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Abstract

Contemporary deep learning, characterized by the training
of cumbersome neural networks on massive datasets, con-
fronts substantial computational hurdles. To alleviate heavy
data storage burdens on limited hardware resources, numer-
ous dataset compression methods such as dataset distillation
(DD) and coreset selection have emerged to obtain a compact
but informative dataset through synthesis or selection for effi-
cient training. However, DD involves an expensive optimiza-
tion procedure and exhibits limited generalization across un-
seen architectures, while coreset selection is limited by its
low data keep ratio and reliance on heuristics, hindering its
practicality and feasibility. To address these limitations, we
introduce a newly versatile framework for dataset compres-
sion, namely Adaptive Dataset Quantization (ADQ). Specif-
ically, we first identify the sub-optimal performance of naive
Dataset Quantization (DQ), which relies on uniform sam-
pling and overlooks the varying importance of each gener-
ated bin. Subsequently, we propose a novel adaptive sam-
pling strategy through the evaluation of generated bins’ rep-
resentativeness score, diversity score and importance score,
where the former two scores are quantified by the texture
level and contrastive learning-based techniques, respectively.
Extensive experiments demonstrate that our method not only
exhibits superior generalization capability across different ar-
chitectures, but also attains state-of-the-art results.

Code — https://github.com/SLGSP/ADQ

Introduction
Deep learning has witnessed remarkable advancements re-
cently, revolutionizing various tasks in the artificial intelli-
gence community (Ioffe and Szegedy 2015). This progress
is primarily attributed to the abundance of datasets with pre-
cise labels, which serve as the foundation for training com-
plex models. However, the expanding size of these datasets
leads to increased computational costs and resource require-
ments. This challenge underscores the critical need for ef-
ficient dataset compression techniques (Lei and Tao 2024),
with focus on reducing the volume of data while ensuring
the consistency of training results.
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Figure 1: The paradigm of three types of dataset condensa-
tion methods. The primary difference between these meth-
ods lies in the subset generating process. (a) Dataset Distil-
lation synthesizes unreal dataset, (b) coreset selection em-
ploys one-time selection, while (c) dataset quantization uti-
lizes multi-time selection as well as sampling.

In order to improve the computational efficiency, two
types of techniques have made great contributions to the
dataset compression, namely Dataset Distillation (DD)
(Zhao, Mopuri, and Bilen 2021) and coreset selection (Feld-
man and Zhang 2020). DD has garnered attention for its
excellent performance. It aims to generate a compact but
informative synthetic dataset, so that models trained with
it can attain a similar or even higher level of accuracy.
However, the latest optimization-oriented DD methods (Kim
et al. 2022; Zhao and Bilen 2023) suffer from high com-
putational costs and poor generalization capability. Specifi-
cally, these methods employ a nested loop that alternately
optimizes the distilled dataset and pre-trained model pa-
rameters(Cazenavette et al. 2022), as well as relying on
architecture-driven metrics to align the synthetic samples
with the original ones (Zhao, Mopuri, and Bilen 2021; Zhao
and Bilen 2023). Consequently, these limitations make it
difficult to deploy DD algorithms in real-world scenario
and generalize them to other model architectures. Unlike
the synthesis of samples for training in DD, coreset se-
lection aims to identify a most important subset from the
training set, which has been shown to possess great cross-
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Figure 2: The evaluation of normalized representativeness score, diversity score and importance score on CIFAR-10
(Krizhevsky, Hinton et al. 2009). (a) Ideal Condition allows for the best performance of DQ. (b) (c) (d) are representative-
ness score (RS), diversity score (DS) and importance score (IS) of generated bins on CIFAR-10, respectively.

architecture generalization capabilities. However, as a tradi-
tional dataset compression method that employs a one-time
selection strategy, its typically low data keep ratio often fails
to preserve the high diversity of the whole dataset, resulting
in inferior performance (Zhou et al. 2023). Furthermore, due
to its reliance on heuristics, coreset selection cannot guaran-
tee an optimal solution for various downstream tasks (Zhao,
Mopuri, and Bilen 2021).

