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Abstract

This paper addresses generalized category discovery (GCD),
the task of clustering unlabeled data from potentially known
or unknown categories with the help of labeled instances
from each known category. Compared to traditional semi-
supervised learning, GCD is more challenging because unla-
beled data could be from novel categories not appearing in la-
beled data. Current state-of-the-art methods typically learn a
parametric classifier assisted by self-distillation. While being
effective, these methods do not make use of cross-instance
similarity to discover class-specific semantics which are es-
sential for representation learning and category discovery. In
this paper, we revisit the association-based paradigm and pro-
pose a Prior-constrained Association Learning method to cap-
ture and learn the semantic relations within data. In particu-
lar, the labeled data from known categories provides a unique
prior for the association of unlabeled data. Unlike previous
methods that only adopts the prior as a pre or post-clustering
refinement, we fully incorporate the prior into the associa-
tion process, and let it constrain the association towards a
reliable grouping outcome. The estimated semantic groups
are utilized through non-parametric prototypical contrast to
enhance the representation learning. A further combination
of both parametric and non-parametric classification com-
plements each other and leads to a model that outperforms
existing methods by a significant margin. On multiple GCD
benchmarks, we perform extensive experiments and validate
the effectiveness of our proposed method.

Code — https://github.com/Terminator8758/PAL-GCD

1 Introduction

The success of deep learning models has mostly been driven
by the availability of large-scale annotated datasets. How-
ever, it is costly and inefficient to annotate all the data, es-
pecially as datasets grow larger in an open world. Semi-
supervised learning (Oliver et al. 2018) thus emerges to be a
promising direction for learning with both labeled and unla-
beled data. Typical semi-supervised learning assumes unla-
beled data comes from known categories. Nevertheless, data
from novel categories frequently appear in the real world,
limiting the applicability of semi-supervised learning. As a
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relaxation to this assumption, generalized category discov-
ery (GCD) has been proposed (Vaze et al. 2022), allowing
unlabeled data to belong to both known and unknown cate-
gories. The target of GCD is to recognize images from both
old and new categories by learning a model that clusters un-
labeled images into distinct semantic groups, making it more
practical for discovering novel categories with the assistance
of old category data.

Current methods explore the GCD task from two per-
spectives, representation learning and parametric classifica-
tion. The initial GCD paper (Vaze et al. 2022) uses self-
supervised contrastive learning to learn robust representa-
tion, removing the need for parametric classifier. The prob-
lem is that it overlooks the intrinsic semantic relations
among samples, causing the learned representation to be less
discriminative. Indeed, samples belonging to the same po-
tential category call for attraction instead of general repul-
sion. Later methods (Pu, Zhong, and Sebe 2023; Zhao, Wen,
and Han 2023; Zhang et al. 2023) exploit cross-instance sim-
ilarity relations to discover semantic groups or k-NN posi-
tives, and such grouping result guides the contrastive learn-
ing towards finding a discriminative feature space. However,
the quality of grouping is determined by the design of data
association strategy, and severe noise can be incorporated if
the association design is not reliable enough. As an alterna-
tive, SimGCD (Wen, Zhao, and Qi 2023) revives paramet-
ric classifier through self-distillation learning and entropy
regularization, which has become a popular baseline. But as
the parametric classifier is implicitly regularized, its weights
may not capture class-specific semantics well. Also, self-
distillation alone may not provide strong enough supervision
for the distinction of different classes.

In this paper, we re-examine the previous association-
based GCD methods, and identify their weakness in the as-
sociation design that makes their performance inferior, es-
pecially on fine-grained datasets. The aim is that through
better association design, more accurate instance groupings
can be estimated to facilitate model representation learning.
Specifically, Figure 1 provides an intuitive example to illus-
trate the limitations of previous association designs and our
motivation. As shown in the figure, some methods utilize
the labeled prior for pre-association refinement, i.e. mask-
ing out the distance of images from different known cate-
gories. However during the association, the masked image
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Figure 1: An illustration of implicit false association, and how our proposed association avoids it. Arrowed line represents
masking out the distance, solid line indicates direct association of two instances, and dashed line denotes indirect association.
Red line indicates false association. Images with colored edges indicate they are from labeled subset.

pair could be re-connected by indirect association of other
images. Such association will generate inaccurate group-
ings of labeled and unlabeled instances. Even if a post-
association refinement removes the connection of labeled
images, the unlabeled images’ association is still kept, caus-
ing undesirable groupings to appear.

