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Abstract

Generalized Category Discovery (GCD) aims to clas-
sify unlabeled data from both known and unknown cate-
gories by leveraging knowledge from labeled known cate-
gories. While existing methods have made notable progress,
they often overlook a hidden stumbling block in GCD: dis-
tracted attention. Specifically, when processing unlabeled
data, models tend to focus not only on key objects in the
image but also on task-irrelevant background regions, lead-
ing to suboptimal feature extraction. To remove this stum-
bling block, we propose Attention Focusing (AF), an adap-
tive mechanism designed to sharpen the model’s focus by
pruning non-informative tokens. AF consists of two simple
yet effective components: Token Importance Measurement
(TIME) and Token Adaptive Pruning (TAP), working in a
cascade. TIME quantifies token importance across multiple
scales, while TAP prunes non-informative tokens by utiliz-
ing the multi-scale importance scores provided by TIME.
AF is a lightweight, plug-and-play module that integrates
seamlessly into existing GCD methods with minimal compu-
tational overhead. When incorporated into one prominent
GCD method, SimGCD, AF achieves up to 15.4% perfor-
mance improvement over the baseline with minimal com-
putational overhead. The implementation code is provided
in:https://github.com/Afleve/AFGCD.

1. Introduction

The rapid advancement of deep learning has led to sig-
nificant breakthroughs in object recognition, yet many real-
world applications demand more than merely classifying
data into pre-defined categories. In scenarios such as au-
tonomous driving and medical imaging, models must be
capable of discovering and learning from unseen classes.
Generalized Category Discovery (GCD) addresses this
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Figure 1. The masks obtained by thresholding the self-attention
maps to retain 70% of the total mass. DINOvI and SimGCD
demonstrated substantial distracted attention on the unlabeled
data, meaning it not only focuses on key objects within the im-
age but also on task-irrelevant background regions. In contrast,
our method effectively refines the model’s focus. More visualiza-
tion results and analyses can be found in Appendix C.1.

challenge by leveraging knowledge from a set of labeled
known categories to classify unlabeled data that may con-
tain both known and unknown categories.

Most existing GCD methods follow a standardized learn-
ing paradigm: 1) employing a pre-trained Vision Trans-
former (ViT) as the foundational feature extraction back-
bone and 2) constructing task-specific GCD heads through
the [CLS] token embeddings produced by the backbone.
Despite notable progress, they often overlook a hidden
stumbling block: distracted attention. Specifically, when
processing unlabeled data, models tend to distribute their
focus not only on key objects but also on irrelevant back-
ground regions. To investigate this, we examine one promi-
nent GCD method, SimGCD [33], on a challenging dataset,



CUB [32]. As illustrated in Figure 1, visualization of self-
attention scores in the final block of ViT shows that while
the [CLS] tokens for labeled data consistently concentrate
on foreground objects, those for unlabeled data, particularly
from unknown categories, exhibit pronounced associations
with background regions. This unintended capture of extra-
neous information degrades the quality of feature represen-
tations and, consequently, model performance.

We hypothesize that distracted attention arises partly
from data augmentation. For labeled data, images within
the same class often display varied backgrounds, prompting
the model to concentrate on the key objects. In contrast,
augmentations applied to unlabeled data typically intro-
duce only minor variations in the background, enabling the
model to exploit spurious correlations as shortcuts in unsu-
pervised or self-supervised learning. Based on this assump-
tion, a straightforward solution is to prune task-irrelevant
tokens from the input image, ensuring that the model’s deci-
sion relies exclusively on tokens pertinent to the key object.

To this end, we propose Attention Focusing (AF), an
adaptive mechanism designed to sharpen the model’s focus
by pruning non-informative tokens. As shown in Figure 2,
AF consists of two simple yet effective components: To-
ken Importance Measurement (TIME) and Token Adaptive
Pruning (TAP), working in a cascade. In practice, TIME
introduces a task-specific query token in each ViT block
to quantify token importance across multiple scales. Sub-
sequently, TAP utilizes the multi-scale importance scores
generated by TIME to prune non-informative tokens, miti-
gating the interference from task-irrelevant information.

