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Abstract

Modern machine learning models heavily rely on large
datasets that often include sensitive and private informa-
tion, raising serious privacy concerns. Differentially pri-
vate (DP) data generation offers a solution by creating syn-
thetic datasets that limit the leakage of private information
within a predefined privacy budget; however, it requires a
substantial amount of data to achieve performance compa-
rable to models trained on the original data. To mitigate
the significant expense incurred with synthetic data genera-
tion, Dataset Distillation (DD) stands out for its remarkable
training and storage efficiency. This efficiency is particu-
larly advantageous when integrated with DP mechanisms,
curating compact yet informative synthetic datasets without
compromising privacy. However, current state-of-the-art
private DD methods suffer from a synchronized sampling-
optimization process and the dependency on noisy training
signals from randomly initialized networks. This results in
the inefficient utilization of private information due to the
addition of excessive noise. To address these issues, we in-
troduce a novel framework that decouples sampling from
optimization for better convergence and improves signal
quality by mitigating the impact of DP noise through match-
ing in an informative subspace. On CIFAR-10, our method
achieves a 10.0% improvement with 50 images per class
and 8.3% increase with just one-fifth the distilled set size
of previous state-of-the-art methods, demonstrating signifi-
cant potential to advance privacy-preserving DD.

1. Introduction

In modern machine learning, large datasets are essential
for training robust and accurate models. However, they

1. Source code is available at https://github.com/humansensinglab/Dosser.
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Figure 1. (a) Overview of private dataset distillation. (b) Accuracy
of distilled CIFAR-10 images across privacy budgets and IPC.

often contain sensitive information, posing challenges for
data sharing and privacy protection. Differentially private
(DP) data generation addresses this by producing synthetic
datasets within a controlled privacy budget, typically using
mechanisms like Differentially Private Stochastic Gradient
Descent (DP-SGD) [1]. These approaches aim to approxi-
mate the data distribution and generate privacy-preserving
samples. Despite notable advances, balancing utility and
privacy remains difficult. Moreover, generative models of-
ten require synthesizing and storing large volumes of data to
match real-data performance. For instance, Ghalebikesabi
et al. [11] generates data 20x larger than the original dataset
yet still underperforms it. Such volume demands lead to
high storage and computational costs during training.
Dataset Distillation (DD) [31] has emerged as a promis-
ing alternative that addresses some of the inherent limita-
tions of generative models. As fewer but highly informative
synthetic samples can be retained for comparable down-
stream performance, DD ensures that models trained on dis-
tilled datasets perform similarly to those trained on larger
original datasets with a significantly reduced storage.



While DD effectively minimizes dataset size and be-
comes visually anonymized, it does not inherently provide
privacy guarantees. Conversely, differentially private data
generation ensures privacy but with large synthetic dataset
sizes, which may not be storage or computation-efficient.
This presents a critical motivation for our work: to develop
a method that integrates the compactness of dataset distil-
lation with the stringent privacy guarantees of differential
privacy (Fig. 1-a). Achieving this integration is challeng-
ing, as both privacy preservation and dataset compactness
tend to negatively impact the utility of the dataset.

Integrating dataset distillation with differential privacy,
as in methods like PSG [4] and NDPDC [39], enables pri-
vate data synthesis by matching training signals (e.g., gra-
dients, features) from the original dataset. However, these
matching-based approaches face key limitations. First, they
couple sampling and optimization, requiring each optimiza-
tion step to be paired with new noisy queries, leading to de-
graded signal utility. Second, they rely on randomly initial-
ized networks to extract training signals, which often cap-
ture uninformative details and yield low signal-to-noise ra-
tios (SNR), amplifying DP noise effects. As a result, exist-
ing methods struggle to fully exploit limited private signals,
resulting in suboptimal distilled dataset performance.

To address the limitations of matching-based DD under
DP constraints, we propose a framework combining De-
coupled Optimization and Sampling (DOS) with Subspace-
based Error Reduction (SER) to better exploit information
from private data. DOS first samples a fixed number of
training signals under a DP budget, then optimizes the syn-
thetic dataset using these precomputed signals over a sep-
arate number of iterations. Decoupling these stages allows
flexible trade-offs: fewer sampling steps reduce cumulative
noise, while sufficient optimization improves image quality.
SER further boosts utility by projecting signals into an in-
formative subspace learned from auxiliary data, where DP
noise is injected. This concentrates signal power on high-
utility dimensions, increasing the signal-to-noise ratio and
mitigating DP degradation. Together, DOS and SER en-
hance noise efficiency, enabling compact synthetic datasets
that better balance privacy and utility.

