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ABSTRACT

Generalized Category Discovery (GCD) aims to leverage labeled data to learn
clustering-friendly representations for unlabeled data. Among existing ap-
proaches, self-supervised contrastive learning (CL) is the most widely adopted,
typically optimizing two objectives: consistency and uniformity. How-
ever, we observe an inherent tension between these objectives—while uniformity
encourages a uniform distribution across the feature space, it can conflict with the
goal of learning class-discriminative representations. To address this, we propose
a two-stage framework that disentangles feature learning from self-contrastive
objectives to better capture category concepts and represent auxiliary unlabeled
data. In the first stage, the model constructs visual representations anchored
to known category prototypes while reinforcing semantic links between labeled
classes. The second stage extends this representation space to discover novel cat-
egories using a consistency objective combined with specifically designed regular-
ization. Moreover, we introduce a novel Semantic Exploration Energy
mechanism to capture shared semantics across categories, thereby mitigating
the information loss caused by prototype orthogonalization. The proposed frame-
work—Consistency and Unified Semantic Regularization (CURE)—retains the
consistency objective and enhances it with semantic energy regularization. Our
CURE achieves state-of-the-art performance across multiple benchmarks and sig-
nificantly alleviates performance imbalance between known and novel classes.

1 INTRODUCTION

While supervised learning has demonstrated outstanding performance across a wide range of tasks,
its success often comes at the cost of substantial data annotation efforts. This limitation has sparked
increasing interest in weakly supervised approaches (Chen et al., 2020; He et al., 2020), which
seek to reduce dependence on labeled data without sacrificing effectiveness. Within this context,
Generalized Category Discovery (GCD) (Vaze et al., 2022a) has emerged as a promising paradigm
that aims to learn category-level semantics from labeled data and leverage them to represent and
cluster unlabeled data in a more scalable and practical manner.

CL has emerged as the most popular strategy for learning representations usable in GCD tasks.
Broadly, existing methods either refine CL objectives (Rastegar et al., 2025; Choi et al., 2024) or
enhance parametric modeling through prototype-based approaches (Wang et al., 2024; Ma et al.,
2025; Zhang et al., 2023). A recent theoretical analysis (Wang & Isola, 2020) decomposes CL (Gut-
mann & Hyvärinen, 2010) into two fundamental components: consistency, which encourages
invariance across augmented views, and uniformity, which spreads features uniformly on the
hypersphere. While consistency is beneficial for GCD by promoting stable view-invariant represen-
tations, the uniformity pressure may weaken the natural density structure required for reliable class
discovery, thereby limiting clustering performance.

Beyond the effect of uniformity, CL also encounters structural challenges that are particularly pro-
nounced in GCD. Since InfoNCE treats all other samples as negatives, CL inherently suffers from
false negatives or class collisions, where semantically similar samples are inadvertently pushed apart
Huang et al. (2023). This behavior directly conflicts with the objective of forming compact clusters
from unlabeled data. Moreover, CL typically relies on extremely large batch sizes or cross-batch
feature queues to stabilize optimization and prevent representation collapse. However, these re-
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 Uniformity of
unsupervised 

contrastive
 learning Clusters2Prototypes

Consistency

Average similarity bewteen prototypes and centroids

Average similarity bewteen prototypes and features

Average similarity bewteen centroids and features

Method
CUB CIFAR100

All Old New All Old New

w/o CL 60.2 62.3 59.2 78.7 80.0 76.3
w/o CL, resampling 61.8 70.9 57.3 78.4 78.9 77.3
CL of visual feature 59.5 51.1 58.7 77.8 81.9 69.7
SimGCD(original) 60.3 65.6 57.7 80.1 81.2 77.8

Figure 1: CURE addresses the uniformity bias of contrastive learning by propagating semantics
from labeled prototypes to unlabeled features. Through a Cluster-to-Prototypes mechanism, it aligns
centroids with prototypes, improving both semantic transfer and clustering performance.

quirements pose significant challenges in GCD settings, where ViT-based models and limited GPU
memory inherently restrict batch sizes.

Addressing the limitations imposed by uniformity remains a significant challenge in CL, as the
outright removal of uniformity constraints often leads to representation collapse. To mitigate this
issue, prior studies (Rastegar et al., 2025; Choi et al., 2024) have proposed relaxed formulations that
balance the uniformity constraint with representation stability. Diverging from these approaches,
we adopt a fundamentally different strategy: discarding the uniformity constraint and instead di-
rectly optimizing the semantic structure via a novel regularization method aimed at enhancing class-
discriminative representations.

In the context of GCD, achieving class-discriminative representations hinges on effectively leverag-
ing the semantic continuity between known and novel classes. However, commonly used one-hot
supervision tends to overlook the intrinsic affinities between class prototypes, enforcing strict sep-
arability (Marino et al., 2017; Yang et al., 2022). This approach fragments the semantic space and
hinders generalization to novel classes.

To alleviate the semantic discontinuity that arises in supervised objective, we reinterpret class proto-
types as semantic attractors, rather than as orthogonal anchors typically emphasized in prior work.
As illustrated in Figure 1, this perspective facilitates the structuring of the feature space, wherein
soft alignment and energy-based regularization are employed to preserve and propagate semantic
relationships across both labeled and unlabeled data.

Our framework unfolds in two stages. In the first stage, we utilize labeled data to construct a seman-
tic topology among known class prototypes, where their relative positions reflect natural inter-class
affinities. Instead of enforcing orthogonality, we encourage a soft relational encoding that captures
nuanced semantic relationships. In the second stage, we guide the representation learning of unla-
beled data by aligning them with the expanded prototype structure. By integrating structure-aware
semantic exploration energy with consistency constraints, our method ensures semantic coherence
across labeled and unlabeled domains. This design mitigates prototype fragmentation and presents
a more flexible alternative to conventional contrastive uniformity assumptions.

Our main contributions are summarized as follows:

• We present CURE, the first GCD framework that eliminates the need for negative-sample-
driven uniformity and learns representations purely from positive consistency and semantic
clustering. Instead of uniformity, CURE builds representations solely through consistency
regularization and semantic structuring.

• We propose a learnable semantic regularizer that preserves inter-class relations inferred
from labeled data, encouraging coherent feature distributions and preventing prototype
fragmentation. This is achieved via a C2P alignment that exchanges the class-level topol-
ogy and instance-level representations learned by SEE, thereby enhancing semantic con-
sistency and generalization to novel classes.

• We redesign the GCD training logic that prioritizes structured learning from labeled data
via the proposed LGCS, which captures class-level semantics and instance representations
by aligning features with prototypes in a shared space, preserving inter-class affinities with-
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out orthogonality. This foundation enables accurate cluster inference on unlabeled data,
facilitating robust C2P alignment and subsequent joint optimization over all data.

The proposed two-stage CURE framework represents a paradigm shift in GCD, introducing a
structure-aware methodology rooted in consistency and semantic alignment rather than relying on
CL. Extensive experiments conducted across seven public benchmarks demonstrate the efficacy of
CURE, highlighting its ability to preserve discrimination among previously learned classes while
significantly enhancing the discovery of novel ones.

2 RELATED WORK

2.1 CONTRASTIVE LEARNING

Contrastive learning distinguishes between similar and dissimilar data by constructing positive and
negative sample pairs, thereby learning discriminative feature representations. SimCLR Chen et al.
(2020) and SupCon Khosla et al. (2020) adopt the InfoNCE Gutmann & Hyvärinen (2010) loss,
which treats all other samples as negatives. This design relies on a large number of negative exam-
ples to avoid feature collapse, and in practice often requires very large batch sizes, placing a heavy
burden on memory and computation. MoCo He et al. (2020) addresses this issue by introducing a
cross-batch feature queue maintained by a momentum encoder, allowing the model to access a rich
set of negatives even under relatively small batch sizes.

Although contrastive learning performs well in unsupervised learning, it has inherent limitations in
clustering and category discovery tasks. InfoNCE Gutmann & Hyvärinen (2010) induces false neg-
atives/class collision issues, where semantically similar or even identical samples are erroneously
pushed apart during training, thereby disrupting cluster structures. This behavior breaks the underly-
ing cluster structure and degrades the quality of the learned representation. SCE Denize et al. (2023)
and ProPos Huang et al. (2023) have highlighted class collision as a key factor behind the poor
clustering behavior of contrastive objectives. In GCD settings, this issue becomes even more severe,
which makes it particularly important to explore new paradigms that no longer rely on standard
contrastive learning.

2.2 DEEP CLUSTERING

Deep clustering (Caron et al., 2018; 2019) aims to jointly learn representations and clustering assign-
ments under fully unsupervised settings. Unlike traditional clustering methods (MacQueen, 1967;
Law et al., 2017), which operate directly in the original space, deep clustering leverages neural
networks to project high-dimensional data into a latent space that is more amenable to clustering.

A typical deep clustering framework consists of two key components: representation learning
(Krizhevsky et al., 2012; He et al., 2016) and clustering (MacQueen, 1967). Reconstruction-based
methods (Zhou et al., 2018; Mukherjee et al., 2019; Yang et al., 2023) are widely used to keep
the input information while adding constraints to the latent space. For example, Deep Embedded
Clustering (Xie et al., 2016) updates cluster assignments by minimizing the Kullback–Leibler (KL)
divergence between the soft assignments and a target distribution. DeepCluster (Caron et al., 2018)
alternates between clustering and supervised training with pseudo labels, so that both the features
and the clusters are improved step by step.

