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Abstract. Dataset distillation provides an effective approach to reduce
memory and computational costs by optimizing a compact dataset that
achieves performance comparable to the full original. However, for large-
scale datasets and complex deep networks (e.g., ImageNet-1K with ResNet-
101), the vast optimization space hinders distillation effectiveness, limit-
ing practical applications. Recent methods leverage pre-trained diffusion
models to directly generate informative images, thereby bypassing pixel-
level optimization and achieving promising results. Nonetheless, these
approaches often suffer from distribution shifts between the pre-trained
diffusion prior and target datasets, as well as the need for multiple dis-
tillation steps under varying settings. To overcome these challenges, we
propose a novel framework that is orthogonal to existing diffusion-based
distillation techniques by utilizing the diffusion prior for patch selection
rather than generation. Our method predicts noise from the diffusion
model conditioned on input images and optional text prompts (with or
without label information), and computes the associated loss for each
image-patch pair. Based on the loss differences, we identify distinctive
regions within the original images. Furthermore, we apply intra-class
clustering and ranking on the selected patches to enforce diversity con-
straints. This streamlined pipeline enables a one-step distillation process.
Extensive experiments demonstrate that our approach consistently out-
performs state-of-the-art methods across various metrics and settings.

Keywords: Dataset distillation · Diffusion model

1 Introduction

The rapid advancement of deep learning has driven impressive performance gains
through increasingly deeper and more complex models trained on large-scale
datasets [6,9]. However, training these models demands significant memory and
computational resources. Dataset distillation has recently emerged as an effective
approach to data compression [17], offering substantial reductions in resource
consumption.
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Fig. 1: Comparison of diffusion-based distilla-
tion methods. (a) Fine-tuning a diffusion model
pre-trained on ImageNet-1K to directly gen-
erate images. (b) Fine-tuning the prototypes
of the original images to generate images. (c)
Identifying the most representative regions in
the real images. The images generated by our
method more effectively represent the feature
distribution of the original dataset.

By optimizing images in pixel
space through information match-
ing (e.g., gradient matching),
these optimization-based meth-
ods produce smaller synthetic
datasets that can achieve com-
parable performance to the orig-
inal data [1, 32, 33]. Despite their
promising performance, the vast
pixel-level optimization space re-
stricts the feasibility of these
methods to small-scale datasets,
e.g., CIFAR-10/100 [15], thus lim-
its their generalization. A re-
cent approach, SRe2L [31], scales
optimization-based methods to
larger datasets (e.g., ImageNet-
1K [5]) by using a pre-trained
classifier to guide dataset synthe-
sis. However, its strong depen-
dence on proxy models during op-
timization often hinders the dis-
tilled dataset’s generalization, limiting broader applicability. Another critical
limitation arises when handling various distillation configurations, such as dif-
ferent subsets of large datasets. Previous optimization-based methods typically
incur substantial redundant costs due to repeated distillation requirements. Al-
though recent works [10,11] aim to address this issue, their applicability remains
confined to small-scale datasets.

Subsequent methods [3, 4, 8, 27, 28, 34] that avoid direct image optimization
have shown promise for scaling dataset distillation to larger datasets and more
complex model architectures, addressing several severe limitations of previous
methods. RDED [28] leverages a pre-trained classifier (e.g., ResNet-18 [9]) to se-
lect patches randomly cropped from real images and then concatenate them into
synthetic images. While RDED achieves substantial performance improvements,
it requires careful model selection and retraining of a classifier tailored to the spe-
cific dataset. Moreover, concatenated images often lack complete class-relevant
features, especially for complex models with higher learning capacity. Model-
Finetuned methods [4, 8] address distillation by pruning the DiT model [20] to
generate synthetic datasets using regularization based on dataset representative-
ness and diversity. However, these methods rely on a diffusion model pre-trained
on ImageNet-1K, requiring fine-tuning for different target datasets, which limits
flexibility. Prototype-Finetuned methods [3,27] apply a pre-trained text-to-image
Stable Diffusion (SD) [21] to generate synthetic datasets by finetuning original
images in latent space. However, without constraints on distributional differences
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between the LDM’s pre-training data (e.g., LAION [23]) and the target dataset
(e.g., ImageNet-1K), these methods can produce class-irrelevant or noisy images.

