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Abstract. Generalized Category Discovery (GCD) aims to simultane-
ously recognize known categories and discover novel ones from partially
labeled data without annotations. Existing methods rely on single-path
global embeddings, implicitly performing only hypothesis formation and
omitting an explicit verification mechanism, which leads to over-reliance
on pretrained semantics and confident misclassification of unknown cat-
egories. We reformulate GCD as a Hypothesis—Verification representa-
tion framework and propose HVGCD, a structured representation frame-
work that decomposes inference into a global hypothesis, hypothesis-
conditioned verification evidence, and statistical grounding. The verifi-
cation branch reconstructs discriminative evidence via content-adaptive
prototypes, enabling the model to verify and refine its hypotheses under
open-world uncertainty, while a maximum-entropy grounding term sta-
bilizes inference in open-world settings. As an efficient module, HVGCD
integrates seamlessly into existing GCD pipelines and consistently im-
proves performance on both coarse- and fine-grained benchmarks.

Keywords: Generalized Category Discovery - Vision Transformers -
Representation Learning

1 Introduction

Enabling visual models to recognize and generalize to unseen categories is a
central objective in open-world vision systems [20]. Generalized Category Dis-
covery(GCD) [54] seeks to unify old-class recognition and novel-class discovery
under a partially labeled setting, where unlabeled data simultaneously contain
both known and unknown categories. However, most existing approaches [38|
47.1631/65,/66] formulate GCD as a static feature clustering problem, relying on
pretrained models to produce global representations and performing category
partitioning within this fixed semantic space.

We argue that recognizing unknown categories is inherently not a one-shot
feature aggregation process, but rather a dynamic Hypothesis—Verification cog-
nitive process [23]|51]. Stable decisions do not arise from a single global judgment,
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instead, they result from the interaction between hypothesis formation and sub-
sequent verification. The hypothesis provides semantic direction, while verifica-
tion refines and constrains it. Together, they establish a structured reasoning
process that balances flexibility with reliability .

In contrast, existing GCD methods @ primarily rely on the
global representations of pretrained ViTs |17] as instance embeddings. Under
the hypothesis—verification perspective, this design effectively models only the
hypothesis stage. The model is encouraged to produce consistent and confident
global semantic assignments, yet it does not incorporate an explicit mechanism
to reassess or refine these initial judgments.

In closed-world scenarios, where data distributions are aligned, a unidirec-
tional hypothesis often aligns with the ground-truth category. However, in open-
world settings , the presence of unknown categories fundamentally invali-
dates this assumption. The global representation tends to gravitate toward the
nearest known semantic prototype, leading to highly confident yet incorrect cat-
egory assignments . Without a subsequent verification process, the model
cannot effectively revise its initial bias using local evidence, leading to a struc-
tural failure of the reasoning loop.

Hypothesis-Only Hypothesis-Verification
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Fig. 1: Hypothesis-Only vs. Hypothesis-Verification in Generalized Category Discovery

As illustrated in Fig. [, when the model encounters an unknown category
such as a “wolf,” its global representation often resembles that of a known class
prototype (e.g., “husky”), leading the model to assign it to the nearest known
category with high confidence. Due to the lack of attention to discriminative
local details and the absence of an explicit verification step, this Hypothesis-
Only inference paradigm, which operates in a unidirectional manner, is prone to
confident misclassification.

In contrast, humans typically form an initial hypothesis based on the overall
appearance of an object and then examine diagnostic visual cues to evaluate
this interpretation . Rather than committing to an immediate decision,
perception unfolds through a gradual iterative process in which an initial inter-
pretation is evaluated and revised as further evidence is examined. This verifi-
cation stage allows misinterpretations to be corrected and ultimately leads to
more reliable semantic judgments. Therefore, the key challenge is not merely



HVGCD: Hypothesis-Verification for GCD 3

to construct stronger hypotheses, but to restore the missing verification process,
enabling representation learning to move beyond unidirectional inference toward
hypothesis-guided refinement.