Recent works further add contrastive learning (Ji et al., 2019), multi-view consistency (Van Gans-
beke et al., 2020; Huang et al., 2020), and optimal-transport-based pseudo labeling (Asano et al.,
2020) to improve cluster compactness and semantic separation. However, because they do not use
any human-defined semantic signals, purely unsupervised models often fail to produce clusters that
are easy to interpret or align well with human concepts. semantically meaningful clusters.

2.3 CATEGORY DISCOVERY

Category discovery transfers knowledge from human-labeled data to unlabeled data. In early work
on New Category Discovery (NCD) (Han et al., 2022), the problem was formulated as pairwise
relation predicted task, focusing on distinguishing whether a pair of samples belong to the same
class (Hsu et al., 2019; Hsu & Kira, 2016; Zhao & Han, 2021).
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Figure 2: Overview of the proposed CURE approach. The training process is divided into two
stages. Stage I initializes the semantic space by aligning labeled features with class prototypes while
regularizing the structure using energy-based entropy. Stage II consists of two submodules: (1).
prototype estimation via clustering, and (2). objective optimization that incorporates a virtual bias-
aware entropy regularization and a JS-based consistency constraint. The two-stage design allows
the model to gradually explore the semantic structure and mitigate local collapse.

A paradigm shift was introduced by UNO (Fini et al., 2021), which unified classifation and cluster-
ing by training on pseudo labels generated via the SK algorithm (Asano et al., 2020; Cuturi, 2013).
This marked the transition from pairwise modeling to more structured pseudo-supervision.

However, the NCD setting assumes that unlabeled data exclusively contains novel classes, which
limits its applicability in real-world scenarios. Generalized Category Discovery (GCD) (Vaze et al.,
2022a) addresses this limitation by relaxing the disjointness assumption and proposing a unified
training strategy that combines supervised and unsupervised CL. GCD has since emerged as the
dominant paradigm in this area, enabling joint optimization over known and unknown classes in a
more realistic open-world setting (Pu et al., 2023; Choi et al., 2024; Rastegar et al., 2024).

Among recent methods, SimGCD (Wen et al., 2023) applies prototypical learning using pseudo-
labels to enhance clusterability in the representation space, drawing inspiration from UNO’s pseudo-
supervised formulation. Building on this, parametric methods (Chiaroni et al., 2023; Vaze et al.,
2023; Zhao et al., 2023; Liu & Han, 2025; Cao et al., 2024) have advanced the field by introducing
more structured objectives, semantic prototypes, and regularization strategies that improve both
representation discriminability and clustering robustness.

3 METHOD

3.1 PROBLEM DEFINITION

Let the training set D consist of a labeled subset Dl = {(xi, yi)}Nl
i=1 and an unlabeled subset Du =

{xj}Nu
j=1. The labeled subset is drawn from a known class set Cl, i.e., yi ∈ Cl. The unlabeled subset

contains samples from both Cl and unknown classes Cu, where Cl ∩ Cu = ∅. The complete class
space is defined as C = Cl∪Cu. Each instance xi is encoded by the backbone into the representation
vi ∈ Rd. ℓ2 normalization is applied to vi.

3.2 OVERVIEW

The core objective of the CURE is to mitigate the adverse effects of representation uniformity typ-
ically induced by CL. To achieve this, the framework adopts a two-stage design, as illustrated in
Figure 2, which integrates a novel consistency regularization mechanism along with constraints on
semantic structurality. Specifically, Stage I encodes semantic priors by aligning features with known
prototypes under supervised guidance. Subsequently, Stage II progressively expands the prototype
space to capture novel semantic structures through the combination of structure-aware clustering,
bias-adjusted consistency regularization, and semantic alignment techniques.
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3.3 SEMANTIC EXPLORATION ENERGY

In supervised learning settings (Chiaroni et al., 2023; Vaze et al., 2023; Zhao et al., 2023), cross-
entropy loss is commonly employed to optimize the model under one-hot label supervision, encour-
aging the formation of feature-separable prototypes. But this type of training slowly pushes class
prototypes toward being orthogonal. As a result, the prototype space can break into many separate
parts, and the global semantic structure becomes weak. This problem is more serious in the GCD
setting, where new classes need to stay close to known classes in the semantic space so that the
model can align and recognize them.

To address this issue, we introduce a soft regularizer termed Semantic Exploration Energy (SEE).
Specifically, let P = {µ1, µ2, . . . , µM} denote the set of M prototypes. The pairwise cosine simi-
larity is given by Sij = cos(µi, µj), and the energy is defined as:

E =
1

M − 1

∑
i<j

(1− Sij)
2 =

1

M − 1
∥1M − S∥2F . (1)

A large value of E means that prototypes have weak semantic links, while a smaller value lets them
overlap in a soft way and share common concepts.

We then use a smooth and differentiable penalty to keep semantic cohesion:

RSE = log (1 + exp (E − ϵ)) , (2)

where ϵ controls how spread out the prototypes are allowed to be. When E > ϵ, this term adds
a larger penalty, and the effect is similar to a soft ReLU. In this way, SEE does not force strict
orthogonality. It instead gives flexible control and supports the discovery of new classes around
existing semantics, even when the supervision is weak.

Theoretically, the regularizer above encourages prototypes to lie on a manifold with low tension,
so that the model can move smoothly from known regions to unknown ones in the semantic space.
But SEE acts only on prototype–prototype relations. It makes class centers semantically connected,
yet it does not directly make sure that this global structure appears in the feature space. In practice,
the softmax classifier is a local smooth version of the argmax rule, and it may not pass prototype
relations down to feature representations. This gap leads to the next part of our framework, which
we call label-guided concept structure, whose goal is to connect global prototype exploration with
local feature alignment.

3.4 LABEL-GUIDED CONCEPT STRUCTURE

Based on the semantic links given by SEE, we next ensure that the relationships between prototypes
are transferred into the feature space. The cross-entropy loss on labeled data does push the model
to learn discriminative features, and it updates the prototype set P by minimizing the empirical
classification risk:

P∗ = argmin
P

E(x,y)∼Dl

[
− log

exp(p⊤
y f(x))∑

j exp(p
⊤
j f(x))

]
. (3)

This objective drives each prototype pj to increase its dot-product similarity with features from its
own class. Once converged, the learned classifier approximates the optimal decision function by:

argmax
j

p⊤
j f(x) = argmax

j
log p(y = j|x), (4)

where p(y = j|x) is the posterior probability from the softmax layer. In short, the classifier gives a
smooth version of the argmax boundary and behaves almost linearly near class changes.

This process works well for local discrimination, but it does not by itself spread the semantic rela-
tions found by SEE to all features. To close this gap, we design a prototype–feature alignment term
in a shared semantic space. Let Φ(·) be an MLP projection applied to both prototypes and sample
features. For a sample feature vi, we get a projected feature zi = Φ(vi). The alignment loss has two
parts: self-to-prototype alignment and class-aware alignment. For each labeled feature zi, we push
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it toward its own semantic prototype and also toward other features zj in the same class:

Lself
align =

−1

|B|

|B|∑
i=1

log

(
exp

(
z⊤i Φ(uyi

)/τ
)

Zi

)
, Lclass

align =
−1

|B||Ni|

|B|∑
i=1

∑
j∈Ni

log

(
exp

(
z⊤i zj/τ

)
Zi

)
,

(5)
where uyi

is the prototype of the ground-truth class, τ is a temperature, and N i is the set of samples
in the batch that share the same label as sample i. The normalizer sums over both prototypes and
nearby features:

Zi =

|B|∑
j=1

exp
(
z⊤i zj/τ

)
+ exp

(
z⊤i Φ(uyi

)/τ
)
. (6)

The final alignment objective is defined as a weighted combination:
Lalign = αLself

align + (1− α)Lclass
align, (7)

which encourages prototypes to serve as global semantic anchors aligned with both sample-level
features and class-level distributions.

The Stage-I training loss thus becomes:
Lstage-I = LCE + Lalign +Rl

SE, (8)
where Rl

SE denotes the SEE regularizer applied on labeled prototypes. Together, SEE and LGCS
form a two-level semantic regularization scheme: SEE preserves global prototype connectivity,
while LGCS ensures that such connectivity is faithfully propagated to the feature space, establishing
a coherent and unified semantic structure for category discovery.

3.5 STRUCTURE-GUIDED SEMANTIC EXPANSION

After supervised pretraining on the labeled dataset Dl, the model has learned the key semantics
of the known class space Cl. But due to the local nature of the cross-entropy loss, the prototypes
focus more on being discriminative than on being representative, and the semantic space can still be
fragmented. To improve this part, we design a structure-guided prototype reconstruction step. This
step lets semantics move from labeled to unlabeled data by updating the prototype space with the
concept structure built on the mixed dataset D.

Clusters to Prototypes. Given frozen model parameters θ, we extract features from the dataset
D, producing a feature set F = {vi}|D|

i=1. We then perform hierarchical clustering - Ward
linkage (Ward Jr, 1963) on F to obtain cluster assignments G = {G1, ...,G|C|}. Each cluster
µk = 1

|Gk|
∑

vi∈Gk
vi, serves as a prototype initialization.

To semantically guide these clusters, we use features from Dl as anchors and apply Hungarian
matching (Kuhn, 1955) to align a subset of clusters to known classes Cl. The remaining clusters are
retained as novel class candidates Cu, resulting in the full set of prototypes P = {µ1, ..., µ|C|}.

This strategy guarantees structural coherence in the feature space while preserving semantic consis-
tency with known categories. The use of Ward linkage minimizes intra-cluster variance and approx-
imates a local optimum under Gaussian assumptions, making the resulting centroids a principled
initialization for semantic optimization.

