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Abstract

Dataset Distillation (DD) compresses large datasets into
compact synthetic ones that maintain training performance.
However, current methods mainly target sample reduction,
with limited consideration of data precision and its impact
on efficiency. We propose Quantization-aware Dataset Dis-
tillation (QuADD), a unified framework that jointly opti-
mizes dataset compactness and precision under fixed bit
budgets. QuADD integrates a differentiable quantization
module within the distillation loop, enabling end-to-end co-
optimization of synthetic samples and quantization param-
eters. Guided by the rate—distortion perspective, we empir-
ically analyze how bit allocation between sample count and
precision influences learning performance. Our framework
supports both uniform and adaptive non-uniform quanti-
zation, where the latter learns quantization levels from
data to represent information-dense regions better. Experi-
ments on image classification and 3GPP beam management
tasks show that QuADD surpasses existing DD and post-
quantized baselines in accuracy per bit, establishing a new
standard for information-efficient dataset distillation.

1. Introduction

In the era of big data, information is continuously gener-
ated from diverse sources such as smart devices, sensors,
and autonomous systems. Sharing and leveraging diverse
data is crucial for training robust deep learning models, as
sample diversity promotes better generalization. However,
the ever-increasing data volume introduces severe compu-
tational, storage, and communication bottlenecks, particu-
larly in distributed or resource-constrained environments.

A natural approach to mitigating these costs is constructing
a compact dataset that preserves the essential information of
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the original data. Traditional methods such as coreset selec-
tion [18] identify representative subsets of real samples but
rely on the assumption that sufficiently informative samples
already exist in the dataset. Dataset Distillation (DD) [23]
offers a flexible approach by synthesizing a compact set of
informative samples that capture the knowledge of the full
dataset. Models trained on the distilled datasets achieve
comparable performance to those trained on the original
data while requiring far less storage and computation.
Existing DD methods treat synthetic samples as learnable
parameters, optimized to reduce the discrepancy between
models trained on real and synthetic data. These methods
improve dataset compactness by reducing training samples.
Recent parameterization-based DD methods extend this
idea by representing synthetic data in lower-dimensional
spaces that exploit shared structure among samples, yield-
ing further gains in storage efficiency [2, 10, 20, 24].
Despite these advances, most DD work overlooks a broader
notion of data efficiency. A dataset is fundamentally an in-
formation representation, and its true cost depends not only
on the number and dimensionality of samples but on the
total bits required to store or transmit it. This becomes criti-
cal in practical scenarios like distributed learning, which re-
lies on bandwidth-limited links, and in IoT or edge environ-
ments with strict storage constraints. These considerations
motivate viewing DD through an information-centric lens,
shifting the goal from reducing sample count to minimizing
total information content: from fewer samples to fewer bits.
Quantization is a natural solution to control precision. Al-
though widely studied in model and image compression,
its integration into DD remains largely unexplored. Re-
cent work [26] introduced a color-quantization approach
that learns a palette-based codebook to merge similar col-
ors, reducing bit depth while preserving salient features like
edges and shapes. However, this approach is restricted to
images, adds training complexity, and scales poorly to other
modalities. These limitations underscore the need for a gen-
eral framework to jointly optimize dataset compactness and
precision under a unified, domain-agnostic objective.
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Figure 1. [llustration of the quantized dataset distillation (QuADD) framework, applied to a general DD algorithm.

Integrating quantization into DD introduces several chal-
lenges. Quantization typically involves two operations: (i)
clipping, which constrains values to a predefined range by
setting any out-of-bound values to the range boundary, and
(ii) projection, which maps each clipped value to the near-
est discrete quantization level. Their combination hinders
direct optimization via standard gradient descent. More-
over, quantization introduces information loss that can am-
plify the reduction already imposed by DD. Thus, an ef-
fective quantization scheme must minimize distortion while
adapting to the evolving data distribution during distillation.
Additionally, it should also remain simple and modality-
agnostic to ensure applicability across diverse data types.
To address these challenges, we propose Quantization-
aware Dataset Distillation (QuADD), shown in Fig. 1, a
unified framework that integrates a differentiable quantiza-
tion layer within the distillation loop to jointly optimize syn-
thetic data and quantizer parameters end-to-end. The train-
ing becomes explicitly aware of precision: synthetic sam-
ples adapt to quantization-induced loss, while the quantizer
adapts to the distilled data. By coupling quantization with
distillation, QuADD shifts the goal from reducing samples
to a broader objective of information-efficient learning.

