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Abstract

Generalized Category Discovery (GCD) is an intrigu-
ing open-world problem that has garnered increasing at-
tention. Given a dataset that includes both labelled and
unlabelled images, GCD aims to categorize all images in
the unlabelled subset, regardless of whether they belong to
known or unknown classes. In GCD, the common prac-
tice typically involves applying a spherical projection op-
erator at the end of the self-supervised pretrained back-
bone, operating within Euclidean or spherical space. How-
ever, both of these spaces have been shown to be sub-
optimal for encoding samples that possesses hierarchical
structures. In contrast, hyperbolic space exhibits exponen-
tial volume growth relative to radius, making it inherently
strong at capturing the hierarchical structure of samples
from both seen and unseen categories. Therefore, we pro-
pose to tackle the category discovery challenge in the hy-
perbolic space. We introduce HypCD, a simple Hyperbolic
framework for learning hierarchy-aware representations
and classifiers for generalized Category Discovery. HypCD
first transforms the Euclidean embedding space of the back-
bone network into hyperbolic space, facilitating subsequent
representation and classification learning by considering
both hyperbolic distance and the angle between samples.
This approach is particularly helpful for knowledge transfer
from known to unknown categories in GCD. We thoroughly
evaluate HypCD on public GCD benchmarks, by applying
it to various baseline and state-of-the-art methods, consis-
tently achieving significant improvements. Project page:
https://visual-ai.github.io/hypcd/

1. Introduction
Recently, category discovery – initially explored as novel
category discovery (NCD) [24] and subsequently ex-
tended to generalized category discovery (GCD) [51] – has
emerged as an intriguing open-world problem, gaining in-
creasing attention. GCD addresses the challenges posed
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Figure 1. (a) Spherical-based vs. Hyperbolic-based methods,
where hyperbolic space better accommodates variations in scale
and improves connections between samples. (b) Average ACC
comparison of our method and previous SOTA across ‘All’, ‘Old’,
and ‘New’ categories on the SSB [52] benchmark using DINO [7].

by partially labelled datasets, where the unlabelled subset
may contain instances from both seen and unseen classes.
The goal is to leverage knowledge from labelled data to
effectively categorize the unlabelled data. Based on the
way to predict category index, existing GCD methods can
be broadly classified into two types: non-parametric meth-
ods [27, 44, 45, 51] and parametric methods [37, 55, 59].
Non-parametric methods predict category index based on
feature clustering while parametric methods utilize a para-
metric classifier.

As shown in the GCD literature [51], object parts are
effective for knowledge transfer from seen to unseen cate-
gories, which is crucial for novel category discovery. Meth-
ods have been developed to explicitly learn better local fea-
tures by learning pixel-level prompts around local image re-
gions [55] or utilizing part-level features [63]. However,
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Figure 2. Hierarchical relations in GCD. (a) Inter-category rela-
tionships within the Stanford-Cars dataset [33]. (b) Intra-category
relationships within CUB [54] dataset.

these methods consider object parts as rigid image patches
of the same size, without considering the hierarchical na-
ture of the object parts and the scale discrepancy of the
same parts in different images, thus unavoidably restrict-
ing the performance for GCD (see Fig. 1(a)), in which the
objects often have distinct poses, scales and appearance. To
address this problem, one possible solution is to learn im-
age embeddings possessing hierarchical constraints or fol-
lowing tree-like structures. This has been proven to be ef-
fective in many tasks. For example, in image retrieval and
clustering, the hierarchy constraint may arise from whole-
fragment relation [29, 31]. Intuitively, in category discov-
ery, which can be regarded as a transfer clustering task [24],
we hypothesize that an embedding space that captures the
hierarchical relations of object parts can also facilitate the
discovery of new categories. Indeed, the hierarchical rela-
tions have been studied in GCD, such as [27, 41, 44, 45, 57].
However, they study from a substantially different perspec-
tive: inter-category hierarchy (see Fig. 2(a)). This only
considers the hierarchy of different semantic classes from
coarse to fine levels. Additionally, these methods require
the relationships and number of levels in the hierarchy to
be predefined, resulting in a lack of flexibility and scalabil-
ity. Moreover, these methods are unable to capture more
complex hierarchies, such as the compositional parts of an
object (see Fig. 2(b)). This is particularly the case because
existing methods [45, 51, 55, 59], no matter whether they
consider the hierarchy or not, learn the image embeddings
in a spherical space. This follows the common practice of
applying a spherical projection operator at the end of the
self-supervised feature backbone [7, 40]. Consequently, all
subsequent operations, including distance calculations, are
performed under either Euclidean or spherical geometry, re-
sulting in limited awareness of hierarchical object parts.

In this work, we study the overlooked perspective in cat-
egory discovery: instead of learning in the Euclidean or
spherical space, we advocate a space that captures the hi-
erarchical structure of each data point. In spherical space,
both the radius and volume are constant, whereas in Eu-
clidean space, the volume grows polynomially with respect
to the radius. Both of these spaces have been shown to be
suboptimal for encoding samples that possess hierarchical

structures [10, 15, 31]. In contrast, hyperbolic space pos-
sesses a distinctive property where its volume grows expo-
nentially relative to the radius. This characteristic makes
hyperbolic space particularly suitable for embedding tree-
like data, enhancing its representational power. Learning
representations in hyperbolic space has proven to be ef-
fective in various computer vision tasks, including object
recognition [15], object detection [32], semantic segmen-
tation [58], and anomaly detection [35]. Inspired by these
successes, we aim to realize the idea of learning hierarchy-
aware representations to facilitate knowledge transfer in cat-
egory discovery, thereby unleashing the potential of hyper-
bolic representations.

