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Abstract

We introduce a label–agnostic paradigm for novel cate-
gory discovery, designed to operate in open-world set-
tings without relying on assumptions about train–test label
space structure. Unlike prior approaches that infer cate-
gories from raw data or align to known labels, our method
retrieves semantically meaningful concepts from a large-
scale, ontology-grounded visual lexicon. This lexicon-
guided framework enables discovery that is both scalable
and semantically coherent. To support this paradigm,
we propose Efficient Probabilistic Sampling (EPS) for
prototype-level semantic querying, contrastive represen-
tation learning for instance and category discrimination,
Adaptive Classifier Assembly (ACA) for dynamic classifier
construction, and a hierarchical prototype–centroid align-
ment strategy for estimating category count. Taken together,
these components instantiate Label-Agnostic Category Dis-
covery (LACD) as a practical and principled solution for
open-world discovery with explicit granularity control. Ex-
tensive experiments on standard benchmarks demonstrate
that LACD exhibits strong clustering performance on spe-
cific unlabeled datasets when supported by a lexicon.

1. Introduction
Category discovery [18, 27, 28, 42] is a fundamental chal-
lenge in computer vision, especially in open-world settings
where novel unlabeled data emerge continuously. Tradi-
tional learning paradigms, including supervised learning
(SL) , semi-supervised learning (SSL) [2, 41], few-shot
learning (FSL) [44], zero-shot learning (ZSL) [34, 48], and
Domain Adaptation (DA) [11] rely on assumptions about
the relationship between training and test label spaces.
These assumptions constrain generalization to predefined
or semantically aligned categories, limiting scalability and
adaptability. More recent efforts in novel category discov-
ery (NCD) [18] and generalized category discovery (GCD)
[42]attempt to relax these constraints by discovering unseen
categories from unlabeled data. However, they still operate
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Figure 1. LACD setting. Cateogry discovery is guided by a visual
lexicon via semantic similarity, transferring inter-class relations
instead of label knowledge to support hierarchical, granularity-
aware discovery.

under disjoint or partially shared label space assumptions.
In this work, we take a more pragmatic view of this prob-

lem. Rather than relying on a task-specific labeled set to-
gether with strong assumptions about how its label space
relates to the target categories [3, 34, 41, 44, 48], we treat
a large-scale ontology as an auxiliary semantic structure,
which we refer to as a visual lexicon, not as supervision
for the task but as a reusable source of semantic priors.
These semantic priors offer weak, soft, and potentially mis-
matched priors, which can guide representation learning
without assuming any explicit alignment between lexicon
categories and the unknown classes in the unlabeled set.

The visual lexicon, illustrated in Figure 1, is constructed
from curated datasets such as ImageNet [8] and organized
into a hierarchical ontology that encodes rich semantic
granularity across visual concepts. In the context of cat-
egory discovery [18, 42], our objective is to identify rele-
vant categories without imposing any assumptions on the
structure or overlap of the label space. To this end, our
method performs semantic retrieval over the structured lex-
icon using a small set of labeled samples, inducing implicit
inter-class relationships that inform representation learning
on unlabeled data. This retrieval-based mechanism enables
category discovery to be grounded in semantic alignment
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Table 1. Comparison of LACD with existing learning paradigms across key capabilities. Symbols: ✓= Fully Supported, ✗= No/ Not
Supported, ✎= Partial/Limited Supported.

Paradigm
Label Space
Assumption

Open-World
Capability

Visual Lexicon
Grounding

Ontology
Use

Adaptive
K

Supervised Learning Identical ✗ ✗ ✗ ✗

Semi-Supervised Learning Identical ✎ ✗ ✗ ✗

Few-Shot Learning Partial ✎ ✗ ✗ ✗

Zero-Shot Learning Disjoint (Semantic Space) ✓ ✗ ✗ ✗

Domain Adaptation Shared or Related ✎ ✗ ✗ ✗

Novel Category Discovery Disjoint ✎ ✗ ✗ ✓

Generalized Category Discovery Shared + Disjoint ✎ ✗ ✗ ✓

LACD (Ours) Agnostic ✓ ✓ ✓ ✓

between the lexicon and the unlabeled data, rather than re-
lying on the label structure of the task-specific dataset.

