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Abstract

Dataset distillation offers a lightweight synthetic dataset
for fast network training with promising test accuracy. To
imitate the performance of the original dataset, most ap-
proaches employ bi-level optimization and the distillation
space relies on the matching architecture. Nevertheless,
these approaches either suffer significant computational
costs on large-scale datasets or experience performance
decline on cross-architectures. We advocate for design-
ing an economical dataset distillation framework that is
independent of the matching architectures. With empiri-
cal observations, we argue that constraining the consis-
tency of the real and synthetic image spaces will enhance
the cross-architecture generalization. Motivated by this,
we introduce Dataset Distillation via Disentangled Diffu-
sion Model (D4M), an efficient framework for dataset dis-
tillation. Compared to architecture-dependent methods,
D4M employs latent diffusion model to guarantee consis-
tency and incorporates label information into category pro-
totypes. The distilled datasets are versatile, eliminating the
need for repeated generation of distinct datasets for various
architectures. Through comprehensive experiments, D4M
demonstrates superior performance and robust generaliza-
tion, surpassing the SOTA methods across most aspects.

1. Introduction
The rapid growth in machine learning, resulting in large
models and vast datasets, poses a challenge to researchers
due to the escalating computational and storage demands.
Can the ’Divide-and-Conquer’ algorithm [1] mitigate this
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Figure 1. Comparison of various matching strategies in dataset
distillation. (a) The bi-level optimization implements data match-
ing at synthesis time. (b) Dual-Time Matching strategy decouples
the bi-level optimization process into synthesis time and training
time to save computational overhead. (c) D4M utilizes multi-
modal features (image and texts) to synthesize high-quality im-
ages. D4M does not require matching process at Synthesis-Time.

challenge? From the perspective of dataset, recent research
extends the coreset selection [3, 7, 39] to distillation tech-
niques aimed at reducing dataset scales. Dataset Distilla-
tion (DD) aims to synthesize a small dataset S from the
original large-scale dataset T , where |S| ≪ |T |. The infor-
mation in T is condensed into a small dataset through DD.
Initially, the DD framework uses the bi-level optimization
to generate datasets where the inner loop updates the net-
work used for testing the classification performance and the
outer loop synthesizes images according to matching strate-
gies, such as gradient [24, 51, 53], distribution [40, 52] or
trajectory [4, 8].
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Unfortunately, the existing solutions of DD mainly fo-
cus on small and simple datasets, such as CIFAR [21] and
MNIST [23, 44]. When it comes to large-scale and high-
resolution datasets such as ImageNet [9], there exists un-
affordable computational requirements and reduced perfor-
mance. Another challenge in DD is the cross-architecture
generalization. Previous methods conduct data matching
within a fixed discriminative architecture, which makes the
output space biased from the original image space. As
demonstrated in Fig. 2, this kind of dataset may be insight-
ful for the networks but suffers from the lack of semantic
information for humankind. Furthermore, the dataset has
to be distilled from scratch again and again to adapt to the
emerging network architectures. Obviously, these limita-
tions constrain the scientific value and practical utility of
the current solutions. In this paper, we argue that an ideal
DD method should meet the following properties.

Guess What These Are?

Figure 2. Visualizations of previous DD methods. Synthesis-Time
Matching sacrifices part of the visual semantic expression in order
to imitate the performance of the original dataset.

1) The synthesis process should not depend on a spe-
cific network architecture. Typically, a fixed architecture
is required for data matching, which leads to low cross-
architecture generalization performance because the output
space is constrained by the architecture. This problem arises
once the matching process occurs in the synthesis time as
shown in Fig. 1(a) and (b). Some work leverages a model
pool instead of an individual matching model to alleviate
this issue but makes the network hard to optimize [41, 54].
When the distillation process is architecture-free, there is
no need to distill datasets for different architectures repeat-
edly. In addition, constraining the consistency of input and
output spaces will make the distilled images more realistic.
GlaD [5] seems to be a solution where the images are syn-
thesized via Generative Adversarial Networks. However,
the synthetic images are still matched by the inner loop.

