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Abstract
Dataset distillation compresses a large training set into a tiny syn-

thetic set, greatly reducing training cost. However, models trained

on distilled data remain highly vulnerable to adversarial attacks,

especially in highly compressed regimes. A key challenge in robust

dataset distillation is that adversarial robustness is not automatically

inherited by synthetic data through standard distillation objectives.

In particular, sharp robust teachers provide unstable supervision,

while conventional feature-matching methods do not explicitly pre-

serve adversarial distributions. To address this issue, we proposeAd-
versarial Distribution Matching (ADM), a two-stage framework

that explicitly transfers robust knowledge into the distilled dataset.

First, ADM smooths the robust teacher via randomized weight

perturbation during fine-tuning, producing a more stable feature

space for distillation. Second, it aligns both clean and adversarial

feature distributions between real and synthetic data using charac-

teristic function matching in the spectral domain, which captures

the complex shifts induced by adversarial perturbations. Exten-

sive experiments on multiple datasets show that ADM consistently

achieves substantially stronger adversarial robustness than prior

methods while maintaining competitive clean accuracy. The code

is publicly available at https://github.com/BaiqiWu/ADM_MM26.
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1 Introduction
The rapid expansion of large-scale datasets has driven major ad-

vances in deep learning, yet training on such massive data remains

computationally intensive [21]. Dataset Distillation (DD) addresses

this by compressing a large training set into a tiny, synthetic dataset,

enabling models trained on it to achieve performance comparable to

full-data training [39]. By compressing the large-scale training data,

DD has the potential to reduce storage and computation and to en-

able efficient training in resource-constrained settings [38, 43]. Con-

sequently, DD has unlocked new efficiency in resource-constrained

settings, continual learning, and privacy preservation [29, 52].

Recent advancements in DD, such as gradient [24, 50], distribu-

tion [49, 51], and trajectory matching [2, 26], have substantially

narrowed the clean accuracy gap. Despite this progress, a critical

limitation remains. Models trained on distilled datasets are highly

vulnerable to adversarial attacks [36, 41, 53]. This weakness is espe-

cially pronounced in the highly compressed regime, where only a

few synthetic samples are used to represent the original data distri-

bution. As a result, improving adversarial robustness has become a

key challenge for dataset distillation. The goal is not only to pre-

serve clean accuracy but also to embed sufficient robustness into the

synthetic set itself. Existing attempts at robust dataset distillation

have not fully resolved this problem. They often require substantial

adversarial optimization costs in practice, yet still fail to achieve a

satisfactory trade-off between clean accuracy and adversarial ro-

bustness (see Section 5). In addition, while adversarial defense has

seen substantial progress and many adversarially pre-trained mod-

els are now publicly available, leveraging their robust knowledge

for dataset distillation remains largely unexplored [3, 19].

As mentioned above, one natural direction is to leverage an ad-

versarially pre-trained model as the teacher for distillation. Since

such a model already encodes robust decision boundaries, one may
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Figure 1: Comparison of state-of-the-art DD methods on
CIFAR-10 in terms of standard accuracy (IPC 50) and ro-
bustness (PGD-20, 𝜀 = 4/255). Our method achieves the best
robustnesswhilemaintaining competitive standard accuracy.

expect its robustness to transfer to synthetic data through existing

distillation objectives. However, our empirical study shows that

this straightforward strategy still performs poorly in practice. Stan-

dard distillation pipelines struggle to obtain synthetic data with

both strong clean performance and satisfactory robustness, even

when guided by a robust teacher. First, our study suggests that

the effectiveness of robust distillation depends not only on the

teacher’s robustness, but also on the smoothness of its loss land-

scape (see Figure 4 and Figure 3). A smoother teacher provides more

stable supervision for optimizing a highly compressed synthetic

set, whereas sharp local geometry can make the distillation process

unstable under extreme compression. Second, our analysis indi-

cates that existing distillation objectives mainly align clean features

or low-order statistics, and therefore do not explicitly constrain

how feature distributions evolve under adversarial perturbations.

As a result, even when clean representations are well aligned, the

distilled data may still fail to capture the adversarial feature dis-

tribution of real samples, so the adversarial structure cannot be

faithfully preserved in the synthetic set.

To address these challenges, we propose Adversarial Distribu-
tion Matching (ADM), a novel two-stage framework for robust

dataset distillation. In the first stage, we smooth the robust teacher

through randomized weight perturbation during fine-tuning, which

provides a more stable feature space for distillation. In the second

stage, we explicitly align both clean and adversarial feature distribu-

tions between real and synthetic data. To better capture the complex

distributions caused by adversarial perturbations, we perform this

alignment using characteristic function matching in the spectral

domain. Extensive experiments on multiple datasets demonstrate

that ADM consistently outperforms existing baselines and sub-

stantially narrows the gap between clean accuracy and adversarial

robustness. In particular, ADM achieves strong robustness under

standard PGD [28] and AutoAttack [5] attacks while maintaining

competitive clean accuracy on deep architectures such as ResNet-18.

Our main contributions are summarized as follows:

• We analyze why robustness is difficult to transfer in existing

distillation pipelines, and show that the main challenges

lie in sharp robust teachers and insufficient modeling of

adversarial feature distributions.

• We propose Adversarial Distribution Matching (ADM), a ro-

bust dataset distillation framework that smooths the teacher

and explicitly aligns adversarial distributions through char-

acteristic function matching.

• We achieve state-of-the-art results in robust dataset distil-

lation across multiple datasets, substantially improving ad-

versarial robustness while preserving strong clean accuracy,

yielding a better robustness–accuracy trade-off.

2 Related Work
2.1 Dataset Distillation
Existing methods can be broadly organized by how they match

information between real and synthetic data. Trajectory matching-

based methods optimize the synthetic dataset by aligning the pa-

rameter update trajectories of models trained on the original and

synthetic data [2, 10, 15, 26]. For example, Liu et al. [26] proposed

dynamically adjusting the trajectory matching length to resolve the

accumulated mismatching problem inherent in fixed-step schedules.

