSM 20.3±0.3 19.7±0.1 19.1±0.2 35.1±0.0 31.2±0.2 27.9±0.1 39.2±0.3 34.0±0.1 31.1±0.1
+ours 20.0±0.3 20.4±0.3 17.0±0.6 35.5±0.1 32.8±0.1 29.6±0.3 40.1±0.0 35.8±0.3 33.2±0.4
EDC 42.3±0.0 34.3±0.3 32.0±0.1 54.3±0.6 43.4±1.6 39.0±1.8 57.0±0.8 45.7±1.6 40.9±1.8
+ours 43.4±0.4 37.9±0.5 34.1±0.3 55.5±0.1 46.0±0.1 41.6±0.1 58.0±0.2 48.1±0.1 43.5±0.2

Table 2: Evaluated on ImageNet-LT. Classes
are categorized into head, medium, and tail
using thresholds of 100 and 20 samples per
class, respectively.

Method ImageNet-LT(top-1)
Head Mid Tail Overall

SRe2L+IPC10 38.0 20.6 7.6 25.6
+ours 35.1 24.3 14.2 27.2

SRe2L+IPC50 51.5 28.4 9.6 34.9
+ours 39.4 32.7 16.1 37.0

SRe2L+IPC100 53.8 29.7 9.5 36.4
+ours 51.8 34.4 16.1 38.7

EDC+IPC10 51.1 28.7 10.7 35.0
+ours 47.0 33.8 21.3 37.3

EDC+IPC50 55.5 32.3 12.4 38.6
+ours 51.3 38.1 24.2 41.4

EDC+IPC100 55.8 32.9 12.7 39.6
+ours 53.1 38.0 22.8 42.4

Table 3: Integration with MTT
and DREAM on CIFAR-10-
LT. * indicates results reported
from LTDD [11].

Method IPC=10 IPC=50

Random* 33.2 51.6
DC* [19] 37.3 35.8
IDM* [53] 51.9 56.1
DATM* [24] 41.6 50.3
LTDD* [11] 54.2 65.8

MTT [23] 33.4 53.0
+ soft label 37.9 51.4
+ ours 40.4 56.6

DREAM [27] 56.0 58.6
+ soft label 41.0 46.7
+ ours 59.9 65.7

EDC [16] 77.9 64.4
+ ours 82.3 77.0

Table 4: Results under varying
soft-label budgets. EP-k de-
notes that soft labels are gener-
ated only for the first k epochs
then repeatedly used.

EP SRe2L +Ours
1 17.3 17.7(+0.4)
10 32.8 35.1(+2.3)
100 34.8 36.8(+2.0)
300 34.9 37.0(+2.1)
EP EDC +Ours
1 28.0 31.0(+3.0)
10 37.3 40.0(+2.7)
100 38.8 41.6(+2.8)
300 38.7 41.9(+3.2)

ResNet-18 is used as the default evaluation backbone for SRe2L, GVBSM, and EDC, while ConvNet
is adopted for LTDD. For a fair comparison, we follow the original training hyperparameters for all
methods, and report the top-1 accuracy.

4.1 Main Results

As shown in Table 1, our method consistently improves the performance of existing dataset distillation
approaches across various IPC and imbalance factor (IF) settings. As IPC and IF increase, our
method achieves further performance gains. Notably, integrating our method with SRe2L leads to
improvements up to ~10% in overall accuracy on both CIFAR-10-LT and CIFAR-100-LT. Results
on ImageNet-1k-LT (Table 2) further validate its effectiveness at scale. For example, with SRe2L at
IPC=10, our method improves tail-class accuracy from 7.6% to 14.2% and overall accuracy from
25.6% to 27.2%. Similar trends are observed across all IPC settings and baselines. These gains
highlight the robustness of our method in improving both average and tail-class performance for
large-scale long-tailed dataset distillation. We further include in Appendix A.5 a comparison with
enhanced baselines, where the distillation models are trained using resampling techniques.

Figure 3 (left) shows the class-wise accuracy. Without calibration, the model over-predicts head
classes, causing frequent tail-class misclassification and reduced accuracy. In contrast, our method
boosts both tail-class and overall performance. We also compare our method with classic long-tailed
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Figure 3: Left: Class-wise accuracy under different imbalance factors (IF) and images per class (IPC). Our
method consistently improves overall and tail-class performance. Right: (a) Accuracy under varying IPC; (b)
Accuracy under varying IF; (c) Class-wise confidence difference between original and distilled images; (d)
Per-class soft-label confidence distributions. In panel (c) and (d)"imb"/"bal" denote soft labels from models
trained on imbalanced/balanced original data; "cal" indicates calibrated soft labels ’imb’ from the imbalanced
model. Dashed lines represent raw outputs; solid lines are EMA-smoothed results.

recognition methods in Table 16, 17 (Appendix A.6), which shows that our approach provides a novel
data-centric solution by directly transforming imbalanced data into a balanced and compact form,
instead of modifying model architectures or loss functions.

