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Abstract

Generalized Category Discovery (GCD) aims to trans-
fer knowledge from known categories to automatically dis-
cover new, unseen ones while preserving recognition of the
known classes. Despite recent progress, existing GCD ap-
proaches typically assume that all data are drawn from the
same distribution, which is rarely valid in real-world sce-
narios. In practice, data often experience simultaneous
domain shifts and novel category emergence, causing se-
vere performance degradation of existing systems. To ad-
dress this challenge, we propose CausalGCD, a causality-
inspired framework designed to mitigate domain-shift bias
in category discovery. Specifically, we first analyze the
causal graph to uncover the relationships among key vari-
ables in cross-domain GCD. We then introduce the concept
of causal dependency risk and propose a Causal Depen-
dency Risk Estimator to capture causal semantics, further
deriving a theoretically computable upper bound to opti-
mize this risk under cross-domain GCD settings. Further-
more, we propose a Causal Geometric Manifold Constraint
that enforces invariant manifold-level associations between
known and unknown categories across domains, thereby
facilitating robust discovery of novel classes. Extensive
experiments on the SSB-C and DomainNet benchmarks
demonstrate the effectiveness of CausalGCD and highlight
the significance of causal reasoning in open-world category
discovery.

1. Introduction

Deep learning models have achieved remarkable success
in closed-world scenarios, where all categories are prede-
fined and the unlabeled data are assumed to originate from
known classes [5–10, 16, 18–20]. However, this assump-
tion severely limits their applicability in open-world envi-
ronments, where unlabeled data may also contain unknown

Figure 1. Causal graph of the cross-domain GCD paradigm, where
interventions on domain-specific factors (S) lead to domain shift,
and interventions on causal semantic factors (U ) give rise to novel
categories. Changes in S may also confound the relation (R) be-
tween known and unknown classes, hindering robust category dis-
covery.

categories [4, 7, 11, 17, 37]. To address this challenge,
Generalized Category Discovery (GCD) has been proposed
to cluster unlabeled samples—potentially containing both
known and unknown classes—by transferring knowledge
from labeled known categories [37, 41]. From early two-
stage optimization pipelines [37] to more recent single-
stage strategies [25, 39, 41], numerous GCD methods have
achieved encouraging results. Nevertheless, most of them
still assume that the labeled and unlabeled datasets share
the same underlying distribution, which is often unrealistic
in real-world applications. For example, in medical imag-
ing or cross-camera recognition, images captured from dif-
ferent devices or environments exhibit substantial domain
shifts, leading to significant performance degradation when
models are deployed in unseen domains.

Recent approaches such as HiLo [38] and CDAD-Net
[32] extend GCD to cross-domain settings, yet they rely on
heuristic feature separation or adversarial alignment, fail-
ing to capture the underlying causal mechanisms of domain
shifts. Despite the growing interest in causality [28], cross-
domain GCD still lacks a unified causal graph and a princi-
pled formulation of causal risk. To fill this gap, we propose
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CausalGCD—a causality-inspired framework for cross-
domain generalized category discovery. From a causal per-
spective, latent representations can be decomposed into se-
mantic causal features (U ) and domain-specific factors (S),
where we assume S ⊥ U and S ⊥ Y |U . As illustrated
in Figure 1, domain distribution shifts arise from interven-
tions on S, which alter the data distribution while keeping
the causal mechanism P (Y |U) invariant. When causal fea-
tures U vary significantly, the label semantics also change,
leading to the emergence of novel categories. Building on
this insight, we introduce a Causal Dependency Risk (CDR)
to quantify and optimize the causal dependency between
features and predictions, and theoretically derive its upper
bound for the unlabeled target domain. Furthermore, by
enforcing the causal assumptions of exogeneity and mono-
tonicity through prototype-level mutual information max-
imization, we ensures that the extracted features comply
with the causal assumptions and enable the identification
of counterfactual causal-dependency risk.

Moreover, in GCD tasks, learning robust associations be-
tween known and unknown categories is crucial for discov-
ering new ones. However, domain shifts often distort this
relational knowledge transfer. As shown in Figure 1(c), the
domain-specific variable S acts as a confounder that entan-
gles the relational factor R between known and unknown
categories, thereby hindering effective category discovery.
To disentangle this confounding effect (R ↚ S), we pro-
pose a Causal Geometric Manifold Constraint that models
invariant manifold-level associations across domains, thus
enabling robust and domain-invariant category discovery.
Our major contributions can be summarized as follows:
• We introduce CausalGCD, the first structured causal

model for cross-domain GCD. We theoretically derive a
computable upper bound for the causal dependency risk,
addressing the issues of model optimizability, evaluabil-
ity, and identifiability, and providing a principled causal
framework for category discovery under domain shift.

• We propose a Causal Geometric Manifold Constraint that
preserves causal-geometric correlations shared across do-
mains, supporting more stable discovery of novel cate-
gories.