Gradient matching-based methods optimize the synthetic dataset

by minimizing the discrepancy between the gradients obtained

from training models on the synthetic and original data [24, 48, 50].

Distribution matching aligns feature distributions between real and

synthetic data with embedding networks sampled during optimiza-

tion, substantially reducing the need to backpropagate through

long inner training loops [38, 44, 49]. Zhao et al. [51] proposed a

partition and expansion augmentation strategy to mitigate feature-

level imbalance and capture fine-grained structural information. Liu

et al. [27] introduced representative matching to improve sample

efficiency and reduce redundancy in the distilled set.

2.2 Adversarial Robustness Distillation
The concept of adversarial robustness has been extensively ex-

plored in the context of adversarial attacks and defenses [8, 28].

However, despite significant advancements in adversarial defense

(e.g., full adversarial training), research aimed at improving the

robustness of student models in DD remains relatively limited.

Notable prior works in this area include DD-Robustbench [41], a

benchmark designed to evaluate robustness in distilled datasets,

and BEARD [53], which offers a comprehensive robustness evalua-

tion using a game-theoretic framework. However, their focus lies

in evaluating the existing DD algorithms rather than improving

their robustness. More recently, efforts have been made to explicitly

distill robust datasets by incorporating robustness-aware objectives

into the distillation process. For example, Xue et al. [42] proposed

GUARD, which encourages curvature patterns correlated with ad-

versarial robustness during dataset condensation. ROME [54], on

the other hand, utilizes the information-bottleneck principle and

aligns synthetic features with perturbed images to enhance robust-

ness. Nonetheless, these methods remain far from optimal under

standard robustness evaluations, exhibiting limited accuracy and

robustness (Table 1). As a result, achieving a good balance between

accuracy and robustness remains a challenging problem.

3 Preliminaries
Let D = {(𝑥𝑖 , 𝑦𝑖 )}𝑁𝑖=1 be a training set drawn from a data distribu-

tion P, where 𝑥 ∈ X ⊆ R𝑑
and𝑦 ∈ {1, . . . ,𝐶}. Amodel is denoted by
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Figure 2: Illustration of the proposed Adversarial Distribution Matching (ADM) framework.

𝑓𝜃 : X → R𝐶
with parameters 𝜃 . Let ℓ (𝑓𝜃 (𝑥), 𝑦) be the per-sample

loss and

LD (𝜃 ) = E(𝑥,𝑦)∼D
[
ℓ (𝑓𝜃 (𝑥), 𝑦)

]
, (1)

the empirical risk on D. In DD, the goal is to synthesize a compact

set S = {(𝑥 𝑗 , 𝑦 𝑗 )}𝑀𝑗=1 with 𝑀 = 𝐶𝑚 ≪ 𝑁 , where 𝐶 is the number

of classes and𝑚 is the number of Images Per Class (IPC).

Robust dataset distillation.We consider the ℓ𝑝 threat model with

perturbation budget 𝜀 > 0. The goal of robust dataset distillation is

to find a compact synthetic set S such that a model trained on it

achieves low adversarial risk on the real data distribution:

min

S, |S |=𝑀
E(𝑥,𝑦)∼P

[
max

∥𝛿 ∥𝑝 ≤𝜀
ℓ
(
𝑓𝜃S (𝑥 + 𝛿), 𝑦

) ]
, (2)

where 𝛿 denotes the adversarial perturbation and 𝜃S denotes the

model parameters obtained by training on S. The key challenge

is to construct S that encodes sufficient adversarial structure so

that the resulting model is robust. Directly optimizing Eq. (2) is

intractable, as it requires solving a nested optimization: the outer

level optimizes S, the inner level trains 𝜃S , and the evaluation itself

involves a worst-case maximization over 𝛿 .

Distribution matching. Instead of tackling this nested optimiza-

tion end-to-end, we adopt distribution matching (DM) [49, 51]
as the underlying mechanism to construct S. The core idea of DM
is to synthesize samples whose feature distribution matches that of

real data under a chosen feature extractor 𝑔(·). Let P and P̃ denote

the feature distributions induced by the real setD and the synthetic

set S, respectively. DM minimizes a distributional discrepancy:

min

S
Δ
(
E𝑥∼P [𝑔(𝑥)], E𝑥̃∼P̃ [𝑔(𝑥)]

)
. (3)

where Δ(·, ·) denotes a discrepancy measure, such as Mean Squared

Error (MSE) between feature means [7, 31, 37]. This formulation can

also be extended to richer distributional metrics such as Maximum

Mean Discrepancy (MMD) [45, 49, 51], which compares higher-

order statistics beyond the mean. Compared with trajectory- or

gradient-matching paradigms, DM does not require backpropaga-

tion through long inner training loops, making it a natural starting

point for incorporating adversarial alignment. However, standard

DM only matches the clean feature distribution and does not ex-

plicitly model how representations change under adversarial per-

turbations. Addressing this limitation is the central focus of our

method (Section 4).

4 Methodology
In this section, we present the Adversarial Distribution Matching

(ADM) framework. ADM comprises two stages: (i) constructing a

smoothed robust teacher through randomized weight perturbations

during fine-tuning, and (ii) synthesizing a robust distilled dataset

by matching adversarial characteristic functions in the spectral

domain. The overall framework is illustrated in Figure 2, and the

complete procedure is summarized in Algorithm 1.

4.1 Motivation
As mentioned above, a natural approach is to use an adversarially

pre-trained model as the teacher for robust dataset distillation. An

even simpler alternative is to apply adversarial training directly

on distilled data produced by an existing DD method. However,

our experiments show that this post-hoc strategy leads to unstable

optimization and rapid model collapse: on CIFAR-100 with IPC 50,

the test accuracy remains near chance level throughout training

and never recovers (see the supplementary material), likely because

the tiny synthetic set lacks sufficient coverage of adversarial neigh-

borhoods near class boundaries. This indicates that robustness must

be incorporated during distillation itself. However, our empirical

results show that simply using a robust teacher within a standard

pipeline also fails to yield synthetic data with both strong clean

accuracy and satisfactory robustness.

