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Abstract

Dataset Condensation (DC) distills knowledge from large
datasets into smaller ones, accelerating training and reduc-
ing storage requirements. However, despite notable progress,
prior methods have largely overlooked the potential of quan-
tization for further reducing storage costs. In this paper, we
take the first step to explore post-training quantization in
dataset condensation, demonstrating its effectiveness in re-
ducing storage size while maintaining representation qual-
ity without requiring expensive training cost. However, we
find that at extremely low bit-widths (e.g., 2-bit), conven-
tional quantization leads to substantial degradation in repre-
sentation quality, negatively impacting the networks trained
on these data. To address this, we propose a novel patch-
based post-training quantization approach that ensures local-
ized quantization with minimal loss of information. To reduce
the overhead of quantization parameters, especially for small
patch sizes, we employ quantization-aware clustering to iden-
tify similar patches and subsequently aggregate them for ef-
ficient quantization. Furthermore, we introduce a refinement
module to align the distribution between original images and
their dequantized counterparts, compensating for quantiza-
tion errors. Our method is a plug-and-play framework that
can be applied to synthetic images generated by various DC
methods. Extensive experiments across diverse benchmarks
including CIFAR-10/100, Tiny ImageNet, and ImageNet sub-
sets demonstrate that our method consistently outperforms
prior works under the same storage constraints. Notably, our
method doubles the test accuracy of existing methods at ex-
treme compression regimes (e.g., from 26.0% to 54.1% for
DM at IPC=1), while operating directly on 2-bit images with-
out additional distillation.

Introduction

Deep Neural Networks (DNNs) have become a primary so-
lution in many computer vision tasks (He et al. 2015; Red-
mon et al. 2016). However, training these networks effec-
tively requires vast amounts of data and significant compu-
tational resources (Simonyan and Zisserman 2015; He et al.
2015; Redmon et al. 2016). To address this, Dataset Con-
densation (DC) (Wang et al. 2018; Zhao, Mopuri, and Bilen
2021) techniques have been developed to create smaller,
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Figure 1: Performance comparison when applying our
framework to DSA (Zhao and Bilen 2021), DM (Zhao and
Bilen 2022), and DATM (Guo et al. 2024). Notably, our
framework doubles the performance for DM at a budget
of 1 Image Per Class (IPC), demonstrating its effectiveness
in extremely low-storage scenarios.

condensed datasets that preserve the performance of the
original, larger dataset. Due to its effectiveness, DC is
an active research topic (Zhao, Mopuri, and Bilen 2021;
Cazenavette et al. 2022; Wang et al. 2022; Yuan et al. 2024)
with numerous applications, including neural architecture
search (Zhao, Mopuri, and Bilen 2021), continual learning
(Yang et al. 2023; Gu et al. 2024), super-resolution (Zhang
et al. 2024), and privacy preserving (Dong, Zhao, and Lyu
2022; Chai et al. 2024).

Approaches such as gradient matching (Zhao, Mopuri,
and Bilen 2021), distribution matching (Zhao and Bilen
2022), and trajectory matching (Cazenavette et al. 2022)
have demonstrated strong performance in producing high-
quality condensed datasets. However, these methods primar-
ily focus on improving dataset quality while neglecting stor-
age efficiency, as each synthetic sample still requires full-
resolution storage.

To overcome such storage bottlenecks, Parameterization-
based Dataset Condensation (PDC) methods encode syn-
thetic data as compact latent representations instead of raw
pixels (Yuan et al. 2024). These include frequency-space
learning (Shin, Shin, and Moon 2023), sample factoriza-
tion (Liu et al. 2022), and color space optimization (Yuan
et al. 2024). By reconstructing images at inference time,
PDC methods achieve higher compression while retaining
task-relevant information, often surpassing conventional DC
in efficiency and scalability.



However, to the best of our knowledge, no prior work has
explored post-training quantization (PTQ) to compress syn-
thetic images for dataset condensation, despite its potential
to significantly reduce storage costs with minimal overhead.
This motivates our work, which aims to integrate PTQ into
DC, reducing the bit-width of stored synthetic images with-
out requiring expensive retraining or decoder networks.