To overcome these limitations, we propose a novel dataset distillation paradigm
that leverages diffusion model’s prior to select the most informative image patches.
Specifically, for each input image from the original dataset, we first predict the
noise map using the pre-trained SD, with and without the label text prompt,
calculating losses for each scenario. The differential loss quantifies representa-
tiveness, enabling us to crop patches most relevant to the label guided by the
target dataset’s data distribution. Additionally, we can effectively constrain the
implicit data distribution learned by the diffusion model by using the pre-trained
SD to identify class-pertinent regions.

To mitigate the inherent diversity of diffusion models, we apply clustering
to capture the visual features most representative of each class. Specifically, we
compute diffusion features for all patches inspired by recent work [29], allowing
for efficient clustering and ranking of the cropped patches. Figure 1 illustrates a
comparison between our method and previous diffusion-based generative distil-
lation methods. Extensive experiments demonstrate that our approach achieves
state-of-the-art (SOTA) performance on large-scale datasets, supporting an effi-
cient, unrestricted, one-step distillation process.

Our contributions are summarized as follows:

– We introduce a novel dataset distillation framework that diverges from con-
ventional methods by leveraging pre-trained diffusion models in an orthog-
onal way. Our approach uniquely addresses distributional discrepancies be-
tween the diffusion model and target dataset, offering a new perspective on
improving dataset fidelity and applicability.

– Our proposed paradigm enables a highly efficient, one-step distillation pro-
cess, eliminating the need for model training and fine-tuning, and avoiding
repetitive distillation across class combinations or compression ratios.

– Extensive experiments demonstrate that our method consistently surpasses
existing training-free methods across various settings.

2 Related Work

2.1 Dataset Distillation

Dataset distillation was initially regarded as a meta-learning problem [30]. It
involves minimizing the loss function of the synthetic dataset through a model
trained on this dataset. Since then, several approaches have been proposed to
enhance the performance of dataset distillation.

Recent methods propose the decoupled distillation strategy and successfully
extend the dataset distillation application to large-scale datasets. SRe2L [31]
leverages a pre-trained classifier to compute the cross-entropy loss of the syn-
thetic dataset for updates, while RDED [28] calculates the confidence of ran-
domly cropped patches from the original images with a pre-trained classifier and
concatenates them together to form the synthetic dataset. Recent methods [2,35]
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have introduced GAN as a parameterization technique. While with the develop-
ment of generative models, the diffusion models are introduced to directly gener-
ate synthetic datasets, achieving promising performance [3,4,8,27,34]. However,
existing diffusion-based methods are constrained by the implicit data distribu-
tion learned by diffusion models, leading to significant distributional bias in the
synthetic dataset. In addition, aforementioned methods still fail to complete the
distillation process in one pass for all settings. To address these issues, we utilize
diffusion model to actively identify the most class-relevant regions in the original
images, enabling an efficient dataset distillation process.

2.2 Diffusion Model

As a class of generative approaches, diffusion-based frameworks learn to pro-
gressively convert Gaussian-distributed noise vectors ϵ ∼ N (0, I) into samples
matching target distributions X , demonstrating remarkable effectiveness across
diverse applications [25, 36, 37]. These models employ a neural network ϵθ(x, t)
parameterized by θ to estimate noise components, operating through sequential
refinement steps denoted by a temporal parameter t. The denoising procedure
typically involves iterative updates where the network processes corrupted inputs
x at progressive noise levels determined by different timestap t.

