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tion. Little exploration has been conducted on
causal-inspired theoretical frameworks for OSDA.
To fill this gap, we introduce the concept of Sus-
ceptibility and propose a novel Counterfactual-
based susceptibility risk framework for OSDA,
termed COSDA. Specifically, COSDA consists
of three novel components: (i) a Susceptibility
Risk Estimator (SRE) for capturing causal infor-
mation, along with comprehensive derivations of
the computable theoretical upper bound, forming
a risk minimization framework under the OSDA
paradigm; (ii) a Contrastive Feature Alignment
(CFA) module, which is theoretically proven
based on mutual information to satisfy the Ex-
ogeneity assumption and facilitate cross-domain
feature alignment; (iii) a Virtual Multi-unknown-
categories Prototype (VMP) pseudo-labeling strat-
egy, providing label information by measuring
how similar samples are to known and multiple
virtual unknown category prototypes, thereby as-
sisting in open-set recognition and intra-class dis-
criminative feature learning. Extensive experi-
ments demonstrate that our approach achieves
state-of-the-art performance.
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Figure 1. (a) Causal graph for data generation, (b) causal graph for
domain shift, where red arrows describe the distribution of data
(X,Y) is shifted because environment variables E are intervened
in a new unseen domain, and (c) causal graph for OSDA, where
red arrows indicate that the intervened environment variables E
and intervened causal variables C lead to unknown classes; (d)
shows how images changed with the interventions on E and C;
(e) the risk paradigm for OSDA, including source supervised risk,
feature alignment risk, and open-set space risk.

1. Introduction

Traditional supervised learning algorithms heavily rely on
the in-distribution assumption (Murphy, 2012), which as-
sumes that training and test data are sampled from the same
distribution. However, this assumption is not consistent in
wild environments, where domain shift (Zhang et al., 2013)
and category shift (Qu et al., 2023) lead to the failure of
supervised learning algorithms. Considering domain shift,
Close-Set Domain Adaptation (CSDA) aims to transfer a
model from a labeled source domain to an unlabeled target
domain under the assumption of a shared label space (Ganin
& Lempitsky, 2015; Cui et al., 2024). Existing domain adap-
tation methods can be broadly categorized into two main
streams: metric learning (Long et al., 2016; Wei et al., 2024)
and adversarial learning (Ganin et al.; Li et al., 2018).
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However, in test environments, encountering novel classes is
common, exposing the limitations of the shared label space
assumption. To address both domain shift and class shift,
researchers have begun to explore a different learning setting
known as Open-Set Domain Adaptation (OSDA) (Saito
et al., 2018; Wang et al., 2024; Fang et al., 2020), which
integrates CSDA with open-set recognition. OSDA assumes
that the label space of the source domain is a subset of that
of the target domain, meaning that the model is expected to
encounter unseen classes during real-world applications.

A body of work has focused on OSDA, and the risk for-
mation of these studies are illustrated in Fig. 1 (e). Here,
Es [I (h(xs) # ys)] aims at unbiased supervised learn-

ir;g of source domain (Bucci et al., 2020; Li et al., 2023);

E E [I(G(zs)#G denotes feature align-
xs~8zt~(7'/\5)[ (G (x5) # G (x4))] denotes feature align

ment to address domain shift (Ganin et al.; Luo et al., 2020;
Wei et al., 2024); and EET\S) [I (h(x¢) # K + 1)] repre-

sents the minimization of open-set risk to achieve unknown
class recognition (Saito et al., 2018), where most methods re-
quire the design of unknown class recognition strategies (Liu
et al., 2019; Saito, 2021; Qu et al., 2023).

Causal Models have been wildly utilized to achieve domain
alignment (Arjovsky et al., 2020; Lu et al., 2021; Yuan
et al., 2024; Yue et al., 2021) due to the invariance of causal
features. Most causal models divide latent features into
environment-specific features (E) and causal features (C),
assuming that E | Cand £ 1 Y | C (Yangetal., 2024; Lv
et al., 2022), as shown in Fig. 1(b). Domain shift in causal
diagrams arises from interventions on domain-specific vari-
ables, which alter their distributions and consequently affect
the joint distribution of the dataset, while P(Y" | C) remains
stable(Yuan et al., 2024). However, for OSDA, there has
been little exploration of causal graphs and a comprehensive
causal-based risk theory. This is the gap that we aim to fill.

We argue that causal features still play a crucial role in
OSDA. When causal features are not intervened, the condi-
tional probability of the label P(Y|C) will remain stable.
However, significant shifts in causal features can lead to
category shifts, explaining the emergence of new categories.
Therefore, the model must be sufficiently concentrated on
core causal features. Based on this, we propose a promising
OSDA method using essential causal information, which
builds upon the probability of Susceptibility. First, we model
an evaluator to assess and optimize the susceptibility of fea-
tures. Second, to assess risk with limited data, an OSDA
risk framework is provided through theoretical analysis.
For the identifiability of counterfactual-based susceptibil-
ity risk, characteristics must fulfill two causal assumptions:
Exogeneity and Monotonicity. To ensure that extracted fea-
tures fit these causal assumptions, we propose two novel
strategies: a mutual information theory-based Contrastive-

inspired Feature Alignment (CFA) optimization objective to
align cross-domain features and a pseudo-labeling strategy
with virtual Multi-unknown-categories Prototypes (VMP)
instead of treating the unknown class as a single category.

The main contributions of this paper are as follows:

Promising Way: We propose a structural causal model
within the OSDA paradigm and perform theoretical deriva-
tions and algorithm design centered on the counterfactual
probability of susceptibility. This addresses its optimiz-
ability, evaluability, and identifiability, thus presenting a
principled causal framework for OSDA tasks.

Systematic Theoretical Framework: We introduce a novel
counterfactual-based risk—Susceptibility risk—along with
its evaluator. A theoretically computable upper bound for
the target domain’s susceptibility risk is derived within the
OSDA paradigm.

Innovative Techniques: We identify an optimization objec-
tive that satisfies the Exogeneity causal assumption, which is
recognized as maximizing the mutual information between
the target sample and the source domain prototype. Based
on this, we propose a Virtual Multi-unknown-categories Pro-
totype (VMP) pseudo-labeling strategy and a Contrastive-
inspired Feature Alignment (CFA) module.

Comprehensive Experiments: We validate the effective-
ness of the model on three benchmark datasets, achiev-
ing improvements of 2.9%, 2.2%, and 1.0% respectively,
compared to state-of-the-art (SOTA) algorithms. Ablation
studies and experiments on synthetic datasets confirm the
effectiveness of each proposed module.

2. Preliminaries

Causal inference based on counterfactual distributions in-
volves evaluating the effects of interventions on outcomes
and seeks to identify variables whose alterations signifi-
cantly influence the actual values of outcomes. To quantify
this influence, we introduce the concept of Probability of
Counterfactual, which is formally defined as below.

Definition 1 (Probability of Counterfactual (Pearl, 2009)).
Let the invariant representation of causal variables C for
label y as c, and ¢’ is the specific implementation of C,
where ¢ # c'. The probability that Y changes fromY # y
toY = y when C is altered from c’ to c is

PC = Pr(Yao(c—e) =y | C=C,Y #£7y). (1)

Two causal definitions, Exogeneity and Monotonicity, have
been introduced from Pearl (Pearl, 2009) for identifiabil-
ity. Exogeneity represents a condition of no confounder,
ensuring the vanish of differences between the intervention
distribution and the conditional distribution. Monotonicity
further elucidates the monotonic direction of causal effects.
The definitions of Exogeneity and Monotonicity is detailed
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in Appendix B.

Based on Exogeneity and Monotonicity, the identifiable dis-
tribution of Equation 1 is described as the following lemma,
which is defined as susceptibility.

Lemma 1 (Probability of susceptibility ((Pearl, 2009))). If

C is exogenous relative to Y, and 'Y is monotonic relative
to C, then the probability that Y is susceptible to C is

Pr(Y =y|C=c)—Pr(Y =y|C =)

PS —
S 1—Pr(Y =y|C=0¢)

(@)

The proof of lemma 1 is established by the logical analysis
conducted by Pearl (Pearl, 2009). A characteristic with a
higher PS typically encompasses more significant causal
information. Appendix A presents provide examples to il-
lustrate where the susceptibility is high and where it is low.
Furthermore, susceptibility risk, compared to traditional
causal effect evaluations (Pearl, 2009), proves to be more
effective in identifying core causal features. This indicates
that susceptibility risk functions as a more discerning indica-
tor for identifying causal links, hence improving the model’s
capacity to concentrate on critical causal information.

Additionally, Causality posits the Semantic Separability as-
sumption of features, meaning that features with distinct
semantics maintain a certain distance and a certain feature
do not correspond to multiple semantic meanings simulta-
neously. To meet this condition, we define a stability loss
Lsta (Yang et al., 2024) as follows:

Lsta =€—|lc—c'[|,. 3)

where € represents the degree of intervention on the causal
features. Lgra indicates that the semantic meaning being
distinguishable between ¢ and c’, requiring that the degree
of intervention must be sufficiently large to induce semantic
changes in features, thereby avoiding inherently unstable
learning.

