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Abstract

Generalized Category Discovery (GCD) aims to identify
both known and novel classes from unlabeled data with
the aid of labeled examples. While promising, most exist-
ing GCD methods rely on simultaneous access to labeled
and unlabeled datasets—an assumption often impractical
in real-world deployments. Continual Category Discovery
(CCD) relaxes this requirement by adapting a pre-trained
model to streaming unlabeled data, yet it typically assumes
domain-consistent data distributions. This places a strong
limitation on its applicability. In this work, we study Open
Continual Category Discovery (OCCD), where the model
must robustly discover previously unseen concepts from
real-world data streams that may originate from heteroge-
neous and shifting domains. To address this, we propose an
adaptive framework built on three key ideas. First, we pro-
pose a weight-aware separation module, which leverages
partial unbalanced optimal transport for instance probabil-
ity modeling and employs binary response spectrum quan-
tization to generate cues for distinguishing known and un-
known categories, enabling automatic sample separation.
Second, for known categories, we introduce a cross-domain
semantic alignment module that incorporates adversarial
learning to perform adaptive prototype matching, thereby
enhancing robustness against domain shifts. Finally, for
unknown categories, we design a category topology consis-
tency constraint that preserves semantic relationships be-
tween known and novel classes during distribution shifts.
Experiments show our approach excels at discovering new
categories while maintaining strong performance on known
ones in evolving domains.

1. Introduction
The rapid advances of deep neural networks in computer
vision have significantly accelerated the deployment of AI
systems in real-world applications [9–14, 22, 24, 26, 27].
However, these successes largely rely on the closed-world
assumption, where models are trained and evaluated on a
fixed set of predefined categories [8, 15, 23, 43]. In con-

trast, real-world environments are inherently open, where
previously unseen categories may emerge during deploy-
ment. To bridge this gap, the task of Generalized Category
Discovery (GCD) has gained increasing attention [47, 49].
GCD aims to automatically identify both known and novel
categories from unlabeled data, by transferring knowledge
from a partially labeled dataset containing only known cat-
egories.

Despite notable progress in recent years, most existing
GCD methods require simultaneous access to both labeled
and unlabeled datasets during training. This assumption
limits their applicability in privacy-sensitive or decentral-
ized environments where such data access is infeasible. To
address this issue, a new paradigm called Continual Cate-
gory Discovery (CCD) has emerged [28, 35, 38, 51]. CCD
relaxes the data access constraint by assuming that the
model leverages a pretrained model to discover categories
from continuously arriving unlabeled data. This paradigm
shift makes CCD more suitable for real-world applications
involving continuous data streams and strict privacy con-
straints. While CCD alleviates the privacy concern, it still
assumes that labeled and unlabeled data originate from the
same domain. However, in many real-world scenarios,
incoming data streams may simultaneously contain novel
categories and arise from heterogeneous domain distribu-
tions—for example, medical images collected across dif-
ferent hospitals or street-view photos captured under vary-
ing weather conditions. Such shifts induce negative trans-
fer, severely degrading performance and impeding reliable
novel-category discovery.

To overcome the limitations of existing settings, we in-
troduce a more realistic and challenging paradigm termed
Open Continual Category Discovery (OCCD). OCCD re-
quires models to incrementally learn from streams of unla-
beled data that may simultaneously contain novel categories
and stem from unseen domains. This setting better reflects
real-world open environments. OCCD introduces several
core challenges. First, the model must maintain accurate
recognition of known categories despite distributional shifts
across domains. Second, it must effectively discover and
cluster novel categories relying solely on prior knowledge
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of known classes, under non-stationary and unlabeled data
streams. Notably, traditional unsupervised domain adapta-
tion (UDA) methods risk negative transfer by aligning dis-
tributions without considering unknown classes, causing se-
mantic drift. Likewise, CCD approaches assume stable dis-
tributions and struggle under domain shifts common in real-
world scenarios.

To address these challenges, we propose a novel adaptive
category discovery framework tailored to the OCCD set-
ting, comprising three key components: First, we propose
a weight-aware separation module (WSM) to automatically
distinguish known and unknown samples, thereby avoiding
incorrect alignments. It first employs partial unbalanced op-
timal transport (PUOT) to estimate instance probabilities.
Building on this, it then leverages response spectrum quan-
tization to extract informative cues for effective separation
by measuring multi-scale marginal transport probabilities.
Second, we propose a cross-domain semantic alignment
strategy that leverages adversarial learning to align known-
category prototypes, thereby improving the model’s robust-
ness to domain shifts in known class recognition. Third,
we propose a category topology consistency constraint that
explicitly preserves the relational structure between known
and unknown classes across domains, facilitating stable
semantic transitions and supporting reliable discovery of
novel categories. Our contributions can be summarized as
follows:
• We formally define and investigate the Open Continual

Category Discovery (OCCD) problem and introduce a
unified framework to address it.

