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Abstract

Dataset distillation has achieved remarkable progress as an
effective approach for data compression. However, real-world
data often comes from diverse domains, leading to poten-
tial mismatches between the domains of synthesized images
and those of the evaluation set. Existing methods primar-
ily assume domain alignment between them, which limits
their generalization ability in the above cross-domain scenar-
ios. In this paper, we aim to ensure that images synthesized
from known domains maintain robust performance on un-
seen domains and propose a novel framework called Channel-
masked Asymmetric Distribution Matching (CADM). During
asymmetric distribution matching, domain-sensitive channels
of real data are selectively masked at different layers to ex-
tract domain-invariant features that guide synthetic data op-
timization. To further improve synthetic data representation,
we introduce a class-focused domain-agnostic regularization
to capture class-relevant knowledge while ignoring domain-
specific information. Experiments show that our method pro-
duces domain-robust synthetic data and substantially im-
proves generalization performance on unseen domains.

Introduction
Dataset distillation (DD) (Wang et al. 2018) has emerged
as a promising paradigm for reducing the size of train-
ing datasets by synthesizing a compact set of informa-
tive images capable of effectively training deep neural net-
works. With carefully designed objectives, distilled data can
achieve performance competitive with or even superior to
full datasets, while significantly lowering memory and com-
putational costs (Wang et al. 2025). These advances offer
new opportunities for efficient training, rapid prototyping,
and continual learning in resource-constrained settings.

However, current distillation methods predominantly as-
sume that the domain distribution of synthetic images is
consistent with that of the validation set, while real-world
datasets span diverse domains with significant variations in
distribution, semantics, acquisition conditions, and visual
styles. For instance, object recognition datasets may encom-
pass photos, sketches, cartoons, and paintings; medical im-
ages may originate from different scanning equipment; and
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autonomous driving datasets may capture various weather
and lighting conditions. In such scenarios, DD needs to com-
press heterogeneous data from multiple domains, and simul-
taneously, the synthetic data will also encounter unseen do-
mains during validation. While current DD strategies pre-
dominantly focus on in-domain scenarios. They tend to over-
fit to statistically dominant domains while providing insuffi-
cient generalization to out-of-domain test sets—particularly
problematic under conditions of severe domain imbalance or
when discriminative features exhibit strong domain-specific
characteristics. When models trained on distilled images are
evaluated on novel domains, their performance typically ex-
hibits substantial degradation, as illustrated in Fig. 1(a).

Although domain generalization has made notable
progress, its direct integration into dataset distillation re-
mains challenging. Naive combinations often result in sub-
optimal performance. To explore this limitation, we conduct
experiments using maximum mean discrepancy (MMD)-
based distribution matching across several representative
methods. FACT (Xu et al. 2021) augments images by mixing
styles from different domains using phase and amplitude in-
formation in the fourier domain. However, such image-level
perturbations yield only marginal improvements to the dis-
tilled results, suggesting limited compatibility with the dis-
tillation objective. IRM (Arjovsky et al. 2019) improves ro-
bustness by enforcing invariant predictions across domains,
helping the pretrained model resist domain shifts. However,
it does not directly optimize the synthetic data themselves,
resulting in limited improvement. DAM (Choi et al. 2025)
first focuses on multi-domain dataset distillation, mainly tar-
geting intra-domain performance drops, but offers limited
exploration of generalization under domain shifts.

Due to the aforementioned limitations, we revisit the gen-
eralization of distilled images from a novel feature-channel
perspective. The central hypothesis is that the generalizabil-
ity of distilled data is correlated with the robustness of spe-
cific feature channels to domain shifts. Specifically, we de-
fine activation scores to measure each channel’s sensitiv-
ity to a particular domain, then quantify channel robustness
in synthetic data by computing the standard deviation of
these scores across different domains. As shown in Fig. 1(b),
MMD-based synthetic data often contains many non-robust
channels with unstable activation scores, indicating that they
capture domain-specific information. When presented with
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Figure 1: (a) Images synthesized on multi-domains are tested on both in-distribution and out-of-distribution data, revealing
severe performance degradation on unseen domains. ACS represents synthetic data whose domains are sourced from art paint-
ing, cartoon, and sketch of PACS (Li et al. 2017). (b) Variance of channel activation scores across domains for MMD and
our synthetic images. Experiments on PACS with photo as target domain, analyzing ResNet-18’s last residual block representa-
tions. (c) Generalization performance comparison between our method and others. ACS→P denotes testing on the photo using
synthetic data from art painting, cartoon, and sketch.

unseen domains, these domain-sensitive channels produce
abnormal activation patterns, causing distribution shifts. We
attribute this to real data providing misleading guidance dur-
ing optimization due to their domain-sensitive features.

