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Margin-Aware Prototype Debiasing for Generalized Category
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Abstract— Generalized Category Discovery (GCD) is a chal-
lenging task that aims to identify both seen and novel categories
in unlabeled data. We argue that a clear margin between
seen and novel class representations is essential for accurate
recognition. However, existing methods often ignore this margin,
mapping representations to prototypes without enforcing separa-
tion between seen and novel classes. This leads to a bias where
seen samples are misclassified as novel. To address this issue,
we propose DebiasGCD, a debiasing framework that enhances
prototype separation through margin-aware learning. Unlike
prior work that relies on static prototype learning and overlooks
fine-grained representations, our method introduces Dynamic
Prototype Debiasing (DPD) and Spatial-Aware Representation
Distillation (SARD) to mitigate this bias. First, DPD dynamically
enforces inter-prototype margins, improving class-specific feature
learning and prototype discrimination. Meanwhile, SARD pro-
motes local representation of spatial learning, supporting DPD to
capture subtle details that further refine class-specific features. By
synergizing these components, DebiasGCD significantly improves
prototype discriminability, generating more reliable predictions
for seen classes. Extensive experiments demonstrate that our ap-
proach effectively mitigates pseudo-labeling bias across datasets,
especially on fine-grained ones, achieving +8.3% and +9.6%
improvements on the ‘All’ classes in CUB and Stanford Cars,
respectively.

Index Terms—Generalized Category Discovery, Novel Class
Discovery, Open-set Recognition, Prototype Learning.

I. INTRODUCTION

H Igh-quality annotated data have been crucially advancing
the development of artificial intelligence, particularly

deep learning [1], [2], [3], [4], [5], [6]. However, in the
era of big data and large models, massive amounts of data
are in demand and certainly the vast majority of them are
unlabeled. Since the acquisition of extensive annotations is
costly, exploring the structure of unlabeled data with the help
of some labeled data is an important and valuable research
problem. To this end, semi-supervised learning (SSL) [7],
[8], [9], [10] has emerged as a promising approach, which
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integrates both labeled and unlabeled data to enhance learning.
However, SSL is based on a closed-world assumption that all
samples must belong to known categories, which does not
hold in some real-world scenarios where novel categories in-
evitably appear. To overcome this issue, Generalized Category
Discovery (GCD) extends SSL by explicitly handling novel
categories in unlabeled data. Therefore, GCD simultaneously
classifies known categories and discovers novel ones, making
it far more practical for real-world applications.

The core objective of GCD is to preserve a clear margin
between the representations of seen and novel categories,
thereby enabling reliable recognition. To achieve this, prior
works [12], [13], [14], [15], [16], [17] approach the GCD
problem from two main perspectives: (1) learning generic
feature representations to enhance novel category discovery,
and (2) generating pseudo-clusters or pseudo-labels for un-
labeled data to guide classifier learning. The first approach
typically involves contrastive learning [4], which improves
the generalization ability of representations, while the sec-
ond employs prototype-based classifiers built upon extracted
features and jointly trained with labeled data and pseudo-
labels derived from the representations. This paradigm is
effective in leveraging discriminative representations and has
been recognized as a key milestone in GCD.

Despite recent advances, our detailed investigation reveals
a critical bias: some seen-category samples are incorrectly
labeled as novel, which results in imbalanced pseudo-labels
for prototype training. This issue is illustrated in Fig. 1a,
where the left panel shows the t-SNE visualization of sample
representations and the right panel depicts the class-center dis-
tance heatmap (darker colors denote smaller distances). Since
the prototypes are narrowly separated, instances from seen
categories may fall closer to novel-class prototypes and are
thus misclassified (e.g., class 70 → class 25). Consequently,
this bias not only persists but also intensifies as training
progresses in the absence of external intervention. As shown
in Fig. 1c, the pseudo-label accuracy of SimGCD stagnates
at around 65% (blue curve), clearly indicating that the model
fails to self-correct, while the bias continually reinforces itself.

Since pseudo-labels are generated by calculating image
features and class prototypes, we identify two key sources of
this bias: Static Prototype Learning and Naive Representation
Distillation. First, while training the prototype classifier exclu-
sively on labeled data from seen categories can achieve good
performance on seen classes, this approach fails to distinguish
seen from novel classes. Consequently, the learned prototypes
lack discriminative power, which leads to biased pseudo-
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0 25 50 75 100 125 150 175 200
Epoch

30

40

50

60

70

80

90

Ps
eo

du
-la

be
ls 

Ac
c.

(%
)

SimGCD
DebiasGCD75%

65%

(c) Pseudo-labels accuracy in CUB.

Fig. 1: Overview of the pseudo-labels bias in CUB [11] caused by unclear margins. (a)–(b) visualize class-center distances
from t-SNE, where darker colors indicate shorter distances (diagonal = self-distance). In (a), small inter-class distances (red)
cause misclassifications of a seen sample (e.g., class 70 → class 25). In (b), our margin-aware debiasing enlarges inter-class
margins and correctly identifying the sample as seen. (c) shows SimGCD suffers from low pseudo-label accuracy, while our
method improves it by 10%. Notably, pseudo-label accuracy measures the teacher’s predictions on seen samples within the
unlabeled data for self-distillation.

labeling toward novel categories. Second, existing prototype
classifiers [15], [18], [17], [16] rely solely on global repre-
sentations (i.e., class token) for prototype learning [4], [19],
while completely overlooking local features (i.e., patch token)
that are critical for fine-grained classification. This limitation
restricts the model’s ability to learn discriminative representa-
tions, thereby further degrading pseudo-label quality.

To address this bias, we propose DebiasGCD, a debiasing
framework that calibrates bias through margin-aware prototype
learning. Unlike previous methods that rely on static proto-
type mapping and ignore the boundaries between prototypes,
we introduce Dynamic Prototype Debiasing (DPD), which
enforces a clear margin between prototypes. This encour-
ages the model to learn more discriminative representations,
strengthens class-specific features, and ultimately improves the
reliability of pseudo-labels. Additionally, instead of relying
solely on global representations, we propose the Spatial-Aware
Representation Distillation (SARD) module, which transfers
fine-grained knowledge by transforming patch tokens into
spatial feature maps, thereby enhancing representation learning
and improving DPD optimization. Furthermore, we apply both
strong and weak augmentations, as proposed in [18], [8],
which help generate more stable pseudo-labels and contribute
to more stable debiasing. Finally, by combining DPD and
SARD, DebiasGCD establishes large margins between seen
and novel classes, effectively mitigating pseudo-labeling bias.