• We design a three-part solution that includes a weight-
aware separation module, a cross-domain semantic align-
ment strategy, and a category topology consistency con-
straint, enabling robust category discovery under evolving
domain shifts.

• We conduct extensive experiments across multiple OCCD
benchmarks and show that our framework consistently
surpasses state-of-the-art baselines, achieving strong
novel-class discovery while maintaining reliable recogni-
tion of known categories in dynamic real-world settings.

2. Related Works
Domain Adaptation Domain Adaptation (DA) tackles
the distribution gap between source and target domains.
Early methods focused on learning domain-invariant fea-
tures via statistical alignment [33, 42] or parameter regu-
larization [40]. Adversarial approaches [1, 20] further im-
proved alignment but suffered from instability. To han-
dle real-world deployment, Test-Time Adaptation (TTA)
emerged as a paradigm that adapts models to target dis-
tributions without requiring access to source data during
inference. Typical methods fine-tune only specific com-
ponents (e.g., batch normalization layers) to avoid overfit-

ting. For example, TENT [45] adapts the model by min-
imizing prediction entropy via batch norm statistics up-
dates, while SHOT [31] freezes the feature extractor and
leverages entropy and diversity regularization to encour-
age confident and diverse target predictions. Continual
Test-Time Adaptation (CTTA) generalizes TTA to handle
continuously evolving target domains. CoTTA [48] intro-
duces a student–teacher framework that maintains predic-
tion consistency through temporal ensembling and selective
model updates. Building on this, RMT [5] combines sym-
metric cross-entropy and contrastive learning to improve
adaptation robustness and mitigate forgetting during long-
term deployment. Recently, Open-Set Source-free DA (OS-
SFDA) methods address scenarios with unseen classes and
no source data access, using entropy-based rejection [16]
or pseudo-labeling [34]. However, existing methods typi-
cally focus only on recognizing known classes, overlook-
ing the discovery of novel ones. In contrast, we target the
more challenging open-world setting with both domain and
category shifts, aiming to discover emerging classes while
preserving recognition of known ones.

Category Discovery Category discovery aims to organize
unlabeled data into semantically meaningful groups, often
with partial supervision. Novel Class Discovery (NCD)
[23, 52–54] focuses on clustering unlabeled samples from
novel classes by transferring knowledge from disjoint la-
beled classes, initially relying on self-supervised pretrain-
ing and ranking-based clustering objectives [23]. Later
works integrated multiple goals into end-to-end frameworks
for better clustering [11, 17, 21].

Generalized Category Discovery (GCD) extends NCD
by considering unlabeled data from both known and un-
known classes [7, 43, 47, 49], requiring joint discovery and
recognition. Early GCD methods adopted hybrid two-stage
pipelines combining supervised and self-supervised learn-
ing with semi-supervised clustering [43, 50], while recent
single-stage models apply entropy regularization and self-
distillation for end-to-end training [2, 7, 47, 49].

Continual Category Discovery (CCD) [28, 35, 38, 51]
further introduces sequentially arriving unlabeled data, re-
quiring models to learn emerging classes while retaining
prior knowledge. Without ground-truth labels, recent CCD
approaches use proxy anchors [28], prompts [4], or energy-
based mechanisms [38] to maintain the balance between
stability and plasticity. However, most still assume the data
stems from known domains, a limitation in realistic open
environments.

3. Methodology

Problem Formulation In the task of Open Continual Cat-
egory Discovery (OCCD), we are given an initial labelled
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Figure 1. The overall framework of our proposed method.

dataset Dl = {(xi, yi)}N
l

i=1 from a known domain TA,
where xi ∈ X denotes the i-th input sample and yi ∈ Yk

is the corresponding label from a known category set Yk.
This labelled set is used during the initial stage to learn
discriminative and transferable feature representations that
serve as the foundation for subsequent category discovery.
Over the course of T continual discovery stages, the model
sequentially receives unlabelled datasets Du

t = {xi}
Nu

t
i=1

(for t = 1, ..., T ), each containing samples drawn from a
mixture of previously known categories and emerging novel
categories. Importantly, these unlabelled data batches may
also originate from previously unseen domains TB , intro-
ducing distribution shifts across time.

