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Motivation:

How baby observes and explores the world!
Scene 1: The baby is aware of his own cat and surroundings

Source: Jesse Drifter - Filmmaker, https://youtu.be/OEgGcfjG684 (My Son Met a Horse for the First Time... His Face Says It All &4 @)


https://youtu.be/OEgGcfjG684

Motivation:
How baby observes and explores the world!
Scene 2: The baby is aware of this “thing” he never met before

Source: Jesse Drifter - Filmmaker, https://youtu.be/OEgGcfjG684 (My Son Met a Horse for the First Time... His Face Says It All &4 @)


https://youtu.be/OEgGcfjG684

.r. '

Scene 1 (Known) Scene 2 (Novel)

Motivation:

Thus a robust perception systems should have...

e Awareness of new observations.
 Able to understand & distinguish new concepts.

Source: Jesse Drifter - Filmmaker, https://youtu.be/OEgGcfjG684 (My Son Met a Horse for the First Time... His Face Says It All &4 @)


https://youtu.be/OEgGcfjG684

Enhancing perception systems
with open-world capabilities

@ ——— & e

e Awareness of new observations.
e Able to understand & distinguish new concepts.



Outline of this seminar

(A) Perception task: Generalized Category Discovery (GCD)

= The ability to discover novel categories

(B) Perception task: Continual Category Discovery

= The ability to continually discover novel categories

(C) Generation task: Intrinsic Concept Extraction

= The ability to learn & extract concepts



Task A: Generalized Category Discovery



Generalized Category Discovery: Intro

Labelled known
categories

2 i Unlabelled known

o | categories
|- " I Unlabelled unknown
o | categories

Given a labelled subset contain known classes, the task is to
categorize the unlabelled images, which may belong to both
known and novel classes.



Generalized Category Discovery: Intro

Why do we need these labelled dataset?



Generalized Category Discovery: Intro

Why do we need these labelled dataset?

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




Generalized Category Discovery: Intro

|s there other “feature” we can utilize from the data®?



Generalized Category Discovery: Intro

|s there other “feature” we can utilize from the data®?

Vermilion Flycatcher Yellow-breasted Chat Northern Cardinal
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B © |We hypothesize that part-level
. |observations provide a strong
signal for the baby to distinguish

these known and novel categories



Generalized Category Discovery: Intro

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

e [GCD, Vaze et al., CVPR’22]:

“...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...”

e [SPTNet, Wang et al., ICLR24]:

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



Generalized Category Discovery: Intro

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.

Vermilion Flycatcher Yellow-breasted Chat Northern Cardinal
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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.

Visualization of the first PCA components.

Source: DINOvV2: Learning Robust Visual Features without Supervision, TMLR 2024



Generalized Category Discovery: Method

Let's use this idea to construct these control signal to guide our
GCD model.
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Generalized Category Discovery: Method

Step 1:

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.

AN

5 N " 6 R Object PCA
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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.

Object PCA

A

— ; We downsample it to
match the number of ViT
model, e.g., DINOv2 patch tokens
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Generalized Category Discovery: Method

Second, given these PCA projections, we applied it for the rest of the dataset.

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

Step 1:
get fitted PCAs

Step 2:
construct labels

ylp U abels



Generalized Category Discovery: Method

Visualization of the constructed part-level correspondence labels:

~
Step 1: Step 2: Part-level
Du& Dl get fitted PCAs construct labels - correlsi)boerigence

Fine-grained

Generic
category




Generalized Category Discovery: Method

Visualization of the constructed part-level correspondence labels:

~
Step 1: Step 2: Part-level
Du& Dl get fitted PCAs construct labels - correlsi)boerigence

Fine-grained
category

Here, we can
actually perform

further PCA
projection on top of
the current labels

Generic
category




Generalized Category Discovery: Method

Visualization of the constructed part-level correspondence labels:

~
Step 1: Step 2: Part-level
Du& Dl get fitted PCAs construct labels - correlsi)boerigence

1st znd

Input order order

Fine-grained
category

Generic
category




Generalized Category Discovery: Method

Visualization of the constructed part-level correspondence labels:

Step 1: Step 2: — c()rlr)easr tgflxc,leelnce
get fitted PCAs construct labels lfbels

By having this explicit control signal,
we do not need to be worry about:

 differing part scales,
 Part orientations, or
e varying number of parts

Fine-grained

Generic




Generalized Category Discovery: Method

Part-level

Step 1: Step 2: |
get fitted PCAs construct labels correlsi)boeriglence

Now, how can we make use of these labels?



Generalized Category Discovery: Method

Introducing PartCo (Part Correspondence) framework




Generalized Category Discovery: Method

Introducing PartCo (Part Correspondence) framework

A 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

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.