2) The method is capable of distilling datasets of various
sizes and resolutions with limited computational resources.
As illustrated in Fig. 1(a), most DD solutions use bi-level
optimization during synthesis time. While the large-scale
datasets are unable to perform a number of unrolled it-
erations on such a nested loop system. Some works at-
tempt to distill the ImageNet-1K but yield low testing accu-
racy [4, 8]. A more effective method is depicted in Fig. 1(b):
the bi-level optimization is decoupled into synthesis time
and training time [48]. However, the Dual-Time Matching

(DTM) strategy leads to information loss at each stage, pos-
ing challenges for distillation on small datasets instead.

Inspired by these insights, we propose the Dataset
Distillation via Disentangled Diffusion Model (D4M), an
efficient approach designed for DD across varying sizes and
resolutions as depicted in Fig. 1(c). In D4M, the Synthesis-
Time Matching (STM) is superseded by Training-Time
Matching (TTM) which facilitates the fast distillation of
large-scale datasets with constrained computational re-
sources. Furthermore, D4M alleviates the architectural de-
pendency and improves the cross-architecture generaliza-
tion performance of the distilled dataset. As the generative
model, Diffusion Models ensure the consistency between
input and output spaces, and its synthesis process does not
rely on any specific matching architecture. To mitigate
the information loss due to insufficient data matching, the
conditioning mechanism in Latent Diffusion Model (LDM)
consistently infuses the semantic information of labels into
the synthetic data during the denoising process. The syn-
thesis process of D4M solely depends on the prototypes ex-
tracted from the original data, with synthesis speed scaling
linearly with the size of datasets. Moreover, the synthetic
images exhibit realism at a high resolution of 512 × 512.
Our pivotal contributions are summarized as follows:
• To the best of our knowledge, this is the first work that

overcomes the pronounced dependency on specific archi-
tectures inherent in traditional DD frameworks. We in-
troduce the TTM strategy, which paves the way for the
generation of a curated and versatile distilled dataset.

• We propose D4M that integrates the diffusion model into
DD task for the first time. By leveraging label texts and
the learned prototypes, we construct a multi-modal DD
model that simultaneously enhances distillation efficiency
and model performance.

• The method realizes the attainment of resolutions up to
512×512 that exhibit high-fidelity and robust adaptability
in the realm of DD. This improvement is evidenced across
a spectrum of datasets, extending from the ImageNet-1K
to CIFAR-10/100.

• We conduct extensive experiments and ablation studies.
The results outperform the SOTA in most cases, sub-
stantiating the superior performance, computational effi-
ciency, and robustness of our method.

2. Related Work

2.1. Dataset Distillation

The existing DD approaches are taxonomized into meta-
learning matching and data matching frameworks [13, 25,
34, 49]. The meta-learning matching aims to optimize the
meta-test loss on real dataset for the model meta-trained by
the distilled dataset. The gradients are back-propagated to
supervise the DD directly [10, 27, 31, 32, 42, 54].
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Figure 3. Pipeline of Dataset Distillation via Disentangled Diffusion Model (D4M). Rather than using the embedded features directly,
D4M disentangles feature extraction from image generation in diffusion models through prototype learning.

Unlike optimizing the performance on the DD explicitly,
data matching encourages the consistency between the same
network architecture trained by distilled and real dataset.
Matching the gradients generated by the networks is a reli-
able surrogate task [18, 24, 51, 53]. Matching Training Tra-
jectory (MTT) [4, 11] is then proposed to solve the issue that
errors are accumulated during validation in gradient match-
ing. TESLA [8] reduced the complexity of gradients calcu-
lating with constant memory, allowing DD to be achieved in
ImageNet for the first time. Besides, distribution matching
optimizes the distance between the two distributions, such
as MMD [52] and CAFE [40].

The aforementioned methods only implement various
matching strategies at synthesis time. SRe2L [48] argues
that decoupling the bi-level optimization into Squeeze, Re-
cover, and Relabel leads to a good performance on large-
scale datasets. Inspired by this, we summarize previous
works into STM and DTM. D4M implements the TTM with
the help of soft labels, which is considered a feature distri-
bution matching approach.

