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Abstract

In Dataset Condensation, the goal is to synthesize a small
dataset that replicates the training utility of a large original
dataset. Existing condensation methods synthesize datasets
with significant redundancy, so there is a dire need to re-
duce redundancy and improve the diversity of the synthesized
datasets. To tackle this, we propose an intuitive Diversity
Regularizer (DiRe) composed of cosine similarity and Eu-
clidean distance, which can be applied off-the-shelf to vari-
ous state-of-the-art condensation methods. Through exten-
sive experiments, we demonstrate that the addition of our
regularizer improves state-of-the-art condensation methods
on various benchmark datasets from CIFAR-10 to ImageNet-
1K with respect to generalization and diversity metrics.

1. Introduction

Training datasets for modern neural networks have grown
to large scales, making the learning process cumbersome
and expensive. To ameliorate this issue, there has been
tremendous recent interest in Dataset Condensation (DC),
also referred to as Dataset Distillation [5, 7, 25, 26, 29, 32,
38, 44, 53]. Here, the goal is to generate a small synthetic
dataset from the original large dataset that can instead be
used for neural network training and other related tasks, such
as neural architecture search [35]. Furthermore, dataset con-
densation has been shown to have several other applications,
such as memory rehearsal in continual learning [6, 13], data
privacy [4, 8, 23], and federated learning [17, 41].

Other active approaches for data-efficient deep learn-
ing include Data Subset Selection [18, 39], Coreset Selec-
tion [15, 40, 45], and Dataset Pruning [43, 48, 50]. In all
these approaches, a subset of the original dataset is selected
as a substitute for model training. Since they are constrained
to only select real data points from the training dataset, they
typically need to produce much larger datasets than DC ap-
proaches for comparable performance.

Most work on DC has focused on bi-level optimization-
based strategies, where the outer optimization task is for
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Figure 1. t-SNE plot of embeddings of synthetic images generated
from the CIFAR100 dataset with [PC=50 settings. As can be seen,
synthetic images generated by adding the DiRe regularizer are
more diverse than the vanilla SRe?L [47] method. The synthetic
images are spread throughout the original dataset’s feature space

(shown in Cyan color).

synthetic dataset updates, and the inner optimization task
is for model updates. Following the taxonomy in [29],
we note that there are primarily four different high-level
approaches to DC, such as those focusing on meta-model
matching [38, 56], gradient matching [51, 53], trajectory
matching [2, 14, 22], and distribution matching [52, 55].

Before 2023, due to the bi-level optimization nature of
most DC algorithms, none of them could scale to large-scale
datasets such as ImageNet-1K [28], as they require storing
the entire original training dataset in memory. To circumvent
this issue, Yin et al. [47] proposed SRe?L, which decouples
the outer and inner optimization tasks, enabling DC on large



datasets. Recent works have been based on such decoupled

optimization-based strategies [10, 31-33, 46, 49].

Since the primary goal of DC is to reduce redundancy,
it is natural to ask whether explicitly encouraging diversity
in the synthesized dataset is beneficial. Surprisingly, very
little prior work has focused on diversity in dataset conden-
sation [10, 36], despite dataset diversity having been widely
acknowledged as a crucial aspect for the successful training
of machine learning models [12, 37, 42, 54]. The diversity-
driven DC approaches [ 10, 36] currently offer state-of-the-art
performance for dataset condensation. This motivates us to
ask the following natural question:

Can we use a simple and intuitive regularizer to enhance
diversity in dataset condensation, leading to better general-
ization?

Surprisingly, we found that the answer is a resounding
“Yes!”. We initially started using only cosine similarity as
a regularizer, but found that augmenting it with Euclidean
distance helps significantly. Thus, combining these terms
led us to our Diversity Regularizer DiRe, which can be
applied off-the-shelf to any existing optimization-based DC
algorithm to improve the diversity (and thus generalization)
of distilled datasets.