To achieve this goal, we propose a simple yet effec-
tive framework, HypCD, to properly learn the hierarchy-
aware representation and classifier for category discov-
ery through the lens of hyperbolic geometry. In this
framework, we adapt our framework to popular paramet-
ric [59] and non-parametric [51] GCD baselines as well
as the state-of-the-art (SOTA) method SelEx [45], obtain-
ing substantial improvements for them, establishing the
new SOTA (see Fig. 1(b)). Firstly, starting from the self-
supervised backbone pretrained in Euclidean space, we
propose to map the Euclidean representation to a con-
strained Poincaré ball through feature clipping and expo-
nential mapping. Secondly, we implement the hyperbolic
representation learning and build a hyperbolic classifier on
the Poincaré ball, considering both angle and distance be-
tween samples in hyperbolic space. Thirdly, to assign labels
to unlabelled data after training, for non-parametric meth-
ods, we apply semi-supervised k-means following the com-
mon practice; for parametric methods, we employ a hyper-
bolic classifier to make predictions. Despite its simplicity,
our framework achieves significant performance improve-
ments with two different pretrained weights (DINO [7]
and DINOv2 [40]) on the public GCD datasets, including
the coarse-grained classification datasets CIFAR-10 [34],
CIFAR-100 [34], and ImageNet-100 [13], as well as the
fine-grained SSB [50] benchmark.

In summary, we make the following contributions in this
paper: (i) We identify the existing GCD methods’ common
shortcoming in encoding the hierarchical structure and pro-
pose to incorporate the hyperbolic geometry into the em-
bedding space to address this limitation; (ii) We propose a
simple yet effective framework, called HypCD, for incor-
porating the hyperbolic geometry in representation learning
and classification for category discovery; and (iii) Through
extensive experiments on public GCD benchmarks by ap-
plying HypCD to baseline and SOTA methods, our method
consistently demonstrates effectiveness and superiority.

2. Related Work
Category Discovery. Novel category discovery (NCD) is
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initially introduced in [24] to establish a realistic frame-
work for transferring knowledge from seen categories to
cluster unseen categories, by considering it as a transfer
clustering problem. Many subsequent methods have been
proposed to advance the field [17, 25, 26, 28, 63, 65].
Generalized category discovery [51] (GCD) relaxes the as-
sumption in NCD by considering unlabelled data contain-
ing samples from both known and unknown classes [51].
Further investigations [6, 8, 27, 30, 37, 42, 56] have ex-
plored a variety of strategies to address the challenges
posed by GCD. One notable approach, SimGCD [59], pro-
poses to learn a parametric classifier enhanced by mean en-
tropy regularization, thereby improving performance. In
another vein, GPC [64] employs Gaussian mixture mod-
els to jointly learn robust representations while simultane-
ously estimating the number of unknown categories. SPT-
Net [55] presents a spatial prompt tuning method that en-
ables models to concentrate more effectively on specific ob-
ject parts, thus enhancing knowledge transfer in GCD. Most
recently, SelEx [45] has been proposed, leveraging hierar-
chical semi-supervised k-means to achieve SOTA results on
fine-grained datasets. Additionally, various efforts are fo-
cused on addressing category discovery from multiple per-
spectives. For instance, [28] emphasizes multi-modal cat-
egory discovery; [62] and [8] explore a continual setting;
[43] studies category discovery in a federated setting; and
[56] examines GCD in the presence of domain shifts.
Hyperbolic Geometry. Hyperbolic space, defined as a
non-Euclidean manifold with exponential volume growth
in relation to its radius, is inherently aligned with the em-
bedding of tree-like and hierarchical data structures in vi-
sual recognition tasks. Significant advancements in this
area include [31], which presents a hyperbolic image em-
bedding technique by projecting model outputs into hy-
perbolic space, and [15], which integrates hyperbolic ge-
ometry into various vision transformer architectures, show-
casing performance that surpasses their Euclidean counter-
parts. Hyperbolic methods have also been developed on di-
verse tasks such as image classification [15, 23, 31], action
recognition [18], few-shot learning [20] and object segmen-
tation [21, 60]. Moreover, recent developments have in-
troduced hyperbolic geometry for neural networks includ-
ing fully connected layers [46], convolutional neural net-
works [3], graph neural networks [9, 36], and attention net-
work [22], thereby facilitating a deeper integration of hy-
perbolic geometry into deep learning regime.

3. Method
In this section, we first introduce the task in Sec. 3.1, then
move to a review of baselines in Sec. 3.2. Afterwards, the
geometry mapping and training details of our framework
are described in Sec. 3.3 and Sec. 3.4. Lastly, the label as-
signment details are outlined in Sec. 3.5.