• Extensive experiments on the SSB-C and DomainNet
benchmarks demonstrate that CausalGCD significantly
outperforms state-of-the-art GCD methods. Comprehen-
sive ablation studies further validate the effectiveness and
interpretability of each proposed component.

2. Related Works
Category Discovery. Research on category discovery
generally spans two paradigms: Novel Class Discov-
ery (NCD) and Generalized Category Discovery (GCD).
NCD, first proposed by Han et al. [17], focuses on identi-
fying previously unseen categories within unlabeled sam-

ples using supervision from known classes only. Early
studies employed self-supervised contrastive learning and
ranking strategies to extract transferable semantic fea-
tures [17, 46]. UNO [12] advanced this field by in-
troducing a unified self-labeling framework based on the
Sinkhorn–Knopp algorithm with multi-objective optimiza-
tion, while later works further improved clustering gran-
ularity via inter-class semantic modeling [15, 24]. GCD
extends NCD by allowing unlabeled data to contain both
seen and unseen classes. Vaze et al. [37] jointly opti-
mized supervised and self-supervised contrastive losses fol-
lowed by semi-supervised clustering. SimGCD [41] fur-
ther introduced a parametric classifier trained with entropy
regularization and self-distillation for end-to-end optimiza-
tion. SPTNet [39] utilized spatial prompt tuning for cross-
category semantic transfer. Recent efforts have general-
ized GCD to the cross-domain scenario. HiLo [38] mit-
igates domain shift via semantic–domain disentanglement
and PatchMix [47], though its independence assumption
and mixed patches may introduce noise. CDAD-Net [32]
uses entropy-driven adversarial learning but inherits adver-
sarial instability. FREE [4] approaches the problem from
the frequency domain using tailored perturbations for more
robust category discovery. Different from all the above, our
work is the first to incorporate causal reasoning into
cross-domain GCD, proposing a structured causal model
and deriving both theoretical and algorithmic foundations
based on counterfactual causal probabilities. This princi-
pled framework ensures model optimability, evaluability,
and identifiability, providing a causal view of robust dis-
covery across domains.

Unsupervised Domain Adaptation. Unsupervised Do-
main Adaptation (UDA) aims to align labeled source and
unlabeled target distributions. Classical approaches rely
on distribution alignment, either through moment match-
ing [26, 30, 36] or adversarial domain confusion [13, 33,
34], encouraging domain-invariant but discriminative fea-
tures. More recent methods pursue architecture-level trans-
ferability. TVT [42] introduces task-aware attention for
disentangling generalizable and domain-specific represen-
tations, while MTTrans [44] and CDAC [40] ensure layer-
wise consistency for stable multi-scale adaptation.

Recently, causal inference has emerged as a principled
direction for domain adaptation. IRM [1] learns representa-
tions where the optimal classifier remains invariant across
environments, and iCaRL [27] extends this to nonlinear
regimes by identifying latent causal factors under flexible
exponential-family priors. EAGLE [45] further models la-
tent spatio-temporal environments to extract invariant pat-
terns on dynamic graphs, while Yang et al. [43] employ
the probability of necessary and sufficient causes (PNS) to
align representations with causal sufficiency. Lv et al. [28]
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formalize domain generalization through structural causal
models that disentangle causal and non-causal factors, of-
fering a theoretical lens for invariant mechanism learning.
However, explorations of causal graphs and comprehensive
risk formulations for cross-domain GCD remain scarce —
this is precisely the gap our work aims to fill.

3. Method
3.1. Problem Definition
In the cross-domain GCD task, we are given a labeled
dataset Dl = {(xi, yi)}Nl

i=1, where xi ∈ Xl are input sam-
ples and yi ∈ Yl are labels of known categories. In addition,
there exists an unlabeled dataset Du = {xj}Nu

j=1 that con-
tains both known and novel categories. The label spaces of
the two datasets can be represented as Yl ⊂ Yu,Yknown

u =
Yl,Ynovel

u = Yu \ Yl, where Yknown
u corresponds to the cat-

egories shared with the labeled dataset, and Ynovel
u denotes

the unlabeled novel categories. It is worth noting that the
unlabeled dataset Du may come from either the same do-
main as the labeled dataset or a different domain exhibit-
ing a distribution shift. The key challenge of cross-domain
GCD lies in robustly discovering novel categories in the un-
labeled data while preserving recognition ability on known
categories, especially under potential cross-domain varia-
tions.