2.2. Diffusion Models

The Diffusion Model has demonstrated remarkable capa-
bilities within the generative models. Given samples x
observed from a target distribution, the goal of generative
models is approximating the true distribution P (x), en-
abling the generation of novel samples from it. Denois-
ing Diffusion Probabilistic Models (DDPM) [16] aims to
learn a reverse process of a fixed Markov Chain for gen-
erating images. However, DDPM is expensive to optimize
and evaluate in the original pixel space.

Latent Diffusion Model (LDM) [33], a recent state-of-
the-art diffusion model, addresses this by abstracting high-
frequency, imperceptible details into a compact latent space,

thereby streamlining both training and inference. LDM
has been applied in image editing [38, 43], video process-
ing [2, 12], audio generation [17, 36] and 3D model recon-
struction [6, 19, 20, 29]. Notably, the proficiency of LDM
in abstracting and generating images within the latent space
exactly resonates with the foundational tenets of DD.

3. Method
3.1. Preliminaries on Diffusion Models

A pivotal step in DD is the generation of the distilled im-
ages. Distinct from the data-matching approaches, our
method harnesses the prior knowledge embedded in the pre-
trained generative models, offering a high-quality initializa-
tion for TTM. Recently, diffusion models have emerged as
SOTA in generative models [28, 46]. As aforementioned,
the synthesis process of the diffusion model does not rely
on any specific matching architecture, ensuring the consis-
tency between input and output spaces. For a sequence of
denoising autoencoders ϵθ, the training objective of Denois-
ing Diffusion Probability Model (DDPM) [16] is defined as

LDM = Ex,ϵ∼N (0,1),t

[
∥ϵ− ϵθ (xt, t)∥22

]
, (1)

with the timestamp t uniformly sampled from {1, . . . , T}.
Although the DDPM does not cater to our goal of synthe-
sizing images within the condensed features, we turn our
attention to the LDM [33].

LDM effectively compresses the working space from the
original pixel space x to a more compact latent space z.
Such a transition is close to our intent of encapsulating im-
ages into condensed features. LDM constructs an optimized
low-dimensional latent space by training a perceptual com-
pression model composed of the encoder (E) and decoder
(D). This latent space effectively abstracts high-frequency
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imperceptible details than pixel space [33]. In this case, the
objective function with text encoder τθ is redefined as

LLDM = EE(x),y,ϵ∼N (0,1),t

[
∥ϵ− ϵθ (zt, t, τθ(y))∥22

]
.

(2)

3.2. Disentangled Diffusion Model

The existing diffusion methods are capable of generating
high-quality images directly from the given images and
prompts. However, it is imperative for the DD model to
aggregate the given images into a few condensed features
before synthesis. The images in the original dataset en-
capsulate a spectrum of information from low-level texture
patterns to high-level semantic information, along with po-
tential redundancies. Since the diffusion models do not
have the capability of aggregating this information among
images, it is necessary to extract the salient feature repre-
sentative of each category before employing the generative
model. Consequently, it is essential to disentangle the dif-
fusion models.

Employing prototypes in standard classification tasks
offers the benefit of addressing the open-world recogni-
tion challenge, thereby enhancing the robustness of mod-
els [26, 45, 50]. Therefore, initializing the input of the dif-
fusion model with prototypes not only reduces data redun-
dancy but also elevates the quality of the distilled dataset.
As illustrated in Fig. 3, we leverage the pre-trained autoen-
coder E inherent in the LDM to extract feature represen-
tations from original images. Subsequently, we perform a
clustering algorithm to calculate the cluster centers as pro-
totypes for each category. Given the considerable size of
the original dataset, we adopt the Mini-Batch k-Means [35]
to mitigate the memory overhead of large-scale clustering.
This approach iteratively optimizes a mini-batch of samples
in each step, accelerating the clustering process with a min-
imal compromise in accuracy.

Specifically, the clustering algorithm consists of two pri-
mary steps: assignment z

zc ← z (3)

s.t. argmin
c
∥z − zc∥2, c = 1, . . . , C (4)

and update zc

zc ← (1− η)zc + ηz. (5)

Here z is the latent variable generated by E , and zc repre-
sents the cluster centers (prototypes), C is the number of
cluster centers. The learning rate η is often calculated by
1

|zc| . Ultimately, we employ the prototypes Z̄ = {zcl |c =

1, . . . , C, l = 1, . . . , L} from all categories as input to the
diffusion process for image synthesis.