Semantic Consistency Optimization Next, we optimize the prototypes P = {µ1, . . . , µ|C|}
based on the dataset D by using a joint loss composed of consistency constraints and multiple reg-
ularization. Specifically, for each sample xi ∈ D, we generate two augmented views and compute
the corresponding predictions p(v1)

i , p(v2)
i . The semantic consistency can then be achieved by mini-

mizing the symmetrical divergence:

LKL =
1

2
KL(p(v1)

i ∥ p
(v2)
i ) +

1

2
KL(p(v2)

i ∥ p
(v1)
i ). (9)

This loss encourages predictions to be invariant under view transformations and reduces the risk of
prototype overfitting to specific augmentations, serving as a soft clustering signal that aligns with
the cluster assumption. On the other hand, a cross-entropy loss Ll

CLS is used for the labeled set,
enabling consistency between model predictions and ground-truth labels.
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Logit-aware Self-Distillation. Inspired by SimGCD (Wen et al., 2023), we also introduce a self-
distillation objective for sample xi ∈ Du between predictions at different temperature scales, where
the low-temperature prediction q

(v1)
i serves as the teacher to supervise the high-temperature pre-

diction p
(v2)
i . Furthermore, a compatible logit adjustment (Chen et al., 2022) is adopted for self-

distillation loss. This adjustment introduces class-frequency-aware priors to reduce the bias toward
known classes, as previously discussed in (Chen et al., 2022), and enhances compatibility between
supervised and unsupervised distributions. Concretely, we compute the mean frequency f̄k of known
classes fi based on labeled data, and use it as a soft bias added to the predicted probability of unseen
classes. The adjusted prediction distribution qadj is defined as:

p̃i,k =

{
pi,k + fk, if k ∈ Cl
pi,k + f̄k, if k ∈ Cu

(10)

Lu
CLS = −1

2

C∑
k=1

[
q
(v1)
i log p̃

(v2)
i + q

(v2)
i log p̃

(v1)
i

]
. (11)

The final function of the consistency is Lcons = LJS + LCLS , and LCLS = 1
2L

l
CLS + 1

2L
u
CLS .

Virtual Sampling and Entropy Regularization This approach circumvents the sampling-
induced bias and instability often introduced by re-weighting or re-sampling. Instead, it directly
adjusts the energy landscape of the prediction logits, encouraging uniform exploration of novel
classes while maintaining predictive confidence on known categories.

Instead of altering the sampling distribution, we modify the input logits to softmax by applying a
structural penalty to all known classes Cl. Let oi ∈ R|C| denote the raw logits for sample xi. We
define the penalized logits as:

õi = [t · oi,1, . . . , t · oi,Cl
, oi,Cl+1, . . . , oi,|C|], (12)

where t is a fixed scaling coefficient that adjusts the logits of known classes. The softmax is then
applied to õi, yielding the adjusted probability distribution p̃i = softmax(õi). The adjusted entropy
regularization H(õi) is then calculated in the manner of (Wen et al., 2023).

Semantic Energy Regularization. Unlike the Rl
SE in the first-stage, which was applied to the su-

pervised prototype set P l, we now compute a new semantic regularizer over the full set of prototypes
P , where each prototype corresponds to the centroid of a discovered cluster Gk.

While the first-stage regularizer Rl
SE aims to preserve a semantically connected prototype space, the

second-stage energy regularization RSE focuses on contracting the distances between prototypes.
This contraction enables unlabeled instances, which are initially assigned to different clusters via a
nearest-centroid rule, to escape strict prototype binding under the influence of Lcons.

The overall objective is formulated as a composite loss, and defined as:

L = Lcons +H(õ) + λ · RSE, (13)

where λ is a hyperparameter to balance the influence of the regularization term during optimization.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Datasets and Evaluation Protocol. The performance of the proposed CURE framework is thor-
oughly evaluated on six publicly available benchmark datasets (CIFAR-10/100 (Krizhevsky et al.,
2009), ImageNet-100 (Russakovsky et al., 2015), CUB-200 (Reed et al., 2016), Stanford-Cars
(Krause et al., 2013), and Herbarium19 (Tan et al., 2019)). To ensure a fair and consistent com-
parison with prior works, we follow the widely adopted dataset partitioning protocol (Vaze et al.,
2022a), which divides each dataset into a labeled and an unlabeled subset. All reported clustering
accuracy (ACC) are computed on the standard evaluation splits under this protocol.

Implementation Details. we adopt the Vision Transformer (ViT-B/16) (Dosovitskiy et al., 2021)
as backbone pretrained with the DINO (Caron et al., 2021) algorithm, and use the [CLS] token as

7
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Figure 3: Absolute accuracy gap between Old
and New Classes. Our method consistently
achieves the smallest gaps.
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the visual representation. The training process is divided into two stages. In the first stage, we
freeze the first n transformer blocks (responsible for extracting low-level features) and fine-tune the
subsequent layers using the labeled data. In the second stage, we unfreeze and jointly fine-tune the
last block using both labeled and unlabeled data (the ablation experiment is shown in the appendix).

For hyperparameter settings, the weighting coefficient α is set to 0.35, and the virtual sampling rate
t is fixed at 1.2. The regularization weight λ is set to 2 for coarse-grained datasets and 20 for fine-
grained datasets, to account for their differing semantic granularity (more detailed analysis can be
found in the appendix.).

4.2 COMPARISON WITH STATE-OF-THE-ART

As shown in Table 1, our method achieves overall leading precision across a variety of datasets.
More importantly, our approach exhibits significantly more balanced performance between old and
novel classes, as shown in Figure 3, which is a crucial indicator of generalization in GCD.

Specifically, we achieve 85.7% and 87.0% on All classes on CIFAR-100 and ImageNet-100, respec-
tively. In both cases, the performance gap between old and novel class is notably small, As shown
in Figure 3, demonstrating the ability of CURE to learn unbiased representations. In contrast, many
state-of-art methods suffer from skewed predictions. These methods, like SimGCD, SPTNet, Le-
goGCD and DebGCD, achieves a strong result on old classes, but shows a marked drop on novel
classes, indicating a clear imbalance.

This balanced accuracy is especially critical for fine-grained datasets, where class boundaries are
more subtle. On CUB-200 and Stanford-Cars, our method yields minimal accuracy gaps between
old and new classes, suggesting effective semantic modeling across closely related categories. Fur-
thermore, on the highly challenging Herbarium19 dataset, our method not only achieves the highest
overall accuracy but also delivers the smallest performance gap among all methods.

4.3 ABLATION STUDY

To better understand the role of each component in our framework, we isolate and disable each of
these components individually to evaluate its independent contribution on CUB-200 and CIFAR-
100. Experimental results are reported to provide a clear view of their effects. Table 2 shows
the results obtained in Experiment 1 by replacing the random initialization of prototypes with C2P
combined with standard supervised learning pre-training.

The effectiveness of supervised fine-tuning. The ablation studies clearly demonstrate the feasibil-
ity of incorporating strong supervision during the stage I. Our proposed prototype-to-feature align-
ment loss, combined with semantic regularization, effectively mitigates the tendency of standard
cross-entropy (with one-hot targets) to produce orthogonalized class representations. This orthogo-
nalization often results in the loss of shared semantics across categories. In contrast, our approach
preserves inter-class semantic information and facilitates the transition from known to novel classes.
This advantage is particularly evident from the comparisons between Experiments 1 and 2, and
Experiments 7 and 8 in Table 2.
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Table 1: Performance comparison across six benchmark datasets. Our method achieves consistently
strong results on both coarse- and fine-grained data. Note: The best results are bolded and the
second-best results are underlined.

Methods CIFAR-10 CIFAR-100 ImageNet-100 CUB-200 Stanford-Cars Herbarium19

All Old New All Old New All Old New All Old New All Old New All Old New

GCD 91.5 97.9 88.2 70.8 77.6 57.0 74.1 89.8 66.3 51.3 56.6 48.7 39.0 57.6 29.9 35.4 51.0 27.0
DCCL 96.3 96.5 96.9 75.3 76.8 70.2 80.5 90.5 76.2 63.5 60.8 64.9 43.1 55.7 36.2 - - -
PrCAL 97.9 96.6 98.5 81.2 84.2 75.3 83.1 92.7 78.3 62.9 64.4 62.1 50.2 70.1 40.6 37.0 52.0 28.9
SimGCD 97.1 95.1 98.1 80.1 81.2 77.8 83.0 93.1 77.9 60.3 65.6 57.7 53.8 71.9 45.0 44.0 58.0 36.4
SPTNet 97.3 95.0 98.6 81.3 84.3 75.6 85.4 93.2 81.4 65.8 68.8 65.1 59.0 79.2 49.3 43.4 58.7 35.2
CMS - - - 82.3 85.7 75.5 84.7 95.6 79.2 68.2 76.5 64.0 56.9 76.1 47.6 36.4 54.9 26.4
LegoGCD 97.1 94.3 98.5 81.8 81.4 82.5 86.3 94.5 82.1 63.8 71.9 59.8 57.3 75.7 48.4 45.1 57.4 38.4
ProtoGCD 97.3 95.3 98.2 81.9 82.9 80.0 84.0 92.2 79.9 63.2 68.5 60.5 53.8 73.7 44.2 44.5 59.4 36.5
SelEx 95.9 98.1 94.8 82.3 85.3 76.3 83.1 93.6 77.8 73.6 75.3 72.8 58.5 75.6 50.3 39.6 54.9 31.3
DebGCD 97.2 94.8 98.4 83.0 84.6 79.9 85.9 94.3 81.6 66.3 71.8 63.5 65.3 81.6 57.4 44.7 59.4 36.8
ours 97.5 97.9 97.3 85.7 85.3 86.6 87.0 95.3 82.9 75.2 75.5 75.1 68.7 80.8 63.0 48.1 53.1 45.4

Table 2: Ablation study of different components on CUB-200 and CIFAR-100. FT indicates super-
vised fine-tuning designed in the first stage.