3.2. Causal Dependency Risk Estimator
Spurious domain-dependent cues often distort the intrin-
sic relationship between semantic features and labels, caus-
ing models to rely on unstable shortcuts. To overcome
this limitation, we draw inspiration from causal inference,
where counterfactual reasoning evaluates how interventions
on underlying variables influence outcomes. Under suitable
causal assumptions—such as exogeneity and monotonic-
ity—these intervention-induced effects become identifiable
and can be linked to measurable changes in prediction be-
havior. Motivated by this perspective, we define a causal de-
pendency measure that quantifies how prediction outcomes
respond when the latent representation is subjected to inter-
vention:

CDM = P (Y = y | u)− P (Y = y | u′), (1)

where u and u′ denote two specific states of the causal
variable U , corresponding to its post-intervention and pre-
intervention values, respectively. A larger CDM indicates
stronger causal dependency, whereas a smaller value sig-
nals unstable or weak influence. Building on this formu-
lation, we introduce the Causal Dependency Risk (CDR),
which encourages the model to emphasize components with
stronger causal relevance and reduces reliance on domain-
specific shortcuts:

CDRQ(u, u
′) = −CDM := OQ(u)− IQ(u′), (2)

where OQ(u) and IQ(u′) represent the observational rel-
evance risk and the interventional relevance risk, respec-
tively:

OQ(u) = E(x,y)∼Q

[
Eu∼PQ(U |X=x)P

g(Y ̸= y | U = u)
]
,

IQ(u′) = E(x,y)∼Q

[
Eu′∼PQ(U ′|X=x)P

g(Y ̸= y | U ′ = u′)
]
.

(3)
where g(·) is a classifier that models the conditional prob-
ability P g(Y | U). G(·) models the posterior PQ(U | X)
and yields the invariant causal representation u, while G′(·)
specifies PQ(U

′ | X) and produces the intervened repre-
sentation u′. Q denotes the unlabeled target-domain dis-
tribution. Intuitively, OQ(u) characterizes the predictive
risk under the observational distribution, whereas IQ(u′)
captures the risk after a semantic intervention. Their dif-
ference, CDRQ(u, u

′), thus measures the model’s sensi-
tivity to causal interventions of the representation. Mini-
mizing CDRQ(u, u

′) reduces the discrepancy between ob-
servational and interventional predictions. This optimiza-
tion enforces causal invariance, suppresses domain-specific
spurious correlations, and drives the model toward domain-
invariant causal representations that remain stable under se-
mantic interventions.

Next, we present several theorems to derive an evaluable
upper bound of the causal dependence risk in the unlabeled
target domain.
Linking Known-Class and Novel-Class Recognition
Risks. In the cross-domain GCD setting, the unlabeled
target-domain data contain both known and novel cate-
gories. Given the known-class space Yl and the novel-class
space Ynovel

u , the causal dependency risk associated with un-
labeled data can be reformulated as follows.
Theorem 1. Given the labeled source-domain distribu-
tion P and the unlabeled target-domain distribution Q, the
causal dependency risk CDRQ(u, u

′) can be rewritten as

CDRQ(u, u
′) = E(x,y)∼Q

[
I(y ∈ Yl)

(
Eu∼PQ(U |X=x)

P (Y ̸= y |U = u)− Eu′∼PQ(U ′|X=x)P (Y ̸= y |U ′ = u′)
)]

+ E(x,y)∼Q

[
I(y ∈ Ynovel

u )
(
Eu∼PQ(U |X=x)

P (Y ̸= y |U = u)− Eu′∼PQ(U ′|X=x)P (Y ̸= y |U ′ = u′)
)]

:= πQ∧P(X,Y ) + πQ\P(X,Y ).
(4)

where πQ∧P(X,Y ) denotes the causal dependency risk on
known categories, and πQ\P(X,Y ) measures the novel-
category discovery risk [35]. A complete proof is provided
in Appendix 1.1.
Linking Cross-Domain Dependency Risks. Since only la-
beled source data and unlabeled target data are available,
the causal dependency risk on the target domain cannot be
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Figure 2. Overall architecture of the proposed CausalGCD framework. An intervention module implemented by a multilayer perceptron
(MLP) is appended after the feature representation U to perform nonlinear interventions, modeling its distribution as a Gaussian with
learnable mean and variance, similar to the VIB formulation [21]. Prototype-level mutual information maximization enforces exogeneity
to satisfy causal assumptions, while the Causal Geometric Manifold Constraint (CGMC) maintains geometric consistency between
known and novel categories, facilitating reliable discovery of unseen classes across domains.

directly computed. To obtain a tractable surrogate, we intro-
duce two quantities that do not require target labels: the Ex-
pected Collaborative Deviation (ECD) and the Expected
Relational Inconsistency (ERI) [23]:

εQ(u) = Eg1,g2∼ςE(x,y)∼QI[g1(u) ̸= y] I[g2(u) ̸= y],

δQ(u) = Eg1,g2∼ςEx∼QI[g1(u) ̸= g2(u)].
(5)