Algorithm 1 Dataset Distillation via Disentangled
Diffusion Model (D4M)
Input: (T ,L): Real images and their label texts.
Input: E : Pre-trained encoder.
Input: D: Pre-trained decoder.
Input: τθ: Pre-trained text encoder.
Input: Ut: Pre-trained time-conditional U-Net.
Input: C: Number of prototypes.

1: Z = E(T ) ∼ Pz ▷ Compressed latent space
2: for each L ∈ L do
3: for mini-batch z ∈ L do
4: zc ∼ Pz, c = 1, . . . , C

▷ Initialize cluster centers
5: zc ← z, s.t. argmin

c
∥z − zc∥2 ▷ Assignment

6: η = 1
|zc| ▷ Update learning rate

7: zc ← (1− η)zc + ηz ▷ Update
8: end for
9: y = τθ(L) ▷ Label text embedding

10: for each zc do
11: zct ∼ q(zct |zc) ▷ Diffusion process
12: z̃c = Ut(Concat(zct , y)) ▷ Denoising process
13: end for
14: end for
15: S = D(Z̃c) ▷ Generate image
Output: S: Distilled images.

Moreover, LDM is capable of modeling the conditional
distribution, enabling DD tasks to incorporate the label in-
formation into synthetic images. In Eq. (2), LDM intro-
duces a domain-specific encoder τθ to map the textual labels
(prompts) into the feature space. This mapping is seam-
lessly integrated into the U-Net architecture (Ut) through a
cross-attention layer, facilitating the fusion of multi-modal
features. For each prototype zc and its corresponding label
L, the synthesis process is formulated as

output = D(Ut(Concat(zct , τθ(L))) (6)

where zct represents the c-th prototype with noise. The dis-
tillation process is summarized in Algorithm 1.

3.3. Training-Time Matching

Since eliminates the necessity of matching with a specific
architecture, separating data matching from the synthesis
process reduces the computational overhead on large-scale
datasets and addresses the cross-architecture issue inher-
ent in the STM strategy. However, based on previous re-
search [4, 8, 48] and preliminary experiments, we find that
training large-scale distilled datasets with hard labels is
prone to low testing accuracy. To address this, we intro-
duce the TTM strategy, which is considered a distribution
matching approach.
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Figure 4. Visualization results. The top row of each dataset comes from D4M and the bottom comes from SRe2L [48] (ImageNet-1K and
Tiny-ImageNet) and MTT [4] (CIFAR-10/100). The images generated by D4M have better resolution and are more lifelike.

Figure 5. Visualization results within one category. D4M (top)
provides richer semantic information than SRe2L.

TTM refers to training on distilled datasets with soft
labels. Label softening is widely adapted in distillation
tasks [15, 30, 47]. Since D4M infuses the label features
into the synthetic data, it is natural to use the soft label dur-
ing TTM. We employ soft label to align the distribution of
student prediction Sθ(x) with teacher network T :

θstudent = argmin
θ∈Θ

LKL(T (x), Sθ(x)) (7)

where T (x)/Sθ(x) is the teacher/student prediction for the
distilled image x and LKL represents the KL divergence.
The output of the teacher network, also known as soft pre-
diction or soft label, encapsulates richer semantic informa-
tion compared to hard labels. Matching with the soft labels
during training will enhance the robustness and generaliza-
tion capability of the trained model [15]. For a fair com-
parison, we use the soft label storage method similar to the
FKD [37] method, which generates soft labels and conducts
matching at each training epoch:

θt+1
student = argmin

θ∈Θ
LKL(T

t(x), St
θ(x)). (8)

4. Experiments
4.1. Setting and Evaluation

We evaluate the performance of D4M across various
datasets and networks. All models employed for ImageNet-
1K and Tiny-ImageNet are sourced from the PyTorch of-
ficial model repository, while the ConvNet utilized for
CIFAR-10/100 is based on the architecture proposed by Gi-
daris et al. [14]. Performance validation was carried out
using PyTorch on NVIDIA V100 GPUs. Detailed training
and validation hyperparameters are available in the supple-
mentary material.

