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Abstract

Dataset Condensation aims to condense a large dataset
into a smaller one while maintaining its ability to train a
well-performing model, thus reducing the storage cost and
training effort in deep learning applications. However, con-
ventional dataset condensation methods are optimization-
oriented and condense the dataset by performing gradient
or parameter matching during model optimization, which is
computationally intensive even on small datasets and mod-
els. In this paper, we propose a novel dataset condensation
method based on distribution matching, which is more ef-
ficient and promising. Specifically, we identify two impor-
tant shortcomings of naive distribution matching (i.e., im-
balanced feature numbers and unvalidated embeddings for
distance computation) and address them with three novel
techniques (i.e., partitioning and expansion augmentation,
efficient and enriched model sampling, and class-aware dis-
tribution regularization). Our simple yet effective method
outperforms most previous optimization-oriented methods
with much fewer computational resources, thereby scal-
ing data condensation to larger datasets and models. Ex-
tensive experiments demonstrate the effectiveness of our
method. Codes are available at https://github.
com/uitrbn/IDM

1. Introduction

Deep learning [23, 25, 57] is notoriously data-hungry,
which poses challenges for both its training and data stor-
age. To improve data storage efficiency, Dataset Conden-
sation (DC) [47, 56] aims to condense large datasets into
smaller ones while retaining their validity for model train-
ing. Unlike traditional coreset selection methods [38, 44,
49,50], such dataset condensation is often achieved through
image synthesis and yields better performance. If prop-
erly condensed, the resulting datasets not only consume less
storage space, but can also benefit various downstream tasks
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Figure 1. Illustration of optimization-oriented methods and distri-
bution matching methods. L: classification loss; g: gradient; O:
output of models; Lmatching: the matching loss for condensation.

such as network architecture search and continual learning
by reducing their computational costs.

The pioneering DC approach [56, 56] guarantees the va-
lidity of a condensed dataset by imposing a strong assump-
tion that a model trained on it should be identical to that
trained on the real dataset. However, naive matching be-
tween these converged models can be too challenging due to
their large parameter space and long optimization towards
convergence. To this end, they impose an even stronger as-
sumption that the two models should share an identical or
similar optimization path, which can be achieved by match-
ing either their gradients [53,56] or their intermediate model
parameters [8] during training. We therefore refer to them
as optimization-oriented methods.

However, despite their success, the unique characteris-
tics of optimization-oriented DC methods imply that they
inevitably suffer from high computational costs and thus
scale poorly to large datasets and models. Specifically, they
all involve the optimization of models (either randomly-
initialized [53, 56] or initialized with parameters of pre-
trained models [8]) against the condensed dataset, and thus
rely on a nested loop that optimizes the condensed dataset
and model parameters in turn. Note that the use of pre-
trained models require additional computation and storage
space [8]. As a result, existing optimization-oriented DC
methods are only applicable to “toy” networks (e.g., three-
layer convolutional networks) and small datasets (e.g., CI-
FAR10, CIFAR100). Whether they can be scaled to real-
world scenarios is still an open question.



To scale DC to large models and datasets, distribution
matching (DM) [54] proposes to match the output feature
distributions of the real and condensed datasets extracted
by randomly-initialized models. This stems from the fact
that the validity of a condensed dataset can also be guar-
anteed if it produces the same feature distribution as the
real dataset. Since DM does not involve the optimization of
models against the condensed dataset, it avoids the expen-
sive nested loops in optimization-oriented methods, and is
thus highly efficient and scalable. However, despite being
promising, experimental results show that its performance
still lags behind that of the state-of-the-art optimization-
oriented methods.

