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This Appendix supplements the main text with additional details. Section 1
expands on related works, providing a comprehensive background. Section 2
contains proofs for the upper bounds mentioned in the main content. In Section 3,
we detail our method’s pseudocode and elaborate on the components visually
for better understanding. Section 4 includes further experimental results and
ablative studies, demonstrating our method’s efficacy. The concluding discussion
highlights future research avenues and acknowledges the limitations of our study,
paving the way for further exploration.

1 Related Works
To provide a more in-depth analysis of the relevant literature, this appendix
section delves into additional related works.

1.1 Self-Supervised Learning

Self-supervised learning has transformed the analysis of large-scale unlabeled
data, learning rich representations. He et al . [26] introduced the concept of
momentum contrast with MoCo, enhancing the quality of learned representations
by utilizing two encoders and a contrastive loss to learn image features that
distinguish between different views [26]. Following this, Chen et al . [12] simplified
the self-supervised learning pipeline with SimCLR, by maximizing agreement
between different augmented versions of the same image, using a contrastive
loss function [12]. Caron et al . [7] introduced SwAV, which employs a cluster-
ing mechanism to enhance consistency between cluster assignments, thereby
improving learning efficacy [7]. By employing a self-distillation with information
noise injection, DINO [8] efficiently captures complex visual features without
labeled data. DINOv2 [42] further refines this approach with key improvements,
enhancing both feature quality and model adaptability.

1.2 Open-Set Recognition

The advent of open set recognition marked a significant milestone in the evolution
of computational models, addressing the complexities of processing real-world
data. This domain was first conceptualized by Scheirer et al . [55], who laid
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the foundational theory for models capable of discerning between known and
unknown data categories, a principle further developed by subsequent research [4,
54]. The pioneering application of deep learning techniques to tackle open-set
recognition challenges was introduced through the development of OpenMax [5].
The core objective within open-set recognition is the accurate identification of
known categories while effectively filtering out novel category samples. Various
methodologies have been proposed to emulate the concept of “otherness” essential
for distinguishing unknown categories. These approaches range from identifying
significant reconstruction errors [46,72], measuring the deviation from a set of
predefined prototypes [10,11,56], to differentiating samples generated through
adversarial processes [20, 31, 39, 74]. Despite its advances, a notable limitation of
open-set recognition is its inclination to disregard all instances of novel classes,
potentially omitting valuable information. This challenge underscores the ongoing
quest for more sophisticated models capable of not only identifying the unknown
but also accommodating the continuous expansion of the knowledge domain.

1.3 Novel Category Discovery

The foundation for this line of inquiry was laid by Han et al . [24], who adapted
classification models to recognize novel categories based on knowledge from known
categories. Initial strategies, as documented in several studies [22,27,28], typically
employed a bifurcated approach. Initially, these methods focused exclusively on
learning representations from annotated data, subsequently applying the acquired
categorical structures to identify unknown categories in a distinct phase. However,
the research trajectory has recently veered towards unified methodologies. For
instance, studies like [18, 23, 36, 37, 52, 53, 73, 78, 81] exemplify this trend by
integrating the learning process, simultaneously leveraging both labeled and
unlabeled datasets to enhance representation learning. Despite the significant
progress in this area, a critical issue remains unaddressed: the assumption that
known and novel categories are mutually exclusive. This assumption undermines
the performance of models in real-world settings, where instances may belong
to either known or novel categories. This issue is what Generalized Category
Discovery seeks to address.

1.4 Generalized Category Discovery

Generalized category discovery was introduced by Vaze et al . [59] and Cao et
al . [6]. It provides models with unlabeled data from both novel and known
categories, placing it within the realm of semi-supervised learning, a domain
thoroughly investigated in the machine learning literature [9, 40, 44, 51, 70]. The
unique challenge in generalized category discovery is handling categories without
any labeled instances, which introduces additional complexity. There are primarily
two approaches to address this challenge. The first employs a series of prototypes
as reference points, e.g ., [2,13,14,25,29,58,63,65,68,69,75]. The second approach
leverages local similarity as weak pseudo-labels for each sample and utilizes
sample similarities to form local clusters [3,13,16,19,25,43,48,49,76,79]. Studies
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such as [60,62, 65, 76] employ mean-teacher networks to tackle the issues arising
from noisy pseudo-labels. Additionally, other research efforts leverage cues from
alternative modalities to identify categories in a multimodal fashion [1,45,80]. Our
approach introduces ‘self-expertise’, a novel concept aimed at hierarchical learning
of known and unknown categories. This technique emphasizes the focus on the
samples from identical clusters at each level. This method is particularly effective
in overcoming the limited availability of positive samples per category, while also
enhancing the identification of subtle differences among negative samples.

1.5 Hierarchical Representation Learning

In the realm of leveraging hierarchical categories for enhanced representation
learning, several approaches have been introduced. Zhang et al . [77] employ
multiple label levels to augment their models’ representational capacity through
hierarchical contrastive learning. Similarly, Guo et al . [21] extract pseudo-labels
to facilitate hierarchical contrastive learning, with a unique emphasis on ensuring
signals remain positive within identical clusters. The hierarchical structure of cat-
egories has been explored in previous works such as [35,67], aiming to enhance the
identification of novel categories within the context of open-set recognition. Addi-
tionally, Rastegar et al . [50] utilize a hierarchical structure for multimodal data
to infer missing modalities, which can be categories. An alternative perspective
on extracting hierarchical structures of categories through self-supervision can
be viewed through the framework of deep metric learning [30,71]. Our research
parallels these efforts by also utilizing hierarchical pseudo-labels. However, our
methodology diverges by incorporating negative samples from the same cluster
to foster generalized category discovery, setting our approach apart.

Moreover, Otholt et al . [43] and Banerjee et al . [3] have proposed hierar-
chical strategies aimed at generalized category discovery, primarily leveraging
neighborhood structures to define refined categories with precision. Rastegar et
al . [49] introduced a technique for learning an implicit category tree, which aids
in the hierarchical self-coding of categories, ensuring category similarity is main-
tained throughout all levels of the hierarchy. Similarly, Wang et al . [64] leverage
taxonomic context consistency to maintain coherence in the targeted labels,
ensuring alignment across both coarse and fine-grained pseudo-labels. Our work
distinguishes itself from these methodologies by employing weak supervision from
samples within each hierarchy level to minimize the impact of misclassifications
on lower levels. Furthermore, our approach emphasizes hard negatives within
the same cluster for unsupervised self-expertise, thereby improving the model’s
capability to identify subtle distinctions within fine-grained classifications.
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2 Theory
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Fig. 1: Bayesian Network for the
Generalized Category Discovery.
Shaded nodes are observed variables xi,
xj corresponds to images i and j, and
ci and cj which are the ground-truth
category variable. zj is the latent cate-
gory variable extracted from the model.

In this section, we motivate our approach
of hierarchical contrastive learning and
why it is particularly well-suited for cate-
gory discovery in unseen data.