4.2. Dataset Distillation Results

In our comparative analysis, we evaluate the D4M against
a range of techniques, encompassing both meta-learning
and data-matching strategies. For small datasets, our com-
parison included two meta-learning methods: KIP [32]
and FRePO [54], alongside four data-matching techniques:
DSA [51], CAFE [40], TESLA [8], and SRe2L [48]. In
the context of large-scale datasets, our focus shifted to a de-
tailed comparison between TESLA and SRe2L.

CIFAR-10 and CIFAR-100 For small dataset distilla-
tion, the STM strategy outperforms when the number of
categories and IPC (Image Per Class) are limited. How-
ever, as the category increases, the TTM strategy becomes
more effective. This shift is attributed to the fact that the op-
timal solution derived from STM fails to ensure the conver-
gence of the network training with large category numbers,
thereby capping the testing performance. As evidenced in
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Dataset IPC Meta-Learning Data-Matching Full Dataset
KIP FRePO DSA CAFE TESLA SRe2L† D4M

CIFAR-10 10 62.7±0.3 65.5±0.6 52.1±0.5 50.9±0.5 66.4±0.8 (60.2) 56.2±0.4
50 68.6±0.2 71.7±0.2 60.6±0.5 62.3±0.4 72.6±0.7 72.8±0.5 84.8±0.1

CIFAR-100 10 28.3±0.1 42.5±0.2 32.3±0.3 31.5±0.2 41.7±0.3 - 45.0±0.1
50 - 44.3±0.2 42.8±0.4 42.9±0.2 47.9±0.3 - 48.8±0.3 56.2±0.3

Table 1. Top-1 Accuracy↑ on small datasets. We train the ConvNet-W128 [14] from scratch 5 times on the distilled dataset and evaluate
them on the original test dataset to get the x̄± std. †: SRe2L [48] achieves 60.2% Top-1 Accuracy on CIFAR-10 with IPC-1K.

Dataset IPC Method R18 R50 R101

ImageNet-1K

Full Dataset† 69.8 80.9 81.9

10
TESLA 7.7 - -
SRe2L 21.3 28.4 30.9
D4M 27.9 33.5 34.2

50 SRe2L 46.8 55.6 60.8
D4M 55.2 62.4 63.4

100 SRe2L 52.8 61.0 65.8
D4M 59.3 65.4 66.5

200 SRe2L 57.0 64.6 65.9
D4M 62.6 67.8 68.1

Tiny-ImageNet

Full Dataset‡ 61.9 62.0 62.3

50
SRe2L 44.0 47.7 49.1
D4M 46.2 51.8 51.0

D4M-G 46.8 51.9 53.2

100
SRe2L 50.8 53.5 54.2
D4M 51.4 54.8 55.3

D4M-G 53.3 54.9 54.5

Table 2. Top-1 Accuracy↑ on large-scale datasets. SRe2L [48]
and our D4M employ ResNet18 as the teacher model to generate
the soft label while TESLA [8] uses the ConvNetD4. All standard
deviations in this table are < 1. †: The results of ImageNet-1K
come from the official PyTorch websites. ‡: The results of Tiny-
ImageNet come from the model trained from scratch with the of-
ficial PyTorch code.

Tab. 1, when applied to CIFAR-100, D4M attains a Top-1
accuracy of 45.0% with merely IPC-10. This performance
surpasses that of FRepo and TESLA by 2.5% and 3.3%.

ImageNet-1K and Tiny-ImageNet The TTM strategy
demonstrates remarkable efficacy in large-scale DD tasks as
presented in Tab. 2. The effectiveness stems from its abil-
ity to improve the quality of the synthetic data rather than
imitate the performance of the original data. Consequently,
it facilitates the processing of large-scale datasets with re-
duced computational complexity and memory demands. In
terms of accuracy, the proposed D4M sets new benchmarks,
achieving 66.5% and 51.0% with IPC-100 on ImageNet-1K
and Tiny-ImageNet. Notably, it replicates the full dataset

Ablation R18 R50 R101

Teacher: R18

w/ STM 23.6 29.7 32.3
w/o STM 27.9(+4.3) 33.5(+3.8) 34.2(+1.9)

Teacher: R50

w/ STM 15.8 20.6 22.3
w/o STM 20.7(+4.9) 24.7(+4.1) 26.7(+4.4)

Teacher: R101

w/ STM 12.5 16.0 17.6
w/o STM 19.4(+6.9) 23.0(+7.0) 24.2(+6.6)

Table 3. Comparison of Top-1 Accuracy↑ on different match-
ing strategy. We use the R18 as the distribution matching archi-
tecture. All methods are evaluated with IPC-10.

performance with 81.2% and 81.9%, respectively. More-
over, our approach significantly surpasses the leading data-
matching method, SRe2L, across both datasets. This supe-
riority is attributed to the integration of multi-modal fusion
embedding in D4M.