To evaluate the effectiveness of our debiasing framework,
we conduct extensive experiments on seven datasets, including
fine-grained and generic object classification datasets. Over-
all, our approach significantly reduces pseudo-labeling bias,
prevents a 10% drop in pseudo-label accuracy (Fig. 1c), and
produces a clearer margin compared to the baseline [15]
SimGCD (Fig. 1b vs. Fig. 1a). By leveraging these reliable
pseudo-labels, our debiasing framework achieves competitive
performance in the GCD task across all datasets.

In summary, our key contributions are as follows:
• We investigate and identify a previously unaware bias in

prototype classifiers, which results in imbalanced pseudo-
labeling in Generalized Category Discovery.

• We introduce DebiasGCD, a margin-aware prototype de-
biasing approach that utilizes DPD and SARD to maintain
inter-prototype margin and extract more discriminative
local representation for identifying instances within un-
labeled data.

• Through extensive experiments, we demonstrate that our
debiasing method effectively mitigates bias, achieving
significant performance improvements—e.g., +8.3% and
+9.6% gains on ‘All’ classes in the CUB and Stanford
Cars, respectively.

II. RELATED WORK

A. Semi-supervised Learning

SSL tackles the issue of limited labeled data by integrating
unlabeled data from pre-defined classes [20], [21], [22]. Most
SSL methods adopt techniques like consistency-based regular-
ization [23], [24], [25], [26], pseudo-labeling [8], [27], [28],
and transfer learning [29], [30]. Notably, pseudo-labeling is an
effective baseline using a weak augmented view’s prediction
as a pseudo-label for a strong view [31], [8]. Meanwhile,
[32], [33], [34] improves performance by adjusting thresholds
to select high-quality pseudo-labels. However, traditional SSL
methods assume the labeled and unlabeled data share the same
distribution, limiting its effectiveness in open-world settings.
Recently, SSL has been extended to out-of-distribution (OOD)
detection for generating high-quality pseudo-labels [35], [28],
[36], [37]. For example, InPL [28] employs energy-based
pseudo-labeling for OOD data, HIMPLoS [38] reduces over-
confidence by using cosine similarity with class prototypes as
an adaptive logit temperature, and PSA [39] adopts a dual-
threshold ternary assignment strategy to filter uncertain sam-
ples, thereby ensuring higher-purity pseudo-labels. However,
these methods focus on improving pseudo-label quality by
filtering out OOD samples, which differs from the goal of
GCD. Unlike OOD detection, GCD requires leveraging both
ID and OOD data: we treat OOD samples as unlabeled unseen
categories and explicitly mitigate the imbalance caused when
seen samples (ID) are incorrectly classified as unseen (OOD).
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B. Generalized Category Discovery
The goal of Generalized Category Discovery (GCD) [12] is

to train a model to recognize both seen and novel categories
within unlabeled data. Traditional GCD [12] recognizes the
unlabeled data using k-means clustering their representation.
GPC [13] uses a Gaussian Mixture Model (GMM) and rep-
resentation learning to cluster categories. PromptCAL [40]
enhances semantic representations with prompt learning and
contrastive affinity, but still relies on SemiKMeans clustering
[12]. XCon [41] propose part the dataset via k-means and
performs contrastive learning within each subset to capture
fine-grained discriminative features. Despite their effective-
ness, these methods are computationally expensive for large
datasets. To address this, parametric classifier methods have
emerged. SimGCD [15] introduces a prototype classifier es-
tablishing a new GCD baseline. µGCD [18] utilizes mean-
teacher and strong/weak augmentations to enhance pseudo-
label quality. LegoGCD [17] tackles catastrophic forgetting
in SimGCD via entropy regularization. SPNet [16] further
optimizes SimGCD with data prompting. PartGCD [42] en-
hances semantic separation by extracting part features and
incorporating them into learning, but introduces additional
computational overhead. More recently, GET [43] leverages
CLIP [44] to introduce multi-modal information into GCD,
achieving strong performance. However, this approach de-
pends on large-scale pre-trained models, adding significant
computational and memory costs. In this work, we aim to build
on the strong baseline SimGCD and improve pseudo-label
quality for prototype classifiers, addressing a key limitation
of existing methods.

C. Prototype Learning
Prototype learning treats class-specific representations in

the feature space as prototype centers for each category [45],
matching instances to the category with the highest similarity
to its prototype. For instance, [46] separates seen and novel
categories using a decoupled prototypical network, aligning
them in labeled and unlabeled data to transfer knowledge and
capture semantics. TAN [47] trains a model to align instances
with prototypes and estimate novel prototypes in unlabeled
data based on category similarities. Prototype learning has
also been explored for separating seen and unseen domains.
ICPC [48] adopts a two-stage pipeline: first calibrating class
prototypes to approximate the true feature centers, and then
retraining the model on relatively reliable unseen samples
aligned with predefined prototypes. However, this incurs ad-
ditional training overhead. Similarly, DPN [49] introduces
a dual-attention prototype framework to capture fine-grained
visual cues, but the dual-network design leads to high com-
putational cost. In contrast, we adopt a parametric prototype-
based classifier following SimGCD [15], and propose SARD
to efficiently learn class-specific fine-grained features without
relying on costly dual-stage or dual-network designs.

III. PRELIMINARIES
A. Problem Formulation

Suppose X is the input space, we assume the labeled dataset
Dl = {(x, y)} ∈ X × Y l, containing only known categories,

and the unlabeled dataset Du = {(x, y)} ∈ X × Yu, which
includes both seen and novel categories, where Y l ⊂ Yu. The
objective of GCD is to categorize the samples in unlabeled
data Du, using the labels from known categories (Y l) and
unlabeled data (Du). Notably, the total number of known and
novel categories is denoted as K= |Yu|, and K is known from
prior works [15], [50], [51].

B. Architecture

Following SimGCD [15], we construct a model fθ with
parameter θ to map an input image to a label in Yu. The
model consists of an image encoder Φ, a projection head
h, and a classification head g. For a sample xi, its feature
representation is zi = Φ(xi) ∈ R(n+1)×d, where n is the
number of patches, 1 corresponds to the class token, and
d is the feature space dimension. The number of patches
n is computed as n = H×W

h×w , where H and W are image
dimensions, and h and w are the patch sizes.

