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Figure 1. Proposed paradigm vs. optimization-based paradigm. Left is the mainstream optimization-based dataset distillation and middle
is our proposed non-optimizing paradigm. Right is top-1 validation accuracy vs. synthesis time per image on ImageNet-1K with IPC = 10
(10 Images Per Class). Models used for distillation include ResNet-18, EfficientNet-B0, and MobileNet-V2; we use ResNet-18 for evaluation.

Abstract
Contemporary machine learning, which involves train-

ing large neural networks on massive datasets, faces signifi-
cant computational challenges. Dataset distillation, as a re-
cent emerging strategy, aims to compress real-world datasets
for efficient training. However, this line of research currently
struggles with large-scale and high-resolution datasets, hin-
dering its practicality and feasibility. Thus, we re-examine
existing methods and identify three properties essential for
real-world applications: realism, diversity, and efficiency.
As a remedy, we propose RDED, a novel computationally-
efficient yet effective data distillation paradigm, to enable
both diversity and realism of the distilled data. Exten-
sive empirical results over various model architectures and
datasets demonstrate the advancement of RDED: we can
distill a dataset to 10 images per class from full ImageNet-
1K [6] within 7 minutes, achieving a notable 42% accuracy
with ResNet-18 [14] on a single RTX-4090 GPU (while
the SOTA only achieves 21% but requires 6 hours). Code:
https://github.com/LINs-lab/RDED.

† Corresponding author.
∗ Work done during Daiwei’s visit to Westlake University.

1. Introduction
The success of modern deep learning could be largely at-
tributed to the fact of scaling and increasing both neural archi-
tectures and training datasets [12, 14, 16, 17]. Though this
pattern shows great potential to propel artificial intelligence
forward, the challenge of high computational requirements
remains a noteworthy concern [4, 39, 45]. Dataset distilla-
tion methods have recently emerged [39, 45] and attracted
attention for their exceptional performance [1, 2, 38, 50–52].
The key idea is compressing original full datasets by synthe-
sizing and optimizing a small dataset, where training a model
using the synthetic dataset can achieve a similar performance
to the original.

However, these methods suffer a high computational bur-
den [5, 44] due to the bi-level optimization-based paradigm.
Moreover, the synthetic images exhibit certain non-realistic
features (see Figure 2b and 2d) that have materialized due
to overfitting to a specific architecture used during the opti-
mization process, which leads to difficulties in generalizing
to other architectures [2, 31].

A notable work [2] investigates the relationship between
realism and expressiveness in synthetic datasets. The find-
ings reveal a trade-off: more realistic images come at the
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sacrifice of expressiveness. While realism aids in generaliz-
ing across different architectures, it hurts distillation perfor-
mance. Conversely, prioritizing expressiveness over realism
can enhance distillation performance but may impede cross-
architecture generalization.

Inspired by these insights, we introduce an Realistic,
Diverse, and Efficient Dataset Distillation (RDED) method.
Our goal is to achieve diversity (expressiveness) and real-
ism simultaneously across varying datasets, ranging from
CIFAR-10 to ImageNet-1K. Specifically, we directly crop
and select realistic patches from the original data to maintain
realism. To ensure the greatest possible diversity, we stitch
the selected patches into the new images as the synthetic
dataset. It is noteworthy that our method is non-optimization-
based, so it can also achieve high efficiency, making it well-
suited for processing large-scale, high-resolution datasets.

The key contributions of this work can be summarized as:
• We first investigate the limitations of existing dataset

distillation methods and define three key properties for
effective dataset distillation on large-scale high-resolution
datasets: realism, diversity, and efficiency.

• We introduce the definitions of diversity ratio and real-
ism score backed by V-information theory [42], together
with an optimization-free efficient paradigm, to enhance
diversity and realism of the distilled data.

• Extensive experiments demonstrate the effectiveness of
our method: it not only achieves a top-1 validation accu-
racy that is twice the current SOTA—SRe2L [44], but it
also operates at a speed 52 times faster (see Figure 1).

2. Related Work
Dataset distillation, as proposed by Wang et al. [39], con-
denses large datasets into smaller ones without sacrificing
performance. These methods fall into four main categories.

Bi-level optimization-based distillation. A line of work
seeks to minimize the surrogate models learned from both
synthetic and original datasets, depending on their met-
rics, namely, the matching gradients [18, 49, 51], fea-
tures [38], distribution [50, 52], and training trajectories
[1, 4, 5, 8, 13, 45]. Notably, trajectory matching-based tech-
niques have demonstrated remarkable performance across
various benchmarks with low IPC. However, the synthetic
data often overfit to a specific model architecture, struggling
to generalize to others.