2. Background and Related Works
2.1. Differential Privacy

Differential Privacy (DP) [10] is a rigorous mathematical
framework that quantifies the privacy guarantees of algo-
rithms operating on sensitive data. A randomized mecha-
nism M : B — R with domain B and range R satisfies
(¢, 0)-differential privacy if, for any two adjacent datasets
B, B’ € B differing in at most one element, and for any
subset of outputs S C R, the following inequality holds:

Pr[M(B) € S] < e*Pr[M(B’) € S] + 4.
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where ¢ > 0 and § > 0 are parameters that measure the
strength of the privacy guarantee: the smaller they are, the
stronger the privacy. We enforce DP using the Gaussian
Mechanism (GM), which perturbs a function f : B — R?
by adding noise: GM,,(B) = f(B) + N(0,0%l,). Un-
der the add/remove-one model, the /5-sensitivity of f is
bounded, allowing calibrated noise addition. To track cu-
mulative privacy loss, we adopt Rényi Differential Pri-
vacy (RDP) [19] with privacy amplification via subsam-
pling [32], and convert the results to standard (e, d)-DP
using composition rules. Finally, we apply the post-
processing property [10] to ensure that any downstream op-
erations preserve the established privacy budget.

2.2. Dataset Distillation

In the context of large datasets, dataset distillation aims to
reduce the dataset size while retaining the critical informa-
tion needed to train a model effectively. We denote a data
sample by « and its label by y, focusing on classification
problems where gp(+) represents a model parameterized by
0, and ¢(gg(x),y) denotes the cross-entropy loss between
the model output go(«) and the label y. Let D and Z de-
note the original and synthetic datasets, respectively. Our
objective is to find a smaller dataset Z such that training on
Z yields similar performance as training on D. Formally,
we define this dataset distillation problem as:

argn}gn E ()~ U(go(2)(2),Y),
where 0(Z) = arg min E(z )~z Ug0(7),y), |Z] < [D|

Following the taxonomy developed by Sachdeva and
McAuley [23], we discuss various previous methods of
tackling this problem. Meta-Model Matching involves an
inner optimization step to update model parameters 6 and
an outer optimization step to refine Z, aiming to make Z
as informative as possible for training . Wang et al. [31]
use stochastic gradient descent (SGD) for the inner loop
and Truncated Back-propagation Through Time (TBPTT)
to optimize the outer loop by unrolling a fixed number of
inner loop steps. Gradient matching methods focus on
matching the gradients of the neural network parameters
when trained on synthetic data to those when trained on the
original data. For instance, Zhao et al. [37] proposes op-
timizing synthetic data such that the gradients of a model
trained on this data mimic those from the original dataset,
effectively capturing essential training dynamics in a con-
densed form. Extensions like [36] incorporate differen-
tiable data augmentation to enhance diversity and robust-
ness. Trajectory matching methods extend this idea by
matching the entire training trajectory of the model param-
eters. Cazenavette [3] match the sequence of model states
during training (the trajectory) when trained on synthetic
data to those from the real data, capturing a more compre-



hensive view of the learning process. This approach en-
sures that the condensed dataset leads to similar model be-
havior throughout training, not just in immediate gradients.
Subsequent works build upon these concepts by integrating
contrastive signals [15], aligning loss curvature [26], and
scaling up to larger datasets [6], among others. Distribu-
tion matching methods focus on aligning feature distri-
butions between synthetic and real datasets. Wang et al.
[30] propose aligning features in a latent space to improve
condensation, and subsequent works minimize statistical
discrepancies using metrics like Maximum Mean Discrep-
ancy [35] or exploit attention mechanisms for efficient dis-
tillation [24]. Liu et al. [16] introduces Wasserstein dis-
tance as an alternative metric of distribution discrepancy
to build a distribution matching framework. Kernel-based
distillation methods leverage theoretical insights from ker-
nel ridge regression and infinitely wide networks to dis-
till datasets; foundational works like [20, 21] utilize ker-
nel methods for condensation, while later studies improve
efficiency and scalability through neural feature regression
[40] and random feature approximations [17]. Other works
continue to refine these approaches by incorporating im-
plicit gradients and convex optimization techniques [9, 18].
These various methodologies reflect the diverse approaches
employed in dataset distillation, each contributing unique
perspectives and techniques.