2.1 Notations and Definitions

Let’s consider the simple Bayesian net-
works depicted in Fig. 1. Here, xi and xj

are different samples or different views of
the same sample which are observed. Their
corresponding ground truth context vari-
ables ci and cjs are variables we aim to extract information about. These context
variables can be partly observed in the form of labels, as is the case for super-
vised contrastive learning. However, these context variables are unobserved for
unsupervised contrastive learning, which we show with zi and zj , respectively.
Random variable y will indicate if its two parents have the same value, or in
other terms; it will provide the contrastive labels.

Let’s assume that we have K total categories and the number of total samples
as N . For each context variable c, we show the number of samples assigned to it
by |c|. Hence, |zi| indicates the number of samples that the model has assigned
to modulo set {zi}K and |ci| indicates how many samples the true distribution
has assigned to labels {ci}K . Finally, we show the true distribution of samples
with p and the approximated one with p̂. In the next sections, we use labels
instead of ground truth context variables, but note that these labels can have
different hierarchy levels from the ground truth labels. To prevent ambiguity, we
emphasize ground truth labels whenever we use them.

2.2 Problem Definition

For contrastive training, the goal is to estimate the true distribution of equality
of the ground truth context variables. Hence, for samples i and j, the goal is to
approximate the following true distribution,

p(y=1|ci, cj) = 1(ci=cj), (1)

in which 1 is the identity operator, which is one only when its inner condition holds
and zero otherwise. Depending on the problem we aim to solve, in training, we
have no access to the ground truth context variables as in unsupervised contrastive
learning, or we have partial access as in supervised contrastive learning. In both
contrastive learning formulations, we aim to minimize the KL divergence between
the true distribution p and our model distribution p̂ which in case of unsupervised
contrastive learning will be,

DKL[p(y|ci, cj) ∥ p̂(y|xi,xj)], (2)
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and for supervised contrastive learning will be,

DKL[p(y|ci, cj) ∥ p̂(y|ci,xj)]. (3)

In the generalized category discovery problem, for labeled samples, we can consider
the context variable as ci since it is observed, while for unlabeled samples, both
context variables are unobserved.

2.3 Supervised Contrastive Learning

Theorem 1. Consider two samples i and j from the Bayesian network Fig. 1.
If we have a total of N samples and K categories and the dataset is balanced, we
will have the following upper bound if only i’s label ci is known:

DKL[p(y|ci, cj) ∥ p̂(y|ci,xj)] ≤ ln
N

K
. (4)

Proof. According to the Bayesian network shown in Fig. 1, we have:

p̂(y|ci,xj) =

K∑
zj=1

p̂(zj |xj)p̂(y|ci, zj). (5)

Note that since
∑K

zj=1 p̂(zj |xj)=1 and p(y|ci, cj) is independent of zj3, we can
consider that

p(y|ci, cj)=
K∑

zj=1

p̂(zj |xj)p(y|ci, cj). (6)

Also, since KL divergence is convex, we can have the following inequality:

DKL[

K∑
zj=1

p̂(zj |xj)p(y|ci, cj)∥
K∑

zj=1

p̂(zj |xj)p̂(y|ci, zj)]

≤
K∑

zj=1

p̂(zj |xj)DKL[p(y|ci, cj)∥p̂(y|ci, zj)]. (7)

If we use equations Eqs. (5) to (7) on the left-hand side of the inequality Eq. (4),
we will have the following:

DKL[p(y|ci, cj)∥p̂(y|ci,xj)] =DKL[p(y|ci, cj)∥
K∑

zj=1

p̂(zj |xj)p̂(y|ci, zj)]

=DKL[

K∑
zj=1

p̂(zj |xj)p(y|ci, cj)∥
K∑

zj=1

p̂(zj |xj)p̂(y|ci, zj)]

≤
K∑

zj=1

p̂(zj |xj)DKL[p(y|ci, cj)∥p̂(y|ci, zj)],

3 Note that p is the true distribution and p̂ is the distribution that is derived from the
bayesian network.
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For DKL[p(y|ci, cj)∥p̂(y|ci, zj)], two possible scenarios can happen, i.e., ci=cj
and ci ̸=cj. Fig. 2 depicts these different scenarios in which the model makes a
mistake in assigning the label. We call these two scenarios intra-class divergence
and inter-class divergence, respectively. Note that since the dataset is balanced,
we can consider that |zj |=|cj|=N

K . We also assume p̂(cj)≈p(cj)=p̂(zj)=
1
K .

zj ci

k

(a)

zj ci

k

(b)

Fig. 2: Different scenarios for two sam-
ple category variables in supervised
contrastive learning. The latent variable
zj is extracted from the model. Model does
the red assignments, while blue assignments
indicate the ground truth category variable.
Since only ci is known, the model makes a
mistake if: (a) Both i and j have the same la-
bels and the model has assigned j to another
label k. (b) i and j have different labels but
j is assigned to the label k=ci.

Intra-class Divergence. If ci=cj,
we will have p(y=0|ci, cj)=0, accord-
ing to Eq. (1). So we will have:

DKL[p(y|ci, cj)∥p̂(y|ci, cj, zj=k)]=

− ln p̂(y=1|ci, cj, zj=k)

1(p̂(y=1|ci, cj, zj=k) ̸=0). (8)

In this equation 1(p̂(y=1|ci, zj=k) ̸=0)
ensures that only valid ks has been con-
sidered. We don’t include this function
in the next equations for simplicity but
implicitly consider the condition it im-
poses on k. This scenario is depicted
in Fig. 2a. Note that unlike [41], we
consider p̂(y) to be a Bernoulli distri-
bution; this is because we only consider one sample at a time to see if this sample
belongs to the same class or not. This is because, in their approach, categorical
cross entropy forces the model to use one positive sample while considering all
the remainder as negatives. But in the contrastive version, we can have multiple
positives per each batch. Similar to [41], we can write this probability as follows:

p̂(y=1|ci, cj, zj=k)=

p̂(zj=k|ci,cj)
p̂(zj=k)∑K

l=1
p̂(zj=l|ci,cj)

p̂(zj=l)

. (9)

Using Bayes theorem, we will have the following:

p̂(zj=k|cj)=
|zj=k|
|cj |

p̂(cj|zj=k)=p̂(cj|zj=k). (10)

We can rewrite Eq. (8) as:

DKL[p(y|ci, cj)∥p̂(y|ci, cj, zj)]=

A︷ ︸︸ ︷
− ln

p̂(zj=k|cj)
p̂(zj=k)

+ ln

K∑
l=1

p̂(zj=l|cj)
p̂(zj=l)︸ ︷︷ ︸
B

. (11)

To calculate A, since in Eq. (8), the condition is that p̂(y=1|ci, cj, zj=k)̸=0, we
can conclude that p̂(zj=k|cj)>0. At least one sample of cj or ci should have zj=k,
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or else this probability will be zero. So we have: p̂(zj=k|cj)≥ 1
|cj|=

K
N . Therefore,

we can find an upper bound for A:

A≤− ln(
K2

N
). (12)

To calculate B,

B= ln(K

K∑
l=1

p̂(zj=l|cj))= lnK. (13)

If we use equation Eqs. (7), (12) and (13) we have:

DKL[p(y|ci, cj)∥p̂(y|ci,xj)]≤ ln
N

K
. (14)

