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Abstract

Dataset distillation (DD) aims to generate a compact syn-
thetic dataset that enables efficient training of neural net-
works while maintaining performance comparable to that
achieved with the original dataset. However, existing methods
often suffer from two main limitations. They either rely on
computationally intensive iterative optimization procedures
or depend heavily on architecture-specific designs. These is-
sues limit their practicality for large-scale datasets and hin-
der generalization across different model architectures. To
overcome these challenges, recent research has explored the
use of diffusion models as an architecture-agnostic approach
to dataset distillation, offering improved scalability and gen-
eralization for large-scale datasets across diverse model ar-
chitectures. While diffusion-based dataset distillation meth-
ods have shown considerable potential, several challenges
remain. Notably, certain approaches exhibit a distributional
mismatch between the pre-trained diffusion model and the
target dataset, which can adversely affect the fidelity and rep-
resentativeness of the generated samples. Others require sub-
stantial fine-tuning to achieve high fidelity, which negates the
benefits of architectural flexibility. In this work, we propose
a new diffusion-based dataset distillation framework that ef-
fectively preserves the characteristics of the original dataset
without requiring any fine-tuning. Our method employs adap-
tive sampling and repulsion regularization to enhance both
the fidelity and diversity of generated samples. As a result,
the proposed approach outperforms state-of-the-art distilla-
tion methods across a wide range of datasets and model ar-
chitectures.

Code — https://github.com/sb3991/adaptive-diffusion-dd

1 Introduction

Modern advancements in deep learning have enabled re-
markable achievements in various fields, but these gains
come at the cost of huge computational and storage re-
quirements due to large-scale datasets and complex models.
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To address these challenges, Dataset Distillation (DD) has
emerged as a promising solution, aiming to condense the
information of large datasets into smaller, synthetic ones.
These surrogate datasets enable faster training with signif-
icantly reduced memory and computation demands while
maintaining remarkable performance. However, most DD
methods have focused on small, low-resolution datasets,
limiting their applicability to high-resolution, large-scale
datasets such as ImageNet (Deng et al. 2009). Traditional
approaches, including gradient matching and meta-learning-
based optimization, face scalability issues due to their pixel-
level optimization and costly iterative updates, making them
impractical for real-world applications.

Recently, many researchers (Su et al. 2024; Gu et al. 2024;
Wang et al. 2025; Zou et al. 2025) have utilized pre-trained
diffusion models for DD, aiming to overcome the limita-
tions of traditional methods. Diffusion models have demon-
strated the ability to generate high-resolution images with
strong generalization performance across various network
architectures, highlighting their potential for DD. However,
a significant challenge arises when using diffusion models
for DD, primarily due to the distribution gap between dif-
fusion models’ training data and target DD datasets. This
distribution gap causes generated images to deviate from
the original distribution, degrading the performance of dis-
tilled datasets and limiting the applicability of the diffusion
model in DD. While Minimax (Gu et al. 2024) attempted to
address this issue through fine-tuning the diffusion models,
this approach is computationally expensive and impractical
for large-scale datasets. Foundation models, including Sta-
ble Diffusion (Rombach et al. 2022) used in methods like
D*M, employ Classifier-Free Guidance (CFG) (Ho and Sal-
imans 2021) to reduce this gap by conditioning image gen-
eration on class labels or textual prompts. Despite these ef-
forts, the distribution gap persists. Moreover, strong guid-
ance reduces diversity, often producing repetitive or overly
similar images concentrated around specific modes.

We propose a novel diffusion-based DD framework that
tackles this challenge by introducing two key innovations in



the sampling process, which are i) Adaptive Sampling with
Bayesian optimization and ii) Repulsion regularization. Our
approach leverages the diffusion model’s capability to gen-
erate high-quality images while preserving key features of
the original dataset. By controlling the influence of input im-
ages and guidance strength during the sampling stage of the
diffusion model, we ensure that the generated data retains es-
sential attributes from the source as indicated in Figure 1. At
the same time, the repulsion regularization allows for con-
trolled diversity, producing synthetic datasets that not only
align with the target distribution but also introduce mean-
ingful variations that reduce unnecessary duplication within
the distilled dataset.
Our main contributions are summarized as follows:

* Leveraging pre-trained diffusion models, we propose a
dataset distillation method that effectively balances the
need for fidelity to original data and the generation of
novel, diverse samples without requiring any additional
training of diffusion models.