To overcome the limitations of DD and coreset selection,
Dataset Quantization (DQ) (Zhou et al. 2023) is a newly
proposed pipeline which first partitions the original training
dataset by recursively extracting non-overlapping samples
into bins based on maximizing submodular gains, and then
uniformly sampled from each bin. Fig.1 illustrates the main
difference between DQ, DD and coreset selection. Since DQ
avoids the dataset synthesis and one-time selection, it can be
used for training any model architectures with high data di-
versity and low computational cost. The sampling strategy
in DQ is based on a mathematically derived theory: the bins
generated in early steps have a better representativeness of
the entire dataset, while the latter bins demonstrate greater
diversity. However, the naive DQ does not thoroughly ana-
lyze the uneven variations of bins’ representiveness and di-
versity, and overlooks the varying importance of each bin,
which in turn impairs the performance.

In this paper, we take a further step based on DQ,
through quantitatively evaluating the importance of gener-
ated bins and introduce a novel Adaptive Dataset Quanti-
zation (ADQ). Specifically, we begin by assessing each bin
through three metrics: the Representativeness Score (RS),
the Diversity Score (DS), and the Importance Score (IS),
which is a composite of RS and DS, corresponding to the
theory in DQ. By integrating this theory into sampling strat-
egy, we observe that DQ performs optimally merely under
completely ideal condition, where the importance of each
bin is equal and the trends of RS and DS resemble the blue
and green curves in Fig.2(a). However, under real condition,
the paucity of quantitative metrics for RS and DS precludes
the appropriate estimation of IS for each bin. Therefore, to
provide the evidence for precise sampling in DQ, we define
three scores as following:

Representiveness Score. Drawing inspiration from trajec-
tories matching (Cazenavette et al. 2022; Du et al. 2023), we
propose a texture level (TL) method to calculate the repre-
sentativeness score (RS) for real image sets.

Diversity Score. As a precise method for evaluating diver-
sity, contrastive learning-based techniques (Fang et al. 2021)
have been proven efficient and cost-effective, for which we
introduce to calculate the diversity score (DS) of each bin.

Importance Score. It is intuitive to utilize normalization
to combine the representativeness score and diversity score,
yielding the importance score (IS) for each bin.

Different from expected ideal condition in DQ, as shown
in Fig.2(b)(c)(d), the real condition of these three metrics
varies unevenly. It is obvious that uniform sampling strat-
egy in DQ neglects this uneven importance variation of gen-
erated bins. Therefore, we adaptively sample from all bins
based on the IS of each bin and the amount of the data it
contains. Overall, the main contributions of our work can be
summarized in the following three aspects:
• We elucidate the sampling limitations of the naive DQ

and mathematically establish appropriate metrics for
evaluating the representiveness, diversity and importance
of the generated bins.

• We propose Adaptive Dataset Quantization (ADQ),
which samples data from each generated bin according to
its importance score and the number of images, achieving
efficient and lossless dataset compression.

• Extensive experiments on CIFAR-10, CIFAR-100
(Krizhevsky, Hinton et al. 2009), ImageNet-1K (Rus-
sakovsky et al. 2015) and Tiny-ImageNet (Le and Yang
2015) substantiate a marked enhancement in perfor-
mance over the baseline DQ by average 3%, establishing
the new state-of-the-art results.

Related Works
Dataset Distillation
Dataset Distillation is first proposed in (Wang et al. 2018),
where the distilled images are expressed as model weights
and optimized by gradient-based hyperparameter tuning.
Subsequently, a series of bi-level optimization-oriented
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works seek to minimize the surrogate models learned from
both synthetic and original datasets, depending on various
metrics such as the matching gradients (Zhao, Mopuri, and
Bilen 2021; Kim et al. 2022; Zhang et al. 2023), features
(Wang et al. 2022), distribution (Zhao and Bilen 2023; Zhao
et al. 2023), training trajectories (Cazenavette et al. 2022;
Cui et al. 2023; Du et al. 2023), and maximum mean discrep-
ancy (Zhang et al. 2024). However, the synthetic data from
these methods often struggle to generalize across different
architectures and face significant computational challenges
(Zhou et al. 2023). Recently, a notable work (Cazenavette
et al. 2023) integrates a plug-and-play module GLaD into
existing DD framework to improve generalization, while
the high training costs remain a concern. Besides, the uni-
level optimization-oriented work (Liu et al. 2022a; Zhou,
Nezhadarya, and Ba 2022) effectively reduces calculation
costs but may hinder scalability to larger data keep ratio.