Component FT RSE LSKL CUB-200 CIFAR-100
All Old New All Old New

1 70.4 72.9 69.2 81.2 85.5 72.5
2 ✓ 72.1 75.1 70.7 83.5 85.2 80.0
3 ✓ 73.7 77.7 71.7 84.0 85.3 81.5
4 ✓ 72.8 74.7 71.9 85.0 6.4 82.3
5 ✓ ✓ 73.0 75.2 72.0 84.6 86.3 81.3
6 ✓ ✓ 74.0 73.9 74.0 85.6 86.5 84.1
7 ✓ ✓ 72.6 75.9 70.9 85.3 86.5 83.1
8 ✓ ✓ ✓ 75.2 76.2 74.7 85.2 86.4 82.9

Effectiveness of RSE . we conduct several experiments to analyze the ability of semantic regular-
ization to extend from old classes to new classes. As shown in Table 2, semantic regularization
in the second stage significantly improves performance, even in different module combinations. It
likely facilitates a better global structure or class-aware separation, which is critical for semantic
generalization.

Effectiveness of symmetrical divergence. To assess the role of the JS divergence, we compare the
performance with and without this component. Removing the JS loss leads to a noticeable drop in
accuracy, especially on new classes. This confirms that JS divergence plays a key role in maintaining
stability between different views, particularly under distributional shifts. The symmetric nature of
JS divergence encourages alignment between different views while avoiding mode collapse.

Effectiveness of different clustering methods. To obtain cluster assignments, we further evalu-
ated several clustering algorithms, including K-means, Gaussian mixture models (GMM), spectral
clustering and hierarchical clustering, as shown in Table 3. The results indicate that K-means and
GMM significantly underperform compared to spectral and hierarchical clustering. We attribute this
to the limited capacity of K-means and GMM in modeling complex distributions, which restricts
their ability to capture the underlying structure in high-dimensional semantic spaces.

4.4 HYPER-PARAMETER ANALYSIS

To investigate the effect of the virtual sampling multiplier t and the influence of the semantic energy
threshold ϵ, we conduct experiments on both CUB-200 and CIFAR-100, adjusting the value of t
from 1.0 to 1.3 and the value of ϵ from 1.0 to 0.8. As shown in Figure 4 and Table 4.

Effect of the virtual sampling multiplier t. we observe that the accuracy gap between old and new
classes consistently narrows as t increases. For CUB-200 dataset, the gap decreases from 5.6% at
the base setting to just 0.1% when t = 1.3. A similar trend is observed on CIFAR-100, where the

Table 3: Ablation study of CURE with dif-
ferent Clustering methods to construct cen-
troids.

Clustering CUB-200 CIFAR-100
All Old New All Old New

Kmeans 73.4 74.2 72.9 84.9 85.2 84.5
GMM 73.8 75.1 73.1 84.6 85.1 83.7
Spectral 76.7 77.3 76.3 85.6 85.0 86.9
Hierarchy 75.2 75.5 75.1 85.7 85.3 86.6

Table 4: Performance under different values
of the semantic energy threshold ϵ.

ϵ CUB-200 CIFAR-100
All Old New All Old New

1.00 73.6 74.4 73.2 85.3 85.2 85.5
0.95 74.6 75.1 74.4 85.8 85.5 86.3
0.90 74.7 74.9 74.6 85.5 85.2 86.2
0.85 74.5 75.9 73.8 85.5 85.0 86.6
0.80 73.2 75.3 72.2 84.1 85.1 82.0
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Table 5: Comparison of training time, inference time, and overall accuracy on ImageNet-100 and
SSB. All times are measured in seconds.

Method ImageNet-100 SSB

Acc.(All) Train(s) Infer(s) Acc.(All) Train(s) Infer(s)

GCD 74.1 803 2289 51.3 58 552
SimGCD 83.0 847 591 56.1 64 17
PromptCAL 83.1 1817 893 55.1 492 103
SPTNet (w/ SimGCD initialization) 85.4 483* 601 61.4 32* 17
CURE (C2P with k-epoch alignment) - 50 - - 44 -
CURE Stage-1 (LGCS on labeled data) 83.2 152 - 58.0 13 -
CURE Stage-2 (full training) 87.0 375 315 68.5 49 17

*SPTNet requires a pre-trained SimGCD model, so its actual total training time is: SimGCD (847s) + SPTNet
(483s) = 1330s on ImageNet-100; similarly, 64s + 32s = 96s on SSB.

gap is reduced from 7.3% to 1.3% at t = 1.2. In order to balance ACC accuracy, t is set to 1.2 as
the optimal value.

Effect of the Semantic Energy Threshold ϵ. As shown in Table 4, the semantic energy threshold ϵ
controls the degree of orthogonality between prototypes. A higher threshold allows more semantic
overlap between classes but risks diluting the discriminative power by collapsing shared semantics.
Conversely, a lower threshold enforces stronger separation, which may overly suppress inter-class
variability and result in non-separable feature spaces. Empirical results demonstrate that a wide
range of thresholds within [0.85, 0.95] yields consistently strong performance on both datasets. This
indicates that the proposed semantic regularization effectively as a soft constraint, exhibiting robust-
ness to the exact choice of ϵ.

4.5 TIME ANALYSIS ON DIFFERENT METHODS

To check the running time of different GCD methods, we look at training time, inference time, and
accuracy on ImageNet-100 and SSB. Table 5 shows the results. CURE keeps costs low even with
its two-stage setup. Stage 1 runs on labeled data only and takes little time. It needs 152 seconds on
ImageNet-100 and 13 seconds on SSB. Stage 2 uses 375 seconds and 49 seconds on those datasets.
These times match or beat most other methods. The total time stays low, but accuracy reaches 87.0%
on ImageNet-100 and 68% on SSB—better than the rest. Some methods cost more. PromptCAL
takes 1817 seconds to train on ImageNet-100. That is over twice as long as CURE, and its accuracy
is lower. GCD and SimGCD also run longer overall. Their inference times are high, like 2289
seconds for GCD. SPTNet trains in 483 seconds by itself. But it starts with a full SimGCD model.
The real total adds up to 847 seconds plus 483 seconds, or 1330 seconds on ImageNet-100. This
makes SPTNet one of the slowest. Our C2P step updates every few rounds and adds just 50 seconds
or 44 seconds. It shows the alignment costs little. CURE gives the best mix of speed and accuracy.
It skips heavy pre-training. It avoids big costs from prompting or extra stages, like in SPTNet. The
two-stage plan keeps everything low-cost.

5 CONCLUSION

In this work, we explore the feasibility of leveraging supervised signals during pretraining to de-
couple GCD from the CL, thereby mitigating the adverse effect of uniformity on novel category
discovery. Our core innovation lies in uncovering the semantic dependencies among prototypes,
which are crucial for guiding the representation learning of unlabeled samples. To preserve and uti-
lize these semantic relations, we introduce a semantic exploration energy mechanism that prevents
their degradation during training. Furthermore, the proposed Clusters-to-Prototypes (C2P) mecha-
nism enables the effective transfer of structural semantics from the prototype space to the feature
space. Extensive experiments across multiple datasets confirm the effectiveness of our approach.
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Kai Han, Sylvestre-Alvise Rebuffi, Sébastien Ehrhardt, Andrea Vedaldi, and Andrew Zisserman.
Autonovel: Automatically discovering and learning novel visual categories. IEEE Transactions
on Pattern Analysis and Machine Intelligence, 44(10):6767–6781, 2022.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image recog-
nition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition
(CVPR), June 2016.

Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and Ross Girshick. Momentum contrast for
unsupervised visual representation learning. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), June 2020.

Yen-Chang Hsu and Zsolt Kira. Neural network-based clustering using pairwise constraints. In
ICLR workshop, 2016.

Yen-Chang Hsu, Zhaoyang Lv, Joel Schlosser, Phillip Odom, and Zsolt Kira. Multi-class classifica-
tion without multi-class labels. In International Conference on Learning Representations (ICLR),
2019.

Jiabo Huang, Shaogang Gong, and Xiatian Zhu. Deep semantic clustering by partition confidence
maximisation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), June 2020.

Zhizhong Huang, Jie Chen, Junping Zhang, and Hongming Shan. Learning representation for clus-
tering via prototype scattering and positive sampling. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 45(6):7509–7524, 2023.

Xu Ji, Joao F. Henriques, and Andrea Vedaldi. Invariant information clustering for unsupervised
image classification and segmentation. In Proceedings of the IEEE/CVF International Conference
on Computer Vision (ICCV), October 2019.

Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna, Yonglong Tian, Phillip Isola, Aaron
Maschinot, Ce Liu, and Dilip Krishnan. Supervised contrastive learning. In Advances in Neural
Information Processing Systems, volume 33, pp. 18661–18673, 2020.

Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-Fei. 3d object representations for fine-grained
categorization. In Proceedings of the International Conference on Computer Vision workshops,
pp. 554–561, 2013.

Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple layers of features from tiny images.
Technical report, University of Toronto, 2009.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with deep con-
volutional neural networks. In Advances in Neural Information Processing Systems, volume 25,
2012.

H. W. Kuhn. The hungarian method for the assignment problem. Naval Research Logistics Quar-
terly, 2(1-2):83–97, 1955.

Marc T. Law, Raquel Urtasun, and Richard S. Zemel. Deep spectral clustering learning. In Pro-
ceedings of the 34th International Conference on Machine Learning, volume 70, pp. 1985–1994,
06–11 Aug 2017.