To this end, we propose a novel framework that stores
synthetic images in extremely low bit-widths (e.g., 2-bit).
A naive application of global quantization—using a single
set of quantization parameters for an entire image—suffers
from severe degradation of task-relevant information due to
spatially varying textures and details being quantized with
insufficient precision. This results in a dramatic drop in the
network’s performance when trained on the dequantized im-
ages.

To address this, we propose a patch-based asymmetric
quantization scheme that applies quantization locally to each
image patch, effectively preserving spatial variations. To fur-
ther reduce the overhead of quantization parameters, we in-
troduce a quantization-aware grouping strategy that clusters
similar patches and applies shared quantization within each
group. Finally, we present a refinement module that fine-
tunes the synthetic images to align their feature distributions
with those of the original images, mitigating the effects of
quantization noise.

By applying our method to various synthetic images gen-
erated from existing DC techniques, we observe up to 2x
accuracy improvement at IPC=1 (see Figure 1) under ex-
treme storage constraints, while operating entirely with 2-bit
images.

Our contributions are summarized as follows:

We introduce a patch-based quantization method that sig-
nificantly improves task performance at extremely low
bit-widths by preserving spatial and structural details.

We propose a clustering-based grouping strategy to share
quantization parameters among similar patches, reducing
storage overhead.

We present a quantization-aware refinement module that
aligns the distributions of dequantized and original syn-
thetic images to improve downstream model perfor-
mance.

We validate our method through extensive experiments
on diverse datasets, consistently achieving state-of-the-
art performance under constrained storage budgets.

Related Works
Dataset Condensation and Redundancy

Dataset Condensation (DC) aims to distill a large dataset
into a compact synthetic set such that a model trained on
it performs comparably to one trained on the full dataset
(Wang et al. 2018; Zhao, Mopuri, and Bilen 2021). Early
approaches address this by surrogate optimization, such as
matching the gradients (Zhao, Mopuri, and Bilen 2021;
Kim et al. 2022; Zhao and Bilen 2021), network parame-
ters (Cazenavette et al. 2022; Cui et al. 2023; Du et al. 2023;
Guo et al. 2024), or intermediate feature distributions (Zhao
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Method | Redundancy | Strategy | Bit | Cost
IDC Spatial Spatial Downsample | 32 | Med.
AutoPalette | Color Palette Reduction 32 | High
DDiF Feature Neural Field 32 | High
Ours Bit-level Patch Quantization 2 | Low

Table 1: Comparison of redundancy reduction strategies in
PDC.

and Bilen 2022; Zhao et al. 2023; Wang et al. 2022; Sajedi
et al. 2023) between real and synthetic data.

While these methods successfully preserve task perfor-
mance, they are inefficient in storage since the synthesized
images are stored at full resolution and precision. To over-
come this, PDC explores compact representations by reduc-
ing various forms of redundancy:

* IDC reduces spatial redundancy by storing data in low-
dimensional latent spaces and reconstructing them via
upsampling (Kim et al. 2022).

* AutoPalette targets color redundancy using a learned
palette encoder (Yuan et al. 2024).

* DDIiF compresses feature redundancy by encoding data
into neural fields that generate images on demand (Shin
et al. 2025).

Although these methods improve storage efficiency, they
still rely on 32-bit representations and incur high computa-
tional cost due to decoder networks. In contrast, our method
uniquely targets bit-level redundancy through PTQ, enabling
extremely low-bit (e.g., 2-bit) storage. Table 1 summarizes
recent PDC methods in terms of their redundancy type, com-
pression strategy, approximate compression ratio (vs. 32-
bit baseline), storage bitwidth, and computational overhead.
Our method achieves the highest ratio via bit-level quantiza-
tion while maintaining the lowest overhead.

Post-Training Quantization

Quantization reduces storage and computation by repre-
senting model weights or activations with fewer bits (Han,
Mao, and Dally 2016; Esser et al. 2020). PTQ, in particu-
lar, is a widely adopted technique for efficient deployment
on resource-constrained devices, since it avoids retraining
(Zhang, Zhou, and Saab 2022; Zhihang Yuan 2022; Cai et al.
2020; Yao et al. 2023).