Benefiting from its straightforward design, AF is a
lightweight, plug-and-play module that integrates seam-
lessly into existing GCD methods with minimal compu-
tational overhead. In this paper, we integrate AF into
SimGCD for two primary reasons. First, SimGCD employs
an exceptionally simple architecture that effectively com-
bines supervised and self-supervised learning, without in-
troducing overly complex modules. Second, SimGCD has
already demonstrated promising results across a wide range
of datasets. To evaluate the effectiveness of AF, we exten-
sively test the improved method on seven publicly available
GCD datasets. The experimental results reveal that AF sig-
nificantly boosts the performance of SimGCD, especially
on fine-grained datasets with complex background informa-
tion. Remarkably, these significant performance improve-
ments are achieved with minimal computational overhead.
This demonstrates that AF offers a highly efficient enhance-
ment to the existing GCD framework. The main contribu-
tions of this work are summarized as follows:

1. Novel perspective. To the best of our knowledge, we are
the first to investigate and quantify the harmful effects
of distracted attention in GCD. This incredible finding
provides a new direction toward improving this field.

406

2. Novel method. We propose AF, a simple yet effective
module that provides the first generic solution for atten-
tion correction in GCD through token adaptive pruning.

3. Promising results. We evaluate the effectiveness and ef-
ficiency of AF across different settings. Experimental re-
sults demonstrate that AF can significantly improve per-
formance with minimal computational overhead.

2. Related Work

2.1. Generalized Category Discovery

GCD extends the paradigms of Semi-Supervised Learn-
ing (SSL) [8, 16] and Novel Category Discovery (NCD) [7],
which leverages knowledge of known categories within
open-world settings to simultaneously identify both known
and unknown classes from unannotated data. Most exist-
ing GCD methods can be broadly categorized into: 1) non-
parametric methods; and 2) parametric methods.

Non-parametric methods [5, 23, 24, 29, 35, 38] typically
involve training a feature extractor followed by the appli-
cation of clustering techniques, such as semi-supervised K-
means++ [29], to obtain the final classification results. For
example, GCD [29] introduces a fundamental framework
that utilizes traditional supervised and unsupervised con-
trastive learning to achieve effective representation learn-
ing. Similarly, DCCL [23] optimizes instance-level and
concept-level contrastive objectives through dynamic con-
ception generation and dual-level contrastive learning, ex-
ploiting latent relationships among unlabeled samples. Fur-
thermore, GPC [37] integrates a Gaussian Mixture Model
within an Expectation-Maximization framework to alter-
nate between representation learning and category estima-
tion, SelEx [25] introduces ‘self-expertise’ to enhance the
model’s ability to recognize subtle differences. In addition,
PromptCAL [35] utilizes visual prompt tuning to facilitate
contrastive affinity learning within a two-stage framework,
while CMS [5] incorporates Mean Shift clustering into the
contrastive learning process to encourage tighter grouping
of similar samples.

Parametric methods [30, 31, 33] integrate the optimiza-
tion of a parametric classifier to directly yield prediction
outcomes. For instance, SimGCD [33] jointly trains a pro-
totype classifier alongside representation learning, estab-
lishing a robust baseline for this category of methods. SPT-
Net [31] employs a two-stage framework that alternates be-
tween model refinement and prompt learning. Moreover,
GET [30] leverages CLIP to generate semantic prompts for
novel classes via text generation, thereby unlocking the po-
tential of multimodal models for addressing the GCD task.

Indeed, most existing GCD methods primarily focus on
how to leverage unsupervised or self-supervised learning
techniques to enhance model performance on unlabeled
data. Despite notable progress, they often overlook a hidden



stumbling block: distracted attention. Addressing this chal-
lenge is the core of this paper. It is worth noting that during
the review process, we identified two representative works
that also aim to mitigate background interference [21, 36].
Nevertheless, our method differs fundamentally in both its
underlying motivation and methodological design.