* Extensive experiments demonstrate that our proposed
framework achieves state-of-the-art performance across
large-scale datasets and diverse network architectures
with significantly reduced computational requirements.

* We also provide a theoretical analysis that our proposed
method effectively reduces class conditional Rényi mu-
tual information, penalizing redundancy and enhancing
the diversity of the distilled dataset.

2 Related Work
2.1 Dataset Distillation

DD focuses on compressing large-scale datasets into tiny ar-
tificial datasets while preserving their essential properties.
Initially introduced as a meta-learning problem (Wang et al.
2018), DD methods have evolved to incorporate various op-
timization strategies. Early approaches (Nguyen et al. 2021;
Nguyen, Chen, and Lee 2021) utilized kernel-based mod-
els to minimize computational overhead while preserving
dataset information. Subsequently, matching-based methods
emerged, focusing on aligning gradients (Zhao, Mopuri, and
Bilen 2021), feature distributions (Zhao and Bilen 2023;
Wang et al. 2022), and training trajectory (Cazenavette et al.
2022; Cui et al. 2023) between synthetic and real datasets.
Since then, many DD methods have been proposed. DATM
(Guo et al. 2024) suggests aligning early trajectories for
small images-per-class (IPC) and late trajectories for large
IPCs. SRe?L (Yin, Xing, and Shen 2023) relabels synthetic
samples using pre-trained classifiers for model updates, and
RDED (Sun et al. 2024) utilizes patches with the highest
confidence from real images to form synthetic data. How-
ever, many of these approaches require extensive optimiza-
tion processes, and their performance is heavily dependent
on the architecture.

More recently, the success of diffusion models has in-
troduced new paradigms for DD, enabling DD on large-
scale datasets with cross-architecture generalization. D*M
(Su et al. 2024) adopts a pretrained text-to-image diffusion
model to cluster images in latent space and synthesize data.
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Figure 1: Comparison between generated images

However, in the absence of controls to bridge the gap be-
tween the diffusion model’s pretraining data and the target
dataset, the resulting images can be substantially different
from the original ones, misguided by CFG that heavily de-
pends on the label-prompt. As illustrated in Figure 1, CFG-
generated images might consistently depict similar llama
images, indicating limited diversity, or inaccurately generate
a movie character instead of a spider, highlighting the unre-
solved distribution gap. D*M attempts to mitigate this issue
by initializing image generation with original input images,
but still struggles to achieve both high fidelity and sufficient
diversity simultaneously. More recently, CaOs (Wang et al.
2025) adopts high-confidence sample filtering and latent ad-
justment to mitigate the distribution gap, and in (Zou et al.
2025), the authors propose injecting vision—-language cues
to refine semantic fidelity. Nevertheless, both methods re-
main largely fidelity-focused, offering only limited gains in
diversity and incurring extra preprocessing overhead.

On the other hand, Minimax (Gu et al. 2024) fine-tunes
the DiT model (Peebles and Xie 2023) pretrained on the
ImageNet dataset, applying regularization terms that en-
courage representativeness and diversity. Nevertheless, the
computational cost of fine-tuning diffusion models can be
overwhelming when the distribution of the target data for
distillation is considerably different from that of the data
used for training the diffusion models. Alternatively, IGD
(Chen et al. 2025) and MGD? (Santiago et al. 2025) also ex-
plore training-free diffusion-based DD from diffusion mod-
els. IGD steers sampling by backpropagating an influence-
based objective through the diffusion model and MGD? clus-
ters VAE latents into discrete modes and applies mode-
specific guidance and stop-guidance to push samples toward
different modes. However, these methods require either gra-
dient access to the diffusion model or additional latent clus-
tering and architecture-specific design.

To tackle these limitations, we propose a novel DD frame-
work that integrates adaptive sampling and repulsion regu-
larization into the diffusion model’s sampling process. Our
proposed method controls the influence of the original data
to improve fidelity and reduces redundancy among gener-
ated samples, generating diverse samples with high-fidelity
without any computationally intensive fine-tuning.



2.2 Diffusion Models

Diffusion models are generative models designed to approx-
imate the data distribution by transforming random noise
into meaningful samples. The primary objective of diffusion
models is to generate samples that faithfully approximate the
underlying data distribution P(z).