In light of this, we aim to circumvent such possibly
emerging situations by fully incorporating the labeled prior
into the association process. As Figure 1 shows, our associ-
ation keeps track of the updated image groups. When a new
image pair appears, we not only examine the image pair, but
also check their corresponding groups to determine if the im-
age pair should be associated. In the example, the two groups
contain known yet label-conflicting instances, therefore the
image pair will not be associated. In this way, both direct
and indirect false association can be avoided. By repeating
the instance-wise association steps, more faithful instance
groupings can be obtained.

With the groupings generated by association, we
adopt non-parametric prototypical contrastive learning to
strengthen the representation. The association based non-
parametric classification serves as a stand-alone and good-
performing framework. Specially, the prior knowledge of
ground truth class number is not required, which makes the
framework flexible in practical applications. Additionally,
we also propose to optionally perform association on a sub-
set of all samples to improve the scaling of the association to
more data scenarios. We explore the possibility of combin-
ing parametric classifier with the proposed association based
parametric classifier, which is proven effective when the
number of classes is known. Through a two-stage training
pipeline, we exploit their complementarity and unify them
in one framework to mutually boost each other. This unified
model achieves strong performance on multiple datasets.

Our main contributions are summarized as follows:

* We propose a simple yet effective method for fine-
grained GCD. By re-examining the role of association,
a novel prior-constrained association algorithm tailored
for GCD task is proposed.

* With the assistance of proposed association, we unify
non-parametric and parametric classification under one
single framework, where representation learning and
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classifier learning can mutually boost each other.

» Extensive experiments on both fine-grained and generic
datasets demonstrate the effectiveness of the proposed
method. Compared to previous best method, our method
improve the accuracy by 4.4% and 15.3% on CUB and
Stanford Cars respectively.

2 Related Work

Generalized Category Discovery (GCD) draws similarity
with novel category discovery (NCD) in both containing la-
beled and unlabeled images and aiming to discover novel
categories in the unlabeled set. Initial GCD method (Vaze
et al. 2022) learns representations by self-supervised con-
trastive learning on all data, along with supervised con-
trastive learning on labeled subset. SInGCD (Wen, Zhao,
and Qi 2023) constructs an effective baseline using paramet-
ric classifier. A later variant uGCD (Vaze, Vedaldi, and Zis-
serman 2024) improves SimGCD by using a teacher network
to provide supervision for self-augmented image pairs. More
recently, SPTNet (Wang, Vaze, and Han 2024) learns spatial
prompts as an alternative to adapt data for better alignment
with the model. DCCL (Pu, Zhong, and Sebe 2023) pro-
poses to mine sample relations by generating dynamic con-
ceptions using improved Infomap clustering (Rosvall and
Bergstrom 2008), followed by conception and instance-level
contrastive learning. Similarly, GPC (Zhao, Wen, and Han
2023) also estimates prototypes by Gaussian mixture model
and a split-and-merge to take labeled instances into account.
PromptCAL (Zhang et al. 2023) improves the ViT backbone
by learning auxiliary prompts, as well as affinity propaga-
tion on KNN graph to estimate instance relation. Although
labeled data is exploited to assist clustering in these meth-
ods, it is often taken as a pre- or post-clustering refinement.
As such, the potential benefit of labeled instances are not
fully exploited. As a comparison, we fully incorporate the
labeled data prior during every step of the association pro-
cess, empowering reliable association of unlabeled data by
taking advantage of the labeled instances as bridges.

Prototypical Contrastive Learning (PCL). In recent years,
contrastive learning (Gutmann and Hyvérinen 2010) has
proven as an effective technique for self-supervised learn-
ing (Wu et al. 2018; He et al. 2020; Chen et al. 2020; Li et al.