Yuanpei Liu and Kai Han. Debgcd: Debiased learning with distribution guidance for generalized
category discovery. In International Conference on Learning Representations (ICLR), 2025.

Shijie Ma, Fei Zhu, Xu-Yao Zhang, and Cheng-Lin Liu. Protogcd: Unified and unbiased prototype
learning for generalized category discovery. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 47(7):6022–6038, 2025.

J. B. MacQueen. Some methods for classification and analysis of multivariate observations. In
Proc. of the fifth Berkeley Symposium on Mathematical Statistics and Probability, volume 1, pp.
281–297, 1967.

Subhransu Maji, Juho Kannala, Esa Rahtu, Matthew Blaschko, and Andrea Vedaldi. Fine-grained
visual classification of aircraft. Technical report, University of Oxford, 2013.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Kenneth Marino, Ruslan Salakhutdinov, and Abhinav Gupta. The more you know: Using knowl-
edge graphs for image classification. In 2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 20–28, 2017.

Sudipto Mukherjee, Himanshu Asnani, Eugene Lin, and Sreeram Kannan. Clustergan: Latent space
clustering in generative adversarial networks. Proceedings of the AAAI Conference on Artificial
Intelligence, 33:4610–4617, Jul. 2019.

Nan Pu, Zhun Zhong, and Nicu Sebe. Dynamic conceptional contrastive learning for generalized
category discovery. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 7579–7588, 2023.

Sarah Rastegar, Mohammadreza Salehi, Yuki M Asano, Hazel Doughty, and Cees G M Snoek.
Selex: Self-expertise in fine-grained generalized category discovery. In European Conference on
Computer Vision, 2024.

Sarah Rastegar, Mohammadreza Salehi, Yuki M. Asano, Hazel Doughty, and Cees G. M. Snoek.
Selex: Self-expertise in fine-grained generalized category discovery. In Computer Vision – ECCV
2024, pp. 440–458, 2025.

Scott Reed, Zeynep Akata, Honglak Lee, and Bernt Schiele. Learning deep representations of fine-
grained visual descriptions. In Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pp. 49–58, 2016.

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean Ma, Zhiheng
Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein, et al. Imagenet large scale visual
recognition challenge. International Journal of Computer Vision, 115:211–252, 2015.

Kiat Chuan Tan, Yulong Liu, Barbara Ambrose, Melissa Tulig, and Serge Belongie. The herbarium
challenge 2019 dataset. arXiv preprint arXiv:1906.05372, 2019.

Wouter Van Gansbeke, Simon Vandenhende, Stamatios Georgoulis, Marc Proesmans, and Luc
Van Gool. Scan: Learning to classify images without labels. In Computer Vision – ECCV 2020,
pp. 268–285, 2020.

Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. Generalized category discovery. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR),
pp. 7492–7501, June 2022a.

Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. Open-set recognition: a good closed-
set classifier is all you need? In International Conference on Learning Representations, 2022b.

Sagar Vaze, Andrea Vedaldi, and Andrew Zisserman. No representation rules them all in category
discovery. In Advances in Neural Information Processing Systems, volume 36, pp. 19962–19989,
2023.

Hongjun Wang, Sagar Vaze, and Kai Han. Sptnet: An efficient alternative framework for gener-
alized category discovery with spatial prompt tuning. In International Conference on Learning
Representations (ICLR), 2024.

Tongzhou Wang and Phillip Isola. Understanding contrastive representation learning through align-
ment and uniformity on the hypersphere. In Proceedings of the 37th International Conference on
Machine Learning, volume 119, pp. 9929–9939, 13–18 Jul 2020.

Joe H Ward Jr. Hierarchical grouping to optimize an objective function. Journal of the American
statistical association, 58(301):236–244, 1963.

Xin Wen, Bingchen Zhao, and Xiaojuan Qi. Parametric classification for generalized category dis-
covery: A baseline study. In 2023 IEEE/CVF International Conference on Computer Vision
(ICCV), pp. 16544–16554, 2023.

Yongqin Xian, Bernt Schiele, and Zeynep Akata. Zero-shot learning - the good, the bad and the ugly.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
July 2017.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Junyuan Xie, Ross Girshick, and Ali Farhadi. Unsupervised deep embedding for clustering analysis.
In Proceedings of The 33rd International Conference on Machine Learning, volume 48, pp. 478–
487, 20–22 Jun 2016.

Lin Yang, Wentao Fan, and Nizar Bouguila. Deep clustering analysis via dual variational autoen-
coder with spherical latent embeddings. IEEE Transactions on Neural Networks and Learning
Systems, 34(9):6303–6312, 2023.

Zhibo Yang, Muhammet Bastan, Xinliang Zhu, Douglas Gray, and Dimitris Samaras. Hierarchical
proxy-based loss for deep metric learning. In Proceedings of the IEEE/CVF Winter Conference
on Applications of Computer Vision (WACV), pp. 1859–1868, January 2022.

Sheng Zhang, Salman Khan, Zhiqiang Shen, Muzammal Naseer, Guangyi Chen, and Fahad Shah-
baz Khan. Promptcal: Contrastive affinity learning via auxiliary prompts for generalized novel
category discovery. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 3479–3488, June 2023.

Bingchen Zhao and Kai Han. Novel visual category discovery with dual ranking statistics and mutual
knowledge distillation. In Conference on Neural Information Processing Systems (NeurIPS),
2021.

Bingchen Zhao, Xin Wen, and Kai Han. Learning semi-supervised gaussian mixture models for
generalized category discovery. In Proceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV), pp. 16623–16633, October 2023.

Pan Zhou, Yunqing Hou, and Jiashi Feng. Deep adversarial subspace clustering. In Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), June 2018.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

A THEORETICAL ANALYSIS OF SEMANTIC EXPLORATION ENERGY

A.1 SPECTRAL ANALYSIS OF SEMANTIC EXPLORATION ENERGY

To justify the design of Semantic Exploration Energy (SEE), we analyze its effect on the spectral
properties of the prototype similarity graph.

Let P = {µ1, µ2, . . . , µM} denote M class prototypes with unit norm, i.e., ∥µi∥ = 1. Define
the cosine similarity matrix S ∈ RM×M with Sij = cos(µi, µj), and construct the degree matrix
D = diag(S1). The unnormalized graph Laplacian is L = D − S.

The SEE energy is defined as:

E =
1

M − 1

∑
i<j

(1− Sij)
2 =

1

M − 1
∥1M − S∥2F . (14)

This quantity measures the total squared deviation of pairwise similarities from perfect alignment
(Sij = 1). It penalizes overly orthogonal prototypes and encourages soft coupling.

Proposition. Minimizing E under the constraint ∥µi∥ = 1 increases the algebraic connectivity
λ2(L) of the semantic graph, i.e.,

∂E
∂µi

< 0 ⇒ ∂λ2(L)

∂µi
> 0.

Sketch of Proof. First, note that E is minimized when the off-diagonal elements of S are close to
1, i.e., prototypes are highly aligned.

Consider the spectral decomposition of L = UΛU⊤, where Λ = diag(λ1, . . . , λM ). The second
smallest eigenvalue λ2(L), known as the Fiedler value, measures the graph’s algebraic connectivity.

From matrix perturbation theory:

∂λ2

∂Sij
= u2(i)

2 + u2(j)
2 − 2u2(i)u2(j),

where u2 is the Fiedler eigenvector. Increasing Sij (i.e., aligning prototypes µi and µj) directly
increases λ2, especially when u2(i) and u2(j) differ, i.e., when µi and µj lie on different components
of the graph.

Since E penalizes (1 − Sij)
2, minimizing E increases many Sij values and therefore lifts λ2(L)

globally.

Implication. As λ2(L) increases, the semantic prototype graph becomes more connected. Ac-
cording to Cheeger’s inequality:

λ2(L)

2
≤ Φ(G) ≤

√
2λ2(L)∆,

where Φ(G) is the Cheeger constant and ∆ is the maximum degree. Thus, minimizing SEE improves
both the spectral and combinatorial connectivity of the semantic structure, allowing novel classes to
be inserted into a coherent, continuous topology.

B ADDITIONAL DETAILS

B.1 DETAILS OF BENCHMARK DATASETS

In addition to the six publicly available benchmark datasets discussed in the main text, this section
further introduces the fine-grained Aircraft dataset (Maji et al., 2013), which is extensively adopted
in Generalized Category Discovery (GCD) research. Comparative results on this dataset conclu-
sively demonstrates the superiority of the proposed algorithm.
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Table 6: Data distribution and partitioning protocol of coarse-grained benchmarks.
CIFAR-10 CIFAR-100 ImageNet-100

Dl
|Cl| 5 80 50
|Dl| 12.5k 20k 31.9k

Du
|Cu| 10 100 100
|Du| 37.5k 30k 95.3k

Table 7: Data distribution and partitioning protocol of fine-grained benchmarks.
CUB-200 Stanford-Cars Herbarium19 Aircraft

Dl
|Cl| 100 98 341 50
|Dl| 1.5k 2.0k 8.9k 1.7k

Du
|Cu| 200 196 683 200
|Du| 4.5k 6.1k 25.4k 5.0k

Table 6 and Table 7 summarize the distribution of labeled and unlabeled data in seven datasets,
as well as the number of categories for novel classes and known classes. The data partitioning
strictly adheres to the standard Generalized Category Discovery (GCD) protocol: For coarse-grained
datasets (CIFAR-10 and ImageNet-100), the first 50% of classes are designated as known classes,
while the latter 50% constitute novel classes. CIFAR-100 follows an alternative split where the
initial 80% of classes are categorized as known, with the remaining 20% treated as novel. For fine-
grained datasets, the data partitioning follows the Shift Semantic Benchmark (Vaze et al., 2022b)
criteria. Crucially, the unlabeled dataset comprises all samples from novel classes combined with a
randomly selected 50% subset of known class samples, whereas the labeled set exclusively consists
of the remaining 50% of known class samples.