Importantly, incorporating patch-level tokens does not automatically consti-
tute a reasoning mechanism [24,28|. Reasoning is not defined by the quantity of
information, but by whether supporting evidence is examined in a hypothesis-
driven manner. Without an explicit objective, local features are merely aggre-
gated in an unstructured way, which neither corrects bias nor stabilizes semantic
decisions [7,/31,52]. The essential requirement is thus to establish a genuinely
hypothesis-oriented verification structure.

Based on the above analysis, we propose HVGCD, a Hypothesis—Verification
framework for GCD, designed to restore a more complete Hypothesis—Verification
reasoning process in GCD. We regard the global representation as the initial
hypothesis and explicitly introduce a verification branch that performs struc-
tured querying and filtering over the patch sequence via content-adaptive se-
mantic prototypes |7,[22]. This design enables the model to actively reconstruct
hypothesis-relevant local evidence. Local information therefore serves not as pas-
sive supplementation, but as structured evidence that supports or challenges the
initial hypothesis.

Furthermore, to account for the uncertainty inherent in open-world distribu-
tions [2], we introduce a statistical grounding component that provides a stable
distributional anchor for the reasoning process. This component functions neither
as hypothesis nor verification, instead, it imposes distribution-level constraints
on both, preventing the verification mechanism from being dominated by local
saliency biases.

Ultimately, HVGCD integrates hypothesis, verification, and statistical ground-
ing into a unified framework, transforming representation from unidirectional
semantic projection into a structured reasoning process. Under this formulation,
unknown categories are no longer passively absorbed into the existing semantic
space, but instead acquire more discriminative representations through struc-
tured hypothesis-guided verification.Our main contributions are as follows:

— We introduce a Hypothesis—Verification perspective for GCD, providing a
unified interpretation of representation learning as a structured reasoning
process rather than static feature clustering.

— We propose HVGCD, a framework that restores the hypothesis—verification
reasoning loop by treating global representations as hypotheses and extract-
ing hypothesis-guided local evidence.

— We conduct systematic evaluations on multiple GCD benchmarks, demon-
strating the effectiveness of HVGCD.

2 Related Works

2.1 Hypothesis—Verification Mechanisms

The hypothesis—verification paradigm [13}2351] originates from cognitive sci-
ence, where an agent forms an initial hypothesis and iteratively refines it through
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evidence evaluation. Recently, this principle has inspired verification mechanisms
in machine learning [21},39,/61] to enhance reliability and robustness.

In natural language generation, CoVe [16| proposes a Chain-of-Verification
framework that reduces hallucinations through explicit verification steps, while
TWEAK [45] improves faithfulness by validating candidate outputs during de-
coding. In vision, hypothesis—verification mechanisms have also been explored
in deep learning architectures. For example, Slot Attention [37] iteratively re-
fines object hypotheses through attention-based evidence aggregation, while
DETR [30] validates object queries against image features via cross-attention,
[36] measuring an energy-based confidence score, which helps identify unreli-
able predictions under distribution shifts. Unlike prior approaches that verify
predictions at the output or decision level, we introduce an explicit hypothe-
sis—verification structure at the representation level.

2.2 Generalized Category Discovery

In Generalized Category Discovery (GCD) [54], the objective is to leverage a
small labeled dataset from known categories to partition unlabeled samples into
both known and novel categories, better reflecting real-world image recognition
scenarios. Subsequent research [5,/10,27,/33,[59] has proposed various strategies
to address these challenges.For example, SimGCD [63] replaces clustering with a
classifier trained using pseudo-labels. SPTNet |60] employs spatial prompt tun-
ing to encourage attention toward category-relevant regions. [9] improves fine-
grained discrimination by modeling correspondences between global semantics
and part-level features. ConGCD [50| focuses on enhancing the task through
semantic visual primitives, whereas BIA [49] emphasizes preserving the overall
feature manifold to prevent representation collapse. while [59] separates semantic
and domain representations to mitigate domain shifts. However, most methods
rely on a single global representation without verification, resulting in overcon-
fident errors in open-world scenarios.