While PTQ has been extensively explored for compress-
ing models, its application to dataset condensation has re-
mained largely unexplored. To the best of our knowledge,
this is the first work that applies post-training quantization
to synthetic datasets in dataset condensation. Our method in-
troduces a patch-based quantization framework with group-
ing and refinement, operating directly on 2-bit tensors with-
out additional training or decoder models. This enables
highly compressed, efficient, and distillation-free dataset
storage and deployment.

Method

Figure 2 provides the overview of our proposed framework.
In this section, we first provide background on DC and quan-
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Figure 2: Overview of the proposed patch-based quantization framework for dataset condensation. (I) Synthetic images are first
refined using a quantization-aware loss. (II) Patches are grouped based on quantization parameters via k-means clustering. (IIT)
Each group is quantized with shared parameters, and the result is entropy encoded to produce the final compressed dataset.

tization. Then, we introduce our patch-based quantization.
Next, we present our quantization grouping. Lastly, we de-
scribe the refinement module.

Preliminaries

Dataset Condensation. DC aims to synthesize a compact
synthetic dataset S = {(z*,y") | i = 0,1,...,|S|—1} from
a larger dataset 7 = {(2%,4*) | i = 0,1,...,|T| — 1}, such
using S for training enables the model to achieve a perfor-
mance level comparable to that obtained with 7. Let D and
® be the distance metric and the matching objective func-
tion. The condensation problem is formulated as the follow-
ing optimization:

§" = argmin D (®(S), ®(T)) , M
S

where S* is the optimal condensed set minimizing the dis-
crepancy between the two objective functions.

Quantization. Quantization reduces the precision of
model parameters by representing them with lower bit-width
integers. A widely used method is asymmetric quantization
(AQ) (Nagel et al. 2021), which employs two parameters:
the scale and the zero-point. These enable the mapping of
floating-point values to discrete integers. Let x € R#XWxC
be an input tensor, and let Qni, = 0 and Qnax = 2b 1
denote the quantization bounds for a bit-width b. The scale
factor « is computed as:

max(x) — min(x)
p— 2
“ Qmax - Qmin ( )

The zero-point z aligns the minimum value to the quan-

tized range:
min(x) —‘

(07

z = \\Qmin - (3

where |-] denotes rounding to the nearest integer. Given «
and z, quantization and dequantization are defined as:

x? = {g —I—z—‘ ;o x® = (x1-2)-a. )

Analysis of Whole-Image Quantization

Whole-image quantization applies a single set of parameters
(scale and zero-point) to the entire image. While simple and
storage-efficient, this global approach suffers at extremely
low bit-widths due to its inability to preserve fine-grained
features. As a result, downstream performance degrades sig-
nificantly.

We analyze this issue using two methods: (1) asymmetric
quantization, and (2) Median Cut (Heckbert 1982), which
partitions color space recursively along high-variance chan-
nels. We apply each method to synthetic images generated
by DM (Zhao and Bilen 2022), then dequantize and train a
3-layer CNN for evaluation.

As shown in Fig. 3 (b,c), both whole-image quantization
methods result in noticeable visual distortion and accuracy
degradation compared to the original images (a). To quantify
this, we measure the Mean Squared Error (MSE) between
the feature embeddings of original and dequantized images.
The results in Fig. 3 (e) validate that representational dis-
tortion increases as bit-width decreases. These findings sug-
gest that whole-image quantization fails to maintain essen-
tial information needed for learning under aggressive com-
pression.

Patch-based Quantization

To address the limitations of whole-image quantization and
better align with the goals of dataset condensation, we intro-
duce patch-based asymmetric quantization (PAQ). Unlike
traditional approaches that apply a single global quantization
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Figure 3: Visualization comparison of quantization strategies on synthetic images: (a) original images, (b) Median Cut (Heck-
bert 1982), (c) asymmetric quantization, and (d) our patch-based quantization. All quantized images use 2-bit precision. (e)
shows distortion (MSE) versus bit-width across methods. Images are generated by DM (Zhao and Bilen 2022) on CIFAR-10.

to the entire image, PAQ operates at the patch level, enabling
localized control of quantization and better preservation of
fine-grained details.

Formally, given an image x, we divide it into P non-
overlapping patches {x;}~ ,, where each x; € Rh*wxC
represents a spatial region. We then perform per-patch quan-

tization:

x{ = Q(xi,0:), &)
where Q(-, 6;) is the quantization function and 6; = («;, 2;)
includes the scale and zero-point for patch 4. This localized
formulation allows each patch to adapt to its own distribu-
tion, minimizing information loss.