Denoising Diffusion Probabilistic Models (DDPMs) (Ho,
Jain, and Abbeel 2020) introduced the concept of learning
a reverse process of a fixed Markov chain to generate high-
quality samples. However, due to the computational com-
plexity involved in working with the original pixel space,
optimization and evaluation in DDPMs can be resource-
intensive. To address this issue, the Latent Diffusion Model
(LDM) (Rombach et al. 2022) abstracts imperceptible de-
tails into a compact latent space using a VAE framework.
LDMs follow a structured training process where data is
first transformed into a latent space representation through
an encoder and later reconstructed via a decoder. The for-
ward process gradually adds noise from¢ = Otot = 1,
expressed as:

zZt =V azp + V1 — Qe (H

where &; is a time-dependent hyperparameter and ¢ ~
N (0, I) represents the added noise. The models are trained
by minimizing the mean squared error between the predicted
noise and the actual noise, which can be expressed as:

@

By removing the predicted noise from ¢ = 1 to ¢ = 0, the
reverse process efficiently generates high-quality images.

Moreover, to improve the control over the output, clas-
sifier guidance (Dhariwal and Nichol 2021) and classifier-
free guidance (CFG) (Ho and Salimans 2021) methods have
been introduced. Classifier guidance incorporates an exter-
nal classifier into the reverse process to guide the generation
toward specific classes. On the other hand, CFG eliminates
the dependency on an external classifier by jointly training
the model on both conditional and unconditional objectives.
CFG allows direct control during sampling by interpolating
between the two, which can be expressed as:

€o(z,¢) = €g(z, ¢) + Blea(z, ¢) — €a(zt)),

where [ is the classifier-free guidance scale.

Li = |lea(zt,¢) — €l|2.

3)

3 Background

In this section, we first introduce two key objectives of DD:
Fidelity and Diversity. We also describe two core compo-
nents of our method for achieving these goals: Bayesian Op-
timization (BO) and Mutual Information (MI).

3.1 Fidelity & Diversity

Fidelity and Diversity are the two central objectives of DD,
steering the distilled set to preserve the semantic content of
the original data and its natural variation.

Fidelity ensures that distilled samples remain faithful
to the original distribution’s semantics and structure. In
diffusion-based DD, fidelity is particularly critical because
pretrained diffusion models often exhibit a distribution gap
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from the target data, which can cause failure to preserve key
characteristics of the original data.

Diversity captures intra-class variability and multiple
modes of the target distribution. Insufficient diversity yields
mode collapse, where generated samples become overly
similar and fail to capture the full range of valid variations.

In DD, maintaining balance between fidelity and di-
versity is a critical issue. Over-emphasizing fidelity can
make the distilled set rigid and less generalizable, while
over-emphasizing diversity may harm fidelity.

3.2 Bayesian Optimization and Its Role

Bayesian Optimization (BO) is a powerful framework for
optimizing costly black-box functions where gradients are
unavailable. We formulate the selection of diffusion sam-
pling parameters as a black-box optimization problem, and
use BO to efficiently search for optimal settings that enhance
the quality of the distilled dataset while minimizing costly
evaluations. More details will be discussed in Section 4.2.

Gaussian process surrogate. BO models the objective
f(-) with a Gaussian Process (GP) GP(m, k). Given obser-
vations M = {(z;, f;)}, the GP posterior at x provides a
predictive mean m(z) and uncertainty o(x), which guide
sample-efficient exploration of the search space.

Acquisition function. In BO, candidates are chosen by
maximizing an acquisition function. An acquisition function
converts the GP model’s predictive mean m(z) and uncer-
tainty o (x) into a single utility that scores where to evaluate
next. We use the Upper Confidence Bound (UCB),

UCB(z) = m(z) + ko(x),
where x balances exploration and exploitation.

3.3 Mutual Information

To promote diversity, we regulate the MI between generated
samples during the sampling process of diffusion models.
Shannon MI quantifies the dependency between two vari-
ables. If samples belonging to the same class have a high MI
value, this indicates redundancy, suggesting that there exist
repetitive samples within a class. To better control redun-
dancy in DD, we employ Rényi Mutual Information (RMI),
a generalization of Shannon MI, defined as:

log ([ [ px.v (z,y)"px (x)' = “py (y)! = dx dy)
a—1

where a > 0, # 1. As @ — 1, RMI converges to Shannon
ML

In the literature (Jalali, Li, and Farnia 2023a; Fried-
man and Dieng 2023; Pasarkar and Dieng 2024; Jalali, Li,
and Farnia 2023b; Pal, Poczos, and Szepesvari 2010), RMI
has been used to measure the diversity of generative mod-
els, measuring dependencies across various distributions.
Specifically, class-conditional RMI is defined as:

L(X;Y | C)=Ep[l(X;Y | C=0)], ¥
which quantifies information overlap within each class. By
penalizing samples with high [,(X;Y | C), our method
promotes diversity by reducing redundancy among samples
and improving coverage of the original dataset distribution.