To address this challenge, we propose a novel distribu-
tion matching framework called Channel-masked Asym-
metric Distribution Matching (CADM) for distilling im-
ages with enhanced cross-domain generalization. During
pretraining, we train domain discriminators at each network
layer to identify domain-sensitive channels for the distil-
lation process. During the asymmetric distribution match-
ing, we randomly mask highly sensitive channels in real
data based on their activation scores, ensuring that real data
can provide domain-invariant feature distributions to guide
synthetic data optimization, while synthetic data are di-
rectly fed to subsequent layers. Furthermore, we enhance
the regularization term of dataset distillation by introducing
a class-focused domain-agnostic regularization constraint.
It applies domain-sensitive channel masking when comput-
ing classification losses for synthetic data, while simultane-
ously enforcing consistency between logits obtained from
the same synthetic data under different random domain-
sensitive channel masking strategies. This generates more
class-relevant yet domain-invariant synthetic data, improv-
ing domain robustness while preserving diversity. As illus-
trated in Fig. 1(c), compared to existing approaches, our
method significantly improves the generalization perfor-
mance of distilled images.

Our contributions are summarized as follows:
• We deeply investigate multi-domain dataset distillation

and the generalization of synthetic images when the do-
main distribution differs between the distillation and val-
idation phases.

• We propose CADM that uses asymmetric distribution
matching and class-focused domain-agnostic regulariza-
tion to enhance synthetic data robustness.

• Our method achieves state-of-the-art performance, sur-
passing prior approaches in producing distilled datasets

with strong cross-domain generalization while maintain-
ing competitive within-domain performance.

Related Work
Distribution Matching in Dataset Distillation
Dataset distillation was first proposed by (Wang et al. 2018;
Sajedi et al. 2023) to synthesize compact training sets.
Compared with bi-level optimization methods (Cazenavette
et al. 2022; Shin, Shin, and Moon 2023; Xu et al. 2023),
distribution matching (DM) (Zhao and Bilen 2022) bal-
ances performance and computational efficiency without
nested model optimization. DM can be classified into point-
wise and moment-wise matching. Moment-wise matching
like DM (Zhao and Bilen 2022), IDM (Zhao et al. 2023),
IID (Deng et al. 2024) minimize the maximum mean dis-
crepancy (MMD) between synthetic and real sets, while
point-wise methods designed to match features across CNN
layers like DC (Zhao, Mopuri, and Bilen 2020), DSA (Zhao
and Bilen 2021), DCC (Lee et al. 2022). NCFM (Wang
et al. 2025) demonstrates that DM achieves superior per-
formance with low computational overhead. However, DM
may learn domain-specific distributions rather than class-
discriminative patterns, particularly in multi-domain scenar-
ios where domain-sensitive features can dominate represen-
tations and hinder generalization.

Domain Generalization
Domain generalization aims to train models that perform
well on unseen domains by mitigating domain shifts with-
out access to target domain during training. Existing meth-
ods can be broadly categorized into four groups. The image-
level augmentation (Carlucci et al. 2019; Xu et al. 2021;
Zhou et al. 2021; Xu et al. 2024a), enhance images diver-
sity by altering styles or structures. Adversarial approaches
(Sicilia, Zhao, and Hwang 2023; Shankar et al. 2018; Li
et al. 2018) generate or adapt features to be indistinguish-
able across domains, thereby promoting domain invariance.
Architectural strategies (Lee, Bae, and Kim 2023; Huang
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et al. 2020; Yan et al. 2024b; Xu et al. 2024b) modify net-
work structures to separate domain-invariant and domain-
specific features, improving transferability. Gradient-based
methods (Foret et al. 2020; Zhuang et al. 2022; Shin et al.
2024; Xu, Yan, and Deng 2025; Yan et al. 2024a) encourage
gradient alignment across domains to stabilize learning and
enhance generalization. While effective, these methods pri-
marily aim to improve model robustness or directly enhance
images themselves, making them less applicable to DD with
limited benefits for synthetic image generalization. Our ap-
proach addresses synthetic image generalization from a dis-
tillation perspective, achieving significant improvements.