As shown in Fig. 3 (e), PAQ significantly reduces
quantization-induced distortion across bit-widths compared
to whole-image quantization. Notably, even at 2-bit preci-
sion, PAQ achieves competitive accuracy (47.5%) relative to
full-precision data (48.9%), demonstrating its effectiveness
in preserving task-relevant features under extreme compres-
sion.

Quantization-Aware Patch Grouping

While PAQ improves fidelity by assigning independent
quantization parameters to each patch, it also increases stor-
age cost due to the need to store 6; for all patches. To mit-
igate this, we propose group-aware quantization (GAQ),
which clusters similar patches to share quantization param-
eters.

We apply k-means clustering in the quantization parame-
ter space to group patches with similar quantization behav-
ior. Specifically, each patch x; has an associated quantiza-
tion parameter 0; = («;,2;), where «; and z; denote the
scale and zero-point, respectively. Let C, denote the set of
patches assigned to group g, and GG be the total number of
groups. Our objective is to minimize the intra-group vari-
ance of quantization parameters, encouraging patches within
each group to share a common parameter:

{€;.0,}§ A -
7 {Co} 40, }q =
where é Z 0;.
1Cql g|9ec
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where ég represents the centroid (mean) of the quantiza-
tion parameters in group g. This clustering step enables all
patches in the same group to share a single quantization pa-
rameter §,, significantly reducing storage overhead while
maintaining quantization fidelity.

Intra-group Recalibration. Rather than directly using
the cluster centroids ég as quantization parameters, we re-
calibrate 6, based on the actual data distribution of patches
within each group C,. Specifically, for each group g, we
first concatenate all patches, x, = concat({x;}icc,), and
then reshape the result into a one-dimensional tensor, xga‘ =
reshape(x,). We compute the group-specific quantization

parameter 0, by calibrating over xﬂat and quantize the group
x? =

as:
4= Q" 0,), ©)

where Q(-, 6,) is the quantization function. All patches in C,
are quantized using this shared parameter 6. This recalibra-
tion ensures that the shared quantization parameters accu-
rately reflect the underlying patch distributions, thereby re-
ducing quantization error and enhancing downstream model
performance.

Refinement for Synthetic Images

Our goal is to refine synthetic images to mitigate the
feature-space distortion caused by quantization. Prior stud-
ies have shown that quantization noise in inputs can sig-
nificantly degrade the quality of extracted features (Sun
et al. 2018; Zheng et al. 2016; Vasiljevic, Chakrabarti, and
Shakhnarovich 2016).

Given a target bit-width b, we optimize a finetuned im-
age x™ such that its feature representation remains close to
that of the original synthetic image, even after undergoing
quantization and dequantization. Formally, we define:

(x")% = Q(Q(x",9),0), (8)

where Q(-,6) and Q(-,6) denote the quantization and de-
quantization functions parameterized by 6, respectively.

We extract features from both the original and the dequan-
tized versions using a neural network f(-):

f=f(x), f=f(x""). ©)



Dataset | CIFAR-10 | CIFAR-100 |  Tiny ImageNet
IPC | 1 10 50 | 1 10 50 | 1 10
DD - 36.8412 - - - - - -
DM 26.0408 489406 63.04+04 1144035 297403 43.6404 3.9402 129404
Distillation DSA 288407 52.110s5 60.6405 | 139403 323103 42.84104 - -
MTT 463108 653107 71.6402 | 243103 401104 477102 88103 232102
DATM 469105 668102 76.1103 | 279402 472404 55.0102 | 17.1403 31.1103
IDC 55.0404 67.5105 74.510. — - - - -
HaBa 483108 699404 T4.0402 | 334104 402402 47.0402 - -
. SPEED 632401 735402 77.7+04 | 40.0404 459403 49.1402 | 269403 28.8+02
Parameterization | g .1y 60.6+08 703103 758101 | 34.6104 427102 47.8101 | 192404 242404
Spectral 68.5+08 734402 752406 | 365403 46.1+402 - 21.3402 -
AutoPalette 586411 743102 794402 | 38.0401  52.61403 53.310s - -
DSA+QOurs 553404 583405 734404 | 347103 4l.14igs — — —
Quantization DM+Ours 541405 682404 771403 | 34.0403 51.2403 - 14.8405 30.6+03
DATM+Ours | 68.9104 79.0103 838102 | 48.0403 56.54102 - 2734105 394104
‘ Whole T ‘ 84.8:[:()‘1 ‘ 56.2:{:0,2 ‘ 37.6:‘:0,4