B.2 DETAILS OF EVALUATION PROTOCOL

In the Generalized Category Discovery (GCD) task, the evaluation protocol must capture both clas-
sification performance on known classes and clustering quality on novel classes.

Clustering Accuracy (ACC). We adopt ACC as a core metric to evaluate the performance of meth-
ods. Given the predicted cluster assignments G = {G1, · · · ,G|C |} and ground-truth {yi}Ni=1(N =
Nl + Nu) for the novel classes, ACC is computed by solving an optimal one-to-one mapping π∗

between cluster indices and class labels using the Hungarian algorithm (Kuhn, 1955):

ACC = max
π∈P

1

n

N∑
i=1

I [π(Gi) = yi] , (15)

where P denotes the set of all permutations over class indices.

However, Cluster Acc alone may not fully capture the overall GCD performance, as it ignores the
balance between the accuracy of the new class and the accuracy of the old class in the algorithm, and
can be trivially high when the model collapses to memorizing known data while poorly discovering
new categories.

Harmonic Mean (H-score). To better assess the trade-off between recognition and discovery, we
report the harmonic mean (Xian et al., 2017) of classification accuracy on Old classes and Cluster
Acc on New classes (ACCnew):

H-score =
2 · Old · New
Old + New

. (16)

This metric penalizes imbalanced performance and encourages models to perform well on both
old classes and new classes. However, this formula ignores the huge difference in the number of
samples belonging to the new class and the old class in the unlabeled set. Therefore, we modify it
to the following:

H-score-3 =
3 · Old · New
Old + 2 · New

, (17)

to enhance the ability to measure the predictive balance between the old classes and new classes.
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Table 8: Performance comparison on Aircraft.

Methods Aircraft

All Old New

GCD 45.0 41.1 46.9
DCCL - - -
PrCAL 52.2 52.2 52.3
SimGCD 54.2 59.1 51.8
SPTNet 59.3 61.8 58.1
CMS 56.0 63.4 52.3
LegoGCD 55.4 68.3 48.9
ProtoGCD 56.8 62.5 53.9
SelEx 57.1 64.7 53.3
DebGCD 61.7 63.9 60.6
ours 61.7 69.4 57.8

Table 9: Performance comparison under the inductive GCD setting across three coarse-grained
benchmarks. Some results are unavailable from the original papers, and selected numbers are repro-
duced by CMS and PromptCAL.

Method CIFAR10 CIFAR100 ImageNet-100
All Old New All Old New All Old New

GCD 82.0 97.3 66.6 70.1 76.8 43.5 79.7 92.7 66.7
ORCA - - - 77.7 83.6 53.9 81.3 94.5 68.0
SimGCD 96.3 94.9 97.7 82.1 83.0 78.6 85.9 93.1 78.8
PromptCAL 97.3 96.6 98.1 81.6 85.3 66.9 84.8 94.4 75.2
CMS 95.3 97.8 92.9 80.7 84.4 65.9 85.7 95.7 75.8
protoGCD - - - 81.6 82.5 78.0 - 92.8 78.4
ours 97.5 97.8 97.2 84.0 83.8 85.8 87.0 95.1 78.9

B.3 DETAILS OF IMPLEMENTATION

Our method is implemented under a two-stage training framework: Stage I: We finetune multiple
blocks of the backbone network. Empirically, we freeze the first n = 4 blocks for fine-grained
datasets, and the first n = 9 blocks for coarse-grained datasets. The remaining blocks are finetuned
using our proposed supervised objective, which emphasizes inter-class relationships. Stage II: We
finetune only the last block across all datasets, allowing better adaptation to the discovered class
structures.

For prototype learning, we adopt the Centroids to Prototypes strategy, where the cluster centroids
are recalculated every two epochs and used to update the prototypes.

All datasets are trained for 200 epochs with a batch size of 128. The temperature coefficient τ is
set to 0.1. The initial learning rate is 0.05 and is decayed to 5 × 10−5 with a cosine schedule. All
experiments are conducted on a single NVIDIA GeForce RTX 4090 GPU.

C ADDITIONAL EXPERIMENTS

C.1 COMPARATIVE EXPERIMENTS ON AIRCRAFT

Table 8 presents the performance of the proposed CURE on Aircraft. Our method achieves highly
competitive results, tying with DebGCD for the best accuracy on All Classes, and surpassing the
second-best method, SPTNet, by 2.4% on Old classes. Furthermore, CURE achieves the highest
accuracy on Old Classes, reaching 69.4%. However, as shown in Table 13, CURE performs slightly
worse than DebGCD in terms of class-balanced evaluation (H-score-3), indicating a slight imbalance
between the old and new classes.
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Table 10: Performance comparison under the inductive GCD setting on four fine-grained bench-
marks. Some results are unavailable from the original papers, and selected numbers are reproduced
by CMS and PromptCAL.

Method CUB Stanford-Cars Herbarium19 Aircraft
All Old New All Old New All Old New All Old New

GCD 57.5 64.5 57.6 35.4 50.4 20.9 39.0 46.7 30.9 - - -
ORCA 40.7 61.2 20.2 - - - - - - - - -
SimGCD 64.4 72.2 56.6 55.2 68.6 42.3 45.4 60.9 29.0 - - -
PromptCAL 62.4 68.1 56.8 49.1 63.1 35.7 40.8 44.7 36.7 50.1 56.7 43.4
CMS 69.7 76.5 63.0 57.8 75.2 41.0 46.2 53.0 38.9 53.3 62.7 43.8
protoGCD - - - 55.1 68.9 41.2 - - - 57.9 62.1 53.7
ours 75.4 80.3 70.5 70.8 84.9 57.2 48.7 53.0 44.2 64.4 68.7 56.2

Table 11: Effectiveness of the logic adjustment.
Dataset Setting All Old New

CUB-200 w/o LA 73.8 74.5 73.5
LA 75.2 75.5 75.1

CIFAR-100 w/o LA 85.4 74.7 86.7
LA 85.7 85.3 86.6

Stanford-Cars w/o LA 68.7 80.1 62.8
LA 68.7 80.8 63.0

C.2 EVALUATION ON INDUCTIVE GCD

We further compare the proposed method with several state-of-the-art approaches under the in-
ductive setting, which is used to evaluate the generalization ability of the methods on unseen test
samples, unlike the transductive setting. As shown in Table 9 and Table 10, our method consistently
achieves the best performance across all benchmarks. This demonstrates that the prototypes learned
by CURE through the C2P mechanism effectively capture the semantic structure of each category,
thereby enabling better generalization to unseen data.

It is worth noting that in protoGCD, the original paper only reports performance on Old and New
classes for four datasets, without providing results on All classes. For a more complete comparison,
the All class results in the table are estimated using the following formula:

All =
|Cl|
|C|

· Old +
|Cu|
|C|

· New. (18)

Although this estimation may introduce minor deviations from the actual values, our empirical ex-
perience suggests that such deviations are typically small and fall within an acceptable range.

C.3 COMPARISON WITH STATE-OF-THE-ART WITH HARMONIC MEAN

The Harmonic Mean provides a useful metric for evaluating not only the overall clustering perfor-
mance across all categories, but also the prediction balance between old and novel classes. Among
the datasets used in our evaluation, only CIFAR-100 maintains an approximately 1:1 ratio between
the old and novel class samples; in contrast, the other datasets exhibit unbalanced distributions,
with a typical ratio close to 1:2. As a result, applying the standard definition of the H-score (Eq.
16), which implicitly assumes balanced class distributions, can severely underestimate the impact of
novel class performance.

For example, as shown in Table 13, although our proposed CURE method shows slightly lower
balance than DebGCD on Aircraft, the standard H-score (Eq. 16) misleadingly indicates that CURE
outperforms DebGCD. To better reflect the real-world class distribution, we introduce a weighted
variant of the H-score (Eq. 17), which adjusts for dataset imbalance during evaluation.
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Table 12: Performance comparison on H-score, H-score-3, and ACC metrics in coarse-grained
benchmarks.

Method CIFAR-10 CIFAR-100 ImageNet-100
H-score-2 H-score-3 All H-score-2 H-score-3 All H-score-2 H-score-3 All

GCD 92.8 91.2 91.5 65.7 - 70.8 76.3 72.6 74.1
DCCL 96.7 96.8 96.3 73.4 - 75.3 82.7 80.4 80.5
PrCAL 97.5 97.9 97.9 79.5 - 81.2 84.9 82.6 83.1
SimGCD 96.6 97.1 97.1 79.5 - 80.1 84.8 82.4 83.0
SPTNet 96.8 97.4 97.3 79.7 - 81.3 86.9 85.0 85.4
CMS - - - 80.3 - 82.3 86.6 84.0 84.7
LegoGCD 96.4 97.1 97.1 81.9 - 81.8 87.9 85.9 86.3
ProtoGCD 96.7 97.2 97.3 81.4 - 81.9 85.6 83.6 84.0
SelEx 96.4 95.9 95.9 80.5 - 82.3 85.0 82.4 83.1
DebGCD 96.6 97.2 97.2 82.2 - 83.0 87.5 85.4 85.9
ours 97.6 97.5 97.5 85.9 - 85.7 88.7 86.7 87.0

Table 13: Performance comparison on H-score, H-score-3, and ACC metrics in fine-grained bench-
marks.