Methodology
Preliminaries
Given a real dataset T = {(xi

t, y
i
t)}

|T |
i=1, where yit denote

the class labels, our objective is to synthesize a signifi-
cantly smaller dataset S = {(xi

s, y
i
s)}

|S|
i=1 that preserves crit-

ical information from T and enables models trained on S
to generalize effectively on unseen target domains. Distri-
bution matching (DM) was first introduced by (Zhao and
Bilen 2022) as an alternative to traditional bi-level optimiza-
tion techniques. According to NCFM (Wang et al. 2025),
DM achieves strong performance with high accuracy and
low memory consumption. Under identical settings, we find
that replacing NCFM’s complex characteristic functions and
sampling networks with simple MMD loss achieves sim-
ilar performance while surpassing traditional SOTA meth-
ods (Guo et al. 2023a; Shao et al. 2024a; Sun et al. 2024a).1
We refer to this as MMD for concise presentation and adopt
it as our baseline. To apply MMD, the expert model M is
first pre-trained on the real set using a cross-entropy loss:

Lcls(M) = CE(M(T ), yt). (1)

For distribution matching, MMD aligns moments directly in
feature space like most DM-based methods (Zhao and Bilen
2022; Zhao et al. 2023; Deng et al. 2024) as:

Lmmd(S) = ∥Ext∼T [F(xt)]− Exs∼S [F(xs)]∥2 , (2)

where F denotes the feature extractor of M. In addition
to distribution alignment, a classification loss for the syn-
thetic data is employed as a regularization term (Zhao et al.
2023; Yin, Xing, and Shen 2023; Wang et al. 2025). This im-
plicitly facilitates higher-order moment alignment between
real and synthetic distributions (Zhao et al. 2023) and helps
ensure that synthetic features remain classically discrimina-
tive. Formally, the regularization loss is defined as:

Lreg(S) = CE(M(S), ys). (3)

Although MMD demonstrates excellent performance, the
synthetic data it generates are severely affected by domain-
specific features in the real data. When real sample fea-
tures contain domain-sensitive information, the distribution
matching process fails to provide effective guidance for syn-
thesizing domain-invariant representations. Consequently,
synthetic data generated through MMD struggle to achieve
satisfactory generalization performance.

1Experiment is provided in the supplementary materials.

Channel-masked Asymmetric Distribution
Matching
To synthesize images that achieve optimal generaliza-
tion, we propose Channel-masked Asymmetric Distribu-
tion Matching (CADM), a novel approach that addresses
domain-specific interference in dataset distillation. CADM
introduces domain discriminators at multiple intermedi-
ate layers to identify domain-sensitive channels, then em-
ploys asymmetric distribution matching where domain-
sensitive channels are selectively masked from real features
while synthetic features remain unmodified and are aligned
through matching. Additionally, we introduce class-focused
domain-agnostic regularization that masks domain-sensitive
channels of synthetic data for classification regularization,
while enforcing prediction consistency under different ran-
dom mask conditions. The framework is shown in Fig. 2.
Pretraining. To explicitly guide the model in removing
domain-specific features during distribution matching, we
introduce domain discriminators to multiple middle layers
for locating domain-sensitive channels, which consists of a
global average pooling (GAP) layer and a fully-connected
(FC) layer. Given an input xi

t from T and its domain la-
bel ŷit, we first extract the feature Fl(x

i
t) ∈ RC×H×W that

is yielded by the l-th middle layer, where C is the number
of channels, H and W denote the height and width dimen-
sions, respectively. The feature map Fl(x

i
t) is fed to domain

discriminator F l
d to predict domain labels and compute dis-

crimination loss. To avoid the negative impact of domain
discriminators on the main network, we use a gradient re-
versal layer (GRL) (Matsuura and Harada 2020) before the
domain discriminator to truncate the gradients of minimiz-
ing discrimination loss:

Ldom(M) =
1

L

L∑
l=1

CE
(
F l

d(Fl(x
i
t)), ŷ

i
t

)
, (4)

where the overall domain loss is computed as the average of
domain discrimination losses across all L layers.
Asymmetric Distribution Matching. After pretraining, we
obtain discriminators that can effectively distinguish im-
age domains. During distribution matching, our objective
is to encourage synthetic data to encode domain-invariant
features. However, features extracted from real data often
contain domain-specific information, which may hinder ef-
fective alignment. To address this, we propose asymmetric
distribution matching by identifying and masking domain-
sensitive channels of real data features to obtain domain-
invariant distribution for guiding synthetic data.

