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Class-Aware Diversified Augmentation for Open-Set
Single Domain Generalization

Jian Hu , Shaogang Gong , Weitong Cai, and Junchi Yan

Abstract—In Open-Set Single Domain Generalization (OS-
SDG), one only has access to a single labeled source domain
for training. It assumes that the learned model generalizes well
to target samples belonging to the source label space whilst
classifies target samples outside the source label space into a single
“unknown” class. The current method synthesizes new samples
that are semantically unrelated to known classes to simulate target
unknown classes. This ignores that unknown classes actually may
semantically correlated to known classes, making it difficult to
discriminate samples at the margins of class decision boundaries as
“unknown”. In this work, we introduce a Class-Aware Diversified
Augmentation (CADA) method to overcome this problem. Our
key idea is to synthesize explicitly new multiple unknown
target classes with diversified semantic and learn the inherent
correlation among the known and unknown classes, so to both
increase the coverage of multiple target unknown classes and to
optimize class margin separation. CADA is optimized by enhanced
diversity maximization and class-aware minimization. The former
synthesizes more novel classes by considering both semantic
relationships to known classes and domain shift between the source
and target domains. The latter employs class-agnostic clustering
with synthesized samples to simulate class correlations among
target classes, maximizing class margin separation. Theoretical
analysis and experiments on five benchmarks show the efficacy of
our CADA.

Index Terms—Transfer learning, semi-supervised learning,
domain generalization.

I. INTRODUCTION

D EEP learning in computer vision has shown exceptional
performance with large amounts of labeled data [8], [9].

But it assumes that training data (source domain) and test
data (target domain) are from the same distribution (i.i.d. as-
sumption). Domain Adaptation (DA) [2], [6] relaxes this as-
sumption by minimizing the distribution gap between domains.
However, it needs access target domains during training. Al-
ternatively, Domain Generalization (DG) [19] employs multiple
sources for learning a domain-invariant representation in order to
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TABLE I
A COMPARISON OF DIFFERENT DA AND DG SETTINGS

generalize the model to unseen target domains. Both DA and DG
usually assume source and target domains share the same label
space. This is not always true. Multi-Source Open Domain Gen-
eralization [32] trains a model across multiple source domains
with unaligned label spaces, enabling it to generalize well to un-
seen domains with unknown classes. It has also been applied to
large-scale language model training to improve generalization
ability [1], but the performance of such large models in spe-
cific scenarios is often unsatisfactory, i.e., medical image anal-
ysis [44]. Additionally, due to security and privacy restrictions,
collecting labeled data from various domains in these scenarios
is also a challenge. A unique approach to minimizing depen-
dency on multiple datasets is Open-Set Single Domain Gen-
eralization (OS-SDG) called CrossMatch [51], where a model
trained on a single labeled source domain not only generalizes
to unseen target domains on known classes but also learns to
recognize new unknown classes explicitly in the unseen target
domain. Table I shows comparisons on different DA and DG
scenarios.

However, OS-SDG is a harder problem to solve. It needs ad-
dress both domain shift and label space expansion without ac-
cessing target domain training data. CrossMatch [51] synthe-
sizes novel samples with as distinct semantic and domain shifts
as possible from the source domain, to simulate unseen target
domains during training. But CrossMatch ignores the fact that
potential new unknown classes in an unseen target domain may
not be well-separated in the feature space from known classes,
resulting in target unknown classes being misclassified as tar-
get known ones (see Fig. 1(a)). This problem is further aggra-
vated when there is a domain shift between source and target
(see Fig. 1(b)). Moreover, since the number of target unknown
classes is arbitrary and unknown, CrossMatch treats all simu-
lated target unknown class samples as a single new “unknown”
class to the known classes. It ignores any correlations among the
unknown classes as well as their relationships to known classes,
resulting in suboptimal model learning.
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Fig. 1. (a) Motivation of our CADA. Open-Set Single Domain Generaliza-
tion [51] synthesizes new unknown class examples that are semantically unre-
lated to the known classes, mimicing target unknown classes in model training.
In practice, target unknown classes can either be close to or overlapping with the
known classes in the feature space, therefore difficult to be discriminated, e.g.
unknown class “bicycle” is similar to known class “motorcar”. CADA explicitly
synthesizes unknown classes that are “close” to source known classes in model
training in order to improve model generalization in a target domain with both
existing known and new unknown classes. (b) Our synthesized unknown classes
are semantically similar to known classes whilst CADA can discriminate better
than the existing method [51].

To address the above problems, we introduce Class-Aware Di-
versified Augmentation (CADA), consisting of two model opti-
mization objectives: enhanced diversity maximization and class-
aware minimization. During maximization, diversified unknown
classes are first synthesized through unknown maximization. Af-
ter append synthesized unknown classes into source data, it then
synthesizes both known and unknown classes with domain shift
to simulate unseen target domains through out-of-distribution
maximization. Specifically, The synthesized unknown samples
have unique semantics distinct from known classes while still
maintaining correlations with the known classes used for their
synthesis. After maximization, in order to improve model’s
open-set generalization ability, synthesized samples are append
to source data for class-aware minimization. Model is trained
via class-agnostic clustering and modified supervised learning
on expand source data, to maximize class margin whilst simulta-
neously minimize intra-class scattering in the presence of known
classes nearby. Our contributions are as follows:

1) We introduce a new Class-Aware Diversified Augmenta-
tion (CADA) method to explicitly synthesize potential target
unknown class samples that are “close” to known classes when
the target domain is unseen in model training. This is designed
to address the limitations of the existing OS-SDG model Cross-
Match which ignores any potential class similarities between
known and unknown classes.