In this paper, we perform an in-depth analysis on DM’s
unsatisfactory performance and propose a set of remedies
that can significantly improve it, namely improved distribu-
tion matching (IDM). Specifically, we analyzed the output
feature distributions of DM and observed that although their
means match, the features of the condensed dataset scatter
around, causing severe class misalignment problems, which
accounts for its impaired performance. We ascribe such
scattered features to two shortcomings of DM as follows:
i) DM suffers from the imbalanced number of features. In-
tuitively, DM uses the features of small condensed datasets
to match those of large real datasets, which is inherently
intractable. Addressing this shortcoming, we propose Par-
titioning and Expansion augmentation, which augments the
condensed dataset by evenly splitting each image into l × l
parts and expanding each part to the size of the original im-
age, resulting in l2 features per image and a better match to
the features of the real dataset.
ii) Randomly initialized models are not valid embedding
functions for the Maximum Mean Discrepancy (MMD) [18]
estimation used in DM. Specifically, DM justifies the valid-
ity of randomly-initialized models by their intrinsic clas-
sification power observed in tasks such as deep cluster-
ing [3,5,6,36]. However, we believe that this does not apply
to DM as randomly-initialized models do not satisfy the re-
quirement of embedding functions used in MMD and makes
it an invalid measure of distribution distance. Since it is
too challenging to design neural network based embedding
functions that are valid for MMD, we propose two simple
yet effective remedies: 1) Efficient and enriched model sam-
pling. We enrich the embedding functions in MMD with
semi-trained models as additional feature extractors, and
develop a memory-efficient model queue to facilitate their
sampling. 2) Class-aware distribution regularization. We
explicitly regularize the feature distributions of condensed
datasets to further alleviate class misalignment.
These three novel techniques together help to extract better
feature distributions for DM. Our contributions include:

• We deeply analyze the shortcomings of the Distributed
Matching [54] algorithm and reveal that the root of its

impaired performance lies in the problem of class mis-
alignment.

• We propose improved distribution matching (IDM),
consisting of three novel techniques that address the
shortcomings of DM and help to learn better feature
distributions.

• Experimental results show that our IDM achieves sig-
nificant improvement over DM and surpasses the per-
formance of most optimization-oriented methods.

• We show that our IDM method is highly efficient and
scalable, and can be applied to large datasets such as
ImageNet Subset [10, 43].

2. Related Works
Dataset Condensation. Dataset condensation aims to con-
dense large datasets to smaller ones while preserving the
information to train models. It can benefit various appli-
cations including continual learning [53, 54, 56], efficient
neural architecture search [53, 54, 56], federated learning
[17, 41, 59] and privacy-preserving ML [11, 27]. Data Dis-
tillation (DD) [47] pioneered this topic by maximizing the
accuracy of models trained by the condensed set with meta-
learning techniques [33]. Later methods significantly out-
performed DD by introducing more advanced techniques,
such as soft-label [4, 42], gradient matching [56], augmen-
tation [53], infinite kernel-limit [31, 32], long-range param-
eter matching [8], data parameterization [21], contrastive
signal [26] and feature alignment [46]. Despite their suc-
cess, most of the best-performing methods rely on bi-level
optimizations involving second-order derivatives and thus
require intensive computation resources. Recently, some
researchers proposed to use subnet optimization to reduce
the computation cost [58], but it still cannot condense large
datasets due to its intensive kernel computation.

In contrast, Distribution Matching (DM) [54] discards
the bi-level optimization and condenses datasets by match-
ing the feature distributions of the real and condensed sets.
This saves a lot of memory and computation, allowing DM
to condense large datasets. However, such high efficiency
comes at the cost of inferior performance, which hinders
the further application of DM. In this work, we address two
important shortcomings of DM, thereby scaling it to larger
datasets and models without sacrificing performance.

Some other methods adopted a generative modeling ap-
proach for data condensation [29, 40, 55]. However, we do
not compare with them due to the different settings.

Coreset Selection. Coreset selection methods [1, 9, 12–15,
19,48,52], which have been widely used in continual learn-
ing [2,7,35,44] and active learning [37], first describe a cri-
terion to measure the representativeness of samples, which



is then used to identify and cluster the coreset. Examples
of these criteria include compactness [35], diversity [2, 37],
and forgetfulness [44]. However, these heuristic criteria are
irrelevant to target tasks and can not guarantee the optimal
solution. In addition, the performance of coreset selection
is restricted by the quality of the original images.

3. Problem Definition
Dataset Condensation. Given a large training set T =
{(x1, y1), ..., (x|T |, y|T |)} containing |T | images and their
labels, dataset condensation aims to synthesize a much
smaller set S = {(s1, ys1), ..., (s|S|, y

s
|S|)}, |S| ≪ |T | such

that S has the same or similar power as T in terms of model
training. Let x be a sample from the real data distribution
PD with label y, ϕθT and ϕθS be two variants of the same
model ϕ with parameters θ trained on T and S, respectively,
ℓ be the loss function (cross-entropy loss), we have:

S∗ = argmin
S

Ex∼PD
||ℓ(ϕθT (x), y)−ℓ(ϕθS (x), y)||, (1)

