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Abstract

Recent deep learning models demand larger
datasets, driving the need for dataset distillation
to create compact, cost-efficient datasets while
maintaining performance. Due to the powerful
image generation capability of diffusion, it has
been introduced to this field for generating dis-
tilled images. In this paper, we systematically in-
vestigate issues present in current diffusion-based
dataset distillation methods, including inaccurate
distribution matching, distribution deviation with
random noise, and separate sampling. Building
on this, we propose D3HR, a novel diffusion-
based framework to generate distilled datasets
with high representativeness. Specifically, we
adopt DDIM inversion to map the latents of the
full dataset from a low-normality latent domain
to a high-normality Gaussian domain, preserv-
ing information and ensuring structural consis-
tency to generate representative latents for the
distilled dataset. Furthermore, we propose an
efficient sampling scheme to better align the rep-
resentative latents with the high-normality Gaus-
sian distribution. Our comprehensive experiments
demonstrate that D®HR can achieve higher ac-
curacy across different model architectures com-
pared with state-of-the-art baselines in dataset
distillation. Source code: https://github.
com/lin-zhao-resoLve/D3HR.

1. Introduction

Driven by the scaling law, recent deep learning models
have expanded in scale, demanding exponentially larger
datasets for optimal training performance, which makes
dataset maintenance costly and labor-intensive (Deng et al.,
2009; Alexey, 2020). To achieve both computational and
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storage efficiency, dataset distillation generates a small dis-
tilled dataset to replace the full dataset for training (Wang
etal., 2018; Loo et al.; Lee & Chung, 2024), while target-
ing comparable performance as the full dataset. In contrast
to dataset pruning methods (selecting a subset from the
full dataset) (Zhang et al., 2024; Sorscher et al., 2022; Tan
et al., 2024), dataset distillation treats the distilled dataset as
continuous parameters that are optimized to integrate infor-
mation from the full dataset. This approach achieves better
performance, especially with relatively high compression
rates. (Du et al., 2024b; Sun et al., 2024; Yin et al., 2023).

Recent data distillation methods primarily focus on improv-
ing the efficiency of the distillation algorithm (Yin et al.,
2023; Sun et al., 2024; Su et al., 2024; Gu et al., 2024).
Among them, the diffusion-based methods achieve strong
performance due to their remarkable generative capabilities.
They capture the most informative features of the full dataset
by extracting representative latents from the pre-trained Vari-
ational Autoencoder (VAE) latent space (Su et al., 2024; Gu
et al., 2024). Thus, the architectural dependency during
distillation is eliminated, enabling a one-time generation
cost for training various model architectures. This strat-
egy enhances the efficiency of distillation and significantly
improves cross-architecture generalization.

However, the above diffusion-based methods may struggle
to guarantee the representativeness of the distilled dataset.
(i) Inaccurate distribution matching. This challenge
arises from leveraging diffusion models to generate distilled
datasets, relying on accurately modeling the VAE feature
distributions for proper decoding. However, as shown in
Figure 1a, the low-degree of normality' for the distribu-
tion in VAE latent space results in difficulties in effectively
matching the distribution. (ii) Distribution deviation with
random noise. Besides, these methods generate distilled
images from the initial noise, which inject unpredictable ran-
domness to latents, potentially violating the structural and
representative information gathered in the VAE space with
potential distribution deviation. (iii) Separate sampling.
Moreover, the distilled data are individually matched to
parts of the entire VAE distribution without considering the

"Normality refers to the degree of the latent space data con-
forms to a normal distribution. A higher degree of normality
indicates closer conformity.
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dataset distillation methods, with detailed ablation stud-
ies and analysis.

2. Related Work

Dataset Distillation. Dataset distillation (Wang et al.,
. . _ 2018) is designed to improve training ef ciency by generat-
(@) Low-normality (VAE)  (b) High-normality(mapped)  jng a small dataset to replace the original large dataset for
Figure 1.t-SNE visualization of the low-normality VAE space training. Previous methods (Zhao et al., 2020; Cazenavette

and high-normality noise space for class “Gold sh”. The blue etal., 2022) employ a bi-level optimizati_on Process, Whi.Ch
contour lines are the probability density curves of the distributionuPdates the model parameters and the distilled dataset simul-

using kernel density estimation, highlighting the structure andi@neously. According to the different matching strategies in
concentration of the latents (blue dot$). in (b) marks thel0  the distillation, the methods can be classi ed into: gradient
representative latents generated in the noise space, correspondintatching (Zhao et al., 2020; Zhao & Bilen, 2021; Lee et al.,
to H in (a) after DDIM sampling, which preserves the structure of 2022), distribution matching (Wang et al., 2022; Zhao &
VAE space and concentrates in high-density regions. Bilen, 2023; Zhao et al., 2023; Zhang et al., 2023; Deng
et al., 2024), and trajectory matching (Cazenavette et al.,

overall distribution of the distilled dataset, which may lead 2022; Cui etal., 2023; Du et al., 2023; 2024a).
to an incomplete representation of the desired distributionRecent methods demonstrate that the bilevel optimization
approach is time-consuming and does not scale well for
e1arge datasets (Loo et al.; Sun et al., 2024; Yin et al., 2023;
Shao et al., 2024; Yu et al., 2024). To address this, more
ef cient dataset distillation methods are developed. 4Re
(Yin et al., 2023) and DWA (Du et al., 2024b) use the BN
ayers of the pre-trained teacher model as supervisory infor-
mation and synthesize each distilled image individually to
?ccelerate the generation. RDED (Sun et al., 2024) empha-

normality, so that a Gaussian distribution can accuratel 'Zeftthhe. |mp0trtince Or 'Tagiriﬁhstm ar;]d genzra}tel_s' Images
match the noised latent distribution, as illustrated in Fig- y stitching palches selected by the teacher model. HOWever,

ure 1b. Then we sample a set of latents from the estimiateH1ese methods rely on BN layers or the data disiribution of

Gaussian distribution and convert the latents back to VAEO'[her layers from the teacher, which limits their applicability

space by DDIM sampling for generating the distilled datasett.O different model architectures.