2.2. High-Resolution Image Recognition

High-resolution recognition refers to the capability of
computer vision systems to accurately identify and analyze
objects in images characterized by a high pixel count and
intricate details. Managing distracted attention is a crit-
ical challenge in this context, as the extensive spatial in-
formation often leads to inefficient feature extraction and
model focus drift. A widely adopted strategy to address
this issue is to partition high-resolution images into smaller
patches, thereby increasing the relative proportion of key
targets within each patch. For instance, IPS [1] iteratively
processes individual patches and selectively retains those
most relevant to the specific task. SPHINX [34] segments
a high-resolution image into a set of low-resolution im-
ages and concatenates these with a downsampled version
of the original image as the visual input. Monkey [17] em-
ploys a sliding window approach combined with a visual re-
sampling mechanism to enhance image resolution, thereby
improving content comprehension while reducing compu-
tational overhead. Furthermore, LLaVA-UHD [9] ensures
both efficiency and fidelity in image processing by opti-
mizing slice computation and scoring functions, effectively
minimizing resolution variations. On one hand, these meth-
ods are specifically designed for supervised learning sce-
narios and cannot be directly applied to GCD tasks without
significant modifications. On the other hand, we process the
original images directly, achieving greater efficiency while
preserving accuracy.

2.3. Token Pruning

Another issue closely related to this work is token prun-
ing, which aims to enhance computational efficiency and
reduce redundancy by selectively removing task-irrelevant
patches while preserving most of the original image infor-
mation. EVit [18] leverages the attention values between
the [CLS] token and patch tokens in ViT to select the most
informative patches. SPVit [12] and SVit [19] propose re-
taining pruned tokens from upper layers for subsequent use,
rather than discarding them entirely. PS-ViT (T2T) [28]
adopts a reverse approach by selecting tokens for pruning
based on the final output features. ToMe [3] reduces the
computational workload by merging tokens with high key
similarity. While these methods have achieved notable ad-
vancements in improving inference efficiency, they often re-
sult in varying degrees of performance degradation. In the
context of the GCD task, however, model accuracy is of
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Figure 2. The pipeline of GCD with our proposed Attention Fo-
cusing(AF) mechanism. AF consists of two components: Token
Importance Measurement (TIME) and Token Adaptive Pruning
(TAP), working in a cascade. Here, the Head’ can be inherited
from any existing GCD model.

paramount importance. Additionally, many methods rely
on the [CLS] token for pruning, but in the GCD task, the
[CLS] token for unlabeled data tends to be of lower qual-
ity, making it susceptible to introducing misleading infor-
mation (see Appendix C.3). The method most relevant to
ours is Cropr [2], which prunes a fixed number of tokens
at each ViT block. However, we adopted multi-scale adap-
tive pruning to address the diversity of image backgrounds,
achieving better results (see Section 4.3).

3. Method

3.1. Problem Formulation

Generalized Category Discovery (GCD) addresses the
problem of automatically clustering unlabeled data D"
{(zs,y*) € X x Y.} in a partially labeled dataset D' =
{(zs,y}) € X x V}. Here, ), represents the set of
known classes, and ), represents the set of all classes, with
Vi C Y. In different GCD approaches, the number of un-
known classes |),| can be utilized as prior knowledge or
estimated through established methods.

3.2. Overview

The currently popular GCD methods are primarily based
on pre-trained ViT models. Specifically, given an image
I e RMwX3 VT divides it into a sequence of non-
overlapping patches, each of size P x P. This sequence of



patches is then flattened and mapped into token embeddings
{x, € R™P n =1,2,3, ..., N} through a linear projec-
tion head, where N = H x W, H = h/P,W = w/P, and
D represents the dimensionality of the embedding space.
After appending an additional [CLS] token to the patch
tokens, the resulting token sequence X € RNVHXD g
passed sequentially through all transformer blocks. For
simplicity, the batch size B and block number [ are omitted
from the description. Ultimately, the [CLS] token produced
by the backbone network is passed into the task-specific
GCD head. As illustrated in Figure 1, while the [CLS] to-
kens for labeled data consistently focus on foreground ob-
jects, those for unlabeled data, especially from unknown
categories, show strong associations with background re-
gions. This unintended capture of extraneous information
degrades the quality of feature representations and, conse-
quently, the performance of the GCD model.