I, =




Algorithm 1: PROPOSED ALGORITHM

1: Imput: diffusion model D, teacher T, real dataset Dy,
search grids B (for 3), I" (for ), BO budget B, repulsion
weight A, mini-batch size mgeeq, [PC size NV

2: for each class c in the label set do

3: 8. < 0 {accumulated distilled images for class ¢}

4:  while |S.| < N do

5: Sample a mini-batch of seed images I C D

|I‘ = Mseed

6 M « 0 {BO observation set for this mini-batch}

7: Initialize a GP surrogate on B x I

8: for b =1to B do

9‘

0

(©) Wwith

real

Propose (3,~) via GP-UCB over B x T’
Generate proxy samples G« G}°°(I) (re-
duced denoising steps)

11: [« —KI(T(I) | T(G)) {mini-batch fidelity}

12: M+~ MU{(B,7, f)}; update GP with M

13: end for

14: (B*,7") < argmax(g y)es f

15: Generate full-quality images G < Gg‘llﬁ*(f P A)
with repulsion regularization in Eq. (6)

16: Se + S.UG

17:  end while

18: end for

19: return Sgiginea = U, Se

4 Proposed Method

We propose a diffusion-based DD method that enhances
both fidelity and diversity through two key components:

1. Adaptive Sampling with BO: Automatically selects
sample-specific sampling parameters by optimizing a fi-
delity objective, without finetuning the diffusion model.

2. Repulsion Regularization: Encourages diversity by re-
ducing redundancy. Our theoretical analysis demon-
strates that this regularization mechanism reduces the
cross-conditional RMI.

4.1 Opverall Distillation Process

We begin by describing our overall distillation process. In
this process, random samples from the original dataset are
selected and used as initialization points. For each class c,

we sample a mini-batch I C D§§;1)1 and run BO to select (3,7)
that maximize a teacher-guided fidelity score on proxy gen-
erations with fewer denoising steps. We then regenerate the
batch with the full sampler at (5*, v*) while applying repul-
sion regularization (Eq. (6)) to reduce redundancy, and accu-
mulate the results until the target image per-class (IPC) size

is satisfied. Algorithm 1 summarizes the overall process.

4.2 Adaptive Sampling with BO

We now provide more details about adaptive sampling.

Problem Setting In diffusion-based DD, the quality of
generated samples is mainly influenced by two key sam-

pling parameters', which are CFG scale 3 and denoising
strength ~. The optimal values of (3,v) vary depending
on the class, prompt alignment, and initialization, result-
ing in a data-dependent and non-stationary objective. This
motivates adaptive parameter selection rather than fixed set-
tings. To enable adaptive parameter selection, we employ
teacher-guided fidelity as the BO objective, where a higher
consistency between teacher predictions on real and gener-
ated samples results in a higher score f.

Adaptive Sampling Unlike conventional methods (e.g.,
D*M, Minimax) with fixed sampling strategies, we dynami-
cally adjust the diffusion process using latent representations
of real seeds to balance fidelity and diversity by modulating:

* CFG scale (3): controls the strength of adherence to the
label prompt.

* Denoising strength (v): adjusts how far the sample de-
viates from the initial image.

A higher CFG scale  can enhance perceptual quality by
exploiting the pretrained prior, but it can also lead to mis-
alignment with the original image. The denoising strength ~y
sets the reverse-process start step (top=y) rather than a fixed
tp=1, thereby controlling how much of the original image is
preserved. Using a smaller vy retains dataset-specific details,
while a larger v promotes diversity.

Since optimal values for (3, ) differ across samples and
prompts, a fixed sampling strategy often fails to maintain
both fidelity and diversity. Therefore, we evaluate candidate
settings using the prediction agreement with a teacher net-
work T'(x) as a proxy for fidelity. Moreover, since T'(x) is a
black-box function of (3, ), we employ BO to adapt these
parameters for each sample.