Distillation with prior regularization. Cazenavette et al.
[2] suggest that direct pixel space parameterization is a key
factor for the architecture transferability issue, and propose
GLaD to integrate a generative prior for dataset distillation
to enhance generalization across any distillation method.
However, bi-level optimization-based methods, especially

those that entail prior regularization, face computational
challenges and memory issues [5].

Uni-level optimization-based distillation. Kernel ridge-
regression methods [23, 53], with uni-level optimization,
effectively reduce training costs [53] and enhancing perfor-
mance [23]. However, due to the resource-intensive nature of
inverting matrix operations, scaling these methods to larger
IPC remains challenging. Unlike NTK-based solutions, Yin
et al. [44] propose to decouple the bi-level optimization of
dataset condensation into two single-level learning proce-
dures, resulting in a more efficient framework.

CoreSet selection-based distillation. CoreSet selection,
akin to traditional dataset distillation, focuses on identifying
representative samples using provided images and labels.
Various difficulty-based metrics are proposed to assess the
sample importance, e.g., the forgetting score [37], memo-
rization [10], EL2N score [27], diverse ensembles [25].

3. On the Limits of Dataset Distillation
We start by clearly defining the concept of dataset distillation
and then reveal the primary challenges in this field.

3.1. Preliminary

The goal of dataset distillation is to synthesize a smaller
distilled dataset, denoted as S = (X,Y ) = {xj , yj}|S|

j=1,
that captures the essential characteristics of a larger dataset
T = (X̂, Ŷ ) = {x̂i, ŷi}|T |

i=1. Here, the distilled dataset S is
generated by a distillation algorithm D such that S ∈ D(T ),
where the size of S is considerably smaller than T (i.e.,
|S| ≪ |T |). Each yj ∈ Y corresponds to the synthetic
distilled label for the sample xj ∈ X , and similar definitions
can be applied to ŷi and x̂i. The key motivation for dataset
distillation is to create a dataset S that allows models to
achieve performance within an acceptable deviation ϵ from
those trained on T . Formally, this is expressed as:

sup {|ℓ(ϕθT (x̂), ŷ)− ℓ(ϕθS (x̂), ŷ)|}(x̂,ŷ)∼T ≤ ϵ, (1)

where θT is the parameter set of the neural network ϕ opti-
mized on T :

θT = argmin
θ

E(x̂,ŷ)∈T [ℓ(ϕθ(x̂), ŷ)] , (2)

with ℓ representing the loss function. A similar definition
applies to θS .

The properties of optimal dataset distillation. The ef-
fectiveness and utility of dataset distillation methods rely
on key properties outlined in Definition 1. These properties
are crucial for creating datasets efficiently, which in turn,
enhances model training and generalization.
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(a) Random selection of original dataset (b) MTT [1] (c) GLaD [2]

(d) SRe2L [44] (e) Herding [40] (f) RDED (Ours)

Figure 2. Visualization of images synthesized using various dataset distillation methods. We consider the ImageNet-Fruits [1] dataset,
comprising a total of 10 distinct fruit types, with a resolution of 128× 128. There are four specific classes for each method, namely, 1)
Pineapple, 2) Banana, 3) Pomegranate, and 4) Fig. Note that MTT [1], GLaD [2], SRe2L [44], and Herding [40], are four representative
methods of conventional dataset distillation paradigms discussed in Section 2 and Section 3.2 (see Appendix A for more visualization). In
general, ensuring both superior realism and diversity simultaneously is challenging for methods other than ours and GLaD.

Property Dataset

Method Diversity Realism Efficiency Large-scale High-resolution
MTT " % % % %

GLaD " " % % "

SRe2L ! ! ! ! !

Herding ! ! " ! !

Ours " " " " "

Table 1. Properties and performance of various representative
SOTA dataset distillation methods. We give a summary of the
properties of different methods and their performance on large-
scale or high-resolution datasets, where ", !, and %, denote
“Superior”, “Satisfactory”, and “Bad” respectively.

Definition 1 (Properties of distilled data). Consider a family
of observer models V1. The core attributes of a distilled
dataset S = (X,Y ) ∈ D(T ) are defined as follows:
1. Diversity: Essential for robust learning and generaliza-

tion, a high-quality dataset should cover a wide range

1V includes different observer models, for instance, humans ϕh and
pre-trained models ϕθT . Here, ϕh is an abstraction representing human
predictive behavior.

of samples X and labels Y [17, 28, 34]. This ensures
exposure to diverse features and contexts.