To contextualize our contribution, we present a compar-
ative analysis across existing learning paradigms (Table 1),
demonstrating that our method uniquely satisfies all five
key criteria. This capability stems from four core compo-
nents. First, we propose Efficient Probabilistic Sampling
(EPS), which performs prototype-level semantic querying
over the visual lexicon and stochastically selects a com-
pact, task-relevant support set. EPS enables efficient su-
pervision in open-world settings, mitigates supervision di-
lution in large class spaces, and gracefully handles lexi-
con–task mismatch by distributing probability mass across
related prototypes. Second, we adopt contrastive learning
to jointly learn instance- and category-discriminative repre-
sentations during semantic retrieval and relation discovery.
Third, we introduce Adaptive Classifier Assembly (ACA),
which episodically constructs task-specific classifiers from
active prototypes and unlabeled centroids, reducing neg-
ative transfer and maintaining alignment with the evolv-
ing structure of the unlabeled data at the target granular-
ity. Lastly, we estimate the number of categories via hierar-
chical clustering, aligning clusters to lexicon prototypes us-
ing Hungarian matching, scoring candidate counts by align-
ment accuracy and centroid similarity, and refining the esti-
mate based on unlabeled-dominant clusters.

Taken together, these components instantiate Label-
Agnostic Category Discovery (LACD) as a practical set-
ting for open-world discovery with explicit granularity con-
trol. Our contributions are threefold: (1) We propose a label
space–agnostic paradigm for category discovery that oper-
ates via semantic retrieval from hierarchical visual lexicons,
enabling discovery without assumptions about label space
structure or overlap; (2) We introduce a suite of mecha-
nisms, including EPS, contrastive representation learning,
and ACA, that collectively support compact, task-relevant
supervision, mitigate supervision dilution, and maintain
alignment with the evolving structure of unlabeled data;
and (3) We develop a hierarchical prototype–centroid align-
ment strategy to estimate the number of categories, lever-
aging Hungarian matching and centroid similarity scoring

to refine discovery under lexicon–task mismatch. We con-
ducted extensive experiments on standard image classifica-
tion benchmarks to evaluate the effectiveness of our pro-
posed Label-Agnostic Category Discovery (LACD).

2. Related work
2.1. Open-Vocabulary Recognition
Open-vocabulary recognition (OVR) [47] builds upon the
alignment between visual and textual representations, aim-
ing to recognize unseen categories through textual descrip-
tions. This task requires strong cross-modal semantic un-
derstanding and alignment, which are typically achieved
by large-scale vision-language pretraining [31]. CLIP [37]
learns a shared embedding space for images and texts
via contrastive learning on a massive collection of im-
age–text pairs, enabling cross-modal semantic alignment
and prompt-based classification. However, CLIP relies
heavily on manually curated data. ALIGN [22] demon-
strates that, with sufficiently large-scale data, the presence
of noise does not necessarily hinder the model’s ability to
learn robust visual-textual representations. In the line of
prompt learning [24, 52], CoOP [53] replaces manually
designed prompts with a set of learnable context vectors,
easing the computational pressure of full fine-tuning. Un-
like methods that use category names directly as textual
prompts, CuPL [35] leverages responses generated by large
language models as class-specific prompts, enriching the
textual representation of each category. VPT [23] further
extends prompt learning to the visual encoder, keeping the
backbone frozen while introducing a small number of learn-
able parameters to adjust the Vision Transformer[10] input,
achieving efficient adaptation.

2.2. Category Discovery
Category discovery abandons the assumption that unlabeled
samples share the same label space as the labeled data
[18]. Instead, it aims to represent and cluster unlabeled data
belonging to related but disjoint semantic spaces, guided
by the structure learned from labeled data. In the ab-
sence of explicit category supervision, representation learn-
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ing for unlabeled data primarily relies on pairwise relation-
ships among samples . Early studies [19–21, 51] focused
on designing efficient pairwise pseudo-labeling strategies
from statistical [17, 18, 51] perspectives. Some approaches
[12, 40] further assumed the number of classes to be given
and employed the Sinkhorn-knopp(SK) [6] algorithm to
generate pseudo-labels, often incorporating residual learn-
ing [30], or prototype learning [49] to enhance clustering
performance.

