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Abstract. Generalized Category Discovery aims to recognize known
categories while identifying novel ones within unlabeled data. Existing
methods, typically based on self-supervision and contrastive learning,
often struggle to capture fine-grained distinctions, relying on superficial
visual cues rather than the intrinsic attributes humans use for categoriza-
tion. We introduce Fourier Self-Supervision, that leverages the Fourier
transform of images to enhance the discrimination of subtle differences
and support the discovery of new categories. Our method employs a
dual frequency filtering strategy: a low-pass filter first extracts broad,
abstract attributes that capture high-level category information, while
a high-pass filter emphasizes fine details such as edges and textures
that are essential for fine-grained recognition. Each operates on a dedi-
cated latent space, and their overlapping representations together yield
a richer, more complete feature space. This dual-frequency approach
not only refines feature extraction to identify novel categories, but also
strengthens the model’s discriminative power in fine-grained category
discovery. Experiments on multiple fine-grained datasets show that incor-
porating Fourier Self-Supervision outperforms state-of-the-art methods,
even when the number of classes is unknown, demonstrating its effec-
tiveness for Generalized Category Discovery. Our code is available at:
https://github.com/SarahRastegar/FourEx.

1 Introduction

Generalized Category Discovery (GCD) mitigates the inability of supervised
learning to recognize novel categories, by enabling the recognition of both known
and novel categories within unlabeled datasets [1,3,11,20,43,49,50,53,62]. A
prominent GCD strategy for addressing the challenge of unknown categories is self-
supervision via contrastive learning [3,6,10,19,23,27,30,33,61], which utilizes data
augmentation to produce different views of the same image [7,8,10,21,36]. Current
literature mostly focuses on the coarse-grained setting, where categories have clear
appearance differences. But as categories become more fine-grained and inter-class
appearance differences start to shrink, we should still be able to figure out when a
sample is part of a known set of labels, or is part of a new category. To tackle the
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Fig. 1: Overview of Our Approach. (a) Problem, We aim to cluster unknown, novel
categories alongside known ones. (b) Motivation, The blurred image of a yellow bird,
reconstructed from low Fourier frequencies, provides a general sense of the category,
facilitating broad generalizations. In contrast, high-frequency reconstructions reveal
finer details, such as beaks and feathers. (¢) Fourier Self-Supervision harnesses the
generalizability of low frequencies and the fine-grained discrimination of high frequencies
in Fourier self-supervision to discover novel, fine-grained categories.

fine-grained GCD challenge, we draw inspiration from Fourier analysis. Intuitively,
an object’s categorization should remain consistent across the frequency spectrum
of its Fourier transform. However, broader, more general categories tend to
manifest in lower frequencies, while fine-grained distinctions emerge more clearly
in higher frequencies (see Fig. 2). Building on this, we introduce a frequency-based
self-supervision to enhance category discovery, particularly when classes exhibit
strong visual similarity. The overall problem setup, motivation, and a high-level
overview of our method are illustrated in Fig. 1.

Incorporating Fourier self-supervision allows us to exploit the F-principle [57],
which posits that overparameterized neural networks generalize well partly be-
cause they prioritize learning lower Fourier components of a function before
gradually adjusting to higher frequencies. To extend generalizability to novel
fine-grained categories, we aim for the model to infer unseen categories using
the knowledge acquired from known ones. When categories adhere to an implicit
hierarchical structure, observing a sibling category and its shared parent can help
constrain the search space for novel categories. This implicit hierarchy, inferred
through lower frequency components, allows the model to rapidly differentiate
novel categories by focusing on their shared traits with known siblings, reducing
both parent and sibling category confusion. For instance, in the left half of the
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Fig. 2: Motivation for Fourier Self-Supervision. Low frequencies support broad
category generalization (e.g., marine vs. forest birds), while high frequencies enable
fine-grained recognition. By progressively integrating Fourier components and disentan-
gling them in the latent space, our model builds hierarchical representations for both
generalization and accuracy.

latent dimension in Fig. 2, lower frequencies provide a coarse-grained, general
view of a category, allowing the model, for example, to differentiate whether
a blurred image of a bird originates from a marine or forest environment. By
progressively incorporating higher Fourier components, the model can more
effectively distinguish fine-grained details as required for refined category dis-
crimination. We propose an approach that assigns distinct parts of the latent
space to capture these frequencies progressively, enabling the model to generalize
to novel categories by learning an implicit hierarchy from low-frequency features,
while high frequencies drive fine-grained differentiation.

Our contributions are as follows:

— We apply low-pass filtering in the Fourier domain to help the model capture
broad, abstract characteristics of images, enabling it to infer an implicit
hierarchical structure that improves generalization to unseen categories.

— We employ high-pass filtering to focus the model’s attention on fine details
and enhance its ability to distinguish subtle differences for fine-grained
classification.