2) To implement the CADA idea, we formulate a joint learning
objective for both enhanced diversity maximization to synthe-
size diverse unknown class samples that are similar to those of
known classes, and class-aware minimization to perform unsu-
pervised clustering of the synthesized samples without knowing
the number of target unknown classes.

3) Theoretical analysis and comprehensive experiments show
that CADA outperforms a wide range of existing generalization
and adaptation methods, demonstrating its superiority to unseen
target domains of different distribution shifts.

II. RELATED WORKS

Multi-Source Domain Generalization[25], [32], [33], [41]
enhance target performance by learning cross-domain invari-
ance from multiple source domains. Kernel-based methods [25],
meta-learning [32], and data augmentation [38], [41] are pro-
posed to address this, but fail to identify novel target classes.
Ref. [1] leverages meta-learning to extract invariance from
source domains to classify known targets and identify unknowns.
Ref. [33] uses CLIP’s generalization with prompt optimization
for unknown class recognition. Ref. [3] distills a large model to
help a small model generalize to unseen unknown classes. How-
ever, these methods rely on multiple source domains, which is
impractical in real-world applications.

Single Source Domain Generalization [32] relaxes this as-
sumption. It only needs a labeled source domain for training and
can be generalized to multiple unseen target domains under the
same label space. Ref. [49] presents adversarial gradient-based
augmentation to address it and achieves good performance.
CrossMatch [51] further introduces Open-Set Single Domain
generalization. It assumes that the target domain includes novel
classes that do not appear in the source. It simulates target unseen
samples by synthesization, but synthesized unknown samples
are semantically unrelated to known classes, ignores unknown
samples closely related to the known classes.

Data Augmentation with Diversity: Data Augmentation [21],
[38] is a max-min game that maximization synthesizes samples
on the source distribution edge to simulate out-of-distribution
target samples, while minimization learns from them to improve
generalization ability. CrossMatch [51] synthesizes novel sam-
ples beyond source label space with domain shift. But these
samples lack semantic diversity, making it difficult to classify
boundary classes. Contrastly, CADA synthesizes diverse novel
classes semantically related to the known classes to enhance its
open-set generalization capability.

III. CLASS-AWARE DIVERSIFIED AUGMENTATION

Problem Setting: In OS-SDG, the model is trained on an an-
notated source domain Ds and tested on multiple unannotated
target domains Dt = {Dt1 , Dt2 , . . .DtH}, which are inaccessi-
ble during training. The source domain Ds = {xi

s, y
i
s}ns

i=1 has
ns labeled samples, while each target domain Dth = {xi

th
}nth
i=1

has nth unlabeled samples. Target domains include novel cate-
gories absent from the source domain. The source label space Cs
is a subset of the target Ct, i.e., Cs ⊂ Ct, with novel target classes
defined as Cut = Ct \ Cs. During inference, all novel classes Cut
are grouped into a single “unknown” class. The label spaces of
multiple target domains Ct1 , . . ., CtH are not fixed but all include
Cs. Additionally, there is a distribution shift between source and
target domains: Ps(x) �= Pt(x).

Overview: We introduce the Class-Aware Diversified Aug-
mentation (CADA). Fig. 2 shows that CADA consists of both
enhanced diversity maximization and class-aware minimization.
The maximization stage further comprises unknown maximiza-
tion and out-of-distribution maximization. The former generates
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Fig. 2. CADA includes a feature extractor F , a known class classifier Ck , and an unknown class classifier Cu, with enhanced diversity maximization on the left
and class-aware minimization on the right. Solid lines represent forward propagation, while dashed lines represent backward propagation. Maximization includes
unknown and out-of-distribution maximization. (a) Unknown maximization, guided by unknown loss LUK , semantic consistency loss Lct, and diversified loss
Ldiv , synthesizes unknown samples without domain shift xsu, which maintains correlation with the corresponding class of the source sample used for synthesizing
them. (b) Out-of-distribution maximization appends xsu to xs and synthesizes out-of-distribution samples xg , to simulate target domain that has both known
and unknown classes with open-set loss Los and semantic consistency loss Lct. (c) Minimization improves generalization using both source samples xs and
augmented samples xs with open-set loss Los,inter-sample loss Linter and intra-sample loss Lintra. It explores the generalized class correlation and improves
generalization performance. Maximization and minimization are performed alternatively.

unknown samples without domain shift, preserving unique se-
mantics distinct from known classes while maintaining corre-
lations with the known samples used for synthesis. The latter
extends this by synthesizing both known and unknown classes
under domain shift, simulating unseen target domains. Mini-
mization combines original and synthesized samples to improve
open-set generalization ability.