3. Methodology
3.1. Learning Setup

Assume that we have the labeled source data Dy, =
{Xs,Ys} = {(Xsi,¥si)}i2; ~ S and unlabeled target
data D, = {X;} = {(x4)}it; ~ Tx, where S is the
joint probability distribution of the source domain, 7 is
the marginal distribution of the target domain, with ng and
n¢ indicating the size of the source and target datasets, re-
spectively. Open-set Domain Adaptation (OSDA) allows
the source label space Vs = {1, ..., K} and the target label
space Yy = {Vs, K + 1}, where K + 1 denotes the un-
known class. Given the i.i.d samples drawn from S and 7x,
the goal of OSDA is to train a model that can classify the
samples from the known classes and recognize the samples
from the unknown class correctly.

3.2. Susceptibility Risk Modelling

This section presents the Susceptibility Risk Estimator (SRE)
for representation learning in the target domain. First, we
introduce a concept, Probability of Intervention Relevance
(PIR), which is used to quantify the probability of Y after
C has been intervened.

Definition 2 (Probability of Intervention Relevance (PIR)).

Given a test domain T, if E L C,and E 1L Y | C, the
probability of intervention relevance (PIR) is defined as:

PIR,(c") = P(Y = y|C =), @)
and the Probability of Observational Relevance (POR) is
defined as:

PORi(c)=P(Y =y | C=c). 5)

Then, we define the estimation of Susceptibility risk.

Proposition 1 (Susceptibility Risk (SR)). observational
relevance risk O;(c) and the intervened relevance risk
O,(c') are defined as:

Oy (C) =S E

E PY#ylc),
(x,y)~T e~Py(Clx) ( ) )

O:(c') =

(6y)~T e/ ~P(C'|x)

Then, Susceptibility risk SRy based on Lemma 1 is formally
defined and we derived an new formation of SRy as:
SRi(c,c’) =1 — PS := O4(c) — O(c). 8)

The induction is detailed in Appendix B.1.

3.3. OSDA Risk Framework with Susceptibility

In this section, we introduced several theorems to gain an
evaluable upper bound for SR;.

Linking open-set recognition risks and closed-set classi-
fication risks.

Assume supp(S) is the shared support set; the target do-
main in OSDA has a subsample set {X,Y} ¢ supp(S).
Therefore, SR; can be rewritten as:

Theorem 1. Given the source domain distribution S and
the target domain distribution Tx, the susceptibility risk on
the test domain SR, (c, c’) is rewritten as:

SRt (c,c') = E

[I(x,y) € supp(S)]
(x,y)~T

PY #y|C=c)—

E
c~ P (C|X=x)

E
¢/ ~Py(C!|X=x)
PY #y | C =¢")] +Euy~rlI(%,9) ¢ supp(S)]

E PY#K+1|C=c)—
c~ P (C|X=x)

E P(Y¢K+1\C’:c’)}
c/~P(C’|X=x)

= 7rt/\s(X7 Y) 4 Tt\s (X7 Y)7

9)
where supp(S) is the support set of the source domain (gis-

tribution. P;(X,Y ¢ supp(S)) share the same idea as the
Open Space Risk (Scheirer et al., 2012), quantifying how
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Figure 2. An overview of our proposed COSDA. (a) describes the deployment of feature interventions. We add an intervention module
utilizing Multi-Layer Perception (MLP) following feature C, executing an intervention via a nonlinear transformation of feature C. The
feature distribution is a Gaussian distribution with parameterized mean and variance, as popularized by VIB (Kingma et al., 2015). (b)
The VMP and CFA are proposed to address Exogeneity. The central idea of VMP (1.-4.) is to build the centroids of all known and
unknown classes, and then generate the pseudo label for samples by comparing the distance between samples and the centroids. CFA (5.)
introduces the concept of feature alignment, which reduces the distance to the appropriate class centroid while maximizing the distance
to the centroids of other classes, establishing class-level cross-domain feature alignment. Through adaptation, we align the features of

known classes while also learning the decision boundary for unknown classes.

open the OSDA problem setting. 7y 4(X,Y") accumulates
the open-set recognition error.

Linking Target Risks and Source Risks.

In the OSDA task, only the labeled observations of the
source domain S and the unlabeled observations of the target
domain Tx are provided. Consequently, direct assessment
of susceptibility risk in the target domain is unattainable. To
resolve this issue, we introduce the expected disagreement
dr, and the expected joint error es (Lacasse et al., 2006),
which needs no label information of the target domain. Then,
we propose Theorem 2 using S-divergence (Germain et al.,
2016) and Holder’s Inequality. Proof for Theorem 2 is
provided in Appendix B.3.

Theorem 2. Given the source domain distribution S and
the target domain distribution Tx, an invariant represen-
tation inference model G, an intervention model G', and
a classifier h, The susceptibility risk on the test domain
SR (¢, c’) is upper bounded by:

SR7 (c,c') < %(dTX(c) —dr« (c")
+ lim A(TIS)(es(e) es(e))  (10)
a4 7rt\s (Xa Y)7

where
L0i=dr(€) — dry (¢) +ma(X.Y), (1)
Lo = es(c)—es(cl)- (12)

Linking Empirical Risks and Expected Risks. The ex-
pected risk SR(c, ¢’) can not be calculated since the distri-
bution S and Tx are not provided. We define the estimation
distributions on available data D as P(Y =y | C = c),
P(Y =y |C =c) P(Y =y| C=c) P(Y =y |
C’ = ¢'), then the empirical risks w.r.t SR(c, ¢’) are defined
as Eq. 13 below.

SR(C7C/) = IED]Ecrvl3((3|X=x)p(Yv =Y | C= C)

_ (13)
—EpEc porx=PY =y | C' =c).
To address the issue that the estimation of expected risk is
not available, we propose Corollary 1 using the Variational
Inference, Hoeffding inequality, Markov Inequality, and
Jensen inequality following (Yang et al., 2024) to ensure
the expected risk can be upper bounded by the empirical
risk.
Corollary 1. Suppose prior distributions for the represen-
tations yc == P(C), yor := P(C'). With probability 1 —¢
over the choice of samples X ~ D, for every parameter
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combinations, |SR(c,c’) — SR(c,c)| is upper bounded

by
Lxr = —log(oc) + log(oc). (14)

Corollary 1 indicates that the error between the empirical
risk and expected risk can be minimized as the KL diver-
gences decrease.Proof for Corollary 1 is provided in Ap-
pendix B.4.

3.4. Satisfaction of Causal Assumptions

In this section, we concern the satisfaction of causal as-
sumptions, Exogeneity (Assumption 1) and Monotonicity
(Assumption 2).

As for Monotonicity, it emphasizes the value of y given c
should be larger than given any other intervened feature c’.
This objective can be formulated as:

max P(Y =y|C=c)— P(Y =y|C=Cc'), (15

which is equal to minimizing the susceptibility risk. There-
fore, we can naturally introduce the Monotonicity measure-
ment into the estimation of susceptibility risk.

As for Exogeneity, we first rewrite the assumption using
information theory (Kraskov et al., 2004).
Proposition 2. (Mutual Information Equivalence) The

Exogeneity condition in Assumption I can be equivalently
represented with the Mutual Information I(-;-):

Pr(Y = k|C,E =¢;,) = Pr(Y = k|C)
o max E I(Cu;Ch),

x¢; €K

(16)

where Cy; represents sample features in the target domain
G (xy;) and CF represents the center point representation
in the source domain G(xs;)). Both C; and C* belong to
k-th category. If Pr(Y = k|C,E = ¢;/,) = Pr(Y = k|C),
then certain domain traits are unnecessary for identifying Y.

Maximizing E kI(Cti; C*) mitigates domain changes on
Xti€

causal features, ensuring resilient and trustworthy represen-
tation. Proposition 2 is proven in Appendix B.S5.

E kI (C1i;C¥), we introduce an innovative
Xt €
and efficient pseudo-labeling strategy termed Virtual Multi-
unknown-categories Prototype pseudo-labeling (VMP) for
classifying samples from the target domain, subsequently
maximizing the feature information shared between target
domain and source domain through Contrastive-inspired
Feature Alignment (CFA).

To achieve

Virtual Multi-unknown-categories Prototype pseudo-
labeling (VMP). Unlike previous clustering-based algo-
rithms, which group unknown classes into a unique class,
this paper presupposes the existence of U unknown classes
in the representation space. The fundamental concept of this
approach is to initially identify positive instances of recog-
nized classes using confidence scores and compute positive

prototypes by these positive instances. Subsequently, these
affirmative instances of known classes are eliminated, and
the remaining samples are subjected to a clustering algo-
rithm in order to estimate the prototypes of U unknown
classes. The pseudo-labels for the samples are determined
by calculating and comparing the distances between each
target domain sample and all prototypes.

Specifically, given the scores of x; after the softmax func-
tion £(h(G(x¢))), for the k-th known class, we first define
the Top-M £k(h(G(x¢))) scores represented as positive in-
stances P¥, and let the positive prototype representation

P

{p;}* = {Q;G(Xti)}kl(—l' (17)

For the unknown classes, we remove all positive instances
of known classes and use the K-means algorithm to generate
U negative prototypes for the unknown classes.