— Through empirical evaluation, we show that our method outperforms state-
of-the-art approaches on fine-grained generalized category discovery tasks,
while also achieving competitive performance on coarse-grained datasets.

2 Related Works

Generalized Category Discovery. The task of Generalized Category Dis-
covery was formalized by Vaze et al. [49] and Cao et al. [3]. GCD lies at the
intersection of supervised and unsupervised learning. It leverages a small amount
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of labeled data along with a larger set of unlabeled data, where the unlabeled
data can contain both known and novel categories. This makes GCD a special
case of self-supervised learning [9, 35, 38,45, 59]. There are two prominent ap-
proaches for GCD: (i) Prototype-based Methods: These approaches leverage a set
of pre-defined prototypes as reference points to guide category discovery in the
unlabeled data. This can be achieved through techniques like nearest neighbor
search or learning a distance metric that effectively separates known and un-
known categories, [1,11,20,53]. (ii) Similarity-driven Clustering: This approach
focuses on exploiting local similarities within the unlabeled data to form initial
category clusters. This can be done through techniques like k-nearest neighbors
or using mean-teacher frameworks to mitigate the issue of noisy pseudo-labels
generated from similar information [2,11,20,37,42,43,50,53,62,62]. Nonethe-
less, Contrastive learning methods often struggle with fine-grained GCD due to
aggressive augmentations overshadowing subtle category differences [13]. Our
work addresses this by leveraging the informative nature of high frequencies for
fine-grained discrimination, while utilizing the lower frequencies for category
discovery, enabling better handling of nuanced visual details. Several recent works
explore alternative approaches for GCD. Hierarchical approaches proposed by
Otholt et al. [37] and Banerjee et al. |2] leverage neighborhood structures for
refined category delineation. Choi et al. [12]| focus on robustness to noise by
employing the mean shift algorithm for category discovery. Additionally, Wang et
al. [52] propose a spatial prompt tuning method that incorporates spatial in-
formation from image data to focus better on specific object parts. Differing
from all these works, our method leverages weak supervision by focusing on high
frequencies to distinguish fine-grained categories from each other while focusing
on low frequencies to generalize categorization to novel ones.

Fine Grained Generalized Category Discovery. One of the main challenges
in generalized category discovery arises when categories are so fine-grained
that traditional clustering in feature space struggles to accurately identify novel
categories. To address this, prior work has taken several approaches: Fei et al. [10]
partition data into expert sub-datasets by applying k-means clustering on self-
supervised representations, while Rastegar et al. [43] proposed implicit category
trees that enable hierarchical self-coding, preserving category similarity across
multiple levels. Liu et al. [29] introduce class-wise distribution regularization
to alleviate the bias towards known categories. Meanwhile, Rastegar et al. [44]
introduced the concept of self-expertise, which leverages abstract pseudolabels
to facilitate distinction between samples. Many recent methods [14, 22,40, 58]
exploit subtle sample-level variations to capture fine-grained details. In contrast,
our approach selectively leverages frequency information, it emphasizes high-
frequency components to enhance fine-grained discrimination, while relying on
low frequencies to improve generalization to novel categories.

Fourier Transform based Image Augmentation. Fourier image augmenta-
tion has gained attention in computer vision due to its potential to enhance the
robustness and generalizability of deep learning models. It leverages the Fourier
transform to modify image data in the frequency domain, providing unique ad-
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vantages over traditional spatial domain augmentations. Yang et al. [60] proposed
Fourier Domain Adaptation, which applies the Fourier transform to both source
and target domain images to align their frequency distributions. This improves
classification accuracy considerably in domain adaptation scenarios by focusing
on the low-frequency components that capture essential structural information
while ignoring high-frequency noise. Sun et al. [46] introduced FourierMix, a
data augmentation technique that blends images in the frequency domain. This
method creates new training examples by mixing the amplitude and phase spectra
of different images, leading to improved generalization performance on various
benchmark datasets. Xu et al. [56] used Fourier magnitude swaps between differ-
ent samples to improve domain generalization. In this work, we take inspiration
from such methods and we introduce a self-supervised approach that leverages
these properties of Fourier transforms to enable concept discovery in fine-grained
settings, where details matter.