The goal of OCCD is to train a model Hθ, parame-
terized by θ, such that it can: (1) automatically identify
and structure previously unseen categories from unlabelled
data (novel class discovery); (2) maintain robust recogni-
tion of previously learned categories over time, avoiding
catastrophic forgetting (known category retention); and (3)
effectively adapt to evolving data distributions while mit-
igating the negative effects of domain shifts (distribution
shift robustness). An overview of our framework is shown
in Fig. 1. We first pretrain the backbone on labeled base-
session data. During category discovery, a Weight-aware
Separation Module distinguishes known and novel samples.
For known classes, we enhance cross-domain robustness via
Cross-Domain Semantic Alignment. For unknown samples,
we impose a Category Topology Consistency Constraint to
preserve semantic relationships under distribution shifts, fa-
cilitating novel class discovery.

Base Session Supervised Pretraining In the base ses-
sion, given a labeled dataset Dl of known categories, we
initialize the model using supervised training. The model
consists of a feature extractor E and a prototype classifier
head F . Specifically, we adopt the cross-entropy loss to
pre-train the model and learn robust feature representations,
which serves as a foundation for subsequent category dis-
covery. The loss function is defined as:

Lce = − 1

|Dl|
∑

(xi,yi)∈Dl

yi log σ(F (E(xi))), (1)

where σ is the softmax function. Once the training is com-
pleted, the trained model is transferred to the next stage for
online continual category discovery.

Weight-Aware Separation Module (WSM) To effec-
tively distinguish unlabeled samples that belong to known
classes from those that originate from unknown categories,
we propose a novel two-stage framework, termed Weight-
Aware Separation Module (WSM). It includes two stages:
Instance Probability Modeling (IPM) to estimate class
membership probabilities, and Response Spectrum Quan-
tization (RSQ) to separate known and unknown category
instances.

Instance Probability Modeling (IPM) We first extract
feature representations zti = E(xt

i) for unlabeled samples
xt
i using the pretrained feature extractor E(·). Meanwhile,

the known class prototypes e are obtained from the proto-
type classifier of the previous stage. To establish the asso-
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ciation between unlabeled features and known class proto-
types, we propose a Partial Unbalanced Optimal Transport
(PUOT) framework, which infers the class membership of
each unlabeled instance:

min
πij≥0

JPUOT = ⟨U, π⟩+τ ·KL(π1Ckno∥a) s.t. π⊤1N = b,

(2)
where π ∈ RN×Ckno is the transport plan between a mini-
batch of N unlabeled samples and Ckno known proto-
types. a ∈ RN and b ∈ RCkno are uniform marginals
with ai = 1/N, bj = 1/Ckno. The cost matrix U is
defined as the pairwise cost between target features zt

and the corresponding class prototypes eo at the o-th it-

eration: Uij = eE(z
t
i ) ·

∥∥∥zti/∥zti∥ − e
(o)
j /∥e(o)j ∥

∥∥∥2
2
, with

entropy E(·) defined by softmax predictions: E(xt
i) =

−
∑|Ckno|

j=1 σ(F (E(xt
i)))[j] log σ(F (E(xt

i)))[j]. When the
entropy E(xt

i) is high, it reflects substantial model uncer-
tainty in assigning unlabeled samples to known categories.
The Kullback–Leibler divergence is formulated as: KL(x ∥
z) =

∑D
d=1 [xd log (xd/zd)− xd + zd]. τ is a tunable hy-

perparameter. Departing from traditional optimal transport,
we relax the marginal constraint associated with the target
distribution using the above KL penalty to accommodate
potential misalignments. To effectively optimize this re-
laxed objective, we begin by deriving the dual formulation
of the PUOT problem.

Dual Form and Optimization The PUOT objective in
Eq. 2 admits the following dual formulation:

min
f, g, ζ

τ N∑
i=1

ai exp

(
−fi + ζ

τ

)
−

Ckno∑
j=1

bj(gj − ζ)


s.t. fi + gj + sij = Uij , sij ≥ 0,

(3)
where f , g, s, and ζ are Lagrange multipliers, and sij is a
slack term. The non-negativity of sij follows from KKT
conditions. This leads to an equivalent transport formula-
tion with sample-level reweighting:

min
π≥0

⟨U, π⟩ s.t.
Ckno∑
j=1

πij = aie
− f∗

i +ζ∗

τ ,

N∑
i=1

πij = bj

(4)
The full proof is provided in the Appendix. This reveals
that the marginal probability associated with each unlabeled
sample xt

i becomes: qτ (x
t
i) = ai · exp (−(f∗

i + ζ∗)/τ) ,
which implicitly captures the uncertainty of assigning sam-
ples to known prototypes via the Lagrange multipliers f∗

i

and ζ∗. Note that it is not necessary to compute the full
transport matrix π ∈ RN×Ckno explicitly, which is often
computationally demanding. Instead, we aim to optimize

the Lagrange multipliers, reducing the complexity from
N · Ckno to N + Ckno.