3.1. Problem Statement
GCD aims to learn a model capable of accurately classify-
ing unlabelled samples from known categories while simul-
taneously clustering those from unknown categories. Con-
sider an unlabelled dataset denoted as Du = {(xu

i , y
u
i )} ∈

X × Yu and a labelled dataset represented as Dl =
{(xl

i, y
l
i)} ∈ X×Yl, where Yu and Yl denote the respec-

tive label sets. The unlabelled dataset comprises samples
from both known and unknown categories, i.e., specifically
Yl ⊂ Yu. Let the number of labelled categories be de-
noted by M = |Yl|. We assume that the total number of
categories, K = |Yl ∪ Yu|, is known, as posited in prior
works [26, 53, 59]. In scenarios where this information
is unavailable, alternative methods such as those proposed
in [24, 51] can be employed to yield a reliable estimation.

3.2. Review of Baselines
Non-parametric Baseline. [51] formalizes the GCD task
and proposes a non-parametric baseline. The approach
involves finetuning the pre-trained DINO [7] model [14]
to enhance the learned representation. The loss function
comprises a supervised contrastive loss, which operates on
the labelled samples, and a self-supervised contrastive loss,
which operates on all the samples. Specifically, given two
randomly augmented views xi and x′

i for the same image in
a mini-batch B, the self-supervised contrastive loss is:

Lu
rep = 1

|B|
∑

i∈B −log exp(zi·z′
i/τr)∑j ̸=i

j exp(zi·z′
j/τr)

, (1)

where the feature zi = ρr(ϕ(xi)) is a ℓ2-normalized vec-
tor and z′i represents feature from another view x′

i. Here,
ϕ refers to the backbone network, ρr denotes the projec-
tion head, and τr stands as the temperature parameter used
for scaling the features. The supervised contrastive loss for
labelled samples is:

Ls
rep = 1

|Bl|
∑

i∈Bl

1
|Ni|

∑
q∈Ni

−log exp(zi·zq/τr)∑j ̸=i
j exp(zi·zj/τr)

, (2)

where Ni is the index set for all other images in the labelled
mini-batch Bl ⊂ B having the same label as xi. The overall
representation learning loss is then: Lrep = (1−λb)Lu

rep+
λbLs

rep, where λb is a balance factor.
Parametric Baseline. [59] introduces a robust parametric
GCD baseline, which has been widely adopted in the field
ever since [53, 55]. This method employs a parametric clas-
sifier implemented in a self-distillation framework [7]. The
classifier is randomly initialized with K normalized cate-
gory prototypes C = {c1, ..., cK}. For a randomly aug-
mented view xi and its corresponding normalized hidden
feature vector hi = ϕ(xi)/||ϕ(xi)||, the output probability
for the k-th category is given by:

pi
(k) = exp(hi·ck/τs)∑K

j=1 exp(hi·cj/τs)
, (3)
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where τs is the scaling temperature for the ‘student’ view.
The soft label qi is generated by the ‘teacher’ view with
a sharper temperature τt based on another augmented view
in a similar manner. The self-distillation loss for the two
views is then computed using the cross-entropy loss func-
tion: ℓce(q′,p) = −

∑K
j=1 q

′(j)log p(j). The unsupervised
loss is then computed by aggregating contributions from all
samples in the mini-batch B as follows:

Lu
cls =

1
|B|

∑
i∈B ℓce(q

′
i,pi)− ξH(p), (4)

where p = 1
2|B|

∑
i∈B(pi + p′

i) denotes the mean predic-
tion across the mini-batch. The mean entropy is defined as:
H(p) = −

∑K
j=1 p

(j)log p(j), weighted by ξ.
For the labelled samples, the supervised classification

loss is written as Ls
cls = 1

|Bl|
∑

i∈Bl
ℓce(pi,yi), where yi

represents the one-hot vector corresponding to the ground-
truth label yi. The overall objective is Lcls = (1−λb)Lu

cls+
λbLs

cls. Integrating this with the representation learning loss
Lrep adopted from [51], the comprehensive training objec-
tive is expressed as: Lgcd = Lcls + Lrep. Through training
with Lgcd on both Dl and Du, the classifier is empowered
to directly predict labels for the unlabelled samples after the
training process concludes.

3.3. Hyperbolic Space for Category Discovery
As previously discussed, object parts are critical for facil-
itating knowledge transfer from labelled categories to un-
seen ones in GCD. Each sample inherently contains ob-
ject parts that reside within a hierarchical structure. More-
over, existing GCD methods [44, 45] emphasize the inter-
category hierarchy to enhance the clustering performance of
unlabelled samples in Euclidean or spherical spaces. How-
ever, the geometry of representation space limits their abil-
ity to effectively capture other kinds of hierarchy [31]. In
contrast, hyperbolic space, characterized by its property of
exponential volume growth with respect to the radius [15],
emerges as a more suitable space for GCD.