Preliminaries: In this section, we review the principle of
worst-case problem [34] and adversarial domain generation [38].
In single domain generalization, worst-case problem is em-
ployed to iteratively learn “hard” data points from fictitious tar-
get distributions to learn generalization ability by addressing:

min
θ

sup
Dt

{E[Lce(θ;Dt)] : d(Dt, Ds) ≤ ρ} , (1)

d is used to quantify the similarity between Ds and Dt. ρ cor-
responds to the maximum allowable cost to transfer Ds to Dt.
Meanwhile, θ is the parameters of the model, which are refined
through cross-entropy lossLce. Adversarial Data Augmentation
expands the source domain’s diversity by creating a domain Dg

to approximate the unseen target domains Dt. It redefines the
worst-case problem (1) into a Lagrangian optimization problem
with a fixed penalty parameter γ:

min
θ

sup
Dg

{E[Lce(θ;Dg)]− γd(Dg, Ds)} , (2)

where d(Dg, Ds) = Lct(θg;Dg, Ds) = ‖F (xg)− F (xs)‖22 +
∞ · 1{y �=ys}, F is the feature extractor. 1{·} is the 0-1 indicator
function. It ensures consistent semantics between the synthe-
sized samples and their corresponding original samples used for
synthesis. The loss function is:

Lada(θ, θg;Ds, Dg) = Lce(θ;Dg)− γLct(θg;Dg, Ds), (3)

the training is processed iteratively between two phases: the
maximization and the minimization. During maximization, a
fictitious target domainDg is synthesized fromDs by optimizing
Lada with learning rate η ≥ 0:

xg ← xs + η∇xs
Lada(θ;xs, xg), (4)

After the maximization phase, the synthesized domain Dg is
appended to Ds. In the minimization phase, θ is optimized by
minimizing Lce with the updated Ds.

A. Enhanced Diversity Maximization

CrossMatch [51] employs an additional classifier to synthe-
size unknown samples during above training process to address
OS-SDG. In reality, the boundaries between known and un-
known classes are artificially defined, with many categories near
the boundary having significant correlations. But the unknown
classes synthesized by CrossMatch exhibit significant seman-
tic differences from the known classes and do not encompass
these boundary unknown classes, leading to poor performance
for these classes (Fig. 1(b)). To address it, during the maxi-
mization, we synthesize unknown classes that display correla-
tions with known classes to cover the unknown classes at the
classification boundary for better open-set discrimination abil-
ity. Samples synthesized by maximization need to address both
label space and domain shifts simultaneously from the source
domain. Enhanced Diversity Maximization is divided into un-
known maximization and out-of-distribution maximization to
address them respectively.

1) Unknown Maximization: Unknown maximization syn-
thesizes new unknown classes with different semantics while
avoiding domain shift. Traditional classification includes a fea-
ture extractor F , and a known class classifier Ck. But source
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supervised learning cannot distinguish unseen unknown sam-
ples. Inspired by [50], we introduce a parallel unknown class
classifiers Cu to identify unknown classes. Cu is a linear layer
trained from sketch with K-head, and it shares the same feature
extractor F as the known classifier Ck. Cu and Ck are used for
two objectives simultaneously: classify known classes and dis-
tinguish novel samples into a “unknown” classes. For the first
objective, augmented features f(xs) is defined as:

f(xs) = [Ck(F (xs)),max(Cu(F (xs)))], (5)

where [·, ·] is concatenation operation, f(xs) is applied to classify
known classes with cross-entropy loss Lce. For the second ob-
jective, we divide unknown samples into two groups: unrelated
to known classes and related to known classes. Unknown sam-
ples unrelated to the known classes are distinguished by (11),
details are in Section III-A2 and III-B. For unknown samples
related to the known classes, we synthesize unknown samples
xsu without introducing domain shift. It simulates multiple un-
known classes at the classification boundary between known and
unknown classes using the unknown loss LUK , which is defined
as follows:

LUK(θsu, θ;Dsu, Ds) = Lce(f(xsu),yK+1)

+ Lce(f
∗(xsu),K + 1), (6)

where yK+1 = (1− α)1K+1 + α/(K + 1) is the smooth la-
bel, K is the number of known classes, α is set as 0.1. f ∗(xs) is
the masked ground truth position features, and is defined as:

f ∗(xs) = [Ck(F (xs)) ◦ (1K − 1ys
),max(Cu(F (xs)))], (7)

where 1K is the K-dimension all-one vector and 1ys
is K-

dimension one-hot encoding with only theys-th element as 1.◦ is
element-wise product. Equation (6) ensures that the synthesized
classes belong to a “unknown” cluster. Meanwhile, since the real
unknown samples usually have correlations with known classes
instead of being completely unrelated (i.e., “computer” and “lap-
top” in Fig. 1(a)). we further introduce diversified loss Ldiv ,
which ensures the correlation between the synthesized sample
and the corresponding source sample used for synthesization.
Ldiv is denoted as:

Ldiv(θsu;Dsu, Ds) = Lce(Cu(F (xsu)), ys). (8)

To summary, the overall loss of unknown maximization is:

Lum(θ, θsu;Dsu, Ds)= Lct(θsu;Dsu, Ds)

− λLdiv(θsu;Dsu, Ds)− LUK(θsu, θ;Dsu, Ds), (9)

where λ is the hyper-parameter. By maximizing Lum, we syn-
thesize multiple unknown samples with diverse semantics while
maintaining some correlation with known classes. This en-
sures that the synthesized unknown samples belong to different
classes, reflecting the actual diversity and interrelation of classes
near the known and unknown classification boundary. Similar
to (3), We also transform (9) into a Lagrangian relaxation to
synthesize unknown classes. Source unknown samples xsu are
synthesized through the following process:

xsu ← xs + η∇xs
{Lct(θsu;xsu, xs)− λLdiv(θsu;xsu, ys)

− LUK(θsu, θ;xsu, xs)}, (10)

After unknown maximization, synthesized unknown classes
inDsu have distinct semantic yet without domain shift, and they
are appended to Ds for the next stage.