Detailed Bayesian Optimization Process

Fidelity objective For a batch I and generated images
G = Gga,(I), we define the fidelity score using soft labels
from the teacher as follows:

f(ﬂ7 '7) = _KL(Porig ” Pgen)7 (5)

where Pyig = T'(I) and Py, = T'(G). Larger fidelity scores
indicate stronger teacher agreement to the generated images.

BOloop Using the GP surrogate and UCB acquisition de-
scribed in Section 3.2, BO proposes (3, ) candidates. To re-
duce the computational cost, each candidate is scored with a
proxy sampler that uses only half denoising steps of the full
sampler.

Selection and regeneration After the BO budget is ex-
hausted, we select the best observed (3*, v*) and regenerate
images with the full sampler at these settings.

4.3 Repulsion Regularization

We also introduce repulsion regularization to prevent the
over-representation of dominant modes in distilled datasets.
Repulsion regularization penalizes redundant structures in
the latent space by incorporating a redundancy-aware kernel
into the diffusion process.

'This will be further analyzed in Section 6



Specifically, in each diffusion step for batch latent vari-
able {z;}Y |, we modify the update rule to penalize samples
with redundant information, which can be expressed as

1 -
Zit—1 = \/77 [Zi,t — M GG(ZLtaC)
— A Y Vi k(zi4, Zj,t)} +0:&. (6)
J#i
where:

* k(+,-) is a kernel that measures the redundancy between
samples.

¢ ) controls how strongly we push the latent vectors apart.
B
vV1—ay

* 0y is the noise scale and €; ~ N(0,1).

is the effective DDPM step.

S M

* &y(z4, c) is the noise prediction.

When A = 0, the update rule reduces to the standard dif-
fusion step without repulsion. By incorporating this repul-
sion term directly into each diffusion iteration, the latent di-
verges more effectively, mitigating the generation of dupli-
cate samples. Consequently, the model yields a set of images
that naturally cover a wider range of appearances and styles,
boosting diversity. In our experiments, we use Radial Basis
Function (RBF) kernel, k(z,y) = exp(—||z — y||3/(20?)),
with bandwidth ¢ > 0 which is widely recognized for its
ability to handle complex, nonlinear relationships in data.

Our repulsion regularization is supported by Theorem 1,
which shows that our regularization effectively reduces class
conditional RMI and enhances diversity.

Theorem 1. Let the k(z,y) = exp(—||z —y||3/(20?)) be a
positive-definite RBF kernel with bandwidth o > 0. Then

minimizing Zi,jevk(zgt),z;t)) decreases T, (X1.,|C),

where I, (X1.n|C) denotes the estimated class-conditional
RMI between generated images.

We provide the proof in the extended paper. By using a re-
pulsion regularization, our proposed method reduces class-
conditional RMI, penalizing unnecessary repetition between
generated samples and promoting diversity.

4.4 Training with Soft-Labels

After synthesizing the distilled dataset using the diffusion
model, we assess its effectiveness by training networks Sp.
It has been known (Qin, Deng, and Alvarez-Melis 2024) that
using soft labels from a teacher model for training large-
scale synthetic datasets can significantly enhance the ac-
curacy and generalizability of the student model. Conse-
quently, many researchers have utilized this soft-label ap-
proach (Shen and Xing 2022), including TESLA (Clui et al.
2023), RDED (Sun et al. 2024), and D*M (Su et al. 2024).
Therefore, we also implement the soft labels during the
training process, following (Shen and Xing 2022).
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Method Scalability Train-Free Dist. Match Novelty

DATM - v’ v’ v’
Minimax v’ - v’ v’
D*M v’ v’ - v’
RDED v’ v’ v’ -
Proposed v’ v’ v’ v’

Table 1: Properties and performance of various SOTA DD
methods. “Train-Free’ indicates that fine-tuning of diffusion
models is not required for new datasets, while ‘Distribution
match’ means that the generated data follows the original
data’s distribution. Unlike other DD methods, our approach
is the only scalable DD method that can generate diverse and
novel samples with high fidelity, without requiring training.

5 Comparison with the SOTA Methods
5.1 Property Comparison

We first analyze the efficiency and generalization capability
of our proposed method by comparing it with the state-of-
the-art DD methods. Comparison results are detailed below
and summarized in Table 1.

* DATM: DATM is an optimization-based DD method ca-
pable of achieving performance comparable to the origi-
nal dataset. However, the excessive optimization process
of DATM limits its scalability to high-resolution datasets.