To ensure the distribution matching between the distilledunlike the above methods, the diffusion-based methods
dataset and the full dataset, we incorporate a new constraitéverage the powerful generative capabilities of diffusion
with our group sampling method, which tights the similarity models, eliminating the dependency on teacher models.
between the distribution of the generated latents and that dbpeci cally, D*M (Su et al., 2024) generates the distilled
the original latents. dataset by clustering the latents of the full dataset in the
VAE latent space. Gu et al. (2024) reconstruct the training
loss of diffusion model in the VAE space, aiming to generate
« We propose BHR, a dataset distillation framework images representing the full dataset. However, it requires
leveraging DDIM inversion to map the original data ne-tuning multiple models for large datasets. The above
distribution to a Gaussian distribution, which makes it methods struggle to accurately capture representative latents
easier for distribution matching (better normality) with that match the full dataset distribution.

less rando_mness (_bljectlve DI.DlM mapping .to PreSEIVenittusion Models. Diffusion models target approximat-
structural information), effectively addressing inaccu-

Co , o ...~ ing the data distributiolg (x ) with a learned model dis-
rate _dlstr|b_ut|or_1 matching and distribution deviation in tribution p (x ). Denoising diffusion probabilistic mod-
previous diffusion-based methods.

i ) els (DDPMs) (Ho et al., 2020) optimizes a variational lower

* We propose a novel sampling scheme to ef ciently onq pased on the Markov Chain, allowing models to gen-
align the distributions of generated distilled latents andg 51 high-quality samples. DDIM (Song et al., 2020) built
original latents from the full dataset, overcoming the o, pppMs provides a more ef cient and deterministic sam-
shortcoming of |nd|v.|dual sampllng. pling method by removing the randomness in each reverse

+ We conduct extensive experiments and demonstratstep, thus offering a faster and more controlled generation.
that D*HR signi cantly outperforms state-of-the-art

Inspired by these insights, we propose a novel fram
work, TamingDiffusion for DataseDistillation with High

RepresentativenesBtHR). We reveal an optimal strategy
for modeling the VAE latent domain by mapping it to a
simpler distribution domain while preserving fundamental
information and ensuring structural consistency. Towar
this end, we adopt the deterministic DDIM inversion to map
latents from the VAE space to the noise space with highe

Our contributions can be summarized as follows:
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Due to the deterministic approach, DDIM sampling can be3.3. Motivation
inverted, allowing users to map their generated or real im- . . T s
age back to its corresponding noise representation. Previo%x'snng dataset dlst|l!at|on w_orks have certain limitations as
works (Rombach et al., 2022) rely on the UNet architecture, iscussed below, which motivate us to develop o&HB.
and recent works (Peebles & Xie, 2023; Esser et al., 20245calability to multiple model architectures. In some
Shen et al., 2025) demonstrate the superior performance efataset distillation works (Yin et al., 2023; Loo et al.), a
Diffusion Transformer (DiT) in image generation by intro- teacher modeT trained byF is used to guide the distilla-
ducing Transformer architecture to diffusion models. tion processS = A(F;T). It relies on a speci c model
architecture. A new model architecture requires distilling an-
3. Background, Formulation, and Motivation other dataset with the new teacher architecture expensively
trained on the full dataset, making it hard to scale.

.1. Preliminari Diffusion M | .
3 reliminaries on Diffusion Models To address this problem, recent works (Gu et al., 2024; Su

Diffusion ModelgHo et al., 2020) are proposed to generateet al., 2024) leverage the powerful generative capabilities
high-quality images by transforming the random Gaussiarof diffusion modelsG (Azizi et al., 2023) to produc&
noisex; into the imagexq through a discrete Markov chain. without the guidance from a speci c teacher modielS =
Among them, Latent Diffusion Model (Rombach et al., A(F; G). In this setup, onc8 is generated with just ane-
2022) enhances ef ciency by leveraging VAE to compresstime cost, it can be applied to various model architectures
the pixel spac&y into the latent spacgy : zo = E(Xo), (e.09, ResNet, Ef cientNet, and VGG), instead of generating
and decoding the latents back to images at the end of diffunultiple S for each model architecture.

sion backward procesgy = D(zp). During training, the

forward process adds random noise to the initial latgnt Inaccurate distribution matching in the latent space

There are still some limitations for the current diffusion-
D based data distillation methods. Speci cally, the origi-
7 = P o+ 1 ; with N (0;1); (1) nalimages of the clagSare converted to laten&g.c =

zZ,jC iN:Fl:C through the VAE, and the methods propose to

where | is a hyper-parameter amg represents the noise nd and describe the data distributions in the latent space,
! for further synthesis o latents forC (i.e., n images-per-

?‘ timesteg. D““r?g |qference, the backward process Iteral'class (IPC)), hoping that latents can match the real data
tively removes noise ig; through schedulers to gej.

distributions in the latent space. For example, Su et al.
Denoising Diffusion Implicit Model(DDIM) (Song etal.,  (2024) apply K-means to clust&p.c into n groups to get
2020) introduces a deterministic sampling method by con gthe centroids for better synthesis mflatents. Gu et al.
uring the variance of the distribution at each step, enabling2024) minimize the cosine similarity between each synthe-
a one-to-one mapping from to zy, as expressed below:  sized latent and a random subggt whereZs Z o.c.