Here, εQ(u) measures correlated prediction errors, while
δQ(u) captures hypothesis-space disagreement under any
probability distribution ς over g. Together, they character-
ize the shift of causal dependencies across domains. Using
the β-divergence [14] to quantify distributional mismatch
and applying Hölder’s inequality, we obtain the following
upper bound for the causal dependency risk (proof in Ap-
pendix 1.2).
Theorem 2. Let P and Q denote the labeled source and
unlabeled target distributions. For the inference encoder G,
intervention encoder G′, and classifier g, the causal depen-
dency risk on Q is upper bounded by:

CDRQ(u, u
′) <

1

2

(
δQ(u)− δQ(u

′)
)

+ lim
q→∞

βq(Q∥P)
(
εP(u)− εP(u

′)
)
+ πQ\P(X,Y ),

(6)

where

LQ = δQ(u)−δQ(u
′)+πQ\P(X,Y ),LP = εP(u)−εP(u

′).
(7)

This result provides a tractable link between source and
target causal risks through relational inconsistency, col-
laborative deviation, and cross-domain distributional diver-
gence.
Relating Expected and Empirical Causal-Dependency
Risk. The causal-dependency risk CDRQ(u, u

′) is defined
with respect to the underlying target distribution Q and
therefore corresponds to an expected risk quantity that can-
not be evaluated directly. To construct a computable surro-
gate, we derive its empirical counterpart using the available
unlabeled and labeled sample sets: Du = {xi}Nu

i=1,Dl =

{(xi, yi)}Nl
i=1. Let P̄ (Y ̸= y | U = u), P̄ (Y ̸= y | U ′ =

u′) denote disagreement estimates induced by the invariant
encoder G and the intervention encoder G′. Using these
quantities, the empirical causal-dependency risk is defined
as:

CDRDu
(u, u′) = Ex∼Du

Eu∼P̄ (U |X=x)P̄ (Y ̸= y | U = u)

− Ex∼Du
Eu′∼P̄ (U ′|X=x)P̄ (Y ̸= y | U ′ = u′).

(8)
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The fundamental objective is to relate this empirical dis-
crepancy to the expected discrepancy CDRQ(u, u

′). To
achieve this, we introduce prior distributions over the rep-
resentation families: νU = P (U), νU ′ = P (U ′). Follow-
ing these priors, we derive Corollary 1 using variational
inference together with Hoeffding’s inequality, Markov’s
inequality, and Jensen’s inequality [43], providing a high-
probability control of the gap between the expected and em-
pirical causal-dependency risks (see proof in Appendix 1.3).
Corollary 1. With probability at least 1 − δ over
draws X ∼ Du/Dl, the expected and empirical causal-
dependency discrepancies satisfy:∣∣CDRQ(u, u

′)− CDRDu
(u, u′)

∣∣ ≤ LKL,

where LKL = − log(σU ) + log(σU ′).
(9)

The term LKL acts as a representation variability index,
quantifying how the stochasticity of U and U ′ influences
the deviation between the expected and empirical causal-
dependency risks. Smaller KL divergences tighten this in-
dex, ensuring that CDRDu serves as a faithful approxima-
tion of CDRQ.

3.3. Satisfaction of Causal Assumptions
To reliably identify counterfactual causal-dependency risk,
the learned representations must satisfy two fundamental
causal assumptions: exogeneity and monotonicity. In this
section, we examine how these assumptions are ensured
through our representation learning framework.
Monotonicity. The monotonicity assumption requires that
intervening on the causal representation induces a consis-
tent directional change in prediction. In particular, replac-
ing the invariant representation u with its intervened coun-
terpart u′ should not increase the model’s confidence in the
original label y. This requirement can be expressed as the
following optimization objective:

max P (Y = y | U = u)− P (Y = y | U = u′). (10)

In fact, monotonicity is naturally satisfied during training,
as minimizing the causal-dependency risk directly enforces
the inequality in Eq. (10).
Exogeneity. The exogeneity assumption requires that do-
main factors S do not confound the causal path from U to
Y , i.e., P (Y | U, S) = P (Y | U). A sufficient condition is
to maximize the cross-domain semantic consistency of each
class by increasing the mutual information between source
and target prototypes, i.e., maxG I(ekP, e

k
Q) for all k ∈ Yl.

When I(ekP, e
k
Q) is maximized, the class-conditional distri-

butions P (Y=k | U) become aligned across domains, lead-
ing to P (Y | U, S) ≈ P (Y | U) (proof in Appendix 1.4).

To enforce exogeneity in practice, we first estimate the
unlabelled target-domain prototype ekQ using weighted fea-

ture averaging, ekQ =
∑

i pi,kG(xi)∑
i pi,k

, where G(xi) is the fea-
ture of sample xi and pi,k is its soft assignment to class k.