Technical contributions of this work:

1. Quantization-aware distillation. QuADD embeds a dif-
ferentiable quantizer in the distillation loop, jointly opti-
mizing quantization parameters and synthetic data. In-
spired by the rate distortion perspective with explicit
bit accounting, we empirically analyze the trade-off be-
tween sample count and precision, revealing a “sweet
spot” between fewer high-precision samples and many
low-precision ones.

Differentiable and adaptive quantization module. We
provide a simple, differentiable quantization layer that
supports both uniform and non-uniform techniques. Our
primary focus is on the adaptive non-uniform variant,
which learns quantization parameters from data to allo-
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cate finer bins to information-dense regions, improving
task fidelity under the same bit budget.

. Cross-domain validation. We evaluate our framework
across diverse image datasets and a tabular wireless-
communication benchmark, where data must be trans-
mitted efficiently over a network and training occurs un-
der resource-constrained conditions, demonstrating that
QuADD generalizes beyond visual modalities.

2. Related Work

Dataset Distillation: Early DD unrolled training for per-
formance matching [12, 21, 23], later replaced by efficient
surrogates such as Gradient [29], Distribution [28, 30], and
Trajectory Matching [1] aligning gradients, features, or op-
timization paths, respectively.

Redundancy reduction in parameterized DD: Beyond re-
ducing sample count, parameterization-based approaches
improve storage efficiency by exploiting shared informa-
tion or structure. IDC [10] increases information density via
deterministic multi-formation transformations. HaBa [14],
RTP [2], and SPEED [24] share structure across images
through bases, memory dictionaries, or sparse epitomic to-
kens, respectively, while FreD [20] retains only informative
frequency bands. These methods compact structural dimen-
sion but still rely on full-precision data.

AutoPalette [26] addresses bit-level redundancy through
palette-based quantization, encoding images as color index
maps and codebooks. However, its color-specific design
limits applicability beyond visual data. We extend this di-
rection by introducing a differentiable quantization module
that generalizes beyond color-based schemes.
Quantization: Quantization reduces numerical precision
by mapping continuous values to discrete levels, a core prin-
ciple in signal compression and modern neural network op-
timization. Classical scalar and vector quantizers [4] bal-
ance the rate—distortion trade-off, where using fewer bits



lowers storage and transmission costs at the expense of fi-
delity. Uniform quantization employs fixed step sizes for
simplicity but performs poorly on long-tailed distributions.
Non-uniform quantization adapts resolution to dense re-
gions, enhancing reconstruction under low-bit constraints.
Modern approaches learn quantization mappings from data,
including LQ-Net [27], LSQ [3], QIL [9], and adaptive
log-based methods [16]. Beyond static designs, differen-
tiable quantization enables end-to-end learning of discrete
mappings via gradient approximations such as the Straight-
Through Estimator (STE) [8] or soft relaxations [5, 22].

3. Problem Set-Up

Let T {(zs,v:)}X, denote the large-scale training
dataset and & = {(Z;,7;)}}L, the compact synthetic
dataset, where M < N. DD aims to learn S such that a
model trained on S performs comparably to one trained on
T. This can be formulated as a bi-level optimization:

S* =argmin Eg.o [L(T;05)],
s

1
where 6% = argmin £(S,0) M
0

where 6 are the model parameters and L£(-;6) is the task
loss. The inner loop optimizes on synthetic data, and the
outer loop evaluates on real data.

