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Abstract

The recent introduction of diffusion models in dataset dis-
tillation has shown promising potential in creating com-
pact surrogate datasets for large, high-resolution target
datasets, offering improved efficiency and performance over
traditional bi-level/uni-level optimization methods. How-
ever, current diffusion-based dataset distillation approaches
overlook the evaluation process and exhibit two critical in-
consistencies in the distillation process: (1) Objective In-
consistency, where the distillation process diverges from the
evaluation objective, and (2) Condition Inconsistency, lead-
ing to mismatches between generated images and their cor-
responding conditions. To resolve these issues, we intro-
duce Condition-aware Optimization with Objective-guided
Sampling (Ca0-s), a two-stage diffusion-based framework
that aligns the distillation process with the evaluation ob-
jective. The first stage employs a probability-informed
sample selection pipeline, while the second stage refines
the corresponding latent representations to improve con-
ditional likelihood. CaQOy achieves state-of-the-art per-
formance on ImageNet and its subsets, surpassing the
best-performing baselines by an average of 2.3% accu-
racy. Code is available at https://github.com/
hatchetProject/Ca0O2.

1. Introduction

The rapid expansion of data scale has significantly advanced
the development of machine learning, but has also placed
substantial demands on the storage capacity and computa-
tional resources. To accelerate training and reduce storage
requirements while maintaining comparable performance,
dataset distillation (DD) [2, 38, 42, 46, 47] was introduced
to construct a compact surrogate dataset that captures the
most critical information from a large target dataset. Con-
ventionally, dataset distillation was formulated as a bi-
level/uni-level optimization problem, designed to match
the training dynamics between a teacher model trained on
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Figure 1. Comparison of validation accuracy and distillation
time for different methods under different IPCs on Image-
Woof. Our two-stage method is more efficient and can obtain bet-

ter performance compared with other SOTA approaches.

the target dataset and a student model trained on the syn-
thetic dataset [10, 24, 36, 41]. However, these matching-
based methods either struggle to scale up to larger, higher-
resolution datasets, or suffer from low performance.

Recently, diffusion-based dataset distillation [9, 33]
emerged as a new paradigm for efficient data condensation.
These methods utilize pre-trained diffusion models [28, 29]
as strong distribution learners to filter noisy representations
and retain the most important ones [3]. Therefore, their gen-
erated images are strong representations of the original tar-
get data distribution. As shown in Fig. 1, directly using
randomly sampled images from the Diffusion Transformer
(DiT) [28] for evaluation already outperforms the uni-level
optimization method SRe?L [41] by a significant margin,
both in performance and distillation time. Moreover, un-
like matching-based methods that rely on an additional stu-
dent model and output unreadable images, diffusion-based
methods are independent of the student model and produce
realistic images. This enables the synthetic dataset to be
seamlessly used for other tasks, such as neural architecture
search [23] and continual learning [25].

These compelling advantages, nevertheless, come at the
cost of achieving optimal performance. We observe that
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current diffusion-based DD methods [9, 33] overlook the
evaluation objective that assesses the discriminative prop-
erties of the distilled images. Instead, they focus exclu-
sively on enhancing the fidelity of generated images, either
through diffusion model training [9] or latent embedding
clustering [33] (as shown in Fig. 2(a)). Such an oversight
may lead to inappropriately designed distillation objectives,
ultimately resulting in suboptimal evaluation accuracy.

However, incorporating the evaluation objective into the
distillation process is not trivial, as diffusion models are not
designed for classification tasks. Rather than directly inte-
grating the evaluation objective, we aim to address two key
inconsistencies related to it. The first is Objective Inconsis-
tency, referring to the misalignment between the objective
of the generative diffusion model and that of the evaluation
model. As shown in Fig. 2(a), matching-based methods
[2, 16, 44] constrain the distilled dataset to be optimized
with the same objective of image classification as in the
evaluation phase. In contrast, current diffusion-based meth-
ods generate the distilled dataset without any classification
supervision. The second is Condition Inconsistency, stem-
ming from the limitations of the applied conditional diffu-
sion models themselves. In practice, diffusion models are
not perfectly trained where the conditional likelihood for
every generated sample is not maximized. Consequently,
the obtained image-label pairs are suboptimal, which ad-
versely impacts the training process during evaluation.

Having revealed the inconsistencies, we alleviate them
by proposing a two-stage framework named Condition-
aware Optimization with Objective-guided Sampling
(Ca0s). As illustrated in Fig. 2(b), the first stage generates
an image pool and sample from it class-wisely. By using a
pre-trained lightweight classifier, we ensure that only sam-
ples confidently classified as belonging to their conditioned
class are selected, thereby easing Objective Inconsistency.
In the second stage, the chosen image latent is perturbed
with random noise and optimized while keeping the diffu-
sion model fixed under a task-dependent condition. The op-
timization objective aims to maximize the conditional like-
lihood of the image with respect to its condition, thereby
reducing Condition Inconsistency. Our approach achieves
state-of-the-art performance with better efficiency on Ima-
geNet and its subsets. We also show that apart from pre-
trained diffusion models, our method can be applied to fine-
tuned models [9] and autoregressive models [19].

In summary, we make the following contributions:

* We observe that current diffusion-based dataset distilla-
tion methods overlook the evaluation process, leading to
two inconsistencies in the distillation process — Objec-
tive Inconsistency and Condition Inconsistency — that
hinder effective data condensation.

» To mitigate the inconsistencies, we propose CaOs, a two-
stage framework enabling efficient distillation with im-

proved performance. Our framework can be applied to
different model backbones, including Diffusion Trans-
formers and autoregressive generation models such as
MAR. It can also be used as a plug-and-play module for
existing diffusion-based dataset distillation methods.

» Empirical results indicate that CaO- achieves state-of-
the-art performance on ImageNet and its subsets, outper-
forming other methods by an average of 2.3% accuracy.

