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

Jian Hu"”, Shaogang Gong

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.

1. INTRODUCTION

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 1
A COMPARISON OF DIFFERENT DA AND DG SETTINGS

Methods unaligned only one ] inuccessib]?

label space | source domain | target domain
Closed-Set Domain Adaptation [35] X 4 X
Domain Adaptation with category gap [11, 12, 45] v v X
Multi-Source Domain Adaptation [26, 47] X X X
Domain Generalization [19, 25] X X v
Single Source Domain Generalization [29] X v v
Multi-Soucre Open Domain Generalization [32] v X v
Open-Set Single Domain Generalization [51] v v v

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) Toimplement 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.
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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 Dy and tested on multiple unannotated
target domains D; = {Dy,, D,,...D,, }, which are inaccessi-
ble during training. The source domain D, = {z%,y}"'*; has
n labeled samples, while each target domain Dy, = {z} };
has n, unlabeled samples. Target domains include novel cate-
gories absent from the source domain. The source label space Cg
is a subset of the target Cy, i.e., Cs C Cy, with novel target classes
defined as Cj* = C; \ Cs. During inference, all novel classes Cj}'
are grouped into a single “unknown” class. The label spaces of
multiple target domains Cy , . . ., C¢,, are not fixed but all include
C,. Additionally, there is a distribution shift between source and
target domains: P4 (z) # Py (z).

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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CADA includes a feature extractor F', a known class classifier C'g, and an unknown class classifier C',,, 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 L i, semantic consistency loss L.¢, and diversified loss
L g4;,, synthesizes unknown samples without domain shift  5,,, which maintains correlation with the corresponding class of the source sample used for synthesizing
them. (b) Out-of-distribution maximization appends x s, to x5 and synthesizes out-of-distribution samples x4, to simulate target domain that has both known
and unknown classes with open-set loss L,s and semantic consistency loss L.;. (c) Minimization improves generalization using both source samples x s and
augmented samples xg with open-set loss L, g,inter-sample 10ss L;pter and intra-sample 1oss Lin¢rq. 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:

Hgn sup {E[L¢.(0; Dy)] : d(Dy, Ds) < p}, (1

Dy

d is used to quantify the similarity between Dy and D,. p cor-
responds to the maximum allowable cost to transfer Dy to D;.
Meanwhile, 6 is the parameters of the model, which are refined
through cross-entropy loss L... Adversarial Data Augmentation
expands the source domain’s diversity by creating a domain D,
to approximate the unseen target domains D;. It redefines the
worst-case problem (1) into a Lagrangian optimization problem
with a fixed penalty parameter :

Hgnslljlp {E[Lce(e;Dg)] 77d(D97Ds)}7 (2)
where d(Dy, D,) = La(fy: Dy, D) = [|F(zy) — F(a)|I3 +
00 - Lyyzy.y» I 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(6‘70g§DS7Dg> = Lce(9§Dg) - 'YLct(gg?Dg,Ds)a 3)

the training is processed iteratively between two phases: the
maximization and the minimization. During maximization, a
fictitious target domain D, is synthesized from D by optimizing
L,ga With learning rate 7 > 0:

Ty Ts+ nvzsLada(9§ Ts, xg)7 “4)
After the maximization phase, the synthesized domain D, is

appended to D;. In the minimization phase, 6 is optimized by
minimizing L. with the updated D;.

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 I, and a known class classifier C),. But source
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supervised learning cannot distinguish unseen unknown sam-
ples. Inspired by [50], we introduce a parallel unknown class
classifiers C,, to identify unknown classes. C, is a linear layer
trained from sketch with K -head, and it shares the same feature
extractor F' as the known classifier C. C', and C}, 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(z) is defined as:

f(xs) = [Ck(F(ms))>maX(CM(F(xs)))]’ (©)

where [+, -] is concatenation operation, f (z ) is applied to classify
known classes with cross-entropy loss L... 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
Z g, Without introducing domain shift. It simulates multiple un-
known classes at the classification boundary between known and
unknown classes using the unknown loss L i, which is defined
as follows:

LUK(esua 9; Dsu7 Ds) = Lce(f(xsu)u yK+1)
+ Lee(f"(w5u), K + 1),  (6)

where yk4+1 = (1 — @)lx41 + /(K + 1) is the smooth la-
bel, K is the number of known classes, « is set as 0.1. £*(x;) is
the masked ground truth position features, and is defined as:

7 (xs) = [Cu(F(x5)) 0 (1x — 1y, ), max(Cu(F ()] (7)

where 1y is the K-dimension all-one vector and 1, is K-
dimension one-hot encoding with only the ys-thelementas 1. ois
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 L g;,,
which ensures the correlation between the synthesized sample
and the corresponding source sample used for synthesization.
Lg;, 1s denoted as:

Laiv(Osu; Dsus Ds) = Lee(Cu(F (T5u)), Ys)- (3)
To summary, the overall loss of unknown maximization is:
Lum (0, 0su; Dsu, Ds)= Let(0su; Dsus, Ds)
— ALaiv(0su; Dsus Ds) = Luk (Osu, 0; Dsy, Ds), - (9)

where A is the hyper-parameter. By maximizing L.,,,, 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 x,, are
synthesized through the following process:

Tsu — Ts + nvms {Lct(esu; Lsuy xs) - )\Ldi'u (esu; Lsuy ys)
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_LUK(asuae;msuaxs)}v (10)

After unknown maximization, synthesized unknown classes
in Dy, have distinct semantic yet without domain shift, and they
are appended to D, 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 x,, 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 z4 and x,, using
this relationship. For the remaining classes except for its ground
truth, f*(z,) is treated as the features of an unknown sample. Us-
ing f*(x) and f (), we can distinguish semantically unrelated
unknown classes by open-set loss L,:

Los(s,ys) = Lee(£(2s), yy,) + Lee(f"(25), 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:

LOHL(0709;DS7Dg) = —Lct(og§xg71's) + LOS(Qg;Ig,LEs),
(12)

where z, are synthesized fictitious target samples, and D, =
{xé}?zgl contains n, samples. The first term guarantees the syn-
thesized samples in D, maintain semantic connections with the
samples in D, 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 — Ts + TIVM,{LO&(H, Ts, Z/s)— Lct(eg; Z‘g, xs)}7 (13)
where D, contains both known and unknown classes with dis-
tribution gap. D, are appended to D, 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 C';, and C}, 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 C, and C',, and define
z(2l) = [Cr(F(21), Cyu(F(x1))] for clustering with 2K heads.
Two output vectors, z(x%) and z(), are chosen to compute co-
sine similarity matrix S(z%, 27) for unlabeled input samples z
and zJ. Then pseudo inter-sample label h(x(i), z(j)) can be ob-
tained by setting a threshold 1 on S(z%, 27) (1=0.9 by default),
where

o if S(z, 7
(el ad) = 4 b ) 2

) ) (14)
0, otherwise

Given pseudo inter-sample label h(x%, 2:7), we employ binary
cross entropy loss to train the model as follows:

Z (Lbf’e(s(xz’ Ig)a h(xlev x]e))

¥ ,x‘é&Ds

+ Lyce (S(xt, x1), h(xL, x1))),

Linter (Izsa X]g) =

5)

here, we denote % and x’ as the original and augmented in-
put samples, respectively. Specifically, the augmentation of x’,
is achieved by applying randaugment, color jitter, and random
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horizontal flip to the samples, while z* 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:

2K 2K Pl x)
Lintra Pz, x2)1 — s s |
wra(p(a ZZ )log {P@;)P(xz)]
(16)
here, p(z%) = Softmax(z(z )) andP(x' x') is the joint prob-

ability matrix: P(z,x%) = 53 SO o) p(xi)T, where m
and n represent the m-th row and n-th column, respectively.
The formula is optimized using both original samples z° and
their augmentations x’. 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:

Lmzn( Z(U(Linter(mia Xi)

wixd yieDs

- Lintm(zia Xi)) + Los(xi, yi)),

o 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.

xD ) =

7)

IV. THEORETICAL ANALYSIS

The source domain is defined as D, they are used to
synthesize unknown samples D,,. Define L.:F x F-R*T U
{oo} as the cost of perturbing embedding z, to xg, in em-
bedding space. L;: X x X -R*™ U {oc} is the cost of per-
turbing x5 to x4, in input space. The distance between
D, and Dy, in embedding space is dp, (0sy; Ds, Dsy,) :=
infar.erp,, Do) Enp [Le(Ts, 40 )], similarly, the distance be-
tween Dy and Dy, in input space is dp,(0sy; Ds, Dsy) ==
infar, eri(p,,p..) Eng, [Li(2s, ©5u)]. Mp and M, are measures
in the embedding and input space respectively. II( Dy, Dy, ) is
joint distribution of D and Dy,,.

Analysis on unknown maximization: Unknown maximization
synthesizes unknown samples Dy, without introducing domain
shift from D,. D, exhibits semantic differences from the D, in
embedding space, but possesses strong correlations with Dy 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:

o = m(?xbrile(Lmsk(Q; Dsy))
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= — meinsup[—]E(Ltask(g;Dsumv (18)

Dsu

where 6 is parameters of the model. In unknown maximiza-
tion, Liqsk 1S Ly k. Ds, synthesizes unknown samples without
domain shift. Dy, exhibits both semantic differences from D,
in the semantic space, and correlations with the correspond-
ing class Dy used to synthesize Dy, in input space. Hence,
{Dsu :dLi (esua Dsy Dsu) §P> dLe (esua Dsa Dsu Z 77}» we use
Lagrangian relaxation under constraint with fixed parameters
A > 0and 8 > 0 to solve (18) as follows:

0 = fmoin Sup{E[— Ly (0; Dsy)] — AW, (0su; Dsu, D)]
Dy

'i_ﬁ[VVLe (osua Dsu7 Ds)]} - - mein{E[(SA,ﬂ(HSU7 97 Tsuy 335)]},
(19)

where 8 5(0su, 0; Tsu, Ts) =sup,, {—Luk (Osu, 05 Tsu, Ts) —
WL, (Osu; Tsu, xs) + BWL_ (Osu; Tsu, xs)}. The problem re-
duces to minimizing 6, g. As shown in [34], d, g is smooth
with respect to 6 if A and (3 are large enoughtand the Lipschitz
smoothness assumption holds. Gradient can be computed as:

Voo p(0;25) = Vo{E[-Luk (0; 2(25,0))],  (20)

where  z%(x,0)=argmax,_, [BWr,(0su; Tsu, Ts) — AW,
(esu; L sus xs) *LUK (gsuy 9; Lsu, xs)} =argmaXg [Lum(gsua
0; Ty, 25)], which is exactly unknown maximization
in (9).

Analysis on out-of-distribution maximization: Unknown sam-
ples within the source distribution belonging to Dy, are seen as
the (K + 1)-th class and are append to D,. Open-Set Single
Domain generalization problem becomes Single Domain gener-
alization problem with K + 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 samples D, that out of the source
distribution with D,. D, exhibits domain shift from D in the in-
put space, but possesses strong semantic similarity with D in se-
mantic space. Consequently, the synthesised unknown samples
encourage classifier to distinguish samples from both D, and D
well even if the sample selected from. The relaxed worst-case
problem can be rewritten as:

0" = rrgn sgp E(Liask(0; Dy)), 20
g

where 6 is parameters of the model. In out-of-distribution
maximization, L;qsk is Los. D4 generates both unknown and
known samples out of the source distribution. Dy, not only
exhibits semantic differences from D; in the input space, but
also maintains semantic correlations with Dy in the semantic
space. Hence, { D, : Wi, (Ds, Dy) > p, W1, (Ds, Dg) < n}.1t
is hard to solve (21), so we use Lagrangian relaxation under con-
straint with fixed parameters A > 0 and g > 0:

0" = minsup{E[Los(0; Dg)] = A[WL,(6s,; Ds, Dy)]
D.‘?

—BIWL (05, Ds, D)} = min{E[0 (0:2:5)]},  (22)
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where 6, 5(0; v5) =sup, {Los(0; 2g) —AWL, (25, 24)— W,
(x5, 24)}. The problem becomes minimizing 6, _g. d; g is smooth
w.rt. 0 if A, 5 are large enough and the assumption of Lips-
chitzian smoothness holds. The gradient is computed as:

V0.,5(0;75) = Vo{E[Los(0; 75 (x5, 0))],
where % (zs,0) = argmax, [Los (0, 0s,; 75, 24) =AW, (0
Tg, xg) - BWLE (0593 Ts, xg)] < arg maxg,, [Los(aa asg; Ts,

xg) - Wy, (9595 Ts, xg)] = argmaXg, [Lom(97 esg 7 Lss xg)],
which is exactly out-of-distribution maximization.

(23)