{p“}V = K-means (G(x;)). (18)

x, €D N\{PFHE,

Here we set U = K, M = N;/(U + K). For sample xy;,
the o-th element of its pseudo label ¢ is defined as follows:

A { 1, if s (G (x¢:) , p) = max {s (G (xti),p?)}fjf}
Yo =

0, if s (G (xti) ,pf) < max {s (G (xu:),p{) ot

a=1

where s(a,b) measures the similarity between a and b.
Based on Eq. (19), we obtain the pseudo labels ¢, for all
categories 0 € {Vs, U} = {1,..... K, K +1,.... K + U}.
Then samples with pseudo label {K + 1,..., K + U} are
defined as unknown class samples.

Contrastive-inspired Feature Alignment (CFA). To fully
leverage the labeled knowledge from the source domain,
this paper adopts a contrastive learning strategy to align the
feature space of shared classes across domains. Unlike the
contrastive learning strategy in CSDA, the prototypes for
comparison in this work include not only the source domain
prototypes p” but also the virtual unknown class prototypes
p; (estimated by Eq. 18). The prototypes of known classes

in the source domain are defined as:
k

1 &
{Pf}K = {J ZG(Xsi)}i{:l- (20)
5 =1

To prevent negative effects from pseudo label noise, the
target domain samples used for contrastive learning are
filtered by I(x:): (i) the pseudo label obtained based on the
highest logit is aligned with the label obtained through the
VMP strategy, and (ii) the value of the highest logit is higher
than 0.7.

I(x;) = { 17mlgx{gk(h(G(Xt)))}1§:1 N =1

. (21
0, else 1)
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Table 1. Comparison results (%) of Image-CLEF. (Best in bold and second best in underline)
Method Average B—C B—I B—P C—B C—l
0S* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | 0S* UNK S | OS* UNK HOS
OSNN (Mendes et al., 2017) 770 504 604 | 923 630 749 |79.6 610 69.1 |683 593 635 | 653 473 549 | 843 470 604
OSBP (Saito et al., 2018) 744 702 715 | 870 810 839 |853 657 743 | 663 667 665 | 620 580 599 |89.0 800 843
STA (Liu et al., 2019) 813 551 650 |933 517 665 |86.0 607 712 |777 487 598 | 613 697 652 |9L7 667 772
ROS (Bucci et al., 2020) 69.9 769 731 | 783 900 838 |73.0 763 746 |59.0 683 633 |590 683 633 |783 830 80.6
DAOD (Fang et al., 2020) 711 758 733 | 794 820 807 | 784 909 843 | 721 808 763 | 513 471 491 |79.0 886 83.6
ANNA (Li et al., 2023) 782 856 814 | 953 983 968 | 813 847 830 |740 750 745 |580 83.0 683 |870 930 89.9
Ours 810 883 843 [950 979 964 |874 889 881 |785 825 805 |615 805 697 |908 938 923
Method C—P 1-B I-C 1-P P—B P—C P—I
OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | 0S* UNK HOS | OS* UNK HOS | OS* UNK HOS
OSNN | 753 463 573 | 62.0 41.6 498 |920 413 570 | 813 406 542 |550 496 522 |860 553 673 |82.0 526 64.1
OSBP | 877 537 667 |557 607 581 |807 927 863 | 663 743 701 |523 610 563 | 940 680 789 |66.0 807 726
STA 840 540 657 | 623 540 579 | 940 537 684 | 807 590 682 |6L3 437 510 |93.7 477 632 [90.0 510 65.1
ROS 687 787 733 |580 597 588 |887 927 906 |780 760 770 |473 593 527 | 713 903 797 | 79.7 813 805
DADO | 745 789 767 | 545 569 557 |803 820 812 |733 808 769 |517 510 513 |790 820 805 [79.6 866 839
ANNA | 787 840 812 [560 78.0 652 |943 977 960 | 807 827 817 |540 737 623 | 940 937 938 |[850 833 842
Ours | 809 845 827 608 794 689 |945 979 962 | 824 872 847 |589 782 672 |940 97.0 955 |872 917 894

The optimization objective of our proposed contrastive learn-
ing is
_ ZZ G (xi), ps) * I(xei)
— S(G(xi) {ps}K) + S(G(xe), {pi 1)’
(22

where

K
E S th ,

k=1

S(G(xt), {p " (23)

K+U

Y s(Glxe),pp)-

u=K+1

S(G(xe), {py ") = 24)

where s(a, b) denotes the similarity between a and b. nf
denotes the number of samples in the target domain with
label k.

Our proposed contrastive inspired L., comprises two ef-
fects: (i) For the source-share (known) categories, Lo
operates the domain alignment with intra-class compact-
ness and inter-class separability; (ii) for the target-private
(unknown) categories, L., increases the discrepancy be-
tween private-class samples and the source domain features,
enabling the model to better recognize unknown classes.

3.5. Model Optimization

During the adaptation stage of the proposed COSDA, we
implement the optimization objective as follows:

L= L"t +)\e ﬁs +Aexo [re:co + Lxi + ESTA, (25)
Eq. (11) 12 Eq. (22) 14 3

where L+ s L+ Lk is from the OSDA theory framework.
Intuitively, £, measures the empirical susceptibility risk
of the source domain using source domain labels, while
L; measures the empirical susceptibility risk of the target

domain using predicted pseudo-labels. Ly is used to reduce
the error between the expected risk and the empirical risk.
Lo is for satisfaction of the Exogeneity assumption, and
Lsta tends to sufficiently large intervention operations to
ensure that the learning parameters of the model are stable.

4. Experiments.

In this section, we verify the effectiveness of COSDA using
real-world and synthetic datasets.

4.1. Experiment Setup

Benchmark Dataset Settings. Extensive experiments
are conducted on three benchmarks following the stan-
dard setting (Qu et al., 2023; Bucci et al., 2020): Office-
Home (Venkateswara et al., 2017), Office-31 (Wang et al.,
2019), and Image-CLEF (Li et al., 2023).

Evaluation Metrics. Following the main OSDA stream (Qu
et al., 2023; Li et al., 2023), we utilize four widely used
measures, i.e., UNK, OS*, OS, and harmonic mean accu-
racy (HOS). Among them, HOS is regarded as the most

equitable evaluation criterion.
HOS — 2 x OS™ x UNK

(26)
0S* + UNK

Implementation Details. We adopt the same network ar-
chitecture as mainstream OSDA methods (Qu et al., 2023;
Li et al., 2023). All experiments are conducted using the
ImageNet (Deng et al., 2009) pre-trained ResNet-50 (He
et al., 2016) feature extractor. First, we train a source model
on the source domain. During target model adaptation, we
apply the SGD optimizer with a momentum of 0.9 and a
batch size of 32 for all benchmark datasets, following (Li
et al., 2023). We set the learning rate to 1 X 103 for
Office-31, Image-CLEF, and Office-Home. For hyperpa-
rameters, A;=0.2, A¢;, =1. All experiments are conducted
on an RTX-4090 GPU with PyTorch-1.10. We compare
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Table 2. Comparison results (%) of Office-31. (Best in bold and second best in underline)

Method Average A—D A—-W D—A D-W W—=A W=D

0Os* UNK HOS | 0S* UNK HOS | OS* UNK HOS | 0S* UNK HOS | 0S* UNK HOS | OS* UNK HOS | OS* UNK HOS
OSBP (Saitoetal., 2018) | 87.2 804 837 | 905 755 824 |868 792 827 [761 723 751 [977 967 972 | 730 744 737 [ 991 842 9Ll
STAsum (Liuetal,2019) | 94.6 50.5 655 | 954 455 616 |921 580 710 | 941 550 694 |97.1 497 655 921 462 609 | 966 485 644
UAN (You et al., 2019) 934 403 551 | 956 244 389 |955 310 468 | 935 534 680 | 998 525 688 | 941 388 549 |8L5 414 530
ROS (Buccietal.,2020) | 86.6 858 859 | 875 778 824 |84 767 821 |748 812 779 |993 930 960 | 697 866 772 | 1000 994 99.7
ANNA (Li et al., 2023) 878 900 886 |932 761 838 |828 884 855 |754 9Ll 825 |994 996 995 | 760 879 8.6 | 1000 968 984
GLC (Quetal., 2023) - - 89.0 | - - - - - - - - - - - - - - - - - -
OSLPP (Wangetal.,2024) | 89.3 856 874 |926 904 915 |89.5 884 89.0 | 821 766 793 |969 880 923 789 785 787 |958 915 936
GLC++ (Qu et al., 2024) 904 | - - - - - - - - - - - - - - - - -
Ours 914 939 926 913 859 886 |867 915 891 902 969 934 | 921 988 953 [ 915 947 931 966 953 959

Table 3. Ablation study results (%) on Office-Home with four different sub-tasks.