2. Realism: Critical for (cross-architecture) generalization,
realistic distilled samples X and labels Y should be accu-
rately predicted and matched by various observer models
from V . It is important to avoid features or annotations
that are overfitted to a specific model [1, 50, 51].

3. Efficiency: A determinant for the feasibility of dataset
distillation, addressing the computational and memory
challenges is crucial for scaling the distillation algorithm
D to large datasets [5, 44].

3.2. Pitfalls of Conventional Dataset Distillation

In response to the properties of the optimal dataset distil-
lation, in this section, we conduct a comprehensive exam-
ination of four conventional dataset distillation paradigms
discussed in Section 2. Limitations are detailed below and
summarized in Table 1 (see more details in Appendix A).
• Bi-level optimization-based distillation. Conventional

dataset distillation methods [1, 50, 51] suffer from noise-
like non-realistic patterns (see Figure 2b) in distilled high-
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resolution images and overfit the specific architecture used
in training [2], which hurt its cross-architecture generaliza-
tion ability [2]. However, these methods suffer a high com-
putational burden [5, 44] due to the bi-level optimization-
based paradigm.

• Distillation with prior regularization. Cazenavette et al.
[2] identify the source of the architecture overfitting is-
sue, and thus enhances the realism (see Figure 2c) of
synthetic images and the cross-architecture generalization.
The current remedy inherits the low efficiency of bi-level
optimization-based distillation, and thus still cannot gener-
alize to large-scale datasets.

• Uni-level optimization-based distillation. As a rem-
edy for the former research, Yin et al. [44]—as the latest
progress in the field—alleviate the efficiency and realism
challenges (see Figure 2d) and propose SRe2L to distill
large-scale, high-resolution datasets, e.g., ImageNet-1K.
Yet, SRe2L is hampered by a limited diversity problem
arising from its synthesis approach, which involves ex-
tracting knowledge from a pre-trained model containing
only partial information of the original dataset [43].

• CoreSet selection-based distillation. CoreSet selection
methods [34, 35, 40] serve to efficiently distill datasets by
isolating a CoreSet containing realistic images (see Figure
2e). However, the advances come at the cost of limited
information representation (data diversity) [27], leading
to a catastrophically degraded performance [35].

4. Methodology
To tackle the remaining concern of distilling high-resolution
and large-scale image datasets, in this section, we articulate
an novel unified dataset distillation paradigm—RDED—that
prioritizes both diversity and realism within the distilled
dataset, yet being efficient.

4.1. Enhancing Data Diversity and Realism

Establishing a V-information-based objective for distilled
data. Drawing on the artificial intelligence learning princi-
ples of parsimony and self-consistency from [24], we strive
to ensure that the models trained on the distilled dataset em-
body these principles. To achieve this, we aim to construct
a representation Y of the input data X that is structured
(parsimony) and rich in information (self-consistency). Con-
sequently, we reinterpret the objective of dataset distillation
in (1), as the structured and sufficient information inherent
in the original full dataset T :

S = argmax
(X,Y )∈D(T )

IV(X → Y ) , (3)

where IV denotes the predictive V-information [42] from X
to Y , which can be further defined as:

IV(X → Y ) = HV(Y |∅)︸ ︷︷ ︸
diversity

−HV(Y |X)︸ ︷︷ ︸
realism

, (4)

where HV(Y |X) and HV(Y |∅) denote, respectively, the
predictive conditional V-entropy [42] with observed side
information X and no side information ∅.

Explicitizing diversity and realism via V-information.
Building upon Definition 1, maximizing HV(Y |∅) can en-
hance the uncertainty/diversity of representations Y mea-
sured by the observer models in V . Simultaneously, minimiz-
ing HV(Y |X) aims to improve the predictiveness/realism
of the data pairs (X,Y ) [9, 42]. Therefore, the objective of
(3) is equivalent to maximize the first term HV(Y |∅) while
minimizing the second term HV(Y |X) in (4), to achieve the
improved data diversity and realism.