3 Methodology

3.1 Problem Definition of GCD

For each dataset, we consider a labeled subset denoted as D' = {(z},y})} €
X x Y'. In addition, there is an unlabeled subset D" = {(z%,y%)} € X x Y*. The
labeled set D' contains only known classes, i.e., Y' = Cipown. In contrast, the un-
labeled set D" contains both known and novel classes, i.e., Y* = Cknown UChovel-
The task of the model is to cluster the samples in D" into their corresponding
known and novel categories. It is typically assumed that the total number of
classes is known a priori [25,44], though off-the-shelf methods [12}/26] can also
be employed to estimate it.
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Fig. 2: Overview of the proposed HVGCD:(1) A global intuitive hypothesis is formed
from holistic semantics.(2) Local discriminative cues are selectively reconstructed via
prototype-guided verification.(3) Maximum-entropy statistical grounding stabilizes in-
ference under open-world uncertainty.

3.2 Hypothesis, Verification, and Grounding

Existing GCD methods typically formulate instance representation
learning as a single embedding mapping, where a pretrained model projects
high-dimensional visual input X into a global representation z.s. Under this
formulation, the inference structure of an instance can be expressed as:

z & h(zeas). (1)

where h(-) denotes a direct discriminative function operating on global features.

We argue that such a single-path inference paradigm effectively completes
only the Hypothesis Formation stage. In the absence of an explicit Verification
Mechanism, the model tends to over-rely on dominant semantics acquired dur-
ing pretraining, while overlooking fine-grained residual cues that are crucial for
distinguishing unknown categories. This results in Inference Truncation: when
encountering novel classes, the model is unable to revise its initial hypothesis
using local evidence, leading to highly confident yet erroneous predictions.

As shown in Fig. 2] to establish a more complete reasoning structure, the
GCD representation process is reconceptualized as a dynamic Hypothesis—Verification
system . The objective extends beyond feature extraction; instead, a struc-
tured representation z is constructed to integrate global hypotheses and veri-
fication evidence. Specifically, we formulate z as consisting of three functional
components:
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— Intuitive Hypothesis (hpypo): Derived from the global semantic vector zgs,
it captures the model’s rapid, holistic judgment and provides the initial di-
rectional prior for inference.

— Verification Evidence (vyer): Conditioned on the hypothesis, it actively searches
for and reconstructs discriminative details from local visual tokens x;, serv-
ing to confirm or refute the initial hypothesis and recover overlooked cues.

— Statistical Grounding (ggnq): Under open-world distributional uncertainty, it
provides an unbiased distribution-level anchor that constrains the reasoning
process and prevents instability on atypical or ambiguous samples.

Formally, given the ViT output sequence H = [z, 21, . . ., Zn], We construct
the following structured inference model:

z = T(hhypoy Uvervggnd) = hhypo + A'u . w(X | hhypo) + )\g . E[X]7 (2)

where ¥(- | -) denotes the hypothesis-conditioned verification operator, and
E[-] represents the statistical grounding term.

By introducing an explicit verification pathway together with a distribution-
level stabilizing constraint, the instance representation evolves from a unidirec-
tional semantic projection into a structured reasoning process.

3.3 Verification Evidence

The core of the verification mechanism is the construction of a hypothesis-
conditioned operator ¥(X | hnypo). Its objective is to extract, from noisy local
signals, those discriminative residuals that can confirm or refute the initial hy-
pothesis hpypo. Direct aggregation of patch features, however, often introduces
substantial hypothesis-irrelevant background noise. We therefore implement this
conditional verification process through content-adaptive prototype induction
coupled with a dual-gating mechanism.

To decouple structured semantics from high-dimensional signals, we induce a
set of content-adaptive semantic prototypes [7,22] C = {cx }5_, via a lightweight
depthwise convolutional clustering module. These prototypes are dynamically
generated cluster centroids conditioned on the current input features. Specifi-
cally, given the local patch sequence X = {z;} ,, we first estimate soft cluster
assignments:

z,i = Softmax;(G(x;)), (3)

where G(-) denotes a convolutional projection that produces cluster logits.
The prototypes are then computed as weighted cluster centroids:

N
L = sz,iaji. (4)
i=1

These dynamically induced prototypes define a structured semantic manifold
over the patch feature space. Rather than passively aggregating features, we
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formulate verification as projection onto and reconstruction within this induced
prototype manifold. Each patch token queries the induced prototypes through
cross attention [52]:

Z; = CrossAttention(Q(x;), K(C),V(C)). (5)

This operation performs a semantic manifold projection that preserves only
prototype explainable components in the reconstructed signal &;, including po-
tentially discriminative evidence such as characteristic textures or structural
primitives. Since these signals recover fine grained information that may be sup-
pressed during global compression, we refer to them as Discriminative Cues.