Hyperbolic space Hn is defined as an n-dimensional
Riemannian manifold exhibiting constant negative cur-
vature, and it encompasses several analytic models [5].
Following previous literature [15, 31], we employ the
Poincaré ball [39] model. In this model, the hyper-
bolic space is represented as an n-dimensional ball Dn

c ={
a ∈ Rn

∣∣ c∥a∥2 < 1
}

with curvature value −c2, where c
is the non-negative curvature parameter. The manifold is
equipped with the Riemannian metric gD = λ2

c g
E where

λc(a) =
2

1−c∥a∥2 is the conformal factor and gE is the iden-
tity metric In in Euclidean space. In this way, the local dis-
tances are scaled by the factor λc approaching infinity near
the boundary of the ball. This gives rise to the exponential
expansion property of hyperbolic spaces, unlike the poly-
nomial expansion in Euclidean space. However, hyperbolic

space is not vector space and thus operations such as addi-
tion can not be directly conducted. To address this problem,
we leverage the gyrovector formalism [48]. For a pair of
points a,b ∈ Dn

c , their Möbius addition is defined as:

a⊕c b = (1+2c⟨a,b⟩+c∥b∥2)a+(1−c∥a∥2)b
1+2c⟨a,b⟩+c2∥a∥2∥b∥2 . (5)

The hyperbolic distance between them is then:

DH(a,b) =
2√
c
arctanh(

√
c∥ − a⊕c b∥) (6)

When c → 0, the hyperbolic distance (Eq. 6) closes to the
Euclidean distance limc→0 DH(a,b) = 2∥a− b∥.

3.4. HypCD
As illustrated in Fig. 3, we propose a unified framework,
HypCD, for category discovery in hyperbolic space, incor-
porating both parametric [59] and non-parametric GCD ap-
proaches. Given two randomly augmented views, we ini-
tially obtain the respective Euclidean feature vectors zi and
z′i through a self-supervised pretrained backbone [7, 40].
Subsequently, the feature embeddings are mapped into hy-
perbolic space Hn using exponential mapping, facilitating
representation learning within this exponentially growing
space to more effectively capture and utilize the hierarchical
relationships inherent in the training data.

The exponential mapping [31] serves as a bijective pro-
jection between Euclidean space En and hyperbolic space
Hn. The projection of tangent vector z from En to Hn is
formulated as:

expco(z) = o⊕c

(
tanh

(√
c
λc
o∥z∥
2

)
z√
c∥z∥

)
, (7)

where ⊕c is the Möbius addition, as introduced in Eq. 5
and o represents the base point of the mapping. To address
the issue of gradient vanishing [23] near the boundary of
the Poincaré ball during training, we implement a feature
clipping operation in En prior to the exponential mapping.
The operation is defined as: C(z) = min{1, r

||z||} ·z, where
r denotes the clipping value. For the feature vector zi in
En, the corresponding mapped feature in Hn is expressed
as M(zi) = expco(C(zi)). The same operation will also be
applied to the other feature vector z′i.

As described in Sec.3.2, both parametric [51] and non-
parametric [59] baselines utilize the same representation
learning method. In our framework, we implement a con-
sistent representation learning solution in hyperbolic space
for them (Fig.3(a)). For parametric approaches, a hyper-
bolic parametric classifier is employed (Fig. 3(b)). We will
introduce these components in detail subsequently.
Hyperbolic Representation Learning. Following prior at-
tempts [45, 51, 59], we incorporate both self-supervised
and supervised contrastive learning into our framework.
However, our approach uniquely operates within hyperbolic
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Figure 3. Overall pipeline of our HypCD framework for parametric and non-parametric GCD baselines. (a) Hyperbolic representation
learning. (b) Hyperbolic classifier. (c) Non-parametric label assignment. (d) Parametric label assignment.

space. Furthermore, unlike previous GCD methods that ex-
clusively utilize cosine distance [51, 55, 59] (angle-based)
or Euclidean distance [45] (distance-based) for calculating
pairwise similarity, we propose a hybrid approach that com-
bines both distance-based and angle-based losses. Such in-
tegration has been shown to be more effective for model op-
timization in hyperbolic space [18]. First, the unified form
of self-supervised contrastive loss can be defined as:

Lu = 1
|B|

∑
i∈B

−log exp(S(M(zi),M(z′
i))/τr)∑j ̸=i

j exp(S(M(zi),M(z′
j))/τr)

. (8)

Similarly, the supervised contrastive loss is unified as:

Ls = 1
|Bl|

∑
i∈Bl

1
|Ni|

∑
q∈Ni

−log exp(S(M(zi),M(zq))/τr)∑
j ̸=i

exp(S(M(zi),M(zj))/τr)
, (9)

where S denotes the similarity function, which can be ei-
ther distance-based or angle-based. For distance-based con-
trastive loss, we utilize Sd = −DH as the similarity func-
tion, which is formally computed using negative Euclidean
distance in prior methods [45]. For angle-based contrastive
loss, we employ the cosine similarity, formulated as:

Sa(M(zi),M(z′i)) =
M(zi)·M(z′

i)
||M(zi)||·||M(z′

i)||
. (10)

Since hyperbolic space is conformal with Euclidean space,
cosine similarity remains equivalent in both En and Hn.