4.2 Ablation Study

Table 5: Handling bias from soft labels. Y/N indi-
cate presence/absence of bias.

IF biased
img

biased
label method IPC=1 IPC=10 IPC=50

10 N Y SRe2L 16.6 34.3 50.6
N Y +ours 19.0 41.4 62.6

100 N Y SRe2L 18.3 24.4 31.5
N Y +ours 21.8 36.9 57.6

Table 6: Handling bias from distilled images.

IF biased
img

biased
label method IPC=1 IPC=10 IPC=50

10 Y N SRe2L 16.0 34.7 55.3
Y Y +ours 23.7 40.2 63.1

100 Y N SRe2L 15.6 22.9 54.8
Y Y +ours 21.4 33.2 58.4

We first evaluate the effectiveness of our method
across alternative dataset distillation frameworks
and different soft-label budget settings. We then
demonstrate the method’s effectiveness in mitigat-
ing two types of bias and further assess the robust-
ness of our adaptive strategy under extreme IPC
and IF conditions. To more accurately reflect the
performance of ADSA under varying imbalance
factors (IF), we adopt different pretraining epochs
for models corresponding to each IF, and report the
optimal performance achieved by ADSA as used
in the bias mitigation and extreme-IF evaluation
experiments. More detailed results and analyses
are provided in Appendix A.4.

To demonstrate the versatility of ADSA, we ap-
ply it to two representative dataset distillation ap-
proaches: MTT [23] and DREAM [27], which are based on trajectory matching and gradient matching,
respectively. Unlike in SRe2L, where ADSA is applied for multiple epochs, here we integrate the
ADSA module to generate calibrated soft labels using only a single distillation epoch. Table 3
summarizes the results under IPC = 10 and 50. Our method consistently improves performance across
both MTT and DREAM, outperforming the original methods as well as their soft-label-enhanced
variants. The improvements are especially notable on DREAM, where applying ADSA significantly
boosts accuracy while preserving the simplicity of the original distillation framework.

Table 4 presents results under varying soft-label budgets. Conventional methods generate soft labels
for each of the N distilled images across all K student training epochs, resulting in a total budget
of N × K labels. Our method demonstrates its efficiency by operating on a smaller budget: we
generate soft labels only for the first K ′ epochs (K ′ ≤ K) and then reuse this static set of labels for
the full K-epoch training schedule. Though reducing the number of soft-labeling epochs in SRe2L
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and EDC on ImageNet-1k-LT with IPC=50, our method consistently outperforms baselines, showing
robustness under limited supervision.

We then verify the effectiveness of ADSA in mitigating the two types of biases discussed in Section 3.2,
including the bias from distilled images and the bias from the distillation model. Table 5 shows that
when the distilled images are obtained from an unbiased distillation model (training on balanced
dataset) while the soft labels are derived from a biased one (training on imbalanced dataset), our
method improves performance. Table 6 indicates that even when both the distilled images and soft
labels are biased, our method still outperforms the baseline that uses soft labels from an unbiased
distillation model. These two experiments verify that our method can effectively mitigate the two
types of biases present in the soft labels.

To further assess the adaptiveness of the ADSA module, we examine its performance under varying
IPC and imbalance factor (IF) settings, as shown in panels (a) and (b) in the right part of Figure 3.
Results show that no single fixed calibration strength (τ ) consistently yields optimal performance
across all settings, while ADSA achieves the best accuracy in most cases. The advantage is especially
notable under extreme IPC and IF values. Being hyperparameter-free, ADSA dynamically adjusts
calibration without tuning, ensuring robust and stable performance across scenarios.

4.3 Interpretability

Panel (c) in Figure 3 illustrates class-wise confidence differences, computed as the model’s confidence
on original training images minus that on distilled images. The resulting pattern reveals a domain
shift between the two sources, particularly pronounced in tail classes, suggesting that distilled images
can effectively act as a proxy hold-out set for calibration. Panel (d) in Figure 3 shows the per-class
confidence distribution from different sources of soft labels. It shows that the soft labels from the
ADSA module align well with the soft labels from the distillation model trained on a balanced dataset.
More analysis and visualization are provided in Appendix A.7.

5 Conclusion

This paper is the first to examine the crucial role of soft labels in long-tailed dataset distillation. We
propose an imbalance-aware generalization bound and conduct a perturbation analysis of existing
distillation techniques. Our analysis reveals two sources of bias in soft labels, and we introduce a
simple yet effective module that consistently improves performance over baselines across various
settings, without requiring additional architectural complexity or computational overhead.