3 Preliminaries

Contrastive Learning for GCD. In a mini-batch with size B, let x; and
x; denote two distinct augmentations of the same image. The unsupervised
contrastive loss £} and its supervised counterpart £; are formally described
as [49]:

Li=—log ol — (1)
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In the proposed formulation, each image x; is associated with an embedding z;,
where z;.z; represents a similarity metric that may encompass cosine similarity,
Euclidean distance, or other relevant measures. The indicator function 1[n # i
is defined such that it equals 1 if and only if n # ¢, and 7 is a temperature
hyperparameter. Additionally, the unsupervised loss can be defined selectively for
specific segments of the embedding vector. where N (i) denotes the collection of
images within the same minibatch that are assigned the identical label as image
x;. Finally, for generalized category discovery, Vaze et al. [49] consider the total

loss as:
LO=(1-X) Y Ly4+X > L5, (3)

i€EB i€Bc

where B is the labeled portion of minibatch B and A is a mixing hyperparameter.
Fourier Transform. For an image x;=f(h, y), its Fourier transformation F(u, v)
and its reconstruction by using inverse transformation F~lis formulated as:

H-1W-—
w

Fluv)= 3" 3" flhw)e i utite), (4)

h=0 w=0

=
=

g



6 S. Rastegar et al.

h _ 1 == 2mi( 4 h+ 35 w)
f( ,w)—ﬂ Z Z F(u,v)e . (5)
u=0 v=0

The efficient computation of both the Fourier transform and its inverse is fa-
cilitated by the Fast Fourier Transform (FFT) algorithm, as detailed by [34].
A low-pass filter (LPF), characterized by its transfer function Hy,p(u,v), incor-
porates a cutoff frequency denoted by f;. This function defines the operational
boundaries of the LPF as Hpp(u,v)=1(|u|<f, |v|<f;). Correspondingly, a high
pass filter (HPF) is formulated as Hyp(u,v)=1 — Hyp(u,v) in which 1 repre-
sents the matrix of ones. The operation involves the convolution of the image
with the respective filter kernel to implement either a low-pass or high-pass
filter. This is efficiently achieved in the frequency domain by the element-wise
multiplication of the image’s Fourier transform with the filter’s transfer function.

4 Fourier Self-Supervision

Fourier
Transform

Inspired by the principles of Fourier
optics [17] and recognizing that the
human eye lens performs a natural
Fourier transform, we propose that
object classification can be discerned
across multiple frequency bands. For
this purpose, we define two specific
cutoff frequencies, denoted as f; and
fr- As shown in Fig. 3, to isolate lower

Fig. 3: Fourier Self-Supervision: An im-
age undergoes a Fourier transform to extract

f . | 1 al its magnitude and phase. Both low-pass and
Tequencies, we employ a low-pass filter high-pass filters are applied in parallel in

(LPF). Conversely, to eliminate lower ), frequency domain. The inverse Fourier
frequency components, a high pass fil- t;ansform then reconstructs the frequency-
ter (HPF ) In the subsequent sections, filtered images, which are used as positive
we provide a detailed description of views for the original image in contrastive
how each filter is implemented. learning. Finally, all three views are utilized
Extraction of Critical Frequen- to predict the class of labeled images.
cies. To effectively implement both

low-pass and high-pass filtering, we define a threshold frequency to serve as an
upper bound, ensuring that the model is not influenced by very high frequencies
that typically contain noise, which can obscure informative patterns. We intro-
duce a high threshold value, T}, to cap these frequencies. For low-pass filtering, if
the cutoff frequency is too high, the image retains excessive detail, offering little
additional learning benefit beyond the original image. To make this threshold
dataset-dependent rather than arbitrary, we determine the maximum threshold
frequency that maintains a signal-to-noise ratio (SNR) of 15 dB, aligning with
current standards for acceptable subjective image and video quality [41,54]. To
achieve category-based representations, we compute the high-frequency cutoff
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threshold across all categories in the dataset and utilize the average value to ensure
a balanced and dataset-dependent approach. The high-frequency cutoff is deter-
mined by maintaining a signal-to-noise ratio (SNR) that aligns with a standard of
15 dB, ensuring both informative features and noise suppression. To compute the

SNR for different cutoff frequencies, we first represent the Fourier transform of

2
an image as X, and calculate the SNR as SN R(f.)=10 log(%)7 where
>fe

|.|? is the average magnitude of a signal and f. denotes the cutoff frequency.
By averaging this threshold across all categories, we establish a robust, dataset-
dependent criterion for frequency filtering, effectively balancing generalization
and fine-grained discrimination. We then select an SNR of 32, equivalent to 15 dB,
as this is widely recognized as the standard for acceptable signal quality. To ensure
robustness, we also conduct experiments with different SNR values, as detailed
in the appendix. Using this approach, we determine the low-pass cutoff frequency
threshold T} and its corresponding high-pass cutoff frequency threshold 7},. These
thresholds are subsequently employed in the later stages of our method to guide
both low-frequency generalization and high-frequency discrimination effectively.
Low-Frequency Contrastive Learn-

ing. Human perception remains ca-

g—ﬁ:l—) fi=3 — pable of discerning image categories

/ despite the absence of high-frequency
details, which are typically associ-
[ ated with noise or subtle information.