To reduce the heavy computation in eq. (1), most DD meth-
ods adopt a one-step surrogate objective that matches model
responses between real and synthetic data [1, 28, 29]:

S* = arg;nin Eono [L(6(T50), ¢(S;0))], (2

where ¢(-;60) denotes intermediate features, gradients, or
trajectories depending on the surrogate choice.
Conventional DD improves data efficiency by reducing ei-
ther the number of synthetic samples M or the data dimen-
sion D (e.g., via low-resolution or latent-space parameter-
izations). However, each element of S is stored at fixed
precision—typically 8 or 32-bit, leaving storage efficiency
partly unexploited. We define the overall bit budget as

Budget = M x D x b, 3)
where b is the bit precision per data element.

Optimizing M or D alone thus neglects precision as a con-
trollable degree of freedom. Post-quantization of distilled
data is a simple workaround, but it often degrades accuracy
since synthetic samples are not optimized for low precision.
To address this, we integrate a differentiable quantizer di-
rectly into the DD pipeline, enabling the synthetic data and
quantization parameters to co-adapt during training. This
quantization-aware distillation produces datasets that re-
main informative even under tight bit budgets.
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Finally, this formulation can be viewed through a
rate—distortion lens, where the bit budget is the “rate” and
the performance drop the “distortion.” Although QuADD
does not explicitly optimize this function, we empirically
study how different (M,b) combinations affect perfor-
mance under fixed storage budgets.

4. Quantization-Aware Dataset Distillation

This section details the Quantization-Aware Dataset Distil-
lation (QuADD) framework. We first introduce the train-
ing objective and gradient flow through the quantizer, then
describe the differentiable quantization framework for both
uniform and adaptive non-uniform settings.

4.1. Training Objectives

To incorporate quantization into DD loop, QuADD aug-
ments the standard DD loop with a differentiable quantizer
Q(-). Given synthetic samples Z; € S, the quantized repre-
sentations are

~q _
T =

Q),  ST={E}5)}5. @
Instead of matching real and synthetic data in full preci-
sion, QuADD enforces performance equivalence between

real data 7 and quantized synthetic data S7 as

S* = argsmin Eoo [L(B(T;0), 6(S%0))], (&)

where the bit precision b of Q(+) controls the storage budget.

Gradient propagation: Quantization introduces nondiffer-
entiable operations (clipping and rounding), requiring spe-
cial handling for backpropagation. Loss gradients with re-
spect to the synthetic data are computed via the chain rule:

oL _oc 09 050
oS 0¢ 081 0S’
where the last term 0S89/0S involves differentiation

through the quantizer and is approximated using straight-
through or smooth surrogates described next.

(6)

4.2. Differentiable Quantization Layer

The quantization layer transforms full-precision synthetic
data into quantized data while remaining differentiable, en-
abling end-to-end optimization with the DD objective.
Quantization is composed of clipping and projection, as

Q(z;a,b) = Hgap) ;] (7

where « is the clipping threshold, |-, «] clips inputs to
[—a,a], and Q(a,b) is the b-bit codebook. Tlga,p)(:)
projects each value to its nearest level. The round(-) op-
eration within the projection is non-differentiable, thus re-
quires special handling to enable gradient training.

Forward pass: We explored two different forward modes
of the round operator:



* Hard rounding: round(-) to the nearest codebook value;
applicable to both uniform and non-uniform quantizers.

* Soft rounding: a continuous relaxation that approximates
rounding [15, 17]; used only for the uniform case.

Backward pass: During backpropagation, gradients are es-

timated as:

e Straight-through estimator (STE): for hard rounding,
treat () as identity within the clipping range:

o0x?

— ~
~

Ox

* Analytic surrogate soft quantizers use the derivative of
the smooth approximation of rounding (see Appendix A
in the supplementary material for this work).

1(|z| < ).