(Best in bold and second best in underline)

Office-H. A-R R-P P-C C-A Average
ce-HOme | g+ UNK OS HOS | OS* UNK OS HOS | 0OS* UNK OS HOS | 0S* UNK OS HOS | 0s* UNK OS HOS
Causal Assumption

wio Lezo | 756 800 758 777 | 73.6 826 740 778 | 569 748 576 64.6 |522 750 53.1 616 | 646 781 651 704
OSDA Theory Framework

wlo Lt 89.0 0.0 85.6 0.0 829 0.0 79.7 0.0 498 0.0 479 0.0 615 0.0 59.1 0.0 70.8 0.0 68.1 0.0

wlo L 729 852 734 786 | 711 872 717 783 | 515 779 525 620 | 498 77.6 509 607 | 646 820 62.1 69.9
Pseudo labelling Strategy

with MLP 843 0.0 81.1 0.0 831 0.0 79.9 0.0 557 0.0 53.6 0.0 66.6 0.0 64.1 0.0 724 0.0 69.7 0.0

with GC 772 829 772 77.0 | 73.6 840 740 784 | 515 755 525 613 | 507 741 516 602 | 633 787 63.8 69.2

Ours | 803 79.5 799 | 811 773 809 79.1 |585 699 589 637 |579 740 586 650 |694 752 69.6 71.9

our method with recent works that adopt the same OSDA
settings. All baseline scores are directly taken from their
publicly reported results. A detailed review of the base-
lines is provided in Appendix C. The code is available at
https://github.com/ZHOURui6025/COSDA-master.

4.2. Benchmark Comparison

Image-CLEF. We report the comparison results of the real-
world benchmark Image-CLEF in Table 1. We observe
that COSDA achieves the best results in 11 of 12 sub-tasks
for the HOS comparison and 10 of 12 tasks for the UNK
comparison, verifying our great potential for more complex
real-world scenes. Moreover, COSDA achieves the best
84.3% average HOS, which yields 2.9% gains than the state-
of-the-art work ANNA, 11.0% than DADO (Fang et al.,
2020), 12.8% than OSBP, and the best 88.3% average UNK,
which outperforms ANNA by 2.7%, DADO by 12.5% and
OSBP by 18.1%, verifying the effectiveness of our method.

Office-31. Comparison results on Office-31 are shown in Ta-
ble 2. The proposed method achieves the best average HOS
(92.6%) over all 6 tasks, outperforming OSBP (Saito et al.,
2018), ROS (Bucci et al., 2020) and OSLPP (Wang et al.,
2024) with 8.9%, 6.7% and 5.2% HOS and 13.5%, 8.1%
and 8.3% UNK, respectively. Compared with the state-of-
the art OSDA (source-free) work GLC++ (Qu et al., 2024),
our method comprehensively surpasses it with 2.2% HOS.
Compared with the state-of-the art OSDA (source-support)
work ANNA (Li et al., 2023), our method comprehensively
surpasses it with 3.6% OS*, 3.9% UNK, and 4% HOS re-

spectively, verifying the effect of our method.

Office-Home. Comparison results on Office-Home are
shown in Table 6. COSDA gives the best average HOS
(71.6%) evaluated over 12 tasks. Specifically, our method
outperforms OSBP, ROS, and OSLPP with 7.0%, 5.5%,
and 4.7% HOS, and surpass them 8.0%, 1.9% and 2.6%
in UNK comparison, demonstrating the robustness of our
unbiased OSDA framework.

4.3. Efficiency of Susceptibility Risk

In this section, we conduct synthetic experiments to evaluate
the effectiveness of susceptibility risk. The effectiveness of
susceptibility risk is demonstrated by examining whether
it can learn the essential causal relationships. To this end,
we designed a synthetic data generator based on Fig. 3 and
created a sample set {X, Y}, where X is generated from
three causal factors C and a spurious association factor S.

noise
B

noise
B

/‘{psr Apsc

Figure 3. Causal graph for Synthetic Data Generation: Y L S | C

We use a parameter Ay to distinguish the importance of
causal factors. When )\psc is closer to O or 1, the causal
association is stronger to Y; Conversely, the closer Ay is to
0.5, the weaker the causal association is. Then we introduce
a parameter 3 to represent the noise intensity in the data. We
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set Apse = {0.15,0.25,0.35} and 8 = {0.1,0.4,0.7,1.1}.
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Besides, Ay, denotes the spurious degree. When A, gets
higher, the spurious correlation is stronger in data X. We
set Apsr = 0.4, and the dimension of the factors d = 64.
Then we develop a non-linear function to generate X from
[Co.15, Co.25, Co.35, S]. We use Distance Correlation to
evaluate the correlation between the learned representation
and these factors. A higher Distance Correlation indicates a
better representation of factors. In Fig. 4, we compare the
performance of the susceptibility risk evaluator with that
of a standard empirical risk evaluator. For critical causal
factors (Aps. = 0.15), our method achieved a distance cor-
relation higher than the standard risk. For factors with lower
causal relevance (Apsc = 0.25, A\psc = 0.35). For spurious
factors, our method yielded a lower Distance Correlation
compared to the standard risk. These results verified that
by incorporating susceptibility risk evaluation, models can
reduce the learning of spurious correlations and maintain a
focus on critical causal factors. Due to page limitation, ad-
ditional details and results regarding synthetic experiments
are provided in the Appendix D.

4.4. Ablation Study

In this part, we conducted detailed ablation studies on four
subtasks in Office-Home and summarized the efficiency of
different parts of COSDA.

Efficiency of CFA. As shown in Table 3, compared to the
complete COSDA, removing L., (row 3) results in a 1.5%
decrease in average HOS, with a particularly notable 4.8%
reduction in OS*. This indicates that the CFA significantly
enhances the model’s ability to recognize known categories.

Efficiency of the Evalutation on Source/Target Risks. As
shown in Table 3, when £; is removed (row 5), the model
fails to recognize unknown classes. Conversely, when the
L is removed (row 6), the model becomes overconfident
for unknown classes, while its ability to recognize known

categories declines. Overall, removing the risk from either
domain negatively impacts the model’s performance, with
the OS dropping by 1.5% and 7.5% respectively.

Efficiency of VMP. To assess the effectiveness of VMP,
we compare it to the logit-based pseudo-labeling strategy
(MLP) (Wang et al., 2022) and the Global Clustering pseudo-
labeling strategy (GC) (Qu et al., 2023; Saito, 2021). The
comparison illustrates that MLP (row 8) has virtually no
discriminative ability for unknown categories. This is most
likely because it relies heavily on source domain knowl-
edge and lacks unknown class information. Furthermore,
our technique outperforms GC by 2.7%, demonstrating the
usefulness of VMP.

4.5. Qualitative Results

Trade-off Analysis. To analyze the impact of parame-
ters in Eq. (25) on COSDA performance, we define A, =
{0.1,0.2,0.5,0.8,1.0} and Aoz, = {0.1,0.2,0.5,0.8,1.0}.
Figure 5 shows that the proposed technique has good pa-
rameter stability across datasets.

94.80 78.88

Figure 5. The sensitivity analysis (As, Aezo) of COSDA on P-I
(Image-CLEF) task (left) and Rw-Pr (Office-Home) task (right) in
terms of parameter variations.

Feature-level Analysis. To illustrate the success of our

strategy, we compare the characteristics recovered by the
baseline algorithms and our approach to the t-SNE.Fig. (?)
shows the t-SNE visualization of feature distributions on the
W — D task (Office-31, left) and Ar — Rw task (Office-
Home, right) with the ResNet-50 backbone. Comparative
methods include OSBP, ANNA and COSDA. The gray node
denotes the unknown target sample, the red node denotes the
known source sample, and the blue node denotes the known
target sample. Compared with OSBP, our method clusters
class characteristics more compactly, which imdicates the
improvement of the decision border between known and
unknown classes. Since both OSBP and ANNA utilize ad-
versarial training and share the same underlying framework,
their feature spaces exhibit similar characteristics. Com-
paratively, ANNA better delineates the boundaries between
known and unknown classes, as only a small number of gray
points overlap with the blue and red points. Due to their
similar performance, we cannot clearly exhibit COSDAIs
advantage at the feature level comparing with ANNA. How-
ever, the clustering tendency of local unknown classes sug-
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Figure 6. The t-SNE visualization of feature distributions on the W — D task (Office-31, left) and Ar — Ruw task (Office-Home, right)

with the ResNet-50 backbone.

gests that VMP’s approach of considering unknown classes
as multiple distinct groups is beneficial.

Table 4. Comparison results on DomainNet and VisDA with CLIP
backbone (All baseline results are obtained from Reference (Deng
& Jia, 2023)).

DomainNet(173/172) VisDA(6/6)
Method 0S* UNK HOS O0S* UNK HOS
DCC (Li et al., 2021) 502 451 475 753 462 573
UNIOT (Deng & Jia, 2023) | 592 45.1 512 757 494 59.8
CROW (Wen & Brbic, 2024) | 703 509 59.0 77.0 628 69.2
COSDA-CLIP 720 762 739 852 726 784

Comparison on more datasets and more backbones. we
implemented additional experiments on VisDA (Li et al.,
2021) and DomainNet (Deng & Jia, 2023; Wen & Brbic,
2024) and discovered that our method demonstrates good
performance on both CNN-based and CLIP-based architec-
tures. Considering both time constraints and GPU mem-
ory demands (particularly for the larger models), we uti-
lized six 40GB NVIDIA A100 GPUs to execute the new
experiments. DomainNet and VisDA use the same hyper-
parameter settings as smaller-scale datasets, specifically
As = 0.2, Aezo = 1. But the learning rate has been reduced,
specifically Ir = 5e — 4. On DomainNet, COSDA-CLIP
achieves 73.9% HOS, outperforming CROW by 14.9%. On
VisDA, COSDA-CLIP reaches 78.4% HOS, outperforming
CROW by 9.2%. With CLIP, COSDA particularly further
enhances known-class classification and unknown-class de-
tection (UNK).