To derive an efficient optimization strategy, we employ
the classical c-transform from optimal transport theory [32],
which provides an upper bound for the dual potential gj :
gj = infk∈[N ] (Ukj − fk) . Substituting this bound into the
dual formulation yields the final objective:

min
f ,ζ

τ N∑
i=1

aie
−fi+ζ

τ −
Ckno∑
j=1

(
inf

k∈[N ]
(Ukj − fk)− ζ

)
bj


(5)

This reformulation allows the PUOT optimization to be
conducted efficiently by focusing solely on the dual poten-
tials f and ζ. The full derivation and detailed optimization
steps are provided in Appendix.

Response Spectrum Quantization We observe that the
parameter τ in PUOT directly influences the marginal trans-
port probabilities of unlabeled samples. A larger τ tends to
assign higher weights to more unlabeled samples, thus in-
creasing their likelihood of being matched. However, the
lack of prior knowledge regarding the proportion of un-
known classes in the unlabeled data makes it non-trivial
to select an appropriate τ . To address this challenge, we
propose a novel Response Spectrum Quantization to iden-
tify unlabeled samples that are likely to belong to unknown
categories. Specifically, for each unlabeled sample xt, we
compute its marginal probability qτ (x

t) over a range of τ
values: τ ∈ {0.01, 0.05, 0.1, 0.5, 1, 5, 10}, and then col-
lect marginal probabilities as Q ∈ RN×7. This mech-
anism leverages the tendency of PUOT to assign higher
weights to unlabeled samples similar to known classes,
while down-weighting those likely from unknown cate-
gories. We can construct binary spectrum matrix as: Qij =

func(Qij − 1/N), where func(x) =

{
1 if x ≥ 0

0 otherwise
.

Then we perform K-means clustering on Q to obtain centers
C0, C1. Define: Cknown = max(∥C0∥2, ∥C1∥2), Cunknown =
min(∥C0∥2, ∥C1∥2). Each unlabeled sample is assigned to
the closest center. Samples nearer to Cunknown are labeled as
unknown (xt

unk), and the rest as known (xt
kno), forming the

final partition:xt = xt
unk ∪ xt

kno.

Cross-Domain Semantic Alignment (CDSA) After sep-
arating samples belonging to known categories, since these
samples may contain data from unknown domains. To alle-
viate domain distribution shift, we propose a Cross-Domain
Semantic Alignment (CDSA) module that explicitly mini-
mizes the distributional discrepancy between known-class
prototypes across domains. Specifically, we begin by ex-
tracting known-class prototypes Pl = [e

(l)
1 ; . . . ; e

(l)

Ckno ] from
the pretrained prototype classifier F . For the unlabeled data
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that are predicted to belong to known classes, inspired by
weighted k-means [31], we adopt a confidence-weighted
aggregation strategy to estimate class-wise prototypes Pu.
This approach accounts for each sample’s confidence with
respect to each class, resulting in more reliable prototype
estimation. The weighted prototype e

(u)
c for class c is com-

puted as: e
(u)
c =

∑N
i=1 pu

i,czi∑N
i=1 pu

i,c

, where zi denotes the feature

of the i-th sample and pui,c is its predicted probability of be-
longing to class c.

Next, We treat Pl as source-domain prototypes (labeled
as d = 0), and Pu as target-domain prototypes (labeled as
d = 1). Since the unlabeled known-class samples may in-
clude instances from unseen domains, their prototypes Pu

may exhibit domain-specific shifts away from the source
distribution. To align the prototype distributions across do-
mains, we employ adversarial learning. A simple CNN-
based discriminator D is used to distinguish whether a
prototype comes from the known source domain or target
domain. The discriminator is optimized using the binary
cross-entropy loss:

Ldis = −
∑
n

[d log p(n) + (1− d) log(1− p(n))] , (6)

where p(n) is the discriminator’s prediction for the n-th
prototype and d ∈ {0, 1} is its domain label.

We incorporate a Gradient Reversal Layer (GRL) [19]
to enable end-to-end adversarial training. While the dis-
criminator learns to differentiate the domain origin of pro-
totypes, the feature extractor is optimized to confuse the dis-
criminator. This promotes the learning of domain-invariant
representations. The adversarial objective is formulated as:
Ladv = maxP minD Ldis, where P denotes the prototype
set and D is the discriminator. By aligning class-wise pro-
totypes across domains in this manner, our framework ef-
fectively reduces domain-induced discrepancies in the fea-
ture space, facilitating better generalization on known cate-
gories.

