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• Closed-world Recognition

Introduction – Background

Closed-world Recognition is the task of categorize the classes appearing in the training set.
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• Open-set Recognition

Introduction – Background

Open-set Recognition is the task of detecting whether a test-time image comes from 
a previously ‘unseen’ class.
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• Novel Category Discovery

Introduction – Background

Novel Category Discovery (NCD) is the task of categorizing unlabelled images from unseen classes by 
transferring knowledge from labelled data of seen classes.
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• Generalized Category Discovery

Introduction – Background

Generalized Category Discovery (GCD) extends NCD by categorizing unlabelled images from both seen 
and unseen categories.
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Problem statement

Introduction – Background
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Given a dataset, a subset of which has class labels, categorize all unlabelled images in the dataset. 
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Introduction – Literature review

Fini et al. (ICCV’21)Han et al. (TPAMI’21)

GCD baselines modified from NCD
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Introduction – Literature review

GCD baselines

Non-parametric approach Parametric approach

Wen et al. (ICCV’23)

Parametric Classification for Generalized Category Discovery: A Baseline Study

Xin Wen1* Bingchen Zhao2* Xiaojuan Qi1
1The University of Hong Kong 2University of Edinburgh
{wenxin,xjqi}@eee.hku.hk bingchen.zhao@ed.ac.uk
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Figure 1. Left: building blocks for representation learning or classifier learning; Right: overall abstraction of current works, where ‘!’
separates different stages of the method. Our work builds on GCD [43], and jointly trains a parametric classifier.

Abstract
Generalized Category Discovery (GCD) aims to dis-

cover novel categories in unlabelled datasets using knowl-
edge learned from labelled samples. Previous studies ar-
gued that parametric classifiers are prone to overfitting to
seen categories, and endorsed using a non-parametric clas-
sifier formed with semi-supervised k-means. However, in
this study, we investigate the failure of parametric clas-
sifiers, verify the effectiveness of previous design choices
when high-quality supervision is available, and identify un-
reliable pseudo-labels as a key problem. We demonstrate
that two prediction biases exist: the classifier tends to pre-
dict seen classes more often, and produces an imbalanced
distribution across seen and novel categories. Based on
these findings, we propose a simple yet effective paramet-
ric classification method that benefits from entropy regular-
isation, achieves state-of-the-art performance on multiple
GCD benchmarks and shows strong robustness to unknown
class numbers. We hope the investigation and proposed
simple framework can serve as a strong baseline to facil-
itate future studies in this field. Our code is available at:
https://github.com/CVMI-Lab/SimGCD.

*Equal contribution.

1. Introduction

With large-scale labelled datasets, deep learning meth-
ods can surpass humans in recognising images [25]. How-
ever, it is not always possible to collect large-scale human
annotations for training deep learning models. Therefore,
there is a rich body of recognition models that focus on
learning with a large number of unlabelled data. Among
them, semi-supervised learning (SSL) [33, 5, 38] is re-
garded as a promising approach, yet with the assumption
that labelled instances are provided for each of the cate-
gories the model needs to classify. Generalized category
discovery (GCD) [43] is recently formalised to relax this
assumption by assuming the unlabelled data can also con-
tain similar yet distinct categories from the labelled data.
The goal of GCD is to learn a model that is able to classify
the already-seen categories in the labelled data, and more
importantly, jointly discover the new categories in the unla-
belled data and make correct classifications. Developing a
strong method for this problem could help us better utilise
the easily available large-scale unlabelled datasets.

Previous works [43, 22, 17, 6] approach this problem
from two perspectives: learning generic feature representa-
tions to facilitate the discovery of novel categories, and gen-
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Vaze et al. (CVPR’22)

Generalized Category Discovery

Sagar Vaze? Kai Han† Andrea Vedaldi? Andrew Zisserman?

?Visual Geometry Group, Department of Engineering Science, University of Oxford
†The University of Hong Kong

{sagar,vedaldi,az}@robots.ox.ac.uk kaihanx@hku.hk

Setting: Generalized Category Discovery Method
(1) Feature extraction with vision transformer

(2) Supervised Contrastive (left) & Self-supervised Contrastive (right)

(3) Semi-supervised K-Means Clustering
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Figure 1. We present a new setting: ‘Generalized Category Discovery’ and a method to tackle it. Our setting can be succinctly described
as: given a dataset, a subset of which has class labels, categorize all unlabelled images in the dataset. The unlabelled images may come
from labelled or novel classes. Our method leverages contrastively trained vision transformers to assign labels directly through clustering.