(b) Part-level correspondent loss (SZPC)



Generalized Category Discovery: Method

Part Correspondence Loss

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

(b) Part-level correspondent loss (SZPC)

: Step 2: Step 3: _
Step 1. Step 4.
get patch feats. via part label grouped feats calculate loss



Generalized Category Discovery: Experiment

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

e Datasets: SSB finegrained & Generic datasets patast D] M D) K
CUB [11] | 1.5K 100 4.5K 200
* Metrics: All, Old, New clustering accuracy (%) pivcamenh 176 0 SOk 100
CIFARI10 | 14] 12.5K 5 37.5K 10
CIFAR100 [14] 20.0K 30 30.0K 100
ImageNet-100 [15] 31.9K 50 953K 100
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Generalized Category Discovery: Experiment

CUB Stanford-Cars FGVC-Aircraft Average
Method Venue Backbone All OIld New All Old New All Old New New
k-means - DINOv2 676 60.6 71.1 294 245 31.8 189 169 199 40.0
SimGCD ICCV’23 DINOv2 715 78.1 68.3 71.5 819 66.6 639 699 609 65.3
PartCo-SimGCD Qurs DINOv2 81.1 824 80.5 789 915 728 76.5 809 744 75.9
SPTNet ICLR’24 DINOv2 763 795 746 723 82.0 67.5 680 752 609 67.6
PartCo-SPTNet Ours DINOv2 82.6 82.3 81.8 80.1 92.0 73.5 78.6 77.6 79.0 78.1
FlipClass NeurlPS’24 DINOv2 793 80.7 78.5 780 88.0 732 71.1 75.1 69.1 73.6
PartCo-FlipClass QOurs DINOv2 85.2 86.3 84.7 805 92.7 74.6 771 78.5 764 78.6
SelEx ECCV’24 DINOv2 874 85.1 88.5 82.2 93.7 76.7 79.8 82.3 78.6 81.3
PartCo-SelEx Ours DINOv2 90.6 84.5 93.2 825 91.8 78.0 834 83.6 833 84.8

PartCo further enhance all baselines, e.g, SImGCD (~+10%), SPTNet (~+8%),
FlipClass (~+5%), and SelEx (~+2.4%).



Generalized Category Discovery: Experiment

Table 1. Comparison of GCD methods on the SSB benchmark. Results are reported in ACC acrass the "All’, ‘Old’ and ‘New’ categories.

CUB Stanford-Cars FGVC-Aircraft Average

Method Yenue Backbone All Old New All Old New All Old New All Old New
k-means - DINOvZ 676 606 71.1 294 245 31.8 189 169 199 386 34.0 40.0
GCD CVPR’22 DINOv2Z 719 712 723 657 678 647 554 479 59.2 643 623 654
pGCD NeurIPS’23 DINOv2Z 740 759 73.1 76.1 910 68.9 66.3 687 65.1 721 TR6 69.0
CiPR TMLR DINOvZ 783 734 808 667 770 61.8 - = - = = -

ProtoGCD TPAMI DINOvZ 757 81,5 729 776 905 7T1.5 71.1 76.3 68.5 748 827 71.0
APL CVPR’25 DINOvZ 75.1 79.1 73.2 734 87.6 066.7 68.8 74.1 060.6 72.4 80.3 068.8
AFGCD ICCV’25 DINOvZ 765 77.3 76.0 755 862 703 68.1 759 64.1 734 798 70.1
DebGCD ICLR’25 DINOv2Z 775 808 758 754 877 695 719 760 69.8 749 815 71.7
MOS CVYPR’25 DINOv2 81.1 821 806 755 896 687 6.7 78.1 635.5 754 833 71.6
PartGCD TMM DINOv2Z 776 806 76.1 782 887 73.1 71.1 756 68.8 75.6 8l.6 72.7
SEAL NeurIPS’25 DINOv2Z 767 783 759 777 887 724 936 732 153 763 BO.1 74.5
RLCD TICML.’ 25 DINOv2 787 795 783 795 91.8 735 726 773 70.3 769 829 74.0
ANGCD ICCV’25 DINOv2Z 784 828 76.2 762 883 704 - - - - - -

Hyp-SimGCD CVPR’25 DINOvZ 776 779 774 825 85.8 R81.0 764 703 794 78.8 78.0 793
ConGCD-SelEx 1CCV’25 DINOvZ 863 874 858 798 931 733 81.7 83.3 R1.0 82.6 87.9 R0.0
NCGCD-SelEx NeurlPS’25 DINOv2 879 853 89.2 1.1 909 793 83.1 883 K25 84.0 8.2 837
Hyp-SelEx CVPR’25 DINOvZ 90.7 853 934 83.8 933 792 83.4 82.0 &4.1 86.0 86.9 ¥5.5
SimGCD ICCV'23 DINOv2 715 781 683 715 819 66.6 639 699 60.9 69.0 76.6 653
PartCo-SimGCD  Qwurs DINOv2 81.1 824 80.5 789 915 728 76.5 809 744 788 849 759
SPTNet ICLLR24 DINOvZ 763 795 746 723 82.0 67.5 68.0 75.2 60.9 722 789 67.6
PartCo-SPTNet Ours DINOvZ 826 823 818 80.1 920 735 786 77.6 790 804 840 78.1
FlipClass NeurlPS’24 DINOv2Z 793 80.7 78.5 780 880 73.2 71.1 75.1 69.1 76.1 813 736
PartCo-IlipClass  Qurs DINOyv2 85.2 863 84.7 80.5 927 74.6 771 785 764 809 858 78.6
SelEx ECCV'24 DINOv2Z 874 85.1 88.5 822 937 76.7 798 823 78.6 83.1 87.0 81.3
PartCo-SelEx QOurs DINOvZ 906 845 93.2 825 918 78.0 834 83.6 833 855 866 84.8
k-means - DINOvZ 698 647 723 590 508 063.1 403 353 4238 564 503 594
SImGCD 1ICCV’23 DINOv3 759 838 720 739 794 7T1.3 714 844 65.0 737 825 694
PartCo-SiImGCD  Qurs DINOv 788 834 76.6 785 86.5 74.6 75.3 816 72.2 775 838 745
SelEx ECCV'24 DINOv3d 835 781 862 788 903 733 739 773 724 787 819 773
PartCo-SelEx Ours DINOvd 861 844 870 81.7 921 76.6 769 822 742 81.6 862 793




Generalized Category Discovery: Experiment

Table 2. Companson of GCD methods on the generic benchmark. Results are reported in ACC across the “All’, ‘Old’ and ‘New’ categories.