Limitations and Future Work Our method assumes a shared conditional distribution between
training and test sets, i.e., ptr(x|y) = pte(x|y), which is common in long-tailed learning literature.
However, this assumption may not hold in the presence of domain shift. Additionally, the current
design relies on access to long-tail prior statistics and is not directly suited for online or streaming
learning settings where such information is unavailable. Future work could focus on developing
frequency-agnostic methods for online scenarios and exploring more efficient techniques for soft-label
representation, storage, and utilization. Additionally, tailored feature-distribution matching strategies,
such as transfer learning from head-to-tail classes and feature augmentation methods common in
long-tailed recognition, may further enhance tail-class feature alignment.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction clearly state the main contributions of the
paper, including (1) the derivation of an imbalance-aware generalization bound, (2) the
identification of entangled soft-label biases from teacher models and distilled images, and
(3) the proposal of the ADSA module for post-hoc bias calibration. These claims are
theoretically grounded in Section 3.1 and Appendix A, and are experimentally validated in
Section 4.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The paper explicitly discusses and hilight limitations in the “Conclusions”
section, highlighting key assumptions such as the shared class-conditional distribution
(ptr(x|y) = pte(x|y)), which may not hold under domain shift. It also notes that the
proposed method relies on access to long-tail prior statistics, limiting its applicability in
online or streaming scenarios.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
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judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The paper provides a complete theoretical derivation of Theorem 3.1 (Section
3.1) and the assumption. The full proof, including two equivalent forms of the bound and
their implications, is presented in Appendix A.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have described the details of dataset, backbone and training in the main
context and Appendix A.3, including the perturbation experiment details in Appendix A.3.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We will submit the core code for SRe2L/GVBSM/EDC training on ImageNet-
LT as supplementary files. The complete codebase will be released on GitHub upon paper
acceptance.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have described the details of dataset, backbone and training in the main
context and Appendix A.3, including the perturbation experiment details in Appendix A.3.
We also described the details of ablation study.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [No]
Justification: Due to the large experimental space involving combinations of IPC, imbalance
factor (IF), and datasets (CIFAR/ImageNet), it would be computationally expensive to repeat
all settings multiple times. Therefore, we report deterministic results under fixed seeds,
which reflect consistent trends across extensive baselines and datasets (see Tables 1–4).
While formal statistical variance is not reported, the performance gains are substantial and
consistent, supporting the reliability of our claims.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?
Answer: [Yes]
Justification: All experiments are conducted on an 8 RTX 4090 server.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: The research fully complies with the NeurIPS Code of Ethics. All experiments
are conducted on publicly available datasets (CIFAR-10/100, ImageNet-LT), and no per-
sonally identifiable or sensitive data is used. The proposed method poses no foreseeable
risk of harm, misuse, or unfair bias, and care is taken to preserve anonymity in all submitted
materials.
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Guidelines:
• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA]
Justification: This paper focuses on foundational research in dataset distillation under
long-tailed distributions, with no direct application to downstream systems or real-world
deployments. While the method could enhance training efficiency and reduce carbon
footprint, potential societal impacts such as fairness or misuse are minimal due to the
abstract nature of the contribution. Therefore, we did not explicitly discuss broader impacts
in the paper.
Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper does not release any pretrained large-scale models or internet-
scraped datasets, and the distilled datasets used are based on well-established public bench-
marks (CIFAR-10/100, ImageNet-LT). Therefore, the work poses no foreseeable risks that
require special safeguards.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.
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• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: The paper uses publicly available datasets (CIFAR-10/100 and ImageNet-LT)
and reproduces baseline methods such as SRe2L, GVBSM, and EDC. We cite the original
papers corresponding to these assets and adhere to their respective licenses (e.g., CIFAR
under MIT license, ImageNet under research-only terms). No scraped or proprietary data is
used.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: The paper does not introduce new assets. All experiments are conducted on
publicly available datasets using existing distillation baselines, and no new dataset, model,
or code repository is released at submission time.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
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Justification: The paper does not involve crowdsourcing or research with human subjects.
All experiments are conducted using publicly available machine learning datasets without
human annotation or interaction.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve any research with human subjects or crowdsourcing.
All experiments are conducted on publicly available datasets without human participation or
interaction.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The research does not involve any use of large language models (LLMs) as part
of the core methodology. LLMs were not used in algorithm design, theoretical development,
or experimental implementation.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Technical Appendices and Supplementary Material

A.1 List of Notations

Table 7: Summary of frequently used notations.
Symbol Description
Dtr Training or original dataset
Ddd Distilled dataset
Dte Test dataset
D Dataset
|D| Size of dataset D
fθ Model with parameters θ
x Input data (e.g., image)
y Label (e.g., one-hot label or soft label)
l(θ,D) Loss function on dataset D with model parameters θ
L(fθ(x), y) Cross-entropy loss on (x, y)
ptr(x, y) Joint distribution of training data and labels
pdd(x, y) Joint distribution of distilled data and labels
pte(x, y) Joint distribution of test data and labels
p̂(y|x) Predicted probability of label y given input x. Could refer to a model trained on pdd
C Upper bound of − log p̂(y|x)
Rdd Regularization term in generalization bound in Eq. 4
nk Number of samples in class k in Dtr