The final supervised and self-supervised hyperbolic con-
trastive loss is composed of both distance-based and angle-
based losses:

Ls
hrep = αdLs

dis + (1− αd)Ls
ang,

Lu
hrep = αdLu

dis + (1− αd)Lu
ang,

(11)

where Ls
hrep and Lu

hrep represent the supervised and self-
supervised hyperbolic contrastive loss, respectively. The

terms Ldis and Lang correspond to distance-based and
angle-based contrastive loss, respectively, obtained by sub-
stituting S with Sd and Sa. Additionally, αd is the loss
weight of distance-based loss. The overall training objec-
tive for hyperbolic representation learning is:

LH
rep = (1− λH

b )Lu
hrep + λH

b Ls
hrep, (12)

where λH
b serves as the balancing factor between the super-

vised and unsupervised losses.
Hyperbolic Classifier. To enhance the parametric base-
line with hyperbolic geometry, we replace the conven-
tional Euclidean classification head—traditionally reliant
on a multilayer perceptron (MLP) in Euclidean space—with
its hyperbolic counterpart, the hyperbolic feed forward net-
work (HypFFN). The hyperbolic linear layer [19] exhibits
greater alignment with the baseline [59], and we experi-
mentally find that it outperforms the hyperbolic multino-
mial logistic regression layer. Consider the last linear layer
of the MLP; similar to its Euclidean counterpart, the hy-
perbolic linear layer is parameterized by a weight matrix
w ∈ RI×K and a bias vector s ∈ R1×K , where I de-
notes the input feature dimension. Given the hyperbolic
feature zHi = M(zi) ∈ R1×I , the linear layer operates as
HypLinear(zHi ,w, s) = Proj[(w ⊗c z

H
i ) ⊕c s], where

⊕c follows Eq. 5. The Möbius matrix-vector multiplication
vi = w ⊗c z

H
i is defined as:

1√
c
tanh

(
∥zH

i w∥2

∥zH
i ∥2

tanh−1(
√
c∥zHi ∥2)

)
zH
i w

∥zH
i w∥2

. (13)

To ensure numerical stability [19], a safe projection is op-
erated on the result manifold and represented as:

Proj(vi)=

{
vi

∥vi∥2
× 1−10−3

√
c

, 1−10−3
√
c

< ∥vi∥2
vi, otherwise

. (14)
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This integration allows our hyperbolic classifier to be seam-
lessly incorporated into the baseline [59] by substituting
the original MLP with HypFFN. For each point in Hn,
the tangent space at that point serves as a Euclidean sub-
space, enabling straightforward adaptation of Euclidean op-
erations within this space [10]. Consequently, the cross-
entropy loss for the hyperbolic classifier can be expressed
as: ℓHce = ℓce(HypFFN(zHi ),yi). Additionally, we can de-
fine the hyperbolic counterpart HH for the mean entropy H.
By substituting the original ℓce and H with our derived ℓHce
and HH, respectively, we can readily compute the final hy-
perbolic classifier loss LH

cls, as detailed in Sec. 3.2.

3.5. Label Assignment
Existing approaches typically employ either a paramet-
ric classification head or non-parametric methods, such as
semi-supervised k-means [51], for label assignment. In this
paper, we do not independently assess these two methods;
rather, we integrate both within the HypCD framework as
shown in Fig. 3(c) and (d). For non-parametric approaches,
including [51] and the recent SelEx [45], we retain the orig-
inal label assignment strategy by applying semi-supervised
k-means clustering directly to feature representations ex-
tracted by ϕ in En. Our empirical results indicate that train-
ing in hyperbolic space allows for the transfer of hierarchi-
cal structure encoding from Hn to En. Moreover, we find
that the operations of k-means in En are significantly more
efficient while maintaining comparable performance. For
the parametric baseline exemplified by SimGCD [59], we
utilize the hyperbolic classification head to conduct classifi-
cation within hyperbolic space using the trained hyperbolic
classifier HypFFN. Both design choices are theoretically
supported by the property of hyperbolic geometry of encod-
ing hierarchical structures, facilitating a more intuitive and
effective representation and classifier for GCD.

4. Experiment

4.1. Setups and Implementations
Datasets. We thoroughly evaluate our method across di-
verse benchmarks, including the generic image recogni-
tion datasets CIFAR-10 and CIFAR-100 [34], as well as
ImageNet-100 [13]. Additionally, we assess our approach
on the Semantic Shift Benchmark (SSB)[52], which in-
cludes fine-grained datasets such as CUB[54], Stanford-
Cars [33], and FGVC-Aircraft [38]. For each dataset, we
adhere to the data split scheme detailed in [51]. The method
involves sampling a subset of all classes as the known
(‘Old’) classes Yl. Subsequently, 50% of the images from
these known classes are utilized to construct Dl, while the
remaining images are designated as the unlabelled data Du.
Evaluation Metrics. We evaluate the performance us-
ing the clustering accuracy (ACC) as defined in the litera-

ture [51]. The ACC on Du is computed as follows, given
the ground truth yi and the predicted labels ŷi: ACC =