4.2.1. Baseline: Uniform quantizer

When Q(«, b) is uniformly spaced, this reduces to the stan-
dard uniform quantizer, widely used in model compression
and image coding, given as:

; 1} |

To reduce gradient discontinuities near the clipping bound-
ary, companding functions (e.g., tanh, sigmoid, or CDF-
based) offer smooth alternatives to hard clipping, with «
fixed by the chosen function (e.g., « = 1 for tanh).

+1

P ®)

Q“(a,b) = ax {—1,

4.2.2. Adaptive Non-uniform Quantizer

The adaptive quantizer adopts the Additive Powers-of-Two
(APoT) scheme [13], which expresses each quantized value
as a sum of scaled powers of two:

©))
where +y scales the dynamic range to [—«, o], k is the base
bit-width for each additive term, and n = b/k denotes the
number of additive bases. This representation achieves non-
uniform level spacing, allocating more quantization density
to dense regions of the data distribution.

n—1
Q"(a,b) = x {Zpi ) gra e
1=0

pie{o,i,...

Forward pass: Here, the forward pass uses hard rounding
to project values onto additive combinations of PoT bases.

Backward pass: The clipping threshold « is learnable and
updated automatically through back-propagation, allowing
the quantizer to adapt to the evolving data distribution. Be-
cause the standard STE updates a only from out-of-range
values, we adopt the Reparameterized Clipping Function
(RCF) [13], which rescales inputs to a normalized range
before projection and restores their scale afterward. This
allows « to receive gradients from all samples:

9xd sign(x), if |z| > a,
0o |Hguw (%) - 2. ifla <«
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Algorithm 1: General Quantization-Aware Dataset Distillation

Input: Dataset 7, quantizer Q(-; o, b), DD framework ¢(-) and
loss Laisein (-, )
Output: Quantized distilled dataset S 7 = Q*(S*)
1 Initialize S? using (10)-(11) and quantizer parameters (c, b)
2 for each DD iteration do
Sample mini-batch By ~T
Quantize synthetic data: S = Q(S)
Compute loss Ligin (¢(BT), $(S?))
Backpropagate through both S and Q using (6)
Update S and @ via gradient descent

NS e W

Remarks. While APoT was originally designed for model
quantization, its adaptation to dataset distillation requires
careful initialization and normalization for stable conver-
gence (see Appendix B in the supplementary material for
this work). In QuADD, it is computationally efficient,
with only one learnable parameter («), and achieves higher
fidelity than uniform quantization, making it the default
choice in all experiments.

4.3. Algorithm Implementation for QuADD

Quantization-guided initialization: QuADD initializes
synthetic data following the quantization-guided selection
strategy of [26], adapted from color to scalar quantization.
The real dataset T is first quantized using a uniform quan-
tizer to obtain 79 = Q(7). Let AC TP and C =T%\ A
the remaining candidates. Representative samples are iter-
atively chosen to maximize the condition gain defined by a
generalized graph-cut criterion:

G*(AIC) = > sim(i,j) — Y Sim(ji,j2) (10)

i€C jEA J1,J2€A

It measures how much new information a candidate image
adds to the selected set. Sample similarity Sim(, j) is de-
fined as the cosine similarity of last-layer gradients.

Slm(l,]) = COS (VQLCE (l‘g, 0), VQLCE(QT?, 9)) (11)
and Vg Lcg denotes the gradient of the cross-entropy loss
with respect to model parameters.

QuADD implementation: Algorithm 1 outlines the end-
to-end procedure for QuUADD. At each iteration, real and
synthetic batches are processed through the differentiable
quantizer, and the DD loss is computed on quantized data.
Gradients flow through the synthetic samples and quantizer,
enabling their co-optimization.

By varying sample count and bit precision, QuUADD empiri-
cally traces the rate—distortion performance (see Sec. 5.2.1).
The general quantizer implementation integrates with dif-
ferent DD objectives (see Sec. 5.2.4), as well as generalizes
across data domains (see Sec. 5.3).
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Figure 2. Rate—distortion curve. Each point represents the best
achievable accuracy under a fixed transmission budget (in bits).