However, the distribution of the original dataset in the latent

r . . i
1 space is too complex to accurately describe or match. Itis a

_ t
1= ¢ at multi-component Gaussian mixture distribution as below.
s 7 !
p 1 1 . . Lemma 3.1. Each latent in VAE latent space is randomly
t1 . 1 1 N 1" (zt 0 sampled from a distinct component of a multi-component

@) Gaussian mixture distribution.

where" (z;t; C) is a function with trainable parameters

Cdenotes the class condition. The proof is shown in Appendix A.1Zg.c is a multi-

component Gaussian mixture distribution and hard-to- t,

3.2. Problem Formulation for Dataset Distillation with examples shown in Figure 1a.

e'{herefore, it is challenging to generate representative la-
tents in the compleXy.c. The K-means algorithm (Su

et al., 2024) assumes that each cluster is spherical for easier
clusteringZ o.c, which does not align with the more com-
plex distribution ofZy.c. The cosine similarity (Gu et al.,
2024) focuses on the direction to a subset of the distribution,
and ignores the distance, making it less effective to capture
the differences in probability density withify.c.

Dataset distillation aims to synthesis a small distilled datas
S= fRi;%i g\ toreplace the full datasét = fx;;yi g\,
for training, whereNs Ng, X & X; are images, and
¥ & y;i are labels. To maintain high performance with a
smallerS, Algorithm A is proposed to address the problem
of generatingS fromF: S = A(F) j Ng Ng. Itis
expected that training a model &achieves a comparable
performance to training oR , assuming tha encapsulates
substantial information from the origingl. Distribution deviation with random noise. Current meth-
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Figure 2.lllustration of proposed D®HR framework. With the latents from the VAE, DDIM inversion is applied to map the latent
embeddings to a Gaussian domain with better normality, which can further be matched to a Gaussian distribution. Then, we follow Sec-
tion 4.4 to sample representative latents based on different IPC requirements, and generate true images through DDIM sampling.

ods generate images from the initial noise. They obtain th&.2. Domain Mapping
noise either by adding random noise to the representativl%. tial that th Il distilled dataset f cientl
latents in the VAE space via Equation (1) (Su et al., 2024) IS essential that the small distilied dataset can sut ciently

or by generating it randomly, with the representative latent %p)zrzjsesnt tr][e tIJrlgzl(r;gIAflarge <:1ﬁtaalf>::eyt:o$s wo rli/SA(EG :J tEt atl.,
obtained by multiple ne-tuned diffusion models (Gu et al., » Su etal, ) use the distribution in aten

. . UN . . .
2024). However, due to the inherent randomness of initiafPac€Zo,c = 2 j C ;_; to distill the information of
noise, the distribution of denoised latents may deviate of/aSSC from the original dataset. As discussed in Sec-
shift from that of the sampled latents before adding noisdion 3.3, it is challenging to generatelatents to match

as shown in Appendix B-Figure A1, leading to potential the VAE latent spac&q.c. To make it easier for distribu-
accuracy loss after training. tion matching, we further map the distributionZn.c to

_ - - a high-normality Gaussian spa£e;c by DDIM inversion
Separate sampling Additionally, current diffusion-based  (Dhariwal & Nichol, 2021) for each clas3 as illustrated

works generate representative latents without considering, Figure 2. Speci cally, for each latem, in classC, we
their overall distribution. Due to the limited number of perform a few DDIM inversion steps as follows,

samples, although each latent may be matched to parts of r
the desired distributiod o.c, the overall distribution of the _ t+1
; : : : Ztyg = i+
sampledh latents may not closely align with.c, resulting t
in an under-represented distilled dataset. S N r 1 !
t+1 1 — 1 " (z;t 0O
4. Methodology for Dataset Distillation o t 3)

Motivated by the limitations, we presenfBR, a diffusion-  ppv inversionis based on the assumption that the ODE

based dataset distillation framework via domain mapping. process of DDIM sampling can be inverted in a few steps.
There are other choices for domain mapping such as di-

4.1. Framework Overview rectly adding random Gaussian noise through the forward

Our framework has three stages: domain mapping, distrip’ Penoising Diffusion Probabilistic Models (DDPM) in
tion matching, and group sampling. As shown in Figure 2’Equatlon (1). However, DDPM inherently introduces ran-

we rst convert images to latents through VAE and map thedomness in the mapping, leading to dif culties for accu-
VAE latent domain to the noise domain via DDIM inversion, Fately describing the distribution with potential distribution