To understand what limits robustness transfer in this setting,

we compare three widely used adversarially pre-trained teachers,

namely TRADES [46], AWP [40], and DHAT [47], within two repre-

sentative distillation frameworks, DELT [33] and NCFM [38]. For a

compact comparison, Figure 4 plots the clean accuracy and robust-

ness of each configuration, with HRS contours overlaid to visualize

the overall trade-off (higher values indicate better balance). The

full definition of HRS is provided in the supplementary material.

Through this comparison, we make three key observations.
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Figure 3: Comparison of the loss landscapes [11] of the origi-
nal model (top row) and the fine-tuned model (ours; bottom
row). Loss landscapes are generated from the same original
image randomly selected from the CIFAR-100 test set.

Observation 1: teacher robustness alone is not sufficient for
robust dataset distillation.WhenDELT andNCFMuse a standard

teacher, they retain reasonable clean accuracy but achieve almost

no robustness. Replacing the standard teacher with an adversari-

ally pre-trained one does not automatically resolve this. Although

the teacher itself is robust, the resulting distilled data still fails to

achieve a satisfactory balance between clean accuracy and robust-

ness, and in some cases clean performance drops substantially. This

indicates that robust knowledge is not automatically inherited by

the synthetic set through standard distillation objectives.

Observation 2: robustness transfer depends strongly on
the smoothness of the teacher’s loss landscape. As shown in

Figure 3, different teachers exhibit noticeably different loss land-

scapes. Among them, DHAT is smoother than TRADES, and it

consistently leads to better robust distillation results across both

DELT and NCFM. This is especially important in the DD setting be-

cause the synthetic set is optimized directly under teacher guidance.

When the teacher response changes too abruptly, small updates

to synthetic samples can induce large changes in loss or features,

making the optimization unstable under extreme compression.

Observation 3: clean feature matching does not preserve
adversarial structure. Even with a smooth robust teacher, exist-

ing distillation objectives mainly align clean features or low-order

statistics. Such objectives may preserve the clean structure of real

data, but do not explicitly constrain how representations evolve

under adversarial perturbations. As a result, the distilled set may

fail to capture the adversarial behavior of real samples.

These observations suggest that effective robust dataset distilla-

tion requires two key conditions: (1) the teacher should exhibit a

smooth loss landscape, providing stable supervisory signals, and

(2) the distillation objective should explicitly preserve adversarial

feature distributions, not only clean feature structure. These two

conditions directly correspond to Stage I (Section 4.2) and Stage II

(Section 4.3) of our framework, respectively.

4.2 Smoothing Robust Teacher Model
As discussed in Section 4.1, the smoothness of the teacher’s loss

landscape largely determines the amount of adversarial robustness

that can be transferred into the synthetic set S. Motivated by the
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Figure 4: Motivational comparison of different teacher mod-
els for various DDmethods onCIFAR-10 (IPC 10). Robustness
is evaluated under PGD-20 (𝜀 = 4/255).

observation that randomized weight perturbations can bias opti-

mization toward flatter minima [13, 17, 18, 20, 40], we smooth a

robustly pre-trained teacher by introducing small Gaussian weight

perturbations during adversarial fine-tuning. Concretely, for each

mini-batch we construct a randomized surrogate teacher to gen-

erate adversarial examples in a local neighborhood of the current

weights, while the base teacher is updated using deterministic clean

and robust supervision together with lightweight Taylor proxies.

Specifically, for each mini-batch we construct a randomized

surrogate teacher by perturbing the current weights with a small

Gaussian perturbation:

˜𝜃 = 𝜃 + 𝑢, 𝑢 ∼ N(0, 𝜎2𝐼 ), (4)

where 𝑢 denotes the sampled weight perturbation. The smoothing

effect can be formalized through the following Gaussian-smoothed

objective:

min

𝜃
E(𝑥,𝑦)∼D

[
ℓ
(
𝑓𝜃 (𝑥), 𝑦

)
+ 𝛽 E𝑢

[
max

∥𝛿 ∥𝑝 ≤𝜀
ℓ
(
𝑓𝜃+𝑢 (𝑥 + 𝛿), 𝑦

) ] ]
, (5)

Eq. (5) should be viewed as a conceptual smoothed robust objective

in weight space. In practice, rather than differentiating the expecta-

tion over randomized weights exactly, we follow a single-sample

randomized-surrogate approximation and optimize the resulting

base-model objective with lightweight Taylor proxies.

For the inner maximization, we sample one noise vector 𝑢 per

mini-batch, instantiate the randomized surrogate 𝑓 ˜𝜃 , and keep
˜𝜃

fixed during the entire PGD procedure. We generate adversarial

examples by 𝑇 -step PGD:

𝑥
(𝑡+1)
adv

← ΠB𝑝 (𝑥,𝜀 )
(
𝑥
(𝑡 )
adv
+ 𝜂atk · sign

(
∇𝑥 ℓ (𝑓 ˜𝜃 (𝑥

(𝑡 )
adv
), 𝑦)

) )
, (6)

and set 𝑥adv = 𝑥
(𝑇 )
adv

. For the outer update, we switch back to the

deterministic teacher 𝑓𝜃 and optimize:

Ltotal = (1 − 𝛼)Lcln + 𝛽Ladv + 𝛼L1st +
𝛼

2

L2nd . (7)
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Algorithm 1 Robust Dataset Distillation via Adversarial Distribu-

tion Matching

Require: Real dataset D; initial robust teacher 𝜃0; IPC budget𝑚;

noise std 𝜎 ; PGD steps𝑇 and step size 𝜂atk; Taylor proxy weight

𝛼 ; adversarial loss weight 𝛽 ; frequency sampler 𝐹T with 𝑛𝑓

frequencies; adversarial CFD weight𝑤 ; learning rates 𝜂𝜃 , 𝜂S .
Ensure: Distilled dataset S and smoothed robust teacher 𝜃★.