The labelled source-domain prototype ekP is obtained in a
similar manner. We then adopt a prototype-alignment loss
that pulls same-class prototypes together while pushing dif-
ferent or novel-class prototypes apart:

Le = −
∑
k∈Yl

log
exp(sim(ekP, e

k
Q))∑

e∈N (k) exp(sim(ekP, e))
, (11)

where sim(·, ·) denotes the cosine similarity, N (k) includes
ekQ, all other known-class prototypes {ek′

Q : k′ ̸= k}, and

all novel-class prototypes {ejQ}
Ynovel

u
j=1 . This loss increases

I(ekP, e
k
Q) and separates all novel-class prototypes, thereby

suppressing domain-specific nuisance factors and ensuring
the learned representation satisfies exogeneity. To promote
semantic separability under the causal premise [43], where
features with different semantics are expected to remain suf-
ficiently apart, we also impose: Lsep = κ−∥u−u′∥22, where
κ denotes the intervention strength on causal factors. A suf-
ficiently large κ enforces a semantic margin between u and
u′, mitigating entanglement and unstable learning.

3.4. Causal Geometric Manifold Constraint
Although the above causal-enhanced features capture in-
variant and semantically meaningful representations, they
remain inadequate for reliably discovering novel categories
under domain shifts. We argue that the intrinsic relation-
ships between known and unknown categories are essential
for novel-class discovery. Inspired by manifold theory [29],
we model these relationships through the geometric struc-
tures of category distributions, which capture transferable
semantic correlations essential for discovering unseen cat-
egories. To preserve these structures under domain shifts,
we propose the Causal Geometric Manifold Constraint
(CGMC), which enforces cross-domain consistency in the
geometric relations between every known–unknown cate-
gory pair. We first generate cross-domain style-transferred
unlabeled samples via Fourier-based style transfer: x̃u

i =
F−1(Al

i·ejP
u
i ), where Al

i is the amplitude (domain style) of
a randomly selected labeled source-domain sample xl

i, and
Pu
i is the phase (semantics) of an unlabeled target-domain

sample xu
i . F−1 denotes the inverse Fourier transform.

This produces a style-shifted version that separates domain
factors from geometric semantics. We then feed both the
original unlabeled samples and their style-transferred coun-
terparts into the model to obtain their feature embeddings.
Category geometry [29]. Given n D-dimensional em-
beddings Z = [G(x1), . . . , G(xn)] ∈ RD×n pre-
dicted as category k, their covariance matrix is ΣZ =
E
[
1
n

∑n
i=1 G(xi)G(xi)

⊤] = 1
nZZ

⊤ ∈ RD×D. Let
{ξ1, . . . , ξm} be the top-m eigenvectors of ΣZ ; these form
the principal geometric manifold: CG = {ξ1, . . . , ξm}.
For a known category k and an unknown category r, let
CGk

d and CGr
d denote their geometric manifolds in domain
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d ∈ {P,Q} (corresponding to original and style-transferred
unlabeled samples, respectively). Their geometric correla-
tion is defined as Simd(k, r) =

∑m
i=1

∣∣⟨ξki,d, ξri,d⟩∣∣. If se-
mantic structure is stable, then SimP(k, r) ≈ SimQ(k, r)
should hold across domains.
Causal geometric manifold constraint. CGMC enforces
cross-domain invariance of the known–unknown geometric
correlation by minimizing their discrepancy:

Lcgmc =
∑
k∈Yl

∑
r∈Ynovel

u

∣∣SimP(k, r)− SimQ(k, r)
∣∣. (12)

By preserving the geometric relationships between
known and unknown categories across domains, CGMC
eliminates domain-induced geometric distortions and en-
sures that category discovery relies on stable causal seman-
tic structure rather than spurious domain correlations.

The overall objective of our framework is formulated as:

L = LP + λ1LQ + λ2LKL + λ3Le + λ4Lcgmc + λ5Lsep,
(13)

where LP measures the empirical causal-dependency risk
on the source domain using ground-truth labels, LQ esti-
mates the causal-dependency risk on the target domain us-
ing predicted pseudo-labels, LKL reduces the gap between
expected and empirical risks, Le enforces the exogeneity
assumption, and Lcgmc imposes the causal geometric man-
ifold constraint for stable novel-category discovery. Lsep

enforces feature separability and contributes to training sta-
bility.

4. Experiments

4.1. Experimental Setup
Datasets. To comprehensively evaluate the proposed
framework, we conduct experiments on two widely used
benchmarks: the Corrupted Semantic Shift Benchmark
(SSB-C) [38] and DomainNet [30]. The SSB-C benchmark
is derived from SSB by introducing nine types of image cor-
ruptions, each applied at five severity levels, to assess model
robustness under distributional perturbations. DomainNet
consists of approximately 600K images spanning 345 cate-
gories across six distinct domains: Real, Clipart, Infograph,
Painting, Quickdraw, and Sketch.