CIFARI10 CIFAR100 ImageNet-100 Average
Method Venue Backbone  All 0Old New All Old New All 0Old New All Old New
k-means - DINOv2Z 949 952 948 709 708 72.1 783 805 772 814 822 814
GCD CVPR’22 DINOv2 978 99.0 97.1 79.6 84.5 699 78.5 895 73.0 85.3 91.0 20.0
AMEND WACV’24 DINOv2 977 96.6 ©98.3 83.5 83.0 B84.5 87.3 95.1 834 89.5 91.6 B88.7
CiPR TMLR DINOv2 99(0 98.7 092 90.3 890 931 882 876 RK&S 025 O91.8 036
SPTNet ICLLR'24 DINOv2 989 901 0OKRR 90 915 792 00.1 96.1 R7.1 027 956 R84
FlipClass NeurIPS’'24 DINOv2 990 982 994 917 904 942 010 963 883 030 950 940
DebGCD ICLR’25 DINOv2 989 975 996 90.1 909 886 032 970 912 041 95.1 093.1
SEAL NeurIPS’25 DINOv2 989 98.1 993 898 904 895 01.3 933 903 033 939 030
RLCD ICML’25 DINOv2Z 990 989 991 91.2 912 912 9021 962 900 941 954 934
Hyp-SimGCD CVPR’25 DINOv2 989 97.7 99.5 91.5 90.0 94.6 91.9 96.2 893 94.1 94.6 94.6
Hyp-SelEx CVPR’25 DINOv2 98.6 98.1 98.9 88.6 91.5 828 92.3 964 902 93.2 95.3 90.6
SimGCD ICCV’23 DINOv2 98.7 96.7 99.7 88.5 89.2 87.2 899 955 R87.1 9024 938 913
PartCo-SiImGCD  Owrs DINOvZ 990 98.7 992 89.0 920 83.0 90.1 920 89Y.2 92.7 94.2 904
SelEx ECCV’24 DINOv2 985 988 985S 87.7 908 81.5 009 962 883 024 953 894
PartCo-SellEx Ours DINOv2 992 994 98.9 90.0 928 843 945 978 928 946 96.7 920
k-means - DINOv3 94,1 95.1 93.6 65.5 664 63.5 78.3 78.3 78.3 79.3 799 78.5
SimGCD ICCV’23 DINOvZ 084 98.7 082 843 883 7413 022 965 900 016 948 R87.5
PartCo-SImGCD Ours DINOv 989 082 993 85.0 889 771 937 965 923 025 945 896
SellEx ECCV’24 DINOv3 98.2 99.0 97.7 87.7 88.7 B8S5.7 034 969 91.6 03.1 949 91.6
PartCo-SelEx Ours DINOv33 983 991 979 90.2 91.7 87.0 93.8 966 924 94.1 958 924
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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.

CUB

All

Old New

Stanford-Cars

All

Old

New

793
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79.8
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76.7
32.4
30.7
83.1

80.6
80.5
79.4
73.7

76.9
78.9
76.4
75.6

88.3
91.5
90.5
87.5

71.4
72.8
69.7
69.9




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.



Task B: Continual Category Discovery



Continual Category Discovery: Intro

Continual Category Discovery

Labelled data Unlabelled data Unlabelled data Unlabelled data

Known
category

Unlabelled
unknown

category

= Unlabelled

= known
* category

Time step t=0 t=1 t =2 t=T

In CCD, we ...

(1) first train the model with a labelled dataset

(2) subsequently discover novel categories from a continuous stream of
unlabelled data.



Continual Category Discovery: Intro

Continual Category Discovery

Labelled data Unlabelled data Unlabelled data Unlabelled data

Known
category

Unlabelled
unknown

category

= Unlabelled
known
* category

Time step t=0 t=1 t =2 t=T

Learning from

labelled data Discovering known and novel categories from unlabelled data

Challenges 1. Category 2. Catasthrophic 3. Category number
discovery forgetting estimation



Continual Category Discovery: Background

Foundation Model

Labelled data Unlabelled data

Input: X X; Input: X X;

Generalized Category Discovery (GCD)

Contrastive / Parametric Loss

< Projection ¢ < .
Projection ¢ Zi, —f

e |n GCD, given a dataset, a subset of which
has class labels, the model is tasked to
categorize all unlabelled images.

Class label Y;

Prompt-based Supervised Continual Learning

—>  Classifier —» Class prediction ~ ® 1he model leverages a prompt pool (e.g.,
l L2P, Dual Prompt) to guide a foundation

model in supervised continual learning.

Prompt Pool

Cross Entrophy Loss

4 T ¢ |t extracts feature queries to retrieve top-k
QOuery Y relevant propts from the pool, which, along
function fye P D G with class labels, are used to supervised
the model.