Another key issue we noticed is that both [10] and [36]
face a pitfall, which is very common to ML research studying
diversity. This pitfall is highlighted vividly by the title of
[54], which won one of the outstanding paper awards in
ICML 2024; “Measure Dataset Diversity, Don’t Just Claim
It”. Although [10] and [36] claim that they produce datasets
that are more diverse than prior DC algorithms, they do not
quantitatively measure diversity using any well-established
metrics. We also tackle this by studying the diversity of
distilled datasets using established quantitative notions of
diversity [11, 24]. Our main contributions are as follows.

* We propose an intuitive Diversity Regularizer (DiRe) that
can be applied off-the-shelf to any dataset condensation
algorithm that has a separate synthesis stage.

e We are the first to quantitatively study the diversity of
distilled datasets using well-established Dataset Diversity
measures such as Coverage [24] and Vendi Score [11]. We
show that adding DiRe significantly improves SRe?L on
both these metrics.

* We also demonstrate that adding DiRe to several other
optimization-based DC methods improves their perfor-
mance across generalization and diversity measures. More
specifically, we consider DWA [10], CDA [46], UFC [49],
DELT [33], G-VBSM [31], MTT [2], and DM [52]. Note
that MTT and DM are trajectory matching and distribution
matching DC algorithms, which are very different from
decoupling-based algorithms such as SRe%L, DWA, CDA,
UFC, DELT, and G-VBSM.

We would like to highlight that our proposed regularizer
is broadly applicable to all optimization-based DC methods,
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which constitute the majority of all DC algorithms. But,
there are a few DC algorithms such as RDED [36], to which
DiRe cannot be added as-is. These algorithms do not incor-
porate a separate synthesis stage where optimization occurs.

2. Methodology

In this section, we describe our diversity regularizer DiRe in
detail and provide Algorithm | which shows how DiRe can
be added to SRe?L. Note that DiRe can be added to other
optimization-based DC methods in a very similar fashion.
Table |1 provides the notation used in the rest of the paper.

Table 1. Notation

Symbol Description

V Original large-scale training dataset

S Distilled synthetic dataset

0 Parameters of the deep neural network

fo Pretrained teacher network

ho Feature extractor of fy

n Learning rate for distillation

Te Weight for pairwise cosine similarity loss

Te Weight for pairwise Euclidean distance
loss

Scos(A, B)  Pairwise cosine similarity between rows
of matrices A and B

D.u.(A,B) Pairwise Euclidean distance between rows
of matrices A and B

Lee Cross-entropy loss

Ly, Batch-Norm loss

(z,y) Inner product of vector z and vector y

Izl £o-norm (Euclidean-norm) of vector

Given a large original labeled dataset V' = {(x;,y;)} L‘;Il’

the aim of dataset condensation is to condense it to a much
smaller synthetic dataset S = {Z;, 7; } ‘ii‘l, such that a model
6 trained on S has a generalization performance close to
that of a model " trained on V.

Most DC algorithms involve solving a bi-level optimiza-
tion problem with the outer loop for updating the synthetic
dataset and the inner loop for updating the model. Yin et al.
[47] decoupled this bi-level optimization and introduced
SRe?L, a lightweight tripartite learning paradigm that can
scale to large datasets such as ImageNet-1K. The three stages
of SRe2L [47] are:

* Squeeze, in which a model is trained on the original train-
ing dataset, and the Batch-Norm (BN) layer statistics are
stored.

Recover, in which the BN statistics are used to synthesize
the condensed dataset.

Relabel, in which the synthetic dataset is assigned soft
labels through the model trained on the original dataset.



The synthesis stage (Recover) of SRe’L consists of syn-
thesizing the target data starting from independent random
Gaussian noise. Yin et al. [47] implicitly assumes that start-
ing from random Gaussian noise provides diversity in this
parallelized synthesis process. However, as shown in Fig-
ure 1, synthetic datasets generated by SRe’L cover only a
small portion of the entire dataset manifold. Du et al. [10]
improve the diversity of SRe2L by carefully tailoring their
synthesis process using the specific properties of the Batch-
Normalization statistics. In contrast to their approach, we
show that a simple and intuitive diversity regularizer based
on cosine similarity and Euclidean distances is sufficient to
ensure diversity, leading to better generalization.