Next, with distribution matching, we use a Gaussian distriShift or information loss, as presented in Figure 3a. Differ-

bution to match the mapped noised latent distribution fromENt rom DDPM, DDIM inversion with Equation (3) offers

the previous stage. Finally, in the group sampling stage, Wéhe key p_rerequisite_s for obtaining a representat.ive subset
sample a number of latents from the Gaussian distributioff? Z7:c: (i) Information Preservation: The mapping be-
and convert the latents back to images to generate the diwveen two domains is bijective because of the deterministic

tilled dataset. The algorithm is shown in Algorithm 1 with P'OC€SS, Wher_e each eIer_nenZlﬁ;c dlref:tly cor_responds
details introduced in the following subsections. to an element iiZ o.c and vice versa, which avoids the loss

of key features during the mapping process. Stijuctural
Consistency:The latents irZ 1.¢ can retain the structural
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Algorithm 1 D3HR Algorithm function (PDF) on\T;c can be expressed as the following,
|

Input: Full dataseF = ( X;Y ), VAE encoder-decodék; D , 1 (2 i )2-
Inverse step3, IPC numben f(21.c) = o ex TC TCL .
Output: Distilled datases (ric) 2 (1o)? P 2( T.0)? )
Initialize S = ; ’
for eachclass Cdo

yc label of class C
Zo;c = E(XjC)
Initialize Zt.c = ;
foreachzg 2 Z o.c do
Updatez, to zr via Equation (3) withT steps
. DDIM Inversion
Zr.c Z tmc[f zrg
end for

where .. and !.. denote the mean and standard devia-
tion for each dimension ofr.c and T.¢, respectively.

4.4. Group Sampling

With the Gaussian distributioﬁ\T;c for the clas<C, next
we generate the distilled dataset. Speci cally, we gener-
aten representative latents for each cl&sby capturing

T.c  Mmeanof Z1.c
2. variance of Zr.c
Z\T:C N ( 1c; %c)
Initialize Lt.¢c = ;
fork 1ltomdo _
Gaussian Sample latents to geR* = f2,..g,
CalculateL¥. . via Equation (5) foR
Lric=LnclfL %o
end for
j =argmin (L¥.c)
1 k m

foreach?r 2R do
Update2r to 2, via Equation (2) inl steps
. DDIM Sampling

the statistic characteristics (ﬁT;C. Using the Ziggurat
algorithm (Marsaglia & Tsang, 2000), we can randomly
samplen i.i.d. latents probabilistically foIIowind\T;c with

f (21.¢c), which together form a subset. However, although
each latent is sampled froﬁlrr;c, due to the limited number
of samplesrt) for distillation, the overall distribution of the
subset withn samples may still deviate from the desired
Z‘T;c, leading to certain performance degradation.

. Group Sampling

To address this problem and further improve the quality of
the distilled dataset, we propose to sample numerous ran-
dom subsets (each subset consista af.d. latents) and
S S[f D(20);ycq ef ciently search for the most representative subset as the
end for nal subset. Speci cally, by repeating the above sampling
(raentﬂrfr?rs with the Ziggurat algorithm multiple timesy random sub-
sets are available with varying statistical distributions. To
search for the most representative subset, we further propose
an ef cient algorithm that selects the subset statistically clos-

information ofZ ., ensuring the structural consistency and €st toZr,c amongm random subsets, thereby improving
distribution alignment. the matchingeffectivenessandstability .

o . To select the nal subset, we design a statistic evaluation
4.3. Distribution Matching metric L1.c to measure the distance between the subset

With DDIM inversion, we can obtain a discrete distribution distribution andr.c, and select the subset with the minimal
Zrc= Z-jC N_ . We have the following lemma. vaIu_e._Spem callyLt.c compgteg thg dlffe_rence_s in the key

’ =1 statistics between two data distributions, including the mean,
Lemma 4.1. For DDIM inversion withT steps, with suf -  standard deviation, and skewneks. c can be expressed as
ciently largeT, Z+.c can be approximated as a Gaussian the weighted sum of the three,

distribution.
Lt.c= Lict Lrict , L 7mc (B

The proof is shown in Appendix A.2. Since the latents inwhereL 1. ¢, L 1. c andL ,.7.c denotes the evaluation of
Zt,c can be interpreted as independently and identically 1.c, t.c, and 1.7.c, respectively, with the formulation
Gaussian distributed (i.i.d.) latents, we approxiniate: below,

with a Gaussian distributioﬁT;c based on the law of large

P )
— — 1 n .
numbers (Hsu & Robbins, 1947). To obtain the statistical ~ - ¢=(Zrc  ma?=(5 e ma% (6)

properties on\T;c, we compute the the mean.c and 9 -p—

variance %C from Z+.c as the mean and varianceﬁf;c. Liic= 5o (2rc T2 TiCc @)
. . I =] 2 3 2

Thus, we can obtain the Gaussian distributin c Lmc= gtng g he e )

T, C

N( T.c; %c) in the latent space to represent the class
Since the dimensions in the noise space of DDIM inversiorwhere 1;c; T.c and y7;c are the mean, standard devia-
are independent (Song et al., 2020), the probability densityion and skewness (i?T;c. 2} indicates the™ element
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ResNet-18 ResNet-101
Dataset IPC
SRéEL DWA D*M RDED Ours SRéL DWA D*M RDED Ours
CIFAR-10 10 293 05 326 04 335 371 03 413 01 243 06 252 02 294 337 03 358 0.6
50 450 07 531 03 629 621 01 708 05 349 01 482 04 544 516 04 639 04
CIEAR-100 10 316 05 396 06 381 426 02 494 02 307 03 359 05 333 411 02 46.0 05

50 522 03 609 05 632 626 01 657 03 569 01 589 06 647 634 03 66.6 0.2

10 161 02 401 03 341 419 02 444 01 146 11 385 07 334 229 33 432 05
Tiny-lmageNet 50 414 04 528 02 462 582 01 569 02 425 02 547 03 510 412 04 594 0.1
100 497 03 560 02 514 - 59.3 0.1 515 03 574 03 553 - 614 0.1