2021) and other settings (Khosla et al. 2020; Wang et al.
2021a; Zhao, Wen, and Han 2023). In particular, prototypi-
cal contrastive learning compares instances with a set of pro-
totypes encoding class-specific semantic structure, leading
to discriminative embedding space. As such, many vision
tasks have exploited PCL for method design. ProtoNCE (Li
et al. 2021) combines instance-wise contrastive learning and
multi-grained PCL for transfer learning. (Ge et al. 2020;
Wang et al. 2021b) adopt iterative clustering based PCL for
object re-ID. A few methods (Pu, Zhong, and Sebe 2023;
Zhao, Wen, and Han 2023) in GCD have also considered
PCL to learn discriminative representation. The critical is-
sue for prototypical contrast is how to obtain representative
prototypes, which then comes down to designing effective
association strategy. Our method also adopts PCL, however,
our better utilization of prior and design of semi-supervised
association lead to more reliable prototypes, which in turn
facilitates learning better representation.

Data Clustering and Association. Clustering has long
been used as a way to discover potential semantic groups
within the data. Unsupervised clustering methods like K-
Means (Hartigan and Wong 1979), DBSCAN (Ester et al.
1996) and hierarchical clustering (Johnson 1967; Murtagh
and Contreras 2012) are widely used in many applica-
tions (Ge et al. 2020; Wang et al. 2022; Pu, Zhong, and
Sebe 2023). Semi-supervised clustering is also studied in
some works (Bair 2013; Bilenko, Basu, and Mooney 2004).
Basu et al. (Basu 2002) propose constrained K-Means by
enforcing that labeled instances are assigned to their own
cluster during K-Means iteration. COP-Kmeans (Wagstaff
et al. 2001) modifies K-Means to make sure no constraints
are violated when assigning instances. Constrained DB-
SCAN (Ruiz, Spiliopoulou, and Menasalvas 2010) and hier-
archical clustering (Davidson and Ravi 2005) are also con-
sidered. Metric-based methods (Yin et al. 2010; Klein, Kam-
var, and Manning 2002; Xing et al. 2002; Lange et al. 2005;
Pu, Zhong, and Sebe 2023; Zhang et al. 2023) modify the
pairwise distance such that two instances with a ”must-link”
constraint have a lower distance, and those with a ”’cannot-
link” constraint have a larger distance. Our proposed asso-
ciation is also constraint-based, but the constraints are en-
forced during a threshold-based group merging process, dur-
ing which new categories are allowed to be discovered.

3 Methodology
3.1 Overview

Under Generalized Category Discovery setting, we consider
the problem of clustering images in a dataset among which
a subset has known class labels. Assume the dataset D is
comprised of two parts Dz = {(z;,v:)}Y; € X x Y. and
Dy = {(zi,y:}M, € X x Yy, where Dy is the labeled
subset of /N images whose labels ), are known, and D,
is the unlabeled subset of M images whose labels ), are
not known. Image labels in D, is a superset of image la-
bels in D, ie. YV, C YVy. Given dataset D, the aim is to
correctly recognize and cluster the images in Dy, containing
known and unknown categories. To address the GCD task,
we seek to improve the representation learning by estimat-
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Dataset CUB StanfordCars Aircraft Herbarium19
Estimated class number 76 74 27 228
G.T. class number 100 98 50 342

Table 1: Comparison of class number estimated by pre-
clustering refinement + DBSCAN, v.s. ground truth class
number in labeled subset of training images.

ing reliable semantic groups as the guidance. To this end, we
incorporate the labeled data prior into the association pro-
cess, and design a prior-constrained greedy association algo-
rithm. Such association generates faithful instance groups as
well as class-representative proxies to guide the model rep-
resentation learning. Finally, to exploit the synergy of non-
parametric (prototypical contrastive learning) and paramet-
ric classification, we unify them in one framework by joint
two-stage optimization.

3.2 Limitation of Previous Methods

There have been some recent attempts (Pu, Zhong, and
Sebe 2023; Zhang et al. 2023; Kim et al. 2023; Zhao,
Wen, and Han 2023) at estimating the semantic structure by
semi-supervised clustering or association, so as to provide
stronger and explicit supervision to unlabeled data. Albeit
with acceptable performance, we take a closer look at the
current association designs in GCD and discover that there
exists missing clues and the association can be further opti-
mized with the given labeled data prior.