¢—— Half Latent Dimension ————— As frequency components are progres-
sively omitted, there is a loss of cat-
egorical information; for example, in
Fig. 4, initial frequency bands allow
only the recognition of basic attributes

Fig.4: Low-Frequency Contrastive
Learning. Each image undergoes low-pass
and high-pass filtering at a random cut-off

frequency, denoted as f;. Then the ratio . . . .
7 q ly lated. wh flT he like color or the identification of an
7, 18 calcu ated, where T represents the

maximum cutoff frequency. This ratio deter- object as a bird. To leverage this ab-
mines the fraction of the latent dimension Stracted information without compro-
dedicated to contrasting the filtered image mMmising overall representational quality,
against its original counterpart. In this ex- we select a terminal frequency band
ample, a cutoff frequency of fi=1, allocating 7T} with an SNR of 15 dB or more,
only T% of its leftmost latent dimension for beyond which differences are imper-
contrastive learning. ceptible to the human eye. Utilizing

% of the dimensionality, we apply con-
trastive learning to facilitate generalized category discovery through embeddings.
Considering an image x;, its low-frequency reconstruction which is denoted by 1;
is ,=F Y(Hpp ® F(x;)). After the reconstruction phase, the image is employed
as input for both supervised and unsupervised contrastive learning, specifically
targeting a fraction % of the latent dimension D. We define this fraction as

d:%D and incorporate it into Eq. (3) to compute the low-frequency contrastive
loss:

Liow=(1-0) 3" L1420 3 L (6)

i€EB i€Br
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The loss ﬁ?l 4 is defined based on the subset of its first d leftmost latent dimension.

High-Frequency Contrastive Learning. In this section, we explore high-
frequency contrastive learning to enhance model sensitivity to fine-grained image
details crucial for differentiating categories in fine-grained datasets. We select a
random cutoff frequency f,<T} to focus on these critical details. As depicted
in Fig. 5, increasing f; beyond a certain threshold introduces noise and re-
duces informativeness. To optimize the use of these nuanced details for category
distinction without degrading the quality of representation, we employ a strat-
egy analogous to low-frequency contrastive learning. Here, we initiate from
the rightmost latent representation, unlike the leftmost starting point used in
low-frequency settings. Consider a frequency band T}, beyond which category
distinction becomes imperceptible to humans. We allocate the last 1—% of the
dimension for contrastive learning. Considering an image x;, its high-frequency
reconstruction is denoted by h; which can be calculated as h;=F 1 (Hgp ® F(x;))
Similar to the previous section, we in-

tegrate h; as an alternative view of x;.

For contrastive learning, we employ ¢
the last d:%D dimensions, denoted
as —d. This substitution is utilized in
Eq. (3) to compute the high-frequency
contrastive loss.

=13
[

{—— Half Latent Dimension —

Fig.5: High-Frequency Contrastive
Lyigh=(1-X) Z[’ﬁfd'i_)‘ Z L3

i€B i€B,
(7)

In the Appendix, we show that fine
details reside only in high-frequency
modes; dropping them discards the in-
formation needed to distinguish those
details. In practice, rather than allo-
cating the entire D latent dimension

Learning. Each image undergoes high-pass
filtering at a random cutoff frequency, de-
noted as fx. Then the ratio ;—h is calculated,
where T}, represents the maximum cutoff
frequency. This ratio determines the frac-
tion of the latent dimension dedicated to
contrasting the filtered image against its
original counterpart. In this example, the
square corresponding to 1 is filtered at a

cutoff frequency of T, — 1, allocating only
T—lh of its rightmost latent dimension for con-
trastive learning.

to both low and high-frequency com-
ponents, we divide it such that the left
half is dedicated to the low-frequencies,
while the right half is assigned to the
high-frequencies.

Frequency Augmentation Classification. In addition to employing con-
trastive learning, our approach also acknowledges that the low-frequency recon-
struction 1;, high-frequency reconstruction h;, and the original sample x; share
identical ground truth labels. Consequently, we incorporate a binary cross-entropy
loss function to facilitate the label classification from these instances. This enables
a unified treatment of label consistency across different representation modalities
within our framework.