To this end, we propose integrating a novel AF mecha-
nism into the existing GCD model. As illustrated in Fig-
ure 2, the AF mechanism consists of two simple yet effec-
tive components: Token Importance Measurement (TIME)
(Section 3.3) and Token Adaptive Pruning (TAP) (Sec-
tion 3.4), which operate in a cascade. In practice, the TIME
module is inserted into every block of the ViT, except for the
last one. Each TIME module outputs a score vector that re-
flects the importance of each patch token. The TAP module
then aggregates these multi-scale scores to prune the non-
informative tokens. Finally, the remaining tokens are pro-
cessed with average pooling and then used as input to the
Head. 1t is important to note that the Head can be inher-
ited from any existing GCD method. In this work, our pri-
mary experiment is based on SimGCD [33], a representative
GCD method. Additionally, we integrate the AF mecha-
nism into three representative methods, CMS [5], GET [30],
and SelEx [25], to demonstrate its generalizability (see Sec-
tion 4.3). Next, we will provide a detailed description of
TIME and TAP, while further details on SimGCD can be
found in the Appendix A.

3.3. Token Importance Measurement

As shown in Figure 3, TIME is trained exclusively on la-
beled data but is capable of generalizing to the entire train-
ing set. Specifically, given an image, TIME takes its to-
kens as input and produces a score vector s € R *(V+1),
revealing the informativeness of the input tokens. Specifi-
cally, each TIME module consists of three key components:
a Measurer, an Aggregator, and an Auxiliary classifier.

The Measurer assigns the score vector s € R (N+1)
to each token by performing cross-attention between the to-
kens and a learnable query vector Q. Specifically, the input
tokens X are treated as the key matrix K and value matrix
V. The query vector Q is then used to query K, yielding at-
tention results for each token. The scores between the query
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Figure 3. The internal pipeline of TIME. The red dashed lines rep-
resent the gradient propagation paths from the auxiliary classifier
to the optimization of Q. Besides, TIME is trained using only la-
beled data, but it works on both labeled and unlabeled data.

vector and the key matrix are computed as follows:

_ QK
=

where /D is a scaling factor to stabilize the attention val-
ues. To ensure the informativeness scores s are properly uti-
lized, the Aggregator leverages these scores to obtain an ini-
tial image representation. Specifically, the aggregated rep-
resentation r is computed as:

s(Q,K)

(1

r = Softmax(s)V. 2)
Furthermore, to increase the capacity of the Aggregator,
we follow [2] and incorporate a transformer block’s Feed-
Forward Network (FFN), which includes LayerNorm (LN)
and an MLP with a residual connection. Mathematically,

r’ = MLP(LayerNorm(r)) + r. 3)
Next, the resulting representation r’ is passed through the
Auxiliary classifier, producing a probability output p €
R'1Yl where |))| is the number of possible classes for
labeled data. TIME is trained using a cross-entropy loss:

[V

£ce = - Z yk logpk7 (4)
k=1

where 4/* represents the ground truth label and p* is the
predicted probability.

In practice, the Auxiliary classifier aids in classifying la-
beled data, guiding the Aggregator to focus on the most
informative features of the image that are crucial for clas-
sification. As training progresses, the query vector Q dy-
namically adjusts the score vector s, assigning progressively



higher importance to tokens with greater informativeness.
This adaptive mechanism enables the model to prioritize
the most relevant tokens for the task, improving its ability to
capture critical information for accurate classification. Gen-
erally, unlabeled data and labeled data often share similar
stylistic characteristics. Therefore, we hypothesize that the
query vector Q, learned from labeled data, generalizes well
and can effectively assess the importance of patch tokens
even in the case of unlabeled data.

Additionally, we apply a stop-gradient to isolate the Aux-
iliary classifier from the backbone, ensuring that conflicting
gradients do not affect the encoder. During testing, the Aux-
iliary classifier is discarded, and only the query vector Q is
retained to process the test samples. This reduces compu-
tational overhead while maintaining the model’s capacity to
evaluate token importance effectively.