1: // Stage I: Smooth and robust teacher model
2: Initialize 𝜃 ← 𝜃0
3: for 𝑒𝑝𝑜𝑐ℎ = 1 to 𝐸𝑝𝑜𝑐ℎ

teacher
do

4: Sample minibatch B ⊂ D
5: Sample weight noise 𝑢 ∼ N(0, 𝜎2𝐼 ); set surrogate ˜𝜃 = 𝜃 + 𝑢

{Implicitly flatten the loss landscape}

6: Generate adversarial examples {𝑥adv} for B by 𝑇 -step PGD

under 𝑓 ˜𝜃 with step size 𝜂atk
7: Update 𝜃 ← 𝜃 −𝜂𝜃∇𝜃Ltotal (𝜃 ;B) using Eq. (7) {Outer update

on deterministic 𝑓𝜃 }

8: end for
9: Set 𝜃★← 𝜃 and extractor 𝑔(·) = 𝑔𝜃★ (·)
10: // Stage II: Adversarial distribution alignment
11: Initialize S with𝑚 labeled synthetic samples per class

12: for 𝑖𝑡𝑒𝑟 = 1 to 𝐼𝑡𝑒𝑟distill do
13: Sample minibatches B ⊂ D and B̃ ⊂ S; sample frequencies

M ∼ 𝐹T with |M| = 𝑛𝑓

14: Generate 𝑥adv for 𝑥 ∈ B and 𝑥adv for 𝑥 ∈ B̃ by 𝑇 -step PGD

under 𝑓𝜃★

15: Compute clean CFD Ccln and adversarial CFD Cadv by Eq. (13)

16: Update S ← S −𝜂S∇SL, where L is computed via Eq. (15)

17: end for
18: return S, 𝜃★

where Lcln and Ladv are the clean and adversarial cross-entropy

losses evaluated on the deterministic teacher 𝑓𝜃 , and L1st, L2nd

are lightweight Taylor proxy losses that penalize the discrepancy

between the classifier’s gradient statistics on clean and adversarial

inputs, further flattening the teacher’s loss landscape by encourag-

ing locally consistent gradient responses (precise forms are given in

the supplementary material). In this way, the randomized surrogate

is used to smooth adversarial-example generation, while the base

teacher is updated by deterministic clean and adversarial super-

vision regularized by Taylor-inspired local sensitivity alignment.

Theorem 4.1 characterizes Gaussian smoothing of the conceptual

robust objective in weight space, providing theoretical motivation

for the randomized-surrogate design used in our teacher fine-tuning

procedure.

Theorem 4.1 (Gaussian smoothing of the robust branch).

Let 𝑧 ∼ N(0, Σ) be independent of 𝜃 , and define
𝜙 (𝜗 ;𝑥,𝑦) := max

∥𝛿 ∥𝑝 ≤𝜀
ℓ (𝑓𝜗 (𝑥 + 𝛿), 𝑦), (8)

RΣ (𝜃 ;𝑥,𝑦) := E𝑧 [𝜙 (𝜃 + 𝑧;𝑥,𝑦)] . (9)

Then RΣ is the Gaussian convolution of 𝜙 in parameter space:

RΣ (𝜃 ;𝑥,𝑦) =
∫
R𝑑

𝜙 (𝑣 ;𝑥,𝑦) 𝑔Σ (𝑣 − 𝜃 ) 𝑑𝑣, (10)

Iteration 0 Iteration 1000 Iteration 2000 Iteration 4000
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Figure 5: Characteristic function discrepancy along uni-
formly spaced frequency directions in PCA-projected feature
space. Top row: clean inputs; bottom row: adversarial inputs.
Both gaps shrink as distillation progresses.

where 𝑔Σ is the density of N(0, Σ). Hence, if 𝜙 (·;𝑥,𝑦) is locally in-
tegrable and has at most polynomial growth, then RΣ (·;𝑥,𝑦) ∈ 𝐶∞.
Moreover, under standard dominated-convergence conditions,

∇𝜃RΣ (𝜃 ;𝑥,𝑦) = E𝑧 [∇𝜃𝜙 (𝜃 + 𝑧;𝑥,𝑦)] . (11)

Therefore, sampling one perturbation per mini-batch yields a single-
sample Monte Carlo estimate of the gradient of the smoothed robust
branch.

The proof is provided in the supplementary material.

4.3 Adversarial Distribution Alignment
As established in Section 4.1 (Observation 3), matching the clean

feature distribution alone does not guarantee that adversarial struc-

ture is preserved in the synthetic data. To address this, we propose

explicitly aligning the adversarial feature distributions. Because ad-

versarial perturbations induce complex, heavy-tailed geometric dis-

tortions [30], standard low-order matching metrics (e.g., MSE) [45]

are fundamentally insufficient. Instead, we leverage the Charac-

teristic Function (CF) to align the entire probability distribution

of adversarial responses via infinite-order moment matching [12].

This spectral perspective captures the full distributional geometry

rather than overfitting to low-order summary statistics.

Characteristic Function Discrepancy. For a random variable 𝒛
representing the feature vectors extracted by 𝑔(·), its distribution
can be uniquely and comprehensively described by its characteristic

function. Specifically, the CF of 𝒛 is the expectation of its complex

exponential transform:

Φ𝒛 (𝒕) = E𝒛

[
𝑒 𝑗 ⟨𝒕,𝒛⟩

]
=

∫
𝒛
𝑒 𝑗 ⟨𝒕,𝒛⟩𝑑𝐹 (𝒛), (12)

where 𝐹 (𝒛) denotes the cumulative distribution function (CDF) of

𝒛, 𝑗 =
√
−1 is the imaginary unit, and 𝒕 is the frequency argument.