GCD [42] explicitly defines the labeled class space as
a subset of the unlabeled one, significantly increasing the
task’s complexity. Its joint supervised [25] and unsuper-
vised [16] contrastive learning on latent representations has
become a foundation for subsequent research. Building
upon this framework, PrCAL further incorporates prompt-
driven feature enhancement; CMS [5] alleviates the strong
repulsion towards negative samples in unsupervised con-
trastive learning through the mean-shift strategy [13], and
SelEX [38] introduces a hierarchical architecture that as-
signs relevance weights to samples; SimGCD [46] adopts
a prototype-based representation framework; SPTNet [43]
leverages visual prompt learning to enhance image rep-
resentations and DebGCD [29] mitigates the pseudo-label
bias in self-distillation by introducing an additional debias-
ing classifier.

3. Label-Agnostic Category Discovery

3.1. Task Definition

The overarching goal of the proposed LACD is to dis-
cover semantic categories in unlabeled data by leveraging
retrieval from a fundamental visual lexicon, without rely-
ing on label supervision or label space relationships. Let
V = (C, T ,XG) denote a hierarchical visual lexicon de-
rived from a large-scale dataset, where C is a set of la-
beled categories, T is a coarse-to-fine taxonomy over C,
and XG = {(xl

i, y
G
i )}Ni=1 is a labeled dataset with yGi ∈ C.

The taxonomy T defines G granularities {C(1), . . . , C(G)},
ranging from coarse (g = 1) to fine (g = G), forming
a disjoint cover

⊎G
g=1 C(g) = C, with parent–child edges

C(g) → C(g+1).
Given an unlabeled task set XU = {xu

j }nj=1, a target
granularity g⋆ ∈ {1, . . . , G} (e.g., “Animal vs. Vehicle” at
a coarse level or “bird species” at a fine level), the goal is to
cluster XU at granularity g⋆. Concretely, the task proceeds
by retrieving a compact subset of lexicon categories CS ⊆
C(g⋆) and their associated labeled samples: XS = {xG

i |
yGi ∈ CS}ni=1 that are most relevant to XU . Using XS and
XU , the objective is to learn g⋆-consistent representations
to retrieve a relevant subset CS ⊆ C(g⋆) and produce cluster
assignments Q = {qj}nj=1 for XU , where qj ∈ {1, . . . ,K}
and K is inferred from data.

3.2. Efficient Probabilistic Sampling
The key to realizing LACD lies in effectively identifying
and efficiently retrieving category-relevant knowledge from
the visual lexicon. Strong category-relevant relations can
be established by comparing similarities between unlabeled
instances and lexicon categories. Building on the success
of GCD [42], we adopt a Vision Transformer (ViT-B/16)
[9] pretrained with DINO self-supervision on unlabeled
ImageNet-1K [4] as the backbone. This backbone induces
holistic global representations, fθ : X → Rd, which pro-
vide strong instance-level discrimination and guide the con-
struction of semantic prototypes {p(g⋆)

c }c∈C(g⋆) at the target
granularity g⋆.

Given the category set C(g⋆) at granularity g⋆, we specif-
ically construct one semantic prototype for each category
c ∈ C(g⋆). Formally,

p(g⋆)
c =

1∣∣X (c,g⋆)
G

∣∣ ∑
(xl

i,y
g⋆

i )∈X (c,g⋆)
G

fθ(x
l
i), c ∈ C(g⋆),

(1)
where X (c,g⋆)

G = {(xi, y
g⋆

i ) ∈ XG | yg
⋆

i = c}.
For each unlabeled instance xu

j , we extract its represen-
tation vu

j = fθ(x
u
j ) and compute cosine similarities to all

prototypes at granularity g⋆ through

sj,c = sim(vu
j ,p

(g⋆)
c ) = v̂u⊤

j p̂(g⋆)
c , c ∈ C(g⋆). (2)

We then convert these similarities into a temperature-scaled
softmax distribution

wj,c =
exp

(
sj,c/τ

)∑
c′∈C(g⋆) exp

(
sj,c′/τ

) , (3)

where wj,c represents the softmax weight over category c
for instance xu

j .
While contemporary retrieval methods [7, 14] offer sub-

linear or otherwise improved per-query cost compared to
brute-force search, the cumulative cost in LACD becomes
prohibitive. This is because retrieval must be performed for
every unlabeled instance at each training epoch, and suffi-
cient epochs are required to achieve precise category align-
ment.