Inter-class Divergence Here we have cj ̸=ci, for this scenario which is depicted
in Fig. 2b, we have a few changes from the previous part, particularly Eq. (8)
will be as:

DKL[p(y|ci, cj)∥p̂(y|ci, cj, zj=k)]=

− ln p̂(y=0|ci, cj, zj=k)1(p̂(y=0|ci, cj, zj=k)̸=0). (15)

Since we can consider p̂(y=0|ci, cj, zj=k)=1−p̂(y=1|ci, cj, zj=k), Eq. (11) be-
comes

DKL[p(y|ci, cj)∥p̂(y|ci, cj, zj)]=

A︷ ︸︸ ︷
− ln

∑
l ̸=k

p̂(zj=l|cj)
p̂(zj=l)

+ ln

K∑
l=1

p̂(zj=l|cj)
p̂(zj=l)︸ ︷︷ ︸
B

. (16)

To calculate A

A=− ln(K
∑
l ̸=k

p̂(zj=l|cj))=− lnK− ln(1− p̂(zj=l|cj)). (17)

Again, since in Eq. (8), the condition is that p̂(y=0|ci, cj, zj=k) ̸=0, we can
conclude that p̂(zj=k|cj)<1. At least one sample of cj should have zj=k, or else
this probability will be zero. So we have: p̂(zj=k|cj)≤(1− 1

|cj| )=1−K
N . Therefore,

we can find a similar upper bound for A:

A≤− ln(
K2

N
). (18)

We have already calculated B in Eq. (13). If we use equation Eqs. (7), (13)
and (17) we again have:

DKL[p(y|ci, cj)∥p̂(y|ci,xj)]≤ ln
N

K
. (19)

Since in both cases, the upper bound holds the theorem is proven. □
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2.4 Unsupervised Contrastive Learning

y

zi zj

xjxi

cjci

Fig. 3: Bayesian Network for the
Generalized Category Discovery.
Shaded nodes are observed variables xi,
xj corresponds to images i and j, and
ci and cj which are the ground-truth
category variable. zi and zj are the la-
tent category variables extracted from
the model.

For the unsupervised scenario, both labels
are unknown, this means that we only have
access to the inputs xi and xj. This means
that for unlabelled samples they will fol-
low the Bayesian network shown in Fig. 3.
We can state a similar theorem for the
unsupervised case as follows:

Theorem 2. Consider two samples i and
j from the Bayesian network Fig. 1. If we
have a total of N samples and K categories
and the dataset is balanced, we will have
the following upper bound if neither of i
and j labels is known:

DKL[p(y|ci, cj) ∥ p̂(y|xi,xj)] ≤ ln
N

K
. (20)

Proof. According to the Bayesian network shown in Fig. 3, we have:

p̂(y|xi,xj) =

K∑
zi=1

p̂(zi|xi)

K∑
zj=1

p̂(zj |xj)p̂(y|zi, zj). (21)

Note that since
∑K

zj=1 p̂(zj |xj)=1 and
∑K

zi=1 p̂(zi|xi)=1 and p(y|ci, cj) is inde-
pendent of zi and zj , we can consider that

p(y|ci, cj)=
K∑

zi=1

p̂(zi|xi)

K∑
zj=1

p̂(zj |xj)p(y|ci, cj). (22)

Also, since the KL divergence is convex, we can have the following inequality:

DKL[

K∑
zi=1

p̂(zi|xi)

K∑
zj=1

p̂(zj |xj)p(y|ci, cj)∥
K∑

zi=1

p̂(zi|xi)

K∑
zj=1

p̂(zj |xj)p̂(y|zi, zj)]

≤
K∑

zi=1

p̂(zi|xi)

K∑
zj=1

p̂(zj |xj)DKL[p(y|ci, cj)∥p̂(y|zi, zj)]. (23)

If we use equations Eqs. (21) to (23) on the left-hand side of the inequality
Eq. (20), we will have the following:

DKL[p(y|ci, cj)∥p̂(y|xi,xj)] =DKL[p(y|ci, cj)∥
K∑

zi=1

p̂(zi|xi)

K∑
zj=1

p̂(zj |xj)p̂(y|zi, zj)]

≤
K∑

zi=1

p̂(zi|xi)

K∑
zj=1

p̂(zj |xj)DKL[p(y|ci, cj)∥p̂(y|zi, zj)].
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Fig. 4: Different scenarios for two sam-
ple category variables in unsupervised
contrastive learning. The latent variables
zi and zj are extracted from the model.
Model does the red assignments, while blue
assignments indicate the ground truth cate-
gory variable. For unsupervised contrastive
learning, neither of the labels is known, so
the model makes a mistake if (c) i and j
have different labels and are assigned to the
same label, (d) i and j have the same label,
but model assign them to different labels.

Similar to supervised version for
DKL[p(y|ci, cj)∥p̂(y|zi, zj)], two possi-
ble scenarios can happen, i.e., ci=cj
and ci ̸=cj. Fig. 4 depicts these dif-
ferent scenarios in which the model
makes a mistake in assigning the la-
bel. We call these two scenarios intra-
class divergence and inter-class diver-
gence, respectively. Note that since the
dataset is balanced, again we can con-
sider that |zi|=|zj |=|ci|=|cj|=N

K . We
also assume p̂(ci)≈p(ci)=p̂(zi)=

1
K . In

the transition from supervised to un-
supervised scenario, the adaptation
of the supervised derivations necessi-
tates simply substituting ci with zi.
For brevity, we omit the derivation of
these adapted equations.

2.5 Self-Expertise.

In the paper, we introduced an upper bound for a dataset comprising N samples
across K categories, denoted as SK . To further refine our understanding, we
propose an alternative upper bound, ŜK , which leverages the hierarchical structure
inherent among the categories. This hierarchical framework can be conceptualized
as a Markov chain, where each category’s relevance is determined independently
of the samples and hyper-labels, except for its immediate predecessor and its
children in the hierarchy. Our objective is to delineate the conditions under
which ŜK serves as an effective upper bound, taking into account the hierarchical
relationships among categories. This approach aims to capture the nuanced
dependencies within the category structure, thereby providing a more granular
and accurate upper limit for the distribution of samples among the categories.

lgK∑
l=1

DKL[p(y|cil, cjl)∥p̂(y|cil,xj, cj
l−1)]≤ŜK , (24)

let l denote the hierarchy level. Consider that at level l, given K distinct categories,
each cluster cj

l−1 contains N
K samples, as opposed to the full N samples without

considering the hierarchy. Upon substituting these adjusted values for K and K
2

into the established upper bound in Eq. (4), we obtain the following:

ŜK= lgK ln
N

K2
, ŜK

2
=(lgK − 1) ln

4N

K2
⇒ ŜK≤ŜK

2
. ⊓⊔ (25)

Employing analogous reasoning for the unsupervised self-expertise component,
we derive:

ÛK≤ÛK
2
. (26)
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3 Method
For a deeper understanding of the proposed methods, this appendix section
provides a detailed explanation and corresponding pseudocode for the algorithms
briefly introduced in the main text.

