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Generalized Category Discovery: Intro

Given a labelled subset contain seen classes, the task is to 
categorize the unlabelled images, which may belong to both 
seen & unseen classes. 

Labeled dataset Unlabeled dataset

Seen classes Unseen classes



Generalized Category Discovery: Intro

DlDu&
GCD 

methodϕ

Example: 
DINOv2

Combining:  
Supervised & SSL 

contrastive learning

K-means +  
Hungarian matching on Du

[1] Sagar Vaze, Kai Han, Andrea Vedaldi, and Andrew Zisserman. Generalized Category Discovery. In CVPR, 2022.

Typical framework of GCD [1] 

Inference stage



Generalized Category Discovery: Intro

Why do we need these labelled dataset?



Generalized Category Discovery: Intro

Labelled dataset Unlabelled dataset

they serve as the “inductive biases” for the model to 
learn how to categorize the unlabelled data. 

Why do we need these labelled dataset?

Cluster glanularity



Generalized Category Discovery: Intro

Is there other “feature” we can utilize from the data?



Generalized Category Discovery: Intro

Is there other “feature” we can utilize from the data?
Northern CardinalVermilion Flycatcher Yellow-breasted Chat

Part-level corrspondence

We hypothesize that part-level correspondence provide a strong 
signal for the baby to distinguish these known and novel categories



• [GCD, Vaze et al., CVPR’22]:

Generalized Category Discovery: Intro

In fact, some previous GCD works argue  
that part-level observation is important:

“…We find this feature to be useful for this task, because which object parts are important for 
classification is likely to transfer well from the labelled to the unlabelled categories…”

“…We introduce spatial prompt tuning (SPT) as a method to focus on object parts and facilitate 
knowledge transfer between seen and unseen classes…”

• [SPTNet, Wang et al., ICLR’24]:



• [Vaze et al., CVPR 2022]:

Generalized Category Discovery: Intro

In fact, some previous GCD works argue  
that part-level observation is important:

“…We find this feature to be useful for this task, because which object parts are important for 
classification is likely to transfer well from the labelled to the unlabelled categories…”

“…We introduce spatial prompt tuning (SPT) as a method to focus on object parts and facilitate 
knowledge transfer between seen and unseen classes…”

• [Wang et al., ICLR 2024]:

However, recent approaches predominantly rely on global representations derived 
from the [CLS] token of transformer models. 
 
Moreover, these methods does not account for the inherent variability of objects 
parts, such as differing scales, orientations, or varying number of parts due to 
occlusions.

Northern CardinalVermilion Flycatcher Yellow-breasted Chat



Generalized Category Discovery: Intro

These issues necessistate an effective explicit control signal to 
fully harness the potential of part-level observations for GCD!



Generalized Category Discovery: Intro

Vision foundation models demonstrate remarkable generalization across tasks. 

• Additionally, these models excel at extracting high-dimensional patch token 
features that capture detailed and localized semantic information. 

• Unlike the [CLS] token, patch tokens focus on specific parts. Thus, serving 
as an ideal explicit control signal that we need.

Source: DINOv2: Learning Robust Visual Features without Supervision, TMLR 2024

Visualization of the first PCA components.



Generalized Category Discovery: Method

Let’s use this idea to construct these control signal to guide our 
GCD model.

Category 
inductive bias

Part-level 
inductive bias

Cluster glanularity



Generalized Category Discovery: Method
First, given subset of the images, let’s get the PCA projection for both:

• Object PCA: projection to seperate foreground and background. 
• Fine-grained PCA: projection to seperate foreground parts.

Fine-grained PCA

St
ep

 1
: 

ge
t f

itt
ed

 P
C

A
s

Object PCA

wobj Downsample
wfgϕ

vision foundation 
model, e.g., DINOv2



Generalized Category Discovery: Method
First, given subset of the images, let’s get the PCA projection for both:

• Object PCA: projection to seperate foreground and background. 
• Fine-grained PCA: projection to seperate foreground parts.

We downsample it to 
match the number of ViT 

patch tokens
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Generalized Category Discovery: Method
Second, given these PCA projections, we applied it for the rest of the dataset.