5. Conclusion

This paper establishes a theoretical framework for OSDA
grounded in the classical concept of Susceptibility to address
the OSDA problem. We further present two modules, des-
ignated as CFA and VMP, to fulfill causal assumptions and
mitigate both feature alignment risk and open-set risk. Ex-
periments show that COSDA outperforms the competition
on all three benchmarks.
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—Appendix———
The structure of Appendix is as follows

* Appendix A gives examples to illustrate where the susceptibility is high and where it is low.
* Appendix B contains all missing proofs in the main manuscript.
* Appendix C contains the extended related work.

» Appendix D details the dataset, implementation details and additional experimental results.

A. Understanding Susceptibility

As a fundamental concept in causal inference, susceptibility pertains to determining whether an event (cause) leads to another
event (effect). The average causal effect (ACE) is a classical metric for quantifying the strength of causal relationships,
defined as:

ACE = P(B|A) — P(B|-4), (27)

where the first term represents the probability of event B occurring given that event A occurs, and the second term measures
the probability of B occurring in the absence of A. By intervening on causal variable A (i.e., altering their states), we can
observe changes in the outcome B. In the complex physical world, one event often has multiple causes, and it is crucial
to evaluate their causal significance. Generally, a larger AC'E indicates a stronger causal relationship, implying a more
significant influence of the cause on the effect and greater mutual information between the cause and the effect.

The probability of susceptibility (PS) is defined as:
equal to ACE

[l ACE
P(B|A) — P(B|-A)
PS = . (28)
1— P(B|-A)

Tthe association between A and B after intervention

Here, the numerator is identical to Eq. 27, while the denominator quantifies the association between events A and B after
intervention. When interventions of the same magnitude on A produce equivalent changes in B, the average causal effect
treats them as equal. However, a higher P(B | —A) indicates stronger susceptibility, guiding us to pay greater attention to it,
which is intuitively more reasonable. We provided three examples to illustrate the effectiveness of susceptibility.

For the label “maple”, we define four relevant characteristics: (1) palmately lobed leaves, (2) larger leaves with a few
prominent teeth, (3) palmate veins, and (4) orange or red color. The conditional probabilities between these characteristics
and the label (i.e., whether a leaf belongs to a maple tree) are summarized in the Fig. 7. When comparing a certain feature,
we presume that information regarding other features is inaccessible.

Example 1.(with same ACE) The characteristic ”palm-shaped lobes” is regarded as the most distinguishing feature of
maple leaves, whose presence firmly signifies a maple leaf. Conversely, the distinguishing ’palmate veins” is another relative
trait of maple leaves, albeit less pertinent than ’palm-shaped lobes.” Given these assumptions, the average causal effect
(ACE) for both features is determined to be identical, at 0.5. Nonetheless, susceptibility risk directs the model to emphasize
the characteristic ”palm-shaped lobes” owing to its elevated P(B|A). This underscores the superiority of the susceptibility
model in detecting more distinctive causal factors.

Example 2.(with same P(B|—-A) ) For label “maple”, the feature “orange or red” is not causally relative to “maple”.
Therefore, given C' = 0 or C' = 1, the conditional probability P(Y|C') remains unchanged, so we assume it to be 0.3 in
both cases. Under these assumptions, P(B|—A) is equal for “orange or red” and "palace-shaped lobes”. Relying solely on
P(B|—A) may lead to misguided attention, as it fails to distinguish between causally relevant and irrelevant features. By
calculating the P.S =~ 0.43, we find that the feature "prominent teeth” is more significant than "orange or red”, which aligns
with the results of comparing ACE.

12
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label (V) feature (C) | P(Y|[C=1) i P(Y|C=0) ACE i PS
= 1 1 ]
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ey | | | -
¢ | | =0.5 1 ~
palm-shaped lobes ! P(Y|C=1)=0.8 ! P(Y|C =0)=0.3 | =01
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Figure 7. Example for understanding susceptibility in image classification problem

Example 3.(with same P(B|A) ) The feature "prominent teeth” is assumed third-relative characteristic of maple leaves. If
a leaf lacks “prominent teeth”, it is highly unlikely to be a maple leaf. However, the presence of “prominent teeth” does
not exclusively indicate a maple leaf, as other species may also exhibit this trait. Therefore, we assume P(Y = 1|C =
1) =0.6, P(Y = 1|C = 1) = 0.3. Under these assumptions, P(B|A) is equal for “prominent teeth” and ”palace-shaped
lobes” However, susceptibility risk guides the model to prioritize the feature “palm-shaped lobes”, which exhibits greater
difference than AC'E. This highlights the superiority of the susceptibility model in identifying more discriminative causal
features.

In summary, susceptibility provides a more robust measure of the causal relationship between features and the target. This
work proposes a susceptibility risk estimator derived from this principle, aiming to guide the model in learning more causally
relevant features and improving its generalization capabilities across domains.

The connections of SRE, CFA, and VMP. SRE quantifies causal feature representation ability via susceptibility analysis.
Direct SRE estimation in the target domain is infeasible due to label scarcity. To resolve this problem, we first decompose
target-domain expected risk into open-set and closed-set, then bridge source/target risks using domain-invariant represen-
tations, and finally derive generalization bounds to narrow the gap between empirical and expected susceptibility risks
(Theorems 1 2 & Corollary 1). To satisfy the exogeneity assumption for causal identifiability, we propose CFA, which
encourages independence across causal features belonging to different categories via information bottleneck (Proposition 2)
and then introduces VMP pseudo-label strategy.

B. Proofs

Assumption 1 ((Exogeneity (Causality (Pearl, 2009)))). The Exogeneity of C holds, if the following invariant conditions
are satisfied in Fig. 1(b) satisfied: E | C, E L Y | C, which can be equivalently represented using the probability:
Pr(Y|C,E = e;/5) = Pr(Y|C), where e, , is the domain specific features.

Assumption 2 ((Monotonicity (Causality (Pearl, 2009)))). If the causal feature of y is c, Y is monotonic relative to X if
and only if y., A\ yor = false.

In this section, we provided theoretical proofs. Theorem 2 and Corollary 1 follow the PAC-Bayesian Theory Frame-
work (Catoni, 2007; Germain et al., 2016). Proposition 2 is based on Mutual Information Theorey (Kraskov et al., 2004).
The proof of Monotonicity is built upon Causality Theory (Pearl, 2009).

13
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Algorithm 1 Overall Training Process of COSDA

Input: source domain Dg, target domains Dr; pretrained source model fg, number of epochs F, batch size B, Trade-off
hyperparameters Ag, Acyo, @ blank Memory M.
Initialize parameters randomly; M < f°.
for epoch = 1 to E do
Compute prototypes pf/ “ by VMP (Eq. (17), (18)).
for b = 1 to 22xtD:LIel} g
Sample a mini-batch Bs = {Xs, ¥4}, Bt = {Xu } from Dg, Dr.
Forward pass: §°,§° , 0, 0%, Z, int, = f(Bs:; 9) where ints denotes the intervention on Z¢.
Compute loss: ‘Csv EKL(S)) ‘CSTA(S) < Yoo y‘s:’ ys ) U U s- (Eq. (12), (14), 3))
Get pesudo labels y,, of B, by VMP with pf/ “. (Eq. (19))
Forward pass: §¢, ¢ ,0¢, 0, ZS inty = f(By;6).
Compute loss: L¢, Lxi (1), Lstae) < Vi ¥i¥i > 0F o int,. (Eq. (11), (14), (3))
Update M «+ Z.
Get p* by M. (Eq. (21))
Compute 10ss: Lezo < Yy, P55 pY. (Eq. (22))
Calculate the overall loss, as £ < Eq. (25)
Backward pass: compute gradients VL.
Update parameters: § = 0 — nVy L.
end for
end for
Output: Final Optimized Models f;.

B.1. Proof of Proposition 1
Proof. Based on Eq. 5 and Eq. 28, PS can be altered by the Eq. 29 below.

POR,; — PIR,

P =
St 1— PIR,

(29)

Then,
POR; — PIR;

1—PIR;
=1In(1 - PS)

1— POR;
S pg, 1— PIR; )

—In(1 - POR,) — In(1 — PIR,)

=In(1 — Ex,p)~7Eenpcix=x)P(Y =y | C =¢))
—In(1 - IE (x y)~7’Ec’~Pt(C’\X x)P( =y C' = C)
= In(E(x,y)~7Ecnp, (cix=x)P(Y #y | C =¢))
—In(Ex )~ TEenp (0 x=x)P(Y #y | C' =)

= In(O4(c)) — In(Zy(c"))

In(SR¢(c,c')) =1—

E

(30)

Then,
SR¢(c,c') = en(O(e))—In(I:(c"))

< eOt(c)flt(c')72 (3])
< eOt (e)—1I(c")

Then, by minimizing O;(c) — I;(c’), we can minimize SR:(c, ¢’). Therefore, we can get the result of Proposition 1. By
minimizing SR, (c, ¢’), it can improve the consistency of the representation results of the model.

