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Abstract

Generalized Category Discovery (GCD) leverages labeled
data to categorize unlabeled samples from known or un-
known classes. Most previous methods jointly optimize su-
pervised and unsupervised objectives and achieve promis-
ing results. However, inherent optimization interference
still limits their ability to improve further. Through quanti-
tative analysis, we identify a key issue, i.e., gradient entan-
glement, which 1) distorts supervised gradients and weak-
ens discrimination among known classes, and 2) induces
representation-subspace overlap between known and novel
classes, reducing the separability of novel categories. To
address this issue, we propose the Energy-Aware Gradient
Coordinator (EAGC), a plug-and-play gradient-level mod-
ule that explicitly regulates the optimization process. EAGC
comprises two components: Anchor-based Gradient Align-
ment (AGA) and Energy-aware Elastic Projection (EEP).
AGA introduces a reference model to anchor the gradient
directions of labeled samples, preserving the discrimina-
tive structure of known classes against the interference of
unlabeled gradients. EEP softly projects unlabeled gradi-
ents onto the complement of the known-class subspace and
derives an energy-based coefficient to adaptively scale the
projection for each unlabeled sample according to its de-
gree of alignment with the known subspace, thereby reduc-
ing subspace overlap without suppressing unlabeled sam-
ples that likely belong to known classes. Experiments show
that EAGC consistently boosts existing methods and estab-
lishes new state-of-the-art results. Code is available at
https://haiyangzheng.github.io/EAGC.

1. Introduction
Category discovery—first introduced as Novel Category
Discovery (NCD) [14] and later extended to Generalized
Category Discovery (GCD) [63]—has recently emerged as
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Figure 1. (a) GDC and SOC measure Gradient Entanglement
(GE) from the gradient-direction and feature-subspace perspec-
tives, respectively. Both indices reveal that existing GCD meth-
ods (e.g., SimGCD [74]) suffer from non-negligible optimization
conflicts. (b) We attribute this issue to two main factors. I: Gradi-
ent Direction Deviation. Unsupervised gradients aim to discover
novel categories but are inherently noisy and unreliable, which dis-
tort the optimization direction dictated by the supervised objective
that focuses on known categories. II: Subspace Overlap. Noisy
and unreliable unsupervised objectives produce highly divergent
gradients, whereas gradients of the supervised objective remain
relatively consistent. Joint optimization inevitably lets supervised
gradients dominate, which progressively attract novel-class rep-
resentations toward the known-class subspace. (c) Our method
effectively mitigates GE, yielding substantial performance gains.

an important problem in open-world visual learning. In
GCD, a dataset is divided into a labeled subset containing
known classes and an unlabeled subset that mixes known
and novel categories. The goal is to leverage knowledge
from the labeled subset to assign category labels to all
samples in the unlabeled subset. Depending on how cate-
gory labels are inferred, existing approaches can be broadly
grouped into non-parametric methods [6, 10, 43, 49, 58, 59,
85, 88, 93], which perform clustering in the representation
space, and parametric methods [1–3, 5, 16, 33, 37, 42, 65,
68, 73, 74, 77, 86], which learn explicit classifiers to jointly
recognize known and novel categories.
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While existing GCD methods have achieved promising
results, many rely on a direct combination of supervised
and unsupervised objectives, which often leads to an un-
satisfactory trade-off between known and novel classes. To
investigate this issue in depth, we define two quantitative
metrics: Gradient Deviation Coefficient (GDC) and Sub-
space Overlap Coefficient (SOC) (see details in Sec. 3).
GDC measures how unsupervised objectives interfere with
the optimization direction of supervised gradients, whereas
SOC quantifies the degree of overlap between the rep-
resentation subspaces of known and novel classes. As
shown in Fig. 1(a, b), we analyze the representative baseline
SimGCD [74] and find that: Issue ¨ The GDC value gradu-
ally increases as training progresses, indicating that the op-
timization direction of supervised gradients is increasingly
distorted by the unsupervised objectives, thereby weaken-
ing discrimination among known classes. Issue ≠ The SOC

rises sharply in the early stage and remains at a high level af-
terward, suggesting that novel-class representations are pro-
gressively drawn toward the known-class subspace, which
further reduces their separability. We refer to these under-
explored issues in GCD as Gradient Entanglement (GE).

To address these issues, we propose an Energy-Aware
Gradient Coordinator (EAGC), which explicitly mitigates
the GE problem from the perspective of gradient optimiza-
tion, thereby consistently improving existing GCD methods
(see Fig. 1(c)). EAGC comprises two complementary com-
ponents: Anchor-based Gradient Alignment (AGA) and
Energy-aware Elastic Projection (EEP). To address Issue
¨, AGA leverages a reference model trained under pure
supervision as an anchor. It explicitly aligns the gradient
direction of labeled samples toward this reference, thereby
preserving the discriminative structure of known classes
against interference from the unsupervised objectives. To
mitigate Issue ≠, EEP first constructs a Conceptor-based
subspace of known classes and projects the gradients of
unlabeled samples onto its complement. Considering the
GCD characteristic that some unlabeled samples may also
come from known categories, EEP further introduces an
energy-aware adaptive weighting strategy. This strategy
determines the projection strength of each sample accord-
ing to its feature energy ratio within the known-class sub-
space, preventing the over-suppression of known samples
while effectively decoupling novel representations. No-
tably, EAGC operates in a plug-and-play fashion and inte-
grates seamlessly with both parametric and non-parametric
GCD frameworks without modifying the backbone archi-
tecture or the training objectives of the existing frameworks.