2. Related Works
2.1. Matching-based Dataset Distillation

Initial works have formulated the dataset distillation prob-
lem as a bi-level optimization task, aiming to match the
training characteristics of the synthetic dataset with those
of the target dataset, such as gradients [16, 24, 44], fea-
ture distributions [36, 43, 45], and training trajectories
[2, 6, 8, 10]. However, the bi-level distillation objective in-
troduces large computational costs, making it impractical to
generalize to large-scale datasets such as ImageNet. Even
for a small dataset such as CIFAR-100, adopting the effi-
cient matching-based method TESLA [6] to distill a subset
with IPC=10 can take nearly 20 hours.

To scale efficiency, SRe?L [41] and its subsequent works
[31, 32, 40, 48] adopted a uni-level optimization frame-
work. They first synthesize images by matching model out-
puts and Batch Norm statistics using a well-trained teacher
model, then generate multiple soft labels for the distilled
images. Though efficiency is improved, their performance
is limited due to the inadequate matching objective and the
separate processes for image and label synthesis.

2.2. Diffusion-based Dataset Distillation

An emerging line of research [5, 9, 33] utilizes pre-trained
generative models for dataset distillation. GLaD [3], as a
pioneering work, argues that images distilled into the la-
tent space are less noisy and have clearer visual structures
than the images in pixel space, and uses generative mod-
els for producing deep priors to integrate with matching-
based methods. Minimax Diffusion [9] instead fully uti-
lizes pre-trained diffusion models for generating realistic
synthetic datasets. It finetunes the diffusion model with
a minimax criterion to enhance sample representativeness
and diversity. D*M [33] uses pre-trained text-to-image dif-
fusion models and adopts prototype learning to learn clus-
ter centers for each category. These diffusion-based dataset
distillation methods achieved the new state-of-the-art per-
formance on large-scale datasets such as ImageNet, signif-
icantly outperforming the current matching-based methods
in both efficiency and performance.

However, the distillation process in current diffusion-
based dataset distillation methods is independent of the
evaluation objective, with limited attention to the con-
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Figure 2. Comparison and illustration of previous diffusion-based methods and our approach. (a) Current diffusion-based methods
facilitate efficient distillation using a conditional diffusion model G. However, their proposed distillation processes overlook the evaluation
objective, resulting in Objective Inconsistency (OI) between distillation and evaluation, as well as Condition Inconsistency (CI) between
the input condition and the generated image. (b) To alleviate the inconsistencies, we propose a two-stage framework: Stage 1 mitigates OI
by generating an image pool and selecting more discriminative samples through a lightweight sample selector. Stage 2 refines the selected
image latents using Eq. (4) and Eq. (5), reducing CI by maximizing the conditional likelihood of the generated samples. By avoiding
training of the generative backbone, our method is efficient and applicable across different generative models.

straints posed by the small number of samples in the syn-
thetic dataset. To address this discrepancy, our method in-
troduces a two-stage framework incorporating sample se-
lection and latent optimization, designed to achieve a more
precise and consistent distillation process.

3. Methodology

3.1. Preliminary

For a conditional diffusion model with parameter 6, the pro-
cess of generating a sample x( adheres to a specific Markov
chain structure:

T
po(xoc) =/ p(xr) [ [ po(xe-1lxt,¢) dxir, (1)
XuT t=1

where c is the input condition, 7" is the number of denois-
ing steps, and p(xr) is the standard normal distribution.
Directly maximizing the conditional likelihood pg(x¢|c) is
impractical, thus diffusion models instead learn to optimize
the variational lower bound (ELBO) on log-likelihood:

log po(xole) = ~Erclle — o (xe, e, 1)) (@)

Given the objective of likelihood maximization, an optimal
diffusion model is expected to provide accurate density es-
timation for each class over the entire training data distri-
bution. This implies that diffusion models are inherently
strong classifiers [4, 18], and can efficiently generate sam-
ples that represent the underlying data distribution well.
However, the effectiveness of current diffusion-based
methods is limited by the misalignment between the dis-

tillation and evaluation process. In Sec. 3.2 and 3.3, we an-
alyze two types of inconsistencies and address each to im-
prove distillation performance. Motivated by bi-level opti-
mization approaches, we introduce task-oriented variations
in Sec. 3.4 for better method adaptation. Finally, in Sec. 3.5,
we demonstrate how our method can be extended to utilize
the masked autoregressive generation model.

3.2. Objective-guided Sample Selection

A conditional diffusion model takes a class condition c¢; as
input to generate realistic images x( from sampled noises.
Assume the conditional diffusion model is trained perfectly
with accurate density estimations so that pg(xg|c;) is max-
imized. Then by applying Bayes’ theorem as py(c;|xo)
po(Xo|ci)p(c;), we can conclude that the conditional prob-
ability pg(c;|xo) is also maximized. However, this equiv-
alence in likelihood maximization holds only for diffusion
classifiers [ 18] with the objective in Eq. (2), and there is no
guarantee that for a typical discriminative model ¢ with a
classification objective, p,(c;|x) can be maximized con-
currently. Furthermore, [18] empirically demonstrated that,
even when the discriminative model is trained on a synthetic
dataset of equivalent size to the full training set, the dif-
fusion classifier still surpasses the discriminative model by
4.8% in accuracy on ImageNet.

Moreover, randomness in noise initialization and sam-
pling can produce low-quality, unrepresentative images, oc-
casionally generating samples that are unhelpful for training
or even poisonous. This issue is especially pronounced in
low IPC settings, where each sample constitutes a signifi-
cant portion of the dataset and is crucial for effective train-
ing. Therefore, we reveal the Objective Inconsistency (OI)



in diffusion-based dataset distillation, defined as:

Definition 1. Let c; denote the input condition, {xé’k}gzl
represent the set of N images generated according to con-
dition c;, and {ck}fgfz1 denote the corresponding set of hard
labels predicted by a trained classifier. Objective Inconsis-
tency arises when there are mismatches between the input
condition and the output label, i.e., 3k, such that ¢; # .