3.1 Balanced Semi-Superivsed K-means

Our algorithm consists of three key stages:

1. Semi-Supervised K-means Centers Initialization,
2. Updating novel categories while balancing clusters,
3. Semi-supervised K-means for final assignment based on the refined centers.

Algorithm 1 Enhanced Semi-Supervised K-Means Initialization

1: Input: Labeled data points xl
i with labels yl

i, unlabeled data points xu
j , cluster size

threshold C, counts of labeled categories Y l
c and unlabeled categories Y u

c

2: Output: Refined initial positions for cluster centroids
3: Procedure Initialization: Initialize centroids c1, · · · , ck as the centroids of labeled

data xl
i for each category yl

i = c1, · · · , ck. Exclude the C nearest data points to
each of these initial centroids to refine the cluster quality.

4: repeat
5: Select a random data point xj from the pool of unlabeled data.
6: Exclude the C nearest neighbors of xj to ensure diverse centroid selection.
7: Incorporate xj into the collection of centroids.
8: until Achievement of K centroids

Semi-Supervised K-means Centers Initialization. In our proposed method,
Balanced Self-Supervised K-means (BSSK), the initial step involves the iden-
tification of K-means cluster centers for pre-labeled categories. This process is
executed by calculating the cluster centers from the labeled data corresponding
to the known categories. In scenarios involving balanced datasets characterized
by a cluster size C, we enhance dataset purity by excluding the C nearest sam-
ples surrounding each data point to mitigate cluster overlap and ensure distinct
cluster formation. Subsequently, for the incorporation of novel categories into the
learning framework, BSSK adopts a strategy of randomly selecting samples from
the pool of remaining data to serve as new cluster centers. Following the selection
of each novel cluster center, we apply a similar purification step by removing the
C closest samples in its vicinity. This systematic approach not only facilitates the
exploration of new categories within the dataset but also maintains the integrity
of cluster separation, ensuring a robust framework for the effective integration of
both known and novel categories in self-supervised learning environments.

The pseudocode for this initialization is detailed in Algorithm 1, with a
practical illustration provided in Fig. 5. It is important to highlight that in
scenarios involving unbalanced datasets, this phase of the process is bypassed.
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Fig. 5: Cluster Center Initialization for Balanced Semi-Supervised K-Means.
Leveraging the advantage of having access to samples from known categories, we initiate
the cluster centers for these categories directly using the available partial data from
corresponding clusters (shown with green crosses). Given the predefined cluster size,
denoted as C, it is prudent to avoid selecting initial centers for new categories from
within the immediate vicinity of C of these established centers. Furthermore, upon
determining a center for each novel category, we deliberately exclude its C closest samples
in the dataset. This approach ensures that the initial centers for K-means clustering are
adequately spaced apart, promoting a more balanced and effective clustering process.

Instead, we adopt an initial cluster center selection mechanism akin to that used
in Semi-Supervised K-means [59]. This adjustment ensures our method remains
robust and adaptable to diverse dataset characteristics.

Algorithm 2 Refinement of Novel Category Centers

Require: Defined cluster size C, Initial cluster centers µ1, . . . , µK

Ensure: Generation of pseudo-labels for unlabeled data
1: for each iteration iter = 1 to niter do
2: Assign each data point xj to its nearest cluster center.
3: if specified cluster size C is not null then
4: Ensure each cluster adheres to the defined size C by applying balancing strategy

from Algorithm 3.
5: end if
6: Recalculate the centers for the updated clusters.
7: end for

Updating novel categories while balancing clusters. In our proposed ap-
proach, we diverge from the conventional Semi-Supervised K-means [59] method-
ology, which updates all cluster centers simultaneously. Our premise is that the
cluster centers corresponding to known data categories are already well-established
and reliable. However, traditional K-means does not ensure the optimization of
cluster centers for these known categories. To address this, our method selectively
updates the cluster centers for novel categories while maintaining the integrity
of the known category centers. This strategy ensures that, by the conclusion of
this process, the centers for known categories are optimally positioned, whereas
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Fig. 6: Balancing Cluster Allocation Through Stable Matching. Following
the assignment of clusters, it is anticipated that certain clusters will emerge as Dense,
possessing a number of samples exceeding the designated cluster size C, while others
will manifest as sparse, characterized by a sample count below C. A proposed strategy
involves permitting the centers of Dense clusters to select their C nearest samples,
thereafter releasing any additional samples previously assigned to them as Cluster-free.
These Cluster-free samples will then gravitate towards and select the nearest sparse
cluster available to them, thereby balancing the allocation.

the centers for novel categories have been effectively adjusted. This technique is
detailed in Algorithm 2.

For balanced datasets, our method enforces uniformity in cluster size, setting
C=N

K , through a stable matching algorithm. Initially, each sample is allocated
to its nearest cluster. Subsequently, if a cluster receives assignments exceeding
C, it retains only the C closest samples, releasing the others. These unassigned
samples are then considered "cluster-free." Concurrently, clusters with fewer
than C assignments are identified as sparse. Each cluster-free sample is then
allocated to the nearest sparse cluster. This procedure ensures stability within the
algorithm, guaranteeing that no sample-cluster pair would prefer an alternative
arrangement to their current one. The pseudocode for achieving balance is
outlined in Algorithm 3, with the corresponding matching process illustrated in
Figure Fig. 6. The robustness and stability of our matching algorithm are further
validated by a subsequent theorem, reinforcing the effectiveness of our approach
within the framework of this study.

Theorem 3. The balancing stage of BSSK is a stable matching.

Proof. Suppose, for the sake of contradiction, that our assumption is false. There-
fore, we have two pairs of sample clusters, (xi, ck) and (xj , cl), which would prefer
to be paired with each other but are currently assigned differently using the
BSSK algorithm. This implies that xj is closer to ck than xi is, and since ck
retains its closest assigned samples, it follows that either:

1. xj was never assigned to ck using K-means.
2. xj was assigned to ck by K-means but was later re-assigned to another cluster.
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Algorithm 3 Balanced Distribution of Category Clusters

Require: Designated cluster size C, Initial set of clusters c1, . . . , cK , Preliminary
cluster assignments.

Ensure: Enhanced pseudo-labels for untagged data
1: for k = 1 to K do
2: Arrange samples within cluster ck in ascending order based on proximity to the

central point µk.
3: Determine the total sample count within cluster |ck|.
4: if |ck| > C then
5: Retain the C samples closest to µk within ck, categorizing the remainder as

cluster-free.
6: else if |ck| < C then
7: Designate cluster ck as sparse.
8: end if
9: end for

10: Redirect all cluster-free samples xj towards the nearest sparse cluster.

In the first scenario, for the pairing to be considered unstable, xj would need
to prefer ck over cl. However, if this were the case, xj should have been assigned
to ck instead of cl, leading to a contradiction.