The training protocol for latent diffusion models involves two core phases.
Initially, an encoder network E(·) compresses input samples x into latent repre-
sentations z = E(x). These latent codes undergo systematic corruption through
a diffusion trajectory determined by uniformly sampled timestep t, implemented
via the forward process formulation:

Nt(z, ϵ, t) =
√
ātz+ (1−

√
āt)ϵ, (1)

where Nt denotes the predicted noise at timesteps t, and the time-dependent
attenuation factors

√
āt govern the noise blending proportions. The denoising

network ϵθ then learns to recover original signals, which is achieved through the
optimization objective:

Lt(z, ϵ) = |ϵθ(Nt(z, ϵ, t), t)− ϵ|22. (2)

During the generation phase, novel samples are synthesized through a reverse
diffusion process [12,26] that progressively refines Gaussian noise samples zT over
multiple iterations. For conditional generation tasks like text-to-image synthesis,
the framework incorporates semantic conditioning signals c (e.g., text embed-
dings) as auxiliary inputs. This extends the denoiser architecture to ϵθ(z, t, c),
modifying the training objective accordingly:

Lt(z, ϵ, c) = |ϵθ(Nt(z, ϵ, t), t, c)− ϵ|22. (3)
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Fig. 2: (a): Stage I leverages image and corresponding differential class text prompts
as inputs to the diffusion model to select the regions that most represent class-relevant
features. (b): Stage II first computes DIFT of the patches and performs clustering to
aggregate the most representative visual elements for each class. The evaluation pro-
cess utilizes soft labels provided by a pre-trained teacher model. Rather than existing
methods employing diffusion models, our proposed method maximizes the restoration
of the original data distribution.

3 Method

In this section, we delve into the specifics of our method, aiming to address the
limitations of previous methods. The overall framework of our method is shown
in Figure 2.

3.1 Optimal Class-relevant Feature Selection

In recent years, several methods propose the utilization of pre-trained diffu-
sion models to directly generate images in order to improve dataset distillation
performance on large-scale datasets. However, these methods often face the chal-
lenge of distributional differences between the pre-training dataset and the target
dataset. Model-finetuned methods [4,8] rely on fine-tuning a diffusion model pre-
trained on ImageNet-1K, while Prototypes-finetuned methods [3,27] attempt to
obtain representative samples through finetuning the original images in latent
space. Both of them remain constrained by the distributional shifts introduced
during the unconstrained denoising process.

To address the issue of data heterogeneity, we introduce a framework consist-
ing of two stages that utilizing the diffusion model for localization rather than
generation. As illustrated in Stage I of Figure 2, we first utilize diffusion models
as zero-shot image-wise classifiers [18], which can be formulated as:

p(ci|z) =
exp{−Eϵ,t[ϵθ(Nt(z, ϵ, t), t, ci)− ϵ]}∑
j exp{−Eϵ,t[ϵθ(Nt(z, ϵ, t), t, cj)− ϵ]}

=
1∑

j exp{Eϵ,t[Nt(z, ϵ, ci)−Nt(z, ϵ, cj)]}
.

(4)

where ci ∈ [C] and [C] represents the label space, z is the latent of input im-
age x. However, such an approach can only select the image with the highest
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classification probability, lacking further constraints. Additionally, a larger class
space can lead to significant computational overhead. Using the classifier-free
guidance [13], we redefine the label space for a specific label c and rewrite Equa-
tion (4) as follow:

p(c|z) = 1

1 + exp{Eϵ,t[Nt(z, ϵ, c)−Nt(z, ϵ, ϕ)]}
, (5)

where ϕ and c represents the classifier-free guidance and label text prompt re-
spectively (i.e., “An image of .” and “An image of c”). We then simplify the
computation as follow:

M(z|c) = Eϵ,t[Nt(z, ϵ, c)−Nt(z, ϵ, ϕ)]. (6)

Obviously Equation (5) and Equation (6) are monotonically equivalent. Based on
the differential noise map M(z|c) ∈ RH×W×3, we could calculate the representa-
tive score R(p|c) within each patch p in original image. To enable computation
on the original image, we first upsample the noise map from the latent space to
the original image resolution via interpolation and take the channel-wise average
to obtain M̂(x|c) ∈ RH×W . We then apply an average pooling kernel to compute
the score for each patch, as illustrated below:

R(p|c) =
∑

xi,xj∈p

M̂(x|c)[i, j]. (7)

Based on these representation scores, we can select the final distilled data and
further reduce the complexity. The detailed workflow is depicted in Algorithm 1.