10 213 06 379 02 279 420 01 443 03 309 01 469 04 342 483 1.0 521 04
ImageNet-1K 50 468 02 552 02 552 565 01 594 0.1 608 05 633 07 634 612 04 66.1 0.1
100 528 03 592 03 593 - 625 0.0 628 02 667 02 665 - 68.1 0.0

Table 1.Comparison of Top-1 accuracy across four datasets with other methodgollowing SR&L (Yin et al., 2023), all methods use
ResNet-18 as teacher model, and train separately on ResNet-18 and ResNet-101 with the soft ldbdI(Swsd al., 2024) and our
D*HR do not need teacher models, we just use the soft label as supervisidR(=orL00, some results are unavailable with *-' due to
their inappropriate default parameter settings.

is both time- and space-ef cient The sampling is per-
formed based on the statistic parameters and we can sample
different subsets in parallel on the GPU. Our sampling im-
plementation only takes 2.6 seconds per class on a single
RTX A6000 withm = 1e6 for ImageNet-1K|PC = 10.
Additional runtime results under different settings are pro-
(a) Base-DDPM (b) D*HR vided in Appendix B-Tables A2 to A4. Moreover, instead
Figure 3.t-SNE visualization of the representative latents in ‘?f sto_rmg representauve Iate,’m,s' we can generate_ the dis-
VAE space generated by Equation (1) and BHR for class  tilled image directly from statistical parameters, which are
“Gold sh”. It can be observed that the latents accurately represersPace-ef cient as shown in Appendix B-Figure A2.
the VAE distribution in BHR.

5. Main Results

of the random subset. As Gaussian distribution is perfectly5 1. Experimental Details

symmetric, 1.1.¢c = 0. - =XP

Datasets Experiments are conducted on both small-scale

and large-scale datasets. For small-scale datasets, we use

CIFAR-10 and CIFAR-100 (Krizhevsky et al., 2009) with

32 32resolution. For large-scale datasets, we use Tiny-

ImageNet (Le & Yang, 2015) witROOclasses§00images

j =argmin (L-kr;c): 9) per class, 64 64 size) and ImageNet-1K (Deng et al., 2009)
1Lkm with 1; 000classesIM images, 224 224 resolution).

With the above evaluation metric function, for ti& subset,
we can compute its metrick... And we select thg™
subset with the smallestr.c as the most representative
subset:

After we select the most representative subset, they angetwork architectures. To validate the applicability of
converted to real images through Equation (2) with DDIM oyr method across different architectures, we adopt ResNet-

and a VAE decoder. 18/ResNet-101 (He et al., 2016), MobileNet-V2 (Sandler
et al., 2018), and VGG-11 (Simonyan & Zisserman, 2014)
4.5. Advantages of BHR as backbones, following prior works (Du et al., 2024b; Yin

Compared to other methods, we highlight our approach ha%t al,, 2023; Sun et al., 2024).

the following notable advantages: (1) We present a domaiBaselines We compare BHR with four state-of-the-art
mapping method to map VAE latent domain into Gaussiammethods: SR&. (Yin et al., 2023), DWA (Du et al., 2024b),
domain withbetter normality , leading to moreccurate  D*M (Su et al., 2024), RDED (Sun et al., 2024), following
andef cient distribution matching, as illustrated in Fig- the same evaluation con guration. We exclude compari-
ure 1b. (2) We ensure thifte entire subset is represen- son with Minimax (Gu et al., 2024) in the main Table 1,
tative closely aligned with the desired distribution, rather since their method focuses on handling small subsets of
than just sampling individual elements without considerimageNet-1K and requires training multiple diffusion mod-
ing their overall distribution. (3) Our sampling algorithm

6
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StudeniTeacher | ResNet-18  MobileNet-V2  VGG-11 DM/ Sampling Design |  Acc. (%)
SREL | 21:3 06 154 02 - Base-DDPM 373 07

ResNet-18 ~ RDED | 423 06 404 01 366 01 Base-RS 416 02
Ours | 443 0.3 423 0.7 383 0.2 L 426 01

SREL | 197 01 102 26 - L 423 02

MobileNet-V2 RDED | 344 0:2 338 06 287 02 L, 424 01
Ours | 434 03 464 02 378 04 L+ L 433 02

SREL | 165 0:1 106 O0:1 - L +L, 430 01

VGG-11 RDED | 227 01 21:6 02 235 03 L +L, 425 0:2
Ours | 25.7 0.4 248 04 28.1 01 L +L +L , (Ours) | 443 03

Table 2 Evaluating Top-1 accuracy for cross-architecture gen- - 1apje 3 Ablations of D*°HR on ResNet-18 for ImageNet-1K
eralization on ImageNet-1K IPC = 10. As VGG-11 lacks BN \ith IPC = 10. DM indicates domain mapping, and ‘RS’
layers, the results of SRE are not available with *-'. indicates random sampling.

els with expensive computation for large-scale scenario%.3. Cross-architecture Generalization