To determine which channels encode domain-specific in-
formation, we leverages the outputs of domain discrimina-
tors. The underlying hypothesis posits that channels con-
tributing most to accurate domain prediction are likely to en-
code domain-specific cues. The degree of domain specificity
for each channel is quantified by computing its weighted ac-
tivation with respect to the correct domain prediction, uti-
lizing the discriminator response as an indicator of channel
importance. For an real data input xi

t and intermediate layer
feature extractor Fl, the activation score of the j-th channel
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Figure 2: The overall framework of our method. Asymmetric distribution matching leverages a pretrained domain discriminator
to selectively mask domain-sensitive channels of real data during the matching process, thereby extracting domain-invariant
features to guide the optimization of synthetic data. Furthermore, a dual consistency regularization constraint is introduced to
encourage synthetic data to learn representations that are both class-relevant and domain-robost.

in feature map Fl(x
i
t) is defined as:

sj = W ŷi
t · GAP(Fl(x

i
t))j , (5)

where W ŷi
t ∈ RC represents the FC layer weight of domain

discriminator Fd for true domain ŷit, and C is the channel
number. Higher weighted activation scores indicate greater
channel contribution to domain prediction. To prevent syn-
thetic data from overfitting to domain-specific cues, domain-
sensitive channels in real data are suppressed by constrain-
ing discriminator-exploited domain information. The most
domain-sensitive channels are selected and masked during
matching to reduce domain-specific information in feature
maps. To achieve efficient masking, the weighted random
selection (WRS) algorithm (Efraimidis and Spirakis 2006)
is employed. For the j-th channel with score sj , a random
number rj ∈ (0, 1) is generated and key value kj = r

1/sj
j is

computed. The mask is then set as:

mj =

{
0, if j ∈ TOP({k1, k2, ..., kC},M)

1, otherwise
, (6)

where TOP({k1, k2, ..., kC},M) denotes the M items with
largest key values. For the current layer, we use hyper-
parameter Pactive to control the probability of performing
masking in this layer, while Pmask = M/C controls the ratio
of channels masked.

Having obtained domain-insensitive real features whose
distribution no longer reflects domain-specific characteris-
tics, we perform asymmetric distribution matching between
the real and the synthetic data features. We define F̂ as the
features extracted after domain-sensitive channel masking.
The asymmetric distribution matching loss is formulated as:

Ladm(S) =
∥∥∥Ext∼T [F̂(xt)]− Exs∼S [F(xs)]

∥∥∥2 . (7)

Now, the synthetic data is encouraged to express domain-
invariant features, effectively reducing channel instability
from domain shifts and promoting stable representation.

Class-focused Domain-agnostic Regularization. While
the aforementioned asymmetric distribution matching pro-
motes domain-invariant supervision for synthetic data, the
regularization classification loss as Eq. 3 may still suffer
from the influence of domain-specific cues, especially when
such cues dominate the feature representations, thereby
hindering synthetic data from learning class-focused dis-
criminative information. To further mitigate this issue,
we propose a class-focused domain-agnostic regularization
strategy that enforces the synthetic data to retain class-
discriminative yet domain-invariant features during training.
Specifically, we extend the sensitive channel masking to the
features of synthetic data when computing the classification
regularization loss:

Lreg(S) = CE(Fc(F̂(xi
s)), ys), (8)

where Fc denotes the classifier, and F̂(xi
s) represents the

synthetic features after masking. Through this approach,
we enable synthetic data to focus on class-relevant con-
tent in classification regularization by removing domain-
sensitive feature representations. To further enhance the do-
main robustness of synthetic data, we propose a dual consis-
tency regularization loss. We implement the masking strat-
egy twice with independently sampled masks for the same
synthetic image input xi

s, yielding two perturbed feature rep-
resentations. These perturbations produce two potentially in-
consistent prediction distributions, denoted as F̂(xi

s)1 and
F̂(xi

s)2, respectively. This stochastic process reflects the
diversity of domain-specific feature removal and can be
approximated as injecting multiplicative noise (Srivastava
et al. 2014; Park and Kwak 2016). We encourage the model
to output consistent predictions under these two different
perturbations by minimizing the symmetric KL divergence:

Lcons(S) =
1

2
(KL[σ(Fc(F̂(xi

s))1)||σ(Fc(F̂(xi
s))2)]

+ KL[σ(Fc(F̂(xi
s))2)||σ(Fc(F̂(xi

s))1)]),

(9)
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Dataset PACS VLCS
Domain ACS→P ASP→C CSP→A ACP→S SVL→C SVC→L SLC→V VLC→S

IPC 1 10 1 10 1 10 1 10 1 10 1 10 1 10 1 10

Random 10.1 29.2 6.3 16.8 6.7 12.9 10.1 18.3 7.8 18.5 11.2 19.7 10.4 14.9 9.0 16.8

MMD 16.7 40.8 14.9 32.4 10.2 25.7 4.8 32.1 18.3 28.6 16.2 35.2 17.9 22.1 16.6 30.4
MMD+IRM 17.9 38.4 16.1 32.7 11.8 24.2 5.2 32.8 19.7 29.1 16.5 37.4 17.2 24.6 20.1 30.2

MMD+FACT 16.8 41.9 16.2 33.3 10.9 25.1 5.7 31.4 20.8 28.7 17.6 38.9 15.5 26.2 21.4 32.8
MMD+DAM 22.7 43.1 18.0 34.8 12.6 26.4 6.0 34.2 21.5 30.9 17.3 38.7 20.1 27.8 20.8 32.6

CADM 25.4 48.7 21.2 39.1 14.1 32.6 15.2 38.2 21.8 31.3 20.5 44.3 25.7 33.7 21.1 34.8
Full Dataset 61.1 52.2 40.8 43.2 73.3 56.7 50.4 56.6

Office-Home DomainNet-Sub
ACP→R ACR→P ARP→C CRP→A CIPQR→S CIPQS→R CIPRS→Q CIQRS→P CPQRS→I IPQRS→C
1 10 1 10 1 10 1 10 1 10 1 10 1 10 1 10 1 10 1 10

5.8 6.2 4.1 4.8 4.9 5.4 4.8 5.7 3.2 4.1 3.2 3.4 3.0 4.6 3.7 6.3 2.4 3.8 3.3 5.9

6.9 11.8 5.2 8.4 5.1 8.9 4.3 9.2 3.7 5.8 3.9 3.7 4.8 4.9 3.9 8.4 2.8 4.6 4.1 9.8
7.2 12.4 5.1 8.1 6.8 9.7 4.7 11.3 4.9 6.2 3.1 4.1 3.1 4.2 4.2 8.1 3.1 5.2 4.4 10.8
7.1 11.1 4.1 9.9 6.0 9.3 3.9 10.9 4.1 6.7 4.0 4.4 4.0 4.8 4.6 8.7 3.4 5.1 5.7 11.6
8.1 13.2 6.0 9.7 7.4 10.6 4.0 11.6 4.1 6.6 4.2 4.8 4.0 4.3 4.2 9.1 3.0 6.3 5.1 11.8
10.4 16.9 6.8 12.0 7.3 10.7 5.1 14.8 5.3 7.8 4.1 5.9 5.1 6.7 4.9 10.2 3.7 6.5 9.2 14.1

28.8 30.3 16.7 22.0 13.0 6.7 5.4 18.8 10.4 20.9

Table 1: The leave-one-domain-out strategy is employed to evaluate the generalization of synthetic images across four datasets.
Domain abbreviations are as follows: (V)OC, (L)abelMe, (C)altech, (S)un for VLCS; (A)rt, (R)eal, (P)roduct, (C)lipart for
Office-Home; and (C)lipart, (I)nfograph, (P)ainting, (Q)uickdraw, (R)eal, (S)ketch for DomainNet. IPC denotes images per
class. The Full Dataset setting uses all source domains for training and evaluates on the target domain.

where σ is the softmax function. With this consistency con-
straint, the synthetic data is encouraged to improve the
robustness of feature channels to domain shifts and ex-
tract domain-invariant features from perturbed represen-
tations. Through the synergy of these two regularization
strategies, we can further obtain domain-invariant yet class-
relevant feature representations that build upon the asym-
metric matching foundation.