(8)

Las=Lpcr(Ph,, ¥i)+LBCE (D1, Yi) +LBCE Dy s i) -
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In this formulation, py, denotes the labels predicted by the model for h;. Summing
up, the total loss is computed as the aggregation of individual losses together
with the baseline model’s loss, thus we have:

ACtotal:'cbase + alow‘clow + ahighﬁhigh + acls‘ccls- (9)

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate our method on three fine-grained datasets: CUB-200 [51],
FGVC-Aircraft [32], and Stanford-Cars [24]. Further, we include the challenging
Herbarium dataset [47], which is both fine-grained and long-tailed, demonstrating
that our approach remains effective even under severe class imbalance. We also
report results on Oxford-IIIT Pet [39], a small-scale fine-grained dataset with
limited samples per category, making it particularly challenging. In the Appendix,
we further evaluate our approach on coarse-grained datasets, CIFAR-10 [25],
CIFAR-100 [25], and ImageNet-100 [15] to demonstrate its adaptability to both
fine-grained and coarse-grained classification. Detailed dataset statistics and
train/test split information are also included in the Appendix.
Implementation Details. In our experiments, we adopted the data partitioning
strategy by Vaze et al. [49], wherein half the categories for each dataset are
recognized as known. From these known categories, half of the samples form the
labeled set, while the residual data from known categories, along with all samples
from novel categories, are allocated to the unlabeled set. Following the approach
by Vaze et al. [49], our primary model architecture is the ViT-B/16, utilizing
either a DINOv1 [8] pre-training on the unlabeled ImageNet1K [26] dataset or
a DINOv2 [36] pre-training on the LVD-142M dataset. We apply Fourier Self-
Supervision to baselines SimGCD [53] and SelEx [44], resulting in two variants we
call FourSim and FourFzx, respectively. For FourSim, we froze the initial 11 blocks
of the ViT-B/16 and fine-tuned the last block, while for FourEx, we finetuned
last three blocks. In the Appendix, we show that independent of the number of
frozen blocks, our method improves over both baselines. Implementation details
for augmenting other backbones with Fourier Self-Supervision are provided in
the Appendix.

Before training, we measure the signal-to-noise ratio (SNR) across a range of
cutoff frequencies and select the cutoff that produces an SNR of 15 dB, a standard
commonly used in video quality assessment. This procedure only requires applying
the Fourier transform to a batch of training images to estimate the SNR for
different cutoff frequencies. The corresponding cutoff values for different datasets
and SNR levels are provided in the Appendix. In practice, we observe that the
granularity of a dataset largely determines the resulting SNR values. Furthermore,
to mitigate Gibbs ringing artifacts near image edges, we apply a Gaussian blur
with a kernel size of 5 to each image before filtering.
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Table 1: Comparison with state-of-the-art for fine-grained image classification.
Bold and underlined numbers indicate the best and second-best accuracies, respectively.
Our method is well-suited for fine-grained datasets, profits from stronger backbones,
and has strong performance for all three experimental settings (All, Known, and Nowvel).

CUB-200 FGVC-Aircraft Stanford-Cars Average
Method Venue All Known Novel All Known Novel All Known Novel All Known Novel
GCD [49] CVPR22 51.3 56.6 48.7 45.0 41.1 469 39.0 57.6 29.9 451 51.8 41.8
PromptCAL [62] CVPR23 629 644 621 52.2 522 523 50.2 70.1 40.6 55.1 62.2 51.7
nGCD [50] Neur[PS25 65.7 68.0 64.6 53.8 55.4 53.0 56.5 68.1 50.9 58.7 63.8 56.2
InfoSieve [43] NeurlPS525 69.4 77.9 652 56.3 63.7 525 55.7 74.8 46.4 60.5 72.1 54.7
SPTNet [52] ICLR2/ 65.8 68.8 65.1 59.3 61.8 581 59.0 79.2 493 614 69.9 57.5
N CMS [12] CVPR2/ 682 76.5 64.0 56.0 63.4 523 56.9 76.1 47.6 604 720 54.6
O TRAILER [55] CVPR2/ 65.1 T71.3 54.5 61.9 62.6 50.5 55.4 71.7 476 61.0 64.5 54.7
E LegoGCD [5] CVPR2, 63.8 71.9 59.8 55.0 61.5 51.7 57.3 75.7 484 58.7 69.7 53.3
SelEx [44] ECCV2, 73.6 753 728 57.1 64.7 53.3 585 756 50.3 63.0 719 588
FlipClass [28] Newr[PS2/ 71.3 71.3 713 59.3 66.9 554 63.1 81.7 53.8 64.6 73.3 60.2
DebGCD [31] ICLR25 66.3 71.8 63.5 61.7 639 60.6 65.3 81.6 574 644 724 60.5
APL [14] CVPR25 685 731 66.2 60.9 63.5 59.6 623 80.7 53.4 63.9 724 59.7
MOS [40] CVPR25 69.6 723 682 61.1 669 582 64.6 809 56.7 65.1 734 61.0
ANIGCD [4] ICCV25 68.4 75.1 65.1 57.4 624 549 605 770 525 62.1 71.5 57.5
SEAL [22] NeurlPS525 66.2 72.1 63.2 62.0 653 60.4 65.3 79.3 58.5 64.5 722 60.7
SimGCD [53] [Cccves 603 65.6 57.7 54.2 59.1 51.8 53.8 71.9 45.0 56.1 655 51.5
FourSim (Ours) 70.3 75.5 67.7 56.1 63.1 52.6 56.6 78.9 45.8 61.0 72.5 55.4
SelEx" [44] ECCvz, 764 724 784 61.2 67.7 58.0 56.9 769 473 64.8 723 61.2
FourEx (Ours) 80.2 75.1 82.7 65.9 67.9 64.9 59.2 769 50.6 68.4 73.3 66.1
Avg A +69 +6.3 +7.2 +3.3 +2.1 +39 +2.6 +3.5 +2.1 +43 +4.0 +44
GCD* [19] CVPR22 719 71.2 723 554 479 59.2 65.7 67.8 64.7 64.3 62.3 654