C. Representation Learning.

Following GCD [12] and SimGCD [15], we adopt con-
trastive learning [4] to extract feature representations for
categorizing unlabeled data. Specifically, we perform super-
vised contrastive learning [52] on labeled data Dl and self-
supervised contrastive learning [53] on the entire dataset. The
overall representation loss is denoted as Lrep(θ;D).

Formally, given two views xi and x′
i of the same image in

a all data D, the parameters of feature extractor Φ can be up-
dated by the InfoNCE loss [54] in self-supervised contrastive
learning:

Lrep(θ;D) = −
1

|D|
∑
xi∈D

log
exp

〈
zcls
i , zcls′

i

〉
/τ∑n ̸=i

n exp
〈
zcls
i , zcls

n

〉
/τ

, (1)

where zcls is the first row vector in its feature representation
zi = h ◦ (Φ(xi), denoted as zcls

i . τ is a temperature hyperpa-
rameter. Analogous to Eq. (1), we use supervised contrastive
loss in the same class as:

Lrep(θ;Dl)=− 1

|Dl|
∑
xi∈D
− 1

|N (i)|
∑

q∈N (i)

log
exp

〈
zcls
i , zcls

q

〉
/τ∑n ̸=i

n exp
〈
zcls
i , zcls

n

〉
/τ

.

(2)
Finally, the total contrastive loss on the model’s representation
is given as:

Lrep(θ;D) = (1− λ1)Lrep(θ;Du) + λ1Lrep(θ;Dl). (3)

D. Prototype Classifier

Unlike GCD [12], which uses a time-intensive clustering-
based approach, SimGCD [15] designs an effective pro-
totypical classifier g with parameter W ∈ Rd×K based
on self-distillation [4], [19]. The column vectors in W =
[w1, . . . , wK ] represents K prototypes, each corresponding to
a category. Given a sample view x, its feature representation
z is extracted, where the first row, known as the class token,
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Fig. 2: The overall framework of DebiasGCD consists of two key components. First, the Dynamic Prototype Debiasing (DPD)
enhances prototype discriminability by leveraging the ranking loss Lrank, which enforces a margin between the ground-truth
prototype wy and the N -th smallest probability prototype wN . Next, Spatial-Aware Representation Distillation (SARD) converts
local patch tokens into spatial feature maps, refines them using convolutional layers, and aggregates spatially-aware predictions,
enhancing local feature learning in DPD to better capture category-specific features. Finally, the teacher network prototypes
are updated online from the student during training.

is denoted by zcls. The cosine similarities s(x) between the
class token and the prototypes are computed as:

s(x) = (s1, s2, . . . , sK)

=
(
⟨w1, z

cls⟩, ⟨w2, z
cls⟩, . . . , ⟨wK , zcls⟩

)
.

(4)

Then, the softmax function is applied to the similarities to
imitate the traditional classifier to obtain pseudo-logits:

p(x) =
exp (s(x)/τ)∑K

j=1 exp (s(x)j/τ)
. (5)

Next, the prototype classifier is trained using a cross-entropy
loss with pseudo-labels in an unsupervised manner:

Lu
cls(θ;D) =−

1

|D|
∑
x∈D

p(xT ) logp(xS), (6)

where p (xT ) and p (xS) are the logits of views xT

and xS from image x, forwarded through the teacher
and student networks, respectively. Meanwhile, SimGCD
also adopts a standard cross-entropy loss Ls

cls on labeled
data and a class mean entropy regulariser [19], defined
as H(p) = −

∑
k p

(k) log p(k), where p is the mean
prediction of each class in a batch, computed as p =
1

2|B|
∑

i∈B (p(xS) + p(xT )). Therefore, the overall training
classification loss is:

Lcls(θ;D) = (1−λ)(Lu
cls(θ;D)−εH(p))+λLs

cls(θ;Dl). (7)

Finally, the overall objective in baseline is Lrep(θ;D) +
Lcls(θ;D).

E. Bias in Prototype Classifier

While prototype-based classifiers [15] have demonstrated
strong performance, they suffer from a critical bias: during
semi-supervised learning, some samples from seen categories
in the unlabeled data are misclassified as novel categories
(see Fig. 1c). This bias arises from insufficient similarity
between the sample’s class token and the class prototypes.
Specifically, the pseudo-label p(x) in Eq. (5) is assigned
based on this similarity; however, when prototypes are not
well-separated, the model often produces incorrect pseudo-
labels. These noisy labels are then propagated to the student
model via Eq. (6), further reinforcing the bias and leading
to compounding misclassifications. Over time, this creates a
self-reinforcing loop of error, as evidenced by the persistent
degradation shown by the blue curve in Fig. 1c.

IV. METHOD

In this section, we introduce our DebiasGCD approach for
mitigating bias in pseudo-labeling. The overall framework
of our method is depicted in Fig. 1 and comprises two
components: a Dynamic Prototype Debiasing (DPD) module
(Sec.IV-A) and a Spatial-Aware Representation Distillation
(SARD) module (Sec. IV-B).

A. Dynamic Prototype Debiasing

1) Motivation: A strategy to mitigate this bias is to enforce
clear margins between prototypes. However, directly modify-
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ing the distance between prototypes is intractable. Instead,
we work around the issue by adjusting the pseudo-labels
p(x) generated by the prototypes, which enables gradient
flow through the similarity computation and allows back-
propagation to gradually reduce the bias during training.
Inspired by [55], which incorporates adaptive margins into
model predictions p(x) to reduce inter-class confusion, we
propose a more fine-grained approach by ranking predictions
using margins. To achieve this, we introduce a ranking-based
loss Lrank, which enforces a margin between the prediction
of the ground-truth label and the remaining predictions on
labeled data. As a result, this indirectly encourages ground-
truth prototypes to remain well-separated from others, thereby
enhancing their discriminative ability.

2) Mechanism: To implement this ranking mechanism, the
ranking loss Lrank involves three steps: (1) First, extract the
ground-truth prediction from the student output p(xS). (2)
Next, sort the remaining probabilities in ascending order
and select the N -th smallest probability pN -min. (3) Finally,
compare the ground-truth prototype wy with the competing
prototype wN (corresponding to pN -min) using margin ranking
loss Lrank. The detailed formulation is presented below.

Step (1): Extracting the ground-truth prediction py from
p(xS).

Given the prediction vector output p (xS) =
[p1, p2, . . . , pK ] by the student network from Eq. (5), we first
extract the probability corresponding to the ground-truth class
label y ∈ Y l: py = p (xS) [y].