Distribution Matching. Previous methods either solved
Eq. 1 as a nested optimization problem directly [47] or con-
verted it to an gradient/parameter matching problem [56],
which are all computationally intensive and scale poorly to
large datasets. To overcome this computational barrier, Dis-
tribution Matching (DM) [54] proposed to match the feature
distributions ϕθ(xi) and ϕθ(sj) for T and S, respectively.
Taking maximum mean discrepancy (MMD) [18] as the dis-
tance measure, it can be formulated as:

S∗ = argmin
S

LDMθ∼Pθ0

= argmin
S

Eθ∼Pθ0
|| 1

|T |

|T |∑
i=1

ϕθ(xi)−
1

|S|

|S|∑
j=1

ϕθ(sj)||2,

(2)
where Pθ0 denotes the distribution of randomly initialized
network parameters. Note that Eq. 2 relies on the random
initialization of θ ∼ Pθ0 and avoids its training, thereby
reducing the computational cost.

4. Methodology
Recognizing the great potential of Distribution Matching

(DM) [54] for data condensation, we use it as the starting
point for our research. Specifically, we aim to address two
of its shortcomings (SCs) described below.

SC1: Imbalanced Number of Features between T and
S. DM aims to match the feature distribution of T with that
of S with |S| ≪ |T |. However, this is inherently intractable
given such a small |S|. Specifically, in naive DM, one fea-
ture is extracted for each image in either S or T . Thus, the
above aim indicates that DM works well if and only if the
large number of features (e.g., thousands) extracted from T

can be well approximated by a much smaller number of fea-
tures (e.g., ten) extracted from S. This would only be the
case when T is highly redundant, which is not true for most
real-world scenarios.

SC2: Unvalidated Embeddings in MMD Computation.
DM used maximum mean discrepancy (MMD) to measure
the distance between the feature distributions of real and
synthetic datasets (Eq. 2). However, instead of carefully
designing the mapping functions, DM proposed to use ran-
domly initialized networks ϕθ to get various embeddings
for MMD estimation directly, whose validity has not been
verified. Specifically, DM claimed that randomly initial-
ized models, i.e., θ ∼ Pθ0 , are sufficient for feature ex-
traction and comparable to trained models. However, ran-
domly initialized models are inadequate as their parameters
are sampled from a simple pre-defined distribution, which
has a limited number of patterns and occupies only a small
fraction of the hypothesis space. Besides, the equivalence
between gradient and distribution matching [54] reveals the
necessity of distribution matching throughout the entire op-
timization procedure, not just the initialization stage.

4.1. Partitioning and Expansion Augmentation

Addressing SC1, we propose a simple yet effective tech-
nique, namely partitioning and expansion augmentation, to
increase the number of features extracted from S without
increasing its size |S|. Specifically, for each image si ∈ S ,
we first partition it into l × l equal pieces, and then expand
each piece to the size of si using differentiable augmenta-
tion [53]:

s1i , s
2
i , ...s

l×l
i = Expand(Partition(si, l)). (3)

In this way, we increase the number of features extracted
from S from |S| to l2|S| without increasing its size, facili-
tating DM by alleviating the imbalance in feature numbers
identified in SC1.

Remark. The rationale of this augmentation stems from our
observation that the potential of synthetic images in S was
underutilized. Specifically, it is well known that many fine
details of an image are discarded during feature extraction
and contribute little to the final results. Based on this ob-
servation, we discard the fine details with our partitioned
pieces before feature extraction but retain their power in
semantic representation of an image, which makes better
use of the synthetic images. We observed some concurrent
works [21] with similar ideas. However, they employed an
optimization-oriented approach and did not recognize the
unique benefits of this augmentation to DM.

4.2. Efficient and Enriched Model Sampling

Addressing SC2, we propose to extend the θ ∼ Pθ0 used
in Eq. 2 to θ ∼ Pθ(T ) where Pθ(T ) = Pθ0 ∪Pθ1 ∪ ...∪PθT ,
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Figure 2. The overall framework of our method. Images in the synthetic set are first partitioned and expanded (Sec. 4.1) and then fed with
those of the real set into the model sampled from our efficient and enriched model queue (Sec. 4.2). The matching of output distributions
is regularized with our class-aware distribution regularization (Sec. 4.3). Push, Pop, and Training: model queue operations.