To support sufficiently deep reasoning while maintaining computational effi-
ciency, we stack L layers of cluster guided attention blocks. Through this iterative
refinement process, local discriminative cues become progressively aligned with
the evolving global hypothesis.

Building upon this structured alignment, we instantiate the verification op-
erator ©(X | hnypo) by explicitly measuring how strongly each reconstructed cue
supports the current hypothesis. Concretely, we estimate a Posterior Verification
Probability that quantifies the degree of evidence provided by the discriminative
cues under the given hypothesis.

Let a; denote the confidence that patch z; constitutes valid verification evi-
dence. We define validity as the joint occurrence of a Structural Informativeness
Event (Ej,r) and a Hypothesis Coherence Event (E,.;). Under the hypothe-
sis—verification paradigm [13}/62], an effective cue must satisfy:

— It carries structurally informative semantic content that can participate in
hypothesis confirmation or revision.
— It bears semantic relevance to the current global hypothesis.

The verification probability is thus expressed as P(Einf, Econ | Zi, Rhypo)-
Assuming conditional independence between Ej,; and E..p given the features,
we decompose:

a; = P(Valid | 25, hhypo) X P (Eint | 25) - P(Eeon | T4, Phypo) - (6)

Intrinsic Saliency Hypothesis Conditioned

This decomposition reveals the dual constraints underlying effective verifica-
tion. First, the saliency prior Fi,s measures the structural informativeness of the
reconstructed cue. Effective verification requires evidence that contains mean-
ingful semantic structure rather than incidental visual variations [58]. Conse-
quently, Fi,¢ functions as an informativeness prior that filters out signals lacking
discriminative semantic content, ensuring that only structurally meaningful cues
contribute to the verification process.

Since the reconstructed signal Z; is obtained via projection onto the dynam-
ically induced prototype manifold, which filters out semantically unstructured
variations and stabilizes the representation within the induced prototype man-
ifold, it provides a more robust basis for saliency estimation. Accordingly, we
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employ a lightweight prediction head ¢(-) to evaluate the saliency intensity of
the reconstructed signal:

Si = o (o(&:)) .- (7)

Second, the coherence likelihood FE.,, corresponds to the conditional con-
straint of the verification operator |15|, namely suppressing semantic distractors
that are irrelevant to the current hypothesis. We compute the consistency be-
tween the original local signal and the global hypothesis as:

M; = (Norm(hnypo), Norm(z;)) . (8)

thereby preserving fine-grained semantic associations in the original feature
space.Finally, to retain fine-grained texture details for precise verification, we
define the verification evidence vye, as a high-confidence weighted aggregation
of the original local signals:

N S - M,
Vyer = a;x;, Wwhere o; = Softmax( ! l) . 9
> . )
This mechanism enables refinement of the global hypothesis: when Apypo is
incomplete or partially biased, the aggregated verification evidence vy, provides
complementary or corrective semantic signals, enabling structured revision of
the initial hypothesis, thereby completing a logical closed loop in feature space

from unidirectional inference to reasoning.

3.4 Statistical Grounding

Although the verification mechanism restores discriminative cues, in open-world
settings where samples originate from entirely unknown distributions, overly se-
lective verification may introduce additional bias. To ensure the robustness of
the overall reasoning system, we introduce a distribution-level statistical refer-
ence to stabilize the inference dynamics and prevent the verification process from
drifting due to local saliency bias.