Abstract

In this paper, we consider a highly general image recog-
nition setting wherein, given a labelled and unlabelled set
of images, the task is to categorize all images in the un-
labelled set. Here, the unlabelled images may come from
labelled classes or from novel ones. Existing recognition
methods are not able to deal with this setting, because
they make several restrictive assumptions, such as the un-
labelled instances only coming from known – or unknown
– classes, and the number of unknown classes being known
a-priori. We address the more unconstrained setting, nam-
ing it ‘Generalized Category Discovery’, and challenge all
these assumptions. We first establish strong baselines by
taking state-of-the-art algorithms from novel category dis-
covery and adapting them for this task. Next, we pro-
pose the use of vision transformers with contrastive rep-
resentation learning for this open-world setting. We then
introduce a simple yet effective semi-supervised k-means
method to cluster the unlabelled data into seen and un-
seen classes automatically, substantially outperforming the

baselines. Finally, we also propose a new approach to esti-
mate the number of classes in the unlabelled data. We thor-
oughly evaluate our approach on public datasets for generic
object classification and on fine-grained datasets, lever-
aging the recent Semantic Shift Benchmark suite. Code:
https://www.robots.ox.ac.uk/⇠vgg/research/gcd

1. Introduction

Consider an infant sitting in a car and observing the
world. Object instances will pass the car and, for some of
these, the infant may have been told their category (‘that
is a dog’, ‘that is a car’) and be able to recognize them.
There will also be instances that the infant has not seen be-
fore (cats and bicycles) and, having seen a number of these
instances, we might expect the infant’s visual recognition
system to cluster these into new categories.

This is the problem that we consider in this work: given
an image dataset where only some images are labelled with
their categories, assign a category label to each of the rest
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Research gap

Introduction – Research gap

• Previous studies modifying the input or intermediate features through the addition of extra learnable 
tokens. They do not improve representations for generalization

• Previous studies of GCD focused on model parameters, overlooking the potential of data itself

(c) VPT 
Jia et al. (2022) (d) Bahng et al. (2022)

Menglin Jia, Luming Tang, Bor-Chun Chen, Claire Cardie, Serge Belongie, Bharath Hariharan, and Ser-Nam Lim. Visual prompt tuning. In ECCV, 2022.
Hyojin Bahng, Ali Jahanian, Swami Sankaranarayanan, and Phillip Isola. Exploring visual prompts for adapting large-scale models. ArXiv e-prints, 2022.
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Prior Insight (Vaze et al. (2022))

Introduction – Motivation

Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. Generalized category discovery. In CVPR, 2022.

Our target

• Representations with strong generalization properties achieve better GCD performance

• Object parts are an effective vehicle to transfer knowledge between ‘seen’ and ‘unseen’ categories

(2) Propose data parameters that enable the model to focus on local image object regions

(1) Integrate advantages of both model parameters and data parameters learning for GCD, and 

improve representation from prompted data
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Methodology

Framework

Stage one: Fix F&H and update Ps
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Methodology

Stage two: Fix Ps and update F&H 

Framework
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Methodology

Each stage optimizes the parameters for k iterations.

Framework
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Methodology

Spatial Prompt Tuning (SPT)

Bahng et al. (2022)

VPT 
Jia et al. (2022)

+

Em
bedding 

space

SPT: enables the model to focus on local image object regions, while serving as a learned data 
augmentation for model parameters updating

Recall: object parts are an effective vehicle to transfer knowledge between ‘seen’ and ‘unseen’ categories 

SPT SPT & Global
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Results and Discussion

Dataset statistics

• Generic datasets 

Ø i.e. CIFAR-10, CIFAR-100, and ImageNet-100

• Fine-grained datasets 

Ø i.e. CUB, Stanford Cars, FGVC-Aircraft, and Herbarium-19
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Results and Discussion

Generic datasets

• SPTNet consistently outperforms previous SOTA methods

• Limited gains (i.e. CIFAR-10 / CIFAR-100) caused by extremely low-resolution
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Results and Discussion

Fine-grained datasets

• SPTNet achieves an average proportional improvement of ∼10% across all evaluated datasets in SSB

• SPT assists the model in focusing on details that dominate correctness in fine-grained recognition in GCD



19

Results and Discussion

Ablation objective: Effect of prompt-related techniques

• Existing prompt tuning methods does not yield satisfactory performance, while SPT gives a relatively 

larger improvement of 1.8% on ‘All’ classes

• Alternate training can effectively improve the performance

• After further introducing the global prompts, the performance is further improved
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Results and Discussion

Ablation objective: Effect of different training strategies

b)  End-to-end: both the data parameters and the model parameters are jointly trained

c)  Data first / model first: the prompt / model parameters are optimized first, followed by the model / prompt 

parameters

a)  Finetune: continue finetuning pretrained SimGCD model
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Results and Discussion

Ablation objective: How do prompts affect the representations?

• VPT leads to clutter between seen and unseen classes

• SPTNet and its variant produce more discriminative features and more compact clusters
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Results and Discussion

Ablation objective: How do prompts affect the model’s attention?

• Issue: SimGCD and SimGCD+Global may focus on the same regions and the background regions

• SPT and SPT&Global attend to more diverse regions of the object and focus more on the foreground 
object regions
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Conclusion

• We propose a two-stage alternative optimization scheme, called SPTNet

• Optimizing both model and data parameters, to enhance alignment between the pre-trained model 

and the target task.

• Additionally, we introduce spatial prompt tuning (SPT) as a method to 

• Focusing on object parts and facilitate knowledge transfer between seen and unseen classes

• Yielding extra parameters amounting to only 0.117% of those in the backbone architecture. 
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Thanks for listening!