2) Out-of-Distribution Maximization: Unknown maximiza-
tion synthesizes multiple unknown classes with novel semantic
to simulate the label space shift. But the target domains are under
both label space shift and distribution shift. Out-of-distribution
maximization follows unknown maximization, making synthe-
sized samples resemble out-of-distribution samples from unseen
targets. We consider the synthesized unknown samples xsu as
the (K + 1)-th class and transform the OS-SDG problem into
a closed-set Single Domain Generalization problem that con-
tains K + 1 classes. Additionally, since a sample is an open-set
sample for all classes except its ground truth, we can distin-
guish unknown classes that are unrelated to both known and
synthesized unknown classes by training with xs and xsu using
this relationship. For the remaining classes except for its ground
truth, f ∗(xs) is treated as the features of an unknown sample. Us-
ing f ∗(xs) and f(xs), we can distinguish semantically unrelated
unknown classes by open-set loss Los:

Los(xs, ys) =Lce(f(xs),yys
) + Lce(f

∗(xs),K + 1), (11)

The first item differentiates known classes and semantically
related unknown classes, while the second aligns the masked
augmented prediction with the unknown class, enhancing dis-
crimination against semantically unrelated unknown samples
without accessing target domains. Since we already possess sam-
ples both within and outside the source label space, a natural idea
is to synthesize samples that deviate from the source distribu-
tion across these spaces. By maximizing (11) we can generate
synthetic classes that incorporate domain shifts at the classi-
fication boundary during training, thus enlarging the margins
between known and unknown classes. Therefore, we aim to cre-
ate fictitious target classes by maximizing out-of-distribution
characteristics, with our overall objective being:

Lom(θ, θg;Ds, Dg) = −Lct(θg;xg, xs) + Los(θg;xg, xs),
(12)

where xg are synthesized fictitious target samples, and Dg =
{xi

g}ng

i=1 contains ng samples. The first term guarantees the syn-
thesized samples in Dg maintain semantic connections with the
samples in Ds used for their synthesis, the last two terms syn-
thesize samples that aim to confuse the classifier to simulate the
domain shift, thereby synthesizing known and unknown samples
with domain shift. We apply lagrangian relaxation to synthesize
samples as:

xg ← xs + η∇xs
{Los(θ;xs, ys)− Lct(θg;xg, xs)}, (13)

where Dg contains both known and unknown classes with dis-
tribution gap. Dg are appended to Ds after this stage.
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B. Class-Aware Minimization

Minimization occurs both during and after maximization.
During maximization, minimization focuses solely on super-
vised training, ensuring that Ck and Ck achieve sufficient dis-
crimination to guide the maximization in generating desired
samples. After maximization, the model needs adapt to synthe-
sized known and unknown classes to enhance its cross-domain
open-set discrimination ability. However, as the target unknown
samples are inaccessible and their categories are agnostic dur-
ing training, the inherent data structure among unknown classes
cannot be fully explored. Furthermore, unknown classes near
the classification boundary often correlate with nearby known
classes. Learning these connections between known and un-
known samples is essential.

1) Learning Inter-Sample Correlation: Although target un-
known classes and their number are both agnostic during train-
ing, the synthesized known and unknown samples with diverse
semantic and domain shift are sufficient for simulating the tar-
get domain. Given that all synthesized unknown samples exhibit
some correlation with the source known classes used in their
synthesis, we introduce a class-agnostic clustering method. This
approach utilizes the similarity between synthesized unknown
samples and K known classes to cluster the synthesized unknown
samples into K clusters, effectively maximize the class margin
between known and unknown classes along the classification
boundary. we set the number of clusters for unknown samples
to be K, and argue the k-th cluster corresponds to the k-th class
in the known label space. Compared with other known classes,
the k-th unknown cluster exhibits the highest similarity to the
k-th known class. Meanwhile, unknown samples that are seman-
tically unrelated to the known classes can be distinguished by
minimizing (11). These two strategies simulates class correla-
tions among target unknown classes without requiring knowing
their quantity.

Our class-agnostic clustering includes inter-sample cluster-
ing and intra-sample clustering. Inspired by [43], inter-sample
clustering first concatenate the outputs of Ck and Cu, and define
z(xi

s) = [Ck(F (xi
s), Cu(F (xi

s))] for clustering with 2K heads.
Two output vectors, z(xi

s) and z(xj
s), are chosen to compute co-

sine similarity matrix S(xi
s, x

j
s) for unlabeled input samples xi

s

and xj
s. Then pseudo inter-sample label h(x(i), x(j)) can be ob-

tained by setting a threshold μ on S(xi
s, x

j
s) (μ=0.9 by default),

where

h(xi
s, x

j
s) =

{
1, if S(xi

s, x
j
s) > μ

0, otherwise
, (14)

Given pseudo inter-sample label h(xi
s, x

j
s), we employ binary

cross entropy loss to train the model as follows:

Linter(x
i
s,x

j
s) =

∑
xi
s,x

j
s∈Ds

(Lbce(S(x
i
s, x

j
s), h(x

i
s, x

j
s))

+ Lbce(S(x
j
s,x

j
s), h(x

j
s,x

j
s))), (15)

here, we denote xi
s and xi

s as the original and augmented in-
put samples, respectively. Specifically, the augmentation of xi

s

is achieved by applying randaugment, color jitter, and random

horizontal flip to the samples, whilexi
s is obtained by only apply-

ing random horizontal flip to the samples, just like other samples
during the training process. By learning inter-sample correlation
across different augmentations, it can identify more robust and
generalizable class-related characteristics.

