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Abstract

Generalized Category Discovery (GCD) aims to identify
both known and novel categories in unlabeled data by lever-
aging knowledge from labeled datasets. Current methods
employ supervised contrastive learning on labeled data to
capture known category structures but neglect unlabeled
data, limiting their effectiveness in classifying novel classes,
especially in fine-grained open-set detection where subtle
class differences are crucial. To address this issue, we
propose a novel learning approach, AllGCD, which seam-
lessly integrates all unlabeled data into contrastive learn-
ing to enhance the discrimination of novel classes. Specif-
ically, we introduce two key techniques: Intra-class Con-
trast in Labeled Data (Intra-CL) and Inter-class Contrast
in Unlabeled Data (Inter-CU). Intra-CL first refines intra-
class compactness within known categories by integrating
potential known samples into labeled data. This process
refines the decision boundaries of known categories, reduc-
ing ambiguity when distinguishing novel categories. Build-
ing on this, Inter-CU further strengthens inter-class sep-
aration between known and novel categories by applying
global contrastive learning to the class distribution in the
unlabeled data. By jointly leveraging Intra-CL and Inter-
CU, AllGCD effectively improves both intra-class compact-
ness and inter-class separation, effectively enhancing the
discriminability between known and novel classes. Ex-
periments demonstrate that AllGCD significantly improves
novel classes accuracy, e.g., achieving increases of 7.4% on
CUB and 7.5% on Stanford Cars.

1. Introduction
Deep learning has achieved outstanding performance in
computer vision tasks [4, 7, 15, 31, 32, 36, 40], especially
in image classification [14, 16, 20, 33, 34, 36]. However,
most conventional methods are developed in a closed set-
ting where all training and test data belong to pre-defined
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(b) Attentions w/o unlabeled data

Figure 1. Comparison of ‘New’ accuracy and attention w/o
unlabeled data in supervised contrastive learning (S-CL). (a)
reveals that S-CL solely with labeled data fails to classify novel
samples (orange bar vs. blue bar) in the baseline SimGCD. In
contrast, our method with unlabeled data (green bar) significantly
improves accuracy. (b) shows that our AllGCD highlights more
class-specific object regions by incorporating unlabeled data.

(known) classes. It weakens the capability of these meth-
ods to handle novel categories, limiting the scope of their
applications [8, 11, 26, 46]. To overcome this issue, the
Generalized Category Discovery (GCD) paradigm [1, 3, 28,
41, 44, 45, 49, 50] was introduced for open-world learn-
ing. It identifies both known and novel categories from un-
labeled data by leveraging knowledge learned from labeled
data with known classes.

A key strategy for discovering novel classes is to trans-
fer knowledge from labeled data to promote the learn-
ing of novel classes. Based on this idea, previous GCD
methods [3, 41, 42, 44, 45] utilize contrastive learning
[17, 39] to learn the representations of classification within
labeled data. Initially, Vaze et al. [41] adopt a two-stage
pipeline: contrastive learning for representation, followed
by k-means for classifying unlabeled data. However, clus-
tering becomes computationally expensive as data scales.
To reduce this, Wen et al. [45] proposed SimGCD, a para-
metric approach that replaces clustering with a classifier
and learns class prototypes via joint contrastive learning.
Building on this, Wang et al. [44] enhanced SimGCD with
data prompts for better performance, while Cao et al. [3]
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addressed SimGCD’s limitation in retaining known-class
knowledge during transfer by introducing a regularization
that improves both known and novel class performance.

Despite advancements in parametric methods, recent
studies reveal that supervised contrastive learning (S-CL),
a key component of contrastive learning, has a limited ef-
fect in discovering novel classes. This is evident from the
SimGCD baseline in Fig. 1a, where ‘New’ accuracy shows
little improvement between that without S-CL and S-CL
with only labeled data (orange vs blue bars) across both
fine-grained and general datasets. In particular, accuracy
even slightly declines when S-CL is limited to labeled data,
as observed in Stanford Cars and CIFAR100. This indicates
that current S-CL methods, constrained to labeled data, are
inadequate for discovering novel classes, as the labeled data
encompass only known classes and omit the novel ones.
Therefore, the key to improving the discovery of novel cat-
egories is to incorporate unlabeled data into S-CL, as it con-
tains both known and novel samples.

Motivated by this observation, we propose AllGCD, a
straightforward approach that integrates all unlabeled data
into contrastive learning to facilitate the novel category dis-
covery. Specifically, AllGCD comprises two main compo-
nents: Intra-class Contrast in Labeled Data (Intra-CL) and
Inter-class Contrast in Unlabeled Data (Inter-CU). To es-
tablish a stronger foundation for Inter-CU, Intra-CL first
enhances intra-class compactness within known categories
by incorporating potential known samples from unlabeled
data into the labeled data. Building on this refined knowl-
edge, Inter-CU further improves inter-class separation be-
tween known and novel categories through global con-
trastive learning on their class distribution in unlabeled data.
Finally, by combining Intra-CL and Inter-CU, we signifi-
cantly improve novel category representations, as shown by
the green bar in Fig. 1a.