5. Experiments

5.1. Experimental Setup

We evaluate QuADD across both vision and tabular modal-
ities to demonstrate its generality under fixed storage bud-
gets, using CIFAR-10/100 [11], ImageNette [7], and a
3GPP beam management dataset (see Appendix E in the
supplementary material for details). All models are trained
under a fixed storage constraint as defined in eq. (3). Un-
less stated otherwise, full-precision baselines use 32-bit
data, while QuADD employs 9-bit precision for image data
(3 bits per RGB channel) and 8-bit for tabular data to ensure
comparable bit budgets.

5.1.1. Benchmarks and Baselines

Image classification: We compare QuADD against: (i)
full-precision dataset distillation methods trained without
quantization, including DD [23], DM [28], and TM [1];
(i1) AutoPalette [26], a color-quantization approach that re-
duces bit depth b; and (iii) FreD [20], a parameterization-
based DD method that compresses feature dimension D.

3GPP beam management: For the tabular domain, we
evaluate QUADD on a 3GPP beam management dataset,
where the goal is to predict the optimal beam index given a
subset of beam-level measurements. We compare QuADD
against: (i) the full-precision original dataset, (ii) a dis-
tilled dataset trained by DATM [6] without quantization,
and (iii) a coreset-selection baseline using a conditional
information-gain objective (see Sec. 4.3).

5.1.2. Implementation Details

For image benchmarks, we use 1, 10, and 50 images per
class (IPC) following standard DD settings. ConvNetD3
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Figure 3. QuADD performance on CIFAR-10 under varying
(M,b). Lighter & smaller markers indicate lower-bit precision.
The storage budget scales as b x 3 x D x M (constants omitted).

and ConvNetD5 serve as student and evaluation networks
for CIFAR and ImageNette, respectively. We adopt TM
based DD from DATM [6] without soft-label initialization.
Results are averaged over five runs (see Appendix C of the
supplementary material for all training details).

5.2. Results on Image Benchmarks

5.2.1. Rate-distortion Analysis

Figure 2 illustrates the rate—distortion relationship between
total transmitted bits and test accuracy. The bit rate follows
eq. (3), combining both the number of synthetic samples
and their quantization precision, and each point reflects the
best-performing (M, D) configuration under a fixed budget.
Higher bit budgets naturally yield better accuracy, but
QuADD delivers substantially stronger rate—distortion ef-
ficiency than post-training quantization. Across multiple
budgets, QuADD improves accuracy by at least 10%, show-
ing that quantization-aware distillation enables synthetic
data to adapt to precision limits and preserve more task-
relevant information.

Figure 3 illustrates the performance of QuADD on CIFAR-
10 as a function of the number of samples M and bit pre-
cision b. The x-axis represents the total bit budget, and
points that align vertically correspond to different (M, b)
configurations that yield the same total number of trans-
mitted bits. For each such budget, multiple feasible pairs
(M, b) exist—for example, a configuration with more sam-
ples at lower precision or fewer samples at higher precision.
Across these vertical groups, we observe a consistent trend:
For a fixed bit budget, lower-bit quantization combined with
more samples often achieves higher accuracy than using
fewer high-precision samples. A clear pattern emerges: for
nearly every budget, using lower-bit precision to allow more
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Figure 4. Accuracy and overhead reduction on CIFAR-10/100.
Lines show test accuracy (left y-axis); bars show compression ra-
tio (right y-axis) relative to the unquantized baseline.

synthetic samples yields higher accuracy than allocating the
budget to high-precision samples. In contrast, using the
budget for higher precision limits how many samples can
be transmitted, which often yields less effective use of the
available bits. Notably, most of the best results come from
2-3 bits per sub-pixel, showing that aggressively reducing
precision not only preserves accuracy but often improves
the rate—distortion trade-off. This highlights an advantage
of QuADD: precision reduction is an effective way to max-
imize the informational value of transmitted synthetic data