Continual Category Discovery: Background

Neither method is effective in CCD because only unlabelled data is
available during the discovery stage. Furthermore, the unlabelled data may
contain categories not present in the initial labelled set.



Continual Category Discovery: Background

Therefore, we propose a baseline model for CCD, named, PromptCCD-B
(baseline) to adapt vision foundation model with prompt pool modules,

e.g., L2P & DP for CCD task:
PromptCCD-B
(Baseline)

0

Timestep
Labelled data
S
X
3 3
=

N L 4
.....

Timestep > 0
Unlabelled data
S
X

~
S

~ v
''''''



Continual Category Discovery: Background

Preliminary results of PromptCCD-B (baseline) by repurposing DINO
model with recent prompt pool modules, e.qg., L2P & DP for CCD task:

PromptCCD-B
(Baseline) CCD comparison results between frozen DINO & the
m " X " "
S PromptCCD-B with different variants of prompt pool designs.
o
oy CIFAR100 ImageNet-100
q.> -O Prom Z‘ ) 4 AUL mag(‘. Ch VAN
5 O Model 1 : :
& D poo Method All Old New All Old Neuw
E o S L. e Frozen DINO 56.45 68.10 53.21 67.25 73.25 65.44
—l top-k prompts PromptCCD-B w/L2P (Ours) 51.69 + 6.3 67.27 + 8.7 46.14 4+ 6.1 66.14 &+ 2.3 81.05 £ 1.5 61.36 + 3.2
PromptCCD-B «/DP (Ours) 59.60 + 1.2 78.93 + 1.354.14 + 1.6 70.64 + 1.3 83.46 + 0.4 67.24 + 1.8
o ®© TinylinageNet CUB
N '8 Method All Old New All Old New
o E Model Prompt Frozen DINO 49.25 59.21 45.94 39.21 68.29 30.86
I oae pool PromptCCD-B w/L2P (Qurs) 56.66 & 0.4 66.05 + 0.8 53.60 + 0.4 51.31 + 1.0 72.43 & 1.0 44.27 + 1.4
g -C% . L* PromptCCD-B w/DP (Ours) 58.61 + 1.5 66.61 + 0.6 55.84 + 1.7 56.30 4 1.1 78.64 + 1.7 48.91 £ 1.1
~ :C) top:k-p;‘o;npts



Continual Category Discovery: Background

Limitation of current baseline

® Lack of explicit guidance (labels) may

iIntroduce bias when discovering categories Ablation study on the prompt
from the continuous unlabelled data stream. pool size using CUB datasets
w/ L2P w/ DP

® Fixed-size prompt pool limits scalability.

: : Pool Size All QOld New All Old New
The ablation study shows that changing the

48.69 70.1241.51 55.54 77.78 48.21

r

. e r
_number of pool size does not significantly N [*yrpel Masiea
impact the CCD performance, even when the 290  49.32 70.6042.29 55.41 76.31 48.18
size matches the total classes in the CUB 40  48.59 69.26 41.43 53.97 77.38 46.26
dataset. 100 51.84 73.0944.39 55.12 77.26 47.82

200 49.40 71.7941.94 54.54 79.05 46.29

® [here is no mechanism to estimate the
number of categories, which is a crucial and
under-explored challenge in CCD task.



Continual Category Discovery: Method

Our solution: to design a Gaussian Mixture Prompting Module (GMP)

Gaussian
Mixture Prompt Pool

*
*

*



Continual Category Discovery: Method

Our solution: to design a Gaussian Mixture Prompting Module (GMP)

Gaussian
Mixture Prompt Pool

*
*

*

Our GMP learns a parameter-efficient, learnable GMM as a pool of prompts,
leading to a new framework, called PromptCCD.



Continual Category Discovery: Method

GMP’s prompts vs others

e Unlike other prompt pools, GMP’s prompt serves dual
~ Gaussian roles, i.e,. (1) prompt to Instruct and (2) prompt as
Mixture Prompt Pool . . . .
a class prototype (explicit guidance, which is not

true for other prompt pool design).
*

. e GMP module generates samples to preserved the

. learned class prototypes for next incremental stage.

e GMP module enables on-the-fly category number
estimation during discovery.



Continual Category Discovery: Method

: PromptCCD framework for Continual Category Discovery :
. o .
: -3 Projection ¢ < :
'8 — Gaussian Foundation Model J | ! v :
a4 = Samples ¥ Mixture p < Contrastive Loss :
VA o p DT rompt , :
: 2 Stage ¢ rompi 00 Projection d) Zi | :
O 1 :
'.' Input: X X :
r \

Prototype Foundation Model

o0
R=
a Sampl
ampies :
= GMM 4 Gaussian A
5 O —ﬂ . k— QUCl'y. Z, .
& 2 Samples Mixture Prompt Pool
o O S 1 Estimate Log. Prob. of
- 2 tage [ — Query B w.rt GMM S N o
i~ * Vision lransformer Blocks [,
M n Ji
foam-T
= 5 *
- _
8~ On-The-fly * ;
72 Category Estimator * SR
2 0 B e BN o Embedding laver f
= : Biop ke * 1 nbedding layer f )
ds) Split Merge . * y
mi Class Token : Patch Tokens : Prompt Tokens : Components Means g;  4mpls: Stop Gradient A