1
|Du|

∑|Du|
i=1 1(yi = h(ŷi)), where h denotes the optimal

permutation that aligns the predicted cluster assignments
with the ground-truth labels. The ACC values for the ‘All’,
‘Old’ and ‘New’ classes are reported separately.
Implementation Details. We evaluate HypCD against the
non-parametric baseline GCD [51], the parametric baseline
SimGCD [59], and the SOTA method SelEx [45], utiliz-
ing both DINO [7] and DINOv2 [40] pretrained weights.
Detailed information regarding SelEx can be found in the
supplementary materials. For GCD [51], the output di-
mension of the projection head ρr is 256. In the case of
SimGCD [59], the feature dimension from backbone ϕ is
768. ρr and the final block of ϕ are optimized using the
SGD optimizer, with an initial learning rate of 0.1, which is
decayed to 0.001 over time according to a cosine annealing
schedule. The HypFFN is optimized using the Riemannian
Adam optimizer [4], with a constant learning rate of 0.01.
All models are trained for 200 epochs using a batch size
of 128. The curvature parameter c is set to 0.05 for the
fine-grained datasets and 0.01 for the generic datasets. Fol-
lowing baselines, the balancing factor λH

b is set to 0.35. By
default, the loss weight αd increases linearly from 0 to 1.0.

4.2. Quantitative Comparison
We compare our method with recent GCD methods (in-
cluding ORCA [6], GCD [51], XCon [16], OpenCon [47],
PromptCAL [61], DCCL [42], GPC [64], CiPR [27],
SimGCD [59], µGCD [53], InfoSieve [44], SPTNet [55],
CMS [12], AMEND [2] and SelEx [45]) and report the re-
sults in Tab. 1. The evaluation encompasses performance
on the SSB benchmark [52] and generic datasets [13, 34].
The hyperbolic methods applying our HypCD framework
are indicated by the ‘Hyp-’ prefix.
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Figure 4. Comparison of baseline and hyperbolic counterparts on
the SSB. Left: ‘All’ ACC (higher is better). Right: Discrepancy
between ‘Old’ and ‘New’ ACC (smaller is better).

Results on SSB. The performance of the GCD methods
on the SSB benchmark, utilizing both DINO [7] and DI-
NOv2 [40] pretrained weights, is summarized in the left
section of Tab. 1. Besides, we provide a comparative analy-
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Table 1. Comparison of GCD methods on the SSB [52] benchmark, CIFAR-10 [34], CIFAR-100 [34] and ImageNet-100 [13] datasets.
Results are reported in ACC across the ‘All’, ‘Old’ and ‘New’ categories.

CUB [54] Stanford-Cars [33] FGVC-Aircraft [38] CIFAR-10 [34] CIFAR-100 [34] ImageNet-100 [13]

Method All Old New All Old New All Old New All Old New All Old New All Old New

D
IN

O

ORCA [6] 36.3 43.8 32.6 31.6 32.0 31.4 31.9 42.2 26.9 69.0 77.4 52.0 73.5 92.6 63.9 81.8 86.2 79.6
XCon [16] 52.1 54.3 51.0 40.5 58.8 31.7 47.7 44.4 49.4 96.0 97.3 95.4 74.2 81.2 60.3 77.6 93.5 69.7
OpenCon [47] 54.7 63.8 54.7 49.1 78.6 32.7 - - - - - - - - - 84.0 93.8 81.2
PromptCAL [61] 62.9 64.4 62.1 50.2 70.1 40.6 52.2 52.2 52.3 97.9 96.6 98.5 81.2 84.2 75.3 83.1 92.7 78.3
DCCL [42] 63.5 60.8 64.9 43.1 55.7 36.2 - - - 96.3 96.5 96.9 75.3 76.8 70.2 80.5 90.5 76.2
GPC [64] 52.0 55.5 47.5 38.2 58.9 27.4 43.3 40.7 44.8 90.6 97.6 87.0 75.4 84.6 60.1 75.3 93.4 66.7
PIM [11] 62.7 75.7 56.2 43.1 66.9 31.6 - - - 94.7 97.4 93.3 78.3 84.2 66.5 83.1 95.3 77.0
µGCD [53] 65.7 68.0 64.6 56.5 68.1 50.9 53.8 55.4 53.0 - - - - - - - - -
InfoSieve [44] 69.4 77.9 65.2 55.7 74.8 46.4 56.3 63.7 52.5 94.8 97.7 93.4 78.3 82.2 70.5 80.5 93.8 73.8
CiPR [27] 57.1 58.7 55.6 47.0 61.5 40.1 - - - 97.7 97.5 97.7 81.5 82.4 79.7 80.5 84.9 78.3
SPTNet [55] 65.8 68.8 65.1 59.0 79.2 49.3 59.3 61.8 58.1 97.3 95.0 98.6 81.3 84.3 75.6 85.4 93.2 81.4
CMS [12] 68.2 76.5 64.0 56.9 76.1 47.6 56.0 63.4 52.3 - - - 82.3 85.7 75.5 84.7 95.6 79.2
AMEND [2] 64.9 75.6 59.6 52.8 61.8 48.3 56.4 73.3 48.2 96.8 94.6 97.8 81.0 79.9 83.3 83.2 92.9 78.3