Method CUB-200 Stanford-Cars Herbarium19 Aircraft
H-score-2 H-score-3 All H-score-2 H-score-3 All H-score-2 H-score-3 All H-score-2 H-score-3 All

GCD 52.4 51.1 51.3 39.4 35.6 39.0 35.3 32.0 35.4 43.8 44.8 45.0
DCCL 62.8 62.8 63.5 43.9 41.0 43.1 - - - - - -
PrCAL 63.2 63.2 62.9 51.4 47.2 50.2 37.2 33.9 37.0 52.2 52.3 52.2
SimGCD 61.4 61.4 60.3 55.4 51.4 53.8 44.7 41.6 44.0 55.2 54.0 54.2
SPTNet 66.9 66.9 65.8 60.8 56.4 59.0 44.0 40.6 43.4 59.9 59.3 59.3
CMS 69.7 69.7 68.2 58.6 54.4 56.9 35.7 31.9 36.4 57.3 55.5 56.0
LegoGCD 65.3 65.3 63.8 59.0 55.0 57.3 46.0 43.2 45.1 - - 18.5
ProtoGCD 64.3 64.3 63.2 55.3 51.0 53.8 45.2 41.9 44.5 57.9 56.5 56.8
SelEx 74.0 74.0 73.6 60.4 56.6 58.5 39.9 36.5 39.6 58.4 56.6 57.1
DebGCD 67.4 67.4 66.3 67.4 63.7 65.3 45.4 42.1 44.7 62.2 61.7 61.7
ours 75.3 75.3 75.2 70.8 68.0 68.7 48.9 47.7 48.1 63.0 61.1 60.2

Table 14: Performance on SimGCD with different numbers of tuned blocks. # Tuned Blocks indi-
cates the index from which layers are unfrozen and updated during training.

# Tuned Blocks CUB-200 CIFAR-100
All Old New All Old New

11 60.3 65.6 57.7 80.1 81.2 77.8
10 58.5 60.2 57.7 79.8 80.8 77.9
9 56.1 54.8 56.7 75.6 76.7 73.3
8 56.4 52.2 58.5 77.2 79.5 72.5
7 52.0 50.3 52.8 69.0 74.7 57.8
6 50.3 48.8 51.0 68.2 74.6 55.4

Table 15: Performance with different numbers of tuned blocks in the first stage of CURE. # Tuned
Blocks indicates the starting block index for fine-tuning.

# Tuned Blocks CUB-200 CIFAR-100
All Old New All Old New

1 73.7 73.9 73.5 85.9 85.1 87.5
2 74.0 76.1 72.3 86.0 85.0 87.9
3 74.5 75.9 73.9 85.6 85.4 85.9
4 74.6 74.5 74.6 85.7 85.3 86.6
5 75.2 76.2 74.7 85.1 84.5 86.3
6 73.3 73.1 73.5 85.2 84.4 86.6
7 72.9 72.9 72.9 85.7 85.0 87.1
8 72.8 74.3 72.1 85.5 84.9 86.6
9 72.1 71.9 72.1 85.0 84.9 85.4

10 71.7 73.3 70.8 84.3 84.4 84.1
11 69.8 70.9 69.3 83.8 83.7 83.9
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Table 16: Effect of the semantic regularization coefficient λ. Note that for fine-grained datasets, λ
is scaled by a factor of 10 compared to coarse-grained datasets.

λ
CUB-200 CIFAR-100

All Old New All Old New

0 73.9 73.9 73.9 84.8 85.9 82.8
5 / 0.5 74.1 74.1 74.1 85.5 85.3 85.9

10 / 1.0 74.0 73.8 74.1 85.9 85.2 87.3
15 / 1.5 74.7 75.7 74.2 85.6 85.5 86.0
20 / 2.0 75.2 75.5 75.1 85.2 85.4 84.9
25 / 2.5 73.6 74.7 73.1 85.8 85.3 86.8

Table 17: Effect of applying C2P at different iteration intervals on performance.

epochs CUB-200 CIFAR-100
All Old New All Old New

1 75.0 75.7 74.7 85.9 85.7 86.3
2 75.2 75.5 75.1 85.8 85.6 86.2
3 74.7 75.7 74.2 85.9 85.7 86.3
4 74.5 75.9 73.8 85.8 85.8 85.9
5 72.9 75.4 71.7 85.6 85.3 86.2

From Table 12 and Table 13, it is evident that most existing state-of-the-art methods suffer sub-
stantial performance degradation on datasets with large accuracy gaps bewteen old classes and new
classes, such as ImageNet-100, Stanford-Cars, and Herbarium19. In contrast, CURE achieves no-
tably smaller drops in the H score in these datasets: only 0. 3%, 0. 7% and 0. 4%, respectively,
demonstrating superior robustness and generalization. Moreover, our method achieves top perfor-
mance across all seven benchmark datasets, outperforming existing state-of-art, with the sole excep-
tion being a marginal 0.6% deficit compared to DebGCD on Aircraft.

C.4 EFFECTIVENESS OF LOGIC ADJUSTMENT.

To ensure fair comparison, we additionally evaluate a proposed logic adjustment (LA) module. As
shown in Table 11, LA brings marginal improvements on CUB-200 but has negligible effect on
CIFAR-100 and Stanford-Cars. We attribute this to the stronger prediction imbalance in CUB-200.

Table 18: Impact of the alignment balance factor α on CUB-200 and CIFAR-100. Smaller α em-
phasizes self-to-prototype alignment over full class-wise alignment.

α
CUB-200 CIFAR-100

All Old New All Old New

0.65 73.8 75.6 72.4 85.3 85.3 85.2
0.60 73.9 73.6 74.1 85.7 85.6 85.7
0.55 73.6 74.4 73.2 85.6 85.5 85.7
0.50 74.3 74.3 74.3 85.6 85.3 86.1
0.45 74.4 75.9 73.7 85.4 85.2 85.6
0.40 74.5 74.9 74.3 85.6 85.4 86.2
0.35 75.2 75.5 75.1 85.7 85.3 86.6
0.30 74.6 75.0 74.4 85.4 85.4 85.4

C.5 THE IMPACT OF HYPERPARAMETERS

Effect of Tuning Different Numbers of Transformer Blocks. We further investigate the effect
of tuning different numbers of transformer blocks on model performance. Specifically, for the first
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Table 19: Ablation study of fine-tuning and contrastive learning (CL) on CUB-200 and CIFAR-100.
“LCE” refers to fine-tuning with cross-entropy loss, and “Lalign” adds the prototype alignment loss.

CL Fine-tune CUB-200 CIFAR-100
All Old New All Old New

w/o CL
w/o 61.0 65.0 59.0 76.5 77.1 76.2
LCE 66.4 70.9 64.1 82.5 86.1 74.6

LCE+Lalign 68.9 71.1 67.8 82.8 84.7 78.9

with CL
w/o 60.3 65.6 57.7 80.1 81.2 77.8
LCE 63.7 68.1 61.5 83.6 86.4 77.9

LCE+Lalign 64.3 71.0 61.0 83.7 86.2 78.8

stage of the proposed CURE framework, we gradually increase the number of fine-tuned blocks
from one to eleven. The results are summarized in Table 15. For SimGCD, due to its dual-view
consistency mechanism, the model processes 2× the batch size of input images. As such, for com-
putational efficiency, we only evaluate the effect of tuning blocks from index 11 to 6.

As shown in Table 14, SimGCD exhibits a clear performance degradation on both datasets as more
blocks are fine-tuned. This drop is especially significant in terms of accuracy on old classes. For
example, on CUB-200, fine-tuning only the last block yields an overall accuracy of 65.6%, while
tuning up to the 6th block results in a drop to 48.8%. This trend is likely due to the fact that the
pretrained backbone provides strong general-purpose representations, where lower layers capture
fundamental visual patterns. SimGCD’s training strategy involves a large amount of unlabeled data,
which introduces noise. As more parameters are updated, the impact of this noise becomes more
pronounced, particularly in earlier layers.

In contrast, our proposed CURE consistently improves performance as more blocks are fine-tuned,
as observed in Table 15. This improvement can be attributed to the fact that in the first stage of
CURE, the model is trained solely on labeled data with clear class supervision. This supervised
adaptation effectively aligns the pretrained backbone with the current data distribution, thereby en-
hancing the representation capacity of the model.

Effect of the semantic regularization coefficient λ. The hyperparameter λ controls the strength
of semantic regularization on prototype similarity, and the corresponding results are reported in
Table 16. Empirically, coarse-grained datasets tend to exhibit weaker semantic correlations among
classes, resulting in lower similarity between their associated prototypes. When λ is set too high, the
model may overemphasize semantically irrelevant but visually similar features, leading to a sharp
decline in performance. Therefore, on coarse-grained datasets, we reduce λ to one-tenth of its value
used for fine-grained datasets.

Conversely, a small λ on fine-grained datasets is insufficient to alleviate the orthogonalization of
prototypes and the fragmentation of the representation space. As a result, the model fails to exploit
the latent semantic relationships between classes, which is essential for improving the representation
of unlabeled samples.

Impact of C2P Update Frequency. C2P acts as a critical bridge in CURE to connect clustering-
level semantics with instance-level representations. It ensures the effective transmission of semantic
information from clusters to prototypes during the second stage. As illustrated in Figure 1, the se-
mantic regularization term encourages prototypes of different classes to aggregate, which gradually
increases the distance between prototypes and instance features. By repeatedly performing C2P, the
aggregated prototypes are updated back to cluster centroids, effectively re-dispersing them in the
semantic space. Table 17 clearly shows that maintaining a relatively high update frequency stabi-
lizes the algorithm’s performance. In particular, executing C2P every 1, 2, or 3 epochs yields nearly
identical results, demonstrating the robustness of the method to update frequency.