K Number of classes
DKL(p||q) Kullback-Leibler divergence between distributions p and q
const Constant term independent of pdd(x, y)
x̃dd Distilled images in the distillation process
xori Original images from the training dataset
Rreg Regularization term for distribution of distilled images and original images
g(x) Feature extractor function, the backbone of the model f
pobs
DD(y|x) The observed soft label posterior distribution

ptarget
DD (y|x) The ideal or desired soft label posterior distribution(unbiased)

ϵT (y|x) The bias introduced by the distillation model
ϵI(y|x) The bias introduced by the distilled images
[K] The label set, i.e., {0, 1, . . . ,K − 1}
fy(x) The y-th output of the model f(x)
τ Calibration hyperparameter
πy Empirical frequency of class y in Dtr

A.2 Derivation of Theorem 3.1

In conventional dataset distillation, assuming the cross-entropy loss function:

ltr = Eptr [− log p̂(y|x)] (11)
ldd = Epdd

[− log p̂(y|x)] (12)

where Dtr represents the training dataset distribution, and Ddd represents the distilled dataset
distribution. Then, following [29], we have:

ltr ≤ ldd +
C

2
√
2

√
DKL (ptr(x, y)∥pdd(x, y)) (13)

which further leads to:
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lte ≈ ltr ≤ ldd +
C

2
√
2

√
DKL (ptr(x)∥pdd(x)) +DKL (ptr(y | x)∥pdd(y | x)). (14)

The approximation ltr ≈ lte is justified by VC theory [50] for a sufficiently large training set,
provided that the training and test distributions are identical (ptr(x, y) ∼ pte(x, y)). Consequently,
the upper bound on ltr can be applied to lte, establishing the minimization of both the distilled loss
ldd and the distributional discrepancy as a viable strategy for constraining the test loss.

However, in long-tailed scenarios, the assumption ptr(x, y) ∼ pte(x, y) does not hold. Therefore,
we introduce pte while considering the conventional long-tail assumption ptr(x|y) = pte(x|y) [51]:

pte(x|y) = ptr(x|y) (15)

⇒ pte(x, y) =
pte(y)

ptr(y)
ptr(x, y) (16)

The conditional distribution assumption in long-tailed recognition, ptr(x|y) = pte(x|y), remains
valid in long-tailed dataset distillation. In this setting, the original training set is a long-tailed dataset
Dtr, from which a distilled dataset Ddd is derived. The model is trained on Ddd and evaluated on a
balanced test set Dte. Since Dtr and Dte are identical to those used in standard long-tailed learning,
the long-tailed assumption naturally extends to the distillation scenario.

Substituting Eq. 16 into Eq. 13, we obtain:

lte ≤ ldd +
C

2
√
2

√
DKL (pte(x, y)∥pdd(x, y)) (17)

= ldd +
C

2
√
2

√
DKL

(
pte(y)

ptr(y)
ptr(x, y)∥pdd(x, y)

)
(18)

Expanding the KL divergence:

DKL

(
pte(y)

ptr(y)
ptr(x, y)∥pdd(x, y)

)
=

∫
pte(y)

ptr(y)
ptr(x, y) log

pte(y)ptr(x, y)

ptr(y)pdd(x, y)
dxdy (19)

There are two possible simplifications for Eq. 18. Form 1:

DKL

(
pte(y)

ptr(y)
ptr(x, y)∥pdd(x, y)

)
(20)

=

∫
pte(y)

ptr(y)
ptr(x, y) log

pte(y)ptr(x, y)

ptr(y)pdd(x, y)
dxdy (21)

=

∫
pte(y)

ptr(y)
ptr(x, y) log

ptr(y|x)
pdd(y|x)

dxdy +

∫
pte(y)

ptr(y)
ptr(x, y) log

ptr(x)

pdd(x)
dxdy (22)

+

∫
pte(y)

ptr(y)
ptr(x, y) log

pte(y)

ptr(y)
dxdy

=

∫
pte(x, y) log

ptr(y|x)
pdd(y|x)

dxdy +

∫
pte(x, y) log

ptr(x)

pdd(x)
dxdy (23)

+

∫
pte(y) log

pte(y)

ptr(y)
dxdy (24)

=

∫
pte(x, y) log

(
ptr(y|x)
pte(y|x)

pte(y|x)
pdd(y|x)

)
dxdy +

∫
pte(x, y) log

(
ptr(x)

pte(x)

pte(x)

pdd(x)

)
dxdy (25)

+DKL(pte(y)||ptr(y))
=DKL(pte(y|x)∥pdd(y|x))−DKL(pte(y|x)∥ptr(y|x)) (26)
+DKL(pte(x)∥pdd(x))−DKL(pte(x)∥ptr(x)) +DKL(pte(y)||ptr(y))

=DKL(pte(y|x)∥pdd(y|x)) +DKL(pte(x)∥pdd(x)) + const (27)

=DKL(pte(y|x)∥pdd(y|x)) +DKL

(∫
pte(x|y)pte(y)dy

∥∥∥∫ pdd(x|y)pdd(y)dy
)
+ const (28)
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Here, the const term groups all expressions that are independent of our optimization target pdd(x, y).
Form 2:

DKL

(
pte(y)

ptr(y)
ptr(x, y)∥pdd(x, y)

)
(29)

=

∫
pte(y)

ptr(y)
ptr(x, y) log

pte(y)ptr(x, y)

ptr(y)pdd(x, y)
dxdy (30)

=

∫
pte(y)

ptr(y)
ptr(x, y) log

ptr(x|y)
pdd(x|y)

dxdy +

∫
pte(y)

ptr(y)
ptr(x, y) log

pte(y)ptr(y)

ptr(y)pdd(y)
dxdy (31)

=

∫
pte(y)ptr(x|y) log

ptr(x|y)
pdd(x|y)

dxdy +

∫
pte(y) log

pte(y)ptr(y)

ptr(y)pdd(y)
dy (32)

=

∫
pte(y)DKL (ptr(x|y)∥pdd(x|y)) dy +DKL(pte(y)∥pdd(y)) (33)

Thus, two possible upper bounds exist: Form 1:

lte = ldd +
C

2
√
2

√
DKL(pte(y|x)∥pdd(y|x)) +DKL(pte(x)∥pdd(x)) + const (34)

= ldd +
C

2
√
2

√
Rdd (35)

Rdd = DKL(pte(y|x)∥pdd(y|x)) +DKL

(∫
pte(x|y)pte(y)dy

∥∥∥∫ pdd(x|y)pdd(y)dy
)
+ const

(36)
Form 2:

lte = ldd +
C

2
√
2

√∫
pte(y)DKL (ptr(x|y)∥pdd(x|y)) dy +DKL(pte(y)∥pdd(y)) (37)

In Eq. 36, the first term suggests that the classifier pdd(y|x) trained on the distilled dataset should
align with the classifier pte(y|x) obtained from long-tail calibration. This means that any long-tail
calibration model trained on ptr(x, y) can serve as a teacher model in dataset distillation. The second
term indicates that the overall distribution of the distilled dataset should align with the test distribution,
which can be estimated using methods like Gaussian mixture models to promote better alignment.

In Eq. 37, the first term suggests ensuring that the statistical information of each class remains
consistent, meaning that the conditional distribution ptr(x|y) in the training set should align with
the corresponding distribution pdd(x|y) in the distilled dataset. The second term indicates that the
class distribution of the distilled dataset should match that of the test set, which implies maintaining a
fixed number of instances per class (IPC).

Since we assume pte(y) =
1
K , we obtain:

DKL (ptr(x|y)∥pdd(x|y)) = 0 (38)
which satisfies both: ∫

pte(y)DKL (ptr(x|y)∥pdd(x|y)) dy = 0 (39)

and

DKL

(∫
pte(x|y)pte(y)dy

∥∥∥∫ pdd(x|y)pdd(y)dy
)

= 0 (40)

A.3 Experiment Details

Distillation Pipeline The baseline methods we adopt (e.g. SRe2L [14], GVBSM [30], and
EDC [16]) follow the same dataset distillation pipeline, as illustrated in Fig. 1(a), which consists
of three stages. The first stage (squeeze stage) involves training a distillation model on the original
dataset. The second stage (recover stage) generates distilled images by optimizing the objective in
Eq. 7. The third stage (relabel stage) uses the distillation model to predict soft labels for the distilled
images. The resulting distilled images and their corresponding soft labels are then used together to
evaluate the quality of the distilled dataset by measuring the performance of student models trained
on it.
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Hyperparameters For all baselines, we adopt their default hyperparameter settings, optimizer and
augmentation strategy except for special demonstration. The optimization problem in Equation 10 is
solved by performing a search over the range τ ∈ (0, 3). Specifically, DREAM splits each distilled
image into four individual clips and resizes them to train the evaluation model. We generate a soft
label for each clip once per epoch. In the soft label budget experiment, we generate soft labels for k
epochs and use only these k-epoch soft labels to train the evaluation model for 300 epochs. Since
part of the data in LTDD [11] is missing, we manually reproduced the results for CIFAR-10 with
IPC=1, for CIFAR-100 with IPC=1 across all imbalance factors (IF), and for IPC=10 and 50 under
IF=50 and 100. For all other settings in LTDD, we used the data reported in their paper.

Architectures We use a depth-3 ConvNet as both the evaluation and distillation backbone for MTT
and DREAM, and adopt ResNet-18 as the evaluation backbone for SRe2L, GVBSM, and EDC. All
backbones are manually trained on long-tailed CIFAR and ImageNet-1k datasets without using any
pretrained models from the PyTorch model zoo. The backbone used is shown in Table 8.

For CIFAR dataset distillation, we use the default model architectures provided in the official
codebases. For ImageNet-1k, the original GVBSM and EDC papers employed EfficientNet-B0 and
ShuffleNet-V2-x0.5, respectively. Due to the lack of publicly available training code for these models
on ImageNet-1k, we replace them with EfficientNet-V2-S and ShuffleNet-V2-x1.5. We use the mean
of calibrated soft label from trained distillation models as the final soft label.