We validate our approach on six datasets, includ-
ing three fine-grained datasets (CUB [43], Stanford Cars
[18], FGVC-Aircraft [25]), three generic image recognition
datasets (CIFAR100 [19] and ImageNet-100 [6]), and the
challenging Herbarium-19 dataset [37]. As shown in Fig.
1a, our method outperforms strong baselines in recogniz-
ing novel (‘New’) classes, with a 7.4% improvement over
SimGCD on CUB. Additionally, Fig. 1b highlights that All-
GCD focuses on more class-specific regions than the base-
line. In summary, our main contributions are as follows:
• We propose AllGCD to overcome the limitations of con-

trastive learning in parametric methods by utilizing all un-
labeled data for novel class discovery.

• We introduce Intra-class Contrast in Labeled Data (Intra-
CL) to enhance intra-class compactness within known
categories by incorporating potential known samples
from unlabeled data into the labeled data.

• Building on this refined knowledge, we design Inter-class

Contrast in Unlabeled Data (Inter-CU) to improve inter-
class separation between known and novel categories by
leveraging the global class distribution in unlabeled data.

• Extensive results show that our method significantly im-
proves the performance on novel classes, achieving a
7.4% increase on CUB compared to the baseline.

2. Related Works
Novel Category Discovery (NCD) [12] assumes unlabeled
data contains only novel classes and was first formalized as
deep transfer clustering, where novel classes are clustered
using knowledge from known classes. Various methods ad-
dress this challenge, including Han et al. [12, 13] who use
self-supervised learning and ranking statistics for knowl-
edge transfer, Zhong et al. [52] who propose a mixup strat-
egy [48] to combine old and novel classes, Gu et al. [10]
who introduce a knowledge distillation framework for reg-
ularizing novel class learning, Zang et al. [47] who transfer
knowledge from a source domain to a label-scarce target
domain without label constraints, and Liu et al. [23] who
apply NCD in ultra-fine-grained visual categorization.
Generalized Category Discovery (GCD) [41] extends
NCD by assuming that unlabeled data also contains known
class images. Vaze et al. [41] formalize this with contrastive
learning in representation space during training and cluster-
ing at inference. To reduce clustering cost, Wen et al. [45]
introduce SimGCD, using a parametric classifier to learn
class representation centers, serving as a strong baseline.
Cao et al. [3] note SimGCD’s issue of forgetting known
classes while learning novel ones, proposing entropy reg-
ularization for potential known samples. Wang et al. [44]
further extend SimGCD by optimizing model and data pa-
rameters for better alignment with the GCD task. Despite
their performance, these methods rely on limited labeled
images, constraining novel class discovery.
Contrastive learning (CL) spans unsupervised [39] and su-
pervised [17] variants for learning from unlabeled and la-
beled data, respectively. Unsupervised CL treats two aug-
mented views of the same image as positives and all others
as negatives, while supervised CL (S-CL) considers sam-
ples from the same class as positives. Vaze et al. [41]
first combine both in GCD to enhance image representa-
tions. Choi et al. [5] employ mean-shifted embeddings
for CL, and Pu et al. [28] propose DCCL, which explores
conceptual-level CL to model relations between known and
novel categories. However, these methods primarily apply
S-CL within non-parametric GCD frameworks. In contrast,
recent parametric approaches [3, 44, 45] demonstrate that
S-CL can effectively train classifiers by learning class pro-
totypes. Nonetheless, these works still rely heavily on lim-
ited labeled data, underutilizing the rich supervision signal
from abundant unlabeled samples, which ultimately con-
strains the full potential of contrastive learning.
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3. Preliminaries and Analysis
3.1. GCD setting and training
Problem Formulation. Unlike traditional closed-set classi-
fication, where training and test classes coincide (Yl), GCD
aims to identify novel classes Yu in the test data. Given
labeled dataset Dl = {(xi, yi)} ⊂ X × Yl and unlabeled
dataset Du = {(xi, yi)} ⊂ X × Yu, GCD seeks to clas-
sify both known and novel samples in Du using knowledge
from Dl. The total class number K = |Yl ∪ Yu| is assumed
known, following prior work [3, 9, 13, 44, 45].
Architecture. SimGCD [45] consists of a Vision Trans-
former (ViT) encoder [7], denoted as Φ, along with a classi-
fication head f to generate pseudo-labels for self-distillation
[2, 4], and a multi-layer perception (MLP) projection head
g for representation contrastive learning.
Representation Learning. To learn representations for dis-
tinguishing samples, Vaze et al. [41] apply unsupervised
contrastive learning across all data and supervised con-
trastive learning (S-CL) on labeled data. Given two views,
xi and x′

i, of an identical image as a positive pair in a mini-
batch B, the unsupervised contrastive loss encourages their
representations to be close in an unsupervised manner:

Lu
rep =

1
|B|

∑

i∈B

− log
exp (zi · z′

i/τu)∑
n∈B,n #=i exp (zi · z′

n/τu)
, (1)

where zi = g ◦ Φ(xi) and τu is a temperature. Meanwhile,
the supervised contrastive loss minimizes the distance be-
tween same-class samples in feature space, defined as:

Ls
rep =

1
|Bl|

∑

i∈Bl

1
|Ni|

∑

q∈Ni

−log
exp

(
zi ·z′

q/τc
)

∑
n∈B,n#=iexp(zi ·z′

n/τc)
,

(2)
where Bl is the labeled subset of B, and Ni is the set of
images with the same label as xi. The overall contrastive
learning loss for representation is:

Lrep = (1 − λ)Lu
rep + λLs

rep, (3)

where λ controls the balance between unsupervised and su-
pervised contrastive learning.
Parametric Clustering. Instead of the time-consuming k-
means, Wen et al. [45] propose an efficient parametric clas-
sifier f using a set of prototypes C = {c1, . . . , cK}, where
K is the total classes number. For an image view xi, the
prediction is made by calculating the cosine similarity be-
tween its feature, Φ(xi), and each prototype ck:

p(k)
i =

exp (cos (Φ (xi) , ck) /τs)∑
k′ exp (cos (Φ (xi) , ck′) /τs)

. (4)

Similarly, the soft pseudo-labels q′
i for another view x′

i are
obtained using a smaller τt, and the cross-entropy loss is

applied for prototype learning using these pseudo-labels q′
i:

Lu
dis = −

1
|B|

∑

i∈B

∑

k

q′(k) log p(k). (5)

Additionally, SimGCD employs a class mean entropy regu-
larization [2], H(p) = −

∑
k p(k) log p(k), where p is the

batch-wise class-average prediction, forcing the model to
focus on novel classes. The total classifier is:

Lcls = λLs
cls + (1 − λ) (Lu

dis − εH) , (6)

where Ls
cls is the cross-entropy loss for labeled data.

3.2. Limited contrastive learning
Analysis. Although contrastive learning (CL) en-
hances representation discriminability of known classes in
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Figure 2. A class mask:
Samples from the same
class are shown in the
same color in a batch B.

SimGCD, it applies only to la-
beled data, as shown in the
upper-left corner of Fig. 2.
In the upper-left corner, same-
colored entries along the verti-
cal and horizontal indices cor-
respond to samples from the
same class, while different
colors denote distinct classes.
Self-contrast cases (blue-filled)
on the diagonal are masked out.
Obviously, abundant unlabeled
data, shown with a gray back-
ground, are excluded from the
CL due to the absence of class labels. As a result, the model
lacks direct contrastive supervision on novel samples, mak-
ing it harder to separate them in feature space.

4. Method
To overcome the limited contrastive learning issue dis-
cussed in subsection 3.2, we propose a straightforward ap-
proach called AllGCD to integrate supervised contrastive
learning across all unlabeled data directly. Specifically, we
detail our proposed Intra-class Contrast in Labeled Data
(Intra-CL) in subsection 4.1 and Inter-class Contrast in Un-
labeled Data (Inter-CU) in subsection 4.2.

4.1. Intra-class Contrast in Labeled Data
Intra-CL first strengthens intra-class compactness within
known classes for better separation of known and novel
categories in Inter-CU. To achieve this, we use baseline
SimGCD [45] to identify potential known samples in unla-
beled data and incorporate them into the labeled set. How-
ever, as shown by the orange lines in Fig. 4a and Fig.
4b, SimGCD’s known-class accuracy declines sharply dur-
ing training, compromising the quality of potential known
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(a) CUB (b) Stanford Cars

Figure 4. Known-class accuracy on unlabeled data during
training. SimGCD, using S-CL without unlabeled data, shows
a sharp drop on CUB and Stanford Cars. In contrast, Intra-class
leverages potential known samples in unlabeled data, improving
the knowledge of known classes.

the supervised contrastive loss in Eq. (2) is updated with
pseudo known samples from unlabeled data as:

Lintra =
1

|Bintra|

∑

i∈Bintra

1
|Ni|

∑

j∈Ni

−log
exp

(
zi ·z′

j/τc
)

∑
n [n #=i]exp(zi ·z′

n/τc)
,

(10)
where Bintra is the newly labeled subset of mini-batch B
with labels Yintra, and Ni indexes same-label images as xi in
the batch. After applying Intra-CL, the accuracy of known
classes in unlabeled data remains more stable (Fig. 4), indi-
cating more compact representations within known classes.