GCD [51] 51.3 56.6 48.7 39.0 57.6 29.9 45.0 41.1 46.9 91.5 97.9 88.2 73.0 76.2 66.5 74.1 89.8 66.3
Hyp-GCD 61.0 67.0 58.0 50.8 60.9 45.8 48.2 43.6 50.5 92.9 97.5 90.6 74.0 80.0 62.0 80.4 92.5 74.4
SimGCD [59] 60.3 65.6 57.7 53.8 71.9 45.0 54.2 59.1 51.8 97.1 95.1 98.1 80.1 81.2 77.8 83.0 93.1 77.9
Hyp-SimGCD 64.8 65.8 64.2 62.8 73.4 57.7 58.7 58.9 58.5 96.8 95.9 97.2 82.4 83.1 81.2 86.5 93.7 83.0
SelEx [45] 73.6 75.3 72.8 58.5 75.6 50.3 57.1 64.7 53.3 95.9 98.1 94.8 82.3 85.3 76.3 83.1 93.6 77.8
Hyp-SelEx 79.8 75.8 81.8 62.9 80.0 54.7 65.9 67.3 65.1 96.7 97.6 96.3 82.4 85.1 77.0 86.8 94.6 82.8

D
IN

O
v2

µGCD [53] 74.0 75.9 73.1 76.1 91.0 68.9 66.3 68.7 65.1 - - - - - - - - -
CiPR [27] 78.3 73.4 80.8 66.7 77.0 61.8 - - - 99.0 98.7 99.2 90.3 89.0 93.1 88.2 87.6 88.5
SPTNet [55] 76.3 79.5 74.6 - - - - - - - - - - - - 90.1 96.1 87.1

GCD [51] 71.9 71.2 72.3 65.7 67.8 64.7 55.4 47.9 59.2 97.8 99.0 97.1 79.6 84.5 69.9 78.5 89.5 73.0
Hyp-GCD 75.6 75.1 75.9 72.8 80.4 69.1 62.7 70.0 59.0 97.5 98.9 96.8 84.5 87.5 78.5 82.9 92.4 78.2
SimGCD [59] 71.5 78.1 68.3 71.5 81.9 66.6 63.9 69.9 60.9 98.7 96.7 99.7 88.5 89.2 87.2 89.9 95.5 87.1
Hyp-SimGCD 77.6 77.9 77.4 82.5 85.8 81.0 76.4 70.3 79.4 98.9 97.7 99.5 91.5 90.0 94.6 91.9 96.2 89.8
SelEx [45] 87.4 85.1 88.5 82.2 93.7 76.7 79.8 82.3 78.6 98.5* 98.8* 98.5* 87.7* 90.8* 81.5* 90.9* 96.2* 88.3*
Hyp-SelEx 90.7 85.3 93.4 83.8 93.3 79.2 83.4 82.0 84.1 98.6 98.1 98.9 88.6 91.5 82.8 92.3 96.4 90.2

*results from our implementation.

sis between the three baseline methods and their hyperbolic
counterparts with DINO backbone in Fig. 4. Our hyperbolic
methods consistently outperform their Euclidean counter-
parts, with particularly strong results observed when utiliz-
ing the DINOv2 backbone. Among the evaluated methods,
Hyp-SelEx achieves the highest average accuracy (ACC)
across all datasets, notably excelling on the CUB dataset,
where it records an accuracy of 79.8% for the ‘All’ classes
with DINO and 90.7% with DINOv2, establishing it as the
leading approach. More strikingly, on the Stanford-Cars
dataset, our Hyp-GCD method outperforms the baseline by
11.8%, 13.3% and 15.9% in terms of ACC for the ‘All’,
‘Old’ and ‘New’ categories, respectively. Fig. 4 (left) illus-
trates the average ACC on ‘All’ categories across the three
datasets in the SSB benchmark, indicating that our hyper-
bolic methods surpass the baseline by a margin of at least
6.0%. Furthermore, as shown in Fig. 4 (right), hyperbolic
methods exhibit a consistently smaller ACC gap between
‘Old’ and ‘New’ classes, highlighting the effectiveness of
HypCD in enhancing knowledge transfer from known to un-
seen categories. Additionally, DINOv2 outperforms DINO
across all methods, underscoring its ability to capture com-
plex data representations more effectively.

Results on Generic Datasets. In the right section of Tab. 1,

we present the results on three widely used generic datasets:
CIFAR-10 [34], CIFAR-100 [34], and ImageNet-100 [13].
Our methods demonstrate consistent improvements across
all cases, regardless of the backbone employed. Notably,
these enhancements are especially significant on CIFAR-
100 and ImageNet-100, which present greater challenges
compared to CIFAR-10, where performance is nearly sat-
urated. For CIFAR-100, Hyp-SimGCD and Hyp-SelEx
achieve the highest accuracy of 82.4% for the ‘All’ cate-
gories using DINO, while Hyp-SimGCD ranks first with an
accuracy of 91.5% on this metric when utilizing DINOv2,
significantly surpassing baseline methods and the previous
SOTA. Results on ImageNet-100 further validate the effec-
tiveness of hyperbolic methods; Hyp-SelEx achieves the
highest performance across ‘All’, ‘Old’, and ‘New’ cate-
gories with both DINO and DINOv2, outperforming the
baseline by a margin of up to 3.7%.