Step (2): Sorting the remaining probabilities and select-
ing the N -th smallest.

To identify the most challenging competing prototype, we
first remove the ground-truth probability from the prediction
vector, and sort this set in ascending order:

pDPD(xS) = sort
(
{pj | j ̸= y, j ∈ [1,K − 1]}

)
, (8)

After sorting, we select the N -the smallest probability:

pN−min = pπ(N), (9)

where π(N) represents the index of the N -th smallest prob-
ability. Here, the hyperparameter N is chosen such that
N ≤ K − 1.

Step (3): Increasing the margin between the ground-
truth prototype and competing prototypes.

Directly optimizing the prototypes is not feasible, therefore,
we compare them indirectly by evaluating their corresponding
predictions. Specifically, wy corresponds to py , while the
prototype wN corresponds to the selected probability pN -min.
Based on this comparison, the loss function is formulated as:

Lrank
(
θ;Dl

)
=

1

|Dl|
∑
x∈Dl

max (0,−py + pN -min + ϵ) , (10)

where ϵ is a predefined margin threshold. This enforces py ≥
pN -min + ϵ. If py is smaller than pN -min, or does not exceed it
by at least the margin ϵ, then pN -min − py + ϵ is positive. In
this case, the loss will be non-zero, and the model parameters

are updated to increase py relative to pN -min. Otherwise, if
py is sufficiently larger than pN -min, the term pN -min − py +
ϵ becomes negative, resulting in a zero loss, and the model
receives no gradient update. By minimizing Lrank(θ;Dl), a
margin is enforced between the correct prototype wy and the
low-ranked prototype wN (corresponding to the N -th smallest
probability), thereby enhancing prototype discriminability and
improving pseudo-labeling accuracy.

3) Empirical Analysis: We empirically investigate why the
smallest remaining probability (pN -min) is preferred over the
highest one (pN -max) in Eq. (10). As illustrated in Fig. 8,
the variants employing pN -min (blue bars) consistently outper-
form those using pN -max (purple bars) across all datasets and
evaluation splits (All, Old, and New). This performance gap
remains stable for N ∈ {1, 3, 5}, suggesting that emphasizing
the easiest negative class—i.e., the one with the smallest non-
target probability—provides more reliable and noise-resistant
optimization signals. In contrast, focusing on pN -max tends
to overemphasize hard negatives, which, while slightly sur-
passing the SimGCD baseline, still fall behind the variants
using pN -min. Consequently, we adopt pN -min in Eq. (10) to
construct a more effective margin ranking loss that enhances
model robustness and optimization stability.

B. Spatial-Aware Representation Distillation

Unlike prior prototype-based methods [15], [16] that rely
only on global representations, our approach explicitly in-
corporates local features. As shown in Eq. (4) and Eq. (5),
pseudo-labels are associated with both prototypes and the
image’s class token. However, the class token mainly cap-
tures global image-level information and misses fine-grained
details. This is especially problematic in datasets like CUB
[11], where visually similar classes can only be distinguished
by subtle local cues (e.g., bill shape). To address this, we
emphasize learning from local representations, which directly
refine pseudo-labels and also strengthen prototype learning,
thereby improving classifier discriminability for DPD.

To this end, we propose a lightweight Spatial-Aware Rep-
resentation Distillation (SARD) module to preserve semantic
consistency in local features. As shown in Fig. 2, SARD
reshapes patch tokens into a spatial feature map, applies
convolutional layers (Conv1 and Conv2) to capture local pat-
terns, and aggregates predictions via global average pooling.
By combining transformer-based global modeling with local
feature extraction, SARD enhances representation learning
with improved spatial awareness.

Given the patch tokens zpatch ∈ Rn×d extracted from the
image encoder Φ, where n denotes the number of patches (see
Sec. III-B), we aim to capture local spatial features. To this
end, we first pass zpatch through a convolutional layer (Conv1)
to extract fine-grained local information:

F patch = Conv
(
zpatch;WC1

)
, (11)

where WC1 represents the learnable parameters of Conv1.
This step uses a small 3 × 3 kernel to extract local spatial
features, thereby enhancing spatial awareness at a fine-grained
level. Next, the extracted feature F patch is further processed
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Algorithm 1 One training Procedure for DebiasGCD.

Input: Encoder Φ, classifier head g, projector h, labeled data
Dl, unlabeled data Du, N -th.

Output: Φ, g, and h.
for (xS ,xT ) ∈ Dl ∪ Du, y ∈ Yl do

p (xS)← f ◦ Φ(xS) using Eq. (5);
Step 1: Extract py from p (xS): py = p (xS) [y];
Step 2: Select the N -th pro.: pN−min using Eq. (8)(9);
Step 3: Increase the distance between wy and wN via

Eq. (10);
Capture local spatial feature F Avg using Eq. (11)(12);
Compute the ranking-based loss Lrank(θ;Dl)
Compute the SARD loss Lu

sard(θ;D) using Eq. (13);
Add total loss Ltotal= α · Lu

sard(θ;D)+β ·Lrank(θ;Dl);
Update Φ, g, and h by SGD.

end for

by Conv2, which consists of a convolutional layer followed
by batch normalization (BN) and average pooling (AvgPool).
This sequence of operations generates the locally smoothed
feature, formulated as:

F Avg = AvgPool2D

(
BN

(
Conv

(
F patch;WC2

)))
, (12)

where WC2 represents the learnable parameters of Conv2.
The average feature F Avg is passed through global average
pooling (GAP) [56], yielding ypatch(x) = GAP (F Avg), which
aggregates spatial information into a compact global represen-
tation, preserving the full spatial distribution while generating
the class probability distribution.

Similar to the classification in Eq. (6), we apply an entropy
loss between weak and strong views to align the information
of local features:

Lu
sard(θ;D) =−

1

|D|
∑
x∈D

ypatch(xT ) log y
patch(xS), (13)

where the probability distribution ypatch(xS) is from another
sample xS . This objective encourages the model to focus on
detailed features of the object, helping it learn more fine-
grained information.

C. Overall Learning Objectives
We propose DebiasGCD, a debiasing pseudo-labeling ap-

proach for GCD, by integrating the Dynamic Prototype De-
biasing (DPD) and Spatial-Aware Representation Distillation
(SARD) modules. The overall training loss for debiasing is
formulated as:

Ltotal=Lrep(θ;D)+Lcls(θ;D)︸ ︷︷ ︸
Baseline

+α·Lu
sard(θ;D)+β ·Lrank(θ;Dl)︸ ︷︷ ︸

Updated

,

(14)
where α and β are balancing factors that control the learning

of the prototypical classifier.