Our main contributions are summarized as:
• We quantitatively analyze the gradient behavior of ex-

isting GCD methods and identify a critical yet under-
explored issue, i.e., Gradient Entanglement (GE),
which substantially constrains their performance.

• We propose a plug-and-play gradient-level coordinator,
EAGC, which effectively mitigates GE and can be seam-
lessly integrated into existing GCD methods.

• We derive two task-specific modules from theoretical
analysis. Inspired by proximal regularization, AGA pri-
marily preserves the discrimination of known categories.
EEP adaptively enhances the separability of novel cate-
gories, motivated by an energy-aware subspace analysis.

• Extensive experiments demonstrate that EAGC consis-
tently enhances various parametric and non-parametric
GCD methods, achieving new state-of-the-art perfor-
mance across multiple benchmarks.

2. Related Work
Category Discovery. Novel Category Discovery (NCD)
was first introduced by Han et al. [14], who formulated
the problem as transferable clustering, i.e., transferring
knowledge from labeled (seen) categories to cluster unla-
beled (unseen) ones. Since then, extensive efforts [11–
13, 15, 26, 29, 30, 34, 39, 46, 60, 70, 84, 87, 95, 96]
have been devoted to improving representation learning and
clustering reliability under this paradigm. To better re-
flect real-world scenarios, Generalized Category Discov-
ery (GCD) [63] relaxes the NCD assumption by allowing
unlabeled data to contain both known and unknown cate-
gories, inspiring a wide range of follow-up research. On
one hand, several GCD studies investigate more practical
settings, such as federated GCD [44, 71, 83], on-the-fly dis-
covery [9, 32, 91], ultra-fine category discovery [35], multi-
modal extensions [41, 57, 67, 78, 92], and domain-shift sce-
narios [53, 69, 72, 79, 82, 97], reflecting the growing inter-
est in open-world recognition.

On the other hand, a large body of GCD work focuses
on improving generalization, calibration, and clustering ro-
bustness within the standard GCD setting. Existing ap-
proaches can be broadly divided into parametric meth-
ods [1–3, 5, 16, 33, 37, 42, 65, 68, 73, 74, 77, 86], which
rely on a classifier with a predefined number of classes, and
non-parametric methods [6, 10, 43, 49, 58, 59, 85, 88, 93],
which eliminate this constraint. Moreover, recent stud-
ies [7, 36, 62] propose plug-and-play modules that can be
seamlessly integrated into existing frameworks to further
enhance discovery performance. Following this line, our
EAGC is also designed as a plug-and-play algorithm. More-
over, distinct from prior efforts, EAGC analyzes the GCD
challenge from an optimization perspective and identifies
the inherent Gradient Entanglement issue. By effectively
mitigating this problem, EAGC improves existing meth-
ods under both parametric and non-parametric paradigms,
achieving new state-of-the-art performance.

Gradient Projection. Gradient projection is a technique
designed to regulate the direction of parameter updates by
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projecting gradients onto constrained subspaces, thereby
mitigating interference between tasks. This approach has
been widely applied in multi-task learning [17, 80] (MTL)
and continual learning [55] (CL) to reduce gradient conflicts
and catastrophic forgetting. For instance, in MTL, Gradient
Surgery [80] projects a given task’s gradient onto the nor-
mal plane of any conflicting task gradient, thus alleviating
harmful interference and improving overall optimization. In
CL, GPM [55] uses singular value decomposition on the
task-activations to identify a core gradient subspace, and
then during subsequent task training forces new-task gra-
dients to be orthogonal to that subspace—thereby preserv-
ing old-task knowledge. Additionally, PGP [45] integrates
prompt-tuning with gradient projection, demonstrating that
by ensuring prompt-gradient updates are orthogonal to pre-
vious feature subspaces, one can reduce forgetting while
using parameter-efficient adaptation. Unlike prior methods
designed for fully supervised settings, our EAGC is tailored
for the GCD setting, where 1) the model must learn jointly
from both labeled and unlabeled data, and 2) the unlabeled
subset uniquely contains not only known classes but also
novel ones. These characteristics give rise to GCD-specific
gradient entanglement issues.

3. Preliminaries
Problem Setup. In GCD, we are given a labeled dataset
DL =

�
(xl

i, y
l
i) | (xl

i, y
l
i) 2 X ⇥ YL

 N

i=1
and an unlabeled

dataset DU = {xu
i | xu

i 2 X}
M
i=1. Here, N and M denote

the numbers of labeled and unlabeled samples, respectively,
and YL represents the label space of known classes. The
unlabeled dataset is drawn from a broader label space YU ,
which contains both known and unknown categories, i.e.,
YL ⇢ YU . The goal of GCD is to automatically catego-
rize unlabeled samples, distinguishing between known (old)
and novel (unknown) classes by leveraging the knowledge
learned from labeled data.

3.1. Gradient Entanglement in GCD
Definition. The overall learning objective in GCD is typ-
ically expressed as:

LGCD = ↵Lsup(DL) + �Lunsup(DU ), (1)

where Lsup provides reliable supervision from labeled data,
while Lunsup relies on noisy self-supervised or pseudo-label
signals—particularly unreliable in the early stage of train-
ing. This supervision asymmetry can lead to two coupled
effects: (1) unreliable unsupervised gradients interfere with
the optimization of Lsup, and (2) dominant supervised gra-
dients pull unlabeled representations toward the known-
class subspace. From the perspective of gradient optimiza-
tion, we refer to this phenomenon as Gradient Entangle-
ment (GE). Specifically, the gradient of LGCD with respect

to model parameters ✓ can be decomposed as:

g = r✓LGCD = gL+gU , gL = ↵r✓Lsup, gU = �r✓Lunsup.