In the second scenario, if xj was re-assigned by BSSK, it suggests that ck
was identified as a dense cluster. Consequently, xi cannot be re-assigned to it
later as it is not part of a sparse cluster, and xj was not among the C nearest
neighbours of ck while xi was. This scenario implies that ck prefers xi over xj ,
contradicting the initial claim of instability in the pairing.
Therefore, by contradiction, the theorem is proven. □

Algorithm 4 Balanced Semi-Supervised Kmeans (BSSK)

Require: Cluster size C, Initial centers µ1, . . . , µK

Ensure: Pseudo-labels for unlabeled data
1: Use algorithm Algorithm 2 to find good initial centers for novel categories.
2: for iter = 1 to niter do
3: Assign each data point xj to the closest cluster center.
4: Update centers of all clusters.
5: end for

Final assignment using semi-supervised Kmeans. In the culminating phase
of our Balanced Semi-Supervised K-means (BSSK) methodology, we implement a
traditional Semi-Supervised K-means algorithm, leveraging both known and novel
clusters identified in earlier steps. This approach is motivated by two primary
considerations. Firstly, the initial identification of moderately optimal novel and
known cluster centers reduces the likelihood of K-means converging to suboptimal
cluster centers, thereby enhancing the optimization process for both known and
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novel clusters. Secondly, it introduces a degree of flexibility regarding cluster size
constraints. This adaptability ensures that even if the predefined cluster sizes are
not precisely accurate or strictly enforced across the dataset, the model retains
its ability to accurately assign samples. Algorithm 4 outlines the comprehensive
framework of our balanced semi-supervised strategy, which is instrumental in
generating pseudo-labels for the subsequent levels of category hierarchy.

Algorithm 5 Hierarchical Semi-Supervised Kmeans (HSSK)
Require: Input data X, labeled samples YS , initial cluster size C
Ensure: Hierarchical Pseudo-labels for unlabeled data
1: Initialization: Apply BSSK to obtain initial pseudo-labels ŷ1

j and cluster centers
µ1
1, · · · , µ1

K for unlabeled data.
2: Set hierarchy level h← 1.
3: while number of labeled prototypes nl/2 > 1 do
4: Perform K-means clustering of labeled prototypes into nl/2 groups.
5: Assign hyperlabels yh to corresponding labeled data y using K-means results.
6: Update number of labeled prototypes: nl ← nl/2.
7: Update cluster size: C ← 2C.
8: Apply BSSK with updated C and hyperlabels yh to obtain pseudo-labels and

prototypes for the current level, resulting in µh and ŷh.
9: end while

Fig. 7: A single step of the Hierarchical Semi-Supervised K-Means (HSSK)
algorithm. Red circles represent novel category prototypes, and green circles denote
known category prototypes, with the cluster centers for each indicated by a star symbol.
Transitioning from level k to k+1, HSSK initially divides the prototypes of known
categories in half, and applies the same partitioning process to the prototypes of
novel categories. Subsequently, each sample within these clusters is assigned to the
corresponding hyper label associated with the cluster centers. This methodology is
anticipated to compel the model to segregate the representations of novel and known
categories, thereby enhancing its discriminative capability.

3.2 Hierarchical Semi-Supervised K-means

In our methodology, the initial step involves the generation of pseudo-labels
through the application of the Balanced Semi-Supervised K-means (BSSK) algo-
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rithm. This foundational stage establishes our hierarchy’s base level, ensuring
that the generated pseudo-labels correspond in granularity to the existing ground
truth categories. We achieve this by determining K=|YU | clusters and assigning
them centers µ1

1, · · · , µ1
K , with the initial subset of these centers µ1

1 · · ·µ1
|YS | des-

ignated for the clusters associated with labeled data. The notation’s superindex 1
signifies this is the first level of abstraction.

Subsequently, for each subsequent level k, we conduct a twofold operation:
halving the cluster centers of known prototypes from the previous level and ap-
plying the same halving procedure to cluster centers representing novel categories.
We then reassign all samples linked to clusters at the (k−1)th level to the newly
formed clusters at level k, based on their hyperlabel associations. This iterative
process is carried out until we delineate the most abstract dichotomy between
‘known’ and ‘novel’ categories. In scenarios involving balanced datasets, it is also
pertinent to note that clusters at level k are designed to be double the size of
those at level k − 1, thus maintaining a consistent growth pattern across levels.
For each iteration of the BSSK algorithm corresponding to a specific level k, we
tailor the algorithm to accommodate the clustering characteristics of that level.

The procedural details of this Hierarchical Semi-Supervised K-means (HSSK)
approach are succinctly described in our pseudocode, referenced in Algorithm 5.
Additionally, we provide a visual representation of the HSSK mechanism, illus-
trated in Fig. 7, to show a single step of hierarchical structuring.

Fig. 8: Construction Process of the Unsupervised Self-Expertise Target
Matrix. (a) Each sample is uniquely identified, ensuring distinctiveness. (b) Non-
feline samples are associated with an uncertainty level of 0.5, allowing for moderate
differentiation ambiguity. (c) Non animal samples are differentiated with an additional
uncertainty of 0.25, ensuring more focus on distinguishing among animal categories.
(d) The final aggregated matrix, subject to normalization, emphasizes high confidence
in distinguishing between individual cats, while permitting greater uncertainty for
non-animal entities, such as cars.

3.3 Unsupervised Self-Expertise

In the main text, we outlined the development of an unsupervised self-expertise
target matrix designed to prioritize the model’s attention on the most challenging
negative samples. The pseudocode for extracting these hard negatives via a Label
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Algorithm 6 Hierarchical Label Smoothing
Require: Unlabeled data samples xu

j , desired cluster size C, and cluster centers
µ1, . . . , µK

Ensure: Refined smoothed target matrix Y .
1: Initialization:
2: for each cluster k = 1 to K do
3: Determine cluster radius rk for cluster k
4: end for
5: Compute pairwise distances dij between data samples
6: Calculate label smoothing weights yij using: yij=

∑
k 1(dij > rk)/2k and yii=1

7: Normalize the Y matrix to ensure validity.

Smoothing target matrix is detailed in Algorithm 6. Additionally, the incremental
formation of this matrix is visually depicted in Fig. 8.

Fig. 9: Construction Process of the Supervised Self-Expertise Target Matrix.
(a) In the matrix, same-category pseudo-labels are treated as partially positive (0.5)
with all others marked negative, targeting the first half of the latent representation. (b)
Feline samples are assigned a positivity level of 0.25, aimed at enhancing their similarity
detection, affecting only the first quarter of latent dimensions. (c) A distinction is
made for all ‘known’ samples with an added uncertainty level of 0.125, concentrating
on differentiating between known and unknown samples, impacting one-eighth of the
latent space. (d) The comprehensive matrix, applied to the initial one-eighth of latent
dimensions and normalized, focuses on enhancing category generalization.