3.2 Visual Elements Aggregation

Although we have successfully selected the most representative patches, the
overly complex data often introduce excessive randomness. To enhance the rep-
resentativeness and reduce the randomness of the synthetic dataset, we perform
an effective selecting strategy on the cropped patches as shown in the Stage II
of Figure 2. With diffusion model, we select DIFT [29]for applying clustering,
where noise at a specific time step is added to the latent of input image, and
passed through a U-Net [22] with text condition to obtain the intermediate layer
activations as features. On this basis, we use K-means [19] to cluster the selected
patches.

To better leverage clustering information, we have designed a ranking rule:
1) Intra-cluster. patches are ranked based on their distance to the centroid
instead of corresponding R(p|c). 2) Inter-cluster. clusters are ranked based
on the median R(p|c) of the patches within each cluster. In practice, we fix the
number of cluster centers at 32 and prioritize the selection of patches from the
top 10 clusters under all compression settings to ensure both representativeness
and diversity. Furthermore, when IPC ≤ 10, we follow the experimental setup of
RDED by concatenating multiple patches into a single image. While for other
settings, we treat each patch as an individual image.
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Algorithm 1 Pseudocode of the proposed method
Input: (T , Y): Real dataset and corresponding label texts. P: Selected patches. I: Pre-

trained image encoder. T : Pre-trained text encoder. U : Pre-trained time-conditional
U-Net. T : Number of diffusion time-steps. C: Number of top cluster centers.

1: initialize S = ∅
2: Z = I(T ) ∼ Pz

3: for each class Y ∈ Y do
4: c = T (Y )
5: initialize SY ,PY = ∅
6: for each latent z ∈ Z do
7: for i ← 0 to N − 1 do
8: t ∼ U(0.1, 0.7)
9: Ni = Nt(z, ϵ, c)−Nt(z, ϵ, ϕ)

10: end for
11: M(z|c) = 1

T

∑
i Ni

12: p = argmax
p

∑
xi,xj∈p M̂(x|c)[i, j])

13: PY ← PY ∪ {p}
14: end for
15: cluster(U(I(PY ), c, 160))
16: for i ← 0 to C − 1 do
17: SY ← SY ∪ top(Pi

Y )
18: end for
19: S ← S ∪ SY
20: end for
Output: S: Distilled dataset.

4 Experiments

In this section, we demonstrate that our method outperforms existing approaches
in both performance and computational efficiency. More experimental results and
additional ablation studies are provided in the appendix.

4.1 Experimental Settings

Datasets and Architectures. To evaluate our proposed method on low-resolution
datasets, we conduct experiments on CIFAR-10/100 [15] and TinyImageNet [16],
with ConvNet [7] serving as the backbone. For high-resolution data, we perform
evaluations on ImageNet-1K [5] and its widely used subsets, including ImageNet-
100 [14], ImageNette and ImageWoof [1], utilizing ResNet-18 [9] as the backbone.

Baselines. we consider recent methods applicable to large-scale datasets as
strong competitors. SRe2L [31], by updating the synthetic dataset using the
CE-loss of a pre-trained classifier and introducing soft label matching, was the
first method to be feasibly applied to large-scale datasets. RDED [28] signifi-
cantly improved computational efficiency and performance by evaluating ran-
domly cropped patches with a pre-trained classifier and concatenating them
together to generate images. Minimax [8] and IGD [4] proposed fine-tuning DiT
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Fig. 3: Visualization comparison of images from the top ten classes of the ImageNet-1k
dataset is presented (not cherry picked). From top to bottom, each row corresponds
to the real dataset, RDED, Minimax, D4M, and ours under IPC=50. Compared to
existing methods, our method fully adheres to the distribution of the real dataset and
demonstrates a sharper focus on class-specific features.

model pre-trained on ImageNet-1K by using the distribution of target dataset as
a regularization to directly generate images. D4M [27] and MGD3 [3] extended
the range of diffusion models to pre-trained text-to-image Stable Diffusion, uti-
lizing the cluster centers of latent to generate synthetic datasets.