The Objective Inconsistency illustrates the discrepancy
between the objectives of the distillation and evaluation
stages in diffusion-based dataset distillation. It implies that
some generated images, when used for classification, will
be classified to belong to a different class than their con-
ditioned label, impacting the correctness and fidelity of the
distilled dataset. To alleviate this issue, we introduce a sim-
ple yet effective sample selection strategy based on clas-
sification probability to improve distillation performance.
As shown in Fig. 2(b), while conventional methods directly
generate the compact dataset, we adopt a post hoc approach
by introducing a lightweight classifier to determine better
samples for learning with the classification objective.

Specifically, to distill samples for a single class with a
given IPC, we first generate an image pool of size m X
IPC using a pre-trained diffusion model conditioned on
that class, where m is a scaling factor. Next, we use a
lightweight pre-trained classifier (e.g., ResNet-18) to obtain
predictive probabilities for each generated image, selecting
only those samples predicted to belong to the conditioned
class. Building on insights from [20], which suggests prior-
itizing easier samples under lower IPC settings and harder
samples for higher IPC settings, we further refine our selec-
tion by choosing the top-IPC most or least confident sam-
ples from the correct predictions. For classes lacking suf-
ficient correct samples, we supplement the distilled dataset
by randomly selecting from the remaining images. Addi-
tionally, we observe that using small scaling factors, such
as m = 2 or m = 4, typically suffices to achieve strong
performance, underscoring the efficiency of our strategy.

3.3. Condition-aware Latent Optimization

A good compact dataset expects each training image ac-
curately reflecting its corresponding label. However, em-
pirical diffusion models often fail to provide fully accurate
density estimates of py(xo|c) for all conditions, primarily
due to the errors in approximating the ELBO and the pres-
ence of the non-zero diffusion training loss. Consequently,
even after sample selection, the generated samples remain
sub-optimal for conditional likelihood maximization when
using hard labels as input conditions. We define this inher-
ent discrepancy between the input condition and the output
likelihood as the Condition Inconsistency (CI):

Definition 2. Let x{, represent the generated image latent
conditioned on class c;, pg(Xo|c) be the conditional likeli-

hood of the empirical diffusion model. Condition Inconsis-
tency indicates that ¥/i,3j # i such that pg(x§|c;) > 0.

This definition implies that the image latent generated
by an empirical diffusion model is not exclusively asso-
ciated with its specified condition, thereby weakening the
correlation between the sample and its label in the distilled
dataset. Since a diffusion model with a lower diffusion loss
approximates the conditional likelihood more accurately,
one straightforward approach to alleviate Condition Incon-
sistency is to learn a well-trained diffusion model for each
class. However, this solution is computationally prohibitive
and impractical given the limited amount of samples and the
large number of existing conditions.

Instead of optimizing the model itself, we propose to
update the generated images through latent optimization.
By minimizing the diffusion loss with respect to the in-
put x, we allow the input to shift toward regions where
the pre-trained diffusion model yields more accurate den-
sity estimates. Therefore, given the input Gaussian noise
¢ ~ N(0,1I), input condition ¢ and the noisy input at time
step t, the optimization objective is formulated as:

rrg(inIE,g’6 [llea(xs,€,t) — €3] ,s.t. x¢ = Varx+v/1 — aye.
3)
@ is a constant with respect to ¢, and ¢ is randomly sampled
from [1, T], where T < T. This suggests that the latent
is only moderately perturbed. However, solely using the
above objective may lead to optimized samples X falling
into regions associated with other classes [4]. To constrain
the degree of update, we use the max norm as additional
regularization such that ||X — x|/ < 7. Thus, the final
optimization objective is:
m)inEt,E [||69(xt, &, t) —el3 + Mlea(xs, &, ) — EHoo] ,
“)
where A\ controls the strength of regularization. Note that
the above is conducted in the latent space and, for the sake

of simplicity, we refrain from introducing new notations to
distinguish between the image and its latent.

3.4. Task-oriented Variation

When computationally feasible, bi-level optimization meth-
ods exhibit strong performance [10, 37], primarily because
aligning the learning objectives during distillation and eval-
uation naturally removes the need to redesign learning
strategies. In contrast, non-matching-based methods en-
force a strict separation between these two processes, pre-
venting distillation-stage settings from benefiting the eval-
uation process. This discrepancy motivates us to refine the
proposed two-stage approach with task-oriented designs.
Inspired by [1], we use the size of the distilled dataset as
an evidence during the sample selection stage. Since train-
ing benefits from progressively learning more difficult sam-
ples, we propose emphasizing easier samples when training



on more challenging tasks, while prioritizing harder sam-
ples for simpler tasks. Consequently, we select correct and
highly confident samples in lower IPC settings, and correct
but less confident samples in higher IPC settings.

Algorithm 1: Pseudocode for CaO»

Input: Pre-trained diffusion model e(x, c), sample
selector s(c|x), target category set C, [IPC=N

Initialize: Distilled dataset S = {}, scaling factor
m, optimization condition ¢

1 forc € Cdo
// Sample Selection
2 Obtain image pool X of size mN from e(x, ¢, t)

Calculate probabilities P = softmax(s(c|X))

Select the top-/NV correct and least/most
confident samples X from X using P

// Latent Optimization

5 Sample a random Gaussian noise € ~ N (0, 1)
6 for x € Xy do

7 for each iteration do

8 Sample a random time step ¢

9 Obtain x; = /ayx + /1 — que

10 Update x using Eq. (4), Eq. (5)

end
11 S=SU{(x,c)}
end
end

Output: Distilled dataset S

In the latent optimization stage, we examine the varying
modeling quality across categories in diffusion models, and
propose choosing different values for the input condition €.
This approach is motivated by the fact that ¢ carries class-
specific information that is inherently discriminative. For
the set of classes C, in an easier task and the set of classes
Cy, in a harder task, different values are considered:

t=c-1(ceC)+¢-1(ceCy) ®)

where c is the true class label used for generating the latent,
¢ is the unconditional label used for classifier-free guidance
and 1(-) is the indicator function. For relatively easier tasks,
we assume the input conditions can effectively provide dis-
criminative information, and thus the true labels are used for
guidance during optimization. For harder tasks, the guid-
ance provided by the conditions may be insufficient or even
detrimental, and thus classifier-free guidance is adopted. In
this case, €g is treated as a well-trained single-step denoiser.
We utilize it so that, even without conditional guidance, the
latent is optimized to approximate the result achieved with
conditional guidance, implying that conditional information
is embedded within the image latent.