2.3. Differentially Private Dataset Distillation

The integration of dataset distillation (DD) with differen-
tial privacy (DP) has received considerable attention in
recent literature. A recent technique known as DP-KIP
[29] utilizes DP-SGD to update synthetic data within the
Kernel-Induced Points (KIP) framework, offering an ef-
fective approach for distilling private datasets. Another
well-developed direction involves incorporating DP within
matching-based methods, where calibrated Gaussian noise
is added to the matching signal before computing match-
ing metrics. For example, Private Set Generation (PSG) [4]
introduces Gaussian noise into clipped gradients for match-
ing, while Non-linear Differentially Private Dataset Con-
densation (NDPDC) [39] applies Gaussian noise to clipped
features extracted from randomly initialized networks. By
the post-processing theorem, these matching-based meth-
ods ensure differential privacy by aligning DP-protected
signals from private datasets.

However, current matching-based DP-DD methods of-
ten couple the process of sampling signals from the private
dataset with the process of optimizing the distilled images.
We argue that this coupling leads to unnecessary noise ad-
dition. When sampling and optimization are performed si-
multaneously, their iterations are forced to be equal. When
a high number of optimization iterations is required for
convergence, an equally large number of sampling steps is
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needed. These numerous sampling steps require excessive
noise to maintain DP. Consequently, the trade-off between
iteration count and noise magnitude limits the effectiveness
of these methods, as they struggle to maximize signal util-
ity from the private dataset within a fixed privacy budget.
Moreover, due to restricted access to the private training
dataset, matching-based methods rely on randomly initial-
ized neural networks to extract training signals from the pri-
vate data, instead of a pre-trained network. However, ran-
domly initialized networks capture numerous uninformative
details, which lowers the signal-to-noise ratio (SNR) of the
training signals. This low SNR amplifies the negative im-
pact of added noise, further compromising the utility of the
training signals and the performance of the distilled dataset.

3. Methodologies

Our approach maximizes the utility of training signals from
two perspectives: first, we decouple the sampling process
from the optimization process, allowing for extended opti-
mization iterations without unnecessary noise addition; sec-
ond, we introduce an auxiliary dataset via generative mod-
els to identify the most informative signal subspace within
randomly initialized neural networks, enhancing the signal-
to-noise ratio (SNR)” to reduce the impact of added noise.

3.1. Preliminaries and Annotations

Private dataset Let D = (X(%), y(c))ccz1 denote the pri-
vate dataset, Wh((’;t)'ei C' is the total number of classes.
X = {azgc) }é\le is the set of images belonging to class
c. y(©) is the label associated with class ¢. N(©) = |X(C)| is
the number of images per class (IPC).

Synthetic Dataset Our goal is to generate a synthetic
dataset Z = {Z(©}C | where Z(¢) = {zj(-c)}jj‘il repre-
sents the set of synthetic images for class ¢, and M is the
number of synthetic IPC.

Training Signal We consider various types of train-
ing signals in matching-based methods, such as features
in distribution-matching methods [39] and gradients in
gradient-matching methods [4]. Our framework can be gen-
eralized to any type. The extraction of the signal is repre-
sented by a parameterized function fy, and the signal for
matching is denoted v and w for real and synthetic datasets.

3.2. Decoupled Optimization and Sampling (DOS)

3.2.1. Sampling Stage

In the sampling stage, for each class ¢, we perform the fol-
lowing steps to sample training signals at the i*”* iteration:

. Data Sampling: For each class ¢, sample a batch of im-

ages X' ~ POISSONSAMPLE (X9, %) from the pri-

vate dataset D(©) using Poisson sampling with probability

2. Noise here in SNR refers to the uninformative features captured by ran-
domly initialized neural networks, not the noise added for DP guarantees
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Figure 2. Overview of our proposed framework, which integrates Decoupled Optimization and Sampling (DOS) with Subspace Discovery

for Error Reduction (SER).