We derive the optimal form of this reference from the Principle of Maxi-
mum Entropy [32]. In the absence of prior knowledge, the least biased weighting
scheme corresponds to the distribution with maximum entropy. We formulate
the search for the optimal weight distribution w as the following constrained
optimization problem:

w

N N
w* = argmax H(w) = — Zwi logw;, s.t. Zwi =1 (10)
i=1 i=1

This convex optimization problem admits a unique solution, namely the uni-

form distribution: )
w; = N (11)
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Based on this solution, we define E[X] as the maximum-entropy expectation
of local features, which we term the Statistical Grounding:

N N
9gnd = Zw;kxl = le (12)
i=1 =1

The statistical grounding captures the first-order moment of the visual signal.
It does not serve a discriminative role, rather, it functions as a distributional
constraint that provides a stabilizing reference for both hypothesis formation
and verification.

When the verification branch becomes unreliable under high uncertainty,
the model representation reverts to this stable statistical grounding, thereby
preventing representational collapse under unknown distributions and ensuring
robust reasoning in open-world scenarios.

2=

3.5 Integrated Inference and Alignment

The final instance representation z is defined as the unified inference result jointly
derived from the global hypothesis, the verification evidence, and the statistical
grounding;:

z = hhypo + )\’uvver + Aggg;nd; (13)

where A\, and )\, are balancing coefficients. This multi-source integration strat-
egy enables the model to maintain reliable classification on known categories,
activate fine-grained verification for unknown instances, and revert to a stable
grounding under extreme uncertainty.

To ensure that the verification process remains semantically consistent with
the global hypothesis throughout training, we introduce a Semantic Alignment
Regularization term Lajign:

Latign = 1 — (Norm(vyer ), Norm(hnypo)) - (14)

This constraint enforces directional consistency between the verification ev-
idence and the global hypothesis on the semantic manifold, ensuring that vye,
serves as a refinement of hyypo rather than a contradictory deviation.

The final optimization objective combines the primary loss of the GCD task
with the alignment regularization term:

Ltotal = Lgcd + 'yLaligrr (15>

Through this objective, HVGCD achieves a dynamic equilibrium among hy-
pothesis formation, evidence verification, and statistical grounding within a uni-
fied framework, thereby enhancing generalization performance in complex open-
world scenarios.Notably, HVGCD is a plug-and-play module. It operates solely
in the embedding space without imposing architectural constraints on the back-
bone network, and can be seamlessly integrated into existing GCD frameworks.
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Table 1: Main Results on Fine-Grained Image Classification Datasets

CUB-200 FGVC-Aircraft Stanford-Cars Herbarium19 Average
Backbone | Method
All' Known Novel| All Known Novel| All Known Novel| All Known Novel| All Known Novel
GCD 54 51.3 56.6 48.7 | 45.0 41.1 46.9 | 39.0 57.6 29.9 | 354 51.0 27.0 | 427 51.6 38.1
GPC |65 52.0 555 47.5 | 43.3 40.7 448 | 382 589 274 - - - 44.5  51.7 399
XCon (18] 52.1 543 51.0 | 47.7 444 494 | 40.5 58.8 31.7 | 381 583 27.3 | 446 54.0 39.9
PromptCAL [64]| 62.9 644 62.1 | 52.2 522 523 | 50.2 70.1 40.6 | 37.0 520 289 | 50.7 60.0 46.0
AMEND |1] 649 756 59.6 | 52.8 61.8 483 | 56.4 73.3 482|442 60.5 354|546 67.8 479
nGCD |56) 65.7 68.0 64.6 | 53.8 554 53.0 | 56.5 68.1 50.9 - - - 58.7 638 562
InfoSieve 46| 69.4 779 652|563 63.7 52.5|55.7 748 464 |41.0 554 332|556 680 49.3
DINOv1 |SimGCD |63] 60.8 64.8 588 | 521 57.7 49.3 | 554 709 480 | 43.1 56.3 36.0 | 52.9 624 48.0