(2)
First, the unsupervised gradient gU may conflict with or
distort the optimization direction of the supervised gradient
gL, thereby weakening the discriminative power of known
classes and leading to suboptimal parameter updates. Sec-
ond, since known classes contribute gradients from both la-
beled supervision (gL) and the known-class portion of the
unlabeled data (gknown

U ), these gradients tend to dominate the
optimization dynamics and pull novel representations to-
ward the known-class subspace, thereby reducing the inter-
class separability of novel categories.
Observation ¨. Gradient Direction Deviation. Let ĝL =
r✓Lsup denote the reference gradient obtained when opti-
mizing only Lsup (i.e., setting � = 0 in Eq. (1)). To quan-
tify the effect of unlabeled data on the supervised optimiza-
tion dynamics, we define the Gradient Deviation Coefficient
(GDC) as:

GDC = 1 �
hĝL, gi

kĝLk kgk
. (3)

It ranges within [0, 2] and quantifies how unlabeled data in-
terferes with the supervised optimization signal—larger val-
ues indicate a more severe GE issue.
Observation ≠. Subspace Overlap. Let the feature ma-
trix of labeled (known-class) data be Zold 2 R

N⇥d and that
of novel classes (from unlabeled data) be Znew 2 R

Mn⇥d,
where Mn denotes the number of novel samples and d is
the feature dimension. Let Uk denote the top-k principal
components of Zold, and define the projection matrix as
Pold = UkU

>
k , which captures the dominant energy direc-

tions of known classes in the feature space. To measure the
representation subspace overlap between novel and known
classes, we define the Subspace Overlap Coefficient (SOC)
as:

SOC =
kZnewPoldk

2
F

kZnewk2
F

. (4)

It ranges within [0, 1] and quantifies the proportion of novel-
class feature energy projected onto the subspace of known
classes—a higher SOC indicates a stronger tendency of
novel features to align with the known-class subspace.

4. Method
Motivation. To address Gradient Entanglement, our mo-
tivation is twofold. First, to stabilize the optimization of
labeled samples against disturbances from unlabeled objec-
tives, we seek to anchor the gradient direction of labeled
data and maintain a consistent optimization trajectory for
known classes. Second, to mitigate the attraction of novel
representations toward the known-class subspace, we fur-
ther aim to project the gradient direction of unlabeled data
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ẑ
l
i

<latexit sha1_base64="xEezV4R4GAutcoEhJDgNve8LYi4=">AAACAnicdVDLSgNBEJz1GeMr6km8DAbB07JZk5jcAl48RjBRSELonUzi4OzsMtMrhiV48Ve8eFDEq1/hzb9x8hBUtKChqOqmuyuIpTDoeR/O3PzC4tJyZiW7ura+sZnb2m6aKNGMN1gkI30ZgOFSKN5AgZJfxppDGEh+EVyfjP2LG66NiNQ5DmPeCWGgRF8wQCt1c7ttBYEEOuimbeS3SFOQYqDoaNTN5T23Wj3yjn3quSWvVCxWLPHLR75fogXXmyBPZqh3c+/tXsSSkCtkEoxpFbwYOyloFEzyUbadGB4Du4YBb1mqIOSmk05eGNEDq/RoP9K2FNKJ+n0ihdCYYRjYzhDwyvz2xuJfXivBfqWTChUnyBWbLuonkmJEx3nQntCcoRxaAkwLeytlV6CBoU0ta0P4+pT+T5q+Wyi75bNivlaZxZEhe2SfHJICOSY1ckrqpEEYuSMP5Ik8O/fOo/PivE5b55zZzA75AeftE5M5l44=</latexit>

rgalign

<latexit sha1_base64="eu2MY7Ba2e3wjerRKUph0c/iVhM=">AAACAXicdVDJSgNBEO1xjXGLehG8NAbB0zCTOFluAS8eI5gFkhB6Op2kTU/P0F0jhiFe/BUvHhTx6l9482/sLIKKPih4vFdFVT0/ElyD43xYS8srq2vrqY305tb2zm5mb7+uw1hRVqOhCFXTJ5oJLlkNOAjWjBQjgS9Ywx+dT/3GDVOah/IKxhHrBGQgeZ9TAkbqZg7bkviC4EE3aQO7BZxEKrzGk0k3k3XsXCFfzpWxY3uOW/amxM0XvZyHXduZIYsWqHYz7+1eSOOASaCCaN1ynQg6CVHAqWCTdDvWLCJ0RAasZagkAdOdZPbBBJ8YpYf7oTIlAc/U7xMJCbQeB77pDAgM9W9vKv7ltWLolzoJl1EMTNL5on4sMIR4GgfuccUoiLEhhCpubsV0SBShYEJLmxC+PsX/k3rOdgt24fIsWykt4kihI3SMTpGLiqiCLlAV1RBFd+gBPaFn6956tF6s13nrkrWYOUA/YL19AvXQlzs=</latexit>