L/N(©), where N(©) = |D(€)] is the total number of images
in the dataset, and L represents the group size.

2. Signal Extraction: For each sampled j*" image z'%) at

i,j
the current i*” iteration, apply a differentiable augmentation

c))

function A using a random seed (;, denoted as A¢, (:cg J
The augmentation function A [37] includes transformations
such as random cropping, color saturations, and other tech-
niques to enhance data diversity. Next, extract training sig-
nals using a parameterized function fy,, where fy, performs
feature extraction in distribution-matching methods [39]
or gradient computation in gradient-matching methods [4].
The parameter set 6; is reinitialized for each batch sam-
pled, allowing fy, to represent images across diverse sig-
nal spaces with randomly sampled parameters. To satisfy
differential privacy requirements, the extracted signals are
clipped to limit their sensitivity by the clipping function
clipy(v) = v - min (1, ﬁ

of v does not exceed the threshold K. The entire process
of extracting the training signal v; ; from the sampled batch

). (1)

3. Aggregation and Noise Addition: To ensure differential
privacy, compute the aggregated signal and then add Gaus-
sian noise:

. This ensures that the norm

Xi(c) can be represented by the following function:

(e)

]

©)

v = F¢i 0.,k (2 ;) = clipy o fp, 0 A, (mgj

A =l @)
where the aggregated signal uf) is defined as
c 1 c
g )= < Z ‘FCiﬂmK(mfg,g‘))’ 3)
x{)ex(”

—_
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and 1; ~ N(0,02I) represents the Gaussian noise added
for privacy. The noise scale o is determined based on the de-
sired privacy budget (¢, ¢), and the calculation of o follows
the process introduced by Zheng and Li [39] and through
the Opacus library [34].

Following these steps, after I iterations, we obtain a
dataset of DP-protected training signals denoted by S =
{S(©1C | where C is the number of classes. Each subset
S = {(fu;, ¢, 0;) 11, contains I; tuples, with each tuple
consisting of:

e [1;: the noisy aggregated training signal,
¢ (;: the random seed used for data augmentation,
¢ 6;: the sampled model parameters at iteration :.

According to the post-processing theorem [10], any op-
eration on the DP-protected signal set that is independent
of the private data does not incur additional privacy costs.
Thus, we can repeatedly use the protected signal set for sub-
sequent optimization steps.

3.2.2. Optimization Stage

In the optimization stage, we utilize the stored training sig-
nals to optimize a synthetic dataset Z = {Z(9}C_| for I,
iterations, which is initialized with random Gaussian noise.
For each optimization iteration and each class c, the follow-
ing steps are performed:

Signal Retrieval: Randomly select (ﬂgc), G, 0;) € S,

Synthetic Signal Computation: Apply F in Eq. (1) to the
synthetic images with the stored random seed (;:

o 1
“(Z):M > Fenx(Z). )

ZjGZ(C)



3. Loss Calculation: Compute the squared ¢y distance be-

tween the synthetic and noisy real aggregated signals:

i - )|

£ — (ZC)

Iz )
. Parameter Update: Update the synthetic images Z(©) by
performing gradient descent on the loss £(%).

By decoupling sampling and optimization, we can assign
different numbers of iterations I; and I to each process
separately. This allows the optimization to converge bet-
ter through longer iterations without introducing extra DP
noise to the sampled signals.

3.3. Subspace discovery for Error Reduction (SER)

Improving the SNR in the raw extracted signal is another ef-
fective way to reduce the impact of later added DP noise. To
improve the SNR, we introduce Subspace Discovery for Er-
ror Reduction (SER). SER leverages generative models to
create auxiliary images that mimic the private dataset, en-
abling the identification of an informative subspace within
a randomly initialized neural network. By projecting the
signals onto the subspace, we effectively reduce the amount
of noise captured by random neural networks, thereby en-
hancing the SNR and reducing the impact of the DP noise.
Theoretical Insights To understand the benefits of sub-
space projection in the context of differential privacy, we
analyze the mean squared error (MSE) in estimating the true
mean signal g with or without projection where the true

c) Ex(c) [‘F(wgd

this comparison, we start with the following basic assump-
tion about the signal vector:

mean of the signal p = E_ )]. To perform

Assumption 1. Each signal vector v;, obtained by trans-
forming a randomly sampled real data point x; using the
function F, can be modeled as:

vi=p+pi+r; vl <K, (6)

where i € RP is the true mean signal vector, p; € RP
represents the informative signal with zero mean and co-
variance matrix ¥y, (of rank d), and r; € RP denotes the
uninformative signal with zero mean and covariance 3,.