PθT denotes the parameter distribution of models initialized
with Pθ0 and trained for T iterations. Intuitively, this exten-
sion enriched the sampling of θ with an additional dimen-
sion “training iterations”, allowing for a significant diversi-
fication of the parameter distribution so that more informa-
tive features can be extracted for data condensation.

In practice, a naive way to construct Pθ(T ) is to initial-
ize models with samples from Pθ0 and record their inter-
mediate parameters during training as estimations of Pθt ,
(0 ≤ t ≤ T ). However, this may not be feasible as it suf-
fers from the trade-off between T and the computational
resources required to pre-train and store the model parame-
ter samples: the larger T , the more diverse Pθ(T ), but also
the more computation costs. To mitigate this trade-off, a
straightforward idea is to identify and remove the redun-
dancies in Pθ(T ). Nevertheless, according to previous stud-
ies [56], the intermediate model parameters θt is highly de-
pendent on its initial value θ0 and different from each other,
which implies that the elements in Pθ(T ) are mostly nec-
essary and rarely redundant. Addressing this challenge, we
propose a novel data structure to facilitate efficient model
sampling as follows.

Memory-efficient Model Queue. As an effective estima-
tion of Pθ(T ), our memory-efficient model queue Q has
four operations:

• Push. Push a newly initialized model ϕθ to Q, where
θ ∼ Pθ0 .

• Pop. Pop a model from Q if Q’s size exceeds Nmax.

• Train. Randomly fetch a model from Q and train it
using real data for K iterations.

• Sample. Randomly sample a model from Q for use.

Among them, Sample implements the sampling θ ∼ Pθ(T )
for data condensation and the rest three are used to main-
tain Q for the estimation of Pθ(T ). Specifically, Train is
used to obtain the intermediate model parameters θt during

training. Push is used to initialize Q (i.e., Push N times)
and to maintain the diversity of models in Q by periodically
adding newly initialized models into Q. On one hand, this
ensures the diversity of randomly initialized models whose
parameters are sampled from Pθ0 ; On the other hand, this
ensures the diversity of training iterations, i.e., the models
in Q always have different training iterations. Pop is used
to control the size of Q for the sake of computational cost.

As shown in Alg. 1, after initialization, we loop through
Sample and DM, Train, Push, Pop, which implements
the proposed memory-efficient model sampling scheme for
data condensation. Intuitively, we can visualize Pθ(T ) as
a matrix (Fig. 2) with its rows as samples from Pθ0 and its
columns as training iterations, and our scheme allows for a
novel way of sampling Pθ(T ) by “scanning” through the
matrix. Unlike DM that only samples from the first column
of the matrix and MTT [8] that stores the entire matrix for
sampling, our model queue is essentially a dynamic “band”
that traverses the matrix from left to right and top to bottom,
thereby achieving a better balance between T and compu-
tational resources. Specifically, the left-to-right traverse is
implemented by Train, and the top-to-bottom traverse is
implemented by Push together with Pop.

Remark. Note that we implicitly assume that on average
a model can only be trained for at most K × Nmax times
before being popped from Q and replaced by a newly ini-
tialized model. This implies that K×Nmax should be large
enough so that the trained models can extract all informa-
tive features of the real data for data condensation. Please
see Sec. 5.3 for an empirical verification of this claim.

4.3. Class-aware Distribution Regularization

As mentioned above, we enrich the model sampling in
DM with an additional dimension “training iterations” and
propose an efficient data structure, namely the memory-
efficient model queue Q, to organize models with different
training iterations at low computational costs. In short, we
have enriched Pθ0 in Eq. 2 to Pθ(T ).



However, we observed that SC2 still holds, i.e., the en-
riched embeddings provided by Pθ(T ) is still not enough
for the MMD estimation. Specifically, we observed that the
extracted features are scattered around and only their means
(i.e., first-order moment) are matched, which indicates that
the minimization of MMD loss failed to match higher or-
der moments of the real and synthetic distributions [28]
(Sec. 5.3). As a result, such scattered features are mixed
with each other and become less distinguishable in terms of
classification, which impairs the performance of data con-
densation.