Intuition of Unsupervised Self-Expertise. Considering visually similar sam-
ples within the same cluster as negatives can seem counter-intuitive at first.
However, consider two visually similar yet semantically distinct samples, such
as ‘sparrow’ and ‘finch,’ misclassified under the same category of ‘sparrow.’ Our
method actively differentiates ‘finch’ from ‘sparrow’ despite their visual resem-
blance. Note that for fine-grained datasets with many categories, the majority of
visually similar samples do not share the same semantic categories. By treating
the visually similar samples as harder negatives, we make our unsupervised
expertise focus on these samples while supervised self-expertise does the more
coarse distinctions at the category level.
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3.4 Supervised Self-Expertise

In alignment with the paradigm of unsupervised self-expertise, our approach ne-
cessitated the construction of a target matrix specific to supervised self-expertise,
designed to encapsulate both weakly positive instances and strongly negative
examples. Figure 9 elucidates the stepwise development of this matrix across
various strata of the category hierarchy.
Justification of Latent Utilization. The rationale behind allocating the first
half of the latent dimension to more abstract categories is twofold. Firstly, this
allocation allows the model to make a rough categorization e.g . ‘feline’ or ‘canine’.
Subsequently, the differentiation between precise categories e.g . ‘cat’ and ‘lion’
is handled by the second half. Utilizing the full dimension to simultaneously
repel ‘cat’ and ‘lion’ samples, while attracting them at a higher abstraction level,
impedes the model’s capacity to distinguish between these categories. This is
primarily because the dominance of ‘feline’ samples obscures the finer distinctions
between ‘cat’ and ‘lion’. By segregating ‘cat’ and ‘feline’ expertise, we ensure
that a segment of the latent dimension is exclusively dedicated to discerning
between finer-grained categories.
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Table 1: Statistics of datasets and their data splits for the generalized
category discovery task. The first four datasets are fine-grained image classification
datasets, while the next three are coarse-grained datasets. The Herbarium19 dataset is
both fine-grained and long-tailed.

Labelled Unlabelled

Dataset #Images #Categories #Images #Categories

CUB-200 [61] 1.5K 100 4.5K 200
FGVC-Aircraft [38] 3.4K 50 6.6K 100
Stanford-Cars [32] 2.0K 98 6.1K 196
Oxford-Pet [47] 0.9K 19 2.7K 37

CIFAR-10 [33] 12.5K 5 37.5K 10
CIFAR-100 [33] 20.0K 80 30.0K 100
ImageNet-100 [15] 31.9K 50 95.3K 100

Herbarium19 [57] 8.9K 341 25.4K 683

4 Experiments

4.1 Experimental Setup

Datasets. In this work, we evaluate the performance of our proposed method
across several datasets to demonstrate its effectiveness and versatility. We conduct
experiments on four detailed datasets, namely Caltech-UCSD Birds-200-2011
(CUB-200) [61], Fine-Grained Visual Classification of Aircraft (FGVC-Aircraft)
[38], Stanford Cars [32], and Oxford-IIIT Pet [47], to assess its efficacy in fine-
grained image recognition tasks. These tasks require the identification of subtle
distinctions among highly similar categories, such as different bird species, aircraft
models, car brands, and pet breeds, thereby posing significant challenges for image
recognition systems. Furthermore, we extend our evaluation to more general
coarse-grained datasets, including CIFAR10, CIFAR100 [33], and a subset of
ImageNet comprising 100 categories, referred to as ImageNet-100 [15]. This
extension showcases the adaptability of our method to broader classification
challenges beyond fine-grained tasks. CIFAR10 and CIFAR100 feature coarse-
grained categories encompassing a wide range of objects, such as vehicles and
animals, while ImageNet-100 offers a diverse set of general categories from the
larger ImageNet dataset. To provide a comprehensive overview of our experiments,
we include a detailed summary of the datasets’ characteristics, including their
statistical distribution and train/test splits, in Tab. 1.
CUB-200 [61], or Caltech-UCSD Birds-200-2011, emphasizes the importance of
discerning minute details across different bird species, underlining the complexity
of fine-grained image recognition tasks.
FGVC-Aircraft [38] challenges image recognition models with its focus on
aircraft, where variations in design significantly affect structural appearances,
highlighting the dataset’s fine-grained nature.
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Stanford Cars [32] introduces the complexity of recognizing car brands from
various angles and in different colors, showcasing the nuanced challenges within
fine-grained datasets.
Oxford-IIIT Pet [47] centers on the classification of cat and dog breeds, where
limited data availability increases the risk of overfitting, stressing the dataset’s
fine-grained and challenging aspects.
CIFAR10/100 [33] are broad-spectrum datasets that encompass a variety of
general object categories, including vehicles and animals, illustrating the diversity
of challenges in coarse-grained image classification.
ImageNet-100 [15] serves as a representative subset of the extensive ImageNet
database, focusing on 100 varied categories to evaluate the generalizability of our
approach in a broader context.
Herbarium-19 [57], although not mentioned in the main text, could be con-
sidered in further discussions as it represents a unique dataset focused on plant
species and is long-tailed, illustrating the application of fine-grained classification
in when categories are unbalanced. Its inclusion could enrich the diversity of
datasets evaluated in the paper, emphasizing the method’s applicability across
different domains.
Implementation Details. In our experiments, we adhered to the dataset
division proposed by Vaze et al . [59], where half of the categories in each dataset
are designated as known, except for CIFAR100, where 80% are reused as known
categories. The labeled set consists of 50% of the samples from these known
categories. The remainder of the known category data, along with all data
from novel categories, comprise the unlabeled set. Following [59]; we use ViT-
B/16 as our backbone, which is either pre-trained by DINOv1 [8] on unlabelled
ImageNet 1K [34], or pretrained by DINOv2 [42] on unlabelled ImageNet 22K.
We use the batch size of 128 for training and set λ=0.35. For label smoothing,
we use α=0.5 for fine-grained datasets and α=0.1 for coarse-grained datasets.
Different from [59], we froze the first 10 blocks of ViT-B/16 and fine-tuned the
last two blocks instead of only the last one to have more parameters given that
for each level, only a fraction of the latent dimension is considered.4

Evaluation Metrics. We use our proposed Balanced Semi-Supervised K-means
(BSSK) to cluster the extracted embeddings. Then, we use the Hungarian algo-
rithm [66] to solve the optimal assignment of emerged clusters to their ground
truth labels. We report the accuracy of the model’s predictions on All, Known,
and Novel categories. Accuracy on All is calculated using the whole unlabelled
test set, consisting of known and unknown categories. For Known, we consider
the samples with labels known during training. Finally, for Novel, we consider
samples from the unlabelled categories at train time.

4.2 Additional Empirical Results.

Aggregated Performance on Different Kinds of Datasets. In this section,
we present a comparative analysis of our method against other approaches, as
4 Our code is available at: https://github.com/SarahRastegar/SelEx

https://github.com/SarahRastegar/SelEx
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summarized in Table 2. The table consolidates the performance metrics across
different datasets. It is evident that our method not only demonstrates respectable
performance across both kinds of datasets but also shows superior performance in
fine-grained datasets. Furthermore, when considering the aggregated performance
metrics, it becomes clear that our method surpasses the competing methods,
underscoring its effectiveness and robustness in a variety of settings.

Table 2: Comparison with state-of-the-art for Aggregated datasets Bold
numbers show the best accuracies. Our method has a consistent performance for the
three experimental settings (All, Known, Novel) on fine and coarse-grained datasets.