V. EXPERIMENTS

A. Experimental Setup
1) Datasets: We evaluate our approach on seven datasets,

including two generic object recognition benchmarks: CI-

FAR100 [57] and ImageNet-100 [1]; three semantic shift
benchmarks (SSB) [12]: CUB [11], Stanford Cars [58], and
FGVC-Aircraft [59]; as well as the imbalanced datasets
Herbarium 19 [60], CIFAR-LT [61] and the challenging large-
scale ImageNet-1K [1]. Following GCD [12], we randomly
sample 50% of the seen categories from the training set to
construct the labeled set Dl, with the remaining images from
seen and novel categories forming the unlabeled subset Du.
Table I details our experimental split protocol.

TABLE I: Details of the benchmark datasets.

Dataset Balance Labeled Dl Unlabeled Du

Images Class Images Class
CUB [11] ✓ 1.5k 100 4.5k 200

Stanford Cars [58] ✓ 2.0k 98 6.1k 196
FGVC-Aircraft [59] ✓ 1.7k 50 5.0k 100
Herbarium 19 [60] ✗ 8.9k 341 25.4k 683

CIFAR100 [57] ✓ 20.0k 80 30.0k 100
ImageNet-100 [1] ✓ 31.9k 50 95.3k 100
ImageNet-1K [1] ✓ 321k 500 960k 1000

2) Evaluation protocols: Following GCD [12] evaluation
protocol, we employ clustering accuracy (ACC) to evaluate the
model performance.me Concretely, ACC is computed using
the predicted labels ŷ with ground truth labels y∗, defined
as ACC = 1

M

∑M
i=1 I (y∗i = p (ŷi)), where M = |Du|, and

p aligns predicted cluster assignments with ground truth class
labels using the Hungarian optimal assignment algorithm [62].
Notably, our results are reported on the unlabeled set Du,
which contains samples from both known and novel classes.
Here, ‘All’ denotes ACC on all samples in Du, ‘Old’ on
known-class samples, and ‘New’ on novel-class samples.

3) Implementation details: In line with prior GCD works
[12], [15], we use a ViT-B/16 backbone [3], pre-trained with
DINO [4] and DINOv2 [63]. During training, we fine-tune
only the last attention block across all datasets. We apply
strong/weak data augmentation [8], using strong augmentation
to the student network and weak augmentation to the teacher
network, as described in [18]. Our setup includes a batch
size of 128, 200 training epochs, and an initial learning rate
of 0.1 with cosine decay. For classifier training, τ starts at
0.07 and is warmed up to 0.04 over the first 30 epochs.
The ranking label r = 1 in Eq. (10) assumes that py ranks
higher than pN -min. For hyperparameters, N we consider
the range {1,2,3,4,5}. Regardless of the specific value, our
method consistently outperforms the baseline. In practice, the
best results are obtained with N ∈ {3, 4} and ϵ ∈ {1, 2}.
For fine-grained datasets, we set α = 1, β = 1, while for
coarse-grained datasets, α = 0.5, β = 0.5, reflecting the need
for stronger separation in fine-grained scenarios due to higher
feature similarity. All the experimental results are obtained
using the final student network. Experiments are implemented
in PyTorch on Nvidia Tesla V100 GPUs.

B. Quantitative Comparison

1) Evaluation on fine-grained datasets: Identifying fine-
grained samples in GCD is challenging because of their subtle
inter-class differences, such as birds with similar heads but
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TABLE II: Results on the Semantic Shift Benchmark [12].

Method CUB Stanford Cars FGVC-Aircraft

All Old New All Old New All Old New

D
IN

O

k-means [64] 34.3 38.9 32.1 12.8 10.6 13.8 16.0 14.4 16.8
RS+ [51] 33.3 51.6 24.2 28.3 61.8 12.1 26.9 36.4 22.2

UNO+ [50] 35.1 49.0 28.1 35.5 70.5 18.6 40.3 56.4 32.2
ORCA [65] 35.3 45.6 30.2 23.5 50.1 10.7 22.0 31.8 17.1
GCD [12] 51.3 56.6 48.7 39.0 57.6 29.9 45.0 41.1 46.9

DCCL [14] 63.5 60.8 64.9 - - - 43.1 55.7 36.2
PromptCAL [40] 62.9 64.4 62.1 50.2 70.1 40.6 52.2 52.2 52.3

SPTNet [16] 65.8 68.8 65.1 59.0 79.2 49.3 59.3 61.8 58.1
LegoGCD [17] 63.8 71.9 59.8 57.3 75.7 48.4 55.0 61.5 51.7

CMS [66] 68.2 76.5 64.0 56.0 63.4 52.3 56.9 76.1 47.6
AptGCD [67] 70.3 74.3 69.2 62.1 79.7 53.6 61.1 65.2 59.0
RLGCD [68] 70.0 79.1 65.4 64.9 79.3 58.0 60.6 62.2 59.8

MOS [69] 69.6 72.3 68.2 64.6 80.9 56.7 61.1 66.9 58.2
PALGCD [70] 72.6 75.2 71.2 72.2 83.4 66.8 58.8 64.5 56.0
SimGCD [15] 60.3 65.6 57.7 53.8 71.9 45.0 54.2 59.1 51.8

Hyp-SimGCD [71] 64.8 65.8 64.2 62.8 73.4 57.7 58.7 58.9 58.5
SimGCD+AF [72] 69.0 74.3 66.3 67.0 80.7 60.4 59.4 68.1 55.0

SimGCD+Debiasing (Ours) 68.6 72.6 66.6 63.4 81.0 54.9 58.4 66.0 54.2

D
IN

O
v2

CiPR [73] 78.3 73.4 80.8 66.7 77.0 61.8 - - -
GCD [12] 71.9 71.2 72.3 65.7 67.8 64.7 55.4 47.9 59.2
µGCD [18] 74.0 75.9 73.1 76.1 91.0 68.9 66.3 68.7 65.1

RLGCD [68] 78.7 79.5 78.3 79.5 91.8 73.5 72.6 77.3 70.3
SimGCD 71.5 78.1 68.3 71.5 81.9 66.6 63.9 69.9 60.9

Hyp-SimGCD [71] 77.6 77.9 77.4 82.5 85.8 81.0 76.4 70.3 79.4
SimGCD+Debiasing (Ours) 79.2 81.3 76.1 78.2 91.8 72.6 74.1 72.1 75.2

TABLE III: Results on generic image recognition datasets.