In GCD task, it is natural to utilize the labeled data from
known categories to assist the association of unlabeled in-
stances. Current association-based methods usually adopt
the labeled data as a pre- or post-clustering refinement. For
pre-clustering refinement, after computing the pairwise dis-
tance of instances, those between known yet different cate-
gories can be directly masked as disconnected. Then the re-
fined distance matrix would be input to a standard clustering
algorithm (Rosvall and Bergstrom 2008; Ester et al. 1996).
For post-clustering refinement, after unsupervised cluster-
ing, the associations between known different categories are
removed as a refinement.

However, both pre- and post-clustering refinement ne-
glect the underlying association process. As Figure 1 shows,
inter-class false association can still occur even after sim-
ple pre/post-refinement. Simply adopting the standard un-
supervised clustering not only fails to address this, but also
keeps the incorrect association of unlabeled instances un-
treated. As an example to verify the problem with pre-
clustering refinement, we use the pre-refined inter-instance
distance matrix as input to DBSCAN clustering (Ester et al.
1996), and compare the predicted pseudo class number of
labeled subset with the ground truth . In Table 1, we ob-
serve that the clustering predicts much less class number
than ground truth, indicating that instances from different
labeled classes have been falsely merged. This demonstrates
that simply masking the distance of labeled classes during
pre-association is insufficient, as these masked instances can
still be mis-connected during association.
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Figure 2: An overview of our method. Non-parametric classification is in the form of prototypical contrastive learning, with
prototypes obtained by the proposed semi-supervised association. Parametric classification follows the implementation of

SimGCD (Wen, Zhao, and Qi 2023).

3.3 Prior-constrained Greedy Association

In an effort to fix the limitations of the existing associa-
tion/clustering in GCD, we propose our prior-constrained
greedy association algorithm. The initial motivation is that
each group should only contain at most one old class. To
ensure the constraint is satisfied, we propose to attend to
each step of the association. While associating instance pairs
in a distance-ascending order, each step goes through a la-
beled prior based validity check to make sure one group con-
tains no more than one old class. After such association, the
generated instance groups are guaranteed to adhere to the
ground truth of labeled subset. An overall pipeline of our
association process is shown in the upper part of Figure 2.

e Hybrid feature extraction. First, we extract feature en-
codings of all training samples using the backbone net-
work f. For the labeled instances, per-category mean
feature is calculated as their class representative proxy.
Then, our prior-constrained greedy association is per-
formed among the initial known-class proxies and the
rest unlabeled instances.

* Pairwise distance computation.With the hybrid features
of initial proxies and unlabeled instances, we compute
their pairwise Jaccard distance (Zhong, Zheng, and Li
2017), and sort the distances in ascending order. Only
pairs whose distance fall below a given threshold € are
kept. Those kept pairs are regarded as the association
candidates P = {(j1, j2), (J3,74), .- }-

* Greedy association with constraint. In order to incorpo-
rate the labeled data prior to constrain the association,
we unfold the association in a pair-wise manner. The
pseudo algorithm for the association is presented in Alg.
1 of Appendix. Starting from the most similar instance-
to-instance (or instance-to-proxy) pair, we obtain the ini-
tial grouping Grp = {0 : (j1,72)}. For the next candi-

date pair (j3, j1), we check for conflicts if this candidate
pair is to be associated; If the group of instance/proxy
J3 contains known category different from the group of
instance/proxy jg4, this candidate pair will not be associ-
ated. The conflict check is performed for every candidate
pair in P. In this way, every step of association updates
the grouping result while still fully respects the ground
truth class relations of labeled data.
Scaling by subset association. The proposed greedy associ-
ation works by gradually associating reliable instances into
cluster groups. This makes it well-suited for fine-grained
datasets like Semantic Shift Benchmark (Vaze et al. 2021),
where each category has a moderate number of images.
When scaling to large-scale datasets or scenarios with many
images per category, we suggest to perform the association
on a randomly sampled subset of unlabeled images. Specif-
ically, at each time of association, a fixed ratio of unla-
beled instances are randomly sampled from all unlabeled in-
stances, and then associated along with labeled known prox-
ies. Such subset association enjoys two benefits: First, it re-
duces the number of per-category images for more effective
association. Second, for large-scale datasets, the computa-
tional cost of association (including pairwise distance com-
putation and greedy association) is significantly reduced.