During implementation, we examine the validation ac-
curacy of each classification task to determine the task dif-
ficulty and the specific strategy to be used. The complete
procedure of our algorithm is depicted in Algorithm 1.

3.5. Extending the Generation Backbone

Apart from conventional diffusion models, the Masked Au-
toregressive model (MAR) [19] has recently been proposed
to reinvent autoregressive image generation. MAR utilizes
an autoregressive procedure to predict image patches, with
a diffusion loss guiding the training process. Motivated by
the similarity in the learning objective, we show that apart
from conventional diffusion models, our method can also be
seamlessly applied to MAR for effective dataset distillation.
While the sample selection stage remains similar, there
are two major differences in the latent optimization stage
compared with the diffusion model backbone. One is that
instead of adding random Gaussian noises to the image la-
tent with respect to the time step, we apply random masks
on the latents with a maximum token masking ratio. The
other difference is that MAR did not design a specific em-
bedding for the classifier-free guidance, thus we replace ¢
with a self-designed zero label embedding for Eq. (5). The
optimization objective can thus be formulated as:

m}anm,e [HGH(vaé) - EH% + All€o(Xm, €) — EHA , (6)

where m ~ M (0, R) is a randomly sampled mask with a
maximum masking ratio of R, x,, is obtained by randomly
masking |m| tokens from x. The workflow of our MAR-
based approach is illustrated in Appendix 6.

4. Experiments

In this section, we clarify the experiment settings and the
implementation details, perform comparisons with state-of-
the-art methods and diffusion-based methods, and provide
extensive ablation studies for discussion and analysis.

4.1. Experimental Settings

Dataset and Evaluation Settings. For the goal of more
practical and realistic application, we experiment on Ima-
geNet [7] and its subsets, including ImageWoof [15], Ima-
geNette [14] and ImageNet-100 [30]. ImageWoof is a chal-
lenging subset containing 10 different dog breeds, while Im-
ageNette is a simpler subset with 10 easily distinguishable
categories. ImageNet-100 includes 100 randomly selected
classes from the broader ImageNet. Aiming at higher com-
pression ratios with generalizability, we adopt three images-
per-class (IPC) settings of 1, 10, and 50 for each dataset.
Currently, two evaluation paradigms exist for distilled
dataset assessment: one based on hard labels [9] and the
other on soft labels via knowledge distillation [34]. While



Setti IPC ImageWoof ImageNette
cthngs SRe’l.  Minimax RDED Ours SRe’l.  Minimax RDED Ours
1 | 133405 199+02 208+12 211406 | 190+1.1 318406 358+1.0 40.6=+0.6
ResNet-18 10 | 202+02 40.1+1.0 385421 456+1.4 | 294430 614407 614404 650+0.7
50 | 233403 670418 685+07 689+11 | 409+03 841402 804+04 84.5+0.6
1 | 149406 195406 145+12 206+1.6| 175434 279402 323+08 33.5+2.1
ResNet-50 10 | 1734+ 1.7 373411 299422 40.1+0.1 | 498421 664+04 639407 67.5+08
50 | 248407 643409 678+03 682+1.1 | 712+03 771407 780404 82.7+03
1 | 134401 177409 196+18 212417 | 158406 24540.1 251427 327425
ResNet-101 10 | 177409 342417 313413 365+14 | 234408 554+45 540+04 663+13
50 | 212402 627416 591+07 631+13|365+07 774408 750+12 81.7+1.0

Table 1. Performance comparison (%) with the SOTA methods over ImageNet subsets. We adopt the evaluation paradigms from [9]
and [34], reporting the higher accuracy achieved between the two. Best results are marked in bold.

the latter often yields superior performance, it heavily de-
pends on the expert model’s accuracy and may occasion-
ally fail (Appendix 9). To ensure fairness and robustness,
we evaluate both approaches and report the best result for
each method. The distilled datasets are tested across various
model architectures, including ResNet-18 [11], ResNet-50,
ResNet-101, EfficientNet-B0 [35], and MobileNet-V2 [13].
To ensure stability, all experiments are repeated three times.
Baselines. We primarily compare our method with other
diffusion-based dataset distillation methods and SOTA
baselines, including SRe?L [41], Minimax Diffusion [9],
D*M [33] and RDED [34]. We also include comparisons
with methods such as G-VBSM [31], EDC [32], IGD [5],
DATM [10], and PAD [21] in Appendix 7. SRe?L pio-
neered efficient scaling to ImageNet-1K and outperforms
other matching-based methods like MTT [2] and TESLA
[6]. Minimax Diffusion and D*M utilized pre-trained dif-
fusion models for efficient distillation, with [9] applying
a minimax criterion to enhance sample representativeness
and diversity, while [33] clusters image latents into cate-
gory prototypes to incorporate label information. RDED,
on the other hand, uses the original training set by selecting
and grouping the most informative image crops.

Implementation Details. We adopt the pre-trained Diffu-
sion Transformer (DiT) [28] with 256*256 resolution as the
model backbone. Image sampling is performed with 50 de-
noising steps using a fixed random seed. For the image re-
finement stage, we adopt the Adam [17] optimizer with a
learning rate of 0.0006, set A = 10 for the regularization hy-
perparameter, and train each image for 100 iterations. Dur-
ing training, we fix the input noise for each image and ran-
domly sample a time step at each iteration. All experiments
can be conducted on a single RTX A6000 GPU.