2) Learning Intra-Sample Invariance: The inter-sample
clustering explores generalizable category relationships, but it
fails to fully exploit the invariance inherent within individual
samples. Following [14], we address this by maximizing mutual
information between augmented versions of the same sample
for intra-sample clustering, denoted as:

Lintra(p(x
i
s), p(x

i
s))=

2K∑
m=1

2K∑
n=1

P (xi
s,x

i
s) log

[
P (xi

s,x
i
s)

P (xi
s)P (xi

s)

]
,

(16)

here, p(xi
s) = Softmax(z(xi

s)), and P (xi
s,x

i
s) is the joint prob-

ability matrix: P (xi
s,x

i
s) =

1
2K

∑2K
i=1 p(xi) p(x

i
s)

T , where m
and n represent the m-th row and n-th column, respectively.
The formula is optimized using both original samples xi

s and
their augmentationsxi

s. This improves model generalization and
produces more uniformly distributed clusters. Additionally, we
minimize (11) to enhance discrimination for unknown classes to
the related known classes. The loss for class-aware minimization
is:

Lmin(x
i
s,x

j
s, y

i
s) =

∑
xi
s,x

j
s,yi

s∈Ds

(σ(Linter(x
i
s,x

j
s)

− Lintra(x
i
s,x

i
s)) + Los(x

i
s, y

i
s)), (17)

σ is a trade-off and is set as 0.1. By minimizing (17), CADA
can classify both generalized seen and unseen samples well and
explore the correlations among categories.

IV. THEORETICAL ANALYSIS

The source domain is defined as Ds, they are used to
synthesize unknown samples Dsu. Define Le :F×F→R

+ ∪
{∞} as the cost of perturbing embedding xs to xsu in em-
bedding space. Li:X×X→R

+ ∪ {∞} is the cost of per-
turbing xs to xsu in input space. The distance between
Ds and Dsu in embedding space is dLe

(θsu;Ds, Dsu) :=
infMF∈Π(Ds,Dsu) EMF

[Le(xs, xsu)], similarly, the distance be-
tween Ds and Dsu in input space is dLi

(θsu;Ds, Dsu) :=
infMx∈Π(Ds,Dsu) EMx

[Li(xs, xsu)]. MF and Mx are measures
in the embedding and input space respectively. Π(Ds, Dsu) is
joint distribution of Ds and Dsu.

Analysis on unknown maximization: Unknown maximization
synthesizes unknown samples Dsu without introducing domain
shift from Ds. Dsu exhibits semantic differences from the Ds in
embedding space, but possesses strong correlations with Ds in
input space. Consequently, the goal of the worst-case problem
for the unknown maximization stage becomes to synthesize the
most challenge samples on boundary between known and un-
known classes, which makes the model confused. The relaxed
worst-case problem can be rewritten as:

θ∗ = max
θ

inf
Dsu

E(Ltask(θ;Dsu))
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= −min
θ

sup
Dsu

[−E(Ltask(θ;Dsu))], (18)

where θ is parameters of the model. In unknown maximiza-
tion, Ltask is LUK . Dsu synthesizes unknown samples without
domain shift. Dsu exhibits both semantic differences from Ds

in the semantic space, and correlations with the correspond-
ing class Ds used to synthesize Dsu in input space. Hence,
{Dsu :dLi

(θsu;Ds, Dsu)≤ρ, dLe
(θsu;Ds, Dsu≥η}, we use

Lagrangian relaxation under constraint with fixed parameters
λ ≥ 0 and β ≥ 0 to solve (18) as follows:

θ∗ = −min
θ

sup
Dsu

{E[−LUK(θ;Dsu)]− λ[WLi
(θsu;Dsu, D)]

+β[WLe
(θsu;Dsu, Ds)]} = −min

θ
{E[δλ,β(θsu, θ;xsu, xs)]},

(19)

where δλ,β(θsu, θ;xsu, xs)=supxsu
{−LUK(θsu, θ;xsu, xs)−

λWLi
(θsu;xsu, xs) + βWLe

(θsu;xsu, xs)}. The problem re-
duces to minimizing δλ,β . As shown in [34], δλ,β is smooth
with respect to θ if λ and β are large enoughtand the Lipschitz
smoothness assumption holds. Gradient can be computed as:

∇θδλ,β(θ;xs) = ∇θ{E[−LUK(θ;x∗s(xs, θ))], (20)

where x∗s(xs, θ)=argmaxxsu
[βWLe

(θsu;xsu, xs)− λWLi

(θsu;xsu, xs)−LUK(θsu, θ;xsu, xs)]=argmaxxsu
[Lum(θsu,

θ;xsu, xs)], which is exactly unknown maximization
in (9).