897

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 O to 4. The remaining four datasets are used
as target domains with a common unknown label space. The
target unknown label space C;* 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
C;* 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 (C;). 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 ResNetl8 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 IT
CLASSIFICATION ACCURACY (% ) ON DiGITS WITH LENET-5, ON OFFICE31 AND VISDA2017 WITH RESNET-18. BEST ARE IN BOLD.
Methods | Access to Dy Type .MNIST~>. Others Ama7on~f Others Synthesis — Real Wcrlc.l Real World ~> Synthesis Averz?ge
acc hs accy acc hs accy, acce hs acCy acc hs accy acc hs accCy,
OSDAPI[31] Accessible OSDA | 57.3+0.3 542404 49.6+0.2 | 76.1+£0.3 79.6+£0.2 84.7+0.3 | 54.7+0.3 59.24+0.5 69.1+0.4 | 68.6+£0.3 50.9+0.2 38.6+0.3 | 61.7+£0.3 55.1+0.4 53.9+0.4
CombEmb][16] Accessible OSDA | 57.440.4 53.3+0.5 48.5+04 | 77.24+0.5 80.6+0.3 854404 | 557404 60.54+0.4 71.34+0.5 | 69.3+0.4 52.04+0.4 39.7+0.3 | 62.4+0.4 56.3+0.4 55.5+0.4
ERM[17] Inaccessible SL | 49.2+0.3 18.0+0.4 13.0£0.3 | 77.94£0.4 40.7+0.3 21.1£0.5 | 43.3+£0.4 30.4+0.5 23.4+0.6 | 64.5£0.4 25.6+04 15.5+0.4 | 53.94+0.3 28.0+0.4 19.4+0.4
PROSER([50] Inaccessible OSR | 49.9404 412+0.3 33.6+0.5 | 74.0+0.3 45.6+£0.6 32.24+0.4 | 44.44+0.5 40.0£0.4 35.340.5 | 68.5+0.4 32.3+0.4 20.3+0.3 | 56.8+0.4 36.2+0.3 27.840.5
ADA[38] Inaccessible SDG | 50.2+0.4 20.14+0.3 15.1+£0.4 | 77.0£0.4 37.240.3 24.0+£0.4 | 44.7£0.3 31.7+0.5 24.5£0.2 | 67.9£0.5 29.5+0.3 18.2+£0.4 | 56.3+0.5 30.7+0.3 21.4+0.4
MEADA[49] Inaccessible SDG | 529404 30.440.5 29.8+0.3 | 76.8+0.4 35.04+0.5 222403 | 45.14£0.4 33.7+0.5 25.7+£0.3 | 68.2+0.4 28.7+0.5 17.6+0.3 | 56.6+0.4 31.2+0.5 21.6+0.3
CrossMatch([51] Inaccessible OS-SDG | 51.34+0.4 38.740.5 46.14+0.3 | 76.64+0.4 52.840.4 39.34+0.5 | 44.440.3 42.5+0.2 40.840.5 | 69.5+0.4 53.0+0.5 40.94+0.5 | 57.0+0.3 47.8+0.5 40.840.4
CADA Inaccessible Ours | 51.0+£04 49.5+0.3 47.2+04 | 76.0+0.5 57.7+0.5 4541404 | 44.6+0.3 45.54+0.5 47.0+0.3 | 69.4+0.5 56.24+0.3 45.1+0.4 | 57.0+0.5 50.840.3 46.1+0.4
TABLE III
CLASSIFICATION ACCURACY (% ) ON OFFICE-HOME WITH RESNET-18
Methods | Access to D; Type Art — Others Clipart— Others Product— Others Real World— Others Average
acc hs accy, acc hs accy acc hs accy acc hs accy acc hs accy
OSDAP[31] OSDA | 45.6+0.3 43.4+0.4 49.8+0.5 | 52.8404 52.3+£0.3 51.7+04 | 41.4+0.5 46.6+0.3 54.9+0.4 | 53.5+£0.3 47.1£0.4 41.6+04 | 48.3+0.5 48.4+0.3 49.5+0.4
CombEmb][16] OSDA | 46.5+0.5 47.740.4 49.2+0.5 | 51.9+04 52.7+0.5 53.7+04 | 542404 55.840.3 55.34+0.3 | 66.3+0.3 59.14+0.5 52.8+0.4 | 54.7+0.4 53.840.5 52.8+0.4
ERM[17] | Inaccessible SL [ 65.0204 31.1£0.5 20.5+0.6 | 64.1£04 358+0.6 247105 | 60.5+04 36.3+£04 263+05 | 66.6204 33.9+0.5 23.2+05 | 64.1£04 343+£04 237105
PROSER([50] Inaccessible OSR | 62.6+0.4 47.5+£0.3 37.6+0.5 | 60.0+0.5 38.8+0.3 28.24+0.4 | 59.940.5 42.14+0.5 31.94+0.5 | 64.9+0.5 49.74+0.6 39.7+£0.4 | 61.9+0.4 44.54+0.5 343404
ADA[38] Inaccessible SDG | 68.3+0.4 32.940.5 22.1+£0.4 | 65.1£0.4 42.1+04 312403 | 60.5£0.5 34.7+04 24.6+£0.5 | 67.1£0.3 34.940.3 22.9+0.5 | 65.24+0.4 36.24+0.5 25.4+0.4
MEADA[49] Inaccessible SDG | 68.3+£0.6 33.3+£0.5 224404 | 65.3+0.5 42.1+0.4 31.3+0.5 | 60.4+0.4 357404 25.6+0.5 | 67.0+0.4 34.7+£04 23.7+0.5 | 65.040.3 36.4+0.4 25.740.5
CrossMatch[51] Inaccessible 0OS-SDG | 65.940.4 532403 45.340.5 | 62.9+0.4 48.9+0.5 37.840.4 | 58.440.3 453+0.5 37.7+0.6 | 67.1+£0.4 50.840.4 41.3+0.3 | 63.6+0.5 49.6+0.5 40.5+0.3
CADA Inaccessible Ours | 65.8404 54.9+0.3 46.4+0.5 | 59.0+0.3 53.4+0.3 48.3+0.4 | 60.1+0.3 52.4+0.4 45.8+04 | 65.0+0.3 56.3+0.4 49.1+0.5 | 62.5+0.4 54.24+0.3 47.4+0.4
TABLE IV
CLASSIFICATION ACCURACY (% ) ON PACS WITH RESNET-18
Art Paint— Others Cartoon— Others Photo— Others Sketch— Others Average
Methods | Access to Dy Type
acc hs accy, acc hs accy, acc hs accy, acc hs accy, acc hs accy
OSDAP[31] OSDA | 36.5+0.3 36.3£0.4 76.6+0.5 | 32.7+0.4 32.3+£0.4 67.1+0.4 | 36.4+0.5 36.0£0.4 74.3+0.3 | 34.3+0.4 33.840.5 32.9+0.3 | 35.0+£0.3 34.6+0.4 62.7+0.5
CombEmb[16] OSDA | 48.440.4 53.5+0.5 72.2+04 | 52.3+0.3 56.4+0.5 67.4+0.5 | 42.6+0.3 49.14+0.3 75.1+0.4 | 46.4+0.3 50.3+0.4 61.3+0.4 | 47.4+0.3 52.3+0.4 69.0+0.4
ERM[17] Inaccessible SL | 46.2+0.4 32.7+0.3 23.5+0.5 | 49.0£0.4 23.5+0.4 15.0£0.4 | 34.7£0.4 26.7+0.5 20.2+0.3 | 41.3+0.4 30.7+0.4 22.74£0.5 | 42.840.4 28.4+0.3 20.3+0.3
PROSER([50] Inaccessible OSR | 48.6+0.4 39.4+0.5 30.84+0.5 | 49.3+0.3 35.04£0.3 252404 | 36.5+0.5 33.840.3 30.0+0.5 | 42.740.6 41.6£0.4 39.84+0.3 | 44.3+0.5 37.4+0.4 31.440.5
ADA[38] Inaccessible SDG | 47.74£0.5 35.940.5 26.8+0.4 | 49.3+0.4 26.8404 17.2+0.5 | 37.0+£0.4 29.24+0.5 224404 | 43.2+0.5 33.7+04 25.7+£0.3 | 44.3+0.4 31.44+0.5 22.9+0.4
MEADA[49] Inaccessible SDG | 48.1+£0.4 36.54+0.5 27.4+03 | 48.8+£0.4 27.6+0.5 18.0+£0.3 | 36.9£0.3 28.7+0.5 21.8+£0.3 | 42.84+0.4 32.6+0.5 24.4+0.3 | 44.1+0.4 31.3+0.4 22.940.5
CrossMatch[51] Inaccessible OS-SDG | 48.5+0.4 41.0£0.5 33.2£0.5 | 49.64+0.3 37.54+0.5 30.1+0.4 | 34.2+0.3 33.0+£0.4 31.1£0.5 | 43.240.3 45.14+0.5 50.6+0.3 | 43.9+£04 39.2+0.3 36.2+0.5
CADA | Inaccessible Ours | 492204 43.0£0.5 35.8£0.3 | 49.9+0.5 42.2H04 34.2£0.3 | 34304 351504 37.2204 | 42.1504 45.0£0.3 57.2£05 | 43.9£0.3 41.3+03 41104
and weight decay le-3, and set the learning rate as le-4. Batch TABLE V
.. . EXPERIMENTS ON FACE ANTI-SPOOFING
size is 64. We use cropping [40] and RandAugment [5] to aug-
ment the training data x, to xs. CADA compares with other Method CioH Tto H
: s : HTER (%) { AUC (%) T | HTER (%) { __AUC (%) T
methods following their original procedures under our settings  —p reNNTa2] 1037 oT5a 3503 T
except DA method accessing target data during training. Time PEEI‘{ 4[22]21 gggg gg‘%g %gg ;g‘g;
and space complexity are both O(N). PCGRL [15] 27.24 78.81 28.03 79.37
Ours 31.45 72.36 30.55 75.83