Approximating and maximizing V-information. For the
sake of computational feasibility, we restrict ourselves to the
case where the predictive family V includes only humans and
a single pre-trained observer model associated with dataset
T , denoted as V = {ϕh, ϕθT }. Given the computational
challenges of solving (3) by maximizing both terms in (4)
simultaneously, we decouple the terms in (4), resulting in:

inf
f∈V

{
Ey∼Y [− log f [∅](y)]

−Ex,y∼X,Y [− log f [x](y)]
, (5)

where f [x] is probability measure on Y based on the received
information x, and f [x](y) ∈ R is the value of the density
evaluated at y ∈ Y . Then, we seek proxies to approximate
the decoupled two terms in (5) independently.

Proposition 1 (Proxies on diversity and realism of distilled
data). Given a distilled dataset S = (X,Y ), we derive the
following approximations to maximize the diversity term
HV(Y |∅) and the realism term −HV(Y |X):
1. The diversity ratio HV(Y |∅)/HV(T |∅) is posited as a

lower bound of the information preservation ratio from
the original dataset T to the distilled one S , justified by:

HV(Y |∅) ≤ HV(S|∅) ≤ HV(T |∅) . (6)

Therefore, we maximize diversity through preserving
more information from the original dataset T .

2. The realism score for a distilled sample x and label y
from a pair (x, y) is defined as:

−ℓ(ϕθT (x), ϕh(x))− ℓ(ϕθT (x), y) . (7)

To enhance the realism score for each distilled pair (x, y),
we prioritize the distillation of sample x with higher
−ℓ(ϕθT (x), ϕh(x)) and assign the label y = ϕθT (x).

Summary. To bolster the two properties—diversity and
realism—of our distilled dataset, we employ two practical
proxies, namely 1) the diversity ratio, and 2) the realism
score, as the approximation to design distillation algorithm
D (see Appendix B for more (theoretical) analysis).
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Figure 3. Visualization of our proposed two-stage dataset distillation framework. Stage 1: We crop each original image into several
patches and rank them using the realism scores calculated by the observer model. Then, we choose the top-1-scored patch as the key
patch. For the key patches within a class, we re-select the top-N × IPC patches based on their scores, where N = 4 in this case. Stage 2:
We consolidate every N selected patches from Stage 1 into a single new image that shares the same resolution with each original image,
resulting in IPC-numbered distilled images per class. These images are then relabeled using the pre-trained observer model.

Overview of our dataset distillation paradigm. To en-
hance the diversity and realism of our distilled dataset, we
introduce a novel two-stage paradigm that practically utilizes
the proposed two proxies in Proposition 1 (See Figure 3 and
Algorithm 1). In particular, our objective is to preserve the
information within a large number of sample pairs exhibiting
high realism scores from the original full dataset T into the
distilled dataset S. This process unfolds in two stages:
• First stage in Section 4.2 extracts major information (i.e.,

key sample pairs) with high realism score from T .
• In the second stage (see Section 4.3), we aim to compress

the extracted information from the first stage into finite
pixel space to form distilled images and relabel them.

4.2. Extracting Key Patches from Original Dataset

To extract the explicit key information from the original full
dataset, we capture the key patches with high realism scores
at the pixel space level and sample space level respectively.

Extracting key patch per image. Motivated by the com-
mon practice in Vision Transformer [7, 48] that image
patches are sufficient to capture object-related information,
we propose to learn the most realistic patch, ξi,⋆, from a set
of patches {ξi,k}, which are extracted from a given image
x̂i ∈ X̂ . The whole procedure can be formulated as:

ξi,⋆ = argmax
ξi,k∼p(ξi,k|x̂i)

−ℓ(ϕθT (ξi,k), ϕh(ξi,k)) , (8)

where the label ϕh(ξi,k) annotated by humans is given as yi.
Therefore, si,k := −ℓ(ϕθT (ξi,k), yi) represents the realism
score for the patch ξi,k and si,⋆ denotes the highest one.

Let Tc := {(x̂, ŷ)|(x̂, ŷ) ∈ T , ŷ=c} denote a sub-dataset
comprising all samples associated with class c from the full
dataset T . Given the key patches and its corresponding
scores (ξi,⋆, si,⋆) for x̂i ∈ Tc, we form them into a set Qc.

Capturing inner-class information. Solely relying on
information extraction at the pixel space level is inadequate
in averting information redundancy at the sample space level.
To further extract key information from the original dataset,
we consider a sample space level selection to further scrutiny
of the selected patches from the previous stage.

More precisely, certain patches—denoted as Q′
c—are

selected based on a given pruning criteria s̄⋆ defined over
Qc, aiming to capture the most impactful patches for class c,
whose socres are larger than s̄⋆. This process is iteratively
repeated for all classes of T .