Training Scheme
The training process of our method consists of three main
parts. In the pretraining phase, we jointly optimize the origi-
nal model and additional domain discriminators with classi-
fication and domain discrimination losses on the real dataset
to identify domain-sensitive channels across multiple inter-
mediate layers:

LI = Lcls + Ldom. (10)

During matching, we minimize the asymmetric distribu-
tion matching loss between domain-invariant real features
and synthetic features, thereby suppressing synthetic data
domain-specific feature expression:

LII = Ladm. (11)

For regularization, we incorporate both the classification
regularization loss Lreg for synthetic data which applies
domain-sensitive channels masking, and the dual consis-
tency loss Lcons to enforce class-relevant and domain-
invariant representations for synthetic data:

LIII = Lreg + λLcons. (12)

Here, λ is a balancing hyper-parameter. To prevent exces-
sive information removal that could hinder feature represen-
tation, we employ a layer-wise training strategy that ran-
domly selects a single intermediate layer at each iteration
to apply the channel masking operation, enabling effective
domain gap reduction across the entire network hierarchy
while maintaining training stability by masking domain-
sensitive information from both high-level and low-level se-
mantic features across all network layers.

Experiments
Experimental Settings
Datasets. We evaluate our method on four conventional
multi-domain datasets: (1) PACS (Li et al. 2017) consists
of images from 4 domains: Photo, Art Painting, Cartoon,
and Sketch, including 7 object categories and 9, 991 im-
ages total. We adopt the official split provided by (Li et al.
2017) for training and validation. (2) VLCS (Torralba and
Efros 2011) comprises 5 categories selected from 4 domains,
VOC 2007 (Pascal), LabelMe, Caltech and Sun. We use the
same setup as (Carlucci et al. 2019) and divide the dataset
into training and validation sets based on 7 : 3. (3) Office-
Home (Venkateswara et al. 2017) contains around 15, 500
images of 65 categories from 4 domains: Artistic, Clipart,
Product and Real-World. As in (Carlucci et al. 2019), we
randomly split each domain into 90% for training and 10%
for validation. (4) DomainNet-Sub is a subset of the large-
scale DomainNet (Peng et al. 2019) dataset, consisting of
100 classes selected from the original 345 classes across 6
domains, i.e., Clipart, Infograph, Painting, Quickdraw, Real,
and Sketch. Following (Gulrajani and Lopez-Paz 2020), we
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Figure 3: (a) UMAP of real vs. synthetic features (same class) under both methods, with colors indicating domains. (b) Activa-
tion scores of the first 32 channels in the last ResNet-18 block across domains. Red marks domain-sensitive channels.

split the source data into 80% training and 20% validation.
Baselines. We adopt the efficient and superior MMD-based
distribution matching method as our baseline. Our exper-
iments in the supplementary materials demonstrate that
MMD, which eliminates the need for complex feature func-
tions and sampling networks while maintaining all other set-
tings consistent with NCFM (Wang et al. 2025), outperforms
traditional state-of-the-art methods such as DATM (Guo
et al. 2023b), G-VBSM (Shao et al. 2024b), and RDED (Sun
et al. 2024b) on CIFAR-10 and CIFAR-100 (Krizhevsky,
Hinton et al. 2009). This highlights the simplicity and effec-
tiveness of using MMD as a baseline. For experimental fair-
ness, we incorporate classic domain generalization methods
based on data augmentation (FACT (Xu et al. 2021)) and
model optimization (IRM (Arjovsky et al. 2019)) into our
baseline. In addition, we extend the multi-domain dataset
distillation method DAM (Choi et al. 2025) for a more com-
prehensive comparison.
Implementation Details. We adopt ResNet-18 (He et al.
2016a) as the backbone network, which consists of four
residual blocks. Each residual block is followed by a do-
main discriminator implemented as a single linear layer,
where the input dimension matches the number of chan-
nels, and the output dimension corresponds to the number
of domains. A gradient reversal layer (GRL) (Matsuura and
Harada 2020) with a weight of 0.25 is inserted before each
domain discriminator. Note that GRL is only applied dur-
ing the pretraining stage and is not used when optimizing
synthetic data. For pretraining, we set the number of epochs
to 60 for PACS and VLCS, and to 120 for Office-Home and
DomainNet-Sub. We initialize synthetic data using real sam-
ples and maintain an equal number of synthetic data for each
domain to reduce potential bias introduced by domain im-
balance. During each matching and regularization step, we
randomly select one residual block and apply masking to
its feature maps. For domain-sensitive channel masking, the
masking ratio Pmask is set to 0.33 and Pactive is set to 0.8. λ is
set to 100. Following NCFM (Wang et al. 2025), we adopt
differential augmentation (Zhao and Bilen 2021; Wang et al.
2022) and employ multi-formation parameterization with a
scale factor of ρ = 2 for image inputs, as described in (Kim