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 acc,, 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 = %,
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, accy,
and acc,, are per-class accuracy of known and unknown label
space.

B. Results and Further Analysis

1) Experiment Result: TablesII, IIT 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 acc,,. However, it uses both source and tar-
get data in training. Thanks to L,s, 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 acc, 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 Lgiy, Lux, Lintra, and
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TABLE VI
ABLATION STUDY OF VARIANTS WITH OUR CADA ON OFFICE-HOME DATASET

CADA’s variant

settings on Office-Home

Art — Others Clipart— Others Product— Others Real World— Others Average
Lgiv  Luk  Lintra Linter | acc hs accy, acc hs acc,, | acc hs acc, | acc hs acc,, | acc hs accy,
653 437 323 | 582 452 365 | 604 420 317 | 650 474 364 | 624 446 342
v v 653 449 342 | 580 442 358 | 60.5 424 327 | 66.0 476 373 | 624 448 349
v 65.1 545 462 | 566 499 442 | 595 5001 428 | 649 551 473 | 615 524 451
v v v 648 532 445 | 583 520 465 | 579 507 446 | 641 564 497 | 613 531 463
v v v 640 53.1 453 | 5883 5184 463 | 585 488 418 | 636 558 497 | 612 524 458
v v v 648 544 462 | 583 519 462 | 596 503 429 | 647 564 494 | 619 532 462
7 7 7 7 658 549 464 | 590 534 483 | 60.1 524 458 | 650 563 491 | 625 542 474
TABLE VII to our proposed CADA. This further substantiates the superiority
COMPARISON ON OFFICE-HOME AND VISDA2017 of our approach and the challenges inherent in the OS-SDG
Methods Venue Office—Home | VisDA2017 setting.
N TCPROS R IS0 1T gocg_ Sfllsz ?16305? 4?5603 4f(b)s3 Z%Cg 4) Visualization: We conduct t-SNE [36] under the OS-SDG
ormAuG+ s . . . . . . . . . .
MEDIC [1] ICCV23 (582 448 3581533451 376  Setting w1th Real World domain — other task, Fig. 3(a? show
ODG-CLIP [33] CVPR24(61.3 53.0 46.1 [54.7 48.9 42.9  the comparison between CrossMatch and CADA. Red points are
CADA Ours [62.554.2 47.4]57.0 508 49.1  4yrce known classes, while blue and green are target known and