% SimGCD* [53] /ccves 715 781 683 63.9 699 609 715 819 66.6 69.0 76.6 653

= uGCD* [50] NeurlPS25 74.0 759 73.1 66.3 68.7 65.1 76.1 91.0 68.9 72.1 785 69.0
A FlipClass [28] 24 79.3 80.7 785 T71.1 75.1 69.1 78.0 88.0 732 76.1 81.3 73.6
DebGCD [31] ICLR25 775 80.8 758 719 76.0 69.8 754 87.7 69.5 749 815 717
SEAL [22] NeurlPS25 76.7 783 759 746 732 753 77.7 887 724 763 80.1 745
SelEx [44] pocvz, 874 851 885 79.8 823 786 82.2 93.7 76.7 83.1 87.0 81.3
FourEx (Ours) 87.8 86.3 88.6 81.5 84.7 80.0 80.1 94.3 73.2 83.1 88.4 80.6
Avg A +04 +1.2 +0.1 +1.7 424 +14 -21 406 -3.5 400 +1.4 -0.7

* Reported from [50]. T Results for fine-tuning the last three blocks.

5.2 Comparison with State-of-the-Art

Fine-grained image classification. In Tab. 1, we evaluate the performance of
FourEx on three fine-grained datasets. The results show that our method excels
at fine-grained categorization, outperforming existing approaches in both the
All and Novel category settings for both DINOv1 and DINOv2 backbones. This
improvement arises from the model’s ability to separate subtle high-frequency
details from broader low-frequency patterns, enabling more precise recognition of
fine-grained categories. Both FourSim and FourFEz, consistently improve over their
respective baselines when using a DINOv1 backbone. A similar trend is observed
with DINOv2, with the exception of the Stanford Cars dataset. This dataset is
comparatively less fine-grained than the others, as the differences between cars
are more pronounced. Consequently, the improvements of our method are more
evident on finer-grained datasets.
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Fig. 6: Radar chart comparing our proposed method against state-of-the-art approaches
across five fine-grained datasets: CUB, Stanford Cars, Aircraft, Oxford Pets, and the
long-tailed Herbarium. Datasets marked with * utilize the DINOv2 backbone. Our
method visually envelops the baselines on Known and All metrics, while consistently
outperforming the baseline, SelEx.

As shown in Tab. 2, our model also performs consistently well on the Oxford-
IIIT Pets dataset across all evaluation settings. Although this dataset is small
and prone to overfitting, Fourier-based augmentation effectively expands the data
distribution, mitigating overfitting risks. Moreover, our method demonstrates
noticeable improvement over the baseline on long-tailed fine-grained datasets such
as Herbarium, maintaining competitive performance despite its class imbalance.

Fig. 6 illustrates the comparison

between our method and state-of-

the-art approaches across multiple Table 2: Comparison with state-of-

datasets. As shown, while methodslike the-art GCD methods on Herbar-

SEAL [22] achieve top performance iuml9 [47] and Oxford-Pet [39] on DI-

on Stanford Cars and Herbarium, the NOVI1. Bold and underlined numbers in-

radar chart reveals that these gains on dicate the best and second-best accuracies,

novel categories come at the expense respectively. Our method is well suited for
. . fine-grained datasets, profits from stronger

of accuracy on known categories. Sim-

. backbones, and has strong performance for

ilarly, although DebGCD |[31] leads on . .