Continual Category Discovery: Experiments

Stages C100 (28] IN-100 [43] Tiny [30] C-101 [12] Aircraft [35] SCars [27] CUB [48

C + C + C + C + C + C + C +
Stage 0 (D') 70 30.45K 70 77.46K 140 60.90K 71 470K 70 198K 130 4.62K 140 3.65K
Stage 1 (D7) 80 595K 80 15.14K 160 11.90K 81 0.73K 80 037K 152 0.98K 160 0.71K
Stage 2 (D3) 90 6.55K 90 16.66K 180 13.10K 91 0.65K 90 043K 174 1.13K 180 0.79K
Stage 3 (D3) 100 7.05K 100 17.94K 200 14.10K 101 1.12K 100 O0.55K 196 1.38K 200 0.85K

CCD datasets & splits Class splits D! D* D¥ D
e Above table shows the statistics of the {y; | y: <0.7%|V|} 87% ™% 3% 3%
CCD benchmarks datasets. (107 V| <9: <081V} 0% 70% 20% 10%

 While the table on right side shows how {y: 08 |Y| <y: <09%|Y[} 0% 0% 90% 10%
we split the classes for each stages. (0: 10.9% V| <wi < |V} 0% 0% 0% 100%




Continual Category Discovery: Experiments

Variants of PromptCCD

e Comparison with PromptCCD
variants and frozen DINO: This
table further highlights the need
to adapt foundation models for
CCD.

e Performance: Our PromptCCD
w/GMP consistently outperforms
other models.

CCD results comparison between fronzen DINO, PromptCCD-B,
and our proposed PromptCCD w/ GMP

CIFAR100 ImageNet-100
Method All Old New All Old New
Frozen DINO 56.45 68.10 53.21 67.20 132D 65.44
PromptCCD-B w/L2P (Ours) 51.59 + 6.3 67.27 + 8.7 46.14 + 6.1 66.14 + 2.3 81.05 + 1.5 61.36 + 3.2

PromptCCD-B w/DP (Ours) 59.60 £ 1.2 78,93 £+ 1.354.14 + 1.6 70.64 = 1.3 83.46 = 0.4 67.24 & 1.8
PromptCCD w/GMP (Ours) 63.97 &+ 1.4 76.67 &+ 2.6 60.01 &= 1.7 756.38 = 0.7 81.16 = 0.7 73.71 + 0.8

TinylmageNet CUB
Method All Old New All Old New
Frozen DINQO 419.235 09.21 45.94 39.21 6&.29 30.86

PromptCCD-B w/L2P (Ours) 56.66 + 0.4 66.05 + 0.8 53.69 £ 0.4 51.31 = 1.0 72.43 + 1.044.27 £ 1.4
PromptCCD-B w/DP (Ours) 58.61 +£ 1.5 66.61 + 0.6 55.84 + 1.7 56.30 = 1.1 78.64 + 1.7 48.91 + 1.1
PromptCCD w/GMP (Ours) 61.15 + 1.0 66.29 + 2.0 58.83 + 1.0 56.65 = 1.0 79.88 + 2.5 48.96 + 0.8




Continual Category Discovery: Experiments

CCD benchmark results

e Comparison with other
representative CCD and

GCD methods for CCD task.

e Experiment on different
datasets (generic &
finegrained) and foundation
(pretrained) models.

e Evaluate using cACC metric.

e QOverall, our PromptCCD w/
GMP outperforms other
approaches across all
datasets.

CIFAR100 ImageNet-100 TinyImageNet Caltech-101

Method Pretrained Model All Old New All Old New All Old New All Old New
ORCA DINO 60.91 66.61 58.33 40.29 45.85 35.40 54.71 63.1351.93 76.77 82.80 73.20
GCD DINO 58.18 72.27 52.83 69.41 81.56 65.65 55.20 65.87 51.61 78.27 86.60 72.92
SimGCD DINO 25.06 38.76 20.43 31.38 40.47 27.44 33.40 29.11 34.74 33.65 37.53 31.62
GCD w/replay DINO 49.93 73.1541.47 72.04 83.7569.01 56.33 67.54 52.60 76.51 86.14 72.48
SimGCD w/replay DINO 40.13 66.72 30.91 47.53 67.86 39.18 37.45 58.1530.36 49.38 52.72 47.99
Grow & Merge DINO 57.43 63.68 55.31 67.84 75.10 66.60 52.14 59.68 49.96 75.75 83.66 71.59
MetaGCD DINO 00.49 69.38 48.98 66.41 80.54 60.65 §5.26 66.12 50.79 80.75 &9.02 75.86
PA-CGCD DINO AR.25 R7.11 49.04 64.79 91.15 57.83 51.13 74.9543.52 77.96 94.75 69.66
PromptCCD w/GMP (Ours) DINO 64.17 75.57 60.34 76.16 81.76 74.35 61.84 66.54 60.26 82.44 89.08 79.72
GCD DINOv2 65.35 77.06 60.46 T71.58 83.02 68.05 §59.05 77.44 53.41 83.00 88.65 79.80
MetaGCD DINOv2 52.10 79.64 43.13 70.20 82.62 64.66 56.15 74.69 49.37 83.05 88.08 80.89
PA-CGCD DINOv2 54.36 79.19 45.65 74.82 88.20 72.02 52.10 68.07 46.32 83.06 94.07 77.55
PromptCCD w/GMP (Ours) DINOv2 69.73 78.01 66.16 76.28 82.61 74.53 68.20 75.56 65.23 83.86 87.93 81.42