3.4. Token Adaptive Pruning

The score vectors obtained from different TIME blocks
represent the importance of patch tokens across different
scales. TAP leverages these multi-scale importance scores
to prune the input patch tokens. Specifically, given a set of
score vectors {s; € RIXVHD1E"1 where L denotes the
number of ViT blocks, the multi-scale importance of patch
tokens is computed as follows:

L—-1

Z Softmax(§;),

=1

m

7.1 (&)

where §; € R represents a score vector that excludes
the value associated with the [CLS] token. This exclu-
sion is crucial because the [CLS] token aggregates high-
level semantic information about the image, making it a
meaningful token in itself. Next, for the patch tokens
X = (x1,X2,...,Xy), We prune the less informative to-
kens by applying an adaptive threshold 7. Formally, we
define the pruned patch tokens X, as:

N
Xp={x;[i=12..t> s

i=1

<

where s7" is the i-th element of the multi-scale importance
score vector 8™, and the indices ¢ = 1,2,..., N are sorted
in increasing order of s*. The pruned patch tokens X, rep-
resent redundant information associated with task-irrelevant
regions in the image. The remaining token sequence, X,
consisting of the residual patch tokens and the [CLS] to-
ken, is then passed through the final ViT block. Finally,
the output token representations are processed using aver-
age pooling to form the final image representation, which
is subsequently input into the GCD Head. The overall loss
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function of our improved method is:

L-1

L=Loeat+ XY L,

=1

(N

where L,.q denotes the loss function of the selected GCD
baseline model, ) is a balancing parameter.

3.5. Discussion

During the training process of GCD, each instance is typ-
ically augmented with two distinct views, raising an impor-
tant question: Should we adopt single-view TAP or multi-
view TAP? The former applies TAP to only one of these
views, while the latter applies TAP to both augmented views
simultaneously. In this work, we opt for single-view TAP
for two main reasons. First, TAP can be seen as a form
of non-regular image cropping augmentation, where single-
view TAP is particularly effective in helping the model fo-
cus on key objects of interest. By pruning unnecessary to-
kens in a single view, the model can retain critical infor-
mation, improving its ability to extract meaningful features
from the complex image. Second, multi-view TAP effec-
tively forces the model to train without the interference of
background information across both views. Although this
may appear beneficial in theory by reducing noise, it can
inadvertently hinder the model’s ability to generalize (as
shown in Appendix C.2).

4. Experiments

4.1. Experimental Setup

Dataset. In this study, we primarily incorporate AF
into SimGCD [33] and evaluate the effectiveness using
three challenging fine-grained datasets from the Semantic
Shift Benchmark [26]: CUB [32], Stanford Cars [13],
and FGVC-Aircraft [20]. Additionally, we apply our
method to three more generic classification datasets, namely
CIFAR10/100 [14] and ImageNet-100 [6], as well as
the large-scale fine-grained dataset Herbarium-19 [27].
As discussed in the Appendix B.1, the former often in-
cludes complex background information, while the latter
exhibits relatively minimal background interference. To en-
sure the fairness of the experiments, all other settings are
kept consistent with SimGCD. More details can be found in
the Appendix A.

Evaluation. Following established practice [33], we uti-
lize clustering accuracy (ACC) to evaluate the model per-
formance. Prior to comparing the ground truth with the pre-
dicted labels, we employ the Hungarian algorithm [15] to
align the labels of the Unknown category, followed by cal-
culating the accuracy (ACC) using -7 vail 1(y; = p(u:))
where M = |Dy|, and p denotes the optimal permutation.
For clarity and convenience, the accuracy metrics are re-
ported for 'All' unlabeled data, along with the subsets cor-



responding to known and unknown classes, labeled as 'Old’
and 'New' in the tables, respectively.