DiRe consists of three components.

Cosine Diversity loss (CD): Promotes diversity among

the synthetic dataset by minimizing the pairwise cosine

similarities between their embeddings, encouraging a

more dispersed representation in the embedding space.

. Cosine Distribution Matching loss (CDM): Encourages
the synthetic data directions to align with the real data in
the embedding space by maximizing the pairwise cosine
similarity between synthetic and real image embeddings.

. Euclidean Distribution Matching loss (EDM): Encour-
ages synthetic embeddings to cluster near real ones in
Euclidean space by minimizing the pairwise Euclidean
distances between synthetic and real embeddings.

Let X¢,,, be the set of all the synthetic images belonging
toclass cand X, be the set of all the real images belonging
to class c. Embeddings of the synthetic images computed
through the pre-trained feature extractor network are given
as B, = hg(Xg,,) and embeddings of real images are
given as E:":eal = he (Xfeal)'

Pairwise cosine similarity between two matrices A and
B with dimensions N x D and M x D (i.e., set of N and
M vectors of D dimensions respectively; A’ is the i** row in
A) is calculated as shown in Equation 1.

Yaey A B)
VIR (A2 2D (BY)?
(D
Pairwise Euclidean distance between two matrices A and
B with D number of features is calculated as shown in
Equation 2.

1.

N M

Seos(A4,B) =)y

i=1 j=1

The three components of DiRe are formulated as follows.

CD = lgos,div = SCOS (Efy'rw ESyn) (3)
CDM = lgos,dm =1— Scos (Egy'rw ﬁeal) “)
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Note that CD encourages synthetic examples to spread
out, CDM pushes them toward real data directions, and
EDM brings them close to real data in Euclidean distance.
Algorithm 1 presents our approach more formally.

Algorithm 1 SRe?L with Diversity Regularizer (DiRe)

Require: Images per class ipc, feature extractor network hg,
number of iterations 7, learning rate 7, cosine distance
weight r., Euclidean distance weight r., Number of
classes C'

Ensure: Distilled dataset S

. Initialize Sy with C' X ipc images drawn from a Gaussian

noise distribution

Forward pass real data through hy, Store real embed-

dings E¢,,, Ve € {0,...C — 1}

fort =1to T do
Forward pass synthetic data S;_; through hy
Obtain syn. embeddings E¢,, Vc € {0,...C — 1}

syn
C C C
Compute [ givs 1S am»> and {

& euc_dm
Lsyn = Zczl Te- (lccos,div + lgos,dm) +re- lguc,dm
Ltotal — Lce + Lbn + Lsyn
St < St—l -n: vSLtota]

end for

3. Implementation of diversity regularizer

3.1. Embeddings w.r.t. feature extraction layer

We use the outputs of the penultimate layers (for example,
the output of the Average Pool layer of ResNet-18) as the
feature-rich, low-dimensional representations of the real and
synthetic images. These embeddings are used to compute
the components of DiRe. For ResNet-18, this yields 512-
dimensional features.

3.2. Pairwise cosine similarity and pairwise Eu-
clidean distance

The complexity of computing pairwise cosine similarity
(Equation 1) and pairwise Euclidean distance (Equation 2)
between two matrices of K rows (i.e., computation between
embeddings of K images) is O(K?). Carrying out these
computations in a nested loop manner for every epoch and
every class would be prohibitively expensive. Instead, we
utilize these functions from the torchmetrics library'. Be-
cause of their efficient implementation, they achieve ~ 30x
faster computation. The timing comparison is provided in
the subsection 4.9.

'hL,L,pS ://lightning.ai/docs/torchmetrics/stable/

pairwise/cosine_similarity.html



4. Experiments and results

4.1. Experimental Setup

Applications. We evaluate the performance of our method
on image classification.

Datasets. For image classification, we evaluate the effec-
tiveness of our regularizer on four popular benchmark im-
age classification datasets, i.e., CIFAR-10, CIFAR-100 [19],
Tiny ImageNet [20], and ImageNet-1K [28]. To test the ro-
bustness of our method, we consider all these datasets with
the number of classes varying from 10 to 1000.