» D*M: D*M is a diffusion-based DD method that uses the
prototype samples generated by the original dataset as
initialization points for the reverse process of diffusion.
As a training-free approach, it offers computational ef-
ficiency, but uncontrolled guidance may sometimes pro-
duce samples with low fidelity.

* Minimax: Minimax fine-tunes a diffusion transformer
(DiT) to generate diverse and representative samples.
Minmax requires much higher computational and mem-
ory overhead compared to training-free approaches.

* RDED: RDED distills the datasets through cropping and
selecting patches from the original dataset. Since it only
reuses existing patches, it cannot generate novel sam-
ples absent in the original dataset. This limitation also
raises concerns about privacy protection when direct use
of original data is not permissible.

Contrary to previous methods, our proposed method effec-
tively scales to large datasets, requires no additional train-
ing, maintains fidelity, and is capable of generating novel
samples that were not present in the original dataset.

5.2 Experimental Results

We now evaluate the performance of the proposed method
across various datasets and networks. The detailed experi-
mental settings are provided in the extended paper.

Visualization of distilled dataset First, we present im-
ages generated by our method in Figure 2, along with those
created by D*M and the original images. Our method no-
tably improves the fidelity and diversity of the synthesized
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Figure 2: Visualization of random original images, images generated by D*M (Su et al. 2024), and our proposed method. The
first row comes from the original dataset and the second row comes from D*M. In comparison to previous methods, our method
significantly enhances the fidelity to the original data distribution and the diversity of the synthesized dataset.

ResNet-18 ResNet-101
dataset IPC SRe’L RDED D*M Minimax CaO; Proposed SRe’L. RDED D*M Minimax CaO, Proposed
10 294 614 674 576 650 74.6 234 540 572 344 663 60.4
ImageNette 50 409 804 81.6 73.0 845 87.8 365 750 73.6 648 81.7 86.0
100 - 862 87.0 76.0 - 92.1 - 85.6 87.0 758 - 91.3
10 202 385 43.0 376 456 572 17.7 313 320 383 36.5 39.6
ImageWoof 50 233 685 716 57.1 68.9 72.6 212 59.1 542 549 631 69.4
100 - 694 73.0 634 - 78.7 - 66.6 748 61.6 - 76.7
10 95 36.0 30.2 225 36.6  39.0 64 339 294 19.6 34.5 371
ImageNet-100 50 27.0 61.6 672 409 68.0 70.7 25.7 660 712 37.1 70.8 72.7
100 - 68.0 754 618 - 78.6 - 742 768 589 - 81.0
10 21.3 420 279 174  46.1 46.6 309 483 342 172 522 563
ImageNet-1K 50 468 565 552 324 600 614 60.8 612 634 382  66.2 67.8
100 528 605 593 527 - 63.2 62.8 64.1 665 532 - 68.8

Table 2: Experimental results on high-resolution dataset.

images. To be more specific, in the ‘Ostrich’ class, images
generated by D*M exhibit high-quality appearances but tend
to feature similar poses and only highlight the most promi-
nent aspects of the objects. In contrast, our proposed method
produces images with diverse poses, backgrounds, and ap-
pearances. Additionally, when the CFG is misaligned with
the original distribution, such as in the ‘Drake’ and ‘Kite’
classes, D*M generates completely inaccurate images. Con-
versely, our method successfully creates images that retain
features of the original dataset. This suggests that the adap-
tive sampling and repulsion regularization implemented in
our approach significantly enhance coverage of the original
distribution, ensuring high fidelity and increased diversity.

Performance in high-resolution Datasets Following (Su
et al. 2024; Gu et al. 2024; Sun et al. 2024), we have experi-
mented on ImageNet and its three subsets: ImageNette, Im-
ageWoof, and ImageNet-100. We have used ResNet-18 and
ResNet-101 network architectures, and the experimental re-
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sults are indicated in Table 2. Our proposed method demon-
strates the highest performance across various datasets and
networks, outperforming the baseline by a large margin.

Comparison with recent training-free diffusion-based
distillation methods We also compare our method with
MGD? and IGD in Table 3. Our core novelty is that we ad-
dress a challenging and practical scenario where the back-
bone’s pre-training and target data are unaligned. By utiliz-
ing BO and repulsion regularization, we enable DD in the
unaligned setting, which is critical for generalizability, as
it’s impractical to have a pretrained diffusion model for ev-
ery new dataset. Our method achieves the highest accuracy
in difficult unaligned cases, even surpassing the performance
of MGD? and IGD from the favorable aligned setting.