The differentially private noisy mean in the original
space is calculated as fioig = % Evie s Vi + Torig, Where
Norig ~ N(0, ogrigl[ p) is Gaussian noise added to sat-
isfy a given differential privacy budget (e,d). Then, the
noisy mean in the projected space is obtained by fip; =
T Y wies P 0i + Mproj, where i ~ N(0, o2 oilla) is the
Gaussian noise added in the projected space, with the same
budget (¢,6). The noisy mean can then be reconstructed
back to the original space via fipack = P fiproj. Under these
conditions, the MSE in estimating the true mean g with and
without projection can be defined as:
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Figure 3. Illustration of Subspace discovery for Error Reduction
(SER). We aim to achieve lower MSE within the differentially pri-
vate framework by projecting training signals onto an informative
subspace.

MSEorig =E |:||I~A1'0rig - Ii||§} ,

N 2 7
MSEpk = E [”Nbaek - ﬂ“z} .

We formulate the difference between the two MSEs (as
shown in Fig. 3) with the following theorem:

Theorem 1. Under the same budget of differential privacy
(€,0), the difference of MSE with and without projection P
in estimating the true mean p can be decomposed into the
three terms:

1
T (1 - PP")%,)

MSEorig — MSEpucx =
Projection Residual

(o

Dimensional Reduction Effect

1
— (1= PPl + £ Tr (I - PPT)S,)

o2 (—max (o3
" \ max; | PTv,||3

Projection Error

Please refer to Appendix A for the complete proof. We
analyze the three terms separately as follows:
Projection Residual: This term captures the variance in
the uninformative signal excluded by the subspace P, quan-
tifying the components discarded during projection.
Dimensional Reduction Effect: This expression indicates
that the reduction in MSE benefits from (1) the norm reduc-

tion after projection, given by % and (2) the dimen-
sionality reduction from D to d.

Projection Error: This term measures the error from pro-
jecting the true mean p and the informative signal variance

Y, into P. It depends on the subspace dimension d and



the alignment between the auxiliary and private datasets. A
well-chosen subspace minimizes this error while preserving
noise reduction benefits.

In summary, the theorem shows that dimensionality re-
duction minimizes error in estimating the true mean by (1)
discarding uninformative variance in P and (2) leveraging
norm and dimensionality reduction post-projection. How-
ever, projection error introduces a trade-off, potentially im-
pacting performance due to reduced dimensions and dataset
discrepancies. To address this, we propose two methods for
creating an auxiliary dataset Dyyx:

Leveraging Pre-trained Models: We use a pre-trained
foundation model such as Stable Diffusion (SD) [22] to gen-
erate images for each category. This approach is particu-
larly effective when the target dataset’s distribution closely
aligns with the pre-trained model’s distribution. Since it
does not involve the private dataset, it also incurs no addi-
tional privacy cost. One would argue that if we already have
a generative model that can produce images for a specific
class, a direct approach is to generate images for distilla-
tion. The key advantage of our method is that it ensures
the distilled images we generate align well with the distri-
bution of the target dataset, capturing its unique character-
istics more accurately while using images from generative
models could result in distribution discrepancy.

Using Differentially Private Generative Models:
Given a total privacy budget (¢, ), we allocate a portion
(€1, 01) to train a generative model, such as a differentially
private diffusion model (DPDM) [&], on D. We then per-
form SER using a generated dataset by the trained model
and proceed with dataset distillation under the remaining
privacy budget (e, d2), ensuring that € + e = € and
01 + 62 = 4. This method maintains the overall privacy
budget, as formalized in the following theorem:

Theorem 2. The process of distilling the private dataset D
with an (€1, 61)-DP mechanism, supported by SER with an
auxiliary dataset D, satisfying (€2, d2)-DP to D, achieves
(61 + €9,01 + (52)-DP to D.