5.2.2. Main Comparison under Fixed Storage Budget

Table | summarizes results across standard vision bench-
marks. Coreset and unquantized DD methods, as well as
FreD [20], output 32-bit full-precision values, while Au-
toPalette [26] and our QuADD compress data into lower-bit
representations under equivalent configurations. To ensure
fair comparison, all distillation methods use the same num-
ber of synthetic samples per class, i.e., the same IPC/SPC,
without increasing sample count to offset quantization—as
done in certain storage-budget analyses by AutoPalette and
FreD. The “Overhead Reduction” section denotes the com-
pression ratio relative to the unquantized or coreset base-
line, which serves as the full-precision reference. We adjust
quantization resolution such that the effective storage bud-
gets are closely matched across methods, allowing accuracy
to be compared under comparable conditions.

QuADD consistently achieves nearly the same accu-
racy—typically within 1%—as the full-precision distilled
baseline while using less than one-tenth of the storage.
For example, on CIFAR-10 with IPC=10, QuADD attains
65.1% accuracy at 10.6x lower storage, closely matching
the 65.5% accuracy of the unquantized baseline. Similar
trends hold for CIFAR-100 and Imagenette, confirming that
quantization-aware training effectively compensates for bit-
level precision loss and preserves task-relevant information
even under low-resolution encoding.

Figure 4 visualizes these results on CIFAR-10 and CIFAR-
100. Line plots represent test accuracy (left y-axis), while
bar plots show overhead reduction ratios (right y-axis).
Across all TPC settings, QuADD consistently achieves
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Figure 5. Training time on CIFAR-10 for DD baselines (DATM,
FreD, AutoPalette, QuADD) at IPC = 1, 10, 50. Lower is better.

higher accuracy under comparable or greater compres-
sion—improving average accuracy by 1.5-3.0% at roughly
10x smaller storage. Across various datasets, QuADD out-
performs both AutoPalette and FreD, barring the IPC=1 in-
stance, which highlights its enhanced storage efficiency at
higher capacities. Moreover, while AutoPalette and FreD
are primarily tailored for image data, the QuADD frame-
work is modality-agnostic; this is further demonstrated by
the subsequent results. in Sec. 5.3.

5.2.3. Training Efficiency

Figure 5 demonstrates that QuADD maintains competitive
or superior training efficiency compared to existing distilla-
tion methods. Across all IPCs, QuADD either matches or
outperforms the unquantized baseline (DATM), achieving
up to 25-30% reduction in training time at medium and high
IPC. In contrast, AutoPalette is slower at all scales, reflect-
ing the additional overhead of its color-space optimization.
FreD exhibits the highest cost, with training time growing
rapidly with IPC, highlighting poor scalability. Overall,
this confirms that QuADD’s quantization layer is simple,
lightweight, and adds no extra computation.

5.2.4. Ablation and Analysis

1) Cross architecture performance: We evaluate whether
QuADD’s distilled datasets transfer beyond the ConvNetD3
teacher by training AlexNet, VGG, and ResNet on the same
synthetic data. As shown in Table 2, QuADD maintains
strong performance across backbones and IPC settings, out-
performing DATM and AutoPalette and remaining competi-
tive with FreD (e.g., 51.8% on ResNet at [PC=10 vs. 49.0%
for DATM and 50.1% for AutoPalette).