To mitigate this cost, we propose an efficient probabilis-
tic sampling (EPS) strategy. For each unlabeled instance
xu
j , we sample one category from the softmax distribution

cj ∼ Cat
(
{wj,c}c∈C(g⋆)

)
. (4)

Then, we uniformly sample one labeled instance from the
corresponding category pool to form the support set

Ij ∼ Uniform
(
X (cj ,g

⋆)
L , 1

)
, (5)

where Ij denotes the jth support instance. This sampling
enables the transfer of visual-lexicon priors to unlabeled
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Figure 2. Pipeline Overview of LACD: We inject semantic priors via a Visual Lexicon. At the target granularity, we first perform a one-time
initialization by extracting features from lexicon entries with a pretrained backbone and computing prototypes, which serve as structured
semantic anchors. During training, unlabeled samples query these prototypes to retrieve visually consistent neighbors, yielding a candidate
categories. Guided by the retrieved candidates, we sample data from the lexicon and conduct joint contrastive learning. On top of this, we
assemble the classifier using both the prototypes of the candidate categories and the cluster centroids estimated from the unlabeled data.
Finally, we apply self-distillation to regularize the classifier and features, improving stability and alignment.

data at the target granularity g⋆, facilitating contrastive
learning to discover between-class relations at this granu-
larity.

Complexity and Scalability. Let n = |XU | be the number
of unlabeled instances and d the feature dimension. Com-
puting similarities in Eq. (2) incurs a cost of O

(
n |C(g⋆)| d

)
per iteration. Sampling s categories and one instance per
category costs O

(
n (s + 1)

)
, which is negligible com-

pared to the similarity computation. By contrast, exhaustive
instance-level retrieval scales as O

(
n |XL| d

)
per iteration.

Since typically |C(g⋆)| ≪ |XL|, our EPS design yields an
approximate speedup of O

(
|XL|/|C(g⋆)|

)
while preserving

lexicon guidance.
Moreover, the stochastic sampling strategy is robust-by-

design to lexicon–task mismatch: even when no exact cat-
egory exists in the lexicon, probability mass is softly dis-
tributed over semantically related prototypes. This miti-
gates retrieval noise and injects semantic diversity, both of
which are beneficial for category discovery.

3.3. Contrastive Representation Learning
Effective retrieval and relation alignment require feature
representations that are both instance-discriminative and
category-discriminative, achieved through joint supervised
and unsupervised contrastive learning. Given an unlabeled
mini-batch BU = {xu

j }Bj=1, EPS selects a labeled mini-

batch of equal size, BL = {(xl
i, y

g⋆

i )}Bi=1, with labels re-

stricted to C(g⋆), reducing the in-batch label space relative
to the full lexicon and mitigating supervision dilution.

Let hϕ denote an MLP projection head. For the labeled
batch BL, we apply a supervised contrastive loss to promote
category-level consistency. Specifically, for each anchor xl

i

we pull together all other instances in the batch with the
same label and push apart those with different labels

Lsup =
1

B

∑
xl
i∈BL

−1

|P(xl
i)|

∑
j∈P(xl

i)

log
exp

(
z⊤i zj/τs

)∑
q∈BL\{xl

i}
exp

(
z⊤i zq/τs

) ,
(6)

where P(xl
i) = {xl

j ∈ BL | y
(g⋆)
j = y

(g⋆)
i , j ̸= i},

zi = (hϕ ◦ fθ)(x
l
i), and τs is a temperature hyperparame-

ter. This promotes within-class consistency and encourages
separation among semantically related classes at the target
granularity g⋆.

To complement this, we apply an unsupervised InfoNCE
loss to encourage instance-level discrimination. This objec-
tive pulls together different views of the same image while
pushing apart views of other images in the batch. Specifi-
cally, let B = BU ∪{xl

i}Bi=1 be the combined batch of unla-
beled and sampled labeled instances, and draw two stochas-
tic views per image. For each x ∈ B, let x′ denote its cor-
responding augmented view. The unsupervised InfoNCE
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objective is then defined as

Lun =
1

|B|
∑
xi∈B

− log
exp

(
z⊤i z

′
i

)∑
j∈B\{xi}

exp
(
z⊤i zj

) , (7)

where zi = (hϕ◦fθ)(xi) and z′i = (hϕ◦fθ)(x′
i) are the pro-

jected representations of the original and augmented views,
respectively.