Fine-grained Coarse-grained Average

Method All Known Novel All Known Novel All Known Novel

D
IN

O
v1

GPC [79] 44.5 51.7 39.9 80.4 91.9 71.3 62.5 71.8 55.6
GCD [59] 45.1 51.8 41.8 79.5 88.0 73.7 62.3 69.9 57.8
XCon [17] 46.8 52.5 44.0 82.6 90.7 75.1 64.7 71.6 59.6
PromptCAL [76] 55.1 62.2 51.7 87.4 91.2 84.0 71.3 76.7 67.9
SimGCD [65] 56.1 65.5 51.5 86.7 89.8 84.6 71.4 77.7 68.1
GCA [43] 58.4 67.5 54.0 86.9 91.9 82.7 72.7 79.7 68.4
AMEND [3] 58.0 70.2 52.0 87.0 89.1 86.5 72.5 79.7 69.3
InfoSieve [49] 60.5 72.1 54.7 84.5 91.2 79.2 72.5 81.7 67.0

SelEx (Ours) 63.0 71.9 58.8 87.1 92.3 83.0 75.1 82.1 70.9

Table 3: Comparison with state-of-
the-art for long-tailed image classi-
fication on Herbarium-19 dataset.
Bold and underlined numbers, respec-
tively, show the best and second-best ac-
curacies. Our method improves the base-
line GCD [59] for the three experimen-
tal settings (All, Known, and Novel).
This table shows that our method is
also suited for long-tailed settings with
unbalanced categories.

Method All Known Novel

D
IN

O
v1

GCD [59] 35.4 51.0 27.0
CMS [14] 36.4 54.9 26.4
InfoSieve [49] 41.0 55.4 33.2
PIM [13] 42.3 56.1 34.8
SPTNet [62] 43.4 58.7 35.2
SimGCD [65] 44.0 58.0 36.4
AMEND [3] 44.2 60.5 35.4
µGCD [60] 45.8 61.9 37.2

SelEx (Ours) 39.6 54.9 31.3

Long-tailed Datasets. In this section, we
present Tab. 3 which outlines the efficacy
of our proposed method when applied to
the Herbarium dataset, known for its long-
tailed distribution and fine-grained cate-
gorization. Numerous real-world datasets
demonstrate a power-law distribution. By
simply omitting our algorithm’s cluster
size balancing component, we can apply
it to long-tailed scenarios. Despite our
model’s initial assumption of category uni-
formity, using this trick, the results de-
picted in the table reveal that it achieves re-
spectable performance on this challenging
dataset. This table shows enhancements
over the baseline GCD method, with gains
of 4.2% overall, 3.9% in known, and 4.3%
in novel categories, surpassing the baseline
method GCD. This observation suggests
that self-expertise is advantageous not only
for uniform category distributions but also
for non-uniform ones.
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Fig. 10: Impact of varying labeled sample ratios for known categories. Illus-
tration of the model’s proficiency in identifying novel categories across a spectrum of
labeled data ratios for known categories. Showcases the model’s consistent performance
in discovering novel categories, even at a 0% labeling ratio—akin to unsupervised
clustering—versus the optimal 100% labeling scenario, which transforms the task into
one of novel class discovery.

4.3 Ablative Studies

Impact of varying labeled sample ratios for known categories. In this
section, we explore the impact of varying the proportion of labeled samples from
known categories during training on model performance. In the primary experi-
ments detailed in the main body of the text, labels were available for 50% of the
samples from known categories. As illustrated in Fig. 10, we investigate the conse-
quences of altering the ratio of labeled samples, ranging from nearly 0%—which
essentially positions the model as an unsupervised clustering approach—to 100%,
where the problem can be posed as novel class discovery. Notably, we observe
an anticipated enhancement in performance for known categories as the volume
of labeled samples increases. Intriguingly, the performance on novel categories
remains robust, achieving a score of 68 with only a 20% labeling ratio, which is on
par with the 50% ratio utilized in our main experiments. This finding indicates
that our model is capable of identifying novel categories effectively, even with a
significantly reduced number of labeled samples for known categories.
Impact of the Supervised and Unsupervised Mixing Hyperparameter
λ. In this section, we modulate the mix between supervised learning and unsu-
pervised self-expertise by varying the parameter λ, assessing its impact on model
performance across different levels. The findings are summarized in Fig. 11. An
overarching observation is that an increase in λ generally enhances performance,
particularly in the context of novel category recognition. This improvement is
attributed to our utilization of pseudo-labels for the supervision of novel cat-
egories, contrasting with the Generalized Category Discovery (GCD), which
prioritizes optimization for known category classification, often at the expense of
overall performance. The Self-Expertise (SelEx) approach, in contrast, leverages
pseudo-labels for novel category supervision, leading to superior performance
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Fig. 11: Impact of varying λ values on performance. highlighting the balance
between supervised and unsupervised learning for novel category recognition. Demon-
strates increased performance in novel categories with higher λ, and discusses the
plateau in known category performance beyond a λ of 0.2, due to pseudo-label noise
and diminished unsupervised learning effectiveness. This emphasizes the importance of
optimizing λ to enhance novel category detection while managing the limitations posed
by noise in pseudo-labels and unsupervised learning approaches.

in these categories as λ increases. However, beyond a λ value of 0.2, there is a
negligible impact on the performance of known categories, with a slight decline
observed. This can likely be attributed to the inherent noise in pseudo-labels,
which adversely affects known category accuracy. Furthermore, with a higher λ,
the effectiveness of unsupervised self-expertise diminishes, indicating a potential
compromise in the model’s ability to differentiate between semantically distinct
yet visually similar samples.
Effects of smoothing hyperparameter In this section, paralleling our main
discussion, we delve into the impacts of the hyperparameter α across various
datasets, building upon our initial introduction of α within the context of unsu-
pervised self-expertise. To recap, α serves as a smoothing hyperparameter that
adjusts the uncertainty threshold for excluding negative samples from clusters
other than the one under consideration. To elucidate, with α=1, our model limits
its incorporation of negative samples to those originating within its own cluster.
On the flip side, an α=0 setting treats all negative samples uniformly, resonating
with the principles of conventional unsupervised contrastive learning approaches.
Through a series of experiments, whose α values are meticulously outlined in
Fig. 12, we observed a notable uplift in model efficacy on unseen categories as α
escalated. This boost is chiefly ascribed to the inherent limitation of traditional
unsupervised contrastive learning methods, which indiscriminately push apart
all non-identical samples, neglecting their potential semantic proximities. Our
graphical representations underscore a general trend: as α ascends, the model’s
performance on novel categories improves, albeit at the expense of its effectiveness
on familiar categories. Noteworthy is the pattern observed across datasets, except
for Pets, where an initial performance increment for known categories is visible
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(a) CUB (b) Oxford-IIIT Pet

(c) Aircraft (d) Standford Cars

Fig. 12: Impact of Label Smoothing Hyperparameter α Across Various
Datasets. This figure illustrates the differential effects of label smoothing, with increased
smoothing typically enhancing performance on novel categories but impeding it on
known ones. Furthermore, the benefits of more extensive smoothing are more pronounced
for fine-grained datasets such as CUB, in contrast to Stanford Cars.