The higher accuracy gains observed by FreD are attributed
to the alignment of frequency-domain representations with
architectural biases and their capacity to preserve high-
frequency details. However, these methods involve certain
trade-offs: frequency-domain training is slower, optimiza-



Table 1. Comparison of dataset distillation on CIFAR-10, CIFAR-100, and Imagenette under different IPC budgets. Best result for
Parameterized DD in each column is bolded. For AutoPalette, we quantize images to 7-bit; for QuADD, to 9-bit (3 bits/channel); for
FreD, we use their best reported hyperparameters. Higher value indicates better performance.

| CIFAR-10 | CIFAR-100 | Imagenette
| IPC1 IPC10  IPC50 | IPCI1 IPC10 IPC50 | IPC10
Total storage | 983K 9.8M 49.1M | 9.8M 98.3M 491M | 1572M
Random 144402 26.0+12 434+1.0 | 42403 14.6+£0.5 30.0+0.4 -
Coreset Herding [25] 215413 31.6+£0.7 40.440.6 | 8.4+03 17.3+£0.3 33.7+0.5 -
K-Center [19] | 23.3+0.9 36.4+0.6 48.7+0.3 | 8.6+03 20.7+0.2 33.6+0.4 -
DD [23] - 36.8+1.2 - - - - -
. DM [29] 26.0+£0.8 48.9+0.6 63.0:0.4 | 11.4£0.3 29.7+0.3 43.6+0.4 -
Unquantized
DD DC [28] 28.3+0.5 44.9+40.5 53.940.5 | 12.840.3 25.24+0.3 - -
T™ [1] 45.84+0.8 65.1+0.7 71.6+0.2 | 24.34+0.3 40.1+0.4 47.7+0.2 | 67.3+0.3
DATM [6] 46.1+£0.5 65.7+£0.2 75.1+0.6 | 27.14£0.2 473404 53.94+0.2 | 67.8+0.3
b ' oq D 20] 43.14+1.5 573+1.1 69.0+0.8 | 15.7£0.8 34.9+0.6 41.5+0.5| 66.2+0.3
Aranelenized  AutoPalette [26] | 42.140.8  63.540.4 73.940.3 | 258403 456404 529403 | 63.040.7
QuADD (Ours) | 44.9+0.4 65.4+0.2 74.8+0.2 | 26.9+0.3 46.24+0.1 52.4+02 | 67.0+0.4
Entire dataset | 84.840.1 56.240.3 87.4+0.3
Overhead reduction (relative to original dataset)
FreD 12x 9.6 x 6.1x 12x 3.8% 3.8% 12x
AutoPalette 9.6 % 9.6x 9.6 % 9.6x 9.6x 9.6x 13.3x
QuADD (Ours) 10.6x 10.6x 10.6 % 10.6x 10.6 x 10.6x 10.6 %

tion is less stable, and DCT-based parameterizations do not
easily generalize to all data types.

2) Cross distillation performance: To evaluate the gen-
erality of the QuADD framework, we implement it on ad-
ditional DD backbones, as shown in Table 3. Under TM,
QuADD maintains high accuracy across all IPC budgets,
remaining within 1-2 points of the full-precision baseline
and surpassing FreD and AutoPalette at IPC1 and IPC10.
In the more challenging DM setting, QuADD significantly
improves over AutoPalette at low IPC and remains compet-
itive with FreD, narrowing the gap as IPC increases

5.3. Cross-Domain Evaluation: Tabular 3GPP Data

To assess QuADD’s generality beyond vision tasks, we
evaluate it on a beam management problem inspired by
3GPP wireless systems. The goal is to predict the optimal
transmission beam index from a partially observed set of
channel measurements representing user-side signal infor-
mation like received power. These scalar, unstructured fea-
tures serve to validate QuADD’s multi-domain capabilities.

Problem Description. The task involves identifying the
transmit-receive beam pair with the highest received power
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from a masked set of beam measurements (see Appendix
E of the supplementary material for details). The received
measurements are organized as a 2-D matrix, where mask-
ing prevents observation of all values. The model takes this
masked matrix as input interpolates the missing values to
predict the beam with the maximum reconstructed power,
analogous to a matrix completion problem.

DD Setup. The true data contains 3 x 10* measurements
generated from a simulated mmWave link setup. A three-
layer CNN is trained on distilled datasets with M samples
per class and bit precision B € {4, 8,32}. All methods are
evaluated under a fixed storage budget (M x B x D bits)
to ensure fair comparison across full-precision, quantized-
only, and quantization-aware distilled data.