Table 2: Performance comparison on CIFAR-10, CIFAR-100, and Tiny ImageNet. Results are reported in mean g, format.
Experiments on CIFAR-100 with IPC=50 are omitted, as this would require 1,000 images per class under a compression rate

of 20, which exceeds the original 500 images per class.

To ensure that quantization does not introduce harmful fea-
ture drift, we minimize MSE between these feature repre-
sentations:

~n2
Loun = Exeus MffH2] (10)
where S denotes the set of synthetic images. The finetuned
image x" is optimized to minimize this loss, thereby align-
ing its quantized feature representation with that of the orig-
inal.

In practice, we explore three refinement strategies in our
framework: (1) applying refinement only before group quan-
tization, (2) only after group quantization, and (3) both be-
fore and after. We analyze the quantitative effects of each
strategy in our ablation study and provide qualitative exam-
ples in the final part of the experimental section through vi-
sualization.

Storage Measurement

Under a fixed storage budget, our objective is to maxi-
mize the number of synthetic images per class. Starting
from a baseline setting with IPC=m, we apply our compres-
sion framework to reduce the per-class footprint to IPC=n,
thereby enabling a denser representation under the same
storage constraint.

The total storage required to represent the synthetic
data comprises three components: (i) Group Indices G =
{9 f: "1™, which indicate the group assignment for each
patch, (ii) Quantization Parameters Q = {Hg}le, shared
across patches within each group, and (iii) Quantized Im-
ages X9 = {zl*}C | representing the flattened and quan-
tized pixel values of each group. To further reduce the foot-
print of A, we apply Entropy Coding (EC), which lever-
ages the statistical redundancy in quantized values for addi-
tional compression.
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Given a target storage budget corresponding to IPC=n, we
ensure that the total compressed size does not exceed this
constraint:

size(G) + size(Q) + size(EC(X?)) < size(IPC). (11)

This formulation allows us to fit more quantized synthetic
samples within the same memory budget, thereby improving
the representational density of the condensed dataset.

Experiment

In this section, we evaluate the effectiveness of our pro-
posed method in compressing synthetic images generated by
various distillation techniques. We also conduct an ablation
study to analyze the contribution of each component includ-
ing group quantization, refinement, and entropy coding, to
the overall performance.

Experimental Setting

We evaluate our method across diverse datasets, ranging
from toy datasets like CIFAR (Krizhevsky and Hinton 2009)
to large-scale, real-world datasets such as ImageNet sub-
sets (Cazenavette et al. 2022), CC3M (Sharma et al. 2018),
and Places365 (Zhou et al. 2017). As a plug-and-play frame-
work, our method is applied to synthetic images generated
by various distillation approaches, including DM (Zhao and
Bilen 2022), DSA (Zhao and Bilen 2021), and DATM (Guo
et al. 2024). Given a storage budget of [IPC=m, we first gen-
erate synthetic images using existing methods, then com-
press them to IPC=n using our framework.

By default, we apply 2-bit quantization using non-
overlapping patches of size 5 x 5. We perform a grid search
to determine the maximum number of groups that satisfy
the storage constraint. Prior to group quantization, synthetic
images are refined for 500 iterations on CIFAR-10/100 and



Dataset| Nette | Woof | Fruit | Meow | Squawk | Yellow

MTT |63.0413[35.8418(40.3+13(40.4422|52.3410|60.0+15
DATM |65.8420(38.8+16(41.2414(45.74+18|56.34+15|61.14138
HaBa 64.73:1,6 38,6:&1,3 42.5:‘:1,5 42.9i0,9 56.8:[:1,() 63.0:[:1,()
SPEED |72.9415|44.1414(50.04058[52.0+13|71.8413(70.5415
FreD 72.0:{:0,8 41,3:&1,2 47.0;‘:1,1 48.6i0,4 67.3:‘:0,3 69.2:[:0,()
AT 73.2406|44.3409|48.4+18(53.6407|68.0+14(72.0416
Ours ‘81.13:1,2 ‘53.0;&0,3 ‘56.6:‘:0,9 ‘ 61.299 ‘ 80.607 ‘78.9:‘:0,9

Table 3: Performance comparison on ImageNet subsets.