Instead, we report results under their setup in Section 6.4,

Implementation details. We adopt the pre-trained Diffu- Tofurther evaluate cros_s-model performange, on ImageNet-
sion Transformer (DiT) and VAE from Peebles & Xie (2023) ;‘Bé"g compare E}’]!*R with the recent bl\?se'l'rl‘(e Sgﬁfg

in our framework, originally trained on ImageNet-1K. We ( performance on image et-1K). o
further adjust the conditioning labels of DiT, and ne-tune the tea_cher model refers to using its S.Oft _Iabel for vahdatl_on.
the pre-trained model witd00 epochs for each dataset As depicted in Table 2, we achieve a signi cant accuracy im-
(Tiny-ImageNet, CIFAR-10 and CIFAR-100) to adapt its provement across all cross-model evaluations. We highlight
generative capacity to the speci c data distributions. Forthat with D’HR, a one-time costis suf cient to achieve sat-

distillation, we employ31 steps for DDIM inversion and isfactory results across various modelsOther baselines
sampling. During the validation, we follow other works

need to run their algorithms multiple times to generate mul-
(Yin et al., 2023; Du et al., 2024b; Su et al., 2024: Sun et al tiple distilled datasets when the model architecture changes.

2024) to use soft-label of the teacher model as supervisioxhe comparison results for more architectures are provided

for training. All experiments are conducted on Nvidia RTX In Appendix B-Table A8.
AB6000 GPUs or Nvidia A100 40GB GPUs.

6. Analysis

5.2. Comparison with State-of-the-art Methods 6.1 Ablation Studies

As shown in Table 1D*HR demonstrates superior per-

formance across all IPCs compared with baselines Effectiveness of Domain Mapping by DDIM Inver-

sion. To demonstrate the effectiveness of domain mapping
Large-scale datasets We rst validate the practicality of with DDIM inversion, we experiment with two con gura-
D3HR on Tiny-ImageNet and ImageNet-1K at various IPCstions: (i) domain mapping with Equation (1) (denoted as
For Tiny-ImageNet, while RDED performs well on ResNet- Base-DDPM), and (ii) domain mapping with Equation (3)
18, its reliance on the teacher model leads to a signi can{denoted as Base-RS). Note that for both con gurations,
drop on cross ResNet-101. In contrastHR consistently we perform distribution matching and individual Gaussian
delivers SOTA performance on both ResNet-18 and ResNesampling (i.e., random sampling (RS)), while our proposed
101. Similarly, for ImageNet-1K, BHR achieves higher group sampling method in Section 4.4 is not applied.

performance across all IPCs compared with all basellnes.AS shown in Table 3, by comparing the results of Base-

Small-scale datasets For CIFAR-10 and CIFAR-100, DDPM and Base-RS, we can observe that domain mapping
D3HR surpasses all baselines. Notably, compared with thevith DDIM inversion outperforms that of DDPM with an
best-performing baseline RDED, on CIFAR-10, our methodaccuracy improvement dfl:5%. As we discussed in Sec-
achieves signi cant improvements &2:5% for ResNet-18 tion 4.2, the added noise through DDPM causes structural
and17:4%for ResNet-101 a0 IPC. information loss and domain shift for the mapping from
In addition, we provide a comparison with other state-of.Z0:C 0 ZT.c, leading to dif culties to obtain a representa-
L . . tive subset foZ o.c. By contrast, the determinism of DDIM
the-art methods that use validation settings different from . : : o . .
. Inversion resolves the issue with its information preservation
ours. To ensure fairness, we evaluate our method under theérnd structural consistency. as illustrated in Eiaure 3b
settings, as shown in Tables A6 and A7, to demonstrate our Y. 9 '

superiority. Effectiveness of Group Sampling As shown in Table 3,
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Figure 4.Validation of the effectiveness and stability of group

sampling on ImageNet-1K.For our ’HR and Base-RS, we Figure 5.The accuracy variation under different inversion
generate 3 distilled datasets at each IPC. Each dataset undergoemesteps for ImageNet-1K IPC=10.

rounds of validation, resulting in 9 data points per box plot.

by comparing our results with Base-RS, our proposed group
sampling method can signi cantly outperform individual
Gaussian sampling, demonstrating its effectiveness.

Furthermore, we conduct ablation studies with different
combinations in Equation (5) to verify the contribution of
each metric in the sampling schedule. As demonstrated in
Table 3, each metric individually increases the accuracy,
indicating that the subset selection effectively brings the dis-
tribution of the sampled representative subset Closé\ﬁt@.

Combining all the metrics can lead to the best performance o o
with the most representative subset. Figure 6.Visualization of the distilled images for the class “gold-

sh” on ImageNet-1K, IPC=5.
Besides, we highlight that our group sampling method en-
hances the stability of the distilled dataset. As presented in
Figure 4, we generate distilled datasets for the same datas&ance loss. Whenhbecomes large (e.d.~ 40), although
multiple times with both our BHR and Base-RS. The re- our distribution matching can accurately represent the real
sults demonstrate thaBIR not only improves the accuracy distributions which becomes more normal, the real distribu-

but also enhances stability with smaller variance. tions suffer from more signi cantly structural information
loss due to adding more noise, which in turn degrades the
6.2. Analysis of Different Inversion Steps performance of DDIM inversion.