Practical implementation. In practice, extracting all key
patches from the entire Tc and subsequently selecting the top
patches based on scoring presents two significant challenges:
• Iterating through each image in Tc to identify crucial

patches incurs a considerable computational overhead.
• Utilizing a score-based selection strategy typically intro-

duces distribution bias within the chosen subset of the orig-
inal dataset Tc, which hurts data diversity and adversely
affects generalization (see Section 5.5 for more details).

To address the aforementioned issues, we propose the adop-
tion of the random uniform data selection strategy2 to derive
a pre-selected subset T ′

c ⊂ Tc (see settings in Section 5.1).
The subsequent inner-class information-capturing process is
then performed exclusively on this subset T ′

c .

4.3. Information Reconstruction of Patches

To effectively save the previously extracted key information
in the limited pixel space and label space of the distilled
dataset, we propose to reconstruct the information in patches.

2This treatment is motivated by the findings [3, 34, 35] on the impact
of various data selection strategies, where random uniform selection is a
lightweight yet unbiased data selection strategy.
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Images reconstruction. The patch size is typically smaller
than the dimensions of an expected distilled image, where
directly utilizing the patches selected as distilled images may
lead to sparse information in the pixel space.

Therefore, for a given class c with a selected patch set Q′
c,

we randomly retrieve N patches3 without replacement to
form a final image xj by applying the following operation:

xj = concatenate({ξi,⋆}Ni=1 ⊂ Q′
c) . (9)

Labels reconstruction. The previous investigation [47]
highlights a critical limitation associated with single-label
annotations, wherein a random crop of an image may en-
compass an entirely different object than the ground truth,
thereby introducing noisy or even erroneous supervision
during the training process. Consequently, relying solely
on the simplistic one-hot label proves inadequate for repre-
senting an informative image, consequently constraining the
effectiveness and efficiency of model learning [44].

Inspired by this observation, we propose to re-label
the squeezed multi-patches within the distilled images xj ,
thereby encapsulating the informative label for the dis-
tilled images. It can be achieved by employing the soft
labelling approach [32] to generate region-level soft labels
yj,m = ℓ (ϕθT (xj,m)), where xj,m is the m-th region in the
distilled image and yj,m is the corresponding soft label.

Training with reconstructed labels. We train the student
model ϕθS on the distilled data using the following objective:

L = −
∑
j

∑
m

yj,m log ϕθS (xj,m) . (10)

5. Experiment
This section assesses the efficacy of our proposed method
over SOTA methods across diverse datasets and neural archi-
tectures, followed by extensive ablation studies.

5.1. Experimental Setting

We list the settings below (see more details in Appendix D).

Datasets. For low-resolution data (32× 32), we evaluate
our method on two datasets, i.e., CIFAR-10 [20] and CIFAR-
100 [19]. For high-resolution data, we conduct experiments
on two large-scale datasets including Tiny-ImageNet (64×
64) [21] and full ImageNet-1K (224× 224) [6]. Moreover,
given the fact that most existing dataset distillation methods
cannot be extended to large-scale high-resolution datasets,
we further consider four widely used ImageNet-1K subsets

3We use N and target resolution of distilled images to calculate and set
the resolution of the patches, e.g., for an image with 224× 224 resolution
and set N = 4, the resolution of patches is defined as 112× 112.

Algorithm 1 RDED: An efficient framework for high-
resolution dataset distillation (see Appendix C for more
implementation details)

Input: Original full dataset T , a corresponding pre-
trained observer model ϕθT and initial S = ∅.
for T ′

c ⊂ Tc ⊂ T do
for (x̂i, ŷi) ∈ T ′

c do ▷ Stage 1
Crop x̂i into K patches {ξi,k}Kk=1
for k = 1 to K do

Calculate the score si,k = −ℓ(ϕθT (ξi,k), ŷi)

Select patch ξi,⋆ from {ξi,k}Kk=1 via si,⋆

Select top-(N × IPC) patches
for j = 1 to IPC do ▷ Stage 2

Squeeze N selected patches into xj

Relabel xj with yj
S = S ∪ {(xj , yj)}

Output: Small distilled dataset S

in our evaluation: ImageNet-10 and ImageNet-100 [18],
ImageNette and ImageWoof [1].

Network architectures. Similar to the prior dataset distil-
lation works [1, 5, 13, 44, 52], we use ConvNet [13], ResNet-
18 and ResNet-101 [14], EfficientNet-B0 [36], MobileNet-
V2 [29], as our backbone.