Coreset Selection
Coreset selection (Feldman and Zhang 2020; Guo, Zhao,
and Bai 2022) focuses on selecting an important subset of
the original dataset, showing remarkable potential in facil-
itating cross-architecture training. To evaluate the subset’s
importance, multiple metrics have been proposed in pre-
vious work: error (Toneva et al. 2019), geometry (Agar-
wal et al. 2020), memorization (Feldman and Zhang 2020),
uncertainty (Coleman et al. 2020), gradient-matching (Kil-
lamsetty et al. 2021), submodularity (Iyer et al. 2021),
EL2N score (Paul, Ganguli, and Dziugaite 2021), submodu-
lar gains (Iyer et al. 2021) and contributing dimension struc-
ture (Wan et al. 2024). However, its low data keep ratio
leads to impaired diversity of subset (Zhou et al. 2023),
and its dependence on heuristics hinders the optimization to
downstream task (Zhao, Mopuri, and Bilen 2021). Addition-
ally, as an extension of coreset selection, Dataset Quantiza-
tion (DQ) (Zhou et al. 2023) improves upon the traditional
one-time sampling strategy by recursively generating non-
overlapping bins and performing uniform sampling across
all bins. This approach enhances the paradigm of sampling
by shifting from a single-selection to a multi-selection strat-
egy, thereby maintaining an appropriate data keep ratio in
the subset and making it more suitable for various down-
stream tasks. Nevertheless, the uniform sampling strategy
neglects to quantify the importance of the generated bins,
for which we chose it as the baseline to address.

Remark
In the realm of dataset compression, previous studies have
introduced a variety of metrics to assess the representative-
ness and diversity of datasets. However, the majority of these
methods tend to focus on either representativeness (Iyer
et al. 2021) or diversity (Wan et al. 2024), rather than com-
bining both aspects. Additionally, the evaluation techniques
are often either overly simplistic, such as using L2-norm and
cosine distance (Ceccarello, Pietracaprina, and Pucci 2018)
to gauge diversity, or excessively comrplex, like utilizing a
pre-trained model to derive insights (Li et al. 2018). Typi-
cally, these methods depend on a one-time evaluation of the
entire dataset, resulting in limited precision. In contrast, we

propose a method that employs texture-level analysis and
contrastive learning-based techniques to evaluate these met-
rics for each generated subset. This approach allows us to
achieve high precision with low computational demands.

Proposed Method
As mentioned in the Introduction section, we recognize the
promising potential of DQ (Zhou et al. 2023) and choose
it as the starting point of our research. In this section, we
first define the problem that DQ attempts to address. Fur-
thermore, we analyze the clear drawbacks of naive DQ. Fi-
nally, we propose three types metrics to evaluate each bin
and adaptive sampling to address these drawbacks.

Problem Definition
GraphCut in Coreset Selection Let D = {(xk, yk)}Mk=1
represents M labeled samples. By default, coreset selec-
tion involves selecting K samples from D to form a core-
set. The coreset is initialized as S1

1 ← ∅ and updated as
Sk
1 ← Sk−1

1 ∪ xk. Note that ∀p ∈ D, f(p) ∈ Rm×1, Sk
n

represents the first k samples of the n-th bin and xk is the
k-th selected sample, Sk−1

1 denotes the set of selected sam-
ples, D\Sk−1

1 is the remaining set and f(·) is the feature
extractor. In GraphCut (GC) (Iyer et al. 2021), samples are
selected by maximizing submodular gains P (xk) in the fea-
ture space, defined as follows,

P (xk) =
∑

p∈S
k−1
1

∥f(p) − f (xk)∥2
2︸ ︷︷ ︸

C1(xk)

−
∑

p∈D\Sk−1
1

∥f(p) − f (xk)∥2
2︸ ︷︷ ︸

C2(xk)

.

(1)

Dataset Quantization Almost all coreset selection meth-
ods use a heuristic metric to select samples similar to GC,
making it difficult to avoid selecting samples with similar
performances according to the metric. To address this selec-
tion bias, Dataset Quantization (Zhou et al. 2023) propose
a new framework consisting of three steps: bin generation,
bin sampling, and pixel quantization. In detail, DQ first par-
titions the dataset into several non-overlapping bins. Given
a dataset D, small informative bins are recursively sampled
from D with a predefined bin size K. Each bin is selected
by maximizing the submodular gain described in Eqn.1, re-
sulting in a set of small bins [S1, . . . ,Sn, . . . ,Sm]. The se-
lection of the k-th sample in the n-th bin is formulated as
follows,

xk ← argmax

 ∑
p∈Sk−1

n

C1(xk)−
∑

p∈D\S1∪···∪Sk−1
n

C2(xk)

 ,

(2)
where C1 (xk) and C2 (xk) have been defined in Eqn. 1, D\
(S1∪· · ·∪Sk−1

n ) represents the remaining data in the dataset
after selecting (k − 1) samples in n-th bin.