Addressing this issue, we propose to add a classifica-
tion loss (i.e., cross-entropy loss) as a regularization term
to the synthetic distribution to make the extracted features
more distinguishable. We conjecture this implicitly helps
the matching of higher order moments of the two distri-
butions [28]. However, since all our models are sampled
from the model queue Q and thus have different training it-
erations, their classification accuracy varies and we should
only require the synthetic data to achieve the same classi-
fication accuracy as the real data. To this end, let ϕ be a
model sampled from Q, Accϕ be its accuracy on real data,
LCE be the cross-entropy loss, we have:

argmin
S

AccϕLCE(S), (4)

Remark. We did not attempt to improve MMD as it is too
challenging to design a neural network based mapping func-
tion with tractable kernels. We also abandoned the cluster-
ing approach (i.e., clustering features of the same class to-
wards their mean) as it is less relevant to the classification
task and thus less effective for dataset condensation.

4.4. Overall Loss Function and Pseudocode

In summary, the overall loss function of our method is as
follows1:

Loverall = LDMϕ∼Pθ(T )
+ λregAccϕLCE , (5)

where LDMϕ∼Pθ(T )
is the modified version of the distri-

bution matching loss depicted in Eq. 2 which samples
model parameter ϕ from our enriched distribution Pθ(T ),
AccϕLCE is our class-aware distribution regularizer with
a weighting parameter λreg. The pseudocode of our algo-
rithm is shown in Alg. 1.

5. Experiment
5.1. Experimental Setup

Following the evaluation protocol of previous dataset
condensation studies, we use image classification as a proxy
task for evaluation and report the classification accuracy of

1Standard cross-entropy loss is used to train models in the model queue.

Algorithm 1: Improved Distribution Matching for
Dataset Condensation

Input: Training set T
Params: ϕ: network; Pθ0

: distribution of randomly
initialized network weights; Q: model
queue; N : initial queue size; Nmax:
maximum queue size; K: step number;
M : training iterations.

1 Initialize Q with N randomly initialized models ϕθi

that θi ∼ Pθ0
.

2 for m = 0, · · · ,M − 1 do
3 Sample ϕθ and from Q and calculate its Accϕθ

/* Improved DM */
4 Calculate LDM using Eq. 2 but with ϕθ

5 Calculate LCE according to Eq. 4
6 Update condensed set S by minimizing Eq. 5

/* Model Queue Q Maintenance */
7 Train ϕθ for K steps to ϕθ′ and put back in Q
8 Push a new model ϕθ0 that θ0 ∼ Pθ0 to Q
9 Pop a model from Q if |Q| > Nmax

Output: Condensed set S

deep neural networks trained on the condensed set synthe-
sized by our method.

Datasets. Given the saturating performance of dataset con-
densation (DC) on simple datasets like MNIST [25] and
FashionMNIST [51], we evaluate our method on four larger
and more complex datasets, including CIFAR-10, CIFAR-
100 [22], TinyImageNet [24] and a subset of ImageNet [10].
Following [43], ImageNet Subset selects 100 categories
from the ImageNet dataset, whose high-resolution images
(224 × 224) contain more realistic patterns and are thus
closer to real-world application scenarios.

Experiment Settings. Following previous studies [53, 54,
56], we evaluate DC methods with three different settings
for each dataset: condensing it to different synthetic sets of
1, 10, and 50 images per class, respectively. Unless speci-
fied, we follow DM [54] and use the same ConvNet archi-
tecture [16] in all the experiments on CIFAR-10, CIFAR-
100 and TinyImageNet. This ConvNet consists of three
blocks and each block is made up of a 128-kernel convo-
lution layer, an instance normalization layer [45], a ReLU
activation function [30], and an average pooling layer. The
instance normalization is used to facilitate training on small
condensed sets. For ImageNet Subset, we increase the num-
ber of blocks in the abovementioned ConvNet to 6 to cope
with its higher resolution and more complex patterns. For
the evaluation, we use the same network architectures used
in DC and report the mean accuracy and standard devia-
tion of 5 runs where the models are randomly initialized
and trained for 1000 epochs using the condensed set.



Implementation Details. We follow the implementation
of DM [54] to set most hyper-parameters of our method.
Specifically, for model training, we use the same SGD opti-
mizer setting in both DC and evaluation, where the learning
rate is 0.01, momentum is 0.9 and weight decay is 0.0005;
for the optimization of the condensed set, we use a learning
rate of 0.2 with a momentum of 0.5. For the different ex-
perimental settings mentioned above, we set different λreg

for the cross-entropy loss, i.e., 0.5 for the cases of 1 and
10 condensed images per class, and 0.1 for the case of 50
images per class. The hyper-parameters of Model Parame-
ter Sampling are set according to the computation demand
for different datasets. For CIFAR-10/100, we set the max-
imum queue size Nmax as 100 and the training step K as
10. Following DM, we perform distribution matching for
each class separately. We initialize the condensed set by
randomly sampling images from the training set. The par-
tition number l is set as 2. We run all our experiments in
Table 1 with a single GTX 3090 GPU with 24GB memory.
Please see the supplementary material for more details.