4.2. Results and Discussions

We present the comparison of distillation performance in
Tab. 1 and Tab. 2. Our method is independent of the evalua-
tion model, allowing us to use the same distilled dataset for

assessments across ResNets of varying depths.
ImageWoof and ImageNette: As two smaller subsets of
ImageNet, these tasks capture different aspects of the Im-
ageNet distribution. ImageWoof includes various classes
within a single species, testing the representativeness of
the distilled dataset. In contrast, ImageNette, an easier
dataset with distinct categories, assesses the diversity of
the distilled dataset. Tab. | demonstrates that on these
two datasets, SRe?L performs sub-optimally, while Mini-
max Diffusion achieves results comparable to RDED. Our
method surpasses the best baselines, achieving an average
accuracy improvement of 1.6% across all settings for Im-
ageWoof and 4.3% for ImageNette.

ImageNet-100 and ImageNet-1K: We further scale up to
evaluations on 100 and 1,000 classes, with results shown in
Tab. 2. For ImageNet-100, our method achieves an aver-
age accuracy improvement of 1.8% across all settings. On
ImageNet-1K, we include D*M [33] for comparison, using
the reported accuracies and assuming zero deviation, as re-
peated results were not provided in the original paper. Our
method consistently outperforms other methods in all set-
tings, yielding an average accuracy improvement of 1.5%.

4.3. Ablation Studies

We conduct extensive ablation studies to evaluate the ef-
fectiveness of the different components in our method, and
explore the impact of different hyperparameter choices.
Component Analysis. We analyze the effectiveness of each
component in our method using ResNet-18 as the model for
evaluation. Tab. 3 demonstrates that both components in-
dividually improve upon the baseline, and their combina-
tion yields even larger performance gains. Furthermore, the
comparable accuracy improvements provided by each com-
ponent indicate their equal importance.

Selection Protocols. We first examine the effects of selec-
tion pool size and selection strategy. As shown in Fig. 3(b),
an optimal pool size for sample selection typically ranges
around 2xIPC or 4xIPC. Interestingly, selecting from a



Settings IPC ImageNet-100 ImageNet-1K
& SRe’l.  Minimax  RDED Ours SRe’l.  Minimax D*‘M RDED Ours
1 3.0£03  7.340.1 8.1+0.3  88+04 | 0.1£0.1  5.940.2 - 6.6+02  7.1+0.1
ResNet-18 10 | 9.540.4 32.0+1.0 36.0+0.3 36.6+0.2 | 21.3+0.6 44.34+0.5 27.9+0.0 42.0+0.1 46.1+0.2
50 | 27.0£04 63.94+0.1 61.6+0.1 68.0+0.5 | 46.8+0.2 58.64+0.3 55.2+0.0 56.5+0.1 60.0+0.0
1 1.5£0.0  6.84+0.5 6.5+03  7.3+04 | 1.0+0.0  5.1+0.5 - 54402  7.0+0.4
ResNet-50 10 | 3.440.1 30.84£0.4 29.54+0.7 35.0+0.6 | 28.4+0.1 49.74+0.8 33.5+0.0 43.6+0.5 53.0+0.2
50 | 10.8+0.3 67.4+0.3 68.8+0.2 70.1+0.1 | 55.6+0.3 64.840.1 624400 64.6+0.1 65.5+0.1
1 2.14£0.1 54406 6.1+08  6.6+04 | 0.64+0.1  4.0+0.5 - 59404  6.0+0.4
ResNet-101 10 | 64+0.1 292410 33.940.1 34.5+0.4 | 30.94+0.1 46.9+1.3 342400 483+1.0 52.2+1.1
50 | 257403 67.4+0.6 66.0+0.6 70.8+£0.2 | 60.8+0.5 65.64+0.1 63.4+0.0 612404 66.2+0.1

Table 2. Performance comparison (%) over ImageNet-100 and ImageNet-1K. We adopt the evaluation paradigms from [9] and [34],
reporting the higher accuracy achieved. ’-’ indicates missing results from the original paper. Best results are marked in bold.

Woof ‘Woof Nette Nette
0SS CLO | 1peijg IPC=50 | IPC=10  IPC=50
- -~ | 387411 66.1408 | 617417 82.0+1.1
V. | 426411 685409 | 637406 835+1.1
-V | 421412 679408 | 642421 839407
V V| 456414 687405 | 650407 845406

Table 3. Accuracy (%) comparison of different components.

larger set of generated samples does not necessarily im-
prove performance. We suspect this is due to two factors:
first, while a larger pool provides more diversity, selecting
from it may reduce representativeness [9]; second, although
our empirical results (as will be discussed later) support the
effectiveness of the current selection criterion, it is not guar-
anteed to consistently identify the optimal samples. Devel-
oping more advanced and complex selection protocols may
address these issues, but is beyond the scope of this study.

For the selection criterion, we evaluate several strate-
gies: random sampling, EL2N score [27] based selection,
selecting only correct samples, selecting correct and more
confident samples, and selecting correct but least confident
samples. The EL2N score measures sample difficulty via
probability output, with lower scores indicating samples
that are easier to discriminate. As shown in Fig. 3(c), se-
lecting correct and more confident samples generally yields
the best performance across most cases. However, ran-
dom sampling performs best on ImageNette with 50 IPC,
likely because the diffusion model is well-trained on Ima-
geNette classes, preserving both representativeness and di-
versity. Random selection effectively covers the modeled
distribution, whereas probability-based selection protocols
may introduce unintended bias into the distilled dataset.