Dataset | CC3M | Places365 Standard
IPC ‘ 1 10 ‘ 1 10
Random 29401  7.0+o01 0.940.1 39401
DM 59402 8.7xo1 | 2.6x01 5.8101
IDC 82403 12.1402 | 4.040.1 9.840.1
DM+Ours | 99402 174+01 | 77101 19:2+0.
Whole T ‘ 46.7:{:0‘1 ‘ 40.4i0,1

Table 4: Performance comparison on real-world datasets.

2000 iterations on ImageNet subsets. For evaluation, models
are trained on the compressed synthetic datasets and tested
on the original test sets.

Experimental Results

Results on small-scale datasets. We compare our
quantization-based parameterization method against various
PDC baselines, including Factorization (Liu et al. 2022)
(HaBa), Coding Matrices (Wei et al. 2023) (SPEED), Fre-
quency Domain (Shin, Shin, and Moon 2023) (FreD), Spec-
tral Domain (Yang et al. 2025) (Spectral), and Color Redun-
dancy Reduction (Yuan et al. 2024) (AutoPalette).

As shown in Table 2, our framework significantly im-
proves the performance of DM and DSA. For instance,
at [PC=1, DM achieves 26% accuracy, whereas DM+Ours
achieves 54.1%, a relative gain of over 100%. A similar
trend is observed for DSA. When applied to the latest dis-
tillation method DATM, our framework achieves state-of-
the-art performance across all IPC levels. Although Au-
toPalette (Yuan et al. 2024) reduces color redundancy via an
additional network, it incurs higher computational cost. De-
spite sharing the same distillation base (DATM), our method
consistently outperforms AutoPalette, demonstrating both
higher efficiency and accuracy.

Results on mid- and large-scale datasets. Follow-
ing (Cazenavette et al. 2022), we evaluate our method on
high-resolution ImageNet subsets. As shown in Table 3, in-
tegrating our framework into DATM consistently yields the
best performance across all subsets, with gains ranging from
6.9% (Yellow) to 12.6% (Squawk). Furthermore, when eval-
uating our method on CC3M and Places365, we observe the
highest test accuracy in all cases (see Table 4). These results
demonstrate the scalability of our framework to more com-
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Method ‘ IPC=10 ‘ IPC=20 ,C, ‘ Method ‘ MNet ‘ SNet
Random | 42.6 | 57.0 IDC | 78.7 | 79.9
Herding | 562 | 72.9 DC |DDiF | 87.1 | 89.6
DM 69.1 772 Ours 93.7 | 91.1
IDC 82.9 86.6 IDC 85.6 | 85.3
DDiF 90.5 92.7 DM |DDiF | 88.4 | 93.1
DM+Ours | 93.1 95.0 Ours 939 | 93.1
Whole 7~ | 93.4 Whole 7 | 91.6 | 98.3

Table 5: Performance

- - Table 6: Performance compar-
comparison on Audio

ison on 3D voxel domain at

domain. IPC=1.
Network
Method ConvNet AlexNet VGGI1 ResNetl8
DC 449405 224414 359407 184104
MTT 653107 342106 503108 46.6106
DATM 66.8+02 32.7+35 388121 514417
FRePo 655404 619407 59.4407 58.1406
Spectral 734102 Tl4tos 678402 649413
DATM+Ours ‘ 79.0403 7474105 7474103 77.5403

Table 7: Cross-architecture performance comparison be-
tween our framework and other methods at IPC=10.

plex domains.

Generalization to other modalities. To demonstrate ver-
satility, we apply our framework to audio and 3D data do-
mains following the experiment setup in (Shin et al. 2025).
As shown in Table 5 and Table 6, our method outperforms
recent approaches such as DDiF (Shin et al. 2025), high-
lighting its cross-modal robustness.