rgproj

<latexit sha1_base64="eu2MY7Ba2e3wjerRKUph0c/iVhM=">AAACAXicdVDJSgNBEO1xjXGLehG8NAbB0zCTOFluAS8eI5gFkhB6Op2kTU/P0F0jhiFe/BUvHhTx6l9482/sLIKKPih4vFdFVT0/ElyD43xYS8srq2vrqY305tb2zm5mb7+uw1hRVqOhCFXTJ5oJLlkNOAjWjBQjgS9Ywx+dT/3GDVOah/IKxhHrBGQgeZ9TAkbqZg7bkviC4EE3aQO7BZxEKrzGk0k3k3XsXCFfzpWxY3uOW/amxM0XvZyHXduZIYsWqHYz7+1eSOOASaCCaN1ynQg6CVHAqWCTdDvWLCJ0RAasZagkAdOdZPbBBJ8YpYf7oTIlAc/U7xMJCbQeB77pDAgM9W9vKv7ltWLolzoJl1EMTNL5on4sMIR4GgfuccUoiLEhhCpubsV0SBShYEJLmxC+PsX/k3rOdgt24fIsWykt4kihI3SMTpGLiqiCLlAV1RBFd+gBPaFn6956tF6s13nrkrWYOUA/YL19AvXQlzs=</latexit>

rgproj

Figure 2. Framework Overview of the proposed Energy-Aware Gradient Coordinator (EAGC). EAGC consists of two components: (1)
Anchor-based Gradient Alignment (AGA), which uses feature anchors from a reference model to generate the alignment term rgalign to
stabilize the updates of Lsup, and (2) Energy-aware Elastic Projection (EEP), which generates the projection term rgproj by projecting the
unlabeled-gradient component rLunsup onto the complement of the known-class subspace Sknown using a sample-adaptive elastic weight ⌧ .

away from the dominant directions of known categories,
thereby enhancing their separability.
Framework Overview. We propose an Energy-Aware
Gradient Coordinator (EAGC) module to explicitly miti-
gate Gradient Entanglement in GCD from the perspective
of gradient optimization. As illustrated in Fig. 2, EAGC
comprises two complementary components designed to ad-
dress the two manifestations of Gradient Entanglement.
(1) Anchor-based Gradient Alignment (AGA) focuses on
stabilizing the optimization of labeled data. It anchors the
gradient direction of labeled samples toward a reference
model trained purely on labeled data, thereby preserving
stable supervision against disturbances from unlabeled ob-
jectives. (2) Energy-aware Elastic Projection (EEP) op-
erates on unlabeled data. It performs an elastic soft pro-
jection of unlabeled gradients away from the known-class
subspace, with an adaptive weighting mechanism that pre-
vents over-suppression of known samples while improving
the separability of novel ones. Together, these two compo-
nents act in a complementary manner—AGA preserves the
discriminative boundary of known classes, while EEP en-
courages novel representations to evolve in a disentangled
subspace, resulting in more stable and balanced GCD opti-
mization.
Notation. During backpropagation, the parameter gradient
r✓L is computed via the chain rule, r✓L = @z

@✓ · rzL,
where rzL = @L

@z denotes the gradient of the loss with
respect to the intermediate feature representation z. In
our EAGC, we regulate gradient alignment and projection
by modulating this feature-level gradient rzL before it is
propagated back to the encoder parameters.

4.1. Anchor-based Gradient Alignment
To mitigate the interference of unlabeled objectives on the
optimization direction of labeled samples during joint train-
ing, we introduce a gradient alignment constraint that main-
tains stable and discriminative learning for known classes.

Reference Model. Given the labeled subset DL, we first
train a reliable reference model using the supervised classi-
fication objective:

Lcls =
1

|BL|

X

i2BL

`(yl
i, pi), (5)

where BL denotes a mini-batch from DL, `(·) is the cross-
entropy loss, pi is the predicted probability distribution
of the labeled input x

l
i, and y

l
i is its corresponding label.

Specifically, pi = �(f(E(xl
i))/⌧s), where E(·) denotes the

image encoder, f(·) is a parametric classifier, � is the soft-
max function, and ⌧s is a temperature parameter. The result-
ing reference model, denoted as Er(·), is fixed during GCD
training to provide stable feature anchors for known classes.
Gradient Alignment. During GCD optimization with the
objective LGCD (Eq. (1)), we impose a gradient alignment
constraint on labeled samples:

rzLGCD = rzlLsup + rzuLunsup| {z }
Disturbance

+ �a(zl
� ẑ

l)| {z }
Stabilization

, (6)

where z
l denotes the feature representations of labeled sam-

ples, z
l
i = E(xl

i), and ẑ
l
i = Er(xl

i). Here, rzlL = @L
@zl

represents the gradient of the loss function with respect to
z

l, and �a controls the strength of the alignment correction.
The alignment term rzlgalign = �a(zl

� ẑ
l) anchors the

gradient direction of labeled samples toward that of the ref-
erence model, thereby stabilizing the optimization against
disturbances introduced by Lunsup.
Remark. The stabilization term can be interpreted as a
form of proximal regularization [40, 81] in the feature
space, which effectively defines a local trust region around
the supervised optimum ẑ. This induces a contraction effect
that stabilizes the representations of labeled samples and
mitigates semantic drift. From the objective perspective, we
further verify that such proximal regularization consistently
enhances GCD performance, as reported in Appendix C.
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4.2. Energy-aware Elastic Projection
During joint optimization, the strong supervision from la-
beled data tends to generate dominant gradients that steer
learning toward known categories, consequently pulling
novel representations into the known-class subspace and
hindering the formation of distinct clusters. To mitigate this
subspace overlap, we explicitly project unlabeled gradients
away from the known-class subspace.
Known-Class Subspace Construction. Our goal is to con-
struct a representation subspace for known classes such that
novel representations can be projected into regions of the
feature space not dominated by known categories. While
PCA provides a hard low-rank approximation by retain-
ing only the principal energy directions, it tends to over-
compress the feature space and discard low-energy com-
ponents that may encode subtle semantic variations dis-
tinguishing known and novel classes. To address this,
we adopt a Conceptor-based [19] representation subspace
that models the principal directions of known classes in an
energy-weighted and flexible manner. Given the feature ma-
trix of the labeled subset Zold = {Er(xl

i)} 2 R
N⇥d, the

known-class subspace is computed as:

S
known = R(R + ⌘

�2
I)�1

, R =
1

N
Z

>
oldZold, (7)

where ⌘ is the aperture controlling the softness of subspace
capture and I is the identity matrix. The resulting S

known

serves as a soft projection operator that preserves the dom-
inant energy directions of known classes. Given a feature
vector zi, its projected component within the known-class
subspace is zproj = ziS

known.
Gradient Projection. For unlabeled samples, we regulate
the feature-level gradients to reduce their overlap with the
known-class subspace. Let rzuLunsup denote the gradient
of the unsupervised loss with respect to unlabeled feature
representations z

u. We apply a soft projection defined as:

rzuLunsup = rzuLunsup � �p

�
rzuLunsupS

known
�
, (8)

where �p controls the overall projection strength. How-
ever, since the unlabeled set also contains samples from
known categories, projecting all unlabeled gradients away
from the known-class subspace would undesirably suppress
the learning of known-category samples.
Energy-Aware Adaptive Weighting. To address this is-
sue, we introduce a sample-specific projection weight deter-
mined by each feature’s energy ratio within the known-class
subspace:

Eold(zi) =
z

>
i S

known
zi

kzik
2
2

2 [0, 1], (9)

which measures the proportion of the feature’s squared
magnitude (i.e., feature energy) residing in the known-class

subspace. We then compute the average energy ratio of la-
beled data, El

old, and define the adaptive projection weight
for each unlabeled feature as:

⌧i = 1 �
Eold(zu

i )

El
old

. (10)

This normalization calibrates the projection strength rela-
tive to the alignment of labeled samples: features that are
highly aligned with the known subspace (likely known) re-
ceive weaker projection, whereas those less aligned (likely
novel) are projected more strongly. The resulting Elastic
Gradient Projection is thus formulated as:

rzugproj = ��p

�
⌧ · rzuLunsupS

known
�
. (11)

Remark. Our design exhibits two key properties. (1)
The known-class representation subspace is constructed us-
ing Conceptor theory [19], which provides a soft, energy-
weighted characterization of dominant feature directions.
Unlike hard low-rank truncations such as PCA, this for-
mulation offers greater flexibility in modeling the bound-
ary between known and novel categories. (2) Because
the unlabeled set contains both known and novel sam-
ples, we employ an Energy-aware Elastic Projection that
adaptively modulates the projection strength based on
each sample’s alignment with the known-class subspace.
This sample-specific adjustment avoids over-suppressing
known-category gradients while effectively decoupling
novel representations.

4.3. Plug-and-Play Training
We integrate the proposed EAGC module as a plug-and-
play component that operates purely at the gradient level,
requiring no modification to either the network architecture
or the original training objectives. Under EAGC, the overall
feature-level gradient update can be formulated as:

rzLGCD = rzLsup + rzLunsup + rzlgalign + rzugproj.

(12)
The complete training pipeline of EAGC is summarized in
Algorithm 1.

5. Experiments
5.1. Experimental Setup
Datasets. We evaluate our method across multiple datasets,
including two generic benchmarks, CIFAR-100 [21] and
ImageNet-100 [8], as well as the Semantic Shift Benchmark
(SSB) [64], which comprises three fine-grained datasets:
CUB-200-2011 [66], Stanford Cars [20], and FGVC-
Aircraft [38]. Following the protocol of [63], a subset of
categories is designated as the labeled set YL. Within these
classes, 50% of the images are used to form the labeled sub-
set DL, while the remaining images constitute the unlabeled
subset DU . Dataset statistics are provided in Appendix A.
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Algorithm 1: Energy-Aware Gradient Coordinator
Input: Labeled data DL, unlabeled data DU , image

encoder E(·), projection head �(·),
hyperparameters (�a, �p, ⌘).

/* Getting reference model */
Train E(·) on DL using Lcls in Eq. (5) to obtain Er;
Freeze Er to serve as an anchor for labeled data;

/* Known-class Subspace Construction */
Compute Zold and S

known using Eq. (7);
Compute the average energy ratio El

old;

/* GCD Training with EAGC */
for epoch = 1 to T do

for batch (x, y, masklab) from DL [ DU do
/* Anchor-based Gradient Alignment */
z = E(x), ẑ = Er(x);

Register backward hook for alignment term:
masklab · �a(z � ẑ);

/* Forward pass */
Obtain h = �(z) and compute
LGCD = ↵Lsup + �Lunsup;

/* Energy-aware Gradient Projection */
Compute projection weights ⌧ via Eq. (10);
Register backward hook for projection term:
�(1 � masklab) · �p(⌧ · rzLunsupS

known);

/* Backward Pass */
Update E(·) and �(·) via an optimizer step;

end
end

Evaluation Metric. Following [63], we report clustering
accuracy (ACC), where predicted clusters are matched to
ground-truth labels using the Hungarian algorithm.
Implementation Details. We evaluate our EAGC module
on both parametric baselines (SimGCD [74], LegoGCD [3],
and SPTNet [68]) and the non-parametric baseline Se-
lEx [50]. Unless otherwise specified, experiments adopt a
ViT-B/16 backbone pretrained with DINO [4]. All base-
lines are trained for 200 epochs with a batch size of 128.
The learning rate is set to 0.1 for the backbone and 1.0 for
the projection head, both scheduled by cosine decay. The
reference model follows the same trainable-layer configu-
ration as the baselines and is trained for 30 epochs (only 3
for CIFAR-100 to prevent overfitting on known classes due
to its 80/20 split) with ⌧s = 0.1 and a cosine-decayed learn-
ing rate of 0.02. Other training hyperparameters follow the
default settings of the respective baselines. Our EAGC in-
troduces an additional hyperparameter ⌘ = 2.0, which con-
trols the aperture of the conceptor. For all baselines and
datasets, we uniformly set (�a, �p) = (0.7, 0.5), which are

tuned using SimGCD on the CUB dataset. All experiments
are conducted on NVIDIA 3090Ti GPUs, and results are
averaged over three runs with different random seeds.