Results. Figure 6 shows the trade-off between compression
and accuracy on the beam management task. Bars indicate
compression ratios, and the dashed line shows accuracy.
A model trained on the full dataset reaches 89% accuracy.
Quantizing the full dataset (8-bit) yields 4 x reduction with
accuracy 87%, while unquantized DD gets 77% accuracy at
46 x reduction. QuADD achieves 81.9% at 36 x reduction,
and 77.5% accuracy at a substantial 183 x reduction.



Method ‘ AlexNet ‘ VGG ‘ ResNet

\ IPC1 IPC10  IPC50 \ IPC1 IPC10  IPC50 \ IPC1 IPC10  IPC50
Unquantized Baseline (DATM) | 15.6+1.0 25.5+1.5 54.141.3[29.8409 39.5+1.0 63.140.3 | 30.141.0 49.0+1.5 65.2+1.0
FreD 26.8+1.2 353+1.5 56.9+1.3|34.7+0.8 43.6+0.8 55.8+0.6 |34.94+0.7 43.140.6 62.0+0.7
AutoPalette 19.442.5 32.0+1.1 56.840.7 | 28.3+1.1 39.2+1.1 61.7+0.5|29.742.1 50.1+1.3 61.3+0.5
QuADD (Ours) 21.440.7 29.740.7 50.3+0.8 | 29.841.0 39.6+0.7 63.5+0.5 | 30.7£1.2 51.840.5 66.6+-0.4

Table 2. Accuracy comparison of different methods across AlexNet, VGG, and ResNet under varying IPC values on CIFAR-10. Best

results in each column are highlighted in bold.

Method ‘ bM ‘ ™

‘ IPC1 IPC10 IPC50 ‘ IPC1 IPC10 IPC50
Vanilla (unquantized) ‘ 26.0+08 483+06 63.0+04 ‘ 4577+0.8 652+07 714+02
FreD 33.6+-04 481+08 62.0+0.6 | 43.1£03 573+05 69.0+0.2
AutoPalette 120+£04 1534+02 485+04 | 420+1.1 61.2+02 69.5+0.2
QuADD (Ours) 175+05 451+03 624+03 | 44705 63.2+0.2 70.5+0.2

Table 3. Performance comparison across distillation methods on DM and TM datasets under varying IPC values on CIFAR-10. The
unquantized baseline serves as a reference for all methods. Best results in each column are highlighted in bold.
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Figure 6. Overhead reduction and prediction accuracy on beam
management problem. Higher is better.
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Figure 7. Accuracy-rate trade-off on the 3GPP beam management
dataset for different sample counts (SPC = 10, 50, Full).
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Figure 7 illustrates QuADD’s rate—distortion trade-off on
the beam management dataset at different SPCs (10, 50, and
full). Accuracy rises with bit precision across all scales but
plateaus beyond 6 bits, indicating that moderate precision
suffices to capture most task-relevant information.

6. Conclusions

This work redefines DD through the lens of information ef-
ficiency, shifting the goal from fewer samples to fewer bits.
Unlike prior approaches that minimize sample count, we
show that jointly optimizing sample count and precision
yields more compact yet equally informative distilled data.
We introduced Quantization-aware Dataset Distillation
(QuADD), a framework that integrates quantization into
the distillation loop. By jointly adapting synthetic data and
quantization parameters end-to-end, QuADD produces low-
precision datasets that retain true data information. Its adap-
tive non-uniform quantization layer further aligns quanti-
zation density with data, improving representational effi-
ciency under stringent bit budget constraints.

Experiments on image benchmarks and a 3GPP task show
that QuADD delivers state-of-the-art performance under
fixed bit budgets. Notably, QuADD preserves near-baseline
accuracy while compressing data by over 10X on image
datasets and more than 180x on 3GPP data, highlighting
its effectiveness and generality beyond visual domains.
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