O
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B.2. Proof of Theorem 1

Given a domain S/7, an invariant representation inference model G, an intervention model G’, a classifier h,

SR7 (c,c") = Oy(c) — Ii(c")

= E E PMY #£y|C=c)
(x,9)~T e~ PE (CX=x)
- E E PMY £y | C =)

(x,9)~T '~ PE' (C’|X=x)

E  P'(Y#y|C=c)

= E [I(x,y) € supp(S)]
c~PS(C|X=x)

(x,y)~T

(32)
— E PMY #£y|C' =¢)
c/'~PG' (C'|X=x)

+ Ex,y)~7L (%) ¢ supp(S)] l E PP(Y#K+1|C=c¢)
c~P](C|X=x)

- E Ph(Y#K+1|C’:c’)}
¢/ ~P(C'|X=x)

= Tins(X,Y) + s (X,Y)

B.3. Proof of Theorem 2

Given a domain §/7, an invariant representation inference model G, an intervention model G’, a classifier h, for any
probability distribution p over h, we define the expected joint error es,7(X, p) and the expected disagreement ds,7 (X, p)
as

ert)i= B B (B 10060 20100 £1) 63
ir0= B B (B 10 £1a6) (4

Then we can decompose the susceptibility risk SR;(c, ¢’) as

SR7 (c,c') = Oy(c) — I(c)

1

=- E E E E Ifhi(c +1[ho(c ]
SB[ ) £ 3]+ 1lha(e) £
1

—= E E E E Ifhi(c +1I[ho(c ]
2 (x,y)~Tx o' PS (C/[X=x) [h1~ph2~p [ 1( )7£ y] [ 2( )7é y]

- E { E E I[m(c)#h2<c>]+2x[h1<c)¢ym2<c>#y]] (33)
(*9)~Tx c~PE(C|X=x) [R1~phz~p 2

_ E E [ E B wu(c')¢h2<c'>}+21[h1<x>#ymxx)#y}]
(xy)~Tx ¢/~ PP (C'|X=x) [h1~pha~p 2
1

= 5(d7(€) = drx(c)) +er(c) —er(c)).

We refer to the technicals in (Germain et al., 2016) by using 8 divergence, which is formalized as 5,(7T|S) =
1
1

q|4a 1
[( Il? s (‘79—((:5))) } , and Hélder’s Inequality, that is [|fg|dp < ([|f|7dp)? ([ |g|P dp)”, where g = 1,q —
X,y)~ ’
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+00,p — 1 in this paper. First, we define 7 = E(y )7 [[(x,y) ¢ supp(S)], then using Holder’s Inequality, we have

eT(C) - (x yI)ENTx

E E I(hi(c)# y)I(ha(c)# y)]

c~PF (C|X=x) hi~p ha~p

_ T(x,y) . )
= s (S(x,y)> L~PF(I(EJ|X_x) B LE T((e) 7 y)T(ha(c) # y)]

(36)
+ Epey)~rI(%,y) ¢ supp(S)] l E E E I(h(c)#y)L(ha(c) # y)]
cmPtG(C\X:x) hi~p ha~p
< Tim (6,(TI8)es(©) +rers(e).
er(c) < qll)ngo Ba(T|IS)es(c") + repns(c) (37)
Rewrite (e s(c) — eps(c’)) as mp (X, Y) Then we have
SRy (e,¢') < & (d c) — dr(c')
+ Tim 7,(TS) (es(e) —es(c') 38)

+ Tt\s (X7 Y)

Then we can get the result of Theorem 2.

B.4. Proof of Corollary 1
First, we introduce the PAC-Bayesian theorem (Catoni, 2007), which gives the usual bound on the empirical risk.

Lemma 2. For domain S/ T , any set of voters H., any prior v over H, any risk R : H — [0, 1], any real number ¢ > 0,
with a probability at least 1 — § over the choice of {(x;,yi)};—, ~ T , we have for all p on H :

E ER(px,
R et

- KL(p|lv) + In } (39

1
- E E R(paxiyyi)_'_
h~p

i=1

nxc

Following the same setting of lemma 2, we have: with prior yc, a probability at least 1 — § over Dy = {(x;)}.~, ~ Tx,

2KL(p4c) +1In &
<
vp on H7d7’x(l)70) =71 _e-c |:th(;07 C) + ny X ¢ ’
2KL(p|lyc) +In; o
c 5
<
65(p7c)— 1_e-c [eDs(p7C)+ Na X C :| s
with prior yc, a probability at least 1 — & over Dy = {(x;,yi)}ioy ~ S,
KL (pllcr) +In &
Y, d N < d / 5
pont, TX(p’C)*l_e—c [Dt(pac)+ ng X ¢ ) an

QKL(,D”"}/C/) -+ lIl (1;:|

!/ c !/
<
65(p7c)—1767c I:eDs(p5C>+ TLSXC

Then, we obtain the following generalization bound defined with respect to the empirical estimates of the target disagreement
and the source joint error: with a probability at least 1 — & over Dy = {(x;,y;)}2, ~ Tx and D, = {(x;)};4; ~ Tx, let
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b = == Boo(T|S), and ¢ = VponH,

1€c7

/

9

SR (e, ¢) < < (dp, (c) — dp, (<)) + V' (ep, (c) — ep, (<))

|

/ /

b 9
UX,Y) + [ —S 9KL In =
+ Rs( )+ o ><CerS vy (pllve) + ns

Y (L KL () + In 2 42)
mgXc  mgXb pive n5

= 5 (dp,(c) — dp, (<)) +V'(ep,(c) — ep, (<)) + RE(X,Y)

ﬁ\

[\V]

c Y
2 KL KL (7
" (mt X ¢ * ms X b) (KL(plve) + KL(verllp))

Therefore, we can narrow the error between SR+ (c) and SRp, (c) by minimizing (KL(p||vc) + KL(vcr||p)), then with a
non-informative prior v := N (u,,02) , the produced Gaussian N (jse, 02 ), we have

511151 <0hm KL (N (pe, 02) |V (2, ’y)))
. . o2 4 (e — 117)° 1
e (U}li)noo (log R T 202 2)) (“43)
= min ( lim <log )) = mln —logoe.).
Oc 0y—00

Finally, we can minimize SR (c) by adding Eq. 14, which is the result of Corollary 1.

B.5. Proof of Proposition 2

According to the definition of the KL divergence and the Mutual Information (-; -), we can easily rewrite Pr(Y = k|C,E =
ers) =Pr(Y =k | C)as:

KL(P(Y = k| C,E)|[|[P(Y = k | C))
P(Y =k|C,E)\
( ) =0

=P =kICB)le (55 —57¢ (44)
— p(C,E,Y = k)log (p(}f(i/k IEEJECRC)) =I(Y =k;e|C)
Based on I(Y = k;e | C) = 0, we have
I(Y;Cle;) = I(Y;C) = I(Y; Cles) (45)
Based on the transmissibility of I(-;-), I(Y; Cle;) = I(Y; C|es) can be achieved by:
max I(C, ey; C,e;) (46)

Finally, given the universal data generation causal model M, M : C,E — X, the causal representation model G,
G : X — C, wereach

mgx[(G(M(C7 es)); G(M(C,er)))

47)
= mGaxI(G(Xs); G(xt))

Then we can get the result of Proposition 2.
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C. Related Works & Our Innovations

In this section, we review the progress of OSDA prediction tasks, including:

First, adversarial learning-based algorithms. OSBP (Saito et al., 2018) first introduces the concept of domain adversarial
learning into OSDA. Unlike UDA, OSBP sets a fixed threshold ¢ for separating unknown class samples and employs
gradient reversal to achieve a min-max adversarial optimization between the feature extractor and classifier. PGL (Luo
et al., 2020) proposed a Progressive Graph Learning framework based on OSBP, which integrates graph neural networks
trained in context to mitigate potential conditional shifts. Recently, ANNA (Li et al., 2023) considered the unknown class
information embedded in the background features of known class samples, then introduced causal unbiased learning and
domain alignment on top of OSBP.

Second, score-based algorithms. Separate to Adapt (STA) (Liu et al., 2019) generates weights to reject target samples
belonging to unknown classes while balancing their importance in feature distribution alignment. Inspired by STA’s
approach, (Shermin et al., 2020) introduced a weighting module based on the similarity between target samples and source
domain classes to find an appropriate threshold for each sample. ROS (Bucci et al., 2020) utilizes rotational invariance to
improve source domain models and proposes entropy- and confidence-based regularization scores to distinguish unknown
class samples. UAN (You et al., 2019) proposed a transferability criterion to quantify sample-level transferability, aiming to
discover the common label set and the label sets private to each domain. GATE (Chen et al., 2022) introduced a generic
incremental classifier that adaptively learns the “unknown” threshold by minimizing open-set entropy.