Evaluation Protocol. In line with previous work, we set IPC=10 and 50 for
low-resolution datasets, and IPC=10, 50, and 100 for high-resolution datasets to
enable more efficient learning. During the training process, we employ a fixed pre-
trained classifiers to provide soft labels. Subsequently, five randomly initialized
networks are trained on the distilled dataset, with the average performance of
these networks evaluated. We use the same evaluation hyper-parameters with
EDC [24].

Implementation Details. When calculating M(z|c) of images, we select a
time-step range of [0.1, 0.7], whereas for the computation of DIFT, a time-step
of 160 is employed. Across all IPC settings, we prioritize cropping the patches
with resolution of 224× 224 and selecting them from the top 10 ranked clusters
after clustering. All the experiments were carried out using PyTorch on NVIDIA
RTX-3090 GPUs.

4.2 Performance Improvements

High-resolution Results. For high-resolution datasets, we first resize the small-
est edge of images to 256 pixels while maintaining height-width ratio. The resized
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Table 1: Performance comparison with methods applicable to large-scale datasets.
Following the evaluation protocol of RDED, we use ResNet-18 as the teacher model
for generating the dataset.

ResNet-18 DiT-ImageNet Stable Diffusion

Dataset IPC SRe2L RDED Minimax IGD D3HR D4M MGD3 Ours

10 29.4 ± 3.0 61.4 ± 0.4 57.2 ± 0.8 58.3 ± 0.2 58.1 ± 0.2 57.4 ± 0.4 58.9 ± 0.4 61.7 ± 0.4
ImageNette 50 40.9 ± 0.3 80.4 ± 0.4 84.4 ± 0.5 85.5 ± 0.3 85.7 ± 0.2 84.8 ± 0.2 85.2 ± 0.5 86.4 ± 0.2

100 50.2 ± 0.4 89.6 ± 1.0 90.1 ± 0.6 91.6 ± 0.5 90.9 ± 0.2 90.4 ± 0.7 91.0 ± 0.2 92.0 ± 0.3

10 20.2 ± 0.2 38.5 ± 2.1 38.1 ± 0.6 39.8 ± 0.1 39.3 ± 0.3 36.8 ± 1.2 38.2 ± 0.4 44.5 ± 0.4
ImageWoof 50 23.3 ± 0.3 68.5 ± 0.7 71.2 ± 0.6 72.8 ± 0.4 73.0 ± 0.2 71.4 ± 1.4 72.1 ± 0.5 73.5 ± 1.4

100 37.6 ± 0.3 77.2 ± 0.6 77.4 ± 0.2 78.3 ± 0.4 78.7 ± 0.3 78.5 ± 0.3 77.9 ± 0.2 79.6 ± 0.2

10 9.5 ± 0.4 36.0 ± 0.3 31.6 ± 0.7 33.2 ± 0.3 34.0 ± 0.2 33.4 ± 0.2 34.2 ± 0.5 36.8 ± 0.2
ImageNet-100 50 27.0 ± 0.4 61.6 ± 0.1 64.0 ± 0.5 64.2 ± 0.3 65.3 ± 0.2 62.7 ± 0.6 64.1 ± 0.3 67.5 ± 0.3

100 39.4 ± 0.1 75.2 ± 0.3 76.4 ± 0.3 77.8 ± 0.3 77.2 ± 0.2 76.8 ± 0.5 76.7 ± 0.3 78.6 ± 0.2

10 21.3 ± 0.6 42.0 ± 0.1 44.3 ± 0.3 45.5 ± 0.5 44.3 ± 0.3 27.9 ± 0.3 41.8 ± 0.2 46.1 ± 0.3
ImageNet-1K 50 46.8 ± 0.2 56.5 ± 0.1 58.6 ± 0.3 60.3 ± 0.4 59.4 ± 0.1 55.2 ± 0.3 57.2 ± 0.4 61.0 ± 0.3

100 52.5 ± 0.5 59.5 ± 0.8 60.2 ± 0.3 61.4 ± 0.3 62.5 ± 0.0 59.3 ± 0.4 61.7 ± 0.5 63.0 ± 0.2

Table 2: Performance comparison on low-resolution datasets. To compare with in-
formation matching distillation methods, we use ConvNet-3 and ConvNet-4 as the
backbone for CIFAR10/100 and TinyImagenet respectively. For decoupled distillation
methods, we use ResNet-18 as the backbone. All the performance are evaluated on the
same model architecture.