This theorem applies the basic composition theorem (see
Appendix A for the proof). Training a generative model
on the private dataset requires an additional privacy cost.
However, it is useful when the target domain is special-
ized, such as medical imaging or other niche fields not
well-represented by foundational generative models typi-
cally trained on natural images.

3.4. Overall Framework

Our framework that combines DOS and SER for differen-
tially private dataset distillation, named Dosser, is illus-
trated in Fig. 2. In the sampling stage for class ¢, for
each iteration 7, we initialize random neural networks and
identify informative signal subspaces through PCA on the
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auxiliary data, giving the projection P. We then sample

private data batch Xi(c)

pe =1 >, PT]-"(a:Z(.Z?)+m. We store P at each iteration
i along with the data tuples, forming sets (f;, (;, 0;, P;) in
S. During the Optimization Stage, we iteratively update the
synthetic dataset by aligning it with the stored noisy training
signals within the identified subspaces by:

and obtain the training signal by

2

)

2

£ —

ﬂgc) - Pz‘TN(ZC)‘

where p1¢) =3 ez PTF(29) is the averaged

signal from the synthetic dataset in the subspace. This pro-
cess leverages decoupled sampling to allow extensive opti-
mization without additional privacy costs, while subspace
discovery ensures that synthetic data captures the most rel-
evant information from the original data.

4. Experiments

4.1. Experimental Settings

Dataset For empirical evaluation, we use the MNIST [7],
FashionMNIST [33], and CIFAR-10 [5] datasets. MNIST
contains 70,000 28 x 28 grayscale images of handwritten
digits (0-9), with 60,000 for training and 10,000 for test-
ing. FashionMNIST, a more challenging variant, includes
60,000 28 x 28 grayscale images across 10 fashion cate-
gories, split into 50,000 training and 10,000 testing images.
CIFAR-10 consists of 60,000 32 x 32 color images across
10 classes, with 50,000 for training and 10,000 for testing.

Methods We evaluate the effectiveness of our method in
comparison with several state-of-the-art differentially pri-
vate data distillation approaches under a strict privacy bud-
get of (¢ = 1,6 = 107°). The methods we compare
include DP-Sinkhorn [2], DP-MERF [12], PSG [4], DP-
KIP-ScatterNet [29], and NDPDC [39]. As a baseline, we
also compare the above-mentioned methods with standard
distribution matching without differential privacy, noted as
DM w/o DP, to better understand the performance gap with
and without differential privacy. We implement Dosser
with distribution matching, based on the framework estab-
lished by Zheng and Li [39]. In our method, unless oth-
erwise specified, we set the sampling iteration to 10,000,
the optimization iteration to 200,000, and the privacy bud-
get to (1,107°). We also adopted Partitioning and Ex-
pansion Augmentation (PEA) from Improved Distribution
Matching [38], which is a technique to enhance dataset dis-
tillation by splitting and enlarging synthetic images. For
SER, on MNIST and FashionMNIST, we construct an aux-
iliary dataset by training a differentially private diffusion
model (DPDM) [8] on the private dataset with a privacy
budget of (0.2¢,0.29), followed by dataset distillation with
(0.8¢,0.84), ensuring an overall privacy budget of (e, ) as



outlined in Theorem 2. We determine the privacy-budget al-
location empirically, selecting the split that yields the high-
est validation accuracy. The results of using other DP gen-
erators can be found in Appendix D.3. For CIFAR-10, we
construct the auxiliary dataset directly using SD-v1-4 [22].
We set the subspace dimension to 500 and the auxiliary
dataset size to 1000; additional details are in Appendix D.