Third, pseudo-label-based alignment strategies. OSLPP (Wang et al., 2024) calculates class means and uses them to assign
pseudo-labels to target domain samples, while target samples that are “’far from” all known class means are recognized
as unknown classes. This approach faces two main issues: first, the inaccurate definition of “far from” and second,
the failure to identify unknown class samples that are similar but distinct from known classes. DCC proposes Domain
Consensus Clustering for universal domain adaptation, using semantical and sample-level consensus to effectively separate
and distinguish common classes from private ones. OVANet proposes a universal domain adaptation method that learns
an open-set threshold from source data via one-vs-all classifiers and adapts it to the target domain by minimizing class
entropy. UADAL addresses open-set domain adaptation with unknown-aware adversarial learning, aligning known classes
while segregating unknowns in feature space. Recently, GLC (Qu et al., 2023) generated positive prototypes using the
Top-K most reliable samples for each class and then applied a clustering algorithm to the remaining samples to create
specific negative prototypes. The class of a sample is determined by comparing its distance to both positive and negative
prototypes. The computational complexity of this method is proportional to the number of known classes, which reduces
learning efficiency on large datasets. Inspired by GLC, we propose a simpler and more efficient approach to pseudo-label
generation, called the Virtual Multi-unknown-categories Prototype (VMP) pseudo-labeling strategy. The difference is we
exclude all known-class positive samples and cluster only the remaining negative samples (i.e., those not belonging to any
known class). Besides, unlike one-vs-all strategies requiring C' clustering operations per epoch (C' = the number of known
classes), COSDA achieves comparable performance with only one clustering per epoch.

In summary, recent improvements in OSDA mainly focused on three streams of the research: enhancing the learning of
source domain knowledge, providing boundaries to distinguish unknown class samples, and aligning the distributions of
known class categories across domains. Our proposed COSDA advances these three areas. First, regarding the source model
learning, we introduce a causal susceptibility risk to guide the model in learning essential causal features and derive its
learning upper bound for the OSDA task. Second, regarding the separating unknown classes, we propose VMCP, which
obtains multiple virtual unknown class prototypes by performing K-means clustering on the global target domain samples
and excluding potential known class prototypes. We then assign pseudo labels to target domain samples based on similarity.
Finally, regarding the alignment of known categories, we propose a cross-domain class-level contrastive learning method
based on pseudo-labels, which aligns the class-level feature differences between the source and target domains.

D. Details for Experiments.
D.1. Benchmark Dataset Settings.

Extensive experiments are conducted on three benchmarks following the standard setting (Qu et al., 2023; Bucci et al.,
2020). 1) Office-Home (Venkateswara et al., 2017), a dataset across four distinct domains: Art (Ar), Clipart (Cl), Product
(Pr), and Real World (Rw) with the first 25 categories as the known, while the subsequent 40 classes as the unknown; 2)
Office-31 (Wang et al., 2019), another dataset spanning three domains: Amazon (A), Dslr (D), and Webcam (W), with the
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first 10 classes as the known and the last 11 classes as the unknown; 3) Image-CLEF (Li et al., 2023), a database with four
domains and 12 shared common classes. The first 6 classes are utilized as the known and the rest as the unknown.

Dataset #domains #K #U  #images
Office-Home 4 25 40 15,500
Office-31 3 10 11 4,652
Image-CLEF 4 6 6 600

Table 5. Dataset details for open-set domain adaptation.

D.2. Baselines

Baselines. The baselines include i) adversarial-learning methods, i.e., OSBP (Saito et al., 2018), PGL (Luo et al., 2020),
ANNA (Li et al., 2023), ii) score-based methods, i.e., STA (Liu et al., 2019), ROS (Bucci et al., 2020), UAN (You et al.,
2019), GATE (Chen et al., 2022), iii) pseudo-label-based alignment methods, i.e., DADO (Fang et al., 2020), DCC (Li et al.,
2021), OVANet (Saito, 2021). OSLPP (Wang et al., 2024), GLC (Qu et al., 2023), UPUK (Wan et al., 2024), USDAP (Shao
et al., 2024).

D.3. Evaluation Metrics

Following the main OSDA stream (Bucci et al., 2020; Qu et al., 2023; Saito et al., 2018; Li et al., 2023), we utilize four
widely used measures, i.e., accuracy of the unknown class (U N K), normalized accuracy for the known classes only (OS™*),
normalized accuracy for all classes(OS) and harmonic mean accuracy (HOS).

1
K= e, B T =0 “8)

K
1 1
OS* = — — E I(h(z) = y), (49)
K ,; ¥ (@)Dt
1 Ky
0OS= — - I(h(z) = 50
2 x OS* x UNK
HOS= ——F——. 51
0OS* + UNK D

with D} being the set of target samples in the i-th class, and h() the classifier. HOS is regarded as the most equitable
evaluation criterion. It strikes a balance between assessing the performance of the methods on both known and unknown
class samples.

D.4. Additional Benchmark Experiments Results

Table 6 shows the comparison results of Office-Home.

D.5. Details for Synthetic Numerical Experiment
In this section, we conduct two synthetic experiments to evaluate the effectiveness of Susceptibility risk.
Synthetic Numerical Experiment

The effectiveness of susceptibility risk is demonstrated by examining whether it can learn the essential causal relationships.
To this end, in the first synthetic experiment, we designed a synthetic data generator based on Fig. 3 and created a sample set
{X, Y}, where X is generated from three causal factors C and a spurious association factor S. The generation process of X
is as follows:
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Table 6. Comparison results (%) of Office-Home. (Best in bold and second best in underline)

Method Average Ar—Cl Ar—Pr Ar—Rw Cl—Ar Cl—Pr
OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS

OSBP (Saito et al., 2018) 64.1 663 647 | 502 61.1 551 |71.8 598 652 | 793 675 729 | 594 703 643 | 67.0 627 647
STAsum (Liu et al., 2019) 634 626 619 | 508 634 563 | 687 597 637 |8l.l 505 621 53.0 639 579 |614 635 625
STAmax (Liu et al., 2019) 61.8 633 616 | 460 723 558 | 68.0 484 540 | 786 604 683 | 514 650 574 |61.8 59.1 60.4
UAN (You et al., 2019) 752 0.0 0.1 624 0.0 0.0 81.1 0.0 0.0 88.2 0.1 0.2 70.5 0.0 0.0 74.0 0.1 0.2
PGL (Luo et al., 2020) 761 250 352 | 633 191 293 | 789 3211 456 | 877 409 558 | 859 53 100 | 739 245 368
ROS (Bucci et al., 2020) 616 724 662 | 506 741 60.1 | 684 703 693 | 758 772 765 | 536 655 589 |598 716 652
DAOD (Fang et al., 2020) 69.6 502 576 | 726 518 605 |553 579 566 | 782 626 695 |59.1 617 604 | 708 526 604
DCC (Li et al., 2021) - - 61.7 | - - 56.1 | - - 675 | - - 66.7 | - - 496 | - - 66.5
OVANet (Saito, 2021) - - 640 | - - 586 | - - 66.3 | - - 699 | - - 62.0 | - - 65.2
GATE (Chen et al., 2022) - - 69.0 | - - 63.8 | - - 705 | - - 758 | - - 664 | - - 67.9
ANNA (Li et al., 2023) 65.6 767 707 | 61.4 787 69.0 | 683 799 737 | 741 79.7 768 | 58.0 73.1 647 | 642 736 68.6
GLC (Qu et al., 2023) - - 69.8 | - - 653 | - - 742 | - - 790 | - - 604 | - - 71.6
OSLPP (Wang et al., 2024) 63.8 71.7 670 | 559 67.1 61.0 | 725 73.1 72.8 | 80.1 694 743 | 496 79.0 609 |61.6 733 669
UPUK (Wan et al., 2024) 61.6 797 692 | 490 648 558 |68.1 88.0 76.7 | 715 86.6 784 | 613 726 664 | 665 81.6 73.1
USDAP (Shao et al., 2024) - - 69.6 | - - 66.7 | - - 753 | - - 762 | - - 60.7 | - - 70.0
GLC++ (Qu et al., 2024) - - 702 | - - 654 | - - 738 | - - 780 | - - 615 | - - 71.9
Ours \ 694 744 717 \ 70.0 71.0 705 739 76.0 749 \ 803 795 799 \ 579 740 650 688 760 722

Cl—-Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr
Method

OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS | OS* UNK HOS

OSBP 720 692 706 | 59.1 68.1 632 |445 663 532 |762 717 739 | 66.1 673 667 |48.0 63.0 545 |763 686 723
STAsum | 69.8 632 663 | 554 73.7 63.1 | 447 715 550 | 781 633 697 |679 623 650 |514 579 542 |779 580 664
STAmax | 67.0 66.7 668 | 542 724 619 | 442 67.1 532 | 762 643 695 | 67.5 66.7 67.1 499 61.1 545 | 77.1 554 645
UAN 80.6 0.1 0.2 73.7 0.0 0.0 59.1 0.0 0.0 84.0 0.1 0.2 775 0.1 0.2 66.2 0.0 0.0 85.0 0.1 0.1