Backbone architecture. Similar to other SOTA works,
we use the ResNet-18 [16] architecture to condense the
datasets. Unless specified otherwise, we use the same trained
model as a teacher model for carrying out knowledge dis-
tillation. We also use other CNN architectures, such as
ResNet-50 [16], ResNet-101 [16], VGG-16 [34], and Mo-
bileNetV2 [30], in addition to the transformer architecture
ViT [21], to carry out our cross-architecture generalization
study. The main aim is to study the effect of improved di-
versity on generalization over the backbone architecture and
cross-architecture generalization over various architectures.

Diversity Metrics. We consider Coverage [24], Vendi
Score [11], and intra-class cosine similarity as the diversity
metrics. Coverage measures the fraction of real samples
whose neighbourhoods contain at least one synthetic sample.
It is calculated as:

N
1
coverage = N ; 1{3j st YjEB(Xi,NNDk(X%))} ©

where, X is the real dataset, Y is the synthetic dataset,
NND,, represents k" Nearest Neighbor Distance, and
B(X,r) represents a ball of radius r around the data point
X. All the calculations are carried out in the feature space,
using embeddings of the avgpool layer of the ResNet-18 ar-
chitecture. Hence, a higher coverage value indicates higher
diversity among the synthetic images.

Vendi Score is defined as the exponential of the Shannon
entropy of the eigenvalues of a similarity matrix. A higher
Vendi Score indicates greater diversity in the dataset.

Cosine similarity between two vectors x and y is:

(=)

= —— 7
BT @

Scos (LE ) y)

We compute intra-class pairwise cosine similarity among

the embeddings of the synthetic dataset and use the mean as

a measure of diversity. Lower intra-class cosine similarity
indicates higher diversity.

Baselines We consider the results reported by SRe’L,

CDA, DWA, UFC, G-VBSM, and DELT wherever avail-

able. We reuse the publicly available codebases for each
method to generate results where they are unavailable. The
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same hyperparameters are used for all methods to ensure
uniformity.

To further demonstrate the generality of our approach,
we apply it to two additional optimization-based dataset
condensation methods: Matching Training Trajectory [2]
and Distribution Matching [53]. We use the original MTT
codebase and the DC-BENCH ? implementation for DM.

Codebase We make our codebase publicly available for
easy reproduction of our results’.

4.2. Results for CIFAR-10

A comparison of the accuracy values and diversity metrics
obtained on a randomly initialized ResNet-18 architecture,
trained through knowledge distillation from a pre-trained
ResNet-18 model, is presented in Tables 2 and 3. We see that
the addition of DiRe leads to improvements in generalization
accuracy and diversity metrics.

Table 2. Impact on accuracy by addition of DiRe to various DC
methods on CIFAR-10. It can be seen that the addition of DiRe
leads to an increase in the accuracy obtained by each of the methods
considered.

Methods IPC=10 IPC=50 IPC= 100
SRe?L 272+04 475+05 575+06
SRe?L + DiRe 374+11 59.7+12 71.2%1.2
DWA 326+04 53103 672+£03
DWA + DiRe 36509 622+0.7 71.0%0.6
INFER 320+£05 604+1.6 -
INFER + DiRe 453+08 73.9+0.2 -
INFER (D) 30.7+£03 60.7+0.9 -
INFER(D) + DiRe 57.1+0.9 85.1+0.3 -
G-VBSM 535+£0.6 592+04 -
G-VBSM +DiRe  55.8+0.2 68.3+0.3 -
DELT 43.0+09 649+09 -
DELT + DiRe 492+05 763+0.2 -

4.3. Results for CIFAR-100

Tables 4 and 5 compare accuracy values and diversity metrics
for various methods at various IPC settings. DiRe is able to
improve both accuracy and diversity metrics for all the DC
methods considered.