Method CIFAR100 ImageNet-100

All Old New All Old New

D
IN

O

k-means [64] 52.0 52.2 50.8 72.7 75.5 71.3
RS+ [51] 58.2 77.6 19.3 37.1 61.6 24.8

UNO+ [50] 69.5 80.6 47.2 70.3 95.0 57.9
ORCA [65] 69.0 77.4 52.0 73.5 92.6 63.9
GCD [12] 73.0 76.2 66.5 74.1 89.8 66.3

DCCL [14] 75.3 76.8 70.2 80.5 90.5 76.2
PromptCAL [40] 81.2 84.2 75.3 83.1 92.7 78.3

SPTNet [16] 81.3 84.3 75.6 85.4 93.2 81.4
LegoGCD [17] 81.8 81.4 82.5 86.3 94.5 82.1

CMS [66] 82.3 85.7 75.5 84.7 95.6 79.2
AptGCD [67] 82.8 81.8 81.8 87.8 95.4 84.3
RLGCD [68] 83.4 84.2 81.9 86.9 94.2 83.2

PALGCD [70] 78.5 78.9 77.8 83.0 93.1 78.0
SimGCD [15] 80.1 81.2 77.8 83.0 93.1 77.9

Hyp-SimGCD [71] 82.4 83.1 81.2 86.5 93.7 83.0
SimGCD+AF [72] 82.2 85.0 76.5 85.4 94.6 80.8

SimGCD+Debiasing (Ours) 84.2 84.3 84.0 85.0 94.6 80.2

D
IN

O
v2

CiPR [73] 90.3 89.0 93.1 88.2 87.6 88.5
GCD [12] 79.6 84.5 69.9 78.5 89.5 73.0

SPTNet [16] - - - 90.1 96.1 87.1
RLGCD [68] 91.2 91.2 91.2 92.1 96.2 90.0
SimGCD [15] 88.5 89.2 87.2 89.9 95.5 87.1

Hyp-SimGCD [71] 91.5 90.0 94.6 91.9 96.2 89.8
SimGCD+Debiasing (Ours) 93.5 94.0 93.2 91.2 96.6 88.7

different bill sizes. As shown in Table II, our method consis-
tently outperforms baseline SimGCD on fine-grained datasets.
Specifically, on CUB and Stanford Cars, SimGCD+Debiasing
achieves improvements of 7.0%/8.9% and 9.1%/9.9% on
the Old and New metrics in DINO, and 3.2%/7.8% and
9.9%/6.0% in DINOv2, respectively. While our method does
not surpass the latest approaches such as AptGCD, RLGCD,
MOS and PCAGCD, SimGCD+Debiasing remains competi-
tive among plug-and-play extensions of SimGCD, achieving,
for example, a 3.8% gain in DINO and a 2.4% gain in
DINOv2 on CUB compared to Hyp-SimGCD.

2) Evaluation on generic datasets: Ours DebiasGCD
(SimGCD+Debiasing) demonstrates strong performance on
generic object recognition datasets, as shown in Table III and
Table IV. In particular, it achieves notable improvements over
SimGCD on the All metric: 4.1% on CIFAR100 and 2.0%

TABLE IV: Results on more challenging datasets with DINO.

Method Herbarium ImageNet-1K

All Old New All Old New
k-means [64] 13.0 12.2 13.4 - - -

RS+ [51] 27.9 55.8 12.8 - - -
UNO+ [50] 28.3 53.7 14.7 - - -
ORCA [65] 20.9 30.9 15.5 - - -
GCD [12] 35.4 51.0 27.0 52.5 72.5 42.2

PromptCAL [40] 37.0 52.0 28.9 - - -
SPTNet [16] 43.4 58.7 35.2 - - -

LegoGCD [17] 45.1 57.4 38.5 62.4 79.5 53.8
CMS [66] 36.4 54.9 26.4 - - -

RLGCD [68] 46.4 61.2 38.4 - - -
PALGCD [70] 46.8 57.0 41.4 - - -
SimGCD [15] 44.0 58.0 36.4 57.1 77.3 46.9

SimGCD+AF [72] 45.5 59.0 38.3 - - -
SimGCD+Debiasing (Ours) 45.2 60.1 37.0 62.8 79.8 54.1

TABLE V: Results on CIFAR-LT under imbalance factors 20,
50, and 80 [61].

Method
CIFAR-LT

20 50 80
All Old New All Old New All Old New

SimGCD 60.4 62.8 48.0 56.1 58.5 37.3 34.8 52.8 20.1
Ours 63.5 65.6 51.0 58.9 61.7 40.0 36.9 54.4 22.4

on ImageNet-100 in DINO, and 5.0%/1.3% in DINOv2. Al-
though DebiasGCD is slightly behind AptGCD on ImageNet-
100 by 2.8 points (85.0% vs. 87.8%) in DINO, it surpasses
AptGCD on CIFAR100 by 1.4% (84.2% vs. 82.8%). With
DINOv2, DebiasGCD also remains competitive with other
plug-and-play extensions such as Hyp-SimGCD, achieving
an additional 2.0% gain on the All metric. On more chal-
lenging datasets—Herbarium19, CIFAR-LT, and ImageNet-
1K—DebiasGCD achieves further gains on the All metric,
outperforming SimGCD by 1.2% on Herbarium19, by 7.3%
on ImageNet-1K, and by 3.1%/2.2%/2.1% under 20/50/80
imbalance factors on CIFAR100, thereby demonstrating its
robustness and competitiveness on complex benchmarks.

3) Pseudo-label assignments during training: We visualize
the evolution of pseudo-labeling (over random seeds) for seen
classes across training epochs on both fine-grained and generic
datasets. As shown in Fig. 3a, our debiasing strategy consis-
tently improves pseudo-label quality—for instance, accuracy
on CUB improves from 68% to 72%, and on CIFAR100,
it mitigates the decline in SimGCD, increasing from 65%
to 67%. Fig. 4 further shows the pseudo-label assignment
distributions, where darker points indicate higher frequencies.
In particular, the red rectangles highlight regions where seen-
class samples (y-axis) are mislabeled as novel classes (x-
axis). Intuitively, Our DebiasGCD clearly lightens these areas,
indicating reduced bias and more balanced pseudo-labeling.
Moreover, Fig. 3b illustrates that higher pseudo-label accuracy
generally leads to higher All ACC, showing a positive correla-
tion across both fine-grained (CUB) and generic (CIFAR100)
datasets.