+ Ours 665 705 646|541 59.8 512 |60.6 757 53.3| 446 57.8 375 564 659 516
CcMS 12 672 TL.0 623|525 6L0 483|517 7L2 422|359 550 255|518 661 446
+ Ours 67.9 751 648|551 615 520 | 539 725 44.9 | 364 553 262 533 661 47.0
LegoGCD |6 612 714 561|509 591 46.8 | 57.1 78.8 466|447 583 37.3 | 535 66.9 46.7
+ Ours 669 734 636|538 619 498|588 765 50.2 |45.8 60.1 38.2 563 68.0 50.4
SelEx [47 77.0 744 783 | 552 636 510 | 545 750 447|360 457 308 | 557 647 512
+ Ours 78.5 769 79.3|65.2 68.0 63.8|581 753 498|379 482 323 59.9 671 56.3
Avg. A 3.39 2.02 1.20 1.36  2.45 5.34(+3.14 1.05 1.15 1.26 1.52 l.Ivi‘ 3.04 1.76 3.71
SimGCD [63] 7L 795 669 | 69.1 661 70.6 | 709 846 643|562 635 522|668 734 635
+ Ours 753 821 719|709 720 703|750 855 69.9|57.0 653 525 69.5 762 662
CMS |12 801 809 797|689 762 643|828 926 781|464 654 363 | 69.6 788 64.6
DINOV2 |+ Ours 82.6 84.6 817|684 755 649 |84.5 930 80.4|478 65.7 382 708 79.7 66.3
SelEx |47 808 870 912|805 781 816|831 937 77.0 | 452 553 30.7 | 746 785 7124
+ Ours 90.8 87.3 92.5|81.8 82.1 81.7 835 93.9 776|462 561 409 75.6 79.8 73.1
Avg. A 2.55 220 +2.72]40.87 +3.02 +0.12]+2.05 1047 +2.84]+1.06 +0.94 +1.12[+1.63 +1.66 +1.70

4 Experiments

4.1 Setup

Datasets. We evaluate the proposed method on seven widely used image recog-
nition benchmarks, including four fine-grained datasets—CUB-200-2011 [57],
Stanford Cars [34], FGVC-Aircraft [41], and Herbarium19 [48]—as well as three
coarse-grained datasets, CIFAR10, CIFAR100 |35, and ImageNet100 [19].For
CUB-200-2011, Stanford Cars, and FGVC-Aircraft, we adopt the class partitions
defined in the Semantic Shift Benchmark (SSB) [53| to divide the categories into
known and unknown subsets. For the remaining datasets, we follow the data
splits introduced in [55]. Under the CIFAR100 setting, 80% of the categories are
treated as known classes, while for all other benchmarks, 50% of the categories
are designated as known. The labeled dataset D; is constructed by randomly
sampling 50% of the images from the known categories for each benchmark.
Evaluation metrics.We evaluate our method using clustering accuracy (ACC)
with Hungarian matching, following prior work [63]. For the unlabeled dataset
D*, ACC is computed by comparing the ground-truth labels y;* with the pre-
dicted labels g

|D*|
1 AU
i=1

where h(-) denotes the optimal one-to-one mapping obtained by the Hun-
garian algorithm, which aligns predicted cluster assignments with the true class
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Table 2: Main Results on Generic Image Classification Datasets(CMS not reported
on CIFAR-10 due to instability under small category scale).