The plot of class-wise intra-class cosine similarity is
shown in Figure 2, which further showcases the diversity
introduced by our method. t-SNE plot for embeddings of
CIFAR-100 for IPC=50 setting is shown in Figure 1. As we
can see, our method can cover more diverse regions in the
original data manifold compared to SRe?L and DWA.

2https://github.com/justincui03/dc_benchmark
3https ://github.com/DIL-IITH/DiRe



Table 3. Impact on diversity by the addition of DiRe to various DC
methods on CIFAR-10. The addition of DiRe has resulted in the
generation of a synthetic dataset with higher diversity.

Table 5. Impact on diversity by the addition of DiRe to various
DC methods on CIFAR-100. Addition of DiRe results in improved
diversity across all the DC methods considered.

Methods Coverage 1 Similarity | Vendi Methods Coverage T Similarity | Vendi 1
SRe’L 2.25% 0.90 1.87 SRe’L 14.87% 0.81 2.79
SRe?L + DiRe 3.53% 0.86 2.25 SRe’L + DiRe 23.12% 0.65 3.08
DWA 2.43% 0.88 2.20 DWA 19.32% 0.77 2.99
DWA + DiRe 2.84% 0.78 2.34 DWA + DiRe 32.75% 0.61 3.11
INFER 2.97% 0.74 2.02 CDA 12.31% 0.81 243
INFER + DiRe 6.74% 0.82 2.24 CDA + DiRe 15.43% 0.67 2.85
INFER (D) 2.97% 0.74 2.02 INFER 14.30% 0.68 2.66
INFER(D) + DiRe 6.74% 0.82 2.24 INFER + DiRe 28.99% 0.60 2.70
G-VBSM 0.04% 0.76 2.07 INFER (D) 14.30% 0.68 2.66
G-VBSM + DiRe 0.06% 0.69 2.67 INFER(D) + DiRe 28.99 % 0.60 2.70
DELT 0.9% 0.84 1.69

DELT + DiRe 4.3% 0.93 2.28 Intra-class cosine similarity for CIFAR-100

Table 4. Impact on accuracy by addition of DiRe to various DC
methods on CIFAR-100. It can be seen that the addition of DiRe

0.9
leads to an increase in the accuracy obtained by each of the methods 2z
considered. So08
£
Methods IPC=10 IPC=50 IPC= 100 § 0.7
SRe’L 31.6£0.5 522+03 575+0.6 © 06
2 ; ’
SRe“L + DiRe 412+1.1 63402 665+0.2 _SRe2l  _DWA  —SRe2L + DiRe
DWA 39.6£0.6 60.9+05 652+03 05 . " 1 o1
DWA + DiRe 414+04 623+0.2 653+0.2 Class Index
CDA 498+0.6 644+05 655+0.1 ) o L
CDA + DiRe 545+03 66.6+0.1 68.0+0.4 Figure 2. Class.—w.lse }ntr.a—c.lass cosine sm_nlarl_ty for CIFAR-100.
Lower cosine similarity indicates higher diversity among the syn-
INFER 452+0.1 628+04 663+0.1 thetic dataset. SRe?’L + DiRe clearly shows lower cosine similarity
INFER + DiRe 53715 67.6x02 69.2+0.3 for all the classes in the dataset as compared to vanilla SRe*L and
INFER (D) 534+0.6 689+0.1 733202 DWA.
INFER(D) + DiRe 63.9+0.2 741+£0.1 76.1+0.2

4.4. Results for Tiny ImageNet

Tables 6 and 7 compare the accuracy values and diversity
metrics for various methods on Tiny ImageNet trained on
ResNet-18. DiRe improves both generalization accuracy
and diversity metrics for all three condensation methods
considered.

4.5. Results for ImageNet-1K

A comparison of accuracy values and diversity metrics on a
synthetic dataset generated from ImageNet-1K is presented
in Tables 8 and 9. The addition of DiRe results in an im-
provement in both accuracy and diversity metrics. Figure 3
showcases synthetic images belonging to the ‘Peacock’ class
condensed from the ImageNet-1K dataset. Diversity among
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the synthetic images resulting from the addition of DiRe is
clearly noticeable.