4.2. Inter-class Contrast in Unlabeled Data
While Inter-CL enhances discrimination among known
classes, it lacks contrastive interactions with novel classes,
limiting novel category accuracy (Fig. 1a). To address this,
we propose Inter-CU, which enforces global contrastive
learning on the unlabeled class distribution. Specifically,
once the model has stabilized on known and novel cate-
gories from epoch e, we use the Hungarian algorithm [21]
on the predictions of all unlabeled data to optimize the class
distribution of known and novel categories. To ensure a
high-quality distribution, we retain only high-confidence
predictions (P > γ) for global contrastive learning.

Formally, given the unlabeled dataset Du = {(xi, yi)} ∈
X × Yu, we obtain classifier predictions P =
[p1, p2, . . . , pN ] via Eq. (4), where N is the total num-
ber of unlabeled samples. The minimum-cost assignment
function π is defined as:

π∗ =arg min
π

N∑

i=1

−Pi,π(i), π(i) ∈ {1, 2, . . . , K}, (11)

where π∗ assigns each sample in Du to one of K categories,
minimizing the sum of costs −Pi,π(i). The Hungarian algo-
rithm efficiently solves this assignment problem by finding
the optimal mapping with minimal total cost. Therefore, the

Algorithm 1 One Training Procedure for AllGCD
Input: Encoder Φ, classifier head f , projector g, labeled

data Dl, unlabeled data Du, hyperparameters δ, e.
Output: Φ, f , and g;

1: Initialize dictionary Q ← ∅;
2: for epoch = 1 to total epochs do
3: if epoch ≥ e then
4: Get assignment Yinter for Du using Eq. (12);
5: end if
6: for (x, x′) ∈ Dl ∪ Du, y ∈ Yl, yinter ∈ Yinter do
7: z ← g ◦ Φ(x), z′ ← g ◦ Φ(x′);
8: p ← f ◦ Φ(x), q′ ← f ◦ Φ(x′);
9: Compute Ls

cls(p, y) + Ls
cls(q′, y); ' For Dl

10: Compute Lu
dis(p, q′) using Eq. (5);

11: Compute Max class Entropy H(p);
12: Compute Lcls ← λLs

cls + (1 − λ) (Lu
dis − εH);

13: Step 1: Generate ŷ ← (p, q′, δ); ' For Du

14: Step 2: Store ŷ into Q using Eq. (8);
15: Step 3: Vote for y∗ from Q using Eq. (9);
16: Combine with pseudo-labels yintra ← y ∪ y∗;
17: Compute Lu

rep(z, z′) using Eq. (1);
18: Compute Lintra(z, z′, yintra) using Eq. (10);
19: Compute Linter(z, z′, yinter) using Eq. (12);
20: Lall = (1 − λ)Lu

rep + λ(Lintra + Linter) + Lcls;
21: Update Φ, f , and g by SGD [29];
22: end for
23: end for

final assignments for unlabeled data are:

Yinter = {ŷi = π∗(i) | i = 1, 2, . . . , N} ( Minter, (12)

where Minter is a binary mask that applies a confi-
dence threshold γ to filters out low-confidence predictions:
Minter = {i | max (pi) > γ}. Only high-confidence sam-
ples contribute to the global contrastive loss:

Linter =
1

|Binter|

∑

i∈Binter

1
|Ni|

∑

j∈Ni

−log
exp

(
zi ·z′

j/τc
)

∑
n [n #=i]exp(zi ·z′

n/τc)
,

(13)
where Binter corresponds to the refined labeled subset with
pseudo-labels Yinter. This approach enables global con-
trastive learning on both known and novel samples, enhanc-
ing category discovery, particularly for novel classes.
Overall. Utilizing all unlabeled data in supervised con-
trastive learning significantly boosts class discovery, espe-
cially for novel classes. This overall training loss is updated
as:

Lall = (1 − λ)Lintra + λLinter + Lcls, (14)

where λ controls the trade-off between Intra-CL and Inter-
CU. Algorithm 1 details one training step of AllGCD.
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Table 1. Comparison with State-of-the-Art GCD Methods, Evaluated with and without Ground-Truth K for Clustering. Bold denotes the
best results.

Method CIFAR100 ImageNet-100 CUB Stanford Cars FGVC-Aircraft Herbarium 19

All Old New All Old New All Old New All Old New All Old New All Old New
(a) Clustering with the ground-truth number of classes K given

k-means[24] 52.0 52.2 50.8 72.7 75.5 71.3 34.3 38.9 32.1 12.8 10.6 13.8 16.0 14.4 16.8 13.0 12.2 13.4
RS+[13] 58.2 77.6 19.3 37.1 61.6 24.8 33.3 51.6 24.2 28.3 61.8 12.1 26.9 36.4 22.2 27.9 55.8 12.8
UNO+[9] 69.5 80.6 47.2 70.3 95.0 57.9 35.1 49.0 28.1 35.5 70.5 18.6 40.3 56.4 32.2 28.3 53.7 14.7
ORCA[22] 69.0 77.4 52.0 73.5 92.6 63.9 35.3 45.6 30.2 23.5 50.1 10.7 22.0 31.8 17.1 20.9 30.9 15.5
GCD [41] 73.0 76.2 66.5 74.1 89.8 66.3 51.3 56.6 48.7 39.0 57.6 29.9 45.0 41.1 46.9 35.4 51.0 27.0