. all three experimental settings.
novel categories for Oxford Pets and
known categories for Stanford Cars,

Oxford-Pet Herbarium19

hod K ! ‘ Method All Known Novel All Known Novel
our method consistently outpertorms 570 802 851 776 354 510 270
it in overall aggregate metrics. This  SimGCD [53] 917 83.6 96.0 440 580 36.4
InfoSieve [43]  91.8 92.6 91.3 40.3 59.0 30.2

demonstrates that our approach'offers DebGOD [31]  93.0 864 96.5 447 504 368
a more robust balance across diverse  SEAL 2] 929 889 95.0 46.9 458 48.2
datasets with different granularities. SelEx [44] 925 919 928 396 549 313
. FourEx (Ours) 92.8 91.6 934 445 61.5 35.3
Estimate the number of cate- 4,4 103 -03 106 149 6.6 4.0

gories. In our earlier experiments, we
assumed prior knowledge of the exact
number of categories, a condition that may not hold in practical applications. To
evaluate the robustness of FourEx under more realistic scenarios, we tested its
performance when the number of categories is estimated rather than known. We
employed the estimation technique proposed by Vaze et al. [49], which yielded
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an estimated count of 231 categories for the CUB and 230 for Stanford-Cars
dataset. As shown in Tab. 3, FourEx outperforms existing methods across almost
all evaluation metrics (All, Known, Novel), demonstrating its effectiveness even
when the category count is uncertain.
Coarse-grained image classifica-

tion. Finally, as detailed in the Ap- Table 3: Comparison with state-of-the-
art with Estimated Number of Cate-

gories on DINOv1 Bold numbers show
the best accuracies. We leverage the esti-
mation technique from Vaze et al. [49] Our
approach has competitive performance with
other methods in all scenarios.

CUB-200 Stanford-Cars

pendix, while primarily designed for
fine-grained scenarios, our approach
also achieves competitive results on
coarse-grained datasets, highlighting
its versatility.

5.3 Ablative studies Method All Known Novel All Known Novel
. . . .. GCD[19] 471 55.1 44.8 39.1 586 29.7

In this section, we analyze the indi- swmcep 53] 615 664 591 49.1 65.1 41.3
vidual contributions of our method’s  GCA [37] 620 652 60.4 544 721 458
1GCD [50] 62.0 60.3 62.8 56.3 66.8 51.1

components and hyperparameters. All  ppy i) 62.0 75.7 551 424 653 313
experiments are Conducted on CUB_ CMS [l_’] 64.4 68.2 62.2 51.7 68.9 43.4
SelEx [44] 720 723 719 587 753 508

200 using the DINOv1 backbone. Ad- Yang et. al. [58] 61.3 60.8 621 443 582 39.1
ditional ablations with other datasets, NC-GCD[1§] 703 721 694 540 73.1 4438
backbones’ baselines’ and qualltative FourEx (Ours) 77.3 75.9 77.9 58.8 77.6 49.7
results are provided in the Appendix.

Table 4: Effectiveness of model components. We evaluate the contribution of
each model component across three fine-grained datasets. All modules contribute to
improved performance on both known and novel categories. Note that the baseline is
SelEx with the last three blocks fine-tuned.

Component CUB-200 FGVC-Aircraft Standford-Cars Avg
Liow Lnigh Las All Known Novel All Known Novel All Known Novel All
76.4 72.4 78.4 61.2 67.7 58.0 56.9 76.9 47.3 64.8

v 77.5 74.0 79.3 63.8 67.7 61.9 56.3 771 46.3 65.9
v 78.8 72.5 81.9 63.9 63.6 64.1 56.8 74.0 48.5 66.5

v 78.0 71.2 81.4 62.8 65.5 61.4 57.1 76.3 47.8 66.0

v v 80.0 75.7 82.1 64.9 69.6 62.5 57.7 78.2 47.8 67.5
v v 77.9 75.3 79.2 64.5 66.3 63.6 57.7 T 48.0 66.7
v 4 79.7 72.8 83.1 63.2 66.1 61.7 57.9 76.2 49.1 66.9

v v v 80.2 75.1 82.7 65.9 67.9 64.9 59.2 76.9 50.6 68.4

Effect of each component. Tab. 4 examines the effect of our three key method
components: low-frequency contrastive learning (Lo ), high-frequency contrastive
learning (Lhign), and frequency augmentation classification (Lqs). The results
demonstrate distinct benefits of low-frequency and high-frequency contrastive
learning for novel and known categories, respectively. Our low-frequency con-
trastive learning, denoted as L), shows a particular affinity for enhancing both
known and novel categories. This aligns with our initial hypothesis that general-
ization for both set of categories benefit from more abstraction. Low-frequency
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signals create an implicit hierarchy in the training samples, necessitating correct
categorization based on broad context. Conversely, our high-frequency contrastive
learning, denoted as Lhign, excels in aiding novel categories. This is because hier-
archical structures are advantageous for novel categories, but fine-grained details
require the nuanced distinctions provided by high-frequency information. Interest-
ingly, our classification objective alone tends to degrade performance for known
categories. However, when decoupled with our contrastive losses, it improves
results on novel categories. We attribute this to the prevention of overfitting,
where the combined losses provide a more balanced training regimen.

Table 5: Hyperparameter analysis. These tables show the impact of each hyperpa-
rameter on the CUB dataset for both known and novel categories: (a) low-frequency
coefficient auow (b) high-frequency coefficient amign (c) classification coeflicient acis and
(d) the SNR for the cutoff frequency.