Together, these objectives ensure that the learned fea-
tures are both semantically aligned and robust to instance-
level variation. The combined contrastive loss is

Lrep = Lsup + Lun. (8)

3.4. Adaptive Classifier Assembly
Based on the learned representations, we construct an
Adaptive Classifier Assembly (ACA) aligned with granular-
ity g⋆, parameterized by lexicon prototypes and unlabeled
cluster centroids. Concretely, at each iteration, we com-
pute ℓ2-normalized features for the full unlabeled set XU

using fθ, yielding VU = {vu
j }nj=1, where n = |XU |. We

specifically apply hierarchical clustering with Ward link-
age [45] on VU to obtain cluster assignments {qj} and cen-
troids {p̂k}, indexed by Kt for the current iteration.

From the labeled batch BL = {(xl
i, y

g⋆

i )}Bi=1, we iden-
tify the set of active granularity-g⋆ categories

YB = Unique
(
{yg

⋆

i | xl
i ∈ BL}

)
. (9)

We then assemble the classifier by concatenating the cor-
responding lexicon prototypes and the cluster centroids

W =
[
{p(g⋆)

c }c∈YB
∪ {p̂k}k∈Kt

]
, (10)

T = |YB |+ |Kt|, (11)

where W ∈ Rd×T is the assembled classifier head contain-
ing T semantic anchors.

We use the ACA to classify normalized embeddings vi

by computing logits and predictions as follows:

oi =
W⊤vi

τo
, p

(t)
i =

exp
(
o
(t)
i

)∑T
t=1 exp

(
o
(t)
i

) , (12)

where τo is the output temperature, and p
(t)
i denotes the pre-

dicted probability for class t.
For labeled instances in BL, we apply a standard cross-

entropy loss:

Ls
cls = − 1

B

∑
xj∈BL

T∑
t=1

y
(t)
j log p

(t)
j , (13)

where y
(t)
j is the one-hot ground truth label for class t.

For unlabeled instances and their augmented views, we
generate pseudo-labels p̃j using a lower temperature to
sharpen the output distribution. The unsupervised classi-
fication loss is:

Lu
cls = − 1

|B|
∑
xj∈B

T∑
t=1

p̃
(t)
j log p

(t)
j , (14)

where q
(t)
j is the pseudo-label distribution for class t.

To encourage confident and diverse predictions, we in-
clude a mini-batch mean-entropy maximization regular-
izer [1]. Let M = |B| and define the mean prediction:

p̄ =
1

2M

M∑
i=1

(
pi + p′

i

)
, (15)

where pi and p′
i are the predictions for the original and aug-

mented views of instance i. We then maximize the entropy:

H(p̄) = −
T∑

t=1

p̄t log p̄t. (16)

The full classification objective is:

Lcls = Ls
cls + Lu

cls −H(p̄), (17)

and the overall training objective combines representation
learning and classification:

L = Lrep + Lcls. (18)

After each update, prototypes return to the pool, and the
ACA is re-assembled using only the currently active cat-
egories and clusters. This episodic assembly exposes the
model to a compact, task-relevant label space, reducing neg-
ative transfer from irrelevant classes and strengthening re-
lation discovery at granularity g⋆.

3.5. Estimating Category Cardinality
Our LACD operates with a proxy labeled set retrieved from
a visual lexicon, which is typically misaligned with the true
open-world category space. As a consequence, selecting the
number of clusters K solely based on clustering accuracy
over proxy labels can be misleading. For instance, when
a novel class is mistakenly merged into a proxy category,
the clustering accuracy may remain unchanged, introducing
substantial bias in estimating K.

To address this, we propose a hierarchical cluster-
ing–based estimator for the number of categories. It assigns
a distance-weighted score to each candidate centroid dur-
ing clustering and generates the final estimate based on the
proportion of unlabeled data assigned to each cluster.

We perform hierarchical clustering on the combined set
XU ∪ XS . For a given candidate number of clusters k, let
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Table 2. Results on six benchmark datasets. Bolding indicates the best result and and the second-best score is underlined.