5.2. Quantitative Comparison
We compare our method against a broad range of GCD
approaches, including ORCA [2], GCD [63], GPC [88],
XCon [10], PromptCAL [85], DCCL [43], µGCD [65], In-
foSieve [49], AMEND [1], and CMS [6], as well as base-
lines SimGCD [74], LegoGCD [3], SPTNet [68], and Se-
lEx [50]. The results are reported in Tab. 1. Across four
baselines and five datasets, integrating EAGC improves per-
formance overall, yielding average gains of 3.2% in All
ACC and 4.3% in New ACC. Notably, when built upon Se-
lEx, EAGC yields substantial improvements of 9.6% and
6.7% in All ACC on CUB and ImageNet-100, respectively.
Results on Fine-grained Datasets. The results on fine-
grained datasets are presented on the left side of Tab. 1.
Across the three fine-grained benchmarks, incorporating
EAGC improves category discovery accuracy overall. On
average across the three fine-grained benchmarks, EAGC
brings gains of 4.6% in All ACC and 6.1% in New ACC.
In particular, SelEx+EAGC achieves state-of-the-art perfor-
mance on all three datasets, with average improvements of
8.5% in All ACC and 11.4% in New ACC, demonstrating
that EAGC substantially enhances the capability of SelEx.
Results on Generic Datasets. The results on generic
datasets are presented on the right side of Tab. 1. Across the
two generic benchmarks, incorporating EAGC yields aver-
age gains of 1.3% in All ACC and 1.4% in New ACC. The
best results on CIFAR-100 and ImageNet-100 are achieved
by SPTNet+EAGC and SelEx+EAGC, respectively. These
results demonstrate that EAGC, as a plug-and-play module,
effectively improves existing GCD baselines and leads to
more accurate category discovery.
Additional Results. Using DINOv2 as the backbone,
EAGC consistently improves two baselines across three
fine-grained datasets, with average gains of 6.2% in All
ACC and 8.3% in New ACC. Results on the more challeng-
ing Herbarium19 dataset are provided in Appendix B.

5.3. Ablation Study
To evaluate the effectiveness of the AGA and EEP compo-
nents in our EAGC framework, we perform ablation stud-
ies on both parametric and non-parametric baselines using
the CUB and Stanford Cars datasets. The results are re-
ported in Tab. 3. (1) AGA. By anchoring the gradient up-
dates of labeled samples, AGA effectively stabilizes the op-
timization of known categories. Incorporating AGA (vari-
ant I) yields average Old ACC improvements of 4.8% for
SimGCD and 3.0% for SelEx. Interestingly, AGA can also
improve the discovery of novel classes by providing more
stable and transferable feature representations. (2) EEP. By
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Table 1. Comparison with state-of-the-art GCD methods. Best and second-best results are bold and underlined, respectively.

Method CUB Stanford-Cars Aircraft CIFAR-100 ImageNet-100 Average
All Old New All Old New All Old New All Old New All Old New All Old New

ORCA [2] 36.3 43.8 32.6 31.6 32.0 31.4 31.9 42.2 26.9 73.5 92.6 63.9 81.8 86.2 79.6 51.0 59.4 46.9
GCD [63] 51.3 56.6 48.7 39.0 57.6 29.9 45.0 41.1 46.9 73.0 76.2 66.5 74.1 89.8 66.3 56.5 64.3 51.7
GPC [88] 52.0 55.5 47.5 38.2 58.9 27.4 43.3 40.7 44.8 75.4 84.6 60.1 75.3 93.4 66.7 56.8 66.6 49.3
XCon [10] 52.1 54.3 51.0 40.5 58.8 31.7 47.7 44.4 49.4 74.2 81.2 60.3 77.6 93.5 69.7 58.4 66.4 52.4
PromptCAL [85] 62.9 64.4 62.1 50.2 70.1 40.6 52.2 52.2 52.3 81.2 84.2 75.3 83.1 92.7 78.3 65.9 72.7 61.7
DCCL [43] 63.5 60.8 64.9 43.1 55.7 36.2 – – – 75.3 76.8 70.2 80.5 90.5 76.2 – – –
µGCD [65] 65.7 68.0 64.6 56.5 68.1 50.9 53.8 55.4 53.0 – – – – – – – – –
InfoSieve [49] 69.4 77.9 65.2 55.7 74.8 46.4 56.3 63.7 52.5 78.3 82.2 70.5 80.5 93.8 73.8 68.0 78.5 61.7
AMEND [1] 64.9 75.6 59.6 56.4 73.3 48.2 52.8 61.8 48.3 81.0 79.9 83.3 83.2 92.9 78.3 67.7 76.7 63.5
CMS [6] 68.2 76.5 64.0 56.9 76.1 47.6 56.0 63.4 52.3 82.3 85.7 75.5 84.7 95.6 79.2 69.6 79.5 63.7
SimGCD [74] 60.3 65.6 57.7 53.8 71.9 45.0 54.2 59.1 51.8 80.1 81.2 77.8 83.0 93.1 77.9 66.3 74.2 62.0