In practice, the CF is approximated empirically using the feature

set Z = {𝑔(𝑥) | 𝑥 ∈ D} or Z̃ = {𝑔(𝑥) | 𝑥 ∈ S} as Φ𝒛 (𝒕) =
1

𝑁

∑𝑁
𝑖=1 𝑒

𝑗 ⟨𝒕,𝒛𝑖 ⟩
, where 𝑁 is the sample size in the dataset.

Based on the uniqueness and convergence properties of CFs [25],

we define the Characteristic Function Discrepancy (CFD) between
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Table 1: Robustness evaluation under various adversarial attacks on CIFAR-10 and CIFAR-100. All evaluations are conducted
on ResNet-18 with 𝜀 = 4/255. † denotes officially released open-source distilled data generated using ConvNet.

IPC IPC 1 IPC 10 IPC 50

Dataset Method Clean FGSM PGD-20 AA Clean FGSM PGD-20 AA Clean FGSM PGD-20 AA

C
IF
A
R
-1
0

DC
†
[50] 26.02±1.69 11.79±1.48 10.95±1.43 10.77±1.39 38.33±1.08 9.51±0.62 6.92±0.63 6.83±0.62 39.75±0.37 6.28±0.56 3.71±0.45 3.64±0.45

DSA
†
[48] 26.42±0.74 14.99±1.25 14.46±1.32 14.33±1.33 36.61±0.80 7.56±1.02 5.31±1.04 5.19±1.06 49.66±0.71 6.01±0.54 2.93±0.30 2.93±0.33

MTT
†
[2] 17.39±2.17 8.69±2.05 8.24±2.11 8.14±2.10 41.38±0.64 7.58±0.59 4.99±0.59 4.81±0.55 56.57±1.09 5.64±0.39 2.22±0.28 2.21±0.25

SRe2L [43] 12.53±1.01 5.26±0.69 4.37±0.65 4.25±0.58 25.60±0.43 5.35±0.68 3.05±0.63 2.81±0.61 43.25±1.04 3.06±0.31 0.51±0.15 0.42±0.13
DM

†
[49] 13.74±1.60 11.38±0.72 11.30±0.68 11.26±0.68 39.75±1.46 9.77±0.60 7.35±0.77 7.23±0.76 54.79±1.17 9.09±0.71 4.89±0.50 4.88±0.47

DANCE [44] 21.65±0.29 9.60±0.37 8.24±0.37 7.72±0.41 49.37±1.81 2.04±0.17 0.23±0.12 0.14±0.06 58.08±1.36 3.20±0.41 0.01±0.01 0.00±0.00

RDED [35] 20.48±0.98 6.43±0.61 4.53±0.92 4.08±1.04 29.08±0.98 2.14±0.44 0.73±0.25 0.61±0.26 52.77±1.60 4.79±0.52 1.27±0.36 1.17±0.37
DELT [33] 20.85±0.66 10.17±0.84 9.13±0.90 8.72±0.80 37.23±0.89 9.68±1.31 6.32±0.91 5.84±0.86 67.05±0.95 9.20±0.53 2.01±0.52 1.78±0.45
NCFM [38] 27.52±0.92 5.42±0.47 3.78±0.41 3.32±0.36 51.99±1.15 7.37±0.65 3.80±0.47 3.06±0.48 72.95±0.68 9.86±2.14 0.03±0.02 0.01±0.01

GUARD [42] 18.23±1.23 8.33±1.91 7.18±1.75 6.93±1.88 22.12±0.89 4.59±0.83 3.06±0.91 2.87±0.94 49.75±1.25 10.47±0.45 5.29±0.59 4.99±0.59
ROME

†
[54] 9.51±0.66 8.46±1.93 8.45±1.94 8.40±2.01 11.28±2.39 5.12±1.87 4.62±1.84 4.34±1.86 18.01±1.57 5.83±0.61 4.62±0.44 4.60±0.45

Ours 39.79±0.87 28.37±0.74 18.61±0.73 15.06±0.79 61.00±0.67 46.58±0.43 32.22±0.21 27.78±0.25 73.08±0.18 59.15±0.39 42.89±0.56 37.97±0.86

C
IF
A
R
-1
00

DC
†
[50] 9.26±0.35 2.98±0.36 2.44±0.43 2.19±0.42 12.94±0.26 3.09±0.23 2.17±0.20 2.09±0.18 16.56±0.85 3.22±0.08 1.68±0.10 1.49±0.13

DSA
†
[48] 11.02±0.23 3.54±0.24 2.82±0.25 2.51±0.25 21.10±0.48 4.44±0.16 2.82±0.15 2.65±0.15 41.19±0.68 6.23±0.44 2.07±0.36 1.73±0.34

MTT
†
[2] 4.35±0.28 1.84±0.21 1.65±0.19 1.48±0.18 23.72±0.70 3.32±0.20 1.81±0.18 1.64±0.16 42.09±0.64 2.14±0.20 0.17±0.07 0.11±0.04

SRe2L [43] 4.69±0.16 1.23±0.06 0.93±0.10 0.58±0.09 23.94±0.91 2.75±0.26 0.55±0.04 0.33±0.04 52.66±0.52 6.13±0.36 0.08±0.03 0.02±0.01
DM

†
[49] 3.23±0.27 1.11±0.22 1.00±0.22 0.82±0.24 20.92±0.64 3.31±0.20 1.73±0.18 1.64±0.18 41.81±0.26 4.80±0.22 0.92±0.20 0.74±0.16

DANCE [44] 5.29±0.09 1.39±0.16 1.10±0.15 0.94±0.14 22.43±1.02 1.19±0.25 0.01±0.01 0.00±0.00 26.15±0.98 2.75±0.53 0.02±0.03 0.00±0.00