Baselines. We consider SOTA optimization-based dataset
distillation methods that can scale to large high-resolution
datasets for a broader practical impact:
• MTT [1] is the first work that proposes trajectory matching-

based dataset distillation, which can work on both low and
high-resolution datasets.

• IDM [52] introduces an efficient dataset condensation
method based on distribution matching, in contrast to com-
putationally intensive optimization-oriented approaches
[1, 51], thus scaling to ImageNet-100.

• TESLA [5] is the first dataset distillation method scales to
full ImageNet-1K, which handles huge memory consump-
tion of the MTT-based method with constant memory.

• DATM [13] is the first to outperform the original full
dataset training performance with large IPC.

• SRe2L [44] is a recent work to efficiently scale to
ImageNet-1K, and significantly outperforms existing meth-
ods on large high-resolution datasets. We consider it as
our closest baseline.

Evaluation. Following previous research, we set IPC to 1,
10, and 50. To evaluate cross-architecture generalization, we
use the distilled datasets from one neural architecture to train
the other neural architectures from scratch and record the
validation accuracy (see Table 4). Furthermore, we evaluate
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ConvNet ResNet-18 ResNet-101

Dataset IPC MTT IDM TESLA DATM RDED (Ours) SRe2L RDED (Ours) SRe2L RDED (Ours)

1 46.3 ± 0.8 45.6 ± 0.7 48.5 ± 0.8 46.9 ± 0.5 23.5 ± 0.3 16.6 ± 0.9 22.9 ± 0.4 13.7 ± 0.2 18.7 ± 0.1
CIFAR10 10 65.3 ± 0.7 58.6 ± 0.1 66.4 ± 0.8 66.8 ± 0.2 50.2 ± 0.3 29.3 ± 0.5 37.1 ± 0.3 24.3 ± 0.6 33.7 ± 0.3

50 71.6 ± 0.2 67.5 ± 0.1 72.6 ± 0.7 76.1 ± 0.3 68.4 ± 0.1 45.0 ± 0.7 62.1 ± 0.1 34.9 ± 0.1 51.6 ± 0.4

1 24.3 ± 0.3 20.1 ± 0.3 24.8 ± 0.5 27.9 ± 0.2 19.6 ± 0.3 6.6 ± 0.2 11.0 ± 0.3 6.2 ± 0.0 10.8 ± 0.1
CIFAR-100 10 40.1 ± 0.4 45.1 ± 0.1 41.7 ± 0.3 47.2 ± 0.4 48.1 ± 0.3 27.0 ± 0.4 42.6 ± 0.2 30.7 ± 0.3 41.1 ± 0.2

50 47.7 ± 0.2 50.0 ± 0.2 47.9 ± 0.3 55.0 ± 0.2 57.0 ± 0.1 50.2 ± 0.4 62.6 ± 0.1 56.9 ± 0.1 63.4 ± 0.3

1 47.7 ± 0.9 - - - 28.9 ± 0.1 19.1 ± 0.9 27.7 ± 1.1 16.9 ± 0.2 24.3 ± 0.7
ImageNette 10 63.0 ± 1.3 - - - 59.0 ± 1.0 45.7 ± 1.0 62.7 ± 0.8 36.1 ± 2.5 53.3 ± 2.7

50 - - - - 83.1 ± 0.6 64.4 ± 0.7 84.4 ± 0.2 62.8 ± 0.4 80.9 ± 0.4

1 28.6 ± 0.8 - - - 18.0 ± 0.3 15.0 ± 0.6 17.9 ± 1.0 15.6 ± 0.6 18.0 ± 0.7
ImageWoof 10 35.8 ± 1.8 - - - 40.1 ± 0.2 30.0 ± 0.8 44.4 ± 1.8 22.3 ± 0.7 35.9 ± 2.1

50 - - - - 60.8 ± 0.5 41.3 ± 1.1 71.7 ± 0.3 38.6 ± 0.5 66.1 ± 0.3

1 8.8 ± 0.3 10.1 ± 0.2 - 17.1 ± 0.3 12.0 ± 0.1 2.62 ± 0.1 9.7 ± 0.4 1.9 ± 0.1 3.8 ± 0.1
Tiny-ImageNet 10 23.2 ± 0.2 21.9 ± 0.3 - 31.1 ± 0.3 39.6 ± 0.1 16.1 ± 0.2 41.9 ± 0.2 14.6 ± 1.1 22.9 ± 3.3