ConvNet ResNet-18

Dataset IPC DSA IDM TESLA RDED Ours SRe2L D4M Ours

CIFAR10 10 52.1 ± 0.5 58.6 ± 0.1 66.4 ± 0.8 50.2 ± 0.3 48.8 ± 0.4 29.3 ± 0.5 34.2 ± 0.3 36.4 ± 0.2
50 60.6 ± 0.5 67.5 ± 0.1 72.6 ± 0.7 68.4 ± 0.1 66.2 ± 0.3 45.0 ± 0.7 60.9 ± 0.1 61.0 ± 0.6

CIFAR100 10 32.3 ± 0.3 45.1 ± 0.1 41.7 ± 0.3 48.1 ± 0.3 47.3 ± 0.4 27.0 ± 0.4 40.8 ± 0.5 41.5 ± 0.4
50 42.8 ± 0.4 50.0 ± 0.2 47.9 ± 0.3 57.0 ± 0.1 57.6 ± 0.2 50.2 ± 0.4 62.3 ± 0.4 63.8 ± 0.3

TinyImageNet 10 - 21.9 ± 0.3 - 39.6 ± 0.1 40.3 ± 0.2 16.1 ± 0.2 35.1 ± 0.4 40.2 ± 0.5
50 - 27.7 ± 0.3 - 47.6 ± 0.2 49.2 ± 0.7 41.1 ± 0.4 52.7 ± 0.4 58.5 ± 0.2

images are then fed into the diffusion model to calculate M(z|c) of the images
and that of all patches with a 224 × 224 averaging pool kernel. For instance,
when IPC = 100, we select 10 patches from the top ten clusters. If a cluster
contains insufficient patches, we supplement the synthetic dataset by selecting
the highest-scoring patches. As shown in Table 1, our proposed method demon-
strates significant improvements across various datasets and IPC settings. In
specific configurations, our approach exceeds baseline’s performance by more
than 10%, further validating the superiority of our method.

Low-resolution Results. For low-resolution datasets, we maintain the same
setting as in RDED, utilizing the diffusion model to calculate the M(z|c) of full-
image without cropping, followed by clustering, we then evaluate the synthetic
datasets on the same architecture. As demonstrated in Table 2, the incorporation
of the diffusion model yields performance on CIFAR-10 that is comparable to,
or even exceeds, that of existing methods when applied within our proposed
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Fig. 4: Comparison of t-SNE visualizations of features extracted by a pre-trained
ResNet-18 on ImageWoof under IPC=100.

framework. On more complex datasets, such as CIFAR-100 and TinyImageNet,
our approach outperforms all current optimization-based methods and achieves
SOTA performance, surpassing all prior techniques.

4.3 Qualitative Analysis

To better understand the superiority of the datasets generated by our proposed
method, we used t-SNE to visualize and analyze datasets produced by differ-
ent methods. As shown in Figure 4, it is evident that the dataset generated
by RDED [28] is overly concentrated around class centers because it originates
from a pre-trained classifier. Additionally, since the pre-trained classifier cannot
guarantee accurate classification results, the synthetic dataset from RDED suf-
fers from class mixing issues. Similarly, the Minimax [8] and IGD [4], which uses
the DiT pre-trained on ImageNet-1K to generate images, also results in datasets
that are overly concentrated in class centers. This concentration can be detri-
mental to model learning when IPC increases. On the other hand, D4M [27] and
MGD3 [3] generates images using SD, which is entirely unrelated to ImageNet-
1K, resulting in datasets with excessive noise and outlier samples. In contrast to
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Table 3: Synthetic dataset performance on ImageNet-1K with various teacher-student
architectures under IPC=50. Our proposed method shows significant improvement with
both CNNs and ViTs. “ ” denotes the best performance of student network.