4) Feature Visualizations and Attention Distributions: Fig.
6a uses t-SNE to visualize the feature distribution of five
randomly selected CIFAR100 categories, including both seen
and novel classes. Intuitively, SimGCD shows overlapping
novel features (red circle), suggesting poor separation, while
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(a) Pseudo-label accuracy for seen classes in the unlabeled data. (b) Variation of All ACC with pseudo-label accuracy.

Fig. 3: (a) Pseudo-label accuracy over three random seeds (solid lines: mean, shaded region: std). DebiasGCD (purple)
consistently outperforms SimGCD (blue). (b) All ACC versus pseudo-label accuracy (△: SimGCD, ⋆: DebiasGCD). On CUB,
both methods exhibit a forgetting effect—pseudo-label accuracy rises and then falls—but DebiasGCD is more stable (75–80%
vs. 70–75%), resulting in higher All ACC. On CIFAR100, All ACC increases as pseudo-label accuracy improves: SimGCD
plateaus at 65–73% pseudo-label accuracy (with All ACC of 80%), while DebiasGCD reaches about 70% pseudo-labels and
achieves 84% All ACC.
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(b) Group 2: CIFAR100 Dataset Results

Fig. 4: Pseudo-labeling in SimGCD (Column 1, with bias) and our method (Column 2, with less noise) for CUB and CIFAR100.
Our DebiasGCD shows lighter colors, indicating reduced imbalanced pseudo-labeling. (Note that there are 80 seen categories
and 20 novel categories in CIFAR100.).

our method forms clearer boundaries and more distinct clus-
ters. Furthermore, Fig. 5 presents attention maps of different
heads from image encoder Φ, highlighting their focus on
various image regions. Compared to SimGCD, our method
more effectively captures class-specific object parts and sup-
presses background noise, highlighting its advantage in local
representation learning.

5) Computational cost comparison: We compare the train-
ing and inference costs of DebiasGCD with SimGCD and
other competitive methods, including MOS [69], PALGCD
[70], and SimGCD+AF [72] , in Table VI. Compared with
the baseline SimGCD, DebiasGCD incurs minimal additional
overhead. On CUB, it adds only 3 minutes of training while
slightly reducing FLOPs (33.74 vs. 36.36). On CIFAR100,
it adds 2.5 hours with moderate increases in FLOPs and
parameters. Our SimGCD+Debiasing outperforms MOS and
PALGCD in training efficiency (4h vs. 9h and 6h, respec-
tively). Meanwhile, SimGCD+AF substantially increases the
number of parameters (144.92 vs. 92.10). The large gap in
training time across datasets (4h 35m vs. 31h 13m) is primarily
due to dataset size (6.1k vs. 20.0k samples) rather than the
SARD module. Overall, our approach is computationally effi-
cient, introducing minimal training overhead and no additional
inference cost.

TABLE VI: Comparison of computational cost on CUB and
CIFAR100 across competitive methods.

Method Dataset Time FLOPs Params (M)
Train Infer

SimGCD

CUB

4h 35m 19s 33.74 92.10
RLGCD 4h 38m 19s 33.74 92.10

MOS 9h 12m 63s 67.48 93.82
PALGCD 6h 41m 19s 33.74 92.10

SimGCD+AF 4h 36m 20s 33.85 144.92
SimGCD+Debiasing (Ours) 4h 38m 20s 36.36 98.79

SimGCD

CIFAR100

31h 13m 112s 33.82 92.02
RLGCD 31h 15m 112s 33.82 92.02

PALGCD 50h 19m 112s 33.82 92.02
SimGCD+AF 32h 21m 121s 33.96 144.68

SimGCD+Debiasing (Ours) 33h 51m 124s 35.14 98.50

C. Ablation Study

1) Effect of Strong/Weak Augmentation: We apply strong
augmentation to the student network and weak augmentation
to the teacher network. As discussed in [18], this strategy helps
the teacher network produce more stable pseudo-labels, mo-
tivating us to introduce stable debiasing for pseudo-labeling.
Row (1) of Table VII shows that this strategy alone results
in only a modest improvement of 0.6% and 0.9% in ‘All’
accuracy on the CUB and Stanford Cars datasets, respectively.
However, when combined with DPD and SARD (Rows (4) vs
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Fig. 5: Attention visualization of 12 different attention heads in the final layer of the image encoder on FGVC-Aircraft and
CUB. Compared to SimGCD, our approach, DebiasGCD, focuses more on class-specific features while reducing background
interference, leading to more refined and discriminative feature representations.
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Fig. 6: t-SNE visualization of SimGCD [15] and our DebiasGCD on 10 randomly sampled classes from CUB and CIFAR-100
datasets. ● denotes seen classes, ✖ denotes novel classes, and the five-pointed star indicates the prototype center. Compared
with SimGCD, DebiasGCD yields fewer misclassified samples and clearer margins between prototypes.

TABLE VII: Effect of each component of our method. Row (0)
shows the baseline results.

No. S/W Aug. DPD SARD CUB Stanford Cars CIFAR100

All Old New All Old New All Old New
(0) ✗ ✗ ✗ 60.3 65.6 57.7 53.8 71.9 45.0 80.1 81.2 77.8
(1) ✓ 60.9 68.7 57.0 54.9 74.1 45.6 80.9 81.9 79.1
(2) ✓ 66.0 72.3 62.9 57.8 77.4 47.6 82.3 82.7 81.8
(3) ✓ 65.3 72.1 61.9 58.0 77.0 48.9 82.1 82.6 79.4
(4) ✓ ✓ 67.5 73.7 64.5 62.4 79.7 54.1 83.0 83.8 82.7
(5) ✓ ✓ ✓ 68.6 72.6 66.6 63.4 80.1 54.9 84.2 84.3 84.0

(5)), it leads to a substantial performance boost of 1.1% and
1.0%. These results highlight that integrating the augmentation
strategy with our approach improves the stability of debiasing
and enhances the quality of pseudo-labels.