50 28.0 ± 0.3 27.7 ± 0.3 - 39.7 ± 0.3 47.6 ± 0.2 41.1 ± 0.4 58.2 ± 0.1 42.5 ± 0.2 41.2 ± 0.4

1 - 11.2 ± 0.5 - - 7.0 ± 0.2 3.1 ± 0.1 7.7 ± 0.2 2.9 ± 0.2 5.7 ± 0.3
ImageNet-100 10 - 17.1 ± 0.6 - - 27.2 ± 0.2 8.2 ± 0.1 35.4 ± 0.7 11.0 ± 0.2 31.3 ± 0.3

50 - 26.3 ± 0.4 - - 47.8 ± 0.4 33.2 ± 0.9 64.8 ± 0.6 51.7 ± 1.0 67.3 ± 0.8

1 - - 7.7 ± 0.2 - 6.4 ± 0.1 0.1 ± 0.1 6.6 ± 0.2 0.6 ± 0.1 5.9 ± 0.4
ImageNet-1K 10 - - 17.8 ± 1.3 - 20.4 ± 0.1 21.3 ± 0.6 42.0 ± 0.1 30.9 ± 0.1 48.3 ± 1.0

50 - - 27.9 ± 1.2 - 38.4 ± 0.2 46.8 ± 0.2 56.5 ± 0.1 60.8 ± 0.5 61.2 ± 0.4

Table 2. Comparison with the SOTA baseline dataset distillation methods. We use identical neural networks for both dataset distillation
and data evaluation. In general, following [1, 5, 52], the ConvNet used for distillation are Conv-3 on CIFAR10 and CIFAR100, Conv-4 on
Tiny-ImageNet and ImageNet-1K, Conv-5 on ImageNette and ImageWoof, Conv-6 on ImageNet-100. MTT and TESLA use a down-sampled
version of image when distilling 224× 224 images [1, 5]. Following [44], SRe2L and RDED use ResNet-18 to retrieve the distilled data,
and evaluate on ResNet-18 and ResNet-101. Entries with “-” are absent due to scalability problems. See Appendix C for more details.

the distillation efficiency in Table 3 by estimating the run-
time cost of distilling the image, as well as the peak GPU
memory usage.

Implementation details of RDED. We employ a gener-
alized configuration for T ′ (c.f. Section 4.2 for definition),
where the size |T ′| is set as 300. We set N = 4 (c.f. Section
4.3 for definition) for high-resolution datasets and set N = 1
for datasets with resolution less than 64× 64.

5.2. Main Results

High-resolution datasets. To explore the potential of our
approach for real-world applications, we first conduct experi-
ments to compare with the SOTA dataset distillation methods
on Tiny-ImageNet and ImageNet-1K (including some
subsets, e.g., ImageNet-100). Table 2 demonstrates that our
proposed method significantly outperforms existing methods
or exhibits comparable results with large IPC = 10 and
50. However, when IPC comes to 1, our approach struggles
to effectively retain the information present in the original
dataset, consequently leading to suboptimal outcomes.

Low-resolution datasets. To validate the robustness of
our method across different-resolution datasets, we conduct
more experiments on diminutive datasets such as CIFAR-10
and CIFAR-100 (see Table 2). Our RDED demonstrates

Architecture Time Cost (ms) Peak Memory (GB)

ResNet-18 SRe2L 2113.23 9.14
Ours 39.89 1.57

MobileNet-V2 SRe2L 3783.16 12.93
Ours 64.97 2.35

EfficientNet-B0 SRe2L 4412.42 11.92
Ours 73.16 2.34

Table 3. Synthesis time and memory consumption ImageNet-1K.
We use a single RTX-4090 GPU for all methods to conduct exper-
iments on ImageNet-1K. Time Cost represents the consumption
(ms) for each image when generating 100 images simultaneously.
Following the official implementation of SRe2L [44], the peak
value of GPU memory usage is measured with a batch size of 100.

superior performance compared to conventional methods,
particularly in scenarios involving larger distilled datasets
such as CIFAR-100 with IPC = 50. However, similar
to high-resolution scenarios, its efficacy diminishes when
confronted with smaller datasets.