4.2. Evaluation Against Baselines

We compare the accuracies of various methods on MNIST,
FashionMNIST, and CIFAR-10 under (1,107°)-DP with
IPC of 10 and 50. The results are shown in Table 1. DM
without differential privacy, highlighted in green, achieves
the highest accuracy across datasets, showing the upper-
performance limit without the added privacy constraints.
Matching-based methods are highlighted in blue rows.
Among them, NDPDC, which is derived from DM, exhibits
noticeable accuracy degradation due to the addition of DP
noise. This comparison directly highlights the impact of
privacy noise on model performance. Our method, Dosser,
builds upon NDPDC by enhancing the matching process
with DOS and SER, improving its accuracy under the same
privacy constraints. These additions increase the utility of
the training signal, allowing Dosser to achieve higher ac-
curacy than NDPDC. Specifically, Dosser provides an aver-
age improvement of 1.6% on MNIST, 2.1% on FashionM-
NIST, and 10.6% on CIFAR-10, with more substantial gains
observed on the more complex datasets. Notably, Dosser
exhibits a much smaller accuracy gap to the original DM
without differential privacy. This difference is especially
apparent on CIFAR-10 with IPC=10, where Dosser’s per-
formance gap from DM w/o DP is only 1.5%, compared to
NDPDC’s 11.7% gap. In general, Dosser’s strong perfor-
mance in datasets, especially with close accuracy with DM
w/o DP, demonstrates its superior ability to mitigate the ef-
fects of noise within the differential privacy framework.

4.3. Ablation Studies

In this section, we conduct ablation studies on three key as-
pects: 1) evaluating the performance gain contributed by
each of the proposed modules, 2) examining the effect of
increasing the number of training iterations to show how
DOS improves performance through additional optimiza-
tion steps, and 3) analyzing the impact of varying the di-
mensionality of the projected subspace in SER, as well as
the amount of auxiliary data used in SER.

4.3.1. Ablating Contributions of DOS and SER

In this study, we evaluate the individual contributions of
DOS and SER, the results on CIFAR-10 are shown in Ta-
ble 2. When applying DOS alone, accuracy improves by an
average of 4.3% compared to the baseline without DOS and
SER, demonstrating the advantage of additional optimiza-
tion steps. Applying SER alone also enhances results due to
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Figure 4. Ablation studies on CIFAR-10 with ConvNet.

the increased signal-to-noise ratio introduced by SER; how-
ever, the improvement is more modest at around 1.9%. The
improvement is limited when the noise required is small
(e = 10). When both DOS and SER are applied together,
the combined benefits are clear: SER effectively capitalizes
on the additional optimization steps provided by DOS, re-
sulting in a 5.7% improvement over the baseline. This indi-
cates that while SER enhances the signal-to-noise ratio, ad-
ditional training iterations are essential for achieving opti-
mal convergence. DOS and SER complement each other by
enhancing the utility of training signals from two different
aspects, and achieve better performance when combined.

4.3.2. Impact of DOS Hyperparameters

To investigate the impact of hyperparameters in DOS,
specifically the number of optimization iterations, we an-
alyze the accuracy changes during optimization in four set-
tings varying IPC and e, while keeping 6 = 10~°. The
results on CIFAR-10 are presented in Figure 4a. In each
setting, the sampling iteration count is set to 10,000, so
the leftmost point (where the optimization iteration equals
10,000) can be regarded as the scenario without DOS. From
the figure, we observe that without DOS, the optimization
process of synthetic images does not fully converge, result-
ing in low test accuracy for downstream tasks. As the opti-
mization iterations increase, accuracy gradually improves
and ultimately reaches a much higher level than without
DOS, demonstrating the necessity of decoupling sampling
and optimization. The effect of DOS is particularly pro-
nounced with higher IPC values; the accuracy gap between
the initial and final evaluations is greater when IPC= 50
than when IPC= 10, regardless of whether € = 1 or € = 10.

4.3.3. Impact of SER Hyperparameters

To examine how subspace dimensionality and the size of
the auxiliary dataset in SER influence matching efficiency,
we analyze downstream accuracy on CIFAR-10 across var-
ious settings, as illustrated in Figure 4b. The ConvNet fea-
ture dimension is 2048. Our results indicate minimal im-
pact from varying the auxiliary dataset size, likely because