Benefit to the architecture-free synthesis process, the
datasets distilled by D4M exhibit versatility. To substan-
tiate this characteristic, we extract 200 categories from the
distilled ImageNet as the distilled Tiny-ImageNet in accor-
dance with the predefined mapping [22]. The experimental
outcomes of D4M-G in Tab. 2 demonstrate that our method
not only manifests a pronounced distillation effect but also
retains the applicability inherent to the original dataset.

4.3. Matching Strategy Analysis

As mentioned in Sec. 2, the DD task often uses the STM
strategy to generate images. In order to validate the supe-
riority of TTM strategy, we conduct the comparative exper-
iments listed in Tab. 3. We execute the synthesis process
through BN distribution matching on images distilled via
D4M, resulting in distribution-matched synthetic images.

It is evident that the test performance with STM failed
regardless of the chosen teacher network. The images dis-
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Figure 6. Top-1 Accuracy↑ of ImageNet-1K on various teacher-student pairs. The result of each pair increases consistently with larger
IPC

Ablation R18 R50 R101

Dataset: ImageNet-1K

w/o PT 15.6 20.7 20.6
w/ PT 27.9(+12.3) 33.5(+12.8) 34.2(+13.6)

Dataset: Tiny-ImageNet

w/o PT 30.5 35.6 37.3
w/ PT 46.2(+15.7) 51.8(+16.2) 51.0(+13.7)

Table 4. Comparison of Top-1 Accuracy↑ on different initial-
ization of diffusion process. PT is the abbreviation of Prototype.
All methods are evaluated with IPC-10.

tilled via D4M encapsulate not only the salient features of
the original prototypes but also the text information of cat-
egory labels. Therefore, the network solely trained with the
original images proves inadequate for effectively managing
such fused multi-modal features. Should the fused features
be aligned with these networks, it would result in the dis-
ruption of the fused information, thereby diminishing the
overall accuracy. It is worth noting that D4M potentially
offers high-quality initialization for STM, as it synthesizes
images with higher testing accuracy compared to those de-
rived from random white noise initialization.

4.4. Prototype Analysis

To ascertain the critical role of prototypes in D4M, we con-
duct an ablation study on the diffusion process with random
initialization and prototype initialization. The results listed
in Tab. 4 demonstrate that the incorporation of a learned
prototype markedly enhances the effectiveness of D4M.

To showcase the merits of the prototype intuitively, we
employ ResNet-18 for feature extraction from the distilled
dataset, followed by t-SNE for dimensionality reduction.
The visualization results (Fig. 7) reveal that the data synthe-
sized via D4M demonstrates enhanced inter-class discrimi-
nation and intra-class consistency.
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Figure 7. T-SNE visualizations on Tiny-ImageNet. The fea-
ture embedding distribution of D4M displays more compact within
classes and discriminative among classes.

4.5. Teacher-Student Network Analysis

We studied the performance of different teacher-student
models with D4M and the experimental results are shown
in Fig. 6. Under the same teacher network, the accuracy
of ResNet-18, ResNet-50, and ResNet-101 increases grad-
ually. When IPC is small (such as 10 and 50), the student
network trained with an enhanced teacher is prone to over-
fitting, resulting in reduced testing accuracy. As IPC in-
creases, the large network shows stronger learning ability
and the Top-1 accuracy improves. We further compare the
performance of the distilled ImageNet on different teacher-
student pairs, including CNNs and ViTs (Tab. 5). As a
student network, the ViT-based networks assimilate the in-
ductive bias inherent in CNN-based teachers, leveraging its
global attention mechanism to attain the best Top-1 accu-
racy. Conversely, as a teacher network, ViT does not have
such an inductive bias characteristic, yielding suboptimal
results on their student networks. Nevertheless, ViT-based
students consistently achieve superior Top-1 accuracy.