3.4 Non-parametric Classification

With the semantic groups predicted by the proposed asso-
ciation, we construct a proxy memory K & RCd repre-
senting the feature centroid of each semantic group. At the
same time, instance-to-group relation is also estimated from
the association. To learn the potential semantic structure, we
adopt prototypical contrastive learning paradigm (Wu et al.
2018) taking the proxy memory as the prototypes. Given
an image x;, its d-dimensional feature f(x;) is extracted
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through the backbone network f. After /5-normalization, the
image feature is contrasted with the proxy feature memory,
and the prototypical contrastive loss is computed as:

_ exp } xl)/T)
npa B Z 70 exp K:[]]Tf(]}z)/T)

where K[j] is the j-th entry of the memory, 7 is a temper-
ature factor, B is batch size, and C' is the number of prox-
ies in KC. The contrastive loss defined in Eq. (1) pulls an in-
stance close to the centroid of its group while pushes it away
from the centroids of all other groups. This can be seen as
non-parametric classification with the external proxy mem-
ory serving as the classifier. Feature representation gets en-
hanced through optimizing the similarity relation between
images and the representative proxies.

After each batch forward, the proxy memory features are
updated in a moving-average manner (Xiao et al. 2017) us-
ing the online batch image features:

Klg] = pK[gi] + (1 = p) fo (i), @
where 1 € [0, 1] is an updating rate. To promote the mutual-
beneficial effect of representation learning and data asso-
ciation, the two processes are iteratively performed during
training. Better representation improves the quality of data
association, and the improved association in turn facilitates
stronger representation learning.

As shown in our experiments, prototypical contrastive
learning driven by the proposed data association can serve
as an effective stand-alone GCD framework. One advantage
of it is that it does not require the prior knowledge of the
ground truth class number, offering more flexibility to ap-
plication. Nevertheless, when the ground truth class num-
ber is known, parametric classification (Wen, Zhao, and Qi
2023) can be integrated as a useful complement to the non-
parametric contrastive framework. Next, we briefly intro-
duce the parametric classification, and how the two learning
mechanisms can be integrated into one unified framework
that produces more powerful model.

)

3.5 Joint Non-param. and Param. Classification

Parametric Classification. Following the good practice of
semi-supervised learning, a representation parametric clas-
sification method SimGCD (Wen, Zhao, and Qi 2023) per-
forms self-distillation by mining the prediction consistency
between augmented views, using the sharpened prediction
of one augmented view as the supervision for another view.
The total 10ss Lgimgea includes the cross entropy loss on
the labeled data, self-distillation and entropy maximiza-
tion on both labeled and unlabeled data, as well as batch
supervised/self-supervised contrast (Vaze et al. 2022).

Our association based non-parametric classifier directly
learns the globally estimated semantic groups, and presents
itself as a complement to parametric classifier. However,
combining them in one framework is not so straightforward,
as the two types of classifiers are learned with different
sampling strategy and at different learning paces. Paramet-
ric classifier typically learns at a slower pace, while non-
parametric classifier learns faster due to the characteristic of
non-parametric classification (Xiao et al. 2017).
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To improve the effectiveness of joint learning the two

classifiers, we propose a two-stage training strategy. In the
first “warm-up” stage, we only train the backbone network
with non-parametric classification, to better prepare the net-
work for joint training. In the second stage, the parametric
classifier is added, and a weight § = 0.1 is assigned to the
non-parametric classifier loss to balance the learning. The
training objective of the second stage is the weighted sum of
both classifier loss, i.e. £ = Lgimged + BLrpa-
Discussion. Association based learning has been previously
explored for GCD. For example, DCCL (Pu, Zhong, and
Sebe 2023), GPC (Zhao, Wen, and Han 2023) and Prompt-
CAL (Zhang et al. 2023) all use inter-instance similarity
for grouping or pairwise labeling. And prototypical con-
trastive learning is also adopted by DCCL, GPC and Open-
Con (Sun and Li 2022) to enhance representation learn-
ing. Our method differs from them in two ways: First, we
leverage the labeled data prior in GCD task, and let the
prior constrain the data association process, ensuring that
labeled instances are grouped respecting their label prior.
This enables our association to generate much more reli-
able instance grouping result. Second, we show that non-
parametric classification can be effectively combined with
parametric classifier to further advance the performance in
discovering novel categories.