Linter. The first row is the baseline, a CADA variant using only
L, without these four components. Although it retains strong
discriminative power for known classes, its acc, and hg re-
main relatively low, indicating limited ability to handle unknown
classes. Comparing the first and last rows shows that while L
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 L;,,;.., and L;,., help capture class
correlations, improving performance. The comparison between
the fourth and last rows demonstrates that L 4;,, enhances the di-
versity of synthesized unknown samples, contributing to better
results. Additionally, from the first, second, and last rows, we ob-
serve that Ly i strengthens discriminative power for unknown
samples by generating diverse, known-related unknowns. The
last four rows highlight how L;,,;. and L;pe, 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

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 A,
0, and 1 on model performance. The evaluation metric used
is hs. The figure shows three curves representing different
hyper-parameter variations: the red curve varies o with ;t = 0.9
and A = 0.3, the green curve varies A with y = 0.9and o = 0.1,
and the blue curve varies y witho = 0.1 and A = 0.3. The results
show that CADA maintains stable performance across different
settings, demonstrating its robustness to these hyper-parameters.
Specifically, varying o (red curve) causes mild fluctuations, with
a slight peak around a weight of 0.3, suggesting an optimal re-
gion for 0. Adjusting A (green curve) shows an increasing trend,
indicating its importance for regularization. Changes in u (blue
curve) resultin 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
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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 A, 6 and p. (d) Convergence plot on Office-Home dataset.

TABLE VIII
IMPACT OF DIFFERENT CLASS RATIOS

Source Known Source Unknown OOD Known OOD Unknown| hs
1 1 1 1 54.9
1 0 1 0 25.6
1 1 1 0 36.8
1 0 1 1 50.8
1 0.5 1 0.5 52.4
1 0.5 0.5 0.5 51.3
TABLE IX
ACCURACY VS. COMPLEXITY COMPARISON
Method hs Accuracy (Unknown) Training Time (hours) Inference Time (ms) FLOPs (G)

14.7 2.1
14.9 22

CrossMatch 47.8%
CADA (Ours) 50.8%

40.5%
47.4%

3.8
52

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% higher hs compared to CrossMatch.
Although the two-stage maximization increases training time by
approximately 1.5 hours, inference time and FLOPSs 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 L, 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

1
(c) augmented
unknown samples

(a) original
known samples

(d) bad cases

known samples

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 L, 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.

(1]

(2]

(3]

(4]

(51

(6]

(71

(8]

[91
[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

REFERENCES

K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for image
recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2016,
pp. 770-778.

X. Chen, S. Wang, M. Long, and J. Wang, “Transferability vs. discrim-
inability: Batch spectral penalization for adversarial domain adaptation,”
in Proc. Int. Conf. Mach. Learn., 2019, pp. 1081-1090.

Z. Chen et al., “Practical DG: Perturbation distillation on vision-language
models for hybrid domain generalization,” in Proc. IEEE/CVF Conf. Com-
put. Vis. Pattern Recognit., 2024, pp. 23501-23511.

1. Chingovska, A. Anjos, and S. Marcel, “On the effectiveness of local
binary patterns in face anti-spoofing,” in Proc. BIOSIG- Proc. Int. Conf.
Biometrics Special Int. Group, 2012, pp. 1-7.

E. D. Cubuk, B. Zoph, J. Shlens, and Q. V. Le, “Randaugment: Prac-
tical automated data augmentation with a reduced search space,” in
Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit. Workshops, 2020,
pp. 702-703.

A. Farahani, S. Voghoei, K. Rasheed, and H. R. Arabnia, “A brief review of
domain adaptation,” in Proc. Adv. Data Sci. Inf. Eng., 2021, pp. 877-894.
Y. Ganin and V. Lempitsky, “Unsupervised domain adaptation by back-
propagation,” in Proc. Int. Conf. Mach. Learn., 2015, pp. 1180-1189.

K. Han et al., “Transformer in transformer,” in Proc. Adv. Neural Inf.
Process. Syst., 2021, vol. 34, pp. 15908-15919.

K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning,” Image
Recognit., vol. 7, pp. 327-336, 2015.

G. Heusch, A. George, D. Geissbiihler, Z. Mostaani, and S. Marcel, “Deep
models and shortwave infrared information to detect face presentation
attacks,” IEEE Trans. Biom., Behav., Ident. Sci., vol. 2, no. 4, pp. 399-409,
Oct. 2020.

J. Hu et al., “Discriminative partial domain adversarial network,” in Proc.
Comput. Vis. 16th Eur. Conf., Glasgow, U.K., 2020, pp. 632-648.