et al. 2022; Zhao et al. 2023). All experiments are imple-
mented using PyTorch (Paszke et al. 2017) and conducted
on an NVIDIA A6000 GPU.

Experimental Results
Quantitative Analysis. Tab. 1 demonstrate the generaliza-
tion capability of synthetic data generated by our method
across four multi-domain datasets on unseen domains. Note
that we employ a leave-one-out strategy for each synthesis,
reserving one domain for validation. For fair comparison, we
extend the MMD baseline with classic domain generaliza-
tion methods IRM and FACT, as well as the multi-domain
distillation method DAM. For IRM, we employ it during
the pre-training stage. However, its improvement is limited
as it only enhances the pre-trained model’s capability with-
out further enhancement during the distillation process. For
FACT, we apply the fourier-based data augmentation strat-
egy during both pre-training and distillation stages on real
and synthetic data. Its limitation lies in merely augmenting
data without effectively fusing knowledge from different do-
mains during distillation. In some cases, the augmented syn-
thetic data even produce adverse effects. DAM can distill
multi-domain datasets but primarily targets in-domain per-
formance enhancement, showing limited generalization ca-
pability for synthetic data. In contrast, our method exhibits
substantial performance across multiple datasets, demon-
strating its effectiveness in distilling domain-invariant im-
ages while preserving feature diversity. This enables the syn-
thetic data to capture domain-robust representations, thereby
achieving strong performance on unseen domains.
Qualitative Analysis. To analyze the domain invariance of
synthetic data, we conduct UMAP (McInnes, Healy, and
Melville 2018) visualization analysis on both synthetic and
real data features obtained from MMD and CADM meth-
ods, as shown in Fig.3(a). For the same class, MMD’s real
data exhibit clear discrimination across different domains,
and correspondingly, the synthetic data distributions also
demonstrate strong domain correlation. In contrast, due to
the removal of domain-sensitive channels, CADM’s real
data features exhibit better domain invariance, and the syn-
thetic data similarly present more uniform domain-invariant
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Ladm Lreg Lcons
IPC

1 10

- - - 16.4 39.9
✓ - - 23.6 45.9
- ✓ - 21.4 40.7
- ✓ ✓ 23.1 43.3
✓ ✓ ✓ 25.1 48.4

Table 2: Ablation experiments on proposed loss, which are
conducted under the ACS→P setting on PACS.

IPC Method ConvNet AlexNet VGG ResNet

1 MMD 22.5 18.2 21.3 23.1
CADM 24.8 22.7 23.2 24.3

10 MMD 39.3 38.8 36.1 41.2
CADM 45.7 44.4 43.8 45.9

Table 3: Cross-architecture generalization under ACS→P.
Images are distilled by ResNet-18 and evaluated on others.
The test domain differs from all synthetic domains.

distributions. This indicates that our method enables real
data to provide better guidance for distribution matching,
thereby endowing synthetic data distributions with enhanced
domain robustness. More visualization results of synthetic
data are provided in the supplementary materials.