4 Experiments
4.1 Experimental Setup

Datasets. We perform experiments on four fine-grained
datasets and two generic datasets. Fine-grained datasets in-
clude the Semantic Shift Benchmark (Vaze et al. 2021)
(CUB-200 (Wah et al. 2011), StanfordCars (Krause et al.
2013), Aircraft (Maji et al. 2013)), and one long-tailed
dataset Herbarium19 (Tan et al. 2019). General datasets
include Cifar100 (Krizhevsky, Hinton et al. 2009) and
ImageNet-100 (Deng et al. 2009). Compared to generic
recognition, fine-grained datasets are more challenging due
to small inter-class variation, and reflect many real-world
cases in visual recognition system. Following common set-
tings (Vaze et al. 2022), a subset of all train classes is sam-
pled as the old classes, the rest are new classes. 50% of the
images from known classes are used to construct the labeled
subset D, and the rest images constitute Dy,.

Evaluation metric. In accordance with standard prac-
tice (Vaze et al. 2022), clustering accuracy (ACC) is utilized
to evaluate the model performance. During evaluation, the
predicted label ¢ is compared with the ground truth label y*,

and ACC is calculated as ACC = & S"M 1(yr = p(3;)),
where M = , and p is the best permutation of ¢ to
match the ground truth y*.

Implementation Details. We adopt ViT-B/16 (Dosovitskiy
et al. 2021) pre-trained on DINO (Caron et al. 2021) as the
backbone network. Following GCD (Vaze et al. 2022), only
the last block of the backbone is fine-tuned. Batch size is
128. Llearning rate is 0.01 for the first training stage decayed
with a cosine annealed schedule, and 0.1 for the second stage
of joint training. More implementation details and dataset
statistics can be found in Appendix.




Methods CUB Stanford Cars Aircraft Herbarium19 Cifar100 ImageNet-100
All Old New All Old New All Old New All Old New All Old New All Old New
Ground truth number of classes known
k-means (1967) 343 389 321 128 106 138 160 144 168 130 122 134 520 522 508 727 755 713
RankStats+ (2021) 333 516 242 283 61.8 121 269 364 222 279 558 128 582 77.6 193 37.1 616 248
UNO+ (Fini et al. 2021) 35.1 49.0 28.1 355 705 186 403 564 322 283 537 147 695 806 472 703 950 579
GPC (2023) 520 555 475 382 589 274 433 407 4438 - - - 779 850 63.0 769 943 71.0
GCD (Vazeetal. 2022) 51.3 56.6 487 39.0 57.6 299 450 41.1 469 354 510 270 730 762 665 741 89.8 66.3
XCon (Fei et al. 2022) 52.1 543 510 405 588 31.7 477 444 494 - - - 742 812 603 77.6 935 69.7
DCCL (2023) 635 608 649 43.1 557 362 - - - - - - 753 768 702 805 90.5 76.2
PromptCAL (2023) 629 644 621 502 70.1 406 522 522 523 370 520 289 812 842 753 831 927 783
PIM (2023) 627 757 562 43.1 669 31.6 - - - 423 561 348 783 842 665 831 953 77.0
1GCD (2024) 657 68.0 646 565 68.1 509 538 554 530 458 619 372 - - - - - -
CMS (2024) 682 765 640 569 76.1 476 560 634 523 364 549 264 823 857 755 847 956 79.2
SimGCD (2023) 60.3 656 57.7 538 719 450 542 59.1 518 440 580 364 801 812 778 830 931 779
SimGCDT (2023) 60.8 652 585 538 70.8 456 523 598 486 445 579 373 794 822 739 850 942 803
Ours (param. eval) 67.6 755 637 667 79.1 60.7 595 672 556 47.6 586 41.7 82.0 824 812 863 93.0 83.0
Ours (nonparam. eval) 72,6 752 712 722 834 668 588 0645 560 468 570 414 785 789 77.8 83.0 93.1 78.0
Ground truth number of classes unknown
GCD (Vazeetal. 2022) 51.1 564 484 39.1 58.6 29.7 - - - 372 517 294 708 776 570 779 911 713
GPC (2023) 520 555 475 382 589 274 433 407 448 365 517 279 754 84.6 60.1 753 934 66.7
PIM (2023) 62.0 757 55.1 424 653 313 - - - 420 555 347 756 8l1.6 636 83.0 953 76.9
CMS (2024) 644 682 624 517 689 434 552 60.6 524 374 565 27.1 79.6 832 723 813 956 742
Ours * 699 680 709 705 777 67.0 562 553 567 448 485 428 773 789 741 817 946 752