Category Topology Consistency Constraint (CTCC)
To enhance the robustness of unknown class recognition
among unlabeled samples, we propose a category topology
consistency constraint. The core idea aligns with the orig-
inal motivation of GCD: leveraging the semantic relation-
ships between known and unknown classes to facilitate the
discovery of novel categories. We argue that such relational
topology should remain invariant under domain shifts. For
instance, a palm tree should be more similar to maple tree
than to a house, regardless of the domain. To this end, we
first expose the model to diverse styles through frequency-
based augmentation. Specifically, we pre-compute the am-
plitude information for each image xi in the training set
from the previous stage. We apply the Fast Fourier Trans-
form (FFT) to obtain its frequency-domain representation:

x̂i = F(xi), where F(·) denotes the FFT operator. We then
extract the corresponding amplitude spectrum Ai:

Ai(u, v) =
√

R2(x̂i(u, v)) + I2(x̂i(u, v)), (7)

where R(x̂i(u, v)) and I(x̂i(u, v)) denote the real and
imaginary parts of the frequency coefficient at spatial fre-
quency coordinate (u, v), respectively. We then estimate
the mean and variance of the amplitude spectrum across
the dataset: µA(u, v) = 1

N

∑N
i=1 Ai(u, v), σ

2
A(u, v) =

1
N

∑N
i=1 (Ai(u, v)− µA(u, v))

2
.

Given a unknown category sample xt
i,unk, we extract its

amplitude At
i and phase Pt

i , and perform a reparameterized
AdaIN-style transformation [25] to augment the amplitude:

Ãt
i(u, v) = γ(u, v) · A

t
i(u, v)− µ(At

i)

σ(At
i)

+ β(u, v),

β(u, v) = µA(u, v) + ϵµ · σA(u, v),

γ(u, v) = σA(u, v) + ϵσ · σA(u, v)

(8)

where ϵµ, ϵσ ∼ N (0, 1). The stylized image is recon-
structed via inverse Fourier transform: x̂t

i,unk = Ãt
i ·

ejP
t
i , x̂t

i,unk = F−1(x̂t
i,unk). Next, we extract the feature

representations of both the original and style-transferred un-
known category images, denoted as zti,unk = f(xt

i,unk) and

ẑti,unk = f(x̂t
i,unk), respectively. Let Pl = [e

(l)
1 ; . . . ; e

(l)

Ckno ]
denote the set of known class prototypes, we compute the
pairwise distances between the sample and each prototype:
ŵi,c = ∥ẑti,unk − e

(l)
c ∥2, wi,c = ∥zti,unk − e

(l)
c ∥2. These

distances define a sample-specific class-relation topology
graph, characterizing the relative positioning of the sample
to known semantic centers under different augmentations.

To enforce topological consistency, we minimize the dis-
crepancy between the two graphs by comparing the sim-
ilarity distributions across augmentations. Following the
Gaussian potential-based formulation, we define the cate-
gory topology consistency loss as:

Ltopo =
1

Nu

Nu∑
i=1

log

(
1

Ckno

∑
c

exp
(
−m(ŵi,c − wi,c)

2
))

,

(9)
where Nu is the number of unlabeled samples, Ckno de-
notes the number of known classes from the previous stage,
and m = 2 is a fixed parameter. This loss encourages the
model to preserve the relative similarity structure between
unknown classes and known classes across different views,
providing a structure-aware regularization signal.

Clustering Objective Following prior work [38], we
adopt a pseudo-labeling strategy to facilitate label assign-
ment in the absence of true annotations. For data sam-
ples from known categories—where the model has al-
ready acquired reliable semantic knowledge during earlier
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stages—we directly leverage the predictions from the pre-
vious model checkpoint to assign pseudo-labels. For sam-
ples from previously unseen categories, which do not cor-
respond to any known class, we apply Affinity Propagation
[18] to automatically infer cluster memberships. As a non-
parametric clustering algorithm, affinity propagation esti-
mates the optimal number of clusters by passing messages
between samples based on pairwise similarity, making it
particularly suitable for the open-world setting where the
number of novel classes is unknown.

The resulting number of clusters is then used to dynami-
cally expand the online classifier, allowing it to incorporate
newly emerging categories. During online learning, we up-
date the model incrementally using a standard cross-entropy
loss over the combined pseudo-labeled known and novel
samples, enabling continual acquisition of novel semantic
knowledge without revisiting prior data. The overall op-
timization objective of our method is given by: Ltotal =
Lce +λ1Ladv +λ2Ltopo, where λ1 and λ2 are balancing hy-
perparameters.