Teacher Network Student Network

ResNet-18 ResNet-50 ResNet-101 MobileNet-V2 EfficientNet-B0 Swin-T ViT-B

ResNet-18 61.0 63.1 65.7 53.6 60.4 61.8 63.7
ResNet-50 52.2 64.8 66.7 48.9 56.2 51.3 60.1
ResNet-101 50.1 63.7 66.5 46.1 55.5 42.8 50.5
MobileNet-V2 55.2 62.5 65.0 55.3 60.5 57.2 62.3
EfficientNet-B0 45.8 59.1 61.1 45.0 58.4 51.7 60.3
Swin-T 34.4 51.2 52.7 35.1 44.1 51.1 50.2
ViT-B 31.2 46.9 49.3 32.7 40.0 41.3 46.2

Table 4: We present an analysis of the generalization capabilities of various distillation
methods under different settings, where !denote “Satisfactory”.

DATM SRe2L Minimax IGD D4M MGD3 RDED Ours

Large scale - ! ! ! ! ! ! !

Zero shot - - - - ! ! - !

Class extension - - - - ! ! ! !

IPC extension - ! ! ! - - ! !

all the aforementioned methods, our approach achieves a good balance between
diversity and representativeness by using SD for localization rather than gener-
ation. Furthermore, our method can still leverage diffusion models to generate
images, which may lead to improved performance.

4.4 Cross-architecture Generalization

Following previous work, we evaluate the performance of the synthetic dataset
using different teacher-student combinations. It can be observed that, when using
similar network architectures as teacher-student pairs (e.g., both CNNs), shal-
lower networks generally yield better performance as teacher models, while the
larger networks show stronger learning ability and obtain the best performance
when the size of synthetic datasets increases.

We further compare the performance of the synthetic dataset on extremely
different network architectures, e.g., CNNs and ViTs. As a student network, the
ViT-based networks leverages its global attention mechanism to attain the com-
parable performance with more realistic images. However, as a teacher network,
ViT-based networks does not have strong ability to teach the student networks,
yielding weak performance. Additionally, due to the low-pass filter character-
istics of ViTs, effective learning becomes challenging when the sample size is
limited and class-specific features are incomplete.
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Fig. 5: The separate time cost of individual tasks and total time cost of finishing all the
tasks. Our method achieves a constant time cost due to one-step distillation process,
which eliminates the need for repeated distillation.

4.5 Training Efficiency

Distinct from all previous methods, our proposed method achieves a fully unre-
stricted distillation process and demonstrates SOTA performance. The limita-
tions of existing dataset distillation methods are outlined as follows, and Table 4
represents a comprehensive comparison:

– Large scale. information-matching dataset distillation methods are imprac-
tical for large-scale datasets due to massive time cost.

– Zero shot. Relying on pre-trained classifiers require selecting an appropriate
model architecture and training it for the target dataset. Minimax is also
constrained by DiT pre-trained on ImageNet-1K.

– Class extension. Repeated distillation processes are required when dealing
with different class-combination. For example, in ImageNet-1K, a 10-class
classification task can result in C10

1000 possible combinations.
– IPC extension. Varying IPC settings necessitate multiple distillation. While

D4M addresses the class-combination issue, it necessitates recalculating dif-
ferent prototypes with different IPC settings.

For a more comprehensive comparison, we evaluate the total synthesis time
of different methods under challenging compression settings. As shown in Fig-
ure 5, our one-step distillation method achieves significant efficiency across var-
ious tasks, demonstrating a significant improvement in computational efficiency
compared to previous approaches.

4.6 Ablation Study

Clustering Strategy. To investigate the effectiveness of the two main stages
of our proposed method, we conduct an ablation study to investigate whether
clustering operations enhance the representative of synthetic datasets. Moreover,
we conduct experiments to explore the differences between using CLIP features
and DIFT during the clustering process. The experimental results as shown in
Table 5, demonstrates that the performance of the synthetic dataset improves
further after incorporating the clustering operation. This indicates that reducing
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Table 5: Performance Comparison on different data selecting strategys. Cluster-CLIP
and Cluster-DIFT represent clustering with CLIP feature and DIFT respectively.