CIFAR-10 CIFAR-100 ImageNet-100 Average
Backbone| Method
All Known Novel| All Known Novel| All Known Novel| All Known Novel
GCD [54] 91.5 97.9 882|730 762 665 | 741 898 663|795 88.0 73.7
GPC |65 90.6 97.6 87.0 | 754 846 60.1| 753 934 66.7|804 919 713
XCon |18 96.0 97.3 954 | 742 812 603 | 77.6 935 69.7 | 82.6 90.7 75.1
PromptCAL (64| 97.9 966 98.5 | 81.2 842 753|831 927 783|874 912 840
PIM [11] 94.7 974 933|783 842 665|831 953 77.0| 854 923 789
DCCL 44 96.3 965 96.9 | 75.3 768 70.2|80.5 90.5 762|840 879 811
InfoSieve [46] 94.8 97.7 934 | 783 822 705|805 938 738|845 912 79.2
DINOv1 [SimGCD [63] 969 939 984 | 80.5 80.8 79.9|834 924 789|870 89.1 857
+ Ours 96.8 925 98.9 819 829 79.9|85.2 930 812 |8.0 895 86.7
CMS (12| | - - - | 780 846 649|818 955 750|899 90.1 70.0
+ Ours = = - 802 863 67.9 845 956 789|824 91.0 734
LegoGCD (6] | 97.3 958 98.0 | 79.4 819 745|840 949 785|869 909 83.7
+ Ours 975 954 98.6 812 836 763|834 950 77.6|87.4 913 842
SelEx [47] | 963 97.9 955|809 851 72.6|840 945 787|871 925 823
+ Ours 96.8 97.8 962 82.7 86.9 753 |86.4 95.7 81.8|88.6 93.5 844
Avg. A 0.19 -0.63 10.08[+1.78 +1.83 11.90|+1.57 +0.49 +2.10|+1.08 +0.63 11.36
SimGCD [63] 985 960 99.7 868 836 833897 951 87.0 917 933 90.0
+ Ours 98.6 962 99.7 88.3 88.6 87.8|924 957 90.7 |93.1 935 92.8
CMS [12] | - - - |92 925 855|939 97.2 92.2|920 949 889
DINOV2 |+ Ours = = - 90.6 92.9 858|922 958 903|914 944 88.1
SelEx [47] | 98.3 987 98.1|87.9 911 816|903 965 871|921 954 88.9
+ Ours 98.2 984 981 87.8 904 826|917 967 89.1 |925 952 90.0
Avg. A [10.03 +0.05 -0.04[+057 -0.12 +1.95[+0.78 -0.23 +1.28]10.38 -0.17 +1.00

labels.In addition, we report ACC separately for three category groups: All,
Old, and New classes. This provides a more detailed evaluation of the model
performance across different types of categories.
Implementation Details.We integrate HVGCD into several representative
GCD frameworks, including SimGCD [63], SelEx [47], CMS [12], and LegoGCD |6,
covering parametric, non-parametric, and knowledge-retention paradigms. For
each baseline, we faithfully reproduce the original implementation and perform
controlled comparisons under identical experimental settings to ensure fairness.
Models are initialized with ImageNet-1K-pretrained DINOv1 [8] weights,
with v = 0.05, A, = 0.3, A; = 0.5, L = 3, and K = 100. All remaining hy-
perparameters follow the respective original works. We further report results
using ImageNet-22K-pretrained DINOv2 [42] features. All experiments are con-
ducted on RTX-4090 GPUs with fixed random seeds to ensure reproducibility
and prevent label leakage.

4.2 Results

In the fine-grained setting (Tab. , when combined with DINOv1, HVGCD im-
proves the overall accuracy of four baseline methods by an average of 3.04%.
Notably, on the FGVC-Aircraft dataset, the performance on novel categories
increases by 5.34%. With DINOv2, HVGCD further improves the overall accu-
racy of three baselines by 1.63%, with gains of 1.76% on known categories and
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1.70% on novel categories. In the coarse-grained setting (Tab. [2)), HVGCD im-
proves the overall accuracy by an average of 1.08%, including 0.63% improve-
ment on known categories and 1.36% on novel categories. When combined with
stronger pretrained models, the overall accuracy further increases by 0.38%,
with an additional 1.00% gain on novel categories, while the performance on
known categories remains stable or slightly improved. These results demonstrate
that our proposed method consistently enhances the performance of diverse GCD
methods, serving as an efficient and generalizable plug-and-play framework.

4.3 Analysis

Component Effectiveness and Sensitivity. To verify the effectiveness of
Uyer and ggnd, we conduct ablation studies on CUB-200 and CIFAR-100. As
shown in Fig.[3] introducing either Verification Evidence or Statistical Grounding
significantly improves accuracy, with optimal performance achieved at A, = 0.3
and A, = 0.5, respectively. These values are therefore adopted as the default
settings in subsequent experiments.

cuB-200 CuB-200 CIFAR-100 CIFAR-100

ACC (%)

3 2

ACC (%)
2

- //*\\ o
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Fig. 3: Ablation study on HVGCD components

The results confirm the central role of vy, in mining local discriminative
cues, as well as the necessity of g4nq in preventing the model from overfitting
to local saliency biases. Their combination yields a synergistic improvement in
both discriminative capability and reasoning robustness, ultimately establishing
a more reliable inference framework.