4.2. Main Results

Evaluation on challenging fine-grained datasets. Ta-
ble | presents a comparison between SimGCD and several
state-of-the-art methods on three challenging fine-grained
datasets, where 'A' denotes the performance improvements
over the baseline model, SimGCD. Clearly, SimGCD serves
as a robust baseline model, achieving competitive results
in the vast majority of settings, despite its simple net-
work architecture. Comparing with SimGCD+AF, we ob-
serve that the AF module significantly enhances the model’s
performance, underscoring its effectiveness in addressing
the distracted attention issue in SimGCD. Compared to
other state-of-the-art methods, SInGCD+AF consistently
achieves the best or near-best performance across various
datasets. On the CUB dataset, the performance of InfoSieve
and CMS is comparable to that of SimGCD+AF. However,
SimGCD+AF demonstrates a clear advantage on the other
two datasets, particularly on Stanford Cars, where the
performance improvement on 'All' reaches up to 10.1%.
While SPTNet and SimGCD+AF perform similarly on
FGVC-Aircraft, SPTNet’s performance on Stanford
Cars is notably weaker than that of SimGCD+AF. Ad-
ditionally, SPTNet employs an alternating training strat-
egy, resulting in a higher computational cost compared
to SimGCD+AF. Both MOS and AptGCD also focus on
mitigating the interference of background information and
achieve results comparable to SimGCD+AF. However, AF
is relatively simpler in module design and does not rely on
any external models.

Datasets CUB Stanford Cars FGVC-Aircraft

All Old New All Old New All Old New
RankStats [11]  33.3 51.6 242 28.3 61.8 12.1 269 364 222
UNO+ [7] 35.1 49.0 28.1 355 70.5 18.6 403 564 322
ORCA [10] 353 45.6 30.2 235 50.1 107 220 31.8 17.1
GCD [29] 51.3 56.6 48.7 39.0 57.6 299 450 41.1 469
DCCL [22] 63.5 60.8 649 43.1 557 362 - - -
GPC [38] 554 58.2 53.1 42.8 59.2 32.8 463 425 479
PIM [4] 62.7 757 56.2 43.1 669 31.6 - - -
InfoSieve [24] 69.4 77.9 652 557 748 464 563 63.7 52.5
CMS [5] 68.2 76.5 64.0 569 76.1 47.6 56.0 634 523
SPTNet [31] 65.8 68.8 65.1 59.0 79.2 49.3 593 61.8 58.1
AptGCD [36] 703 743 69.2 62.1 79.7 53.6 61.1 652 59.0
MOS [21] 69.6 723 682 64.6 809 56.7 61.1 66.9 58.2
SimGCD [33] 60.3 65.6 57.7 53.8 719 450 542 59.1 51.8
SimGCD+AF 69.0 743 66.3 67.0 80.7 604 594 68.1 55.0
A

Table 1. Comparison with several state-of-the-art methods on fine-
grained datasets. The best results are highlighted in bold, and the
second-best results are highlighted in underline. '/A\' refers to the
performance improvement compared to SimGCD [33].

Datasets CIFARI10 CIFAR100 ImageNet-100

All Old New All Old New All Old New
RankStats [11]  46.8 19.2 60.5 582 77.6 193 37.1 61.6 24.8
UNO+ [7] 68.6 98.3 53.8 69.5 80.6 47.2 70.3 95.0 579
ORCA [10] 96.9 95.1 97.8 69.0 774 520 73.5 92.6 639
GCD [29] 91.5 97.9 88.2 73.0 76.2 66.5 74.1 89.8 66.3
DCCL [22] 96.3 96.5 969 753 76.8 702 80.5 90.5 76.2
GPC [38] 92.2 98.2 89.1 77.9 85.0 63.0 769 943 71.0
PIM [4] 947 974 933 783 842 66.5 83.1 953 77.0
InfoSieve [24] 948 97.7 934 783 822 70.5 80.5 93.8 73.8
CMS [5] - - - 823 85.7 755 847 95.6 79.2
SPTNet [31] 973 950 98.6 813 843 756 854 932 814
AptGCD [36] 973 958 98.7 82.8 81.8 855 87.8 954 843
SimGCD [33] 97.1 95.1 98.1 80.1 81.2 77.8 83.0 93.1 779
SimGCD+AF 97.8 959 98.8 822 85.0 76.5 854 94.6 80.8
AN -1.3

Table 2. Comparison with several state-of-the-art methods on
three generic datasets.