Input condition comparison. We further analyze the
choice of ¢ in Eq. (5). In Fig. 3(d), we present the perfor-
mance difference, calculated as Acc(true) — Acc(NULL),
when varying only the conditions used for latent optimiza-
tion. The results suggest that for more challenging tasks
such as ImageWoof and ImageNet-1K, unconditional labels
yield better performance, while for easier tasks, such as Im-

L, norm ‘ None Ly Lo Lo
ImageWoof (IPC=10) | 42.7+0.7 434422 44.1+£0.7 44.44+0.2
ImageNette (IPC=10) | 62.2+1.4 61303 62.5+1.0 63.5+0.8

Table 4. Accuracy (%) comparison of different regularization.

ageNette, using true class labels is preferable.

Effect of regularization. Lastly, we examine the effect of
different regularization forms in Eq. (4). We compare no
regularization, L, Lo, and L., norms, tuning the hyper-
parameter A from (10,1,0.1,0.01) to achieve the best per-
formance. Tab. 4 presents the results, where using regu-
larization most of the time improves performance and the
L, norm performs the best. We attribute this to the L.,
norm’s ability to enhance the robustness of generated latent
representations, aiding to prevent the learning process from
producing outliers or extreme values.

4.4. Cross-Architecture Performance

We evaluate and analyze two types of cross-architecture
performances. The first is the conventional comparison be-
tween different evaluation models when trained on the same
synthetic dataset. Since diffusion-based methods do not rely
on the evaluation model during distillation, Tab. | and Tab. 2
themselves already show these comparison results, demon-
strating the strong cross-architecture ability.

The second type of evaluation involves comparing per-
formance across different combinations of selectors and
evaluation models. As shown in Fig. 3(a), the models
included from left to right, top to bottom, are ResNet-
18, ResNet-50, ResNet-101, EfficientNet-BO, MobileNet-
V2, respectively. We observe that using stronger selec-
tors does not consistently improve performance, and the
lightweight ResNet-18 is sufficient for achieving good re-
sults efficiently. Therefore, we use the pre-trained ResNet-
18 as the sample selector in all our experiments.

4.5. Visualization Comparison

We visualize obtained samples using the same random
seeds in Fig. 4, qualitatively revealing that our method
produces more discriminative and visually refined images.
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Figure 4. Visualization of distilled images. We compare the dis-
tilled images from Minimax Diffusion with the two stages of our
method, also highlighting the differences introduced by latent op-
timization, where white color denotes unchanged regions.

Interestingly, latent optimization introduces imperceptible
changes to the human eye. By examining the absolute dif-
ferences between images before and after latent optimiza-
tion, we find that the optimization primarily refines object
boundaries and background details, suggesting that images
might be enhanced by emphasized semantic features and
improved robustness against adversarial pixels [4]. Ap-
pendix 10 provides more visualizations and analysis.

4.6. Extending to Different Backbones

Integration with MAR. As discussed in Sec. 3.5, we ex-
tend our method to masked autoregressive models [19], us-
ing MAR-Base with 32 autoregressive steps and 100 de-
noising steps per autoregressive step. From a 2 xIPC image
pool, we select the most confident correct samples. For la-
tent optimization, we apply a 0.25 max masking ratio, train

Woof IPC=10

Settings
(¢) Selection strategy comparison

Nette IPC=1

Woof

Nette

Settings

1K

(d) Condition choice comparison

Figure 3. Ablation studies on different components. (a) illustrates the cross-architecture performance for selector and evaluation models,
showing that a lightweight ResNet-18 generally leads to better performance in most cases. (b) examines the effect of the scaling factor,
showing that a larger pool size is not always optimal. As a result, we adopt a pool size of 2XIPC or 4xIPC. (¢) compares different
selection strategies, concluding that prioritizing correct and more confident samples generally leads to better performance. (d) calculates
the accuracy difference when applying various conditions for latent optimization, suggesting that true labels should be used for easier class
samples, while unconditional labels are more suitable for harder class samples.

Method Woof Woof Nette Nette
cHho IPC=10  IPC=50 | IPC=10  IPC=50
MAR [19] | 38.6404 69.140.2 | 68.841.8 86.340.4
+Ca0s 43.9+0.8 70.3+0.1 | 71.8+1.6 87.3+0.1
Minimax [9] | 40.141.0 67.041.8 | 61.440.7 83.940.2
+CaO, 457415 70.0+14 | 64.1+1.8 85.1+1.0

Table 5. Performance (%) of integration with different backbones.

for 100 steps with a 0.0001 learning rate, and use L., reg-
ularization. Tab. 5 shows that MAR alone is a strong base-
line on ImageNet subsets, and combining it with our method
boosts accuracy by 3.3% on ImageWoof and 2.0% on Ima-
geNette. Visualizations are in Appendix 10.

Integration with Minimax Diffusion. We further integrate
our method with Minimax Diffusion [9], a finetuned diffu-
sion transformer that improves sample quality without alter-
ing the model architecture. Using a 2 xIPC image pool, L,
regularization, and true label guidance (except zero embed-
dings for ImageWoof at IPC=10), Tab. 5 shows that we fur-
ther improve the performance with an average improvement
of 4.3% on ImageWoof and 2.0% on ImageNette. Visual-
izations are available in Appendix 10. In summary, CaOq
serves as an effective plug-and-play module for both dif-
fusion models with diverse training objectives and masked
autoregressive models with distinct generation schemes.

5. Conclusion

We propose CaO,, an efficient two-stage framework for
large-scale dataset distillation, addressing two key incon-
sistencies in diffusion-based dataset distillation: Objective
Inconsistency and Condition Inconsistency. Our method
achieves state-of-the-art performance on ImageNet and its
subsets across various evaluation settings. Additionally,
CaO2 can be seamlessly integrated with different model
backbones to enhance distillation performance, showcasing
its versatility as a highly effective plug-and-play approach.
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Supplementary Material

The supplementary material is organized as follows: Sec. 6
presents the process of integrating our method with MAR;
Sec. 7 includes more baseline comparisons and discussions;
Sec. 8 provides more ablation studies; Sec. 9 provide a more
in-depth analysis of different evaluation paradigms; Sec. 10
shows more examples of distilled images across different
datasets; and Sec. 11 discusses the limitations and broader
impacts.