until reaching a saturation point. Beyond this plateau, the model’s performance
either stabilizes—as observed in the CUB and Stanford Cars datasets—or begins
to wane. This trend underscores the heightened efficacy of α in amplifying per-
formance for datasets with finer granularity, such as CUB, thereby suggesting
the aptness of unsupervised self-expertise for more fine-grained datasets.
Effects of number of frozen blocks In this section, we delve into the impact
of varying the quantity of frozen blocks on our model’s efficacy. It’s important
to underline that an increase in the number of frozen blocks translates to a
lesser deviation in the model’s weights from those of the pre-trained architecture.
Specifically, a scenario with zero frozen blocks indicates complete parameter
adaptability to the target dataset, whereas a setup with twelve frozen blocks
signifies no alteration from the initial DINOv1 pre-trained weights. The outcomes,
as illustrated in Figure Fig. 13, demonstrate a superior model performance with
enhanced adaptability, particularly for recognizing novel categories. In contrast,
for known categories, our findings reveal a roughly ascending trend, suggesting
that minimal fine-tuning yields better results for these categories. Based on these
observations, freezing eight blocks offers optimal results for novel categories, while,
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Fig. 13: Performance impact of varying frozen block counts on model adapt-
ability. This figure demonstrates the model’s enhanced ability to learn novel categories
with fewer frozen blocks (optimal at 8 frozen blocks) and improved recognition of known
categories with increased frozen blocks (optimal at 10 frozen blocks), highlighting the
balance between adaptability and stability derived from the pretrained DINOv1.

as we have used in the main paper, freezing ten blocks is more advantageous for
known categories.

Table 4: Comparison with state-of-the-art with Estimated Number of Cate-
gories Bold numbers show the best accuracies. We leverage the estimation technique
from Vaze et al . [59] to determine category counts—231 for CUB and 230 for Stanford
Cars. It’s noted that the category estimations by DCCL [48] and GCA [43] diverge
from other methods. Our approach outperforms other methods in all test scenarios (All,
Known, Novel), demonstrating robustness even with indeterminate category numbers.

CUB-200 Stanford-Cars Average

Method #Classes All Known Novel All Known Novel All Known Novel

D
IN

O
v1

GCD [59] Known 51.3 56.6 48.7 39.0 57.6 29.9 45.2 57.1 39.3
DCCL [48] Known 63.5 60.8 64.9 43.1 55.7 36.2 53.3 58.3 50.6
SimGCD [65] Known 60.3 65.6 57.7 53.8 71.9 45.0 57.1 68.8 51.4
GCA [43] Known 68.8 73.4 66.6 54.4 72.1 45.8 61.6 72.8 56.2
µGCD [60] Known 65.7 68.0 64.6 56.5 68.1 50.9 61.1 68.1 57.8

SelEx (Ours) Known 73.6 75.3 72.8 58.5 75.6 50.3 66.1 75.5 61.6

D
IN

O
v1

GCD [59] Estimated 47.1 55.1 44.8 35.0 56.0 24.8 41.1 55.6 34.8
DCCL [48] Estimated 63.5 60.8 64.9 43.1 55.7 36.2 53.3 58.3 50.6
SimGCD [65] Estimated 61.5 66.4 59.1 49.1 65.1 41.3 55.3 65.8 50.2
GCA [43] Estimated 62.0 65.2 60.4 54.5 71.2 46.5 58.3 68.2 53.5
µGCD [60] Estimated 62.0 60.3 62.8 56.3 66.8 51.1 59.2 63.6 57.0

SelEx (Ours) Estimated 72.0 72.3 71.9 58.7 75.3 50.8 65.4 73.8 61.4

Estimate the number of categories In the main text, we operated under the
premise that the number of categories was predetermined. This assumption may
not hold in practical scenarios. Therefore, in this segment, we examine the efficacy
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Fig. 14: Failure cases of our approach

of our proposed SelEx model when the category count is deduced using a readily
available technique, and we compare our results with several existing methods.
For the estimation of category counts, we employ the method proposed by Vaze et
al. [59], yielding 231 categories for the CUB dataset and 230 for the Stanford Cars
dataset. It is important to highlight that the category count estimations provided
by DCCL [48] and GCA [43] deviate from those obtained by other methodologies.
As depicted in Table 4, our SelEx model surpasses competing approaches across all
evaluation settings (All, Known, Novel), showcasing its adaptability in scenarios
with uncertain category counts. This adaptability is further underscored by the
fact that our model’s performance improves, particularly for novel categories
within the Stanford Cars dataset. This improvement can be attributed to the
model’s hierarchical nature, which does not strictly depend on an exact category
count. Specifically, the model likely allocates additional categories to novel classes,
given the higher estimated count of novel categories. This allocation effectively
mitigates the general tendency of Generalized Category Discovery (GCD) methods
to favor known categories, thereby enhancing performance for novel classes.
Time-Complexity Analysis. The time-complexity of our method is influenced
by the variant of K-means in our semi-supervised approach. With GPU-based
K-means, which loads the entire dataset’s embedding in memory, the complexity
is O(TK), where K is the number of categories, and T is the iteration count.
Practical timing of the GPU variant is provided in Tab. 5.

Table 5: Time and Computational complexity of SelEx

Accuracy on CUB Estimated Performance

Method All Known Novel Epoch time FLOPs Params

GCD (Baseline) 51.3 56.6 48.7 61.57 s 19.98 G 37.25 M
SelEx 73.6 75.3 72.8 84.29 s 40.43 G 37.25 M

Failure Cases. Fig. 14 highlights several instances where our model encounters
challenges. Specifically, the model has difficulty distinguishing known categories
when parts of the bird are occluded or reflected. For novel categories, failures typ-
ically arise due to occlusion or camouflage. These observations indicate potential
areas for future work to enhance the robustness of our approach.



26 S. Rastegar et al.

5 Discussion
5.1 Limitations

A significant constraint of methodologies grounded in hierarchical structures lies
in their inherent assumption of dataset hierarchies. In scenarios where the dataset
lacks clear hierarchical organization, this presupposition could be detrimental.
While our method, SelEx, endeavors to mitigate this limitation by dynamically
allocating portions of the latent dimension to represent higher hierarchical levels,
it does not completely circumvent the issue. Furthermore, SelEx presupposes a
balanced data distribution, a presumption that becomes particularly challenging
in the context of datasets with a long-tailed distribution, such as the Herbarium
dataset. This limitation highlights a critical area for further improvement and
adaptation in our approach.

5.2 Future Works

Our work introduces SelEx as a novel approach for generalized category discovery,
demonstrating promising results. The ablation studies reveal SelEx’s potential
applicability beyond its initial scope, particularly in few-shot and low-shot learn-
ing scenarios. Additionally, its hierarchical structure suggests utility in tasks
with partially labeled data, offering a versatile framework for handling such
complexities. Moreover, by incorporating label smoothing techniques to introduce
uncertainty, SelEx shows resilience against noisy labels, enhancing its robustness
and reliability in real-world applications. These insights indicate that SelEx
possesses broad applicability across various domains within computer vision,
especially in environments characterized by limited or sparse supervision. Future
research will explore the extension of SelEx to a wider array of computer vision
challenges, capitalizing on its adaptability and effectiveness in scenarios where
supervision is minimal or data labels are imperfect.
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