| MNIST FashionMNIST CIFAR-10
Method | IPC=10 IPC=50 | IPC=10 IPC=50 | IPC=10 IPC=50
DM w/o DP 97.8 99.2 84.6 88.7 52.1 60.6
DP-Sinkhorn [2] 31.7+ 3.2 33.9+1.7 9.8+ 0.0 22.0+0.1 — —
DP-MEREF [12] 75.0 4+ 0.3 84.4 4+ 2.3 65.5 + 3.2 71.3+£1.7 — —
DP-KIP-ScatterNet [29] 25.8 +2.1 13.8 £ 2.6 177+ 1.5 16.2 +£1.2 16.8 £ 1.1 9.5+ 0.5
PSG [4] 78.6 £ 0.7 = 68.5+ 0.5 = 33.6 0.3 =
NDPDC [39] 93.1+ 0.4 94.1 4+ 0.4 77.7 £ 0.6 78.8 £ 0.4 39.44+0.8 42.3 + 0.8
Dosser (ours) 95.3 + 0.0 96.4 £ 0.0 81.6 +0.1 81.8+ 0.2 44.2 + 0.2 49.1 + 0.5
Dosser (ours) w/ PEA [38] 96.4+ 0.0 96.7+0.1 80.1 + 0.5 83.1+0.5 50.6 + 0.1 52.3 + 0.6

Table 1. The table presents a comparison of accuracies achieved by various methods on three datasets: MNIST, FashionMNIST, and
CIFAR-10, evaluated under a privacy budget of (1,107°). Each method’s performance is reported for IPC of 10 and 50.

Dosser Components ‘ (IPC, ¢)

DOS SER | (10,1) (50,1) | (10,10) (50, 10)
X X 41.740.0 457401 | 54.140.0 57.740.0
v/ X 477401 51.04+0.2 | 56.7+£0.5 61.1+0.1
X v/ 46.54+0.2 478403 | 54.7+0.5 57.6+0.0
v v/ 50.6+0.1 523403 | 58.0+0.2 61.0+0.0

Table 2. Performance improvements from individual and com-
bined contributions of DOS and SER components under varying
IPC and privacy settings on CIFAR-10.

the variance in PCA parameters across different auxiliary
dataset sizes is small and thus has little effect on matching
performance. The only benefit of increasing dataset size is
to increase the maximum dimension we can project with
PCA. A notable observation is the substantial accuracy gap
between using the full 2048-dimensional feature space and
the results without SER. When the reduced dimensionality
is set to 2048, PCA effectively performs as a single linear
transformation that concentrates high-variance components
in the top dimensions. This suggests that PCA’s benefits are
not solely due to error reduction via dimensionality reduc-
tion but also from emphasizing high-variance components.
Since the Gaussian noise is uniformly distributed across all
dimensions, concentrating high-variance signals into fewer
components enhances the signal-to-noise ratio in those di-
mensions, thereby improving matching efficiency. We con-
ducted additional quantitative experiments to assess the di-
rect impact of our method to the MSE estimation via noise
reduction; see Appendix B for details.

5. Limitations

A limitation of our method is that it is specifically de-
signed for matching training signals from randomly initial-
ized networks, which is less competitive. Recent advances
in DD, especially those scaling to larger datasets like Im-
ageNet [14], often require pre-trained models for extract-
ing matching signal or based on trajectory matching etc.,

which have not yet been adapted to DP-constrained scenar-
i0s. In future work, we aim to explore ways to adapt our
approach to more advanced matching-based DD techniques
or other state-of-the-art DD methods. Another limitation
lies in SER, which requires an auxiliary dataset that closely
matches the distribution of the training data. For natural im-
age datasets or large datasets, we can create this auxiliary
dataset using foundational generative models or by training
a generative model with DP on the large dataset. However,
for specialized domain datasets with limited data, the per-
formance of SER may be constrained.

6. Conclusion

In this paper, we introduced a novel framework for differ-
entially private dataset distillation that combines two key
innovations: decoupling the sampling and optimization pro-
cesses and applying subspace projection to improve signal
utility. Our approach addresses the limitations of existing
matching-based methods by enabling independent control
over sampling and optimization iterations, which reduces
cumulative noise injection and allows for more efficient uti-
lization of the privacy budget. Additionally, our use of sub-
space projection identifies and focuses on the most infor-
mative signal subspace, effectively increasing the signal-to-
noise ratio within each training signal. Experimental re-
sults across multiple datasets validate that our framework
achieves superior accuracy and privacy efficiency compared
to traditional methods. Our method offers a substantial im-
provement in differentially private dataset distillation, set-
ting a new standard for privacy-preserving data synthesis.
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