Ablation Study and Analysis
Analysis of the Effectiveness of Different Losses. Here,
we analyze the effectiveness of our main proposed asym-
metric distribution matching loss Ladm, regularization clas-
sification loss using sensitive channel mask Lreg, and dual
consistency loss Lcons. As shown in Tab. 2, different loss
functions contribute varying degrees of performance im-
provement. The asymmetric distribution matching loss Ladm
yields the most significant improvement of 6.0%, indicat-
ing that masking domain-sensitive channels effectively cor-
rects the distribution of real data to better guide synthetic
data. Even when applied alone, this also provides substantial
performance gains. The classification and dual-consistency
losses add 3.4% gain, showing that the it helps synthetic data
learn class-discriminative and domain-robust features.
Activation Scores of Synthetic Data Across Different Do-
mains. We analyze the activation scores of the last layer
channels for synthetic data generated by MMD and our
CADM across different domains under the same synthetic
data initialization. The activation score represents the sen-
sitivity of a channel to a specific domain. As shown in
Fig. 3(b), the red channels in MMD represent channels of
synthetic data with large variances across different domains,
which are the unstable channels shown in Fig. 1(b) and are
typically most affected by domains. Meanwhile, the mean
activation scores across different domains also exhibit sig-
nificant differences. In contrast, our CADM significantly re-
duces the number of unstable channels, and compared to
MMD, the variance of activation scores for sensitive chan-
nels is substantially decreased, indicating that we success-

Dataset PACS VLCS Office-Home DomainNet-Sub

IPC 1 10 1 10 1 10 1 10

MMD 40.3 48.2 36.2 41.4 15.4 24.9 12.4 24.9
MMD+IRM 41.7 48.2 38.6 44.3 18.1 25.3 11.1 27.3

MMD+FACT 43.3 47.5 40.1 46.7 19.7 27.1 13.7 27.1
MMD+DAM 46.9 52.2 42.7 46.9 19.4 30.5 15.4 29.5

CADM 49.2 58.4 43.1 50.4 24.8 33.5 17.3 30.6

Full Dataset 71.3 64.8 49.2 48.3

Table 4: The results of test models trained on distilled syn-
thetic images under the in-domain setting, where all domains
are used as both source and target domains.

fully suppress the expression of domain-sensitive channels
in synthetic data. Furthermore, the mean activation scores
across different domains remain largely consistent, indicat-
ing that the channel activations of synthetic data are stable
across domains and exhibit domain-invariant characteristics.
In-domain Evaluation Stability of Synthetic Data. To
confirm that our synthetic data improve both out-of-domain
and in-domain performance, we conduct additional experi-
ments. As shown in Tab. 4, we distill images using all do-
mains in each dataset and evaluate on all corresponding do-
mains. CADM consistently outperforms the MMD+DAM
baseline, showing better multi-domain distillation. This veri-
fies that our method effectively fuses cross-domain informa-
tion, producing class-relevant, domain-invariant represen-
tations that enhance both in-domain stability and out-of-
domain generalization.
Cross-Architecture Generalization. We assess cross-
architecture generalization on ConvNet-3 (Gidaris and Ko-
modakis 2018), AlexNet (Krizhevsky, Hinton et al. 2009;
Yan et al. 2021), VGG-11 (Simonyan and Zisserman 2014;
Lyu et al. 2025), and ResNet-50 (He et al. 2016b). Synthetic
data are distilled with ResNet-18 and tested on each archi-
tecture. Tab. 3 reports results on PACS with 1 and 10 IPC
under the ACS→P setting. In both cases, CADM consis-
tently outperforms MMD across all architectures, demon-
strating that our synthetic data maintains effective general-
ization performance across different domains when evalu-
ated with various network.

Conclusion
To address the generalization problem of distilled images
across different domains, we propose a channel-masked
asymmetric distribution matching framework. We lever-
age pre-trained domain discriminators to identify domain-
highly-correlated channels at different layers in real data,
then implement a channel masking strategy to suppress
the expression of these channels, thereby providing correct
guidance for synthetic data. During regularization, We apply
class-focused domain-agnostic regularization by designing
a classification loss with domain-sensitive channel masking
and a dual consistency regularization loss to enable synthetic
data to acquire class-relevant but domain-agnostic features.
Extensive experimental results demonstrate that synthetic
images generated by our method achieve superior perfor-
mance on test sets from unseen domains.
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