Datasets Herbarium-19

All Old New
GCD [29] 354 51.0 27.0
PIM [4] 423 56.1 34.8
InfoSieve [24]  41.0 554 332
CMS [5] 36.4 54.9 26.4
SPTNet [31] 434 58.7 35.2
SimGCD [33]  44.0 58.0 36.4
SimGCD+AF  45.5 59.0 38.3
A

Table 3. Comparison with several state-of-the-art methods on
Herbarium-19.

Evaluation on generic datasets. Table 2 presents the re-
sults on generic datasets. We observed that the improve-
ment brought by AF on these datasets is less pronounced
than on the fine-grained datasets. We attribute this to
two main factors. First, the SimGCD model has already
achieved excellent performance on these datasets, such as
nearly 100% accuracy on CIFAR-10. Second, the back-
grounds of these datasets are relatively simple, leading to
minimal interference. For example, on CIFAR-100, due
to the lack of complex backgrounds, AF even resulted in
a performance decrease for the new classes. In contrast,
for TmageNet100, a dataset with more complex back-
grounds, AF provided a more noticeable performance im-
provement. Compared to other methods, SimGCD+AF also
achieves competitive results, but it typically involves lower
computational cost.

Evaluation on more challenging datasets. Compared to
the above three fine-grained datasets, Herbarium-19 has
a simpler background, and as a result, the performance gain
brought by AF is also relatively limited. This highlights a
limitation of our method AF: while it effectively suppresses
interference from background information, it does not sig-
nificantly improve the model’s ability to extract information
from the key objects themselves.
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Figure 4. Investigation of Multi-scale token importance measurement. ”’SimGCD+AF-" refers to a setting where only the query from the
penultimate block is used as the basis for token pruning within TAP.
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Figure 5. The results of token pruning using query vectors from each layer. Specifically, the last column illustrates the multi-scale token
importance measurement used in AF.

4.3. Discussion on the design of AF Datasets CUB Stanford Cars FGVC-Aircraft
Al Old New All Old New All Old New
Is AF effective for other GCD models? As mentioned CMS 673 756 63.1 53.1 730 435 542 632 498

above, AF is a plug-and-play module that can be seam- CMS+AF 682 759 643 618 763 548 575 627 549

lessly integrated into existing GCD methods without requir- A T
ing extensive modifications. To further assess the gener-

S ) : > GET 752 779 739 783 860 746 574 596 547
alizability and effectiveness of AF, we incorporated it into GET+AF 773 771 774 815 906 77.1 595 67.0 558
three additional GCD methods, CMS [5], SelEx [25], and
GET [30]. The results, as displayed in the Table 4, re- Table 4. Results of incorporating AF into three additional meth-
veal a substantial improvement in performance across var- ods: CMS [5], SelEx [25] GET [30]. Notably, CMS did not per-
ious datasets, with particularly notable enhancements ob- form mean shift clustering during testing.
served in the Stanford Cars and FGVC-Aircraft
datasets. These findings provide strong evidence of AF’s
ability to significantly boost the performance of baseline by aggregating importance scores across multiple scales.
models, highlighting its broad applicability and compatibil- Figure 5 illustrates the selected patches at different ViT
ity with different GCD approaches. blocks. As shown, the patches selected by the model vary
Is multi-scale token importance measurement neces- significantly across different layers, primarily due to the
sary? In this work, TAP prunes less informative tokens differences in the feature scales at each layer. This vari-
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ability underscores the need for a multi-scale approach,
as it enables the model to capture a broader range of key
object information, leading to a more robust and com-
prehensive understanding of the image. Besides, we ex-
plored using only the query from the penultimate block
as the basis for token pruning in TAP. While this ap-
proach still results in some performance improvements for
the baseline model SimGCD, as depicted in the Figure 4,
the model’s performance degrades substantially when com-
pared to SimGCD+AF. This result highlights the necessity
of integrating multi-scale token importance measurement.