Compute Resources All experiments are conducted on an 8 RTX 4090 GPUs server, and the
computational cost depends on the underlying baseline methods. When IPC = 50, dataset distillation
on CIFAR-10/CIFAR-100 typically takes less than 10 GPU hours. Among the methods, SRe2L is the
fastest (around 2 GPU hours), while GVBSM is the slowest (around 10 GPU hours). On ImageNet,
the SRe2L is the fastest (around 2 GPU days) and GVBSM the slowest (around 15 GPU days). The
exact runtime may fluctuate depending on the GPU model, GPU/CPU utilization, and inter-GPU
communication efficiency. The additional computational and memory overhead introduced by ADSA
is negligible.

Perturbation Analysis Details The perturbation study was performed on CIFAR100 with 100
classes, we limit the total number of images to be 10000 images, but the number of images for a head
class could exceed 100, and then we distribute a images for the first 20 classes, then we distribute
(10000− 20 ∗ a)/(100− 20), and then round to integer. We use 10000 images to avoid the number
of head class to exceed the maximum number(500) for each class.

The perturbation study is conducted on CIFAR-100, which contains 100 classes. We limit the total
number of images to 10,000 to ensure that the number of images per head class does not exceed the
dataset’s upper limit of 500 images per class. Specifically, we assign a images to each of the first
20 classes (head classes), and distribute the remaining images uniformly across the remaining 80
classes (tail classes) using 10,000−20·a

100−20 , followed by rounding to the nearest integer. Fixing the total
number of images, rather than using an exponentially decaying class frequency distribution, allows us
to control the dataset size and eliminate its influence on performance. This enables a more controlled
evaluation of the impact of tail-class sample sizes. Furthermore, by averaging the statistics over the
first 20 classes, we can quantitatively assess performance across varying degrees of class imbalance
while minimizing the influence of individual class identities.

A.4 Analysis of Pretraining Epoch Selection

In Tables 9 and 10, we present the performance of distilled datasets generated by distillation models
trained with different pretraining epochs on CIFAR-10 and CIFAR-100. Tables 11 and 12 summarize
the best accuracy achieved under each imbalance factor (IF) by selecting the optimal epoch, while
Tables 13 and 14 report the corresponding optimal epochs. In these tables, each column corresponds
to a different IPC setting: IPC = 1, 10, or 50. The results clearly indicate that the choice of training
epochs has a substantial impact on the quality of the distilled dataset, with performance variations
exceeding 10% in some cases. Moreover, we observe that the optimal number of epochs tends to
increase with higher IF and IPC values. This suggests that for easier cases (e.g., low IF or IPC), early-
stage models are sufficient to yield high-quality distilled data, whereas more challenging scenarios
require prolonged training to achieve optimal performance. Notably, Tables 11 and 12 can be viewed
as enhanced versions of the results in Table 1, where SRe2L benefits from epoch tuning. Under
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Table 8: Backbone architectures used by SRe2L, GVBSM, and EDC on CIFAR-10, CIFAR-100. The
models are used to distill images and assign soft label.

Method CIFAR10 CIFAR100 ImageNet-1k

SRe2L ResNet-18 ResNet-18 ResNet-18
GVBSM ResNet-18, ConvNet-

W128, MobileNetV2,
WRN-16-2, ShuffleNet-
V2-x0.5

ResNet-18, ConvNet-
W128, MobileNetV2,
WRN-16-2, ShuffleNet-
V2-x0.5

ResNet-18, MobileNetV2,
EfficientNetV2-S,
ShuffleNet-V2-x0.5

EDC ResNet-18, ConvNet-
W128, MobileNetV2,
WRN-16-2, ShuffleNet-
V2-x0.5, ConvNet-D1,
ConvNet-D2, ConvNet-
W32

ResNet-18, ConvNet-
W128, MobileNetV2,
WRN-16-2, ShuffleNet-
V2-x0.5, ConvNet-W32,
ConvNet-D1, ConvNet-
D2

ResNet-18, MobileNetV2,
EfficientNetV2-S,
ShuffleNet-V2-x0.5,
AlexNet

this enhanced setting, the performance gap between our method and the baselines further widens,
particularly under high IPC, highlighting the robustness and scalability of our approach.

We adopt this flexible epoch selection strategy in Figure 3(b), Table 5, Table 6, and Table 15 to more
accurately evaluate and reflect the effectiveness of our method. In particular, for Figure 3(b), using a
fixed number of training epochs (e.g., 200) to match the baseline setting may result in anomalous
accuracy trends, specifically, performance may even increase with higher imbalance factors (IF),
which contradicts expected behavior. This is because a fixed epoch value is not necessarily optimal,
and the optimal epoch often shifts later as the imbalance increases.