In Lemma 4.1, as the number of inversion stepgrease, g3 Image Visualization

Z‘t;c gradually transits from a complex Gaussian mixture

distribution to a standard Gaussian distribution, leading t&/Ve present the visualization results of distilled images gener-
a easier distribution matching. We provide feature visualated by D4M, Base-DDPM, and ouPBIR. Figure 6 shows
izations to illustrate the changestascreases in Appendix that the images generated b (Su et al., 2024) are sim-
B-Figure A3, validating Lemma 4.1. However, isicrease, Plistic and unrepresentative due to the incorrect retrieval of
the added noise also increases, gradually diminishing theepresentative latents. For Base-DDPM with Equation (1),
retention of original image structural information and reducthe noise space fails to generate representative latents due to
ing the reconstruction quality of DDIM inversion. randomness, resulting in outputs with overly simplistic struc-

) , L tures, corresponding to Figure 3a. In contrast, the images
Speci cally, there is a trade-off between maintaining the

. i e generated by BHR are both representative and diverse.
Gaussian assumption and preserving image structural in-

formation across different steps To_assess t_he impgct 6.4. ’HR Outperforms Under Hard Labels
of different steps, we conduct experiments with varyting
As shown in Figure 5, the accuracy initially improves with We give the comparison results with Minimax (Gu et al.,
increasingt, reaches a peak at= 31, and then starts to 2024), which is the state-of-the-art method with hard labels
decline. When is small (e.g.t = 20), the distribution is  under their main evaluation setting on ImageWoof (Howard,
a mixture of Gaussians, and our distribution matching with2019). As demonstrated in Table 53BR with 224

a single Gaussian in Lemma 4.1 is not able to accuratelg224resolution outperforms Minimax (Gu et al., 2024) with
describe the Gaussian mixtures, leading to certain perfo256 256resolution.

8
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Dataset IPC ResNet-18 ResNet-101
D3S Ours D3s Ours
ImageNet-1K 10 391 03 448 01 421 38 528 0.6

50 602 01 602 00 653 05 66.8 0.1

Table 4.Comparison with D3S (Loo et al.) on ImageNet-1K.
Following the default setup of D3S with pre-trained teacher
models, our BHR apply soft labels from theggeteacher models.

IPC Model | Minimax Ours
ResNet-18 | 376 09 39.6 1.0 . )
10 ResNetAP-10 392 1:3 407 1.0 Figure 7.The robustness of BHR across different seeds on
TinylmageNet. IPC = 10. The “Experiment Index” represents

50 ResNet-18 | 571 06 57.6 0.4 ten different seeds selected at random.

ResNetAP-10| 563 1.0 59.3 0.4
100 ResNet-18 | 657 0:4 66.8 0.6

ResNetAP-10] 645 02 64.7 0.3 mately27:5% across various seeds.

Table 5.Comparison with Minimax (Gu et al., 2024) under

hard labels across different models and IPCs. 6.7. Storage Requirements Smaller tha

For D*HR, all the data information is encompassedin.
_ . Therefore, we highlight that by storing only the statistical pa-
6.5. Improving Results with More Soft Labels rameters (mean and variance)®f and the DiT pretrained

D3S (Loo et al.) proposes to simultaneously map the distriveights of the diffusion model, we can preserve all the de-

bution of multiple teacher models. During evaluation, thel@ilS of the distilled datasets under any IPCs. As shown

soft labels from multiple teacher models are averaged td! APPendix B-Figure A2, it further reduces the required

supervise the training of the student model. The drawbacl?tc:r""gfef3 sp_ace; colmpargdﬂ)o This aplp_roac_:h IS psrtlcu-_ I

is the increased costs to train multiple different teachers. 'a1y effective for large datasets, resulting in a substantia
reduction in storage requirements.

Although D*HR does not rely on teacher models during the

g\llzt;ﬂzggg,C\;vr?fl?r(tjh?ra}':nugng multiple soft labels during ? Conclusion

prove the performance. We presen

D*HR and D3S withs teacher models following their de- |n this work, we thoroughly examine the challenges in ex-
fault setting on ImageNet-1K in Table 4. SincHIR with  jsting diffusion-based dataset distillation methods, such as
one soft label outperforms D3S with ve on TinylmageNet inaccurate distribution matching, distribution deviation with
across various IPCs, we do not experiment with Tinylmarandom noise, and the reliance on separate sampling. Based
geNet. As shown in Table 1 and Table 4, leveradirspft  on this, we introduce a novel diffusion-based framework,
labels yields slight improvements ovesoft labels across D3HR, to generate a highly representative distilled dataset.
different IPCs and ours consistently outperforms D3S. FoOur method achieves state-of-the-art validation performance
10 IPC, D*HR with 1 soft label outperforms D3S with on various datasets for different models.

soft labels on ImageNet-1K.

6.6. Robustness of BHR Impact Statement

This paper presents work whose goal is to advance the eld

As shown in Algorithm 1, BHR involves inherent random- . : . .
— . . of Machine Learning. There are many potential societal
ness: initializing different seeds for the random sampling

of multiple subsets. For the diffusion-basetND(Su et al., consgqulianﬁleilpfhour \r/]vork, none which we feel must be
2024), the randomness arises from two main sources: (i) Diﬁpeu cally highlighted here.

ferent seeds result in varying initial clusters in the K-means

algorithm, and (ii) Different seeds generate varying initial ACKnowledgments

noise by Equation (1) for the distilled dataset generation. This work is partially supported by the National Science

To validate the consistent superiority across various seedsoundation under Award 11S-2310254. We would like to
of D3HR, we conduct both our ¥HR and M (Su et al.,  express our sincere gratitude to the reviewers for their in-
2024) ten times with different seeds. As shown in Figure 7yaluable feedback and constructive comments to improve
our D*HR outperforms BM (Su et al., 2024) by approxi- the paper.
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Appendix

In the appendix, we include additional details that were omitted in the main text:

» Section A: Theoretical Analysis.
« Section B: More Implementation Details.
e Section C: Additional Experiments.