J. Hu et al., “Learning unbiased transferability for domain adaptation by
uncertainty modeling,” in Proc. Comp. Vis. 2022 17th Eur. Conf., Tel Aviv,
Israel, 2022, pp. 223-241.

J. J. Hull, “A database for handwritten text recognition research,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 16, no. 5, pp. 550-554, May 1994.
X.Ji,J. F. Henriques, and A. Vedaldi, “Invariant information clustering for
unsupervised image classification and segmentation,” in Proc. IEEE/CVF
Int. Conf. Comput. Vis., 2019, pp. 9865-9874.

F. Jiang et al., “Open-set single-domain generalization for robust face
anti-spoofing,” Int. J. Comput. Vis., vol. 132, pp. 5151-5172, 2024.

G. Kim, J. Kang, and B. Han, “Open-set representation learning through
combinatorial embedding,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern
Recognit., 2023, pp. 19744-19753.

V. Koltchinskii, Oracle Inequalities in Empirical Risk Minimization and
Sparse Recovery Problems: Ecole d’Eté de Probabilités de Saint-Flour
XXXVIII-2008. vol. 2033, Berlin, Germany: Springer Science & Business
Media, 2011.

Y. LeCun et al, “Backpropagation applied to handwritten zip
code recognition,” Neural Computation, vol. 1, no. 4, pp.541-551,
1989.

D. Li, Y. Yang, Y.-Z. Song, and T. M. Hospedales, “Deeper, broader and
artier domain generalization,” in Proc. IEEE Int. Conf. Comput. Vis., 2017,
pp. 5542-5550.

L. Li et al., “Progressive domain expansion network for single domain
generalization,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.,
2021, pp. 224-233.

S. Li et al., “Critical classes and samples discovering for partial do-
main adaptation,” IEEE Trans. Cybern., vol. 53, no. 9, pp. 5641-5654,
Sep. 2023.

J. Liang, D. Hu, and J. Feng, “Do we really need to access the source data?
Source hypothesis transfer for unsupervised domain adaptation,” in Proc.
Int. Conf. Mach. Learn., 2020, pp. 6028-6039.

Y. Liu, D. Cheng, D. Zhang, S. Xu, and J. Han, “Capsule networks with
residual pose routing,” IEEE Trans. Neural Netw. Learn. Syst., vol. 36, no.
2, pp. 2648-2661, Feb. 2025.

Y. Liu, D. Zhang, Q. Zhang, and J. Han, “Part-object relational vi-
sual saliency,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 44, no. 7,
pp. 3688-3704, Jul. 2022.

[25]

[26]
[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[39]

[40]

[41]

[42]

[43]
[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 28, 2026

K. Muandet, D. Balduzzi, and B. Scholkopf, “Domain generalization via
invariant feature representation,” in Proc. Int. Conf. Mach. Learn., 2013,
pp. 10-18.

X. Peng et al., “Moment matching for multi-source domain adaptation,”
in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2019, pp. 1406-1415.

X. Peng et al.,, “The visual domain adaptation challenge,” 2017,
arXiv:1710.06924.

L. Qi, H. Yang, Y. Shi, and X. Geng, “Normaug: Normalization-guided
augmentation for domain generalization,” IEEE Trans. Image Process.,
vol. 33, pp. 1419-1431, 2024.

F. Qiao, L. Zhao, and X. Peng, “Learning to learn single domain general-
ization,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit., 2020,
pp. 12556-12565.

K. Saenko, B. Kulis, M. Fritz, and T. Darrell, “Adapting visual category
models to new domains,” in Proc. Comput. Vis. 11th Eur. Conf., Heraklion,
Greece, pp. 213-226, 2010.

K. Saito, S. Yamamoto, Y. Ushiku, and T. Harada, “Open set domain
adaptation by backpropagation,” in Proc. Eur. Conf. Comput. Vis., 2018,
pp. 153-168.

Y. Shu, Z. Cao, C. Wang, J. Wang, and M. Long, “Open domain general-
ization with domain-augmented meta-learning,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., 2021, pp. 9624-9633.

M. Singha et al., “Unknown prompt the only lacuna: Unveiling clip’s po-
tential for open domain generalization,” in Proc. IEEE/CVF Conf. Comput.
Vis. Pattern Recognit., 2024, pp. 13309-13319.

A. Sinha, H. Namkoong, and J. Duchi, “Certifying some distributional
robustness with principled adversarial training,” in Proc. Int. Conf. Learn.
Representations, Feb. 2018.

E. Tzeng, J. Hoffman, K. Saenko, and T. Darrell, “Adversarial discrim-
inative domain adaptation,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2017, pp. 7167-7176.

L. V. D. Maaten and G. Hinton, “Visualizing data using T-SNE,” J. Mach.
Learn. Res., pp. 2579-2605, Nov. 9, 2008.

H. Venkateswara, J. Eusebio, S. Chakraborty, and S. Panchanathan, “Deep
hashing network for unsupervised domain adaptation,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recognit., 2017, pp. 5018-5027.