Following this, a uniform sampler g(·, ·) is used to sample
a specific portion from each bin to form the final coreset set.
Additionally, inspired by reconstructing images using only
some of their patches in the Masked Auto-Encoder (MAE)
(He et al. 2022), DQ discards less important patches to re-
duce the number of pixels used for describing each image.
The detailed patch dropping and reconstruction strategy is
described in the Appendix.
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Figure 4: The illustration of three types of texture level (TL)
curves: High TL, Medium TL and Low TL. These curves
represent the distances between the expert and the students
in our improved trajectories matching.

Problem Analysis

Although DQ achieves high coverage of the overall data
across different model architectures, it encounters a signifi-
cant challenge. According to the derivation of average fea-
ture (Zhou et al. 2023), the bin generated in the earlier steps
is primarily influenced by the distances within the remain-
ing data, while the bin in the later steps is more affected by
the diversity of data in the current bin. To balance represen-
tativeness and diversity, DQ employs simple uniform sam-
pling to randomly select an equal proportion of data from
each bin. However, this uniform sampling strategy performs
optimally only under an ideal condition. Specifically, given

that the representativeness and diversity of each bin are un-
known, their importance for inclusion in the original dataset
remains uncertain. If the influence of representativeness and
diversity on the results does not exhibit a uniform linear vari-
ation, as shown in Fig.2(a), then uniform sampling may only
achieve a spurious balance and fail to produce the best pos-
sible outcomes.

Importance Evaluation
Obviously, evaluating the varying importance of the sequen-
tially generated bins is crucial for rectifying this spurious
balance. To effectively illustrate the variation in importance,
we quantify three metrics for each bin, as follow:

Representativeness Score Inspired by the trajectories
matching (Du et al. 2023), quantifying the representative-
ness of each bin can be approached by calculating the dis-
tance between each bin and the original dataset along differ-
ent training trajectories. We theoretically assume the exis-
tence of an expert parameter representing the optimal train-
ing trajectory, which corresponds to the training trajectory
of the original dataset. Other training trajectories are con-
sidered student parameters. The distance between the expert
and student is then calculated in the parameter space to re-
flect the representativeness of different bins for the entire
dataset. However, traditional trajectory matching methods
(Cazenavette et al. 2022; Du et al. 2023) are typically op-
timized through backpropagation on non-real images during
dataset distillation, which contrasts with DQ that operates
on real images.

Addressing this limitation, we propose a straightfor-
ward yet effective technique, termed the texture level (TL)
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method, as an alternative to utilizing training trajectories for
trajectory matching in real images. Specifically, we first crop
the images in each bin into patches P of size L×L. Follow-
ing this, we introduce a general gradient operator G(·) to
calculate the texture level T (·) of each bin:

T (P ) =
1

L2

∑
i,j∈[1,...,L]

G(Pi,j), (3)

where the subscript i, j denotes the pixel coordinates.
To demonstrate the matching effect of texture level, we

then crop the entire original dataset into patches and calcu-
late the texture level of each patch. These patches are divided
into three equal batches, each representing a third of the
dataset: the top third are classified as High Texture Level, the
middle third as Medium Texture Level, and the bottom third
as Low Texture Level. Next, we train the selected model
on these three batches (as the students) and on the original
dataset (as the expert), while calculating a type of trajectory
parameter distance in each batch with original dataset. De-
tails about trajectory parameter distance are provided in Ap-
pendix. Intuitively, we obtain three distance curves varying
with training epochs. Fig.4 is obtained by training ResNet-
18 on the CIFAR-10 dataset. It is observed that the dis-
tance between the student model and the expert model de-
creases as texture level increasing. For models trained on
high-level texture patches, this distance approaches zero, in-
dicating that images with more complex textures guide the
model to progress along a trajectory more similar to that of
the original dataset. Therefore, we transform the calculation
of the RS Rep(·) for each bin into the computation of its
texture level T (·), through Rep(·) = T (·).
Diversity Score We introduce a contrastive learning-
based method for measuring diversity (Fang et al. 2021),
modeling data diversity as an instance discrimination prob-
lem. First, we introduce a discriminator d(·), which is a sim-
ple multi-layer perception that takes the representation from
the penultimate layer and the global pooling of intermediate
features as input. In each bin Sn, a positive view x+ is con-
structed for each image using random augmentation, such as
rotations, flips, and color adjustments, to enhance variability,
while other images in Sn are considered negative views x−.
The discriminator learns to distinguish different samples by
pulling positive samples closer and pushing negative sam-
ples farther apart, thereby calculating data diversity through
contrastive learning. We use simple cosine similarity cos(·)
to describe the relationship between data pairs x1 and x2:

cos(x1, x2, d) =
⟨d(x1), d(x2)⟩
∥d(x1)∥ · ∥d(x2)∥

, (4)

Let τ be the temperature parameter of the discriminator.
The diversity Div(·) of data for Sn can then be represented
as follows:

Div(Sn) =− Exi∈Sn

[
Exj∈Sn

[
exp(cos(xi, x

−
j , d)/τ)

exp(cos(xi, x
+
i , d)/τ)

]]

=− 1

N(x−)

[
Exi∈Sn

[∑
j exp(cos(xi, xj , d)/τ)

exp(cos(xi, x
+
i , d)/τ)

]]
,

(5)

where N(x−) refers to the amount of negative samples for
each xi in Sn.

Importance Score After calculating the RS and DS, we
normalize (Ioffe and Szegedy 2015) both scores separately
to facilitate the evaluation of the varying importance of gen-
erated bins on the same scale:

R̂epn = Norm(Repn, SRep), (6)

D̂ivn = Norm(Divn, SDiv), (7)
where Repn and Divn represent the RS and DS of the n-th
bin, SRep and SDiv denote the sets of all RS and DS. We then
defined the IS În for n-th bin as the sum of the normalised
RS and DS:

În = R̂epn + D̂ivn, (8)
The variations in RS, DS, and IS of bins during the bin

generation process are illustrated in Fig.2(b)(c)(d). As ob-
served, the overall importance of bins initially increases and
then decreases throughout the generation process. This pat-
tern corresponds with our analysis of the spurious balance
discussed in the Problem Analysis section. To capitalize on
the dynamic importance of each bin, we introduce an adap-
tive sampling method.

Adaptive Sampling
We calculate the proportion rn of images to be selected from
each bin based on its normalized importance value În and
the number of images N(n) in the n-bin:

rn = αÎn + (1− α)
N(n)∑m
n=1 N(n)

, (9)

where α ∈ [0, 1] denotes a weighting coefficient to balance
the importance and the number of images in each bin, m
represents the total number of generated bins. The effect of
value α will be discussed in Ablation Study section. Even-
tually, the final number of images qn selected from each bin
is determined:

qn = ⌊rn ×N(n)⌋ , (10)
where ⌊·⌋ denotes the floor function, ensuring that the to-
tal number of selected images does not exceed the required
number. The adaptive process after bin generation is shown
in Alg.1. Following this, a process of patch dropping and re-
construction is used to remove invalid information (He et al.
2022), as detailed in the Appendix. The overall framework
of our ADQ is illustrated in Fig.3.

Experiments
Experimental Setup
Datasets Following the evaluation protocol of previous
DQ (Zhou et al. 2023), we utilize image classification as a
proxy task for evaluation and mainly assess our method on
CIFAR-10 (Krizhevsky, Hinton et al. 2009) and ImageNet-
1K (Russakovsky et al. 2015). CIFAR-10 contains 50,000
samples for training and 10,000 samples for validation, with
a resolution of 32 × 32. ImageNet-1K comprises 128,1126
samples from 1000 categories for training, with each cate-
gory containing 50 images for validation.
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Figure 5: The performance of DM (Zhao and Bilen 2023), DQ (Zhou et al. 2023) and ADQ on (a) high data keep ratio and (c)
low data keep ratio on CIFAR-10; and GC (Iyer et al. 2021), DQ and ADQ on (b) high data keep ratio and (d) low data keep
ratio on ImageNet-1K. The dashed lines in grey in (a) and (b) indicate the results when the data keep ratio is 100%.

Algorithm 1: Adaptive Dataset Quantization
Input: m dataset bins S1, ...Sn, ...Sm.