4.6. Qualitative Analysis

A pivotal advantage of D4M lies in its utilization of the
outputs from the image decoder D as the distilled dataset,
avoiding the need for STM. This implies that the pixel space
of the generated image remains unaltered by any matching
optimization, thereby preserving the reality of the distilled
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Teacher Network Student Network

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

ResNet-18 55.2 47.9 55.4 58.1 45.5
MobileNet-V2 47.6 42.9 49.8 58.9 50.4
Swin-T 27.5 21.9 26.4 38.1 34.2

Table 5. Top-1 Accuracy↑ on ImageNet-1K with various teacher-student architectures. ViT-based students show powerful learning
ability with IPC-50.

image. Figures 4 and 5 exemplify the superior image qual-
ity achieved by D4M in comparison to its counterparts. It is
evident that the D4M method not only guarantees the high
resolution of the distilled image and preserves the integrity
of semantic information but also ensures the richness of fea-
tures within the same category. More visualizations and
analysis can be found in supplementary material.

Method Resolution Time(s)↓ GPU(GB)↓
Dataset: ImageNet-1K

MTT† 128×128 45.0 79.9
TESLA† 64×64 46.0 13.9
SRe2L 224×224 5.2 34.8
D4M 512×512 2.7 6.1

Dataset: Tiny-ImageNet

MTT 64×64 5.4 48.9
SRe2L 64×64 11.0 33.8
D4M 512×512 2.7 6.1

Table 6. Synthesis time↓ and GPU memory↓ cost on large-
scale datasets. †: The runtime of MTT [4] and TESLA [8] on
ImageNet-1K are measured for 10 iterations (500 matching steps).

4.7. Distillation Cost Analysis

We conduct the analysis of GPU memory consumption
across various DD methods, with the corresponding results
presented in Tab. 6. Notably, the architecture-free nature
of D4M during synthesis ensures the fixed time and GPU
memory costs. When considering STM and DTM, we ob-
serve an increase in both time and GPU memory usage
with the enlargement of the matching architecture. For in-
stance, the peak GPU memory utilization for SRe2L in the
recovery of a 64×64 image on ConvNet is 4.2 GB, whereas
on ResNet-50, it reaches a substantial 33.8 GB. Similarly,
when synthesizing a 64×64 image on ConvNet, MTT de-
mands a peak GPU memory of 48.9 GB. Furthermore, the
number of iteration steps impacts the generation time for a
single image in data matching. With the increased iteration
steps, the time cost for SRe2L to recover a 224×224 image
on ResNet-50 gradually rises from 1.31s to 10.48s. Notably,

D4M demonstrates a remarkable reduction in time cost by
a factor of 3.82 when compared to SRe2L. Figure 8 reveals
that D4M attains best accuracy at a constant time cost.
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Figure 8. Top-1 Accuracy↑ and synthesis time↓ on large-scale
datasets. D4M is architecture-free at synthesis time, thereby a
constant runtime cost. Re is the abbreviation of Recover.

5. Conclusion

We introduce D4M, a novel and efficient dataset distillation
framework leveraging the TTM strategy. For the first time,
D4M addresses the cross-architecture generalization issue
by integrating the principles of diffusion models with proto-
type learning. The distilled dataset not only boasts realistic
and high-resolution images with limited resources but also
exhibits a versatility comparable to that of the full dataset.
D4M demonstrates outstanding performance compared to
other dataset distillation methods, particularly when applied
to large-scale datasets such as ImageNet-1K. Last but not
least, rethinking the relationship between generative mod-
els and dataset distillation offers fresh perspectives, paving
the way for the community to develop more efficient dataset
distillation methods in future endeavors.
Limitation and future works. In the situation of ex-
treme distillation (IPC-1/10), we observe a significant per-
formance degradation. Our future work will concentrate on
refining the distillation process for this challenging scenario
and try to distill more real-world multi-modal datasets.
Acknowledgement. This work is supported by the National
Natural Science Foundation of China (No. 12071458).
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