5.3. Efficiency Comparison

Table 3 distinctly showcases the superior efficiency of our
dataset distillation approach in comparison to previous
methodologies, demonstrating a significant performance
advantage over SOTA methods. Notably, we present a
flexible peak memory scope, allowing dynamic adjustments
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Verifier\Observer ResNet-18 EfficientNet-B0 MobileNet-V2

ResNet-18 SRe2L 21.7 ± 0.6 11.7 ± 0.2 15.4 ± 0.2
Ours 42.3 ± 0.6 31.0 ± 0.1 40.4 ± 0.1

MobileNet-V2 SRe2L 19.7 ± 0.1 9.8 ± 0.4 10.2 ± 2.6
Ours 34.4 ± 0.2 24.1 ± 0.8 33.8 ± 0.6

EfficientNet-B0 SRe2L 25.2 ± 0.2 11.4 ± 2.5 20.5 ± 0.2
Ours 42.8 ± 0.5 33.3 ± 0.9 43.6 ± 0.2

Table 4. Evaluating ImageNet-1K top-1 accuracy on cross-
architecture generalization. Distill dataset with ResNet-18,
EfficientNet-B0, and MobileNet-V2, and then versus transfer to
each other architecture. We can not conduct experiments for SRe2L
when the model using for distillation without batch normalization,
which necessitates [44]. All methods are evaluated with IPC = 10.

to the batch size without compromising performance. This
efficiency is attributed to the fact that the primary memory
consumption in our distillation procedure occurs exclusively
during the scoring process of patches, while this process
can be executed in parallel for images within a mini-batch4.
Furthermore, the optimization-free nature of our RDED
ensures that the distillation time for an image is solely
dependent on the scoring cost determined by the pre-trained
teacher model size.

5.4. Cross-architecture Generalization

To ensure the generalization capability of our distilled
datasets, it is imperative to validate their effectiveness across
multiple neural architectures not encountered when distill-
ing datasets. Table 4 examines our RDED with the SOTA
SRe2L and underscores the robust generalization ability of
our method. Our success stems from two key aspects:
• it enables high-realism distilled images (evidenced in [2]).
• it exhibits insensitivity to variations in the teacher model.

5.5. Ablation Study

The effectiveness of RDED hinges on two pivotal factors:
the size |T ′

c | of pre-selected subset T ′
c (c.f. Section 4.2) and

the number of patches N per distilled image (defined in
Section 4.3). In this section, we set IPC = 10 and employ
ResNet-18 as the network backbone to examine how these
factors influence the diversity and realism of the distilled
dataset (see Appendix D.4 for investigation on more factors).

On the impact of pre-selected subset size |T ′
c |. The ex-

perimental results in Figure 4 gives a more intuitive demon-
stration on the impact of |T ′

c |, alongside the discussion in
Section 4.2:
• The performance abruptly drops when |T ′

c | is equal to
N × IPC, i.e., the Stage 1 in our Algorithm 1 becomes

4Conventional optimization-based dataset distillation methods [1, 13,
44] have to synthesize a batch of images simultaneously to guarantee its
overall quality.
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Figure 4. Ablation study on |T ′
c | and N , i.e., the pre-selected

subset size T ′
c (left), and the number of patches N within each

distilled image (right). The emerald •, red •, and blue • denote
ImageNet-10, ImageNet-100, and ImageNet-1K respectively.

the simple uniform random sampling. In this case, the di-
versity is maximized but the realism is poor, thus resulting
in catastrophically degraded performance.

• As |T ′
c | continuously increases and exceeds a threshold,

our framework collects more realistic images from T ′
c but

their patterns may be repeated, thus hurting diversity and
consequent performance.

Therefore, a proper |T ′
c | would balance the trade-off between

data diversity and realism. In this instance, a value approach-
ing 300 maximizes the total sum for our target in Equation
(4), as indicated in Figure 4.

On the impact of squeezing N patches into one distilled
image. The number of patches N shares similar patterns
as that of |T ′

c |. Specifically, though we can compress more
patches from T into a distilled dataset S by increasing N
increases to benefit the data diversity, it also results in a
lower resolution for the source patches (see our explanation
in Footnote 3), thus hurting the realism. Therefore, a proper
number of patches N is important to achieve our objective
in (3). Figure 4 showcases that the validation performance
rises to the highest on selected three datasets when N = 4.

6. Conclusion
In this work, we introduce an optimization-free and efficient
paradigm which successfully distills a dataset with IPC =
10 from the entirety of ImageNet-1K, concurrently achieving
42% top-1 validation accuracy with ResNet-18. Furthermore,
our method exhibits robust cross-architecture generalization,
surpassing SOTA method by a factor of 2× in performance.
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