4.6. Cross-architecture study

To evaluate the generalizability of the synthetic dataset gen-
erated by our regularizer, we compare the test set accuracies
on various deep learning architectures including CNN ar-
chitectures from different families, ResNet-50 [16], ResNet-
101 [16], MobileNetV2 [30], and VGG-16 [34], and trans-
former architecture, ViT [9]. Comparisons of test set accu-
racies are reported in Tables 10, 11, and 12 for CIFAR-100,
Tiny ImageNet, and ImageNet-1K, respectively. Our pro-
posed regularizer is able to improve accuracy across various
CNN and transformer architectures.



Figure 3. Visualization of synthetic images belonging to the ‘Peacock’ class from the ImageNet-1K dataset. The top row images are
condensed through SReL, and the bottom row images are condensed through SRe®L + DiRe. The diversity among the synthetic images is
clearly visible.

Table 6. Impact on accuracy by addition of DiRe to various DC
methods on Tiny ImageNet. It can be seen that the addition of DiRe
leads to an increase in the accuracy values obtained by each of the

methods considered.

Table 8. Impact on accuracy by addition of DiRe to various DC
methods on ImageNet-1K. It can be seen that the addition of DiRe
leads to an increase in the accuracy obtained by each of the methods
considered.

Methods IPC=10 IPC=50 IPC= 100 Methods IPC=10 IPC=50 IPC= 100
SRe’L 177£0.7 41.1£04 49.7+£03 SRe’L 213+£0.6 46.8+0.2 52.8+04
SRe?L + DiRe 34703 553+04 574%0.1 SRe’L + DiRe 385+0.1 55.6+03 59.2+0.1
DWA 321+0.1 528+02 56.0+02 DWA 379+0.2 552+02 592+03
DWA + DiRe 37603 552+0.1 585%0.2 DWA + DiRe 391+04 569%0.1 61.0%0.1
CDA 213+£03 487+£0.1 532+0.1 CDA 335£03 525+£03 58.0+02
CDA + DiRe 348+0.5 545+0.2 565+0.3 CDA + DiRe 356+0.1 56.0+0.1 60.3+0.2
G-VBSM - 47.6+03 51.0+04 INFER 287+02 51.8+02 -
G-VBSM + DiRe - 50.1+£0.2 542+0.5 INFER + DiRe 382+03 61.2+0.5 -
DELT 43.0+£0.1 55705 - G-VBSM 314+05 518+04 557+x04
DELT + DiRe 457+0.5 568+0.1 - G-VBSM + DiRe 35.1+0.1 552+0.2 58.7+0.1
DELT 46.1+£04 592+04 -

Table 7. Impact on diversity by the addition of DiRe to various
DC methods on Tiny ImageNet. Diversity metrics across the three
different metrics improve after the addition of DiRe.

Methods Coverage T Similarity || Vendi
SRe’L 30% 0.66 3.07
SRe?L + DiRe 45% 0.66 3.22
DWA 36% 0.69 3.04
DWA + DiRe 52% 0.65 3.14
CDA 32% 0.75 6.41
CDA + DiRe 53% 0.69 6.96
G-VBSM 36% 0.71 2.63
G-VBSM + DiRe 45.5% 0.66 3.61
DELT 6.5% 0.62 2.18
DELT + DiRe 8.2% 0.59 243

DELT + DiRe 473+0.1 59.6+0.2 -

4.7. Impact of the proposed regularizer on other
condensation methods

We apply DiRe to MTT and DM to demonstrate its effec-
tiveness on DC algorithms that are not decoupling-based.
Table 13 shows the accuracy results obtained on a ConvNet
network on CIFAR-10 and CIFAR-100 for various IPC set-
tings with MTT algorithm. Results for DM are given in the
supplementary document.

4.8. Ablation study on impact of various compo-
nents of DiRe

We analyze the impact of individual components in the DiRe
regularizer and their combinations. We compute diversity
metrics for a synthetic dataset using all seven possible combi-
nations. Table 14 compares the normalized impact of various
components of DiRe and their combinations on test set accu-



Table 9. Impact on diversity by the addition of DiRe to various
DC methods on ImageNet-1K. The diversity scores across all three
metrics improve with the addition of DiRe.