4. Experiments

4.1. Experimental Setup

Datasets. We conduct extensive experiments on two rep-
resentative benchmarks: Corrupted Semantic Shift Bench-
mark (SSB-C) [46] and DomainNet [39]. The SSB-C
benchmark is an extension of the original Semantic Shift
Benchmark (SSB), which comprises three fine-grained
datasets—CUB [44], Stanford Cars [29], and FGVC-
Aircraft [36]. To simulate distribution shifts, SSB-C intro-
duces nine corruption types applied to the original images
in SSB, each at five severity levels, forming a challenging
testbed for evaluating model robustness under both seman-
tic and visual perturbations. DomainNet is a large-scale,
real-world benchmark featuring approximately 600,000 im-
ages across 345 categories spanning six diverse domains:
Real, Clipart, Infograph, Painting, Quickdraw, and Sketch.
Following the protocol of [46], we designate the Real do-
main as the known source domain TA and treat each re-
maining domain as an unknown target domain TB . In this
setup, each stage samples data from a single target domain,
while the appendix also reports results for a mixed-target
setting where all target domains are combined for sampling.
For SSB-C, we adopt a similar configuration: the clean ver-
sion of each dataset serves as TA, and its corrupted coun-
terpart serves as TB . Additionally, a domain-incremental
setting—where each stage introduces samples from a dif-
ferent domain—is included in the appendix. For category
partitioning, we follow the setup in [4]. Specifically, the
model is pre-trained on labeled samples from middle-level
categories in the known domain during the initial stage. In
subsequent discovery stages, both known and novel samples

from TA and TB are progressively introduced. Detailed data
splits are summarized in the appendix.

Implementation Details and Evaluation Metrics. For
all experiments, we use a ViT-B/16 backbone [6] pretrained
with DINO [3, 37]. Following [38, 49], we fine-tune the fi-
nal block using SGD for 50 epochs per stage with a batch
size of 128. The learning rate is initialized at 0.1 and de-
cayed to 0.0001 via cosine annealing, and weight decay is
set to 5 × 10−5. Hyperparameters λ1 and λ2 are set to 1,
and the number of stages T is set to 3 (see Appendix for sen-
sitivity analysis). All experiments are repeated three times
with different random seeds, and we report averaged results.
Models are implemented in PyTorch and trained on eight
NVIDIA RTX 4090 GPUs.

For evaluation, we adopt clustering accuracy (ACC)
as the primary metric. Following prior work [43,
46], we compute the optimal label assignment us-
ing the Hungarian algorithm [30] and define ACC =

maxg∈G(YU )
1

|Du
t |
∑|Du

t |
i=1 ⊮{yi = g(ŷi)}. To evaluate con-

tinual discovery performance, we also report continual clus-
tering accuracy (cACC) [4] across streaming sessions, in-
cluding accuracy on All, Old, and New classes for both
known and unknown domains.

4.2. Comparison with Other SOTA Algorithms
We compare our approach with several representative
CCD methods, including: Grow & Merge (G&M) [51];
PromptCCD [4]; PA-CGCD [28]; DEAN [38]. In addition,
we re-implement several GCD methods to adapt them for
the continual discovery setting: GCD [43]; SimGCD [49];
SPTNet [47]. Furthermore, we also include a comparison
with HiLo [46], a recent method designed to handle dis-
tribution shifts in GCD. As shown in Table 1 and Table 2,
when the unlabeled data stream contains domain shifts, both
existing GCD and CCD methods suffer a significant per-
formance degradation. Their clustering accuracy drops no-
tably across both known and novel classes. This demon-
strates that distribution mismatch significantly hampers the
model’s ability to discover novel categories and recognize
known ones. While HiLo alleviates the shift to some extent,
its improvement remains limited. We suspect this is due
to the complexity of online data streams—its patch-mixing
augmentation may inadvertently introduce semantic noise,
thus destabilizing convergence and impairing representation
learning. In contrast, our approach achieves significant per-
formance gains across all datasets. For example, on the
CUB-C dataset, our model outperforms the state-of-the-art
CCD method PromptCCD by 22.8% in accuracy on all cate-
gories in the original domain, and by 19.8% in the corrupted
domain. This demonstrates the robustness of our method
in identifying both known and unknown classes under con-
tinuous data streams. Moreover, on the more challenging
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Table 1. Clustering performance on DomainNet benchmark. We use Real as the known domain TA and each of the remaining domains as
the unknown domain TB . We report the average All / Old / New accuracy across all stages for both domains.