CUB-200 Pet Flower Food Caltech256 Indoor

Method ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI ACC NMI ARI

Kmeans 35.8 0.66 0.22 73.0 0.84 0.67 64.3 0.82 0.48 39.1 0.55 0.22 64.7 0.81 0.52 46.9 0.63 0.35

Take open-image V4 as the visual lexicon
GCD 31.3 0.62 0.18 71.7 0.85 0.67 66.0 0.83 0.50 40.0 0.57 0.24 62.4 0.79 0.51 49.0 0.64 0.36
NCE 29.7 0.61 0.17 70.7 0.83 0.63 62.8 0.83 0.48 41.4 0.59 0.26 59.6 0.78 0.49 47.5 0.64 0.36

LACD 33.3 0.63 0.20 76.2 0.84 0.69 81.4 0.92 0.73 41.6 0.57 0.24 67.1 0.83 0.54 51.8 0.67 0.4

Take ImageNet-1K as the visual lexicon
GCD 35.1 0.65 0.22 75.7 0.86 0.7 65.5 0.84 0.53 39.0 0.57 0.23 67.0 0.82 0.56 50.0 0.66 0.38
NCE 29.4 0.61 0.17 74.8 0.85 0.69 66.4 0.84 0.52 39.1 0.56 0.23 60.8 0.78 0.48 47.4 0.64 0.36

LACD 52.0 0.76 0.4 86.8 0.90 0.81 83.6 0.92 0.74 40.0 0.58 0.25 70.5 0.84 0.58 52.4 0.68 0.41

p̂ki denote the predicted cluster assignment for sample xi.
We compute two optimal permutations via the Hungarian
algorithm, an instance-level permutation πx that aligns per-
sample predictions with the labeled set CS , and a centroid-
level permutation πu that aligns predicted cluster centroids
with class centroids from CS

Using these, we compute the alignment accuracy

Acc(k) =
1

|XS |
∑

xi∈XS

1
{
yi = πx

(
p̂ki
)}

. (19)

The estimated number of classes is then given by:

K̂ = argmax
k

Acc(k) ·
(
c⊤i πu(ĉ

k
i )
)
, (20)

where the second term represents the optimal matching sim-
ilarity between predicted cluster centers and class centroids.

Given an overclustering with K̂ predicted clusters, we
identify novel categories as those clusters dominated by
unlabeled samples. For each predicted cluster k ∈
{1, . . . , K̂}, let nU (k) and nL(k) denote the number of un-
labeled and labeled samples in cluster k, respectively. We
define the number of novel clusters as:

Kn =
K̂∑

k=1

1{nU (k) > nL(k)}. (21)

Finally, the adjusted estimate of the total number of
classes is:

K̃ = K̂ − |CS |+Kn, (22)

where CS is the set of known proxy categories. This formu-
lation accounts for both known and newly discovered cat-
egories, yielding a more robust estimate of the open-world
label space.

4. Experiment
4.1. Experimental Setup
Datasets. To assess the proposed approach for LACD, we
conduct extensive evaluations on six public benchmarks

(CUB-200 [39], Pet [33], Flower [32], Food [50], Cal-
tech256 [15], Indoor [36]). We use ImageNet-1K [8] and
Open Images V4 [26] as the Visual Lexicon (VL) to provide
prior category knowledge for unlabeled data. To mitigate
confounds introduced by hierarchical taxonomies, all ex-
periments adopt the finest-grained category splits available
in these large-scale datasets. In the LACD setting, ground-
truth labels for the target tasks are unavailable; therefore, we
retrieve from the VL a labeled category set matched in gran-
ularity g⋆ and cardinality to the unlabeled set, from which
we derive class priors and discriminative prototypes.

Evaluation Protocol. To comprehensively evaluate the
performance, we adopt three widely used metrics: Clus-
tering Accuracy (ACC), Normalized Mutual Information
(NMI), and Adjusted Rand Index (ARI). These metrics
jointly assess the consistency between predicted cluster as-
signments and ground-truth labels from different perspec-
tives, providing a holistic evaluation of clustering quality.

Implementation Details. Motivated by the empirical
observation from GCD that Vision Transformers are effec-
tive for clustering, we adopt a DINO-pretrained ViT-B/16
as the backbone and use its 768-d [CLS] token as the global
representation. During training, we fine-tune only the last
block of the backbone. A DINO head further maps the rep-
resentation to a 256-d embedding for contrastive learning.

We follow standard temperature settings with τs = 0.1
and τ = 0.04. Additionally, τo is linearly decayed from
0.07 to 0.04 over the first 30 epochs. We train with a batch
size of 128. The initial learning rates are 0.1 for the DINO
head and 0.01 for the backbone, both decayed to 1 × 10−5

using cosine scheduling. For fair comparison, each dataset
is trained for 100 epochs, and we use the last-epoch check-
point for evaluation. All experiments are conducted on
NVIDIA GeForce RTX 3090 GPUs.