Table 3: Sensitivity analysis of the semantic alignment regularization weight + on
different datasets.

CUB-200 Stanford-Cars CIFAR-100 Average
Latign | Al Old New | All Old New | Al Old New | Al Old New
0 65.8 70.9 63.3 | 59.5 722 526 | 81.2 826 784 | 688 752 64.8
0.05 | 66.5 70.5 64.6|60.6 75.7 53.3|81.9 82.9 79.9|69.7 76.4 65.9
0.1 65.7 70.2 62.7|60.1 77.2 519|804 81.7 79.6 | 688 76.4 64.6
0.15 | 61.8 69.5 58.0 | 584 73.3 484|799 81.2 793 |66.7 747 619
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Impact of Semantic Alignment Regularization. To further examine the
effect of the semantic alignment loss Laiign, we evaluate model performance under
different regularization weights v, as reported in Tab.[3] The results indicate that
the model achieves optimal performance at v = 0.05.

Introducing Lajign enforces directional consistency between vy, and the global
hypothesis, ensuring that the verification branch refines semantic representa-
tions rather than introducing spurious noise, thereby enhancing novel category
discovery. However, excessively strong regularization suppresses essential dis-
criminative residuals within the verification branch, limiting the model’s ability
to capture subtle semantic variations and leading to performance degradation.

These observations suggest that maintaining a moderate alignment strength
is critical for achieving a balanced and robust reasoning framework.

Input Ori Patch Weighed Patch Input Ori Patch  Weighed Patch Input Ori Patch  Weighed Patch

Fig.4: Comparison of the original patch responses and the «;-weighted patch re-
sponses. The former is primarily concentrated in texture-rich or high-contrast regions,
whereas the latter focuses on structurally meaningful and discriminative regions

Analysis of Spatial Attention and Discriminative Cues. To illustrate the
role of a;, we visualize the original patch responses and the «;-weighted patch
responses, as shown in Fig. [4] The weighted patch responses exhibit a clearer
semantic focus compared to the saliency-driven original responses.

Specifically, the model shifts its attention from texture- or contrast-dominated
regions to structurally meaningful areas that provide discriminative cues for se-
mantic verification. These regions often contain critical information that distin-
guishes visually similar categories or corrects the initial hypothesis. This result
clearly indicates that our method effectively guides the model to contract its
attention scope, transitioning from dispersed saliency-driven responses toward
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more structured semantic verification regions, thereby achieving a more discrim-
inative spatial focus.

Selex

Fig. 5: Visualization on attention maps of SOTA and HVGCD

Attention Map Visualization and Comparison. As shown in Fig. [f] af-
ter introducing the verification enhancement mechanism, our method exhibits a
more concentrated and structured semantic distribution compared to SelEx. The
spatial responses contract from broadly covering the target object to focusing
on key semantic components, resulting in a more compact heat distribution with
stronger directional emphasis.

More importantly, this contraction does not merely reduce the spatial extent
of activation, but reflects hypothesis-guided semantic verification. The model
selectively emphasizes structurally informative regions that contribute to distin-
guishing similar categories or refining the initial global hypothesis. Such struc-
tured semantic focusing produces representations that are more compact and
discriminative, better aligning with the semantic structural patterns required
for reliable category discrimination in open-world scenarios.

5 Conclusion

In this work, we revisit Generalized Category Discovery from the perspective
of structured inference and identify a fundamental limitation of existing meth-
ods: the absence of an explicit verification mechanism beyond global hypothesis
formation. To address this issue, we propose HVGCD, a plug-and-play frame-
work that decomposes instance representation into global hypothesis, hypothesis-
conditioned verification evidence, and statistical grounding. By establishing a
hypothesis-guided interaction between global semantics and local discrimina-
tive cues, our method enhances both novel category discovery and known-class
recognition while maintaining robustness under open-world uncertainty. Exten-
sive experiments on multiple coarse- and fine-grained benchmarks demonstrate
the effectiveness and generality of the proposed framework.
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