Method
Real → Painting Real → Sketch Real → Quickdraw Real → Clipart Real → Infograph

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

GCD 51.3 67.2 45.4 27.4 26.7 28.1 52.3 65.7 41.7 9.2 14.5 10.1 38.7 56.2 29.6 5.0 4.7 5.8 46.7 65.7 40.1 14.5 21.2 10.1 39.8 55.3 32.4 8.1 9.8 6.4
SimGCD 48.4 63.9 41.3 22.6 22.4 23.5 48.5 60.2 36.5 7.2 11.3 9.2 32.4 50.3 23.5 4.2 4.0 5.1 40.2 58.8 33.5 10.3 18.8 8.2 33.6 49.2 27.8 6.7 7.8 5.2
SPTNet 49.8 64.5 42.5 24.1 23.5 24.3 49.9 62.3 37.8 7.9 11.7 9.6 34.8 52.6 24.8 4.9 4.6 5.5 43.1 60.3 35.9 11.6 19.3 8.9 35.9 51.4 29.8 7.2 8.0 5.9
HiLo 56.1 70.9 49.2 31.0 31.8 30.8 55.7 71.3 47.2 13.1 17.2 12.4 43.9 61.2 35.4 5.9 5.5 6.7 55.4 70.8 48.1 18.2 25.1 13.0 49.4 65.2 42.1 9.8 12.5 8.1
G&M 47.1 62.3 41.2 26.3 25.5 26.2 48.9 63.4 42.3 10.9 15.1 10.5 34.1 50.2 27.3 3.5 4.1 5.2 40.3 61.1 34.2 12.3 19.2 8.8 32.4 50.1 27.6 7.5 9.2 5.5
PA-CGCD 55.4 70.3 48.1 30.1 30.8 30.2 55.1 70.7 46.6 12.3 16.1 11.2 43.6 60.4 34.2 5.1 5.0 6.0 52.2 70.3 44.6 17.8 24.5 12.3 45.2 61.3 38.1 9.0 11.8 7.1
DEAN 56.0 71.7 47.9 32.8 34.4 31.5 56.7 71.5 47.6 12.9 16.8 11.2 43.6 60.4 34.2 5.1 5.0 6.1 55.1 72.7 47,5 20.3 26.7 15.0 46.7 62.3 40.8 9.5 12.5 7.9
PromptCCD 56.5 71.2 50.3 31.5 32.1 31.2 57.4 73.6 48.6 13.4 17.7 12.1 45.2 62.3 36.7 5.8 5.1 6.5 54.1 71.2 46.7 19.8 26.1 14.4 47.1 63.1 40.2 9.2 12.2 7.8
Ours 60.2 73.3 54.2 38.9 38.5 37.7 59.3 73.4 50.2 16.3 19.3 15.2 53.5 73.1 48.9 6.9 6.2 7.1 57.4 72.5 50.7 23.5 29.8 18.6 59.3 73.5 52.1 10.7 13.3 9.2

Table 2. Clustering performance on SSB-C benchmarks. Each dataset contains both Original and Corrupted settings, and we report the
average All / Old / New accuracy across all stages for both domains.

Method
CUB-C Stanford Cars-C FGVC-Aircraft-C

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

GCD 29.4 47.7 23.4 26.8 45.9 20.1 26.4 56.1 21.5 22.3 43.1 11.2 27.7 33.6 24.9 28.8 41.4 28.8
SimGCD 26.6 44.5 21.0 23.4 42.4 17.7 23.1 52.5 18.9 19.3 39.7 9.8 25.4 30.1 22.1 25.2 38.1 25.8
SPTNet 27.8 45.2 22.0 25.1 44.2 18.1 24.9 55.0 20.3 21.1 41.6 9.9 26.1 31.2 23.3 26.9 39.5 26.7
HiLo 32.3 50.6 27.5 28.1 48.1 22.3 30.5 58.8 25.2 25.7 46.8 13.4 32.9 37.1 28.4 33.8 45.6 32.1
G&M 16.4 34.1 10.5 13.7 32.1 7.7 15.7 43.8 12.3 11.4 30.5 6.7 20.5 24.8 17.9 21.6 32.7 22.3
PA-CGCD 28.3 46.5 22.7 25.4 44.7 18.4 25.2 55.1 20.9 21.2 41.5 10.2 26.4 31.4 23.7 27.8 40.1 27.2
DEAN 28.9 47.1 23.0 26.3 46.2 18.2 26.1 58.1 19.4 22.1 41.2 12.9 28.1 32.8 28.9 29.1 40.1 30.3
PromptCCD 30.1 48.1 24.5 27.4 46.1 20.3 27.4 57.4 22.1 23.1 44.4 11.4 29.9 34.5 26.4 30.3 42.9 29.9
Ours 52.9 68.8 47.1 47.2 64.4 40.4 40.1 62.3 32.4 35.5 59.8 25.6 43.3 52.3 42.2 38.9 49.5 37.9

Table 3. Ablation study of different components on Real → Paint-
ing. We report clustering performance for both domains under dif-
ferent component settings.