4.2. Comparison with Baseline
Open-world class discovery typically follows two lines:
contrastive learning and prototype learning. We first as-
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Table 3. Ablation study on the different components of our ap-
proach for LACD.

Unsup. Sup. EPS ACA
CUB-200 Pet

ACC NMI ARI ACC NMI ARI

(1) ✗ ✗ ✗ ✗ 35.8 0.66 0.22 73.0 0.84 0.67
(2) ✓ ✗ ✗ ✗ 33.0 0.64 0.20 71.9 0.84 0.66
(3) ✓ ✓ ✗ ✗ 37.9 0.68 0.26 74.8 0.86 0.70
(4) ✓ ✓ ✓ ✗ 47.3 0.74 0.35 77.6 0.88 0.73
(5) ✓ ✓ ✓ ✓ 52.0 0.76 0.40 86.8 0.90 0.81

Table 4. The impact of joint training on CUB-200 and Pet

CUB-200 Pet

Method ACC NMI ARI ACC NMI ARI
w/o rep joint 50.2 0.75 0.39 86.1 0.90 0.80
only unlabeled 47.0 0.73 0.36 85.7 0.89 0.79
w/o cls joint 48.7 0.75 0.37 71.5 0.81 0.62
ours 52.0 0.76 0.40 86.8 0.90 0.81

sess prototype-based methods under our LACD framework
and find poor compatibility: even with targeted adaptations
inspired by SimGCD, these methods still conflict with our
setting, leading to unstable transfer to LACD. Therefore,
we compare three representative baselines: KMeans (classi-
cal clustering), NCE (unsupervised contrastive fine-tuning),
and an adapted version of GCD. To study the effect of the
VL, we use Open-Images V4 and ImageNet-1K as VLs and
evaluate all methods under a unified protocol on six bench-
marks (as shown in Tab. 2).

Open-Images is originally a multi-label classification
benchmark. To meet LACD’s requirement, we recon-
struct it into a 492-class single-label lexicon. However,
intra-image label interference and a weaker class hierar-
chy than ImageNet substantially degrade overall results
when using Open-Images as the VL (upper half of Tab. 2).
WithOpen-Images as VL, LACD achieves 41.4/0.59/0.26
(ACC/NMI/ARI) on Food. Fine-grained inspection shows
that Open-Images adopts food-related criteria that better
align with the taxonomy of Food, yielding a more favor-
able target granularity match. This indicates that LACD is
highly sensitive to the target granularity and the VL should
be chosen accordingly.

Overall, NCE brings limited gains and can even damage
class separability and Kmeans achieved an ACC of 35.8%
on CUB-200, while NCE scored only 29.7% and 29.4% un-
der the two VLs respectively. GCD is also constrained un-
der LACD, primarily because the per-mini-batch supervi-
sion density from the VL is much lower than in its default
setting, rendering the usual “joint contrastive + supervised
guidance” nearly ineffective. These observations suggest
that directly transplanting labels from a VL to assist unla-
beled clustering is inefficient here, underscoring the neces-
sity of the LACD task and method.

Table 5. Estimation of the of categories on public benchmarks.

CUB-200 Pet Flower Food Caltech256 Indoor
GT 200 37 102 100 257 67
K̂ 328 50 192 123 320 106
|CS | 150 20 100 50 150 50
K̃ 197 38 100 84 208 71
error 1.5% 2.7% 0.2% 16.0% 18.7% 6.0%

4.3. Ablation Study
In this subsection, we conduct a comprehensive analysis of
each component of proposed method in Tab. 3.

Representation Learning with EPS. The first three
rows of Tab. 3 show that plain unsupervised contrastive
learning weakens the pretrained model’s ability to preserve
general features learned from large-scale unlabeled data,
and it entirely ignores the rich labels available in the VL.
Although supervised contrastive learning introduces labels,
the supervision signal becomes ineffective to transfer when
the VL spans an extremely large class space. The pro-
posed PLS module focuses the learning supervised signal
on highly relevant classes, thereby strengthening supervised
contrastive modeling of inter-class relations and its trans-
ferability to unlabeled representations. As reported in the
third/fourth rows of Tab. 3, adding PLS improves the ACC
by 9.4% on CUB-200 and 2.8% on Pet.