Fine-grained PCA

St
ep

 1
: 

ge
t f

itt
ed

 P
C

A
s

Object PCA

wobj Downsample
wfgϕ

 labelsypart
i

DlDu&

Fitted Fitted

wobj DownsampleSt
ep

 2
: 

co
ns

tru
ct

 la
be

ls

wfgϕ

• Object PCA: projection to seperate foreground and background. 
• Fine-grained PCA: projection to seperate foreground parts.



Generalized Category Discovery: Method
Visualization of the constructed part-level correspondence labels:

Step 1: 
get fitted PCAs

Step 2: 
construct labelsDlDu& ϕ
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Generalized Category Discovery: Method
Visualization of the constructed part-level correspondence labels:

Step 1: 
get fitted PCAs

Step 2: 
construct labelsDlDu& ϕ
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Here, we can 
actually perform 

further PCA 
projection on top of 

the current labels
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Visualization of the constructed part-level correspondence labels:

Step 1: 
get fitted PCAs

Step 2: 
construct labelsDlDu& ϕ
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Generalized Category Discovery: Method
Visualization of the constructed part-level correspondence labels:

Step 1: 
get fitted PCAs

Step 2: 
construct labelsDlDu& ϕ
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By having this explicit control signal, 
we do not need to be worry about:
• differing part scales, 

• Part orientations, or 

• varying number of parts 



Generalized Category Discovery: Method

Now, how can we make use of these labels?

Step 1: 
get fitted PCAs

Step 2: 
construct labelsDlDu& ϕ
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Generalized Category Discovery: Method

Introducing PartCo (Part Correspondence) framework
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Generalized Category Discovery: Method

Introducing PartCo (Part Correspondence) framework

DlDu&
GCD 

method

PartCo labels

 +  
ℒpc

ϕA simple framework that can be adapt to any current GCD 
methods.  

Specifically, we only add a part-level correspondence loss 
on top of current GCD methods to induce the part-level 
observation bias.



Generalized Category Discovery: Method
Part Correspondence Loss

(b) Part-level correspondent loss ( )ℒpc
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We employs a simple contrastive loss to enforce part-level correspondence.

Where, same semantic part from the same category are pulled together, 
while different parts are pushed apart.

(a) PartCo framework
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Part Correspondence Loss

(b) Part-level correspondent loss ( )ℒpc

xi

xj

ϕ

ϕ

Share  
weight

Group patch feats. based on  
part-level correspondence

Avg.  
pool 

ψp

ℒpc

ψp

Share  
weight

PartCo
labels

We employs a simple contrastive loss to enforce part-level correspondence.

Where, same semantic part from the same category are pulled together, 
while different parts are pushed apart.

Step 1:  
get patch feats.

Step 2:  
group feats.  
via part label  

Step 3:  
average pool each 

grouped feats
Step 4:  

calculate lossProcedure:
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Generalized Category Discovery: Experiment

To evaluate our proposed approach, we evaluate it following below settings:
• Baseline models (PartCo-): SimGCD (ICCV’ 23) & SelEx (ECCV’24 SOTA) 

• Datasets: SSB finegrained & Generic datasets 

• Metrics: All, Old, New clustering accuracy (%)



Generalized Category Discovery: Experiment

PartCo further enhance all baselines, e.g, SimGCD (~+10%), SPTNet (~+8%), 
FlipClass (~+5%), and SelEx (~+2.4%).
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Generalized Category Discovery: Experiment

PartCo labels  
(1st & 2nd order)

We perform ablation study to assess how “finegrained” thus 
our labels should be. We find that:


1. For finegrained datasets: 1st order is enough.


2. For generic datasets: better to use 2nd order labels.



Generalized Category Discovery: Experiment

We also perform study on the output 
dimension of our part-level projection 
layer. We find that output dim. of 128 
results to better category discovery 
performance.
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Generalized Category Discovery: Experiment

We also perform study on the 
balancing weight parameter of our 
part-level correspondence loss.



Generalized Category Discovery: Conclusion

In this work we show that: 
1. Part-level observation are indeed an effective “vehicle” to transfer 

knowledge between ‘seen’ and ‘unseen’ categories.


2. We developed a novel explicit part-level correspondence framework with 
minimal integration to any GCD methods.


3. Our method achieves SOTA performance on various GCD benchmarks.
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