6. Generalizing to MAR

Fig. 5 shows the pipeline of how we utilize the MAR [19]
backbone for our framework. The process differs from the
DiT-based pipeline in two aspects: (1) Instead of perturb-
ing the input latent using Gaussian noise w.r.t. random time
steps, we perturb the input by randomly masking patches
w.r.t. a maximum masking ratio; (2) The unconditional
guidance is not available in MAR, thus we use a zero label
embedding obtained by reformulating the Embedding ()
layer as a linear layer. The first stage of sample selection is
the same as that of Fig. 2.

We find that MAR exhibits stronger distillation perfor-
mance than DiT, and is more efficient in both distillation
time and GPU memory cost. We utilize the MAR-Base
model, but observe that using larger versions such as MAR-
Large and MAR-Huge does not lead to better performance.

—> forward < backward ¢y trainable s frozen

minEm e [[le(Xm, €) — |3 + Mle(Xm, &
m ~ M(0,N) »
1 /0

G :e(x,0¢)
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........ X Xm
Stage 1 Stage 2

Figure 5. Pipeline of our method when applied to the Masked
Autoregressive model.

7. More Baseline Comparisons
7.1. Quantitative Comparison with DD Methods

IPC | 10 50 Woof | IPC=10  IPC=50

G-VBSM | 31.4+0.5 51.840.4 DiT-IGD 67.7£0.3  81.0+0.7
EDC 48.6+03 58.0+0.2 Ours (w/0 SS) | 65.0£0.7 84.5+0.6

DIiT-IGD | 45.5+0.5 59.8+0.3 Nette | IPC=10  IPC=50
Ours | 46.120.2  60.0+0.0 DITIGD | 44.850.8 62.0+1.1

Table 6. Baseline comparison _Ours (W/oSS) | 45614  68.9+1.1
on ImageNet-1K. Table 7. Comparison w/o SS.

In Tab. 6, we report performance on ImageNet-1K using
ResNet-18. We adopt IGD’s DiT version for fair compari-
son. In Tab. 7, we further compare with IGD without using
sample selection (SS), showing the standalone effectiveness
of single-stage CaO,.

In Tab. 8, we present CIFAR-10 results. DATM and PAD
are strong trajectory matching methods but less efficient and
scalable, representing a different paradigm from us.

IPC | SRe’L Ours

10 | 29.3x0.5 39.0¢1.5 66.8£0.2 76.1+0.3
50 | 45.0+0.7 64.0+0.9 67.4+£0.3 77.0£0.5

Table 8. Comparison on CIFAR10.

DATM PAD

7.2. Discussion on More Related Works

LD3M [26] is similar to GLaD but replaces the GAN back-
bone with a diffusion model, combining matching-based
approaches (e.g., MTT) with objectives that align latents to
real datasets. In contrast, our method is orthogonal, as we
avoid dataset matching and instead focus on fully leverag-
ing the diffusion model, leading to improved efficiency and
scalability. YOCO [12] and BiLP [39] use sample selection
as preprocessing for matching-based DD to improve effi-
ciency and denoise source data, while our method acts as
a post-processing step tailored to diffusion-based DD. We
also tested their protocols (EL2N, LBPE) and observed up
to a 3% performance drop compared to our design.

8. More Ablations

Hyperparameter Recommendations. Though we ablated
on the various hyperparameters, only a few need to be
tuned. It is recommended to always use L, with A = 10,
and pool size of 2/4x TPC.

Time Cost Comparison. We provide the quantitative re-
sults for Fig. | here:

IPC ‘ SRe’L  DiT Minimax Ours

1 299 12 3967 99
10 2392 81 4036 960
50 | 11338 388 4343 3958

Table 9. Time Cost (s) Comparison on ImageWoof.

Level of noise perturbation. Beyond selection strategy
and condition choice, we also investigate the impact of
varying noise perturbation levels in the latent optimization
process. Greater perturbation severity introduces noisier
image input during latent optimization, thereby increasing
denoising difficulty and accentuating key semantic features.
The degree of perturbation is determined by the maximum
time step T, where we randomly sample ¢ ~ [1, T] A larger
T increases the amount of noisier inputs during latent opti-
mization. Let 7T represent the total number of time steps;
the impact of noise level is detailed in Tab. 10.
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T ImageWoof IPC=10 ImageNette IPC=10

T2 42.7+0.8 61.9£1.6
T/8 44.4+0.2 61.9+1.6
T/4 42.3+1.0 62.9+1.0
T2 42.3+1.6 63.5+0.8

T 42.7+0.7 62.3+0.7

Table 10. Effect of the noise perturbation level.

From the table, we observe that for challenging tasks like
ImageWoof, a lower level of noise perturbation is more ad-
vantageous, while for easier tasks like ImageNette, a rela-
tively higher noise level is beneficial. Additionally, an ex-
tremely low noise level yields sub-optimal performance, as
does using all time steps. We speculate that this is because
the latent optimization process requires a minimum noise
level to improve image robustness. For harder tasks, op-
timization should be conservative to avoid shifting images
toward the region of another class, while for easier tasks, a
more aggressive approach enhances discriminative features.
Effect of stage ordering. We analyze the ordering the of
the current stage designs. As shown in Tab. 11, reversing the
stages reduces performance and increases distillation time
due to the additional latents requiring optimization.

. . Woof Woof Nette Nette
Acc (%) Time (min) ‘ IPC=10  IPC=50  IPC=10  IPC=50
Ca0, 456/15 68.9/64 650/15 84.5/64
Reverse 373746  61.7/115 61.9/46 83.0/115

Table 11. Effect of stage ordering.

Superiority of using generated images. We justify
when generated synthetic images may be a better solution
than randomly sampled real images. Tab. 12 shows that
diffusion-generated images perform better than carefully
selected real ones, especially under lower IPC settings. A
similar phenomenon is also observed on ImageNette.