Methods Coverage T Similarity | Vendi 1
SRe’L 2.0% 0.82 441
SRe’L + DiRe 6.4% 0.66 5.94
DWA 2.2% 0.78 5.09
DWA + DiRe 3.7% 0.65 5.79
CDA 4.1% 0.80 5.15
CDA + DiRe 7.9% 0.59 6.18
INFER 6.5% 0.71 7.45
INFER + DiRe 8.3% 0.64 8.68
G-VBSM 41% 0.81 7.87
G-VBSM + DiRe 11.6% 0.67 13.2
DELT 2.3% 0.83 4.28
DELT + DiRe 6.5% 0.65 6.23

Table 10. Comparison of cross-architecture generalization perfor-
mance on CIFAR-100 generated by ResNet-18.

Target Architectures | SRe’L  SRe’L + DiRe
IPC=50
ResNet-50 52.8+£0.7 63.8 + 0.6
ResNet-101 514+£2.6 64.2 +0.3
VGG-16 404 +£1.2 534+04
MobileNetV2 432 +£0.2 56.7 £ 0.1
ViT 16.2+£0.2 35.0+0.5
IPC=100
ResNet-50 59.5+0.5 67.3+£0.2
ResNet-101 59.2+0.9 67.7 £ 0.1
VGG-16 51.8+£04 62.2+04
MobileNetV?2 54.6 0.5 64.1+£0.3
ViT 23.3+04 46.6 = 0.9

racy and different diversity metrics for the Tiny ImageNet
dataset with IPC = 10. As can be seen, CD mainly affects
cosine similarity, CDM primarily influences the Vendi score,
and EDM has the strongest impact on the coverage score.
Combining all three components together results in balanced
performance across all diversity metrics.

4.9. Timing analysis

Table 15 compares the time taken by various methods to syn-
thesize IPC=50 images from CIFAR-100. The synthesis time
with DiRe is ~ 17% higher than SRe?L and ~ 5% higher
than DWA, which we believe is modest compared to the
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Table 11. Comparison of cross-architecture generalization perfor-
mance on Tiny ImageNet generated by ResNet-18.

Methods VGG-16 ViT
IPC=50

SRe’L 3250+ 045 1479 +0.40

DWA 3290+0.85 18.79+0.28

CDA 33.50+£0.20 16.35+0.51

SRe’L + DiRe | 34.45+0.56 19.00 = 0.10
IPC=100

SRe?L 42.80 £0.46 22.95+0.75

DWA 4358 £0.12  26.46 +0.21

CDA 41.81+0.35 22.65+0.70

SRe?L + DiRe | 45.21 +0.84 28.20 +0.33

Table 12. Comparison of cross-architecture generalization perfor-
mance on ImageNet-1K generated by ResNet-18. Addition of DiRe
is able to maintain performance gain in terms of accuracy across
various architectures.

Methods MobileNetV2  ShuffleNet
IPC=10

SRe?L 154+0.2 9.0+0.7

DWA 29.1 +£0.3 11.4 0.6

CDA 25.1+0.5 8.5+0.7

SRe?L + DiRe 30.6 0.3 10.5+0.3
IPC=50

SRe’L 483 +0.5 9.0+0.6

DWA 51.6+0.5 28.5+0.5

CDA 494 +0.3 25.8+0.4

SRe?L + DiRe 53.0+0.2 30.0+0.3

gains in generalization and diversity. A comparative analysis
of compute requirements is provided in the supplementary
material.

4.10. Calculation of Coverage & Vendi Score
through CLIP embeddings

For completeness and to avoid any bias introduced by a
specific backbone, we further evaluate coverage and Vendi
Score using embeddings extracted from a pretrained CLIP
model [27] (ViT-B/32, trained on the LAION-2B dataset).
Unlike the ResNet-18 features used in our primary experi-
ments, CLIP embeddings are obtained via a vision—language
pretraining paradigm, which has been shown to produce se-
mantically aligned and domain-robust representations. Com-
parative analysis is provided in Table 16.