Aircraft Stanford Cars CUB Avg. results

Method Pretrained Model All Old New All Old New All Old New All Old New
ORCA DINO 30.77 25.71 32.44 20.79 33.40 17.60 41.73 66.19 34.14 46.57 54.81 43.29
GCD DINO 47.37 61.43 42.53 39.21 58.29 33.45 54.98 75.47 48.15 57.52 71.64 52.45
SimGCD DINO 290.03 35.72 25.61 21.01 40.93 16.48 39.89 59.25 33.75 30.56 40.25 27.15
GCD w/replay DINO 45.63 62.38 39.89 39.87 58.18 33.89 54.66 74.6447.81 56.42 72.25 51.02
SimGCD w/replay DINO 37.44 61.43 28.96 22.76 49.04 16.65 42.08 72.6531.92 39.54 61.22 32.28
Grow & Merge DINO 31.06 33.33 30.78 21.90 35.29 18.17 38.87 65.00 30.29 49.28 59.39 46.10
MetaGCD DINO 44.63 59.05 39.39 35.98 56.97 29.96 44.59 74.40 35.40 54.73 70.78 48.72
PA-CGCD DINO 48.24 73.09 40.60 43.88 80.43 33.54 52.48 77.26 44.74 56.68 82.68 4842
PromptCCD w/GMP (Ours) DINO 52.64 60.48 50.23 44.07 66.36 36.83 55.45 75.48 48.56 62.40 73.61 58.62
GCD DINOv2 57.87 63.80 55.39 58.52 71.65 53.80 66.70 83.33 60.81 66.01 77.85 61.67
MetaGCD DINOv2 04.90 64.29 52.08 57.16 71.87 52.01 62.19 &2.50 9556.13 62.25 77.67 56.75
PA-CGCD DINOv2 58.15 77.62 51.08 64.91 89.64 57.84 66.88 92.62 58.48 64.90 84.20 58.42
PromptCCD w/GMP (Ours) DINOv2 62.71 68.33 60.82 65.08 76.60 60.75 67.81 81.5562.81 70.52 T78.66 67.39




Continual Category Discovery: Experiments

CCD benchmark results
(when category number is unknown)
Est. method CIFAR100 ImageNet-100 TinyImageNet CUB
Category discovery at stage --» 1 2 3 1 2 3 1 2 3 1 2 3
Estimated category C GPC 85 100 115 83 98 113 155 170 185 161 180 198
Ground truth category — 80 90 100 80 90 100 160 180 200 160 180 200
Methods All  Old New All Old New All Old New All Old New
GCD GPC 03.78 T74.00 46.37 68.50 82.00 63.96 556.28 656.04 52.15 50.69 72.43 43.16
Grow & Merge GPC 53.33 66.64 49.61 66.40 74.52 64.01 52.40 57.87 51.00 38.12 62.21 30.00
MetaGCD GPC 47.55 70.79 38.57 63.48 80.82 56.28 56.21 68.33 50.99 44.30 70.69 35.83
PA-CGCD GPC 55.66 90.21 44.99 66.74 91.28 58.97 50.65 72.44 43.38 52.27 76.38 44.24

PromptCCD-U w/GMP (Ours) GPC 59.12 77.62 53.70 70.12 81.84 66.12 57.76 64.57 55.37 55.20 73.19 48.82

® \When the class number in the unlabelled stream of data is unknown, we introduce
PromptCCD-U, by incorporating a GMM-based on-the-fly category estimation method in
our GMP module.

4 4 4

Salit Merge
=od> =—p

> > > >

® As our GMP module is based on Gaussian Mixture Model (GMM), we incorporate the
GMM-based category number estimation method in our framework. Specifically, the idea is
to automatically splitting and merging the GMM's clusters during learning by assessing
the cluster’'s compactness and separability using MCMC algorithm.

® For the sake comparison, we also compare our method with others by directly using the
estimated category number from our model.
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CIFAR100 Avg. ACC ImageNet-100 Avg. ACC top-k “Gl\/ﬂ\'I C100 Avg. ACC CUR Avg.‘ ACC Matkiod Prompt All Old New
PromptCCD All Old New All Old New Prompts Samples All. Old New All Old New
w/o GMP 58.18  72.27 52.83 6941  81.56 65.65 0 0 58.18 72.27 52.83 54.98 75.47 48.15 G&M w/o GMP 57.43 63.68 55.31
GMP (random-k)  59.98 7381 %5% 5568 %55 830 80.09 %" 63.50%1° _ G&M w/CGMP 61.14 64.94 59.10
GMP (top-k) (Ours) 64.17 75.57'**” 60.34' "** 76.16 81.76 '"*“ 74.35 *7° D 0 =8 714080799 93.04 T4.28 46.47 & /
TinyTmageNet Avg. ACC CUR Avg. ACC E 20 62.21 Z?-“ 57-9(;' 04.37 :‘1-8:‘3 46.41 MetaGCD w/o GMP 55.49 69.38 48.98
PT‘O]TI]’)T.CCT) All Old N e All Old TR U 200 6100 i 2'16 5708 5167 1333 4408 I\IetaGCD w/Gl\IP 58.99 69.69 54.29
, = — — — 2 100 61.39 73.04 57.64 53.36 73.45 46.04
w/o GMP 5520 6587 5161 5498 7547 4815 - 100 B4.17 75.57 60.34 BB.45 7548 48 55 PromptCCD w/o GMP 58.18 72.27 52.83
GMP (random-k)  55.69 63.95 1Y% 52.52'9YL 5146 73.10%°7 43.90*<° 9 100 ’ (2.9¢ OU.H~ ‘ (0.43 40,
GMP (top-k) (Ours) 61.84 66.347%%7 §0.2675%5 55.45 75.481°-91 485601 10 100 61.03 72.91 56.97 52.76 T1.67 46.02 PromptCCD w/GMP 64.17 75.57 60.34