RDED [35] 9.83±0.45 1.38±0.22 1.05±0.20 0.57±0.13 43.22±0.60 4.79±0.16 1.14±0.12 0.68±0.10 66.70±0.56 10.66±0.38 0.63±0.05 0.33±0.04
DELT [33] 8.29±0.53 2.52±0.17 2.05±0.15 1.50±0.14 45.53±0.92 5.01±0.34 0.16±0.04 0.05±0.02 66.29±0.44 8.92±0.26 0.20±0.02 0.06±0.00
NCFM [38] 10.91±0.82 2.00±0.13 1.56±0.13 1.13±0.09 44.73±0.54 4.75±0.69 0.19±0.05 0.03±0.01 52.50±0.81 6.28±0.42 0.06±0.02 0.00±0.01

GUARD [42] 9.60±0.26 2.16±0.18 1.65±0.15 1.47±0.17 38.41±0.85 4.56±0.18 1.28±0.08 1.06±0.07 53.64±0.30 6.84±0.13 1.65±0.09 1.42±0.09
ROME

†
[54] 1.12±0.12 0.91±0.08 0.90±0.08 0.88±0.11 0.99±0.06 0.76±0.19 0.75±0.19 0.75±0.19 1.61±0.10 0.49±0.17 0.37±0.16 0.34±0.17

Ours 33.64±1.35 22.72±0.68 14.70±0.50 10.12±0.31 52.53±0.27 41.27±0.52 27.91±0.14 14.82±0.50 57.35±0.78 45.79±0.79 35.93±0.17 16.14±1.16

the real distribution P and the synthetic distribution P̃ as:

CT (P, P̃) =
∫
𝒕

��ΦP (𝒕) − ΦP̃ (𝒕)
�� 𝑑𝐹T (𝒕), (13)

where 𝐹T denotes the sampling distribution over the frequency ar-

gument 𝒕 . By integrating across the frequency domain, CT functions
as a unified distance metric that inherently captures the complex

adversarial distributions crucial to robust dataset distillation.

Dual-Feature Distribution Matching. Traditional distribution
matching relies exclusively on clean features, leaving models highly

vulnerable to adversarial attacks. To bridge this gap, we propose

a comprehensive Dual-Feature Alignment strategy that explicitly

matches the teacher’s representations under both natural and ad-

versarial conditions. For real samples 𝑥 ∼ P and synthetic samples

𝑥 ∼ P̃, we concurrently extract their clean features, 𝑔(𝑥) and 𝑔(𝑥),
and generate their corresponding PGD adversarial counterparts,

𝑥adv and 𝑥adv. To capture their complete distributional statistics,

we formulate the characteristic function for both domains. Specifi-

cally, the Adversarial Characteristic Function (ACF) encapsulates

the robust feature distribution:

Φadv (𝒕 ; P) = E𝑥∼P
[
𝑒 𝑗 ⟨𝒕,𝑔 (𝑥adv ) ⟩

]
, Φadv (𝒕 ; P̃) = E

𝑥̃∼P̃
[
𝑒 𝑗 ⟨𝒕,𝑔 (𝑥̃adv ) ⟩

]
,

(14)

A parallel clean characteristic function, Φcln, is derived identically

using the unperturbed features. The discrepancy for both feature

spaces is then evaluated by substituting Φcln and Φadv into Eq. (13),

yielding the respective spectral losses Lcln and Ladv.

Unlike standard metrics (e.g., MSE) that inherently focus on

aligning low-order statistics, adversarial perturbations induce com-

plex, heavy-tailed deformations. Having defined the characteristic

functions for both clean and adversarial feature spaces, we now for-

mulate the joint optimization objective used to update the synthetic

dataset.

Joint Distillation Objective. To make Eq. (13) computationally

tractable, we approximate the integral via Monte Carlo sampling

over a discrete frequency setM ∼ 𝐹T . Our final objective optimizes

the synthetic dataset S by jointly minimizing the empirical clean

and adversarial characteristic function discrepancies:

min

S

1

|M|
∑︁
𝒕∈M

[ ���Φcln (𝒕 ; P) − Φcln (𝒕 ; P̃)
���

+𝑤
���Φadv (𝒕 ; P) − Φadv (𝒕 ; P̃)

��� ] . (15)

where 𝑤 is a hyperparameter that balances the clean and adver-

sarial alignment terms. Figure 5 visualizes how the characteristic-

function discrepancy on both clean and adversarial features grad-

ually shrinks during distillation. The following theorem formally

justifies CF matching by establishing its connection to full distribu-

tional alignment:

Theorem 4.2 (Distributional Implication of CF Matching).

Let Padv and P̃adv denote the adversarial feature distributions of real
and synthetic data, respectively. If

Φadv (t; P) ≡ Φadv (t; P̃), ∀ t ∈ R𝑑 , (16)

then
Padv = P̃adv . (17)
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Table 2: ImageNet-100 results at IPC 10 (accuracy, %).

Method Clean FGSM PGD-20 AA

DC 4.64 ± 0.56 1.28 ± 0.16 1.03 ± 0.13 0.95 ± 0.12
DSA 10.66 ± 0.41 1.94 ± 0.22 0.67 ± 0.07 0.58 ± 0.09
MTT 8.13 ± 0.48 1.04 ± 0.08 0.27 ± 0.04 0.22 ± 0.05
SRe2L 19.78 ± 0.67 0.67 ± 0.13 0.16 ± 0.00 0.15 ± 0.01
DM 12.81 ± 0.64 2.25 ± 0.22 0.71 ± 0.13 0.59 ± 0.12
DANCE 12.14 ± 0.21 1.82 ± 0.09 0.46 ± 0.07 0.33 ± 0.06
RDED 33.94 ± 1.05 4.48 ± 0.22 0.74 ± 0.04 0.34 ± 0.04
DELT 27.04 ± 0.87 2.13 ± 0.17 0.24 ± 0.03 0.08 ± 0.02
NCFM 32.28 ± 0.75 2.40 ± 0.19 0.16 ± 0.02 0.07 ± 0.03
GUARD 23.53 ± 0.43 0.71 ± 0.13 0.07 ± 0.04 0.06 ± 0.04
ROME 2.96 ± 0.28 0.76 ± 0.16 0.41 ± 0.19 0.38 ± 0.19
Ours 39.74 ± 0.37 25.53 ± 0.52 20.47 ± 0.38 14.54 ± 0.06

Consequently, for any measurable function ℎ with finite expectation,

Ez∼P
adv
[ℎ(z)] = Ez̃∼P̃

adv

[ℎ(z̃)] . (18)

In particular, all finite uncentered cross-moments that exist under
these distributions are identical.