(a) Effect of Low Frequency Hyperparameter (b) Effect of High Frequency Hyperparameter

Low Frequency Coef All Known Novel High Frequency Coef All Known Novel

Qlow =0 779 721 80.7 Qpigh =0 78.1 76.3 78.9
low = 0.01 80.2 T74.7 83.0 Qpigh = 0.01 78.3 75.8 79.6
alow = 0.1 80.2 75.1 82.7 Qpigh = 0.1 80.2 75.1 82.7
Qlow = 0.5 76.8 74.3 78.0 Qnigh = 0.5 79.2 75.0 81.3
Qlow = 1 69.2 70.1 68.8 Qhpigh = 1 771 73.7 78.7

(c) Effect of Classification Hyperparameter (d) Effect of SNR of Cuttoff Frequency

Classification Coef All Known Novel SNR Threshold Choice All Known Novel
Qets =0 79.7 76.5 81.4 SNR=5 dB 79.0 75.7 80.7
acs = 0.01 78.9 73.1 81.8 SNR=10 dB 79.2 723 826
acs = 0.1 80.2 75.1 82.7 SNR=15 dB 80.2 75.1 82.7
acs = 0.5 79.6 73.3 82.7 SNR=20 dB 784 743 80.5
Qes = 1 73.1 749 72.3 SNR=25 dB 771 743 785

Effects of ajow. This hyperparameter represents the coefficient for the low-
frequency component. As shown in Tab. 5 (a) increasing ajey initially improves
the model’s performance on both novel and known categories. However, beyond
a certain threshold, further increasing this hyperparameter begins to degrade
performance. This behavior is intuitive, as the model relies on a blurred version of
the data for this loss; excessive emphasis on low-frequency information causes the
model to lose critical fine-grained details necessary for accurate categorization.
As expected, the positive impact of this hyperparameter is more pronounced on
novel categories, where the generalization facilitated by low-frequency components
plays a larger role.

Effects of omigh. This hyperparameter represents the coefficient for high-
frequency components. As shown in Tab. 5 (b), increasing anpigh improves the
model’s performance on novel categories, while this hyperparameter negatively
impacts known categories performance. This behavior aligns with the fact that
high frequencies inherently carry lower energy compared to the overall image.
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Fig. 7: Failure Cases of Our Model. Many errors arise from occlusion, reflection, or
color mismatches. While the model misclassifies in these examples, it often identifies a
related species within the same hierarchy.

When the model overemphasizes these low-energy components, it struggles to
maintain stability when integrating the higher-energy low-frequency components,
leading to degraded performance.

Effects of ac)s. In our experiments, a5 represents the classification coefficient
applied to both low-frequency and high-frequency constructed images. As shown
in Tab. 5 (c¢), increasing this hyperparameter improves performance for novel
categories. However, this trend diminishes beyond a certain threshold for as,
indicating that the model might overfit to the low /high-frequency reconstructions.

Effects of Different SNRs. In our experiments, we primarily adopt an SNR of
15 dB, as it represents the standard minimum threshold for acceptable subjective
quality in most practical scenarios. To further assess the impact of signal quality
on model performance, we evaluate the model across a range of SNR values.
The results, summarized in Tab. 5 (d), demonstrate the model’s adaptability to
varying SNR levels. Notably, lower SNRs tend to favor generalization to novel
categories, while higher SNRs improve adaptation to known categories. However,
we observe that beyond 20 dB, the performance gains plateau, indicating that
increasing resolution beyond this threshold does not significantly enhance the
model’s ability to distinguish categories. This suggests a practical limit to the
benefits of resolution in generalized category discovery.

Failure Cases. Figure 7, illustrates instances where our model misclassified the
data. A notable number of these errors are attributed to reflection or occlusion.
Additionally, color appears to be a contributing factor. Since our model’s high-
pass filter removes color information, it becomes more susceptible to these types
of misclassifications.
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6 Conclusion

In this paper, we introduce a frequency-based augmentation strategy for self-
supervised learning aimed at improving fine-grained generalized category dis-
covery. By leveraging the complementary roles of low- and high-frequency infor-
mation, our approach enables models to capture both broad, abstract patterns
that support generalization and subtle details essential for precise discrimination.
Low-frequency contrastive learning encourages the emergence of implicit category
hierarchies, while high-frequency learning enhances sensitivity to fine-grained
distinctions. Our method consistently improves performance on fine-grained
benchmarks and achieves competitive results on long-tailed and coarse-grained
datasets (see Appendix), demonstrating robustness across varying levels of cat-
egory granularity. Moreover, the approach is plug-and-play and can be readily
integrated into existing architectures with minimal additional computational
overhead, making it practical and widely applicable.
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