Components Real Painting

WSM CDSA CTCC All Old New All Old New

✗ ✗ ✗ 54.6 68.7 46.5 28.7 28.1 27.9
✓ ✓ ✗ 57.7 72.2 49.2 34.1 35.4 31.9
✓ ✗ ✓ 57.1 70.4 52.0 32.8 31.3 34.8
✓ ✓ ✓ 60.2 73.3 54.2 38.9 38.5 37.7

DomainNet benchmark, our method again delivers strong
performance. For the ‘Real’ and ‘Painting’ domain pair, we
observe similar improvements—3.7% and 7.4% gains in ac-
curacy on all categories over PromptCCD in the respective
domains. These results further highlight the practical adapt-
ability of our method in open-world continual learning sce-
narios.

4.3. Analysis and Ablation Study

Component Effectiveness Analysis. We conduct abla-
tion studies to assess the contribution of each module in
our framework. The baseline refers to assigning cluster
labels directly to samples without any auxiliary compo-
nents. As shown in Table 3, the baseline performs poorly,
highlighting the detrimental impact of distribution shift on

Figure 2. Visualization of relationships between known and dis-
covered categories. Pairwise prototype similarities reveal that cat-
egories within the same super-class exhibit stronger relationships,
indicating stable semantic structure across domains and support-
ing reliable novel category discovery.

clustering. Incorporating the WSM module for class sep-
aration and adding the CDSA module significantly im-
proves recognition accuracy for known classes, demonstrat-
ing their effectiveness in aligning known category distribu-
tions and mitigating forgetting in continual learning. Fur-
ther introducing the CTCC module yields notable gains in
novel category discovery, indicating that enforcing cross-
domain category-level topological consistency enables ro-
bust modeling of semantic relations between known and
unknown classes. We further visualize the relationships be-
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tween known and newly discovered categories. As shown
in Fig. 2, these semantic structures remain stable across
domains, and categories belonging to the same super-class
exhibit stronger inter-class relationships in the embedding
space. This demonstrates the model’s ability to transfer re-
lational knowledge across domains, enabling more reliable
discovery of novel categories.

Figure 3. Visualization of the weight-aware separation results on
200 unlabeled CUB-C samples, where 40% or 60% of the samples
are from unknown categories. We apply Instance Probability Mod-
eling to estimate sample-level weights and construct the response
matrix Q, which facilitates the separation of known and unknown
samples.

Table 4. Ablation study on separation strategy.

Method Real Painting
All Old New All Old New

entropy-based 54.9 69.1 46.9 29.4 28.8 28.3
energy-based 55.6 69.7 47.8 30.1 28.9 29.4
Ours 60.2 73.3 54.2 38.9 38.5 37.7

Effectiveness of the Separation Module. We also con-
duct a dedicated analysis on the effectiveness of our pro-
posed separation module. Specifically, we compare our
PUOT-based weight-aware separation strategy with two al-
ternative baselines: (1) an entropy-based separation [41],
and (2) an energy-based separation method [38]. As shown
in Table 4, our method consistently outperforms these base-
lines. The proposed PUOT relaxes the rigid alignment con-
straint, enabling a more flexible and accurate partitioning
of unlabelled samples. By measuring multi-scale marginal
probabilities, it better adapts to partially mismatched dis-
tributions, leading to improved clustering performance for

both known and novel categories. Furthermore, as illus-
trated in Fig. 3, the value of Q for unknown class samples
are notably lower, allowing them to be easily distinguished.
This indicates that our method is capable of adapting to
varying proportions of unknown class samples, even in the
absence of any prior knowledge.

Figure 4. Sensitivity analysis of key hyperparameters.

Hyperparameter Sensitivity Analysis. To evaluate the
robustness of our method with respect to the loss-balancing
coefficients λ1 and λ2, we perform a sensitivity study on
DomainNet using Real as the known domain and Painting
as the unknown domain (Figure 4). We systematically vary
both coefficients and report clustering accuracies for all,
old, and new classes. When both coefficients are set to zero,
performance drops markedly, confirming the necessity of
the corresponding components. In contrast, assigning non-
zero values within a reasonable range yields consistently
stable and high accuracy across category types. Overall, the
results demonstrate that our method is largely insensitive to
the specific choices of λ1 and λ2, highlighting its robustness
to hyperparameter variations.

5. Conclusion
In this paper, we tackle the challenging Open Contin-
ual Category Discovery (OCCD) task by proposing a
robust framework composed of three key modules. The
Weight-aware Separation Module enables automatic dif-
ferentiation of known and unknown samples via partial
unbalanced optimal transport and response spectrum
quantization. The Cross-Domain Semantic Alignment
module ensures reliable prototype matching for known
classes under domain shifts, while the Category Topol-
ogy Consistency Constraint (CTCC) preserves semantic
relations for unknown class discovery. Extensive ex-
periments demonstrate that our approach effectively
discovers novel categories while maintaining strong
performance on known classes across evolving domains.
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