Model analysis
o Lefttable: to validate the effectiveness of using top-k prompts.

e Middle table: The choices of number for top-k prompts and
GMM samples

 Right table: Improving other CCD methods with our GMP.



Continual Category Discovery: Conclusion

e PromptCCD: A novel prompt learning framework for CCD, adapting vision
foundation models to address CCD.

e Gaussian Mixture Prompting (GMP): A specialized prompting module for CCD
utilizing learnable GMM as a pool of prompts. Additionally, GMP enables on-the-
fly category estimation making it well suited for handling CCD task.

e Performance: PromptCCD achieves state of the art results in CCD benchmark.



Task C: Intrinsic Concept Extraction



Intrinsic Concept Extraction (ICE): Intro

Object-level Intrinsic concepts
e.g., colour, category,
material

Target regions concepts

Given a single image, ICE aims at extracting object-level concepts and
the underlying intrinsic attributes such as:

Semantic category, colour, and material



Intrinsic Concept Extraction: Intro

Harnessing Diffusion Models for ICE

Thus, instead of generating images from text prompt (left image), we
would like leverage a T2l diffusion model exclusively for ICE (right image).

Text prompt

T21 2
Ditfusion Model

(a) Vanilla T2I generation




Intrinsic Concept Extraction: Intro

Harnessing Diffusion Models for ICE

Thus, instead of generating images from text prompt (left image), we
would like leverage a T2l diffusion model exclusively for ICE (right image).

Text prompt

| T21 3% |
Diffusion Model

(a) Vanilla T2I generation

extracted concepts as
text placeholders tokens

} Here, we represent the




Intrinsic Concept Extraction: Intro

Harnessing Diffusion Models for ICE

|ICE task is under the umbrella of the image personalization task. But it differs on:

(1) handling multiple objects, (2) concepts coverage, and (3) fully unsupervised

Table 1. Comparison of ICE and relevant works.

Learned concept(s) Framework details
Method Object-level Intrinsic Mula Single Extra
concepts concepts concepts 1mage  information

Textual Inversion [9] v ~ X X

Dreambooth [28] v ~ X X

Inspiration Tree [34] X v ] X

Langlnt [17] v v A 4 VQA-guided

Break-A-Scene [1] 4 X v v Mask Here, we represent the

MCPL [15] v X v 4 Text } extracted concepts as

ConceptExpress [11] v’ X v v - text placeholders tokens
v v’ v v

ICE (Ours)




Intrinsic Concept Extraction: Intro
Why concept extraction?

ICE provides a detailled and interpretable representation of visual
elements in an image, allowing for versatile generative applications

Extracted intrinsic concepts
e.g., colour, category,
material




Intrinsic Concept Extraction: Intro

Why concept extraction?

ICE provides a detailled and interpretable representation of visual
elements in an image, allowing for versatile generative applications

Extracted intrinsic concepts
e.g., colour, category,
material

7 9 i T2I % o
& Black™ =®| piffusion Model [~

| Ditffusion Model

| Ditfusion Model




Intrinsic Concept Extraction: Method

ICE framework

The proposed ICE framework operates through a two-stage architecture:
» Stage One: Automatic Concept Localization via frozen T2I Diffusion

» Stage Two: Structured Concept Learning via T2l Diffusion finetuning

Input image Extracted concepts

Stage Two:
Structured
Concept Learning
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Stage One: Automatic Concept Localization

Stage One’s use case diagram

“creature’”
. - Automatic Concept : ‘

InPUt- dn image [.ocalization "

Output:

° ObjeCt maSkS LELLEL T U pdate lmage ---------------- :‘-...
o T R

* ODbject categories Automatic Concept

[ocalization

o B R |
': 3 4_{_,_,‘ '\':‘-'\.;. : »..«;
-‘ ' D ', NG - '-_!.' / \
Eege, ) .
¥ ‘| -
| |
| |
Update i .
S E E EEEEEEEEEEEEEEEEEEETR t IIIIIIIIIIIIIIIIIIIII
: 'pdate image
. €¢
P
\ u!‘ " :‘ |
B
>

Automatic Concept
[Localization




Intrinsic Concept Extraction: Method

Stage One: Automatic Concept Localization

Stage One’s use case diagram . = Top-1 retrieved
L 1 —
| ) Image to-Text Remever 7 fext-based conceni

creature

Segmentor &
via 121 ﬂ‘:

Automatic Concept
Localization

mesmmssmsssssamsansenns .| ()rIJdCll‘(:' image I....................E - - *ll@?’atc untlz no
Y “bowl”’ 0[)_]6(,'? left in the

Automatic Concept image

— Mask m,

Localization 4

: : Input.
‘ . . I : T2I’s :
. Update image ) ) oAl image x
: | . :

, database
Automatic Concept

Localization

Step 1: Step 2:
. Retrieve top-1 Extract mask given
Procedure: associated text based top-1 text and input

on input. Image via T2l model.