5.2. Comparison with Previous Methods

Table 1 shows the comparison of our method with previ-
ous coreset selection and data condensation methods. Fol-
lowing previous studies, we compare our method to three
coreset selection methods, Random, Herding [7, 35], and
Forgetting [44]. Specifically, Random refers to randomly
selects images from the training set T as the condensed
set S; Herding selects the samples in T that are closest to
the clustering center for each class as S; Forgetting selects
the samples in T that are more frequently forgotten during
the model training as S. For previous dataset condensation
methods, we compare to: DD [47] and LD [4], two pioneer-
ing dataset condensation methods whose performance are
evaluated on different architectures; DC [56], DSA [53] and
CAFE [46], three typical optimization-oriented dataset con-
densation methods that achieved significant performance
improvement on small and lower-resolution datasets; DM
[54], the first method that approached data condensation via
distribution matching, which works as our baseline. Follow-
ing DM [54], we do not provide the results of optimization-
oriented method on TinyImageNet and ImageNet Subset
due to limited computational resources.

The improvement of our IDM over DM is significant.
For example, our IDM surpasses DM by 9.7% in CIFAR-
10 10 Img/Cls and 15.4% in CIFAR-100 10 Img/Cls. As
a result, unlike DM that lags behind most optimization-
oriented methods (e.g., DC, DSA, CAFE), our IDM out-
performs all of them, showing the competitiveness of dis-
tribution matching based methods and thus shedding light
on follow-up research. In addition, thanks to our partition-
ing and expansion augmentation, our IDM produces higher
numbers of features, leading to better distribution estima-
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tions and greater improvements over DM in challenging set-
tings (e.g., CIFAR-10 1 Img/Cls). For example, we achieve
a 19.6% performance improvement over DM in CIFAR-10
1 Img/Cls. For TinyImageNet and ImageNet Subset, IDM
achieved similar performance improvements.

5.3. Justification of Algorithmic Motivation

Trained Models vs. Random Models. We would like to
point out that an important conclusion of DM [54], which
claims that the use of trained models does not significantly
improve the performance of dataset condensation, only ap-
plies to small and simple datasets like CIFAR-10 and does
not generalize to larger datasets like CIFAR-100.

To support our claim, we first pre-train 600 ConvNets us-
ing the entire training set of CIFAR-100 for 10, 20, 30, 40,
50, and 60 epochs respectively. Then we perform DM us-
ing models trained with the same number of epochs for 10
Img/Cls condensation. As Fig. 3 shows, i) the performance
of DM using pre-trained models significantly outperform
that using random models (i.e., DM) across all six settings;
ii) our model sampling strategy, using both trained and ran-
dom models, achieves the best performance. Note that our
model sampling avoids the space-consuming preparation of
trained models and the time-consuming tuning of the num-
ber of training epochs.

Class Misalignment. To justify that our IDM effec-
tively alleviate the class misalignment problem of DM [54],



Table 1. Comparison with previous coreset selection and dataset condensation methods. As in previous work, we evaluate our method on
four different datasets with different numbers of synthetic images per class. Img/Cls: number of images per class. Ratio(%): the ratio of
condensed images to the whole training set. Whole Dataset: the accuracy of the model trained on the whole training set. Note: DD† and
LD† use different architectures i.e. LeNet [25] for MNIST and AlexNet [23] for CIFAR10. The rest of the methods all use ConvNet [16].

CIFAR-10 CIFAR100 TinyImageNet ImageNet Subset

Img/Cls 1 10 50 1 10 50 1 10 50 1 10 50
Ratio (%) 0.02 0.2 1 0.2 2 10 0.2 2 10 0.08 0.8 4

Random 14.4±2.0 26.0±1.2 43.4±1.0 4.2±0.3 14.6±0.5 30.0±0.4 1.4±0.1 5.0±0.2 15.0±0.4 2.4±0.3 6.2±0.0 10.0±0.1
Herding 21.5±1.2 31.6±0.7 40.4±0.6 8.4±0.3 17.3±0.3 33.7±0.5 2.8±0.2 6.3±0.2 16.7±0.3 3.0±0.2 8.3±0.1 14.8±0.4