5.3 Image Quality Analysis

We now provide a quantitative analysis of the generation
quality of synthetic datasets using diffusion models. To eval-



ImageNet, IPC=50 Ours MGD? IGD
Align. assumption X A o
Acc ( %, aligned case, DiT) - 60.2 59.8
Acc ( %, unaligned case, LDM) 61.4 58.5 -

Table 3: Property and performance comparison with recent
diffusion-based DD methods. Align assumption indicates
whether a method assumes the pre-training dataset for dif-
fusion backbone is aligned with the target dataset for DD.

Metrics |RDED D*M Minimax Proposed
FID Score | 56.4 61.7 57.9 48.7
KID Score (1e-2) || 1.73 0.92 1.57 0.72
Precision 1 0.61 0.67 0.88 0.84
Recall 1 0.01 0.14 0.21 0.45
Density 1 1.63 1.35 1.84 1.86
Coverage 1 025 024 0.31 0.33

Table 4: Diversity and Fidelity analysis based on FID score,
KID score, Precision, Recall, Density, and Coverage.

uate the diversity and fidelity of the generated data, we use
Fréchet Inception Distance (FID) (Heusel et al. 2017), Ker-
nel Inception Distance (KID) (Birikowski et al. 2018), Preci-
sion, Recall (Kynkddnniemi et al. 2019), Density, and Cov-
erage (Naeem et al. 2020), which are widely used metrics for
assessing the synthetic image quality. FID, KID, and Preci-
sion are metrics closely related to the fidelity of the dataset.
Recall, Density, and Coverage are closely associated with
the diversity of the dataset.

As shown in Table 4, our proposed methods effectively
improve all the metrics. Notably, our method significantly
outperforms D*M and even surpasses Minimax on all met-
rics except precision. This indicates that our method main-
tains fidelity by generating samples that closely resemble the
original dataset, while enhancing diversity at the same time
by covering a broader range of the original data distribution.

5.4 Distillation Cost Analysis

We also analyze distillation time and GPU memory us-
age, with results summarized in Table 5. MTT and TESLA,
which are optimization-based DD methods, require high
GPU memory and generation time. Diffusion-based meth-
ods such as D*M and Minimax show much lower memory
and generation time. Notably, our method is training-free,
achieving lower generation time and memory than Minimax.
Moreover, unlike D*M, our method does not require latent
prototype generation, resulting in 40.6% memory usage of
D*M while achieving similar generation time. We also note
that of this 2.7s per-image generation time of our method,
the BO overhead accounts for 0.7s (26%).

6 Effect of Adaptive Sampling

Moreover, to analyze the effect of /3, v on the quality of
the generated image, we visualize the images generated
with various 3, v in Figure 3. As demonstrated in the
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MTT TESLA Minimax D*M Proposed

Time(s) 45.0 46.0 10.1 2.6 2.7
GPU(GB) 799 139 10.0 6.4 2.6

Table 5: Comparison of diffusion-based distillation methods
in terms of time and GPU memory usage.

3.0

5.0

Figure 3: The effect of 8 and « on the generated samples
“papillon”. The blue line represents samples with insuffi-
cient detail due to a low CFG scale, while the green line
represents samples with low fidelity due to incorrect guid-
ance. Conversely, the red line indicates high-quality samples
with sufficient detail. We also indicate the fidelity score from
Equation (5) in the figure and indicate the sample whose pa-
rameters are selected by BO using black dotted lines.

figure, employing adaptive sampling that utilizes an ade-
quate (3, 7y) pair is essential for generating high-fidelity sam-
ples. However, the appropriate values vary across different
datasets and classes, and testing all possible combinations
is resource-intensive. Therefore, we employ BO to identify
the optimal values, effectively determining the settings for
producing high-fidelity samples.

7 Conclusion

In this work, we proposed a novel diffusion-based DD
framework that effectively generates diverse and realis-
tic samples. By leveraging adaptive sampling and repul-
sion regularization, our approach enhances the diversity of
the distilled dataset while maintaining fidelity to the orig-
inal data distribution. Unlike previous methods that rely
on architecture-dependent optimization or expensive fine-
tuning, our framework does not require any fine-tuning
process and generalizes well across different architectures,
significantly reducing both memory requirements and dis-
tillation time. Experiments demonstrate that our method
outperforms state-of-the-art DD approaches across various
datasets and architectures.
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