Table 2: Performance comparison with SOTA methods. Ours (param. eval) and Ours (nonparam. eval): Our full model evaluated
with pseudo label predicted by parametric classification logits, or by the proposed association. Ours*: Our model trained with
only non-parametric loss. T denotes reproduced results. Best and second best results are marked by Bold and underline.

Training | Evaluation | CUB Stanford Cars Aircraft Herbarium19

PcA  Param.Cls 2-stage | A&A Param.Cls | Al Old New All Old New Al Old New All Old New
1 v v 60.8 652 585 53.8 708 456 523 59.8 486 445 579 373
2 Vv v 699 68.0 709 705 777 67.0 562 553 56.7 448 485 428
3 Vv v v v 67.6 755 637 667 79.1 60.7 59.5 672 556 47.6 58.6 41.7
4 v v v 72.6 752 712 722 834 668 588 64.5 560 468 57.0 414
o Vv v v 65.1 707 623 568 743 484 57.1 61.0 552 451 574 385
6 v v 669 720 644 60.0 766 519 548 628 509 441 543 386

Table 3: Ablation study on the main components of our method. ‘PcA’ denotes the proposed Prior-constrained Association.
‘Param. Cls’ denotes the parametric classifier. ‘A& A’ denotes evaluating the model by our Association and Assign.

4.2 Comparison with State of The Arts

In Table 2, we compare with the state-of-the-art GCD meth-
ods under two settings: ground truth number of classes
known or unknown.

Ground truth number of classes known. Under this set-
ting, we combine the association based non-parametric
classification with the parametric classification, where the
ground truth class number is utilized as a prior in the latter.
In Table 2, our proposed method achieves state-of-the-art
performance on fine-grained datasets, whether using para-
metric or non-parametric classifier for evaluation. On CUB
and Stanford Cars, our method surpasses the previous best
method CMS by 4.4% and 15.3% on ‘All’ accuracy. On
generic datasets, our method performs on par with SoTA
methods. Additionally, we notice a consistent improvement
on ‘New’ classes, proving our method is good at discovering
and clustering new categories.

Ground truth number of classes unknown. Not knowing
the ground truth class number is a more practical setting but
causes the model learning to be more challenging. In Ta-
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ble 2, we compare our method with others that does not re-
quire the ground truth class number. The results show that
with solely non-parametric loss, our method achieves much
higher accuracy on all fine-grained datasets, and also deliv-
ers consistent performance on generic datasets. The compar-
isons prove the effectiveness of our method and its flexibility
to work under class-unknown setting.

4.3 Ablation Study

To investigate how each component affects the model per-
formance, we perform ablation experiments and present the
results in Table 3.

Effectiveness of the prior-constrained association. Table
3 (1) lists the accuracy of training and evaluation with para-
metric classifier (Wen, Zhao, and Qi 2023). Compared with
(1), our association based non-parametric classification as
denoted by (2) achieves better performance on each dataset.
Noticeably on CUB and Stanford Cars, (2) improves the All
Acc by 9.1% and 16.7% respectively.

Effectiveness of joint training. The full model indicated



CUB Stanford Cars Aircraft

Association

Al Old New All Old New All Old New
Semi-Kmeans  61.0 50.6 662 497 589 452 382 362 392
Semi-DBSCAN 683 648 70.1 652 747 60.6 47.4 478 472
SemiDBSCAN o\ 598 703 686 77.1 644 537 536 538
w/ constraint
Ours w/o constraint  67.9 1 659 723 629 475 529 447
Ourassociation  69.9 680 709 70.5 777 670 562 553 56.7

Table 4: Comparison of models trained with different as-
sociation algorithms. Semi-Kmeans is proposed in (Vaze
et al. 2022). Semi-DBSCAN is based on the clustering algo-
rithm DBSCAN (Ester et al. 1996) and inter-class distances
among known instances are masked before clustering. Semi-
DBSCAN w/ constraint: adds our proposed prior constraint
into the semi-DBSCAN clustering. Ours w/o constraint: our
association but with the prior constraint removed.

by (3) and (4) jointly trains with association-based non-
parametric classifier and parametric classifier. Compared to
(1) and (2), the result in (3) improves the parametric classi-
fier to a large extent, and the accuracy in (4) also consistently
boosts over the non-parametric classifier alone. This shows
that the joint training is indeed able to benefit both classifiers
by mining their complementarity.