Forgetting 13.5±1.2 23.3±1.0 23.3±1.1 4.5±0.2 15.1±0.3 30.5±0.3 1.6±0.1 5.1±0.2 15.0±0.3 1.4±0.2 4.5±0.4 9.0±0.6

DD - 36.8±1.2 - - - - - - - - - -
LD 25.7±0.7 38.3±0.4 42.5±0.4 11.5±0.4 - - - - - - - -

DC 28.3±0.5 44.9±0.5 53.9±0.5 12.8±0.3 25.2±0.3 - - - - - - -
DSA 28.8±0.7 52.1±0.5 60.6±0.5 13.9±0.3 32.3±0.3 42.8±0.4 - - - - - -

CAFE 30.3±1.1 46.3±1.6 55.5±0.6 12.9±0.3 27.8±0.3 37.9±0.3 - - - - - -
CAFE+DSA 31.6±0.8 50.9±0.5 62.3±0.4 14.0±0.3 31.5±0.2 42.9±0.2 - - - - - -

DM 26.0±0.8 48.9±0.6 63.0±0.4 11.4±0.3 29.7±0.3 43.6±0.4 3.9±0.2 12.9±0.4 24.1±0.3 4.5±0.4 11.9±0.3 22.5±0.3

IDM (Ours) 45.6±0.7 58.6±0.1 67.5±0.1 20.1±0.3 45.1±0.1 50.0±0.2 10.1±0.2 21.9±0.2 27.7±0.3 11.2±0.5 17.1±0.6 26.3±0.4

Whole Dataset 84.8±0.1 56.2±0.3 37.6±0.4 46.8±0.6

we report the “consistency ratio”, which is the ratio of
each synthetic sample’s real image neighbours that belong
to the same class of the synthetic sample in the feature
space, on three settings: DM, DM + our model sampling
(Sec. 4.2), and DM + our model sampling + our regular-
ization (Sec. 4.3), i.e., Ours. Specifically, we use k-nearest
neighbors algorithm (k-NN) to get k real image neighbours
and L2 norm as the similarity metric following the distribu-
tion matching loss. Fig. 4 shows the experimental results on
CIFAR-100 with 10 Img/Cls. It can be observed that both
our model sampling and regularization improve the consis-
tency ratio with different k, suggesting that our IDM has
effectively alleviated DM’s class misalignment problem.

5.4. Ablation Study

Effectiveness of Each Component. As Table 2 shows,
the three components of our method, i.e., model sampling
(Sec. 4.2), distribution regularization (Sec. 4.3) and aug-
mentation (Sec. 4.1) improve the performance of DM on
CIFAR-100 by 2.3%, 2.3% and 5.4% respectively. Inter-
estingly, our model sampling lowers the performance of
DM on ImageNet Subset by 1.1% while our distribution
regularization improves the performance by a large mar-
gin of 3.7%. We ascribe this to our limited computational
resources against large datasets, which greatly reduces the
number of models affordable in our model queue, making
them insufficient for training. Please note that distribution
regularization is infeasible without model sampling.

Sensitivity of Hyper-parameters. Fig. 5, Fig. 6 and Fig. 7
show how the performance of our IDM change with dif-
ferent choices of regularization weight λreg (Sec. 4.4), the
number of steps a model is trained in each training itera-
tion K (Sec. 4.2), and the size of the model queue Nmax

Table 2. Ablation study on CIFAR-100 and ImageNet Subset.

Dataset CIFAR100 ImageNet Subset

Img/Cls 10 10

DM 29.7±0.3 11.9±0.3
+ Model Sampling 32.0±0.5 10.8±0.7
+ Distribution Regularization 34.3±0.3 15.6±0.4
+ Augmentation 45.1±0.1 17.1±0.6

Table 3. Ablation study of the number of partition l2 in our aug-
mentation (Sec. 4.1) on ImageNet Subset with 1 Img/Cls.

Partition (l × l) 1×1 2×2 3×3

Accuracy 5.4±0.1 11.2±0.5 10.7±0.7

(Sec. 4.2), respectively. The experiments are conducted on
CIFAR-100 with 10 Img/Cls. Note that the best perfor-
mance achieved are higher than those in Table 1 because
we further optimized the choices of hyper-parameters.