R. Volpi et al., “Generalizing to unseen domains via adversarial
data augmentation,” Neural Inf. Process. Syst., pp. 5334-5344, 2018,
vol. 31.

F. Wang, X. Zhang, Y. Jiang, L. Kong, and X. Wei, “PatchCNN: An explicit
convolution operator for point clouds perception,” IEEE Geosci. Remote
Sens. Lett., vol. 18, no. 4, pp. 726730, Apr. 2021.

M. Wang, C. Luo, R. Hong, J. Tang, and J. Feng, “Beyond object proposals:
Random crop pooling for multi-label image recognition,” IEEE Trans.
Image Process., vol. 25, no. 12, pp. 5678-5688, Dec. 2016.

X. Wang, J. Zhang, L. Qi, and Y. Shi, “Generalizable decision bound-
aries: Dualistic meta-learning for open set domain generalization,” in Proc.
1IEEE/CVF Int. Conf. Comput. Vis., 2023, pp. 11564-11573.

Z.Wang, Y. Luo, R. Qiu, Z. Huang, and M. Baktashmotlagh, “Learning to
diversify for single domain generalization,” in Proc. IEEE/CVF Int. Conf.
Comput. Vis., 2021, pp. 834-843.

J. Wu et al., “Deep comprehensive correlation mining for image cluster-
ing,” in Proc. IEEE/CVF Int. Conf. Comput. Vis., 2019, pp. 8150-8159.
Z. Yan et al., “Multimodal chatGPT for medical applications: An experi-
mental study of GPT-4v,” 2023. arXiv:2310.19061.

K. You, M. Long, Z. Cao, J. Wang, and M. 1. Jordan, “Universal domain
adaptation,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.,
2019, pp. 2720-2729.

Y. Netzer et al., “Reading digits in natural images with unsupervised fea-
ture learning,” in Proc. NIPS Workshop Deep Learn. Unsupervised Feature
Learn., vol. 2011, no. 5, 2011, Art. no. 7.

K. Zhang, M. Gong, and B. Scholkopf, “Multi-source domain adaptation:
A causal view,” in Proc. 29th AAAI Conf. Artif. Intell., 2015, pp. 3150—
3157.

Z. Zhang et al., “A face antispoofing database with diverse attacks,” in
Proc. 5th IAPR Int. Conf. Biometrics, 2012, pp. 26-31.

L. Zhao, T. Liu, X. Peng, and D. Metaxas, “Maximum-entropy
adversarial data augmentation for improved generalization and ro-
bustness,” inProc. Adv. Neural Inf. Process. Syst., 2020, vol. 33,
pp. 14435-14447.

D.-W.Zhou, H.-J. Ye, and D.-C. Zhan, “Learning placeholders for open-set
recognition,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.,
2021, pp. 4401-4410.

R.Zhu and S. Li, “Crossmatch: Cross-classifier consistency regularization
for open-set single domain generalization,” in Proc. 10th Int. Conf. Learn.
Representations, 2022. pp. 25-29.

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.



Jian Hu is currently working toward the Ph.D. degree
with Computer Vision Group, School of Electronic
Engineering and Computer Science, Queen Mary,
University of London, London, U.K. His research in-
terests include deep learning and computer vision,
especially in transfer learning, semi-supervised learn-
ing, incremental learning, lifelong learning and their
related application.

Shaogang Gong is currently a Professor of visual
computation with the Queen Mary University of Lon-
don, London, U.K., Fellow with the Royal Academy
of Engineering, and a Turing Fellow with the Alan
Turing Institute of Data Science and Artificial Intelli-
gence. He established the Queen Mary Computer Vi-
sion Laboratory and has enjoyed working with Ph.D.
students and postdoctoral researchers. His research
interests include computer vision and machine learn-
ing, with a focus on object recognition, action recog-
nition, and video analysis.

HU et al.: CLASS-AWARE DIVERSIFIED AUGMENTATION FOR OPEN-SET SINGLE DOMAIN GENERALIZATION 1789

Weitong Caireceived the B.S. and M.S. degrees from
the University of Electronic Science and Technology
of China, Chengdu, China. He is currently working
toward the Ph.D. degree with the Queen Mary Uni-
versity of London, London, U.K. He was a Visiting
Student with the National Chiao Tung University, Tai-
wan. His research interests include computer vision
and deep learning, especially multi-modal learning.

Junchi Yan received the Ph.D. degree in electri-
cal engineering from Shanghai Jiao Tong University,
Shanghai, China. He has been a Senior Research Staff
Member with IBM Research, since 2011. He is cur-
rently a Professor with the School of Artificial Intel-
ligence, Shanghai Jiao Tong University. His research
focuses on machine learning and its applications. He
is the Area Chair for CVPR/AAAI/ICML/NeurIPS
and Associate Editor for Pattern Recognition and
IEEE TRANSACTIONS ON PATTERN ANALYSIS AND
MACHINE INTELLIGENCE. He was elected as IAPR
Fellow in 2024.

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.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