1 Required: Patch size L× L, temperature parameter
τ of the discriminator, weighting coefficient α.

2 for n = 1, ...,m do
3 P with L× L← Sn

4 Calculate Repn using Eqn.3
5 x+, x− ← x in Sn

6 Calculate Divn using Eqn.4
7 R̂epn ← Norm(Repn); D̂ivn ← Norm(Divn)

8 În ← R̂epn + D̂ivn
9 Calculate rn using Eqn.9

10 Calculate qn using Eqn.10
11 Select randomly qn samples from n-th bin

Output: Initial compressed dataset.

Implementation details Unless specified, we mainly use
the ResNet-18 (He et al. 2016) and Vision Transformer (ViT-
base) (Dosovitskiy et al. 2021) models as the feature ex-
tractor for CIFAR-10 and ImageNet-1K, respectively. To as-
sess the generalization of the compressed dataset, the train-
ing processes are implemented on several representative
transformer and CNN architectures, including ResNet-18,
ResNet-50 (He et al. 2016), ViT, Swin transformer (Liu et al.
2021), ConvNeXt (Liu et al. 2022b) and MobilenetV2 (San-
dler et al. 2018). During bin generation, the experimental
procedure is consistent with those in DQ (Zhou et al. 2023).
For comparison, we conduct training for 200 epochs on the
CIFAR-10 with batch size 128, and we employ a cosine-
annealed learning rate that initializes at 0.1. For ImageNet-
1K, the training is in Distributed Data Parallel manner with
the default scripts for different architectures. We conduct 5
experiments to average the results. For more details about
the reproduction of the paper, please refer to the Appendix.

Comparisons with Previous Methods
Tab.1 and Fig.5(a) present a comparison of our method with
previous DM (Zhao and Bilen 2023) and DQ (Zhou et al.
2023) on CIFAR-10 dataset. DM is the pioneering method

that approaches data condensation via distribution matching.
DQ is the first method to divide the full distribution into non-
overlapping bins and then uniformly sampling from each
bin, working as our baseline. In line with DQ, we use three
data keep ratios (10%, 20%, and 30%) to evaluate the per-
formance variations, in addition to the 100% ratio for a com-
prehensive comparison. The results reveal that datasets gen-
erated from DQ and ADQ retain higher performance levels
when tested with new architectures during training. Notably,
our ADQ consistently outperforms DQ across all five ar-
chitectures, with average improvements of 2.6%, 2.8%, and
3.3% at these ratios, respectively. The performance gains
with higher data keep ratios are attributed to the increased
number of effective samples available for calculating RS
and DS, which in turn enhances the accuracy of the IS. For
ImageNet-1K, we substitute DM with GraphCut (GC) (Iyer
et al. 2021), and observe similar performance improvements
with ADQ, as illustrated in Fig.5(b).

Following DQ, we extend our performance comparisons
to low data keep ratios to further highlight the metrics of
ADQ, as depicted in Fig.5(c)(d). For lossless compression,
our ADQ also achieves lossless results with only 60% of the
data, matching the performance of the current state-of-the-
art dataset compression methods (Zhou et al. 2023). Turning
the attention to the practical aspects of dataset generation,
Tab.2 provides a comparison of our ADQ with DM and DQ
in terms of the number of runs, error bars, and GPU hours
required. Our ADQ exhibits a reduction in average error
bars across all experimental conditions. Notably, the com-
putational modules we introduce for importance evaluation
contribute negligible additional processing time. As a result,
the time ADQ requires for dataset generation is on par with
that of DQ and is a mere 1.1% of the time needed by DM,
underscoring ADQ’s efficiency.

Ablation Study
Module Cut-off The ablation study begins by evaluating
the contributions of the proposed three metrics of the bin:
RS, DS and IS. As shown in Tab.3, DQ serves as our base-
line, and its performance on CIFAR-10 is intuitively en-
hanced by incorporating RS, DS and IS, with averages im-
provements of 1.41%, 1.53% and 2.57%, respectively. Note
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DM DQ ADQ

ρ (%) 10 20 30 100 10 20 30 100 10 20 30 100

ResNet-18 74.0 82.2 82.8 95.6 84.1 87.6 91.0 95.6 86.2 (+2.1) 90.4 (+2.8) 94.2 (+3.2) 95.6
ResNet-50 35.0 36.2 43.9 95.5 82.7 88.1 90.8 95.5 84.7 (+2.0) 90.7 (+2.6) 93.7 (+2.9) 95.5