Effectiveness of two-stage training. To validate the neces-
sity of two-stage training, we also provide the results of
jointly training non-parametric and parametric classifier in
one single stage, as indicated by (5) and (6). Compared with
(1) and (2), the single-stage training promotes the accuracy
of parametric classifier, but drops the performance of non-
parametric classifier, indicating that a warming-up stage is
necessary to better prepare the model for joint training.

4.4 Analysis on The Proposed Association

In this subsection, we conduct analysis on the proposed as-
sociation from different aspects. To focus on the association
part, we only adopt the association-based non-parametric
classification loss when reporting the performances.

How does the model perform with other association al-
gorithms? In Table 4, we explore the option of adopt-
ing other common clustering algorithms including Semi-
Kmeans (Vaze et al. 2022) and Semi-DBSCAN (Ester et al.
1996), both during training and evaluation. From the table,
we observe that Semi-DBSCAN shows competitive perfor-
mance compared to Semi-Kmeans, but stills underperforms
the proposed association on all three datasets.

How much contribution does the prior constraint make
in association? The prior constraint serves as the key ele-
ment in our proposed association. We validate its effective-
ness in two ways: First, we demonstrate its integration into
the classic DBSCAN algorithm which merges the instances
greedily. As shown in Table 4, adding the prior constraint
to Semi-DBSCAN leads to steady improvement on all three
datasets, even surpassing our association method on CUB.
This highlights the generalizability of the proposed prior
constraint. With the constraint incorporated, our association
achieves better accuracy than other algorithms on Stanford
Cars and Aircraft.
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Subset CUB Aircraft Cifar100
SIZ& Al Old New All Old New All Old New
100% 69.9 68.0 709 50.8 558 484 744 818 597
50% 608 525 649 562 553 567 77.0 79.6 718
30% 452 418 468 487 387 537 713 789 741
Table 5: Comparison of model performance with different

subset size for association.

700 1 mmm Ground Truth 683

Our prediction

Class Number

] 200 19
I164 I6180

cus Cars

100 g7

Aircraft Cifar100 ImageNet100Herbarium
Dataset

10092 100102

Figure 3: Estimated class number on each dataset.

When is subset association necessary? For large-scale
datasets or when number of images per category is high, we
propose to perform the subset association. To verify the ef-
fect of subset association, we provide in Table 5 the perfor-
mance on representative datasets with subset and full-set as-
sociation. CUB, with an average of 30 images per-category,
shows better accuracy with full-set association, which is rea-
sonable as reducing subset size further leads to insufficient
data for association. In contrast, Aircraft and Cifar100, with
an average of 67 and 500 images per category, benefit from
subset association, likely because our association works best
with a small amount of representative samples, and involv-
ing too many samples per-category brings more noise to as-
sociation, thus harming the performance.

How well can the proposed method predict the class
number? When the non-parametric classification loss is uti-
lized alone, our method does not require the prior knowl-
edge of ground truth class number. In Figure 3, we compare
the estimated v.s. ground truth class numbers. In most cases,
the association generates fewer pseudo classes than ground
truth. Overall, the estimated class number is close to ground
truth, with a maximum error rate of 18%.

5 Conclusion

In this paper, we have proposed a simple yet effective
method for generalized category discovery. By mining the
labeled data prior under GCD setting, we propose a prior-
constrained greedy association algorithm to estimate reliable
semantic groups for representation learning. Assisted by
the association, the non-parametric prototypical contrastive
learning can not only work alone to achieve good perfor-
mance, but also be effectively integrated with the paramet-
ric classifier to mutually benefit each other, leading to fur-
ther enhanced accuracy. Extensive experiments on multiple
benchmarks demonstrate the effectiveness and superiority of
the proposed method.
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