Analysis on out-of-distribution maximization: Unknown sam-
ples within the source distribution belonging to Dsu are seen as
the (K + 1)-th class and are append to Ds. Open-Set Single
Domain generalization problem becomes Single Domain gener-
alization problem withK + 1 classes. Similar to unknown max-
imization, out-of-distribution maximization synthesizes new
samples for better generalization ability. But out-of-distribution
maximization synthesizes new samplesDg that out of the source
distribution withDs.Dg exhibits domain shift fromDs in the in-
put space, but possesses strong semantic similarity withDs in se-
mantic space. Consequently, the synthesised unknown samples
encourage classifier to distinguish samples from bothDg andDs

well even if the sample selected from. The relaxed worst-case
problem can be rewritten as:

θ∗ = min
θ

sup
Dg

E(Ltask(θ;Dg)), (21)

where θ is parameters of the model. In out-of-distribution
maximization, Ltask is Los. Dg generates both unknown and
known samples out of the source distribution. Dsu not only
exhibits semantic differences from Ds in the input space, but
also maintains semantic correlations with Ds in the semantic
space. Hence,{Dg : WLi

(Ds, Dg) ≥ ρ,WLe
(Ds, Dg) ≤ η}. It

is hard to solve (21), so we use Lagrangian relaxation under con-
straint with fixed parameters λ ≥ 0 and β ≥ 0:

θ∗ = min
θ

sup
Dg

{E[Los(θ;Dg)]− λ[WLi
(θsg ;Ds, Dg)]

−β[WLe
(θsg ;Ds, Dg)]} = min

θ
{E[δλ,β(θ;xs)]}, (22)

where δλ,β(θ;xs)=supxg
{Los(θ;xg)−λWLi

(xs, xg)−βWLe

(xs, xg)}. The problem becomes minimizing δλ,β . δλ,β is smooth
w.r.t. θ if λ, β are large enough and the assumption of Lips-
chitzian smoothness holds. The gradient is computed as:

∇θδλ,β(θ;xs) = ∇θ{E[Los(θ;x
∗
s(xs, θ))], (23)

where x∗s(xs, θ) = argmaxxg
[Los(θ, θsg ;xs, xg)−λWLi

(θsg ;
xs, xg)− βWLe

(θsg ;xs, xg)] ≤ argmaxxsu
[Los(θ, θsg ;xs,

xg)− βWLe
(θsg ;xs, xg)] = argmaxxg

[Lom(θ, θsg ;xs, xg)],
which is exactly out-of-distribution maximization.

V. EXPERIMENTS

A. Setup

1) Dataset: Experiments are conducted on 7 datasets. Dig-
its dataset includes: MNIST [18], USPS [13], SVHN [46],
MNIST-M and SYN [7]. Office-Home dataset [37] contains Art,
Clipart, Product and Real World domains. Office31 [30] dataset
has Amazon, Dslr, and Webcam domains. VisDA-2017 [27]
dataset comprises from Synthesis and Real World. PACS [19]
dataset has 4 domains: Art Paint, Cartoon, Sketch and Photo.
Face Anti-spoofing tasks with CASIA-MFSD [48] (C), Replay-
Attack [4] (R) and HQ-WMCA [10] (H).

2) Evaluation Protocol: For the Digits dataset, we follow
CrossMatch [51] and select MNIST as the source domain, con-
sisting of numbers 0 to 4. The remaining four datasets are used
as target domains with a common unknown label space. The
target unknown label space Cut consists of unknown categories
ranging from 5 to 9. For Office-Home dataset, we follow Cross-
Match [51] and designate the first 15 categories as the shared
label space, and the remaining 50 categories as the target un-
known label space. Each domain is sequentially selected as the
source domain, with the remaining three domains serving as the
target domains. On the VisDA-2017 dataset, we evaluate our
method using two domains as the source in turn. The first five
classes in alphabetical order are considered as the source domain
label space, and all 12 classes are considered as the target space.
We further conduct experiments on Office31 and PACS datasets
with inconsistent target domain label spaces. On the Office31
dataset, Amazon is seen as the source domain and the remaining
two as the target. The source domain contains 10 classes shared
by Office31 and Caltech256, while target unknown label space
Cut of Webcam includes the last 10 classes sorted alphabetically,
and target label space of Dslr includes all the 31 categories. For
the PACS dataset, each of the four domains is used as the source
in turn, with the others as targets. The source domain label space
consists of the first three classes alphabetically, while each tar-
get domain has a different set of classes (Ct). The first target
domain includes 5 classes, the second has 6, and the last con-
tains 7 classes. For the Face Anti-spoofing, C and R are used as
source domains in turn, and H domain is the target.

3) Pytorch Implementation Details: LeNet-5 is used as the
backbone for Digits dataset, while a ResNet18 pre-trained
is used on ImageNet as the baseline for the rest. Following
SHOT [22], we place a BN layer after the FC layer inside the
bottleneck layer and employ a weight normalization layer in the
last FC layer. Mini-batch SGD is adpoted with momentum 0.9
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TABLE II
CLASSIFICATION ACCURACY (% ) ON DIGITS WITH LENET-5, ON OFFICE31 AND VISDA2017 WITH RESNET-18. BEST ARE IN BOLD.

TABLE III
CLASSIFICATION ACCURACY (% ) ON OFFICE-HOME WITH RESNET-18

TABLE IV
CLASSIFICATION ACCURACY (% ) ON PACS WITH RESNET-18

and weight decay 1e-3, and set the learning rate as 1e-4. Batch
size is 64. We use cropping [40] and RandAugment [5] to aug-
ment the training data xs to xs. CADA compares with other
methods following their original procedures under our settings
except DA method accessing target data during training. Time
and space complexity are both O(N).