+ EAGC 66.5 71.0 64.3 62.9 76.0 56.6 57.7 60.4 56.3 83.1 84.1 81.0 83.5 93.9 78.3 70.7 77.1 67.3
LegoGCD [3] 63.8 71.9 59.8 57.3 75.7 48.4 55.0 61.5 51.7 81.8 81.4 82.5 86.3 94.5 82.1 68.8 77.0 64.9

+ EAGC 64.6 72.5 60.7 62.8 76.2 56.3 56.7 61.9 54.0 83.5 83.7 83.0 84.8 94.4 80.1 70.5 77.7 66.8
SPTNet [68] 65.8 68.8 65.1 59.0 79.2 49.3 59.3 61.8 58.1 81.3 84.3 75.6 85.4 93.2 81.4 70.2 77.5 65.9

+ EAGC 67.4 70.5 66.0 62.1 76.1 55.4 57.0 58.1 56.5 84.0 84.3 83.5 85.3 94.3 80.4 71.2 76.7 68.4
SelEx [50] 73.6 75.3 72.8 58.5 75.6 50.3 57.1 64.7 53.3 82.3 85.3 76.3 83.1 93.6 77.8 70.9 78.9 66.1

+ EAGC 83.2 73.9 87.9 65.7 83.7 57.0 65.7 65.6 65.7 79.3 84.1 69.7 89.8 96.2 86.5 76.7 80.7 73.4
Avg. 4 +4.6 +1.6 +5.9 +6.2 +2.4 +8.1 +2.9 -0.3 +4.4 +1.1 +1.0 +1.3 +1.4 +1.1 +1.5 +3.2 +1.2 +4.3

Table 2. Comparison with DINOv2 as the backbone.

Method CUB Stanford Cars Aircraft
All Old New All Old New All Old New

SimGCD 71.5 78.1 68.3 71.5 81.9 66.6 63.9 69.9 60.9
+ EAGC 77.9 79.9 76.9 81.5 90.9 76.9 74.6 74.9 74.4

SelEx 87.4 85.1 88.5 82.2 93.7 76.7 79.8 82.3 78.6
+ EAGC 89.4 82.3 92.9 85.3 92.7 81.7 84.9 81.8 86.5

Avg. � +4.2 -0.5 +6.5 +6.6 +4.0 +7.7 +7.9 +2.3 +10.7

decoupling known and novel category subspaces at the gra-
dient level, EEP (variant II) enhances the discovery accu-
racy of novel categories, achieving average New ACC gains
of 4.6% for SimGCD and 6.2% for SelEx across the two
datasets. In addition, the reduced subspace interference also
benefits known-class recognition, yielding an average Old
ACC gain of 2.7%. (3) Full EAGC. Combining AGA and
EEP under the respective optimization objectives Lsup and
Lunsup achieves the best overall results. Compared with vari-
ant I, EAGC improves All ACC by 1.6% on average across
the two datasets, and compared with variant II, it brings an
additional 3.6% gain in All ACC. These results demonstrate
that AGA and EEP act in a complementary manner, jointly
improving both known- and novel-class performance.

5.4. Gradient Entanglement Analysis
We evaluate the effectiveness of EAGC in mitigating Gradi-
ent Entanglement, as summarized in Tab. 4. The Gradient
Deviation Coefficient (GDC) measures how unlabeled opti-

Table 3. Ablation study of the proposed components. AGA denotes
Anchor-based Gradient Alignment, and EEP denotes Energy-
aware Elastic Projection.

Method AGA EEP CUB Stanford-Cars
All Old New All Old New

SimGCD x x 60.3 65.6 57.7 53.8 71.9 45.0
I X x 65.6 71.1 62.9 62.2 75.9 55.6
II x X 65.2 71.1 62.2 57.7 74.6 49.6

+ EAGC X X 66.5 71.0 64.3 62.9 76.0 56.6
SelEx x x 73.6 75.3 72.8 58.5 75.6 50.3

I X x 81.7 73.5 85.9 62.6 83.4 52.6
II x X 82.3 71.9 87.6 58.8 81.5 47.9

+ EAGC X X 83.2 73.9 87.9 65.7 83.7 57.0

mization distorts the gradient direction of labeled samples,
whereas the Subspace Overlap Coefficient (SOC) quanti-
fies the feature subspace overlap between known and novel
categories. For fair comparison, both the baseline and our
method adopt the same model configuration, and all metrics
are computed as the average over the first 200 training steps.
Across all benchmarks, integrating EAGC consistently low-
ers both GDC and SOC, highlighting its effectiveness in
decoupling the optimization dynamics of labeled and unla-
beled data. For the parametric baseline SimGCD, EAGC
achieves average reductions of 46.8% in GDC and 21.4%
in SOC, while for the non-parametric baseline SelEx, the
reductions are 98.5% and 18.1%, respectively.
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Table 4. Quantitative comparison of the Gradient Deviation Coef-
ficient (GDC) and Subspace Overlap Coefficient (SOC).