For domain partitioning, we follow the protocol in
HiLo [38]. In SSB-C, the clean subset of each dataset serves
as the source domain, while all corrupted variants are aggre-
gated to form the target domain. For DomainNet, we use
the Real domain as the source and, in turn, designate each
of the remaining domains as the target, forming several do-
main pairs. We also explore a multi-domain configuration,
where all non-Real domains are combined as a single target
domain (see Appendix for detailed results).

For category partitioning, we adopt the same strategy as
HiLo [38]. Specifically, a subset of source-domain cate-
gories is selected as the known classes, from which 50% of
the samples constitute the labeled dataset Dl. The remain-
ing samples, including both known and novel classes from
either source or target domains, form the unlabeled dataset
Du. A summary of the dataset splits and statistics is pro-
vided in Table 1 of the Appendix.

Implementation Details and Evaluation Metrics. We
adopt DINO-pretrained ViT-B/16 [3] as the backbone and
fine-tune only the last transformer block for 200 epochs us-
ing SGD with a weight decay of 5 × 10−5. The learning
rate starts at 0.1 and decays to 0.0001 via cosine annealing,
with a batch size of 128. Hyperparameters λ1, λ2, λ3, λ4,
and λ5 are set to 0.5, 0.5, 0.5, 0.5, and 0.3, respectively. We
set the parameters m = 5 and κ = 0.5 in all experiments
(their sensitivity analysis is provided in the Appendix).
All experiments are repeated three times with different ran-
dom seeds, and mean results are reported. Models are im-
plemented in PyTorch and trained on eight NVIDIA RTX-
4090 GPUs.

Following prior works [37, 38], clustering accuracy
(ACC) is used as the main evaluation metric. Let ŷi and
yi denote the predicted and ground-truth labels of sample i
from the unlabeled target set Du. We compute the optimal
label assignment P∗ using the Hungarian algorithm [22]:
ACC = 1

|Du|
∑|Du|

i=1 I{yi = P∗(ŷi)} . We report ACC on
the source and target domains, including overall, old-class,
and new-class accuracies.

4.2. Comparison with State-of-the-Art Methods
We compare CausalGCD with leading GCD mod-
els—ORCA [2], GCD [37], SimGCD [41], SPTNet [39],
and RLCD [25]—as well as adapted NCD methods
(RankStats+ [17], UNO+ [12]). We further include domain-
oriented approaches such as CDAD-Net [32], HiLo [38],
and FREE [4]. Results in Tables 1 and 2 show that most
existing methods deteriorate notably once domain shifts are
introduced, with unlabeled samples from unseen domains
often degrading accuracy even within the known domain.
In contrast, CausalGCD provides consistent and substan-
tial improvements. On the corrupted domains of the SSB-C
benchmark, it achieves the best results on nearly all domain
pairs, outperforming FREE by 2.1% on CUB-C, 2.6% on
Scars-C, and 2.2% on FGVC-C. Gains are also observed
in the clean domains, indicating stronger cross-domain sta-
bility. On DomainNet, our model again improves perfor-
mance across most domain combinations. For instance, us-
ing Real as the known domain and Painting as the unknown
domain, CausalGCD exceeds FREE by 2.4% on Painting
and 2.2% on Real. Overall, the results confirm that Causal-
GCD not only withstands domain shifts but also delivers
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Table 1. Clustering results of various methods on the DomainNet benchmark. Each experiment uses Real as the source domain, with one
of Painting, Sketch, Quickdraw, Clipart, or Infograph serving as the target. Clustering accuracy is reported for both domains.

Real + Painting Real + Sketch Real + Quickdraw Real + Clipart Real + Infograph
Methods

Real Painting Real Sketch Real Quickdraw Real Clipart Real Infograph
All Old New All Old New All Old New All Old New All Old New All Old New All Old New All Old New All Old New All Old New