Number of Partition l2 in Augmentation (Sec. 4.1). As
Table 3 shows, using a partition of 2 × 2 achieves the best
performance on ImageNet Subset with 1 Img/Cls. The per-
formance of 3× 3 partition is slightly worse as it discarded
too much image details in each partition. This indicates that
partitions with high l are not applicable to datasets of low-
resolution images (e.g., CIFAR-10/100).

5.5. Ablation Study on CIFAR-10 Architectural
Generalization

Following previous studies [54, 56], we verify the
cross-architectural transferability of the condensed sets on
CIFAR-10 with 10 Img/Cls. Specifically, we perform data
condensation with one architecture (denoted as C) and eval-
uate the effectiveness of the condensed set obtained with
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Figure 5. Ablation of λreg (Sec. 4.4).
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Figure 7. Ablation of Nmax (Sec. 4.2).

Table 4. Cross-architectural performance of our IDM method on
CIFAR-10 with 10 Img/Cls. Our IDM achieves a significant im-
provement over DM.

C\T ConvNet AlexNet VGG ResNet

DM ConvNet 48.9±0.6 38.8±0.5 42.1±0.4 41.2±1.1

Ours

ConvNet 53.0±0.3 44.6±0.8 47.8±1.1 44.6±0.4
AlexNet 44.8±0.5 41.4±1.4 43.1±0.6 41.0±0.1

VGG 41.2±0.4 37.4±0.3 41.7±0.4 38.8±0.8
ResNet 38.3±0.4 37.0±0.7 39.0±0.1 39.0±0.4
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Figure 8. Application in continual learning. (a) 5-step and (b) 10-
step continual learning on CIFAR-100.

another architecture (denoted as T). Following DM [54],
we evaluate our method on four different architectures, in-
cluding ConvNet, AlexNet [23], VGG11 [39] and ResNet18
[20]. The experiments setting and all hyper-parameters are
the same as Table 1, except that we set the partition parame-
ter l = 1 to allow for a fair comparison with DM. As Table 4
shows, i) dataset condensation using our IDM method and
ConvNet performs the best on all four evaluation architec-
tures and significantly outperforms those of DM; ii) similar
to the discussion in DM, dataset condensation with complex
architectures generally performs worse due to the difficul-
ties in optimization and noisy extracted features. A detailed
comparison is provided in the supplementary material.

5.6. Continual Learning

Dataset condensation facilitates continual learning [35]
by alleviating its catastrophic forgetting problem by storing
more efficient training samples in the memory. Following
previous studies, we build a baseline based on GDumb [34]
which stores training samples greedily in the memory and
maintains their class-balance. The model is trained from
scratch on the latest memory only to make the continual
learning performance a valid metric to measure the qual-
ity of memory construction and condensed data. Following
DM [54], we compare our method with three competitors,

including Random, DSA [53] and DM. The continual learn-
ing experiments are conducted on CIFAR-100 with 5-step
and 10-step settings, where the “step” indicates the number
of stages in the continual training. All the experiments are
repeated five times with different class order in continual
learning, and we then report the mean and standard devia-
tion of performance. The synthetic image budget for the ex-
periment is 20 Img/Cls following DM, and we use the same
class order to DM in every step to make the result compa-
rable. The condensed images are synthesized with the same
hyper-parameters of the experiment of CIFAR-100 with 10
Img/Cls, except that we set the partition parameter l = 1 to
allow for a fair comparison with other methods.

As shown in Fig. 8a and Fig. 8b, our method outperforms
Random, DSA and DM in both settings, indicating that the
condensed data generated by our method are of the high-
est quality for continual learning. The final performance
of our method is 39.3%/39.3% for 5/10 steps, while the
performance of Random, DSA and DM are 24.8%/25.2%,
31.0%/29.8% and 33.8%/33.7%, respectively.

6. Conclusion
We propose an improved distribution matching (IDM)

method for dataset condensation by alleviating two im-
portant shortcomings of naive distribution matching, i.e.,
imbalanced feature numbers and unvalidated embeddings
for distance computation, with three novel techniques, i.e.,
partitioning and expansion augmentation, efficient and en-
riched model sampling, and class-aware distribution regu-
larization. As a result, our method achieves significant im-
provements over previous methods while requiring fewer
computational resources. This also allows our method to be
applied to larger datasets with more categories with minimal
extra cost. Extensive experiments demonstrate the effec-
tiveness of our method, showing the competitiveness of dis-
tribution matching based methods and thus shedding light
on follow-up research.
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