This additional evaluation confirms that our conclusions



Table 13. Comparison of accuracies on ConvNet architecture with
MTT Dataset Condensation method. DiRe is able to improve the
performance of the non-decoupled algorithm across various IPC
settings.

IPC MTT MTT + DiRe
CIFAR-10

1 46.3+0.8 49.1 £ 0.2

10 65307 67.4+0.3

50 71.6+02 72.4 £ 0.1
CIFAR-100

1 243+03 27.6 0.7

10 40.1+04 42.0 £ 0.2

50 47702 48.9 + 0.3

Table 14. Normalized impact of various components of DiRe and
their combinations on accuracy and different diversity metrics for
Tiny ImageNet on IPC=10 setting. Ven, Sim, and Cov stand for
Vendi Score, Cosine Similarity, and Coverage, respectively.

Methods Vent Sim] Covt Acc

CD 0.50 0.00 041 338+04
CDM 0.74 030 046 33.8+0.2
EDM 0.00 098 1.00 342+0.3
CD + CDM 048 0.17 0.00 34.1+0.6
CD + EDM 040 093 0.01 33.6+0.1
CDM + EDM 036 1.00 092 33.6%0.5
CD+CDM+EDM 1.00 0.07 0.80 34.7+03

Table 15. Comparison of total time taken for synthesizing IPC=50
images from the CIFAR-100 by various methods.

Methods | Time (in seconds)
SRe’L 1342.6
DWA 1493.1
SRe?L + DiRe 1579.9

remain consistent even when employing a feature extractor
with a substantially different training objective and represen-
tational bias.

5. Discussion on optimization-free algorithms

As mentioned in Sec. 1, our proposed regularizer is not
applicable to optimization-free algorithms such as RDED.
However, for completeness, we compare the performance of
SRe’L + DiRe against RDED in terms of various diversity
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Table 16. Comparison of coverage values obtained by ResNet-
18 and CLIP pre-trained models. Results are obtained on Tiny
ImageNet with synthetic data generated through a ResNet-18 archi-
tecture.

‘ Coverage | Vendi Score
Methods | ResNet-18  CLIP | ResNet-18  CLIP
SRe’L 0301  0.064 3.07 2.08
SRe’L +DiRe | 0453 0.088 3.22 2.42

metrics on ImageNet-1K. As RDED and SRe?L employ
different hyperparameters, results presented in Table 17 are
obtained by SRe’L + DiRe with the same hyperparameter
settings as RDED. We observe that SRe?L + DiRe performs
better than RDED across all three diversity metrics.

Table 17. Comparative analysis of diversity metrics for synthetic
data generated through RDED and SRe’L + DiRe from ImageNet-
1K. SRe’L + DiRe outperforms RDED across the three diversity
metrics.

Methods ‘ Coverage? Similarity] Vendif
RDED 0.40 0.71 4.54
SRe’L + DiRe 0.45 0.66 6.17

6. Conclusion and Future DiRections

Despite its importance, diversity has not been treated as
a first-class citizen in existing DC works. This paper em-
phasizes the significance of diversity in dataset condensa-
tion and introduces an intuitive yet powerful diversity reg-
ularizer DiRe, which can be added off-the-shelf to existing
optimization-based dataset condensation algorithms with a
separate synthesis stage. To the best of our knowledge, this
is the first work to study diversity in dataset condensation
in a quantitative manner. Through extensive experiments,
we demonstrate that DiRe can improve the accuracy of the
SOTA dataset condensation methods while achieving higher
diversity across various diversity metrics. We also demon-
strate that the improved diversity helps to achieve better
cross-architecture generalization on various deep learning
architectures, including transformers.

Some avenues for future work include: making the Eu-
clidean distance computation in DiRe more efficient using
coresets [15], applying DiRe in the field of generative model-
ing, and using functions such as the Determinantal Point Pro-
cess objective [3] or other submodular functions [1] instead
of cosine similarity for devising new diversity regularizers.
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