Impact of the alignment balance factor α. To further investigate the impact of different alignment
objectives in first stage of proposed CURE, we introduce a hyperparameter α to balance the pro-
totype alignment loss between samples of the same class and the alignment loss between a sample
and its own prototype. As shown in Table 18, we conduct a systematic ablation study on CUB-200
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(c) CURE(b) SimGCD(a) DINO

Figure 5: Visualizations of feature distribution and prototypes using DINO, SimGCD, and proposed
CURE.

and CIFAR-100. The results demonstrate that reducing α leads to consistent improvements on All
classes on both datasets, with the best performance achieved at α = 0.35. The improvement is
particularly notable on CUB-200, with the accuracy increasing from 73.8% to 75.2%. This suggests
that stronger self-to-prototype alignment facilitates the learning of more discriminative features,
especially for fine-grained categories. Moreover, the accuracy gain on unseen classes is more pro-
nounced, confirming that enhancing self-to-prototype alignment significantly benefits generalization
to novel categories. Therefore, we adopt α = 0.35 as the default setting in our final model.

Table 20: Estimated category numbers and ground-truth category numbers in the unlabeled data.
Method CUB-200 Stanford-Cars CIFAR-100 ImageNet-100

Ground-truth K 200 196 100 100
Estimated K 231 230 100 109

Table 21: Performance comparison on four benchmark datasets with the estimated number of cate-
gories.

Method CUB Stanford-Cars CIFAR-100 ImageNet-100
All Old New All Old New All Old New All Old New

GCD 47.1 55.1 44.8 35.0 56.0 24.8 73.0 76.2 66.5 72.7 91.8 63.8
SimGCD 61.5 66.4 59.1 49.1 65.1 41.3 80.1 81.2 77.8 81.7 91.2 76.8
µGCD 62.0 60.3 62.8 56.3 66.8 51.1 - - - - - -
DebGCD 64.5 68.5 62.5 63.3 78.6 55.8 83.0 84.6 79.9 84.9 93.3 80.7
SelEx 72.0 72.3 71.9 58.7 75.3 50.8 - - - - - -
Ours 73.7 74.1 73.6 67.2 80.5 60.8 85.7 85.3 86.6 84.7 95.1 79.6
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Table 22: Split of labeled and unlabeled classes in CIFAR-10.
Dataset Cl Cu

CIFAR-10 ’airplane’, ’automobile’, ’bird’, ’cat’,
’deer’

’dog’, ’frog’, ’horse’, ’ship’, ’truck’

 Uniformity of
unsupervised 

contrastive learning

Clustering
(without label)

Labeled

Unlabeled

Resampling

Labeled

Non-
parametric

Parametric

pull

push

Boosted
SCL +

Old New

Biased Entropy
Regularization

Supervised
contrastive

learning

Entropy

(a) Dual contrastive learning 
 in previous methods

Labeled

Unlabeled

Clustering and
Assignment

prototype

Adjust prototypes through semantic adaptation and consistency
Old New

Entropy

Virtual bias
Penalized entropy

regularization Consistency 
constraints

Augmented
View

Original 
View

JS divergence

structural 
entropy

(b) Our CURE framework 

Pretrain firstly

Figure 6: Conceptual comparison between previous dual CL paradigms and our proposed CURE
framework. Subfigure (a) illustrates the limitations of existing methods, which rely heavily on
augmented views and biased entropy. Subfigure (b) shows our unified framework CURE, which
integrates semantic prototype adaptation, entropy regularization, and view-level consistency for dis-
covering novel classes.

C.6 THE ABLATION STUDY OF FINE-TUNING STRATEGIES AND CL

To further assess the effectiveness of fine-tuning strategies and the contribution of CL to represen-
tation quality, we conduct a detailed ablation study under six different configurations. As shown in
Table 19, we compare results with and without CL, and examine the impact of applying no fine-
tuning, fine-tuning with cross-entropy loss, and fine-tuning with both CE and proposed alignment
losses.

Interestingly, the results in Table 19 reveal a nuanced trend regarding the effect of different fine-
tuning strategies. On the one hand, fine-tuning the model using labeled data significantly improves
performance across datasets. On the other hand, CL exhibits a bifurcated impact: while it severely
degrades performance on fine-grained datasets, it yields moderate improvements on coarse-grained
datasets.

This observation may be attributed to the inherent differences in inter-class boundaries. In coarse-
grained datasets, the semantic distinctions between categories are relatively clear-cut, allowing CL
to enhance representation quality without substantially increasing inter-class confusion. In contrast,
fine-grained datasets contain highly similar classes, where CL may disrupt intra-class consistency,
leading to over-separation of semantically close samples and a sharp decline in performance.

C.7 CATEGORY DISCOVERY WITH THE ESTIMATED NUMBER OF CATEGORIES

Performance with Estimated Number of Categories. Following the common practice in exist-
ing literature, we conduct our main experiments using the ground-truth number of categories. In
this section, we report the performance of CURE when using the estimated number of categories,
derived from the off-the-shelf method proposed by Vaze et al. (Vaze et al., 2022a), to simulate sce-
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(a) wtih SEE 

(b) wtihout SEE 

Figure 7: t-SNE and Prototype Similarity Under SEE vs. w/ SEE. t-SNE visualizations show that
SEE enhances inter-class separation while preserving fine-grained semantic neighborhoods. Proto-
type similarity heatmaps indicate that SEE avoids prototype space collapse and maintains meaning-
ful semantic relationships.

narios where the true number of categories is unavailable. Table 20 reports the estimated category
numbers used for evaluation. In Table 21, we compare CURE with SimGCD (Wen et al., 2023),
µGCD (Vaze et al., 2023), GCD (Vaze et al., 2022a), DebGCD (Liu & Han, 2025), and SelEx
(Rastegar et al., 2024) under this setting. Notably, despite a gap of approximately 15% between the
estimated and ground-truth number of classes on CUB-200 and Stanford-Cars, our method exhibits
significantly smaller performance degradation. On CUB-200, for instance, the degradation is less
than 2%. Even when using the same estimated category number across all four datasets, CURE
remains the most competitive method on All Classes, outperforming others on three datasets and
falling behind DebGCD by only 0.2% on ImageNet-100.

D VISUALIZATION

D.1 VISUALIZING FEATURE REPRESENTATIONS ACROSS METHODS

To qualitatively evaluate the learned representations of unlabeled data, we visualize the feature dis-
tributions generated by different methods using t-SNE in a 2D space, as shown in Figure 5. The
representations produced by DINO exhibit highly Unclear distribution with indistinct class bound-
aries. SimGCD partially improves the separability, but still suffers from significant cluster overlap.
In contrast, our proposed method, CURE, demonstrates substantially better intra-class compactness
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and inter-class separability, indicating more discriminative and semantically consistent representa-
tions for novel classes.

Furthermore, it is evident from Figure 5 that CURE preserves semantic relations among similar
categories. Based on the novel/known class partition in Table 22, we observe a strong semantic
connection between the novel class dog and the known class cat, suggesting that our semantic reg-
ularization plays an important role in shaping class-level relations and enabling novel categories to
benefit from the semantic structure encoded by known prototypes.

D.2 CONCEPTUAL COMPARISON WITH EXISTING STATE-OF-ART

Figure 6 presents a conceptual comparison between traditional dual CL methods and our proposed
CURE framework. As shown in subfigure (a), existing approaches typically involve CL between
labeled and unlabeled data, combined with resampling, parametric/non-parametric objectives, or
entropy regularization. These methods all rely on self-supervised CL and its variants to represent
unlabeled data, resulting in features that are not friendly to clustering.

In contrast, as illustrated in subfigure (b), our CURE framework introduces a unified strategy that
combines prototype-based semantic adaptation, entropy-aware bias penalization, and view-level
consistency constraints. This design enables a more coherent and structure-preserving learning pro-
cess, leading to improved generalization on unseen categories. Our method completely avoids this
self-supervised CL by learning the category relationships of known categories, then relying on the
learned semantic structure to expand new categories, refining the prototype representation of new
categories through semantic regularization terms, and finally converting them into representations
of unlabeled data.

D.3 VISUALIZATION OF SEMANTIC STRUCTURE PRESERVATION

To further examine whether SEE preserves semantic structure as intended, we conduct qualitative
visualizations on the fine-grained CUB-200 dataset. We select 15 representative bird categories
and present two complementary forms of analysis: t-SNE embeddings and prototype–prototype
similarity heatmaps.

We extract image features and project them into a 2D space using t-SNE. As shown in Figure 7, the
model trained without SEE exhibits notable feature collapse: semantically related species become
dispersed or entangled, losing neighborhood structure. In contrast, the version with SEE presents
clearer inter-class separation while still maintaining meaningful proximity between visually similar
bird species. This directly indicates that SEE helps preserve fine-grained semantic connection.

To obtain reliable class prototypes, we first perform clustering on the extracted features to suppress
noise. We then match cluster assignments with ground-truth labels and retain only correctly pre-
dicted samples for computing class centers. The resulting similarity matrices are shown in Figure 7.
Without SEE, the prototype similarity map degenerates toward a near-orthogonal structure, suggest-
ing a collapse of semantic relations. With SEE, however, semantically related categories maintain
strong off-diagonal connections, forming meaningful local blocks that reflect true visual similarity.
This confirms that SEE prevents prototype space shrinkage and preserves relational structure across
fine-grained classes.

Together, these visualizations provide strong evidence that SEE effectively maintains semantic con-
sistency while avoiding the over-separation or orthogonalization observed in baseline models.
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