DCCL [28] 75.3 76.8 70.2 80.5 90.5 76.2 63.5 60.8 64.9 - - - 43.1 55.7 36.2 - - -
PromptCAL [50] 81.2 84.2 75.3 83.1 92.7 78.3 62.9 64.4 62.1 50.2 70.1 40.6 52.2 52.2 52.3 37.0 52.0 28.9

SimGCD [45] 80.1 81.2 77.8 83.0 93.1 77.9 60.3 65.6 57.7 53.8 71.9 45.0 54.2 59.1 51.8 44.0 58.0 36.4
InfoSieve [30] 78.3 82.2 70.5 80.5 93.8 73.8 69.4 77.9 65.2 55.7 74.8 46.4 56.3 63.7 52.5 41.0 55.4 33.2
SPTNet [44] 81.3 84.3 75.6 85.4 93.2 81.4 65.8 68.8 65.1 59.0 79.2 49.3 59.3 61.8 58.1 43.4 58.7 35.2
LegoGCD [3] 81.8 81.4 82.5 86.3 94.5 82.1 63.8 71.9 59.8 57.3 75.7 48.4 55.0 61.5 51.7 45.1 57.4 38.5

CMS [5] 82.3 85.7 75.5 84.7 95.6 79.2 68.2 76.5 64.0 56.0 63.4 52.3 56.9 76.1 47.6 36.4 54.9 26.4
AllGCD (ours) 82.3 82.3 82.2 86.5 94.7 82.3 68.4 75.1 65.1 60.5 77.0 52.5 57.4 62.4 54.9 45.2 58.3 38.0

(b) Clustering without the ground-truth number of classes K given
GCD [41] 70.8 77.6 57.0 77.9 91.1 71.3 51.1 56.4 48.4 39.1 58.6 29.7 - - - 37.2 51.7 29.4
GPC [51] 75.4 84.6 60.1 75.3 93.4 66.7 52.0 55.5 47.5 38.2 58.9 27.4 43.3 40.7 44.8 36.5 51.7 27.9

SimGCD [45] 80.1 81.2 77.8 81.7 91.2 76.8 61.5 66.4 59.1 49.1 65.1 41.3 - - - - - -
CMS [5] 79.6 83.2 72.3 81.3 95.6 74.2 64.4 68.2 62.4 51.7 68.9 43.4 55.2 60.6 52.4 37.4 56.5 27.1

AllGCD (ours) 81.5 83.3 78.4 84.4 94.3 80.2 66.7 72.1 64.0 58.8 75.7 50.6 56.7 64.2 53.0 45.7 58.7 38.5

5. Experiments

5.1. Experimental Setup

Datasets. We evaluate our approach on three fine-grained
datasets: CUB [43], Stanford Cars [18], and FGVC-Aircraft
[25], as well as two generic image recognition datasets, CI-
FAR100 [19] and ImageNet-100 [6]. Additionally, we test
on a more challenging long-tailed fine-grained Herbarium
19 [37]. Following [41], we randomly sample 50% of seen
categories as labeled data Dl, with the remaining images
from seen and novel categories forming the unlabeled set
Du. Details are in the supplementary material.
Evaluation protocol. We use clustering accuracy (ACC)
to evaluate model performance, following [41, 45]. Dur-
ing evaluation, we compare the ground-truth labels yi with
the predicted labels ŷi, and calculate ACC as ACC =

1
|Du|

∑|Du|
i=1 (yi = p (ŷi)), where p is determined using

the Hungarian optimal assignment algorithm [21].
Implementation details. AllGCD is built upon
SimGCD [45], using a ViT-B/16 backbone [7] pre-
trained with DINO [4]. We use the class token to train
a classifier and fine-tune only the last attention block.
We use a batch size of 128 and an initial learning rate of
0.1, decayed over 200 epochs using a cosine schedule.
Following [41], we set λ = 0.35, τu = 0.07, and τc = 1.0
for representation learning, and use τs = 0.1, with τt
decayed from 0.07 to 0.04 over 30 epochs for classifier
training. Pseudo-label thresholds δ and γ range from 0.6
to 0.9. Based on the convergence time of ‘New’ classes in
SimGCD (Fig. 7a), the Inter-CU start epoch e is selected

from {0, 20, 40, 60, 80}. All experiments are conducted
using PyTorch on NVIDIA Tesla V100 GPUs.