Learn queries from only labeled data or all training
data? To empower the queries with the capability of se-
lectively attending to informative image tokens, the learn-
able queries in AF are exclusively trained on labeled data.
This design choice is motivated by two critical consider-
ations. First, in the absence of supervisory signals, the
model struggles to accurately identify and focus on the
true key objects within unlabeled images, as the back-
ground clutter and irrelevant regions may dominate the fea-
ture representation. Second, and more importantly, the self-
distillation loss, which is commonly employed in unlabeled
data, can inadvertently introduce noise and bias into the
learning process of queries, thereby deteriorating their abil-
ity to distinguish between informative and non-informative
patches. This phenomenon is empirically validated in Ta-
ble 5, where we observe that training the queries on the
entire dataset (including both labeled and unlabeled sam-
ples) results in a substantial performance drop across all
benchmarks. This degradation underscores the importance
of leveraging clean, supervised signals for learning robust
and discriminative queries that can effectively guide the
model’s attention towards task-relevant tokens.

Datasets CUB Stanford Cars FGVC-Aircraft
. All Old New All Old New All OIld New
SimGCD  60.1 69.7 554 557 733 47.1 537 64.8 482
+AF(all) 674 739 64.1 63.0 81.5 54.1 546 605 51.6
AF 69.0 743 66.3 67.0 80.7 604 59.4 68.1 55.0

Table 5. Investigation of Query learning. * AF(all)’ refers to a set-
ting where Query learning is based on the entire training dataset.

How important is token adaptive pruning? Considering
the inherent variability in background information across
different images, we adopt a token-adaptive pruning strat-
egy in TAP instead of employing a fixed pruning approach.
To demonstrate the superiority of TAP, we conduct a com-
parative experiment using fixed pruning, where a predeter-
mined number of k patches are uniformly removed from
training images. As illustrated in Table 6, while the model’s
performance exhibits some improvement as the number of
removed patches increases within a limited range, it con-
sistently falls short of the performance achieved by TAP.
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Figure 6. The dynamic change of the number of retaining patches
during the training process.

Notably, when K 128, the model’s performance on
the Stanford Cars degrades compared to K 64,
likely due to the excessive removal of informative patches,
which undermines the model’s ability to capture essential
features. This observation is further corroborated by Fig-
ure 6, which reveals that TAP retains a higher proportion of
patches onthe Stanford Cars dataset compared to CUB
and FGVC-Aircraft. These findings underscore the im-
portance of a dynamic, image-specific pruning strategy, as
implemented in TAP, to effectively balance the removal of
non-informative background patches while preserving crit-
ical visual information.

Datasets CUB Stanford Cars FGVC-Aircraft
All Old New All Old New All Old New
SimGCD  60.1 69.7 554 557 733 47.1 537 64.8 482
k=16 65.1 74.1 60.5 604 752 533 54.1 64.7 488
k=064 67.1 72.3 645 63.5 79.8 55.6 543 613 50.7
k=128 67.0 750 63.0 624 828 52.6 555 649 50.7
TAP 69.0 74.3 66.3 67.0 80.7 604 59.4 68.1 55.0

Table 6. Investigation of Token Adaptive Pruning. 'k’ refers to a
setting where a predetermined number of k patches are uniformly
removed from training images.

5. Conclusion

In this work, we introduced AF, a simple yet powerful
mechanism designed to address the issue of distracted at-
tention in GCD. By pruning non-informative tokens, AF re-
fines the model’s focus on the key objects in the image, re-
sulting in enhanced performance across both known and un-
known categories. Extensive experiments show that when
integrated with existing GCD methods, such as SimGCD,
AF leads to substantial performance gains while maintain-
ing minimal computational overhead. However, while AF
effectively mitigates background interference, it does not
significantly improve the model’s ability to extract more
discriminative features from the key objects themselves.
This limitation points to an avenue for future research: de-
veloping methods that can further enhance the model’s abil-
ity to focus on the most relevant features of the key objects.
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