Table 9: CIFAR-10 accuracy under different pre-
training epochs

Epoch IF Method 1 10 50

10

10
baseline 18.0 39.6 55.0

ours 23.1 41.9 63.2

50 baseline 20.4 22.8 24.6
ours 26.2 34.9 38.7

100
baseline 16.3 21.6 23.6

ours 23.0 33.0 37.9

30

10
baseline 14.4 27.2 51.5

ours 16.7 26.2 50.0

50 baseline 14.1 26.4 50.3
ours 18.2 30.7 63.7

100
baseline 15.2 28.1 38.2

ours 22.0 32.0 59.1

50

10
baseline 14.2 24.6 46.8

ours 15.7 25.2 53.6

50 baseline 15.4 26.5 39.9
ours 18.7 32.1 52.1

100
baseline 17.9 23.9 40.3

ours 19.4 29.0 53.8

70

10
baseline 14.0 23.5 41.4

ours 17.0 25.8 50.8

50 baseline 13.0 22.3 39.3
ours 14.3 29.0 56.2

100
baseline 13.2 21.2 40.3

ours 15.3 28.1 54.7

Table 10: CIFAR-100 accuracy under different
pretraining epochs

Epoch IF Method 1 10 50

10

10
baseline 17.3 31.7 32.6

ours 17.3 37.2 39.3

50 baseline 17.5 21.5 21.9
ours 18.1 25.5 25.6

100
baseline 15.7 17.5 17.6

ours 7.7 18.0 17.8

50

10
baseline 8.4 35.4 43.7

ours 7.0 35.1 53.3

50 baseline 9.6 28.5 33.0
ours 8.9 34.2 43.3

100
baseline 10.2 29.0 31.4

ours 9.3 33.0 39.2

100

10
baseline 9.1 34.9 46.1

ours 7.6 33.2 53.7

50 baseline 8.2 30.1 35.0
ours 7.7 31.5 45.3

100
baseline 8.9 28.1 31.8

ours 7.7 31.6 41.7

200

10
baseline 7.4 27.0 41.4

ours 6.4 25.9 47.2

50 baseline 8.5 25.0 32.8
ours 7.1 26.3 42.5

100
baseline 7.5 22.6 28.9

ours 7.0 23.2 37.6

A.5 Comparison with Enhanced Resampling Baseline

Table 15 compares our method with a enhanced baseline, where distillation models are trained using
a class-balanced resampling strategy that ensures each class appears with equal frequency during
pre-training. The experimental results show that our method outperforms both the baseline and the
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Table 11: CIFAR-10 max accuracy for different
epochs

IF Method 1 10 50

10
baseline 18.0 39.6 55.0

ours 23.1 41.9 63.2

50
baseline 20.4 26.5 50.3

ours 26.2 34.9 63.7

100
baseline 17.9 28.1 40.3

ours 23.0 33.0 59.1

Table 12: CIFAR-100 max accuracy for different
epochs

IF Method 1 10 50

10
baseline 9.1 35.4 46.1

ours 7.6 37.2 53.7

50
baseline 9.6 30.1 35.0

ours 8.9 34.2 45.3

100
baseline 8.9 29.0 31.8

ours 9.3 33.0 41.7

Table 13: CIFAR-10 best epoch
IF Method 1 10 50

10
baseline 10 10 10

ours 10 10 10

50
baseline 10 50 30

ours 10 10 30

100
baseline 50 30 50

ours 10 10 30

Table 14: CIFAR-100 best epoch
IF Method 1 10 50

10
baseline 100 50 100

ours 100 10 100

50
baseline 50 100 100

ours 50 50 100

100
baseline 100 50 100

ours 50 50 100

resample setting in most cases, while resampling indeed improves over the baseline. The results
show that our method could be seamlessly integrated as a plug-and-play module to further boost the
performance of resampling-based pipelines in most cases. It is important to note that, to enable a fair
comparison with the resampling-based methods, we also adopted the best-epoch selection strategy
for all configurations (SRe2L, +resample, +ours, +resample+ours). For each imbalance factor (IF),
the number of training epochs was selected to ensure optimal performance. Specifically, epochs were
selected from {10, 30, 50} for CIFAR-10, and from {10, 50, 100, 200} for CIFAR-100. The results
are also slightly better than those in Table 1.

A.6 Comparison with Classic Long-tailed Recognition Methods

We also compare the results of our method with classic long-tailed recognition approaches in Table 16
and Table 17(as reported in [10]) to demonstrate that our method provides a data-centric solution for
transforming imbalanced data into a balanced form, enabling models to be trained directly without
requiring specialized designs for long-tailed scenarios.