5.2. Comparison With the State of the Arts

To demonstrate the effectiveness of AllGCD, we evaluate
it under both known and unknown total class numbers K:
(1) In Table 1(a), we assume K is known, consistent with
prior works [3, 9, 13, 44, 45]; (2) In Table 1(b), we report
results where K is unknown, estimating it using clustering
techniques as in [5, 41, 51].
Evaluation with ground-truth class number K. Ta-
ble 1(a) compares state-of-the-art methods assuming a
known class number K. Our method significantly en-
hances ‘New’ category accuracy compared to the baseline
SimGCD, with notable improvements of 7.4%, 7.5%, and
4.4% on CUB, Stanford Cars, and ImageNet-100, respec-
tively. Furthermore, AllGCD remains competitive with
SPTNet, surpassing it by 2.6% and 1.5% on the ‘All’ classes
in CUB and Stanford Cars, respectively. Importantly, our
method attains comparable performance to SPTNet using
only 200 training epochs, compared to SPTNet’s 1000
epochs, showing superior computational efficiency. Though
AllGCD trails CMS [5] by 2.7% in ‘Old’ accuracy on CI-
FAR100, it outperforms CMS by 6.7% in ‘New’ accuracy,
highlighting its strength in novel category discovery.
Evaluation with estimated number of clusters. Table 1
(b) presents a comparison conducted without access to the
ground-truth class number K, instead using an estimated
K derived from an off-the-shelf method [41], as shown in
Table 2. Table 2 shows our approach provides a more accu-
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Method CIFAR100 ImageNet-100 CUB Stanford Cars FGVC-Aircraft Herbarium 19

K Err(%) ↓ K Err(%) ↓ K Err(%) ↓ K Err(%) ↓ K Err(%) ↓ K Err(%) ↓
GT 100 - 100 - 200 - 196 - 100 - 683 -

GCD [41] 100 0 109 9 231 15.5 230 17.3 - - 520 23.8
DCCL [28] 146 46 129 29 172 9 192 0.02 - - - -

SimGCD [45] 100 0 109 9 231 15.5 230 17.3 - - 520 23.8
GPC [51] 100 0 103 3 212 6 201 0.03 - - - -
CMS [5] 95 5 116 16 170 15 156 20.4 90 10 622 8.9

AllGCD (ours) 95 5 108 8 213 6.5 210 7.1 109 9 636 6.9

Table 2. Estimated class number and error rate for K using off-the-self method [41].

(c) SimGCD [45] (d) AllGCD

Figure 5. T-SNE visualization of 10 random
novel classes from CIFAR100.

δ CUB CIFAR100

All Old New All Old New
0.70 68.2 74.6 64.9 80.8 81.3 80.5
0.75 68.4 75.1 65.1 81.4 81.8 81.3
0.80 68.2 75.7 64.5 82.2 83.1 81.8
0.85 67.2 74.7 63.4 82.3 82.3 82.2
0.90 66.2 73.3 62.5 81.6 81.9 81.5

Table 3. Effect of confidence δ in Intra-CL.
(a) CUB with δ = 0.75 (b) CIFAR100 with δ = 0.85

Figure 6. Logit distributions of unlabeled data.

rate estimation of K, with fewer errors in determining clus-
ter centers than SimGCD and CMS, except for CIFAR100
in SimGCD. Under this improved estimation, our approach
consistently outperforms state-of-the-art methods across all
datasets. Notably, performance gains are particularly signif-
icant on the Stanford Cars, ImageNet-100, and Herbarium-
19 benchmarks, where AllGCD achieves 7.2%, 6.0%, and
9.1% higher accuracy in the ‘New’ category compared to
the second-best results. These findings highlight the effec-
tiveness of our method in utilizing all available unlabeled
data to learn more discriminative representations.
Feature Visualizations and Attention Distributions. To
demonstrate the effectiveness of our approach in represen-
tation learning, we visualize 10 randomly selected novel
classes from CIFAR100. As shown in Fig. 5, AllGCD pro-
duces more compact and well-separated clusters, whereas
SimGCD exhibits considerable cluster overlap. Addition-
ally, we visualize attention on both known and novel sam-
ples from unlabeled data in Table 4. Ours focuses on
class-specific regions (e.g., the bird’s wing) and suppress-
ing background noise (e.g., the window in the second row),
highlighting that leveraging unlabeled data enhances atten-
tion to relevant regions and improves class discriminability.

5.3. Ablation Study

In this section, we present ablation studies to assess the ef-
fectiveness of Intra-CL and Inter-CU in our AllGCD model.
The evaluation includes fine-grained datasets such as CUB
and Stanford Cars, alongside generic image recognition
datasets CIFAR100 and ImageNet-100.
Effect of different confidence δ. Table 3 shows the ef-
fect of varying the confidence threshold δ in Intra-CL on

Table 4. Average attention across 12 heads in the final layer
of the image encoder on CUB and FGVC-Aircraft. The known
sample (top row) and novel sample (bottom row) in AllGCD show
improved focus on object regions with reduced background noise.