Step 3.
Update input image
by removing the
masked region.

Step 4.
Back to Step 7, until no
“object” regions are left.
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Example: Stage One outputs

“Figurine -
“Fountains” {1,2,3}”

*ConceptExpress (Hao et. al., ECCV’24 Oral)



Intrinsic Concept Extraction: Method

Stage Two: Structured Concept Learning

Now, given these extracted object masks and text concepts, we know like to learn
both object-level & intrinsic concepts.

To do this, we divide this stage into two phases:



Intrinsic Concept Extraction: Method

Stage Two: Structured Concept Learning

Now, given these extracted object masks and text concepts, we would like to learn
both object-level & intrinsic concepts.

To do this, we divide this stage into two phases:

Phase one: Learning object-level concepts

Here, we would like to learn to disentangle

Object level concept to:

(‘f Instance specific & 0 object specific

Captures
attributes unique
to the instance

Represent the
semantic category



Intrinsic Concept Extraction: Method

Stage Two: Structured Concept Learning

Now, given these extracted object masks and text concepts, we would like to learn
both object-level & intrinsic concepts.

To do this, we divide this stage into two phases:

Phase one: Learning object-level concepts Phase two: Learning intrinsic concepts

*Initialize with:

Captures
attributes unique
to the instance

Represent the Category colour material

semantic cateqor Co .
| J01 Represent the intrinsic concepts



Intrinsic Concept Extraction: Method

Stage Two: Structured Concept Learning

Combine it with diffusion textual-inversion finetuning approach...

Stage Two: Structured Concept Learning ... Triplet Loss (ZLyipler)
*for each concept 1 Postive feat -
.................... ‘L Anchor feat.: pull ....-¥ * Negative feat.:
C; - " .................................................. » -
“creature” *x Push

|—> Anchor ——p — * anchorj—> — *

Noisy Denoised Ciconspec e C;'ntrinsic IS e
7 C .inspec —_— —_— Cintrinsic —_— —
nput — Token embedding 7. W VYRR ! k
prompt p Phase one: Phase two:
: : learning object-level concepts learning 1ntrinsic concepts

P P N B AR g trlp le S UL L '



Intrinsic Concept Extraction: Results

ICE qualitative results (1/2)

Extracted Retrived Object-level Intrinsic concepts

Input image x A
mask m; text ¢; concepts ) Material Colour

“"Bust”’

“Spout”

“Beetle”

“Tribes”

“Bust”

“Cone”




Intrinsic Concept Extraction: Results

ICE qualitative results (2/2)

Extracted  Rectrived Object-level Intrinsic concepts

Input image x
mask m, text ; concepts Category Material Colour

“Ball”

“Dachshund”’

“Fish”

b

“Pines’

“Chaopter”

“Droid”

“Oro”




Intrinsic Concept Extraction: Results

|CE quantitative results

Table 3. Performance of ICE and relevant works on Unsupervised
Concept Extraction (UCE) benchmarks using DINO [7] encoder.

Table 2. Performance of ICE and relevant works on Unsupervised
Concept Extraction (UCE) benchmarks using CLIP [25] encoder.

Method SIM! (%) SIM% (%) ACC! (%) ACC? (%) Method SIM! (%) SIM® (%) ACC! (%) ACC3 (%)
Break-A-Scene [1] 0.627 0.773 0.174 0.282 Break-A-Scene [1] 0.254 0.510 0.202 0.315
ConceptExpress[11] 0.689 0.784 0.263 0.385 ConceptExpress [11] 0.319 0.568 0.324 0.470
ICE (Ours) 0.738 0.822 0.325 0.518 ICE (Ours) 0.677 0.755 0.476 0.638

|CE ablation study

Table 4. Ablation study on ICE model components on the D/ dataset.

Model’s components

CLIP |25] encoder

DINO |7] encoder

Method Stage One’s  Stage Two’s Stage Two | SIMY SIM“® ACC' ACC® | SIMY SIM® ACC' ACC’®
mask token 1nit. learning (%) (%) (%) (%) (%) (%) (%) (%)
ConceptExpress X X X 0.689 0.784 0.263 0.385 | 0.319 0.568 0.324 0.470
ICE w. mask 4 X X 0.710 0.781 0.307 0.456 | 0.493 0.601 0.395 0.604
ICE w.0 Stage Two v v X 0.726  0.807 0.301 0.452 | 0.501 0.621 0.411  0.604
ICE w.o text init. 4 X 4 0.722 0.814 0.320 0.475 | 0.548 0.643 0.449 0.627
ICE (Ours) v v 4 0.738 0.822 0.325 0.518 | 0.677 0.755 0476 0.638




Intrinsic Concept Extraction: Conclusion

In this work:
1. We introduce a novel task called Intrinsic Concept Extraction from a single image.

2. We propose ICE framework to automatically and systematically extract concepts.

Input image Extracted concepts

Stage Two:
Structured
Concept Learning
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Limitation & Future works
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There is still a lot to be done to understand our open-world:

1. How to dynamic information from the physical world
2. To find / model that can mimic our open-world
3. Make use of these dynamic representations e.g, by learning and

to better understand our world
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