» Section D: Image Visualization.

A. Theoretical Analysis

Lemma A.1l. Each latent in VAE latent space is randomly sampled from a distinct component of a multi-component
Gaussian mixture distribution; hence, the VAE latent is hard-to- t.

Proof. The Variational Autoencoder (VAE) (Kingma et al., 2019) learns the latent distribdtienf z;ji = 1;:::;; M g of
input imagesX = fx;ji =1;:::; M gthrough probabilistic modeling and is capable of sampling from this distribution to
generate new images. In training, for each image/AE aims to maximize the marginal likelihoga{x;). The loss function

can be de ned by minimizing the negative evidence lower bound:

Li = Equzjx) logp(xijzi) + KL q(zijxi)kp(z) : (10)

The rst term represents the reconstruction losgofThe second term is the KL divergence loss, which is used to measure
the difference between the latent distributi{z; jx;) produced by the encoder and the prior distribuppém) N (O;1).

The output of the VAE encoder fos; is de ned as a Gaussian distributioz jx;) N ( i; 2), where ; and ? are

the mean and variance learned by the encoder. The gténthen obtained by randomly sampling from this Gaussian
distribution. Therefore, for each cla€ontainingm images/Z ¢ is modeled as a discrete distribution, whererthéatents

are independently sampled fram distinct Gaussian distributions. The probability density function of the multi-component
Gaussian mixture distribution can be expressed as:

xn .
p(z) = i N(Xj i i) (12)
i=1
whereN (x j i; i) denotes thé-th Gaussian dingribution, with; and ; representing its mean and covariance, respectively.
The weights ; satisfy the following condition: i";l i = 1. Since the position of each Gaussian component of this

Gaussian mixture distribution is random, it results in a complex and hard-to- t distribution.

Lemma A.2. For DDIM inversion withT%steps, when (0 t  T9) is suf ciently large,Z;. ¢ can be approximated as a
Gaussian distribution.

Proof. In DDIM training, the forward process also follows Equation (1), which implies pato) N (0;1). During
inference, the process frort to xg is deterministic, following Equation (2). Since is a pre-de ned hyperparameter for
eacht, the process from; to z; 1 can be viewed as a linear transformation:

!

1 " (z:4,0O: (12)

r S—— r

1 1
Zt 1=Vt Zt+ W, where v = DWW = t 1 —
t t 1 t

For different sampled latest, v remains the same, whilgl changes because the netwbrkproduces different outputs
for eachz| .

We approach from the DDIM sampling, which is the reverse of the DDIM inversion, proceedingftem0. Speci cally,
corresponds one-to-one with each latenf jic). Each latent irZ 1o ;.c is a latent sampled from the Gaussian distribution:
Zro 1 N (Wroj (vro)?): (13)
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According to the law of large numbers (Hsu & Robbins, 1947), the latents in the discrete distribgtionc can be
interpreted as i.i.d. latents from continuous distributn 1.c. Thus, the’'7o 1.c is a Gaussian mixture distribution.

Next, consider the transformation frafiyo 1.c t0 Z1o ,.c. Each latentirZto ».c is sampled from:

Zro 5 N (Vro 1 Whot Who 15(vro )2 (vr0)?): (14)

Based on above iteration, the transformation fidpy .c to Z. ¢ can be generalized as follows:
o o 1 . 1
. X Y , Y
zi N @ @ Vot j+1 A Wro ¢ k1) (v; )2A (1%)
k=t+1l j=k+1 j=t+l

ThereforeZ\t;c (0 t TO° 1)isa Gaussian mixture distribution.
Now, in the DDIM sampling process, we have the recurrence relation:for

¢ = % where P?<1& 9! 1, (16)

this implies the following formulas:

it t 1J < ; where isasmall positive constant, a7
¢! 0 as t! TO (18)

Whent is relatively large, on one hand, as indicated by Equations (12), (17) and (18), the effe;¢f; C) onw; becomes
minimal; on the other hand, since the number of iterations is small, the change in the statistical properties of the original
standard Gaussian distribution is not particularly noticeable. Hence, the distributions of the Gaussian compﬁ‘gents in

are not signi cantly different, and\t; ¢ can be well-approximated by a Gaussian distribution.

B. More Implementation Details

For the group sampling, we set = 100; 000for the ImageNet-1Km = 1;000 000for the TinylmageNet, anth =

5; 000, 000for CIFAR-10, CIFAR-100. The hyper-parameters, , , are settd 1; 0:5, respectively. Regarding the
computational cost of DDIM inversion, our method only requires approximately 4.5 hours on a single node with 8 A100
40G GPUs on ImageNet-1K.

For validation, the parameter settings vary slightly across methods. We adhere to the con gurations in (Sun et al., 2024), as
detailed in Table Al. For other methods, we primarily use the results reported in their paper. If a relevant experiment is
unavailable, we generate the distilled dataset using their code and validate it under the same settings as ours.

Parameter CIFAR-10 CIFAR-100 Tiny-ImageNet ImageNet-1K
Optimizer Adamw

Learning Rate 0.01

Weight Decay 0.01

Batch Size 128

Augmentation RandomResizedCrop + Horizontal Flip

LR Scheduler CosineAnneal

Tempreture 20

Epochs 400 400 300 300

Table Al. Hyper-parameter setttings used for our validation.
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