A.7 Further Ablation and Visualization
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Figure 4: Left: Distribution of selected τ across different datasets. The value of τ varies within
the same dataset due to differences in IPC, IF, and the random seed used in training. Right: t-SNE
visualization of long-tailed and distilled datasets under different imbalance factors (IF). The top row
shows the original long-tailed dataset distributions, which remain well-separated across different IF
values. The bottom row presents the corresponding distilled datasets, where class clusters become
increasingly compressed and less distinguishable as the imbalance factor increases.
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Table 15: Performance comparison with a resampling-enhanced baseline on CIFAR-10/100-LT.
CIFAR-10-LT

IPC=1 IPC=10 IPC=50
Imbalance Factor 10 50 100 10 50 100 10 50 100

SRe2L 19.9 19.9 18.7 39.0 27.2 21.3 55.2 51.1 24.0
+resample 18.1 21.7 25.5 38.1 41.3 36.4 54.8 54.6 49.5

+ours 23.7 26.9 21.4 40.2 35.4 33.2 63.1 63.7 58.4
+resample+ours 19.5 22.3 24.1 38.0 44.1 37.1 58.8 56.6 56.1

CIFAR-100-LT
IPC=1 IPC=10 IPC=50

Imbalance Factor 10 50 100 10 50 100 10 50 100

SRe2L 16.3 17.8 15.9 35.8 28.8 29.1 45.2 33.5 31.8
+resample 20.3 18.9 16.3 35.8 29.2 28.4 45.1 36.1 32.8

+ours 16.9 18.2 9.6 38.2 34.2 33.0 53.9 45.6 41.7
+resample+ours 18.5 17.6 15.1 37.6 32.2 29.9 50.6 39.6 34.3

Table 16: Comparison with Long-Tailed Recog-
nition Methods on CIFAR

Method
CIFAR-10-LT(top-1) CIFAR-100-LT(top-1)

Imbalance Factor Imbalance Factor
100 50 10 100 50 10

Softmax Loss[55] 70.3 74.8 86.3 38.2 43.8 55.7
Focal Loss[56] 70.3 76.7 86.6 38.4 44.3 51.9
CB Loss[46] 74.5 79.2 87.4 39.6 45.3 57.9
BBN[42] 79.8 82.1 88.3 43.3 48.5 55.6
TSC[57] 79.7 82.9 88.7 43.8 47.4 59.0

EDC10+ours 68.8 72.1 76.3 41.8 46.0 55.5
EDC50+ours 74.0 77.0 82.3 43.8 47.9 58.1

Table 17: Comparison with Long-Tailed
Recognition Methods on ImageNet

Method Backbone ImageNet-LT(top-1)
Head Mid Tail Overall

Softmax loss[55] ResNet-10 40.9 10.7 0.4 20.9
Focal loss[56] ResNet-10 36.4 29.9 16.0 30.5
Range loss[58] ResNet-10 35.8 30.3 17.6 30.7

OLTR[43] ResNet-10 43.2 35.1 18.5 35.6
FSA[44] ResNet-10 47.3 31.6 14.7 35.2
cRT[48] ResNeXt-50 - - - 39.5

SRe2L+ours ResNet-18 35.1 24.3 14.2 27.2
SRe2L+ours ResNet-18 39.4 32.7 16.1 37.0
SRe2L+ours ResNet-18 51.8 34.4 16.1 38.7
EDC+ours ResNet-18 47.0 33.8 21.3 37.3
EDC+ours ResNet-18 51.3 38.1 24.2 41.4
EDC+ours ResNet-18 53.1 38.0 22.8 42.4

We visualize the distribution of the optimal calibration parameter τ across different datasets in
Figure 4 left. All subfigures use the same feature extractor, which is the backbone of a ResNet-18
model trained for 200 epochs on the balanced original dataset. We pass all images including both
the original and the distilled images under different imbalance factors (IFs) through this feature
extractor and jointly project them into a low-dimensional space using t-SNE. This ensures that their
spatial positions are directly comparable in the visualization. Figure 4 demonstrates that the optimal
calibration strength varies significantly with the dataset. Additionally, Figure 4 right presents a
t-SNE visualization of the original and distilled image distributions. While the original datasets
maintain a relatively uniform distribution in the feature space, regardless of the imbalance factor, the
distribution of the distilled images becomes increasingly compressed and distorted as the imbalance
factor increases. At lower imbalance factors, the distilled samples are more evenly dispersed across
the feature space. However, as the imbalance factor grows, these samples concentrate in a smaller
subregion of the space, deviating substantially from the distribution of the original dataset. This
distortion may explain why a model trained on the distilled dataset, despite being balanced, can still
produce biased soft labels, as the underlying feature representation remains inherently skewed.

28


	Introduction
	Related Work
	Dataset Distillation
	Long-Tailed Recognition

	Method
	Imbalance-aware Upper Bound
	Perturbation Analysis and Dual Bias in Soft Labels
	Adaptive Soft Label Alignment Module

	Experiment
	Main Results
	Ablation Study
	Interpretability

	Conclusion
	Technical Appendices and Supplementary Material
	List of Notations
	Derivation of Theorem 3.1
	Experiment Details
	Analysis of Pretraining Epoch Selection
	Comparison with Enhanced Resampling Baseline
	Comparison with Classic Long-tailed Recognition Methods
	Further Ablation and Visualization