Ablation IPC-10 IPC-50 IPC-100

Dataset: ImageWoof

w/o Cluster 41.8 70.4 79.1
w/ Cluster-CLIP 39.8 69.5 79.5
w/ Cluster-DIFT 44.5(+2.7) 73.7(+3.3) 80.1(+1.0)

Dataset: ImageNet-1K

w/o Cluster 43.6 58.1 62.0
w/ Cluster-CLIP 42.1 59.0 62.7
w/ Cluster-DIFT 46.1(+2.5) 61.0(+1.9) 63.4(+1.4)

sample randomness enables the model to learn more representative information.
Additionally, we found DIFT more effective for achieving clustering compared
to CLIP feature.

Table 6: Ablation study of the range
of time steps on ImageNet-1K under
IPC=50.

End

Start 0.1 0.3 0.5 0.7 0.9

0.1 - 58.9 59.3 61.0 59.7
0.3 - - 58.8 58.9 59.6
0.5 - - 58.1 58.6 59.0
0.7 - - - - 57.9

Diffusion Time Intervals. To cal-
culate the difference in predicted loss cor-
responding to the UNet when using dif-
ferent prompts (i.e., with and without the
label text), we sample multiple diffusion
time steps t as time conditions and av-
erage the results. As shown in Tab. 6,
we selected different minimum and max-
imum boundaries for the time step range
and evaluated the corresponding perfor-
mance of the synthetic dataset. It can
be observed that the dataset achieves the
best performance when intermediate time
steps are employed, while the inclusion of
small time steps proves to be essential.
This finding aligns with conclusions drawn in recent studies [18] [29], which
highlight that early diffusion steps capture fine-grained details crucial for down-
stream tasks, whereas overly large time steps may introduce excessive noise that
degrades representation quality. In practical applications, considering the gen-
erality of ImageNet-1K, we applied the same optimized range of diffusion time
steps to all of its subsets (e.g., ImageWoof).

Number of Real Images. Although performing the distillation opera-
tion once on the entire dataset offers the potential for one-step processing, the
substantial time overhead makes this approach difficult to apply in practice. To
address this issue, we explore the effect of the number of original images used
for key patch extraction on performance. As shown in Figure 6, we randomly
select images as a subset of the original dataset and evaluate the corresponding
performance. Given that random selection is an unbiased data sampling method,
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Fig. 6: Ablation study on the number of real images used.

our proposed achieves performance comparable to others, even when the num-
ber of original samples is limited. When 300 images are randomly selected from
original dataset as input, the performance is nearly on par with the full dataset,
resulting in a 4× speedup.

Fig. 7: Ablation study of time steps used
to calculate the predicted noise under
IPC=50.

Time Steps on Computation
of DIFT. An important compo-
nent of our proposed framework in-
volves calculating the DIFT [29] for
all patches within the same class and
using it as the feature for clustering.
The process of calculating DIFT first
requires performing a diffusion oper-
ation on the input patch at a spe-
cific time step. We conduct ablation
experiments to investigate the impact
of using different time steps. The ex-
perimental results are shown in Fig. 7.
We hypothesis the phenomenon is be-
cause the earlier time steps of the dif-
fusion model focus more on the low-
frequency features of the image, which
often provide more effective information for classification tasks. In practical ap-
plications, we choose t = 160 as the general setting.

5 Conclusion

We propose a novel approach that operates orthogonally to existing diffusion-
based generative dataset distillation methods, addressing the challenge of dis-
tribution mismatch between pre-trained diffusion models and target datasets.
Through a two-stage framework, our method achieves a highly efficient, unre-
stricted one-step distillation process, eliminating the need for repeated distilla-
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tions under varied settings. Extensive experiments demonstrate that our method
significantly improves performance on large-scale datasets and deeper models,
while achieving competitive results on low-resolution datasets. Additionally, our
work provides a fresh perspective on leveraging diffusion models for dataset dis-
tillation.
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