4) Comparative Evaluations and Performance Metrics:
CADA is compared against various baseline and SOTA meth-
ods includes supervised learning (SL) method Empirical Risk
Minimization (ERM) [17], Open-Set DA method Open-Set Do-
main Adaptation by Back propagation (OSDAP) [31], Open-Set
recognition (OSR) method PROSER [50] and CombEmb [16],
state-of-the-art SDG methods Adversarial Data Augmentation
(ADA) [38] and Maximum-Entropy Adversarial Data Augmen-
tation (MEADA) [49], and state-of-the-art OS-SDG method
CrossMatch (CrossMatch) [51] on five datasets. In this pa-
per, we use acc, hs and accu as our three main metrics. Since
in our setting, almost half data are unknown samples, while
per-class accuracy (acc) is the mean accuracy averaged over all
classes in all K + 1 classes, unknown samples are seen as the
K + 1 class. Therefore, treating unknown samples, which ac-
count for over half of the dataset, equally with the rest of the
known classes is unfair. While h-score (hs), hs = 2∗accu∗acck

accu+acck
,

is the harmonic mean of average per-class accuracy in known
and unknown space, which give equal importance weight to
known and unknown classes. This setting is more consistent
with our practical situation, as the hs score will only be high
when both known and unknown accuracies are high. Here, acck
and accu are per-class accuracy of known and unknown label
space.

TABLE V
EXPERIMENTS ON FACE ANTI-SPOOFING

B. Results and Further Analysis

1) Experiment Result: Tables II, III and IV reports the perfor-
mance on the Digits, Office31, VisDA-2017, Office-Home and
PACS datasets under the OS-SDG setting, respectively. OSDA
performs well on accu. However, it uses both source and tar-
get data in training. Thanks to Los, PROSER can distinguish
some semantic unrelated unknown samples, but fails to classify
target known ones well due to distribution shift. SDG meth-
ods are effective in improving accuracy on known classes. But
they struggle on unknown classes. This leads to low accuracy
on unknown classes and low hs. The SOTA OS-SDG method,
CrossMatch, improves the discrimination of unknown samples
by synthesizing them, but its assumption that these samples are
entirely unrelated to known classes limits its open-set discrimi-
native power. Our CADA outperforms CrossMatch significantly
in hs and accu through all the datasets. It shows that CADA
significantly improves generalization over existing methods on
unknown classes while maintaining accuracy on known classes.
More analysis is in supplemental materials.

2) Component Effectiveness Evaluation: We conduct an ab-
lation study in Table VI to evaluate Ldiv , LUK , Lintra, and
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TABLE VI
ABLATION STUDY OF VARIANTS WITH OUR CADA ON OFFICE-HOME DATASET

TABLE VII
COMPARISON ON OFFICE-HOME AND VISDA2017

Linter. The first row is the baseline, a CADA variant using only
Los without these four components. Although it retains strong
discriminative power for known classes, its accu and hs re-
main relatively low, indicating limited ability to handle unknown
classes. Comparing the first and last rows shows that while Los

can only distinguish unrelated unknown samples, the full CADA
model can differentiate both related and unrelated unknowns,
validating our approach. The difference between the first and
second rows highlights that Lintra and Linter help capture class
correlations, improving performance. The comparison between
the fourth and last rows demonstrates that Ldiv enhances the di-
versity of synthesized unknown samples, contributing to better
results. Additionally, from the first, second, and last rows, we ob-
serve that LUK strengthens discriminative power for unknown
samples by generating diverse, known-related unknowns. The
last four rows highlight how Lintra and Linter explore class
relationships.

3) Applicability and Comparison With Other Methods: We
evaluate CADA’s applicability on anti-spoofing task in Table V.
Our method outperforms SDG methods [20], [39], [42], which
can be attributed to its strong open-set discrimination capability.
However, compared to PCGRL [15], an OS-SDG method specif-
ically designed for this scenario, our method performs less effec-
tively. This is because our CADA primarily focuses on relative
relationships between classes without capturing fine-grained,
attribute-level features. Such limitations hinder performance on
face anti-spoofing tasks, which heavily rely on local detail fea-
tures. Table VII compare CADA with more SOTA approaches.
It shows that even SOTA SDG methods, when augmented with
open-set recognition modules, experience significant perfor-
mance drops when target domain data is inaccessible. This high-
lights both the challenge and the practical significance of our
OS-SDG setting. In real-world scenarios, open-set domain gen-
eralization methods often assume multiple source domains—an
assumption that rarely holds true. When these methods are
applied in a single-source setting, their performance deterio-
rates markedly. Notably, even ODG-CLIP, which leverages the
strong generalization ability of CLIP, underperforms compared

to our proposed CADA. This further substantiates the superiority
of our approach and the challenges inherent in the OS-SDG
setting.

4) Visualization: We conduct t-SNE [36] under the OS-SDG
setting with Real World domain → other task, Fig. 3(a) show
the comparison between CrossMatch and CADA. Red points are
source known classes, while blue and green are target known and
unknown classes. CrossMatch performs better but sometimes
misclassifies unknown samples into known clusters (red circles)
due to difficulty in identifying semantically related unknowns.
In contrast, CADA separates target known samples more accu-
rately and effectively distinguishes both related and unrelated
unknown samples (black circle).