4.3. Impact of Hyperparameters

Manifold Curvature. Building on previous studies [1, 31]
that explore the application of hyperbolic geometry across
various tasks, the curvature parameter c (as discussed in
Sec. 3.3) is a crucial factor influencing performance and
may yield different optimal values across datasets and meth-
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Table 2. Experimental results using different c, r and αmax
d values

in Hyp-SimGCD with DINO [7] pre-trained backbone. Results on
the CUB [54] and CIFAR-100 [34] datasets are reported.

Stanford-Cars [33] CIFAR-100 [34]

parameter All Old New All Old New

c = 0.01 61.4 74.4 55.1 82.4 83.1 81.2
c = 0.05 62.8 73.4 57.7 81.6 84.0 76.7
c = 0.1 62.3 75.1 56.1 81.1 82.3 78.8

r = 1.0 60.0 72.9 53.7 82.4 83.1 81.2
r = 1.5 61.2 75.7 54.2 81.2 82.4 78.8
r = 2.3 62.8 73.4 57.7 80.1 81.1 78.3

αmax
d = 0.1 59.6 77.5 51.0 81.3 82.4 79.1

αmax
d = 0.5 62.0 77.2 54.6 82.4 83.1 81.2

αmax
d = 1.0 62.8 73.4 57.7 78.9 83.5 69.7

ods. Intuitively, as the value of c approaches 0, the radius
tends toward infinity, causing the Poincaré ball to flatten
and resemble Euclidean space; conversely, larger values of c
correspond to a steeper configuration. The widely accepted
range for c is between 0.01 and 0.3 [15], with larger values
exceeding this range resulting in performance degradation.
In our experiments, we evaluate different curvature values
of 0.01, 0.05, and 0.1 using Hyp-SimGCD, as presented in
Tab. 2. Our findings indicate that the optimal curvature val-
ues differ between generic and fine-grained datasets. For
fine-grained datasets such as CUB [54], the optimal value is
0.05, while for generic datasets like CIFAR-100, a value of
0.01 proves to be more effective.
Clipping Value. As articulated in [23], feature clipping
has emerged as a standard technique for training hyperbolic
neural networks. In our framework, we also observe that it
plays a crucial role in category discovery performance. In
line with the methodology outlined in [23], we investigate
a range of clipping values, specifically 1.0, 1.5, and 2.3.
The results shown in the second row of Tab. 2 demonstrate
that optimal clipping values vary between fine-grained and
generic datasets. For fine-grained datasets like CUB [54],
the optimal clipping value is determined to be 2.3. Con-
versely, for generic datasets like CIFAR-100 [34], a clip-
ping value of 1.0 is shown to be more effective.
Loss Weight. As detailed in Sec. 3.4, we implement a
hybrid contrastive loss that combines both distance-based
and angle-based components, which is essential for effec-
tive optimization in hyperbolic space. A loss weight, de-
noted as αd, is introduced to regulate the balance between
these two types of losses and linearly increasing from 0. In
the initial stages, the model prioritizes optimizing the an-
gle between sample points and progressively shifts focus
toward optimizing the hyperbolic distance. Consistent with
the observations for curvature and clipping values, the op-
timal max value αmax

d , varies considerably between coarse-
grained and fine-grained datasets. For fine-grained datasets
such as CUB [54], an optimal value of 1.0 is observed,
whereas for more generic datasets like CIFAR-100 [34], a
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Figure 5. T-SNE [49] comparison between SimGCD [59] and our
Hyp-SimGCD using 40 randomly sampled instances from 10 ran-
domly selected categories of the Stanford-Cars dataset [33].

value of 0.5 is found to yield better performance.

4.4. Qualitative Comparison
In Fig. 5, we present a t-SNE [49] visualization of fea-
tures extracted from the backbone, represented as zi =
ϕ(xi). This visualization compares SimGCD with our Hyp-
SimGCD. On the left side of the figure, the clusters gen-
erated by SimGCD appear dispersed. Data points from
Class 42, highlighted in pink, are spread across multiple
areas, indicating significant overlap and a lack of com-
pactness. In contrast, Hyp-SimGCD creates more distinct
and tightly clustered groups, concentrating the data points
of Class 42 in a more confined area. This comparison
implies that Hyp-SimGCD enhances both intra-class com-
pactness and inter-class separation through our hyperbolic
representation and classifier learning method. Importantly,
even within the original Euclidean space of the backbone
network, Hyp-SimGCD exhibits robust clustering perfor-
mance, which arises from the properties of hyperbolic space
in encoding hierarchical structures.

5. Conclusion
In this paper, we investigate a previously overlooked per-
spective in GCD by utilizing a representation space that
captures the hierarchical structure of each sample, instead
of the conventional Euclidean or spherical spaces. Our
approach leverages the distinctive properties of hyperbolic
space, where the volume increases exponentially with ra-
dius. This characteristic makes hyperbolic space especially
suitable for modelling data possessing hierarchical struc-
tures, thereby enhancing representational capacity for cat-
egory discovery. We propose a simple yet effective frame-
work, HypCD, for integrating hyperbolic geometry into
GCD methods. Through extensive experiments with para-
metric and non-parametric GCD baselines and the SOTA
method, our framework consistently demonstrates superior
performance on public benchmarks, underscoring the effec-
tiveness of hyperbolic space for category discovery.
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