RankStats+ 34.1 62.0 19.7 29.7 49.7 9.6 34.2 62.0 19.8 17.1 31.1 6.8 34.1 62.5 19.5 4.1 4.4 3.9 34.0 62.4 19.4 24.1 45.1 6.2 34.2 62.4 19.6 12.5 21.9 6.3
UNO+ 44.2 72.2 29.7 30.1 45.1 17.2 43.7 72.5 28.9 12.5 17.0 9.2 31.1 60.0 16.1 6.3 5.8 6.8 44.5 66.1 33.3 21.9 35.6 10.1 42.8 69.4 29.0 10.9 15.2 8.0
ORCA 31.9 49.8 23.5 28.7 38.5 7.1 32.5 50.0 23.9 11.4 14.5 7.2 19.2 39.1 15.3 3.4 3.5 3.2 32.0 49.7 23.9 19.1 31.8 4.3 29.1 47.7 20.1 8.6 13.7 7.1
GCD 47.3 53.6 44.1 32.9 41.8 23.0 48.0 53.8 45.3 16.6 22.4 11.1 37.6 41.0 35.2 5.7 4.2 6.9 47.7 53.8 44.3 22.4 34.4 16.0 41.9 46.1 39.0 10.9 17.1 8.8
SimGCD 61.3 77.8 52.9 34.5 35.6 33.5 62.4 77.6 54.6 16.4 20.2 13.6 47.4 64.5 37.4 6.6 5.8 7.5 61.6 77.2 53.6 23.9 31.5 17.3 52.7 67.0 44.8 11.6 15.4 9.1
SPTNet 61.6 76.9 54.7 35.2 35.9 35.1 63.3 77.8 55.3 16.7 26.0 11.3 47.1 65.6 35.4 6.9 5.7 7.7 62.5 76.5 55.4 24.7 30.9 18.8 54.5 67.9 46.2 11.9 19.4 7.9
RLCD 62.1 78.3 53.8 36.9 35.7 36.2 62.8 77.4 55.7 17.0 20.4 15.2 49.1 67.8 38.0 7.0 5.8 7.8 62.3 77.1 54.7 24.5 38.0 13.9 57.2 68.3 48.1 12.0 15.9 9.8
CDAD-Net 63.6 77.8 56.3 38.4 38.4 37.5 61.9 76.3 52.1 17.3 20.9 15.9 48.5 66.5 36.7 6.4 5.6 7.3 61.3 77.0 53.1 25.2 31.9 19.0 56.5 68.0 47.1 11.8 15.6 9.4
HiLo 64.4 77.6 57.5 42.1 42.9 41.3 63.3 77.9 55.9 19.4 22.4 17.1 58.6 76.4 52.5 7.4 6.9 8.0 63.8 77.6 56.6 27.7 34.6 21.7 64.2 78.1 57.0 13.7 16.4 11.9
FREE 67.7 78.1 61.2 45.6 46.1 44.8 67.8 78.2 61.6 22.5 25.8 20.9 61.4 78.1 55.1 8.9 7.8 9.0 66.4 78.1 60.1 29.3 37.2 26.3 68.1 78.9 60.2 16.1 18.6 13.4
CausalGCD 69.9 77.9 64.1 48.0 47.3 46.4 69.3 78.7 63.5 24.3 25.1 23.2 62.9 77.7 57.6 9.3 7.6 9.9 68.0 77.9 62.6 31.2 37.0 28.4 70.0 78.2 62.1 17.5 19.9 15.0

Table 2. Clustering results of various methods on the SSB-C benchmark. For each dataset (CUB, Scars, and FGVC), the clean set serves
as the source domain, while its corrupted counterpart is treated as the target domain. Clustering accuracy is reported for both domains.

CUB-C Scars-C FGVC-C
Methods

Original Corrupted Original Corrupted Original Corrupted
All Old New All Old New All Old New All Old New All Old New All Old New

RankStats+ 19.3 22.0 15.4 13.6 23.9 4.5 14.8 20.8 7.8 11.5 22.6 1.0 14.4 16.4 14.5 8.3 15.6 5.0
UNO+ 25.9 40.1 21.3 21.5 33.4 8.6 22.0 41.8 7.0 16.9 29.8 4.5 22.0 33.4 15.8 16.5 25.2 8.8
ORCA 18.2 22.8 14.5 21.5 23.1 18.9 19.1 28.7 11.2 15.0 22.4 8.3 17.6 19.3 16.1 13.9 17.3 10.1
GCD 26.6 27.5 25.7 25.1 28.7 22.0 22.1 35.2 20.5 21.6 29.2 10.5 25.2 28.7 23.0 21.0 23.1 17.3
SimGCD 31.9 33.9 29.0 28.8 31.6 25.0 26.7 39.6 25.6 22.1 30.5 14.1 26.1 28.9 25.1 22.3 23.2 21.4
SPTNet 33.0 34.5 31.2 30.1 33.1 26.1 28.0 40.2 27.9 24.2 32.1 16.3 28.7 30.2 27.9 24.8 25.7 23.9
RLCD 35.9 35.1 33.2 32.3 34.8 28.5 29.8 41.2 30.4 25.3 33.4 18.1 27.9 30.1 26.8 24.4 26.8 22.7
CDAD-Net 40.4 38.9 39.3 37.7 39.1 34.2 32.1 42.9 32.2 28.8 35.6 21.4 33.8 35.5 31.2 27.8 29.6 25.6
HiLo 56.8 54.0 60.3 52.0 53.6 50.5 39.5 44.8 37.0 35.6 42.9 28.4 44.2 50.6 47.4 31.2 29.0 33.4
FREE 60.4 58.5 63.2 55.7 57.1 53.7 43.6 48.1 40.8 38.9 46.1 32.6 48.5 54.9 51.2 35.0 32.4 38.9
CausalGCD 62.2 60.1 64.9 57.8 56.6 56.9 45.8 49.1 42.2 41.5 45.6 36.0 49.8 56.1 53.1 37.2 33.4 40.2

Table 3. Ablation study on different loss components. We use Real
from DomainNet as the source domain and Painting as the target
domain, and report clustering performance on both domains.