The Impact of ACA. The proposed Adaptive Classifier
Assembly breaks the constraint of a fixed classifier head by
dynamically identifying and assembling active prototypes
with cluster centroids into the classifier. This substantially
enhances the transfer of labeled information to unlabeled
data. With A2C, the ACC reaches 52.8% on CUB-200 and
86.8% on Pet.

The Impact of Joint Training. Tab. 4 compares three
settings: (i) unsupervised contrastive learning on unlabeled
data only; (ii) joint representation learning on mixed mini-
batches of labeled and unlabeled data without applying
pseudo-supervision to the labeled data; and (iii) on top of
(ii), adding pseudo-supervised learning on the labeled data.
Results indicate that joint training at the representation level
is critical. Such as, the ACC increases from 47.0% to 52.0%
on CUB-200. Moreover, pseudo-supervision on the labeled
data yields further gains. The ACC improves from 71.5%
to 86.8% on Pet. Together, these two factors constitute the
main sources of our overall performance improvements.

4.4. Estimating the Number of Classes
We report in Tab. 5 the results of estimating the number
of classes using selected labeled categories as anchors. We
find that the number of relevant categories is the key fac-
tor for class-number estimation, and we provide a practical
selection procedure in the Appendix. By referring to both
Tab. 2 and Tab. 5, it is clearly that datasets with smaller
gains on performance tend to exhibit larger estimation er-
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(a) DINO (b) Warm up (c) Last epoch

Figure 3. The t-SNE visualizations of the 25 dog classes and 12 cat classes from the PET dataset are shown in red and blue, respectively,
across various stages. The initial model and simple warm-up can only distinguish the coarse-grained concepts of cats and dogs. However,
our method effectively differentiates fine-grained semantics, forming well-defined, closely-knit clusters.

(a) DINO (Flower) (b) Warmup (Flower)

(c) DINO (CUB-200) (d) Warmup (CUB-200)

Figure 4. Distribution of selected labeled samples. Class-wise
sample Distribution of top-10 categories with different τ for
Flower and CUB-200, using ImageNet as the visual lexicon.

rors, and the relative error on Flower is only 0.2%, whereas
on Caltech it reaches 18.7%.

4.5. Visualization

Sample-Distribution Visualization. Under the LACD set-
ting, labels are unavailable, thus a validation split for hyper-
parameter selection cannot be constructed. We therefore re-
sort to visualization to choose key hyperparameters. For the
temperature τo, which governs the selection of the labeled
relevant subset, we plot on CUB-200 and Flower the class
distribution and sample-count distribution of the selected la-
beled subset at both the initial stage and after the warm-up
phase, under different τo values (see Fig. 4). Within the
commonly used range, setting τo = 0.04 stably retrieves
classes aligned with the target granularity, avoiding over-

concentration on a single class while preventing an overly
dispersed selection that would dilute the supervision signal.

t-SNE Visualization of Representations. As shown in
Fig. 3, we visualize the embeddings on Pet across training
stages using t-SNE. After the warm-up fine-tuning, the em-
bedding space exhibits limited separability for fine-grained
classes and primarily reflects the coarse super-class distinc-
tion between cat and dog. In contrast, our method yields
clear inter-class boundaries and compact clusters at the
fine-grained level, indicating that the model’s discrimina-
tive ability moves beyond coarse concepts to truly capture
fine-grained category structure, thereby validating the effec-
tiveness of LACD in granularity alignment.

5. Conclusion

We introduced Label-Agnostic Category Discovery
(LACD), a paradigm designed to address the limitations of
traditional and recent learning frameworks in open-world
category discovery. By discarding assumptions about label
space structure, LACD enables discovery grounded in
semantic alignment rather than direct label transfer. Lever-
aging a hierarchical visual lexicon, our method retrieves
task-relevant concepts through Efficient Probabilistic Sam-
pling (EPS), learns robust representations via contrastive
learning, dynamically assembles classifiers with Adap-
tive Classifier Assembly (ACA), and estimates category
count through prototype–centroid alignment. Together,
these components form a principled pipeline for scalable,
granularity-aware discovery. Extensive experiments across
standard benchmarks validate LACD as a practical and
effective alternative to existing paradigms, consistently
outperforming them in discovering novel categories under
open-world conditions.
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