PGL 702 338 456 | 737 347 472 | 592 384 466 |848 276 416 | 81L5 6.1 11.4 | 688 0.0 0.0 848 38.0 525

ROS 653 722 686 | 573 643 606 |465 712 563 |70.8 784 744 | 670 708 688 |51.5 73.0 604 |720 800 757
DADO 77.8 57.0 658 | 71.3 505 59.1 | 584 428 494 | 81.8 50.6 625 | 66.7 433 525 | 600 366 455 | 84.1 347 49.1
DCC B - 64.0 | - - 55.8 | - - 53.0 | - - 70.5 | - - 616 | - - 572 | - - 71.9
OVANet | - - 68.6 | - - 598 | - - 534 | - - 693 | - - 68.7 | - - 59.6 | - - 66.7
GATE - - 717 | - - 673 | - - 615 | - - 760 | - - 704 | - 61.8 | - - 75.1

ANNA 669 802 730 | 63.0 703 665 | 546 748 63.1 743 789 766 | 66.1 773 713 | 59.7 73. 657 | 764 81.0 78.7

3.1
GLC - - 747 | - - 63.7 | - - 632 | - - 758 | - - 67.1 - - 643 | - - 71.8
OSLPP 672 739 704 | 546 762 636 |531 67.1 593 | 770 712 740 | 608 750 672 |544 643 59.0 | 784 70.8 744
UPU 716 848 776 | 559 856 67.6 | 454 702 551 | 739 839 786 |567 841 678 |493 746 594 |69.5 800 744
USDAP | - - 726 | - - 645 | - - 64.6 | - - 765 | - - 655 | - - 643 | - - 78.0
GLC++ | - - 747 | - - 642 | - - 653 | - - 76.0 | - - 67.7 | - - 66.0 | - - 77.8
Ours 764 758 76.1 | 62.1 744 678 | 585 70.0 63.7 733 795 763 ‘ 669 740 703 | 634 649 641 811 773 791
noise noise
B B

S Apsr \C/ Apsc Y

Figure 8. Causal graph for Synthetic Data Generation: Y L. S | C

Cpse =Y @ B(Apse) + BN(0, 1),
Crean = Mean({Cpsc}),
S = XpsrCmean * 1a + BN (0, 1),
X =MLP({{Cpsc}, S}).

(52)

In Eq. (52), to test whether susceptibility risk can focus on more essential causal information, we use a parameter Ay
to distinguish the importance of causal factors. When Ay is closer to 0 or 1, the causal association is stronger to Y;
Conversely, the closer Ap is to 0.5, the weaker the causal association is. 3 represents the noise intensity in the data. We set
Apse = {0.15,0.25,0.35} and 5 = {0.1,0.4,0.7, 1.1}. Besides, \p,, denotes the spurious degree. When A, gets higher,
the spurious correlation is stronger in data X. We set d = 64 and s = {0.1,0.4,0.7}. Then we develop a non-linear
function to generate X from [Cy 15, Co .25, Co.35, S]. We use distance correlation to evaluate the correlation between learned
representation and these factors. A higher distance correlation indicates a better representation of factors. We provided an
ablation study to demonstrate the efficiency of susceptibility risk by comparing it with vanilla empirical risk.

In Fig. 4(a), we varied the level of spuriousness and computed the distance correlation between the learned representations
and four factors. It can be observed that susceptibility risk achieved a higher distance correlation with critical causal
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Figure 9. (a) Results of different spurious degree, and (b) Results of Suscepetibility risk (' yellow ) and Vanilla risk (-)
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Figure 10. Examples of each class in Image-ADAR, where label 6-7 are unknown categories, and label 0-5 are shared categories.

factors, while the distance correlation with spurious factors showed only a slight increase as spuriousness increased. This
demonstrates that our evaluator consistently focuses on critical causal factors under varying spurious levels. In Fig. 4(b), we
generated data with different levels of perturbation by varying 8 and compared the performance of the Susceptibility risk
evaluator with that of a standard empirical risk evaluator. For critical causal factors (A,s. = 0.15), our method achieved
a higher distance Correlation than the standard risk. For factors with lower causal relevance (A5 = 0.25, A\psc = 0.35),
our method comparatively avoided overemphasis. Furthermore, for spurious factors, our method yielded a lower distance
correlation compared to the standard risk. These results verified that by incorporating susceptibility risk evaluation, models
can reduce the learning of spurious correlations and maintain a focus on critical causal factors.

Action Recognition in Appliance Disassembly under OSDA. To evaluate the practical applicability of the proposed
method, we selected appliance disassembly action recognition as a concrete problem. Disassembly actions are complex, with
similar backgrounds in images, and involve a significant number of unknown actions and unknown parts, which severely
degrade the performance of traditional supervised learning models. The open-set domain adaptation setup used in this paper
aligns with the challenges faced in action recognition during appliance disassembly at the test stage. Thus, we constructed
a custom Image dataset for Appliance Disassembly Action Recognition, Image-ADAR, for this task and compared the
performance of COSDA with several baseline methods.

The dataset was collected in a disassembly factory, where each collection environment represents a distinct domain, labeled
as domains A, B, and C. After data processing, each domain consists of 7 classes, including five shared classes and two
unknown classes. The source domain includes only the five shared classes, while the target domain encompasses all
categories. The objects being disassembled are air conditioners, with the shared classes being disassembling the outer shell,
disassembling the evaporator, disassembling foam, and disassembling the circuit board. The two unknown classes are action
unknown (leaving the workbench) and object unknown (refrigerator). Each class contains between 150 and 450 image
samples. In line with standard experimental settings, the OS*, UNK, and HOS classification metrics were used, and the
experimental parameters were consistent with the Office-31 configuration. The results are presented in Tab. 8.

We compared our method with the classical baseline, OSBP, and the state-of-the-art OSDA method, ANNA. The results show
that our method achieved the best performance of OS*, UNK, HOS. Notably, COSDA achieves significant improvements
over the baselines on the C — A task, with a 20.6% increase in OS*, a 40.5% increase in UNK, and a 38.9% increase in
HOS, demonstrating the effectiveness of our proposed method.
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Table 7. Dataset details for Image-ADAR.

Dataset #domain name #K #U  #images
A 5 2 1,573

Image-ADAR B 5 2 1,951
C 5 2 1,823

Table 8. Comparison results (%) of Image-ADAR. (Best in bold and second best in underline)

A—B B—A B—C C—A C—B Average

‘OS* UNK HOS ‘ 0OS* UNK HOS | OS* UNK HOS ‘ 0S* UNK HOS ‘ 0S* UNK HOS ‘ 0S* UNK HOS ‘ 0S* UNK HOS

A—C ‘
OSBP (Saito et al., 2018) | 56.1 79.8  65.9 ‘74.9 735 742 ‘73.1 625 674 | 524 376 438 ‘44.2 142 215 ‘29.9 415 347 ‘55.1 515 512

Method

ANNA (Li et al., 2023) 634 773 69.7 | 744 66.1 70, 3 770 796 | 548 349 426 |48.6 160 241 |245 603 349 | 580 553 535
Ours ‘66.9 746  70.5 ‘73.8 89.2  80. 3 654 638 ‘33.3 577 423 712 565 630 50.1 635 56.0 ‘59.6 678  62.7

D.6. Qualitative Results

Trade-off Analysis. To investigate how the parameters in Eq. (25) affect the performance of COSDA, we define A\; =
{0.1,0.2,0.5,0.8,1.0} and A.,, = {0.1,0.2,0.5,0.8,1.0}. For each dataset, we select the final sub-task for parameter
sensitivity analysis. As shown in Fig. 6, COSDA fluctuates between 93.8 and 94.8 on the P-1 (/mage-CLEF) task. On the
Rw-Pr (Office-Home) task, COSDA shows a performance range of 77.8 to 78.8. This indicates that the proposed algorithm
demonstrates strong parameter stability across both large and small datasets.

Feature-level Analysis. To intuitively demonstrate the effectiveness of our method, we compare the features extracted by
the baseline algorithm and our approach with the t-SNE !. As shown in Fig. 6(a)(b), on the Office-31 dataset, our method
achieves a more compact clustering of class features. On the Office-Home dataset, which has a higher openness, the baseline
is mixed with known class features with many unknown class features, as indicated by gray points overlapping with blue or
red points. In contrast, in Figure (d), our method better identifies the decision boundary between known and unknown classes.
Loss Convergence Analysis. Fig. 11 depicts the loss convergence trends on the test sets of the dslr — amazon (Office-31)
and Art — Product (Office-Home) tasks. Overall, the model achieves sufficient fitting within iterations without overfitting.
Specifically, in both tasks, the sharp decline in £; reflects a significant improvement in target domain classification accuracy
driven by pseudo-labeling. Meanwhile, £, representing source domain classification accuracy, exhibits a slight downward
trend in the dslr — amazon task but remains relatively stable in the Art — Product task. Finally, Le,, which represents
feature alignment, shows a gradual downward trend throughout the training process.
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Figure 11. Loss convergence on dslr — amazon (left) and Art — Product (right)

'https://github.com/mx11990/tsne-pytorch
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