Real Painting
Components

All Old New All Old New

w/o LP 63.4 67.7 60.1 42.8 39.0 43.4
w/o LQ 64.5 72.8 58.3 42.4 41.8 38.1
w/o LKL 66.7 75.4 61.5 45.8 44.6 43.8
w/o Le 65.5 74.1 59.9 44.6 42.5 43.4
w/o Lcgmc 67.6 77.2 61.4 45.0 45.9 42.8
w/o Lsep 68.2 77.0 62.9 46.3 45.7 44.5
CausalGCD 69.9 77.9 64.1 48.0 47.3 46.4

superior clustering accuracy in both known and unseen do-
mains.

4.3. Ablation Studies and Analysis

Effectiveness of Causal Dependency Risk. We first eval-
uate the effectiveness of the proposed Causal Dependency
Risk by verifying its ability to capture intrinsic causal rela-
tionships. To approximate ground-truth causal components,

Figure 3. Distance Correlation results across five non-real Do-
mainNet domains.

we employ the state-of-the-art zero-shot saliency segmenta-
tion model IS-Net [31] to extract object regions from each
domain in DomainNet, which correspond to label-relevant
causal factors. The extracted object regions are provided
in the Appendix. Both the original and object-masked
images are fed into our model and the strongest baseline,
FREE, and we compute the distance correlation between the
learned representations and the extracted causal features.
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Figure 4. Visualization of geometric associations between the em-
bedding distributions of known and unknown categories under dif-
ferent algorithms.

Figure 5. Sensitivity analysis of key hyperparameters.

Figure 6. Visualization of attention maps on the CUB-C dataset.

As shown in Figure 3, CausalGCD consistently achieves
higher correlation with key causal factors across domains,
demonstrating that it focuses on semantically causal regions
while suppressing spurious correlations. These results con-
firm that incorporating causal dependency risk effectively
drives the model toward invariant and semantically aligned
representations.

Effectiveness of Individual Components. We further
conduct detailed ablation studies on DomainNet to assess
the contribution of each component in our framework. As
shown in Table 3, removing either of the domain-specific
causal dependency losses (LP or LQ) leads to a marked
drop in clustering accuracy, highlighting the necessity of
optimizing causal risk across domains. Eliminating the ex-
ogeneity loss (Le) results in reduced recognition of known
categories, indicating that this constraint improves model
stability and discriminability for seen classes. Removing

Lsep causes unstable training, while excluding LKL also de-
grades performance, highlighting the importance of bridg-
ing empirical and expected risks. Similarly, removing the
causal geometric manifold constraint (Lcgmc) lowers the
discovery accuracy of novel categories, verifying its im-
portance in maintaining structural consistency for unseen-
class separation. To provide further insight, we visualize the
learned geometric manifolds between known and unknown
categories in Figure 4. Interestingly, categories under the
same superclass exhibit tighter geometric manifold relation-
ships, suggesting that the learned geometric consistency fa-
cilitates effective knowledge transfer and robust novel-class
discovery under domain shifts.

Hyperparameter Sensitivity Analysis. We evaluate the
sensitivity of our framework to the trade-off coefficients λ1,
λ2, λ3, λ4, and λ5, which balance the different loss com-
ponents in the model. Experiments are conducted on the
DomainNet dataset, using Real as the known domain and
Painting as the unknown domain. As shown in Figure 5,
performance remains stable when these coefficients vary
within a reasonable range, indicating that our method is ro-
bust and not sensitive to hyperparameter selection.

Attention Map Visualization. To further examine
whether our model truly focuses on causal features, we
visualize the attention maps from the last layer of the ViT
backbone. For each input, we aggregate attention across all
heads and highlight the top 10% regions with the highest at-
tention values in red to indicate the most informative areas.
As shown in Figure 6, our CausalGCD primarily attends
to the foreground objects that are semantically relevant
to category identity, while ignoring background textures
and domain-specific artifacts. This demonstrates that our
causal learning framework effectively suppresses spurious
domain cues and emphasizes truly causal, category-relevant
features, leading to more robust and interpretable category
discovery.

5. Conclusion
This paper presents CausalGCD, a causal-theoretic frame-
work for robust category discovery under domain shifts.
CausalGCD explicitly models causal dependencies among
key variables through a counterfactual-based Causal De-
pendency Risk, for which we derive a theoretically com-
putable upper bound to guide optimization. In addition,
a Causal Geometric Manifold Constraint is introduced to
maintain geometric consistency between known and novel
categories, enabling more reliable discovery of unseen
classes. Experiments on DomainNet and SSB-C show that
CausalGCD surpasses state-of-the-art methods, achieving
higher clustering accuracy and cross-domain robustness.
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