Image DINO SimGCD AllGCD

CUB and CIFAR100. Overall, the accuracy for both ‘Old’
and ‘New’ classes initially improves with increasing δ but
slightly drops beyond the optimal point. The fine-grained
CUB dataset performs best at δ = 0.75, while the generic
dataset CIFAR100 peaks at δ =0.85. This difference arises
from the varying proportions of unlabeled samples pre-
served in fine-grained and generic datasets. Higher thresh-
olds, such as 0.85, help retain sufficient known samples in
CIFAR100 (see Fig. 5b), but may exclude too many in CUB
(see Fig. 5a), resulting in suboptimal performance for the
fine-grained dataset. Therefore, we set δ = 0.75 for fine-
grained datasets and δ =0.85 for generic datasets.
Effect of different confidence γ. Similar to δ in Intra-CL
for selecting high-confidence known samples, γ filters high-
quality distributions for inter-class contrastive learning in
Inter-CU. Table 5 shows its effect on Stanford Cars and
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Table 5. Ablation study on different thresholds γ in Inter-CU.

γ Stanford Cars ImageNet-100

All Old New All Old New
0.60 60.0 76.8 52.2 85.6 93.8 81.5
0.65 60.5 77.0 52.5 86.0 94.1 81.7
0.70 59.8 76.7 52.1 86.5 94.7 82.3
0.75 58.9 75.1 51.2 86.3 94.9 82.1
0.80 57.6 73.7 50.1 86.1 94.4 81.9

Table 6. Effectiveness of each component of our method. Intra-
CL and Inter-CU are described in Sec. 4.1 and 4.2, respectively.
Row (1) shows the baseline SimGCD results.

CUB CIFAR100
Index SimGCD Intra-CL Inter-CU All Old New All Old New
(1) ! 60.3 65.6 57.7 80.1 81.2 77.8
(2) ! ! 65.2 73.1 61.3 81.2 81.8 79.6
(3) ! ! 67.1 72.8 63.8 81.6 81.5 81.7
(4) ! ! ! 68.4 75.1 65.1 82.3 82.3 82.2

ImageNet-100. Specifically, we fix δ = 0.75 for Stanford
Cars and δ = 0.85 for ImageNet-100 based on the δ abla-
tion. Intuitively, Stanford Cars performs best with γ =0.65,
while ImageNet-100 performs best with γ =0.7. Similar to
Intra-CL, this difference is mainly due to the varying num-
ber of selected samples at each threshold: 6.1k vs. 95.3k
(see Data in appendix). ImageNet-100 retains more high-
confidence samples at a stricter threshold (e.g., 0.75), while
fine-grained datasets yield fewer, affecting Inter-CU’s effec-
tiveness. Therefore, we set γ = 0.65 or 0.6 for fine-grained
datasets and γ =0.70 or 0.75 for generic ones.
Effect of each proposed component. Table 6 presents
the ablation study on our proposed Intra-CL and Inter-CU.
Compared to SimGCD (Row (1)), Intra-CL (Row (2)) im-
proves ‘Old’ class accuracy by 7.5% on CUB and 0.6%
on CIFAR100, demonstrating its effectiveness in refining
known sample selection for supervised contrastive learn-
ing. This also leads to a 3.6% and 1.8% improvement
in ‘New’ accuracy on CUB and CIFAR100, respectively.
Inter-CU (Row (3)) further enhances ‘New’ accuracy by
6.1% on CUB and 3.9% on CIFAR100 by fully utilizing
unlabeled data for novel class discovery. Combining both
(Row (4)) achieves the best overall performance, confirm-
ing their complementary benefits in improving recognition
of both known and novel classes.
Effect of starting epoch e in Inter-CU. Fig. 7b re-
ports ‘New’ accuracy for different Inter-CU start epochs e.
Fig. 7a shows that SimGCD struggles to separate known
and novel classes early (e.g., during the first 20 epochs).
This difficulty leads to an unreliable class distribution,
which negatively impacts Inter-CU since it depends on
well-separated inter-class relationships. To address this, we
evaluate e ∈ {0, 20, 40, 60, 80}, where e = 0 denotes All-

(a) ‘New’ ACC. in SimGCD [45] (b) ‘New’ ACC. @ Epochs

Figure 7. ‘New’ class accuracy on unlabeled data. (a)
In SimGCD, ‘New’ ACC. remains low in the early training
stages ( e.g. below 40% for FGVC-Aircraft and Stanford Cars at
epoch! 20.) (b) Inter-CU improves accuracy more effectively in
the middle and late stages (e.g. e " 40).