ViT 21.6 25.5 23.1 80.2 58.4 66.8 72.0 80.2 61.1 (+2.7) 69.8 (+3.1) 74.7 (+2.7) 80.2
Swin 25.1 30.1 27.3 90.3 69.2 79.1 84.4 90.3 73.2 (+4.0) 82.5 (+3.4) 88.5 (+4.1) 90.3

ConvNeXt 41.8 48.3 47.9 73.0 52.8 61.8 64.2 73.0 55.0 (+2.2) 64.0 (+2.2) 68.1 (+3.9) 73.0

Average 39.5 44.5 45 86.9 69.4 76.7 80.5 86.9 72.0 (+2.6) 79.5 (+2.8) 83.8 (+3.3) 86.9

Table 1: Comparisons of DM (Zhao and Bilen 2023), DQ (Zhou et al. 2023) and our ADQ on CIFAR-10 with different data
keep ratios ρ. The training processes are implemented across five various architectures, with ResNet-18 used as the feature
extractor to obtain distilled data. Each reported result is the average of 5 experiments.

Method Number of runs Error bars GPU hours
DM 5 ±0.5 91h
DQ 3 ±0.4 1h

ADQ 5 ±0.2 1h

Table 2: Comparisons of number of runs, error bars and GPU
hours for compressing dataset of DM, DQ and ADQ.

Dataset CIFAR-10
ρ (%) 10 20 30 100
DQ 84.1 87.6 91.0 95.6
+ RS 85.1 88.8 93.0 95.6
+ DS 85.3 88.9 93.1 95.6
+ IS (RS+DS) 86.2 90.4 94.2 95.6

Table 3: Ablation study on RS, DS and IS, training on
CIFAR-10. DQ presents our baseline. The increasing ac-
curacy of results with incorporating three modules demon-
strates the effectiveness of our ADQ.

that the improvement of DS is slightly higher than that of
RS across all data keep ratios, which suggests that diversity
plays a more critical role than representativeness in impact-
ing the final performance of the subset. Nevertheless, given
the fluctuating conditions across different datasets and the
potential rise in computational complexity due to tuning the
weight ratio between representativeness and diversity (yield-
ing only slight improvements), we maintain equal weighting
for both factors when computing the importance score.

Hyper-parameter analysis There are three hyper-
parameters for ADQ: the numbers of bins m, the drop
ratio θ and the weighting coefficient α, where the first two
parameters have been proven to give the optimal trade-off
with m = 10 and θ = 25% in DQ. Fig.6 illustrates how the
performance of our ADQ varies with different choices of
α. We conduct the data-keep-ratio-dependent experiments
on CIFAR-10 cross two architectures, ResNet-18 and
ResNet-50. As observed, accuracy initially increases and
then decreases as α ranges from 0 to 1, reaching its peak
between 0.6 and 0.7. Interestingly, the peaks of accuracy
on both two datasets are shifting back (closer to 0.7).
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Figure 6: Ablation study on the weighting coefficient α.
ResNet-18 and ResNet-50 are utilized as training models,
and the experiments are implemented on three different val-
ues of data keep ratio. The average accuracy is reported.

Given α presents the weighting of the importance score
in normalized importance score (Eqn.9), we ascribe this
trend to the increased number of evaluation bases, where
higher data keep ratio provides more data for assessing the
importance score. As α approaches 0, ADQ reverts to DQ,
resulting in performance that mirrors that of DQ. During
the actual experiment, we adjust corresponding values of α
according to different architectures.

Conclusion

In this paper, we introduce an Adaptive Dataset Quantiza-
tion (ADQ) approach designed to address the suboptimal
performance of the naive DQ method, which overlooks the
differing significance of the produced bins. Specifically, we
delineate three metrics for each bin: the RS, the DS, and the
IS. We then employ a texture-level method and a contrastive
learning-based method to compute the RS and DS, respec-
tively. Ultimately, the IS is obtained by integrating the RS
and DS, which facilitates ADQ based on the bin’s impor-
tance. Extensive experimental results confirm the efficacy of
our ADQ, showing a comprehensive enhancement over the
naive DQ. For future research, we intend to investigate the
application of ADQ in various downstream tasks, such as
object detection, image restoration.
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