5) Varying Number of Known Classes: Fig. 3(b) illustrates
the adaptation task from the Real World to other domains,
with the number of known classes ranging from 10 to 60. The
red curves represent the performance of CrossMatch, while
the blue curves correspond to CADA. Both models exhibit
sensitivity to the number of known classes, with performance
generally declining as the number increases. However, CADA
consistently outperforms CrossMatch, demonstrating superior
differentiation of unknown samples. This advantage leads to
a higher harmonic mean score (hs) in terms of classifiabil-
ity and separability while maintaining comparable accuracy
levels.

6) Hyper-Parameter Sensitivity: In Fig. 3(c), we conduct an
ablation study on the Office-Home dataset under the OS-SDG
setting, exploring the impact of varying hyper-parameters λ,
θ, and μ on model performance. The evaluation metric used
is hs. The figure shows three curves representing different
hyper-parameter variations: the red curve varies σ with μ = 0.9
and λ = 0.3, the green curve varies λ with μ = 0.9 and σ = 0.1,
and the blue curve variesμwithσ = 0.1 and λ = 0.3. The results
show that CADA maintains stable performance across different
settings, demonstrating its robustness to these hyper-parameters.
Specifically, varying σ (red curve) causes mild fluctuations, with
a slight peak around a weight of 0.3, suggesting an optimal re-
gion for σ. Adjusting λ (green curve) shows an increasing trend,
indicating its importance for regularization. Changes in μ (blue
curve) result in a relatively stable trend, highlighting the model’s
resilience to variations in this parameter. Overall, Fig. 3(c) shows
that CADA is robust to hyper-parameter changes, validating the
model’s stability.

7) Impact of Different Class Ratios: As shown in Table VIII,
the first row represents the full CADA model, achieving the best
performance by generating sufficient known and unknown sam-
ples to enhance generalization and open-set recognition. The

Authorized licensed use limited to: Queen Mary University of London. Downloaded on May 01,2026 at 11:30:24 UTC from IEEE Xplore.  Restrictions apply. 



HU et al.: CLASS-AWARE DIVERSIFIED AUGMENTATION FOR OPEN-SET SINGLE DOMAIN GENERALIZATION 1787

Fig. 3. Ablation study under OS-SDG setting. (a) Feature visualization on “Real World→Others” task. (b) Number of categories known on Office-Home dataset.
(c) Varying hyper-parameters λ, θ and μ. (d) Convergence plot on Office-Home dataset.

TABLE VIII
IMPACT OF DIFFERENT CLASS RATIOS

TABLE IX
ACCURACY VS. COMPLEXITY COMPARISON

second row, which removes all unknown samples, sharply re-
duces open-set recognition ability, lowering hs despite strong
known-class performance. In the third row, removing only out-
of-distribution unknowns slightly improves performance over
the second row but remains far below the full model. The fourth
row removes source unknowns, causing a moderate performance
drop, as (6) relies on class relationships, but the impact is limited.
The last two rows, with adjusted generation ratios, show perfor-
mance declines, highlighting the importance of each module in
our approach.

8) Accuracy vs Complexity Comparison: We added an “Ac-
curacy vs. Complexity” comparison with baseline CrossMatch,
as shown in Table IX. Our method improves unknown accuracy
by +6.9% and achieves a 3% higherhs compared to CrossMatch.
Although the two-stage maximization increases training time by
approximately 1.5 hours, inference time and FLOPs remain sim-
ilar to the baseline.

9) Iteration of Training: The convergence plot is depicted in
Fig. 3(d). For the Office-Home dataset, the training includes 2
stages with 200 epochs. The result exhibits convergence stabil-
ity, our training includes two phases. Specifically, the first phase
aims to synthesize the fictitious target domain to simulate the
real target domain. During this phase, we first utilizes super-
vised learning with Los to learn open-set recognition ability.
The loss curve converges stablely. Then we conduct unknown
maximization and minimization to synthesize classes with both
domain shift and label space shift to simulate the inaccessible

Fig. 4. Visualization of synthesized samples.

target domain. The loss curse is dynamically changing. During
the second phase, synthesized samples appends to the source
domain, model is modified with both class-agnostic clustering
and modified supervised learning with Los to learn generalized
open-set discrimination ability, the loss curve converges stablely.

10) Synthesized Samples: Fig. 4 displays the synthesized
samples—both known and unknown—from the MNIST dataset.
The synthesized known samples exhibit a distinct domain gap
compared to the original images, yet they successfully preserve
semantic integrity. In contrast, the synthesized unknown sam-
ples, specifically from digits 0, 2, 3, and 4, demonstrate both
domain and semantic variations when compared to their original
counterparts. Despite these differences, there remains a signif-
icant correlation with the original samples, indicating that the
essential characteristics of the digits are still recognizable. This
balance highlights the effectiveness of the synthesis process in
generating new, yet contextually related samples that expand the
training dataset while maintaining a connection to the original
data.

VI. CONCLUSION

This work presents Class-Aware Diversified Augmentation,
which synthesizes more realistic unknown samples semantically
correlated with the source known classes to simulate unseen tar-
get domains for generalization. Theoretical analysis and exper-
iments on benchmarks show its superiority.

Future Works and Limitations: CADA has some limitations
for future research. First, our method requires a two-stage sam-
ple generation. Although it produces more diverse samples than
previous methods, reducing generation steps and resource con-
sumption remains a challenge. Second, our method currently
constrains semantics through simple inter-class relations; in the
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future, inspired by [23], [24], we aim to incorporate part-whole
relational properties to construct finer-grained inter-class rela-
tionships for better synthesization.
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