Method CUB Stanford Cars Aircraft

GDC# SOC# GDC# SOC# GDC# SOC#

SimGCD [74] 0.2669 0.6478 0.0909 0.8110 0.0935 0.8643
+EAGC 0.1525 0.4923 0.0500 0.6208 0.0375 0.7139

LegoGCD [3] 0.2646 0.6468 0.0905 0.8112 0.0922 0.8642
+EAGC 0.1594 0.4844 0.0515 0.6135 0.0376 0.7112

SelEx [50] 0.0005 0.5902 0.0007 0.6022 0.0313 0.6033
+EAGC 0.0003 0.4463 0.0001 0.4470 0.0001 0.5774

5.5. Evaluation

Gradient Projection Strategy Evaluation. Our Energy-
aware Elastic Projection (EEP) adaptively assigns projec-
tion weights to unlabeled samples based on their energy
proportions within the known-class subspace. We evaluate
this design in Tab. 5, using the best-performing baseline Se-
lEx as the base model. The variant w/o Energy Adaptation
uniformly projects all unlabeled gradients away from the
known-class subspace without considering sample-specific
energy alignment. This uniform projection results in infe-
rior performance, with an average drop of 4.2% in All ACC.
In particular, the accuracy on known classes decreases by
4.7% on average, indicating that indiscriminate gradient
projection hampers the learning of known samples within
the unlabeled set.

Table 5. Evaluation of the gradient projection strategy based on
SelEx. “w/o EEP” indicates a variant that uniformly projects all
unlabeled gradients away from the known-class subspace without
applying energy-aware weighting.

Method CUB Stanford Cars Aircraft
All Old New All Old New All Old New

w/o EEP 80.9 74.5 84.2 59.3 76.6 50.9 61.7 57.9 63.6
Ours 83.2 73.9 87.9 65.7 83.7 57.0 65.7 65.6 65.7

Known-class Representation Subspace Evaluation. In
our Energy-aware Elastic Projection, we employ a
Conceptor-based soft subspace instead of a PCA-based hard
subspace. While PCA captures only the top-K principal
components, it overlooks low-energy directions that may
encode subtle discriminative cues between known and novel
classes. We evaluate this design choice in Tab. 6, where the
number of principal components K varies from 16 to 64.
All PCA-based variants yield inferior overall results com-
pared with our Conceptor-based formulation. In particular,
ours consistently improves performance on novel classes,
surpassing the PCA-16 variant by an average of 1.2%.

Table 6. Comparison of subspace construction strategies. “PCA-
K” refers to a hard subspace built from the top-K principal com-
ponents of labeled data.

Method CUB Stanford Cars
All Old New All Old New

PCA-16 82.7 74.5 86.8 64.9 84.0 55.7
PCA-32 80.9 73.5 84.7 64.5 84.1 55.0
PCA-64 82.1 73.7 86.3 64.0 83.3 54.6

Ours 83.2 73.9 87.9 65.7 83.7 57.0

5.6. Hyperparameter Analysis
Aperture. When constructing the known-class subspace,
the aperture parameter controls the softness of the sub-
space—larger aperture values correspond to softer sub-
spaces that capture a broader range of directions. This is a
shared hyperparameter across the entire EAGC framework.
We determine the aperture based on experiments with the
parametric baseline SimGCD on CUB and keep it fixed for
all other datasets and baselines. As shown in Fig. 3 (a), the
performance remains stable across a wide range of aperture
values (0.5–4.0). We set ⌘ = 2.0 in all experiments.

Figure 3. Effects of the aperture ⌘ and projection-strength hyper-
parameters �a and �p.

Projection Strength. Our EAGC introduces two hyperpa-
rameters, �a and �p, which control the projection strengths
of AGA and EEP, respectively. To avoid over-tuning, we
select them on CUB using the SimGCD baseline and keep
them fixed for all baselines and datasets. The selection pro-
cess is illustrated in Fig. 3 (b) and (c). Overall, both �a and
�p are relatively stable. We set �a = 0.7 and �p = 0.5.

6. Conclusion
In this work, we identify and quantify a previously underex-
plored bottleneck in GCD, termed Gradient Entanglement,
which fundamentally limits existing methods. To tackle this
issue, we propose the Energy-Aware Gradient Coordinator
(EAGC), a plug-and-play gradient-level framework that sta-
bilizes labeled gradients to preserve discriminative direc-
tions and adaptively decouples unlabeled gradients from the
known-class subspace. Extensive experiments across multi-
ple benchmarks show that EAGC consistently improves di-
verse GCD baselines and achieves new state-of-the-art per-
formance. We expect EAGC to offer a new perspective for
advancing GCD and to serve as a general strategy for future
GCD methods.

3570



Acknowledgements
This work was funded by the National Natural Science
Foundation of China (No. 62572166, No. 62402157), and
the Fundamental Research Funds for the Central Univer-
sities (No. JZ2025HGTB0219). This work was also sup-
ported by the EU Horizon projects ELIAS (No. 101120237)
and ELLIOT (No. 101214398), as well as the FIS project
GUIDANCE (No. FIS2023-03251). We further acknowl-
edge CINECA and the ISCRA initiative for providing high-
performance computing resources.

References
[1] Anwesha Banerjee, Liyana Sahir Kallooriyakath, and Soma

Biswas. Amend: Adaptive margin and expanded neighbor-
hood for efficient generalized category discovery. In WACV,
2024. 1, 2, 6, 7

[2] Kaidi Cao, Maria Brbic, and Jure Leskovec. Open-world
semi-supervised learning. In ICLR, 2022. 6, 7

[3] Xinzi Cao, Xiawu Zheng, Guanhong Wang, Weijiang Yu,
Yunhang Shen, Ke Li, Yutong Lu, and Yonghong Tian. Solv-
ing the catastrophic forgetting problem in generalized cate-
gory discovery. In CVPR, 2024. 1, 2, 6, 7, 8

[4] Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou,
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