2) Effect of DPD and SARD: Table VII presents the per-
formance impact of different components. Incorporating DPD
(Row (0) vs Row (2)) improves all metrics for CUB and
Stanford Cars and CIFAR100, achieving gains of 5.7%, 4.0%
and 2.2% in ‘All’ accuracy, respectively. This demonstrates

DPD’s ability to generate more discriminative prototypes for
pseudo-labeling. Similarly, incorporating SARD (Row (0) vs
Row (3)) enhances performance across both ‘Old’ and ‘New’
classes compared to SimGCD, highlighting the importance
of local spatial-aware representation learning. Furthermore,
combining SARD with DPD leads to additional improvements
in ‘All’ accuracy by 1.5%, 4.6% and 0.7% (Rows (2) vs (4)),
confirming that SARD reinforces the debiasing effect of DPD
by leveraging local feature information.

3) Effect of N in DPD: Fig. 7 presents the performance
trends for different N values across all datasets. Here, N = 0
corresponds to baseline SimGCD without dynamic prototype
debiasing. When N = 1, the smallest value in the probability
vector pDPD(xS) is selected, resulting in pN−min = p1 in
Eq. (10). Similarly, for N = 2, the second smallest value
is chosen, yielding pN−min = p2. Compared to the baseline
(N = 0), our method consistently enhances performance
across all metrics (‘All’, ‘Old’, and ‘New’) for various N
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Fig. 7: Effect of varying N -th parameter in DPD. Each figure
presents the accuracy of the ‘All’ metric across different values
of N , ranging from 0 to 5.
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Fig. 8: Comparison of using the margin between the ground-
truth prediction and either pN−min or pN−max in Eq. (10).
Using pN−min consistently outperforms pN−max for N ∈
{1, 3, 5}.

values across all datasets. Notably, the improvement is most
pronounced in CUB, Stanford Cars, and CIFAR100. Mean-
while, we investigate the impact of choosing pN−min versus
pN−max. As shown in Fig. 8, the first bar denotes the baseline
SimGCD; bars 2–4 correspond to pN−max with N ∈ {1, 3, 5},
and bars 5–7 correspond to pN−min with N ∈ {1, 3, 5}. The
black rectangles mark the performance gains over pN−max.
Overall, pN−min consistently outperforms pN−max in all cases.

4) Effect of debiasing margin ϵ: Table VIII illustrates the
effect of varying the margin ϵ (0.1, 0.3, 0.5, 1, and 2) in Eq.
(10). Specifically, the margin determines the distance between
the predicted probability py for the ground truth label and the

TABLE VIII: Effect of varying margin ϵ of Eq. (10) in both
fine-grained and generic object recognition datasets.

ϵ
CUB Stanford Cars CIFAR100

All Old New All Old New All Old New
0.1 60.1 65.3 57.5 53.7 71.5 45.2 80.0 81.5 77.5
0.1 61.6 68.3 58.5 55.6 72.7 47.5 81.6 82.3 79.7
0.3 63.9 71.5 60.6 58.6 74.5 51.5 82.2 82.6 81.4
0.5 65.1 73.1 61.6 61.8 78.9 53.6 83.8 83.9 83.5
1.0 67.4 76.3 63.0 63.4 81.0 54.9 84.2 84.2 84.0
2.0 68.8 72.6 66.6 62.4 79.7 54.0 84.0 84.1 83.8

probability of the N -th smallest value pN−min. As ϵ increases
from 0.1 to 2, performance improves across all datasets.
However, when ϵ further increases from 1 to 2, performance
declines in Stanford Cars and CIFAR100. This suggests that
while a small margin fails to capture discriminative features,
an excessively large margin disrupts shared class features,
ultimately hindering performance.

5) Effect of Hyperparameters α and β: Table IX shows the
values of α and β used in Eq. (14). The parameter α controls
the impact of detailed feature learning on the prototype clas-
sifier, while β balances the prototype margins within DPD.
In fine-grained datasets like CUB and Aircraft, performance
‘All’ improves as α increases from 0.5 to 1, highlighting the
importance of local features for fine-grained recognition. For
a generic dataset CIFAR100, the best performance is achieved
when both α and β are set to 0.5. Although performance in
CIFAR100 decreases as α and β increase, it still outperforms
the baseline SimGCD (‘All’=80.1).

TABLE IX: Ablation study on α and β of Eq. (14) in fine-
grained and generic object recognition datasets.

α β
CUB FGVC-Aircraft CIFAR100

All Old New All Old New All Old New

0.5 0.5 66.0 73.9 62.1 56.1 65.1 52.3 84.2 84.2 84.0
1.0 67.5 74.6 63.9 55.8 65.1 51.2 83.8 83.9 83.5

1 0.5 67.2 73.3 64.1 56.3 64.8 52.1 83.2 84.2 81.6
1.0 68.6 72.6 66.6 56.8 65.7 52.4 82.6 84.4 78.9

6) Effective Debiasing for other GCD models: To further
examine the generalization ability of DPD, we incorporated
it into LegoGCD [17] and SPTNet [16], both built upon
SimGCD. Notably, we set the hyperparameters for CUB
and CIFAR100 following the implementation details in Sec-
tion V-A3. As shown in Table X, LegoGCD+DPD improves
over LegoGCD by +2.9% on CUB (All) and +2.7% on
CIFAR (All), while SPTNet+DPD achieves gains of +1.5%
and +1.3%, respectively. These results indicate that pseudo-
label bias is a common challenge in GCD models, and DPD
provides a simple yet effective solution that generalizes well
across different frameworks.

VI. CONCLUSION

In this paper, we find the previously unaware bias of imbal-
anced pseudo-labeling in the GCD task caused by prototypes
without clear margins. To mitigate this bias, we propose
an effective debiasing method, DebiasGCD, which adopts
margin learning between seen and novel category prototypes.
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TABLE X: Results of incorporating DPD into two additional
methods: LegoGCD [17] and SPTNet [16].

Datasets CUB CIFAR100

All Old New All Old New
LegoGCD 63.8 71.9 59.8 81.8 81.4 82.5

LegoGCD+DPD 66.7 73.1 63.7 83.5 83.2 83.7
SPTNet 65.8 68.8 65.1 81.3 84.3 75.6

SPTNet+DPD 67.3 70.1 66.4 82.6 84.5 79.1

Specifically, we propose a dynamic prototype debiasing tech-
nique to maintain a margin between prototypes dynamically,
encouraging the network to explore category-specific features
and enhance prototype distinction. Furthermore, to improve
the learning for more discriminative representations in DPD,
we propose a spatial-aware representations distillation module
to discover more subtle features that benefit classification,
especially in fine-grained datasets. Extensive results show
that our DebiasGCD significantly outperforms the baseline
SimGCD, effectively mitigating the pseudo-labeling bias.
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