GCD without Inter-CU (only Intra-CL). Results show that
Stanford Cars and FGVC-Aircraft peak at later epochs (e.g.,
e = 80), while CUB and CIFAR100 peak at e = 40. This
aligns with CUB’s higher early-stage known class recogni-
tion compared to Stanford Cars and FGVC-Aircraft (60%
vs. ≈43%), enabling earlier effective separation of known
and novel samples. CIFAR100 is less sensitive to e, reach-
ing approximately 70% accuracy by epoch 40, yielding sta-
ble class distributions for Inter-CU.

6. Conclusion

This paper identifies that previous supervised contrastive
learning (S-CL) in parametric GCD algorithms limits novel
category discovery due to its restricted use of labeled data.
To address this, we propose AllGCD, a straightforward ap-
proach that leverages all unlabeled data containing novel
classes into S-CL. Specifically, we introduce two strate-
gies named Intra-class Contrast in Labeled Data (Intra-
CL) and Inter-class Contrast in Unlabeled Data (Inter-CU).
Intra-CL first enhances the intra-class compactness within
known classes by incorporating potential known samples
from unlabeled data into the original S-CL. Building on
this, Inter-CU further separates known and novel classes by
applying S-CL to a global class distribution. By combin-
ing these strategies, AllGCD maximizes the potential of S-
CL, achieving substantial improvements in the discovery of
novel categories. Extensive experiments show that AllGCD
significantly outperforms baselines and achieves competi-
tive results compared to other GCD methods.
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drea Vedaldi, and Andrew Zisserman. Autonovel: Automati-
cally discovering and learning novel visual categories. IEEE
Trans. Pattern Anal. Mach. Intell., 44(10):6767–6781, 2022.
2, 3, 6

[14] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), pages 770–778, 2016. 1

[15] Kaiming He, Georgia Gkioxari, Piotr Dollár, and Ross B.
Girshick. Mask R-CNN. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR), pages 2980–2988, 2017. 1

[16] Gao Huang, Zhuang Liu, Laurens van der Maaten, and Kil-
ian Q. Weinberger. Densely connected convolutional net-
works. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR), pages
2261–2269, 2017. 1

[17] Prannay Khosla, Piotr Teterwak, Chen Wang, Aaron Sarna,
Yonglong Tian, Phillip Isola, Aaron Maschinot, Ce Liu, and
Dilip Krishnan. Supervised contrastive learning. In Pro-
ceedings of Conference on Advances in Neural Information
Processing Systems (NeurIPS), 2020. 1, 2

[18] Jonathan Krause, Michael Stark, Jia Deng, and Li Fei-
Fei. 3d object representations for fine-grained categorization.
In Proceedings of IEEE/CVF International Conference on
Computer Vision Workshops (ICCV), pages 554–561, 2013.
2, 6, 1

[19] Alex Krizhevsky, Geoffrey Hinton, et al. Learning multiple
layers of features from tiny images. 2009. 2, 6, 1

[20] Alex Krizhevsky, Ilya Sutskever, and Geoffrey E. Hinton.
Imagenet classification with deep convolutional neural net-
works. In Proceedings of Conference on Advances in Neu-
ral Information Processing Systems (NeurIPS), pages 1106–
1114, 2012. 1

[21] Harold W Kuhn. The hungarian method for the assignment
problem. Naval research logistics quarterly, 2(1-2):83–97,
1955. 5, 6

[22] Jiaming Liu, Yangqiming Wang, Tongze Zhang, Yulu Fan,
Qinli Yang, and Junming Shao. Open-world semi-supervised
novel class discovery. In Proceedings of the Thirty-Second
International Joint Conference on Artificial Intelligence, IJ-
CAI, pages 4002–4010. ijcai.org, 2023. 6

[23] Yu Liu, Yaqi Cai, Qi Jia, Binglin Qiu, Weimin Wang, and
Nan Pu. Novel class discovery for ultra-fine-grained visual
categorization. In Proceedings of IEEE/CVF Conference
on Computer Vision and Pattern Recognition (CVPR), pages
17679–17688, 2024. 2

[24] James MacQueen et al. Some methods for classification
and analysis of multivariate observations. In Proceedings of



the fifth Berkeley symposium on mathematical statistics and
probability, pages 281–297, 1967. 6

[25] Subhransu Maji, Esa Rahtu, Juho Kannala, Matthew B.
Blaschko, and Andrea Vedaldi. Fine-grained visual classi-
fication of aircraft. arXiv preprint arXiv:1306.5151, 2013.
2, 6, 1

[26] Matthias Minderer, Alexey A. Gritsenko, Austin Stone,
Maxim Neumann, Dirk Weissenborn, Alexey Dosovitskiy,
Aravindh Mahendran, Anurag Arnab, Mostafa Dehghani,
Zhuoran Shen, Xiao Wang, Xiaohua Zhai, Thomas Kipf, and
Neil Houlsby. In Proceedings of Conference on European
Conference on Computer Vision (ECCV), pages 728–755,
2022. 1

[27] Maxime Oquab, Timothée Darcet, Théo Moutakanni, Huy V.
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