Acc IPC=1 IPC=10

(%) R18 R50 R101 R18 R50 R101
Real | 13.1+0.8 13.840.6 14.4+1.2 | 39.1#0.9 36.9+0.5 31.8+0.9
Gen | 19.5£0.8 19.9+0.5 20.0£0.9 | 42.6+1.1 38.5+0.3 36.4+1.1

Table 12. Comparison on ImageWoof (same selection settings).

n02093754

Figure 6. More examples of our distilled images on ImageWoof.

n02096294 n02105641 n02111889

;.

n02115641

n02099601

“. \x ;
L4
—-—

Comparison with classifier-guided models. Fig. 7 com-
pares the performance of using classifier-guided models
with classifier-free counterparts. The reasons we do not
use classifier-guided models are threefolds: (1) From the ta-
ble, we see that guided-diffusion empirically provides lim-
ited discriminative information, performing similarly to its
classifier-free counterpart. (2) They also require additional
classifiers, increasing parameters and being slower than a
simple ResNet. (3) Most diffusion models are trained with
CFG, thus we focus on this family of models to be more
generalizable.

| IPC=10  IPC=50

CG | 42.6x0.7 67.2+0.6
CFG | 43319 66.8£1.5

Figure 7. Comparison of using classifier-guidance or not.

9. Influence of different evaluation paradigms

We compare the popularly used hard-label [9] and soft-label
[34] evaluation metrics in Tab. 13, using distilled images
from Minimax Diffusion as an example. From the table, we
show that neither of the two approaches can always obtain
better performance.

‘Woof Nette
IPC=1 IPC=10 IPC=50 IPC=1 IPC=10  IPC=50

Hard-label [9] | 19.940.2 36.2+0.2 57.6+0.9 | 31.8£0.6 54.9+0.1 74.2+1.3
Soft-label [34] | 18.2+1.1 40.1£1.0 67.0+1.8 | 22.6x1.2 61.4x0.7 83.9+0.2

Setting

Table 13. Comparison on Minimax images using ResNet18.
We also observe other cases where using hard-labels out-
perform soft-labels:

» For ResNet50 training on ImageNet-100 with Minimax
images, using the ResNetl8 model to generated soft-
labels leads to only 1.0% accuracy. This indicates that
a good expert is critical for successful guidance.

e For ResNetl101 training on ImageNet-1K (IPC=1) with
our method, using hard-labels leads to 6.0 &= 0.4 accuracy
while using soft-labels leads to 5.8 & 0.7 accuracy. We
induce that the prior knowledge from the expert may be
insufficient when the IPC is low.



n02979186

n01440764

n02102040 n03000684

Figure 8. Examples of our distilled images on ImageNette.

From the above results, we conclude that there is cur-
rently no unified evaluation paradigm that is being simul-
taneously effective, stable, and does not require external
prior knowledge. Relevant works such as DD-Ranking [22]
were developed, but yet (March 2025) does not support
ImageNet-level datasets. Benchmarking and unifying the
distilled datasets remains an open question and is of vital
importance.

10. Additional Visualizations

We provide more visualization results here for a compre-
hensive analysis of our method.

Distilled images of ImageWoof and ImageNette. Fig. 6
and 8 show examples of distilled images under IPC=10 for
ImageNette and ImageWoof. Three samples are shown for
each category. From the distilled images, we see that our
method effectively covers the class distribution and pro-
duces high-fidelity images. One thing we noticed is that al-
though the classification performance on ImageNette is sig-
nificantly higher than that of ImageWoof, the sample qual-
ity of both tasks is similar. The reason is straightforward:
the categories in ImageNette are distinct, and therefore, eas-
ily distinguishable. This observation indicates that the class
composition of a task matters, suggesting that more atten-
tion should be paid to the tasks than to the individual classes
during distillation, supporting the design of our approach.
Distilled images with Minimax Diffusion backbone. We
further provide examples of the images generated via the
Minimax backbone. Fig. 9 shows examples of the distilled
images in ImageWoof. Compared to the DiT backbone, the
use of the Minimax Diffusion backbone further enhances
the diversity of the distilled images. This phenomenon also
suggests the extensibility of our proposed method, indicat-
ing its applicability as a plug-and-play module for existing
and future work.

Distilled images with MAR backbone. Fig. 10 presents
example distilled images generated using MAR as model
backbone. Interestingly, although MAR-distilled images
achieve higher classification performance compared to
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Figure 9. Examples of our distilled images when using the Mini-
max Diffusion model as backbone.
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those distilled with DiT, we observe that their image qual-
ity is generally lower. In fact, the images shown are those
selected for their best visual quality. We conjecture that the
reason might be: although the overall image quality is low,
the essential features related to the corresponding category
are emphasized, while background and irrelevant features
are de-emphasized. As a result, even if the images appear
visually poor to human observers, they possess strong dis-
criminative capabilities.
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Figure 10. Examples of our distilled images when using MAR as
backbone.

More analysis on Fig. 4. The optimization objective im-
proves image-label consistency, refining category bound-



aries to enhance class characteristics. Background adjust-
ments may occur because diffusion models, trained with a
noise prediction objective, only fully denoise as ¢ — oo.
Under limited NFE, generated latents remain partially de-
noised, and the changes likely result from removing resid-
ual noise.

11. Limitations and Potential Improvements

Although diffusion-based methods demonstrate strong per-
formance, their applicability is constrained by the limited
conditions these models can handle (e.g. DiTs can only deal
with ImageNet classes). Employing text-to-image models
such as Stable Diffusion can help mitigate this issue, but the
large model size and absence of classification constraints
may hinder practical application.Therefore, developing ef-
ficient and task-adaptive approaches based on text-to-image
models might be a way to enable effective handling of arbi-
trary classes. Moreover, the two inconsistencies we observe
arise from the fundamental difference between generation
and discrimination. Thus, developing a unified framework
for both generation and classification may also significantly
advance the field of diffusion-based dataset distillation.
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