The proof is provided in the supplementary material.

5 Experiments
5.1 Experimental Settings
Baseline Methods. We evaluate the effectiveness of our proposed

method by comparing it with a diverse set of representative base-

lines. These include general dataset distillation methods from sev-

eral major categories: gradient-matching methods, such as DC [50]

andDSA [48]; distribution-matching methods, such asDM [49] and

DANCE [44]; trajectory-matching methods, such as MTT [2]; and

optimization-based methods, such as SRe2L [43]. We also include

recent state-of-the-art methods, including RDED [35], DELT [33],

and NCFM [38]. Moreover, we compare our method against robust-

specific baselines, including GUARD [42] and ROME [54].

Datasets and Networks. Experiments are conducted on CIFAR-
10, CIFAR-100 [22], Tiny-ImageNet [23], ImageNet-100, and
ImageNet subsets. Results for the six 10-class ImageNet subsets

are reported in the supplementary material. Following the conven-

tion in adversarial robustness research, we adopt ResNet-18 [16]

as both the default teacher and student models. It is important to

note that scaling existing dataset distillation methods (e.g., gradi-

ent or trajectory matching) to deep architectures like ResNet-18

is non-trivial, often leading to severe optimization instability or

non-convergence. To ensure a fair and rigorous comparison, we

directly used the officially released distilled datasets generated by

ConvNet [49] for these methods in our experiments. Regardless of

the architecture used for synthesis, all distilled datasets are evalu-

ated on ResNet-18 to establish a consistent benchmark.

EvaluationMetrics.We reportCleanAccuracyAclean = Pr(𝑓 (𝑥) =
𝑦) and Robust Accuracy Arob = Pr(𝑓 (𝑥adv) = 𝑦). Together, these
metrics characterize the trade-off between standard predictive util-

ity and adversarial resilience. In the main results, we report clean

and robust accuracy separately for transparency, while using the

Harmonic Robustness Score (HRS) only when a single summary

of the clean-robust trade-off is needed. Its definition is given in the

supplementary material.

R
ob
us
tn
es
s(
%
)

Methods

Figure 6: Results on Tiny-ImageNet under the same evalua-
tion protocol as Table 1. ADM consistently achieves stronger
robustness under PGD-20.

Evaluation Attacks. We evaluate the models under the ℓ∞ threat

model with amaximum perturbation budget of 𝜀 = 4/255.We report

robust accuracy against both FGSM [14] and a 20-step PGD [28]

attack (PGD-20) with a step size of 𝜂atk = 1/255. We also report

performance under standard AutoAttack (AA) [5] which consists

of APGD-CE [5], APGD-DLR [5], FAB [4] and Square [1].

Implementation Details. To ensure fairness and reliability, all

results are averaged over five independent runs with different ran-

dom seeds, and we report the mean and standard deviation. In

distribution matching, adversarial examples for both real and syn-

thetic data are generated using 5-step ℓ∞ PGD with 𝜀 = 8/255 and
step size 2/255. Detailed hyper-parameter configurations for each

dataset and IPC budget are provided in the supplementary material.

5.2 Main Results
Adversarial robustness. Table 1 reports the robustness evalua-
tion under FGSM, PGD-20, and AutoAttack. Across both CIFAR-10

and CIFAR-100, ADM consistently delivers the strongest robust-

ness among all compared methods while maintaining competitive

clean accuracy. On CIFAR-10, ADM attains 61.00 ± 0.67% clean

accuracy and 32.22 ± 0.21% PGD-20 robust accuracy at IPC 10, and

further improves to 73.08± 0.18% clean accuracy with 42.89± 0.56%
PGD-20 and 37.97 ± 0.86% AutoAttack accuracy at IPC 50. On

CIFAR-100, ADM achieves 35.93% PGD-20 accuracy at IPC 50. In

contrast, although several general-purpose distillation methods

achieve relatively high clean accuracy at larger IPC budgets, their

robust accuracy remains close to zero. Results on Tiny-ImageNet

(Figure 6) and ImageNet-100 at IPC 10 (Table 2) further support

this observation. Notably, robustness-oriented baselines such as

GUARD and ROME provide only limited gains under the same pro-

tocol, indicating that explicitly aligning adversarial distributions

is critical for preserving robustness after condensation. Further

results under larger IPC budgets, together with visualizations of

the distilled samples, are provided in the supplementary material.

Cross-architecture robust generalization. To evaluate whether

the distilled sets generalize across architectures, we test them on

VGG11, MobileNetV2, and ViT under both clean and adversarial
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Table 3: Cross-architecture robust generalization on CIFAR-10. The distilled datasets are evaluated on a range of architectures
beyond the default ResNet-18. We report Clean Accuracy (Cln.) and Robust Accuracy (Rob.) under PGD-20 with 𝜀 = 4/255.

Method
IPC 10 IPC 50

VGG11 [34] MBV2 [32] ViT [9] VGG11 [34] MBV2 [32] ViT [9]

Cln. Rob. Cln. Rob. Cln. Rob. Cln. Rob. Cln. Rob. Cln. Rob.