Cross-architecture validation. We further assess gen-
eralization across architectures. Using synthetic images
generated by DATM, we apply our method and evalu-
ate on AlexNet (Krizhevsky, Sutskever, and Hinton 2012),
VGG (Simonyan and Zisserman 2015), and ResNet (He
et al. 2015). As shown in Table 7, our method demonstrates
superior generalization performance compared to previous
approaches.

GAQ | Refinement | EC | CIFAR-10 | Nette
X X X 71.8403 752408
v/ X X 76.1403 76.5+1.1
v v X 772403 772410
v v/ v 79.0-403 81.1112

Table 8: Effect of each component on final performance. The
first row shows the baseline using global asymmetric quanti-
zation. IPC is set to 10 for both CIFAR-10 and Nette dataset.



Refinement before GAQ v X v
Refinement after GAQ X v v
Test Accuracy (%) ‘ 68.9404 ‘ 68.7+05 ‘ 68.9403

Table 9: Test accuracy on CIFAR-10 at IPC=1 with refine-
ment applied at different stages.

Max size
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Figure 4: Measured test accuracy (%) and storage across dif-
ferent numbers of groups. The vertical dotted line marks the
maximum allowable storage under the given budget.

Ablation Study

We conduct an ablation study to analyze the effect of each
component in our framework on the final performance, as
well as the impact of the number of groups. By default, we
adopt DATM to generate synthetic images.

Effect of Each Component. As shown in Table 8, ap-
plying asymmetric quantization (AQ) alone achieves 71.8%
test accuracy on CIFAR-10, outperforming the base DATM
method (66.8%) at IPC=10. Adding group-aware quantiza-
tion (GAQ) further improves accuracy to 76.1%, and incor-
porating the refinement module increases it to 77.2%. Fi-
nally, applying entropy coding allows more samples to be
stored within the same budget, leading to a final performance
of 79%.

Ablation on Refinement Timing. As shown in Table 9,
applying refinement before group quantization yields better
performance than applying it afterward. This is likely be-
cause group quantization assigns patches to groups based on
their quantization parameters, which are more accurately es-
timated when the image is refined beforehand. In contrast,
applying group quantization first may lead to suboptimal
grouping due to uncorrected quantization noise. Notably,
performing refinement both before and after group quanti-
zation does not lead to further improvement, suggesting di-
minishing returns from post-group refinement.

Ablation on the Number of Groups. Figure 4 shows how
the number of groups (G in Eq. (6)) affects performance. We
observe that increasing the number of groups consistently
improves test accuracy, while staying within the storage bud-
get. Based on this trend, we choose the maximum number of
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(d)

(a) (b) (c)
Figure 5: Visualization of (a) original synthetic images and
their quantized versions using (b) Median Cut, (c) Asym-
metric Quantization (AQ), and (d) Group-Aware Quantiza-
tion (GAQ). While Median Cut preserves texture but distorts
color, and AQ preserves color but loses fine details, GAQ

achieves a better balance between texture and color fidelity.

groups that satisfies the storage constraint.

Visualization of Synthetic Images. We visualize quan-
tized synthetic images generated by MTT (Cazenavette et al.
2022) on ImageNet Woof. As shown in Figure 5, the Median
Cut method retains texture but alters color severely, while
AQ preserves color at the cost of heavy texture distortion. In
contrast, our group-based quantization strikes a better bal-
ance, maintaining both texture and color fidelity. Additional
examples are provided in the supplementary material.

Conclusion

We propose a novel quantization framework for dataset con-
densation that achieves substantial storage reduction while
preserving downstream performance. Unlike prior work that
focuses solely on synthetic image generation, our method
explicitly targets bit-level redundancy through patch-based
quantization, group-wise parameter sharing, and lightweight
feature refinement. This combination enables effective com-
pression even at extremely low bit-widths. Extensive exper-
iments across diverse distillation methods and datasets vali-
date that our approach consistently outperforms existing pa-
rameterized condensation baselines under tight storage con-
straints.

Limitation and Future Work. Our framework is cur-
rently designed for condensation pipelines that focus on
visual data and hard labels. It does not yet support meth-
ods that utilize soft labels. Future work may explore label-
aware quantization. In addition, our method is tailored for
CNN-based architectures operating on spatial patches, and
has not been extended to transformers. Designing quantiza-
tion strategies that operate on token embeddings presents a
promising direction for transformer-based models.
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