DM [49] 44.65±0.98 9.68±0.54 31.48±1.68 2.47±0.89 26.04±0.18 2.53±0.25 59.06±0.41 6.51±0.40 42.35±1.06 3.27±0.34 34.73±0.21 1.16±0.21
SRe2L [43] 27.69±0.31 1.81±0.30 20.43±0.28 0.00±0.01 20.05±0.48 9.76±1.48 43.18±0.55 0.34±0.10 24.41±1.52 0.08±0.07 21.76±0.54 2.87±0.48
MTT [2] 45.80±1.36 5.07±0.57 31.36±1.01 1.08±0.13 25.65±0.52 0.74±0.15 62.02±0.83 3.11±0.37 45.11±1.45 1.40±0.37 35.81±0.85 0.57±0.28
DANCE [44] 56.54±0.46 1.14±0.12 43.68±1.02 0.59±0.09 34.76±1.04 1.18±0.26 63.39±0.53 0.06±0.10 54.66±1.21 0.01±0.01 48.19±0.49 0.22±0.04

RDED [35] 38.11±0.97 4.39±0.75 23.59±0.96 0.00±0.00 24.38±0.84 1.93±0.46 61.92±0.56 4.23±0.59 38.80±0.93 0.00±0.00 35.82±1.45 1.52±0.15
DELT [33] 41.65±0.86 5.82±0.71 30.29±0.82 0.00±0.01 22.77±0.69 5.78±0.63 62.71±0.88 3.41±0.45 41.14±0.16 0.15±0.08 23.81±1.24 3.22±1.02
NCFM [38] 47.48±0.78 1.25±0.11 36.79±0.75 2.61±0.20 28.84±0.68 1.45±0.30 64.60±0.29 4.29±0.33 50.12±1.75 3.69±0.45 41.26±1.01 0.49±0.08

GUARD [42] 23.57±0.83 4.37±0.42 19.47±1.25 0.00±0.00 16.95±0.53 7.48±2.72 46.42±1.30 5.02±0.25 23.75±1.28 0.49±0.25 20.55±0.64 2.22±0.77
ROME [54] 12.47±1.35 2.88±2.60 10.14±0.58 2.52±1.88 16.89±1.84 3.71±0.70 20.16±1.41 1.44±0.80 15.71±1.33 2.00±0.81 17.30±0.70 2.68±0.50

Ours 53.97±0.95 34.84±0.45 33.95±3.64 17.90±0.36 26.56±1.24 22.76±0.96 67.50±0.28 44.76±0.20 58.23±1.22 33.25±1.27 43.83±0.22 33.87±0.26

Table 4: Effect of teacher smoothness on distillation quality.
Results are reported on CIFAR-10 with IPC= 10 using ResNet-
18. Smaller 𝜎F and 𝑓 (20) indicate a smoother teacher.

Variant 𝜎F ↓ 𝑓 (20) ↓
TRADES AWP DHAT TRADES AWP DHAT

Standard 0.73 0.89 0.33 1.948 1.986 1.087

Ours 0.25 0.20 0.09 1.250 1.097 0.792

conditions. As shown in Table 3, ADM exhibits markedly stronger

cross-architecture robustness than all baselines. At IPC 50 on CIFAR-

10,ADM achieves 44.76±0.20% PGD-20 accuracy on VGG11, 33.25±
1.27% on MobileNetV2, and 33.87 ± 0.26% on ViT, while the best

competing methods reach at most 6.51%, 3.69%, and 3.22% on the

same architectures, respectively. A similar advantage is already

evident at IPC 10. These results suggest that ADM does not merely

overfit the teacher backbone, but instead captures robust structure

that transfers across model families.

Comparison with Trajectory Matching.We analyze standard

MTT [2], FTD [10], TESLA [6], and DATM [15] for robustness, and

their adversarially adapted variants for computational cost. Detailed

results in the supplementary material show that the former transfer

little robustness and the latter are substantially less scalable.

5.3 Ablation Study
Effect of teacher smoothing. We first examine whether the pro-

posed weight-perturbation fine-tuning effectively smooths robust

teachers. Table 4 reports two smoothness indicators on CIFAR-10

with IPC= 10, namely the empirical input-space loss curvature mea-

sure 𝜎F and the loss variation metric 𝑓 (20). Smaller values indicate

a smoother loss landscape, and formal definitions are provided in

the supplementary material. Across all three robust teachers, our

smoothing stage consistently reduces both quantities by a large

margin. These results verify that the proposed randomized weight

perturbation produces a consistently smoother teacher landscape,

which supports the more stable adversarial distribution transfer

observed in the main experiments.

Effect of the number of sampled frequencies.We study how the

number of sampled frequency arguments 𝑛𝑓 in the characteristic-

function matching objective affects distillation quality. Increasing

𝑛𝑓 can improve the Harmonic Robustness Score (HRS), a summary

metric that captures the trade-off between clean accuracy and ro-

bust accuracy (its full definition is provided in the supplementary

material). This is expected, as denser spectral sampling better ap-

proximates the true distribution discrepancy. Performance saturates

around 𝑛𝑓 = 4096, beyond which further increases yield diminish-

ing returns. We therefore adopt 𝑛𝑓 = 4096 as the default setting.

Complete results are provided in the supplementary material.

6 Discussion
Limitations.WhileADM efficiently bridges the gap between clean

accuracy and robustness, it introduces computational overhead

due to the required PGD generation during inner optimization

loops. Additionally, as a feature-matching paradigm, the distilled

robustness is inherently bounded by the teacher’s functional space,

which may marginally degrade cross-architecture transferability.

Future Work. Future work will focus on two directions. First,

improving the efficiency of adversarial example generation is im-

portant for scaling robust distillation to higher-resolution data and

larger backbone architectures. Second, it would be valuable to re-

duce the dependence on a specific robust teacher by developing

teacher-agnostic or jointly optimized formulations.

7 Conclusion
We propose Adversarial Distribution Matching (ADM), a robust

dataset-distillation framework for overcoming sharp adversarial-

teacher landscapes and feature-matching objectives that fail to pre-

serve adversarial distributions. ADM smooths the teacher through

randomized weight perturbations and aligns clean and adversarial

feature distributions using characteristic functions in the spectral

domain. Experiments show that ADM substantially improves ad-

versarial robustness while retaining competitive clean accuracy

and strong cross-architecture generalization under severe data

compression across multiple datasets, covering a range of eval-

uation settings as well as different IPC budgets.
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