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* Finding image links and/or localize

objects
(Kim et al., NIPS’19, Cho et al., CVPR’15, Vo et al.,
CVPR’19 & ECCV’20)

* Learn object representation

and discover object masks

(Burgess et al., 2019, Greff et al., ICML’19, Engelcke
etal., ICLR’20, Locatello et al., NeuRIPS’20, Monnier
etal., 2021)

(Vo et al., CVPR’19)
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Prior work

Finding frequently appearing salient visual patterns: Analyse image similarities,
region salient scores (kim et al., NeuRIPS’09; Cho et al., CVPR’15; Vo et al., CVPR’19, ECCV’20).

——— Object
———= Non-object
Image link

Algorithmically sequential.
Compromised performance.
Only supervised features.
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Ranking Formulations

Input: Symmetric, weight matrix W, number of nodes N.

Output: Nodes’ importance.

Quadratic optimization (Q)

« vy, €[01]is of node i,y = (¥4, ¥z, ..., Yn)!.
* of node i: Ci = Z] ylWl]y]
e Optimization problem:

y* = argmax Z c¢; =y'Wy
y20llylis1 4

* y"isthe eigenvector associated to the largest eigenvalue of W.

Edmund Landau, Deutsches Wochenschach 1895.



Ranking Formulations

Input: Symmetric, weight matrix W, number of nodes N.

Output: Nodes’ importance.

* A = normalize_columns(W).
 PageRank matrix: P = (1 — B)A + Bull, where f = 0 and u € R" such that
2iu; =1

* PageRank vector: Eigenvector associated to the largest eigenvalue of the
PageRank matrix.

* u can be used toinject to the model, e.g., prioritize some
nodes ( ).

Brin and Page, Computer Network 1998; Page et al., Technical Report, 1999.



Ranking Formulations

Input: Symmetric, weight matrix W, number of nodes N.

Output: Nodes’ importance.

Hybrid formulation (LOD)

* (Q)’s solution can be used as prior.

e Build u using (Q)’s solution.

* LOD: Personalized PageRank with
P=(1-p)A+ pu(@1ly

Q, PageRank and LOD are all
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Qualitative Comparisons

Datasets: COCO trainval (COCO120K, ~120k images), COCO_20k (~20k
images), Openlmages (Opl1.7M, ~1.7 million images), Op50k(~50k
images).

Metrics: Correct Localization (CorLoc), Average Precision (AP).

Single-object Multi-object
Method CorLoc AP50 AP@[50:95]
C20K CI120K Op5S0K Opl.7M C20K CI120K Op50K Opl.7M C20K CI20K Op50K Opl.7M

EB [83] 28.8 29.1 32.7 32.8 4.86 491 5.46 5.49 1.41 1.43 1.53 1.53
Wei [71] 38.2 38.3 34.8 34.8 2.41 2.44 1.86 1.86 0.73 0.74 0.6 0.6
Kim [32] 35.1 34.8 37.0 - 3.93 3.93 4.13 - 0.96 0.96 0.98 -

Vo [67] 48.5 48.5 48.0 47.8 5.18 5.03 4.98 4.88 1.62 E 1.58 1.57
Ours (LOD+Self [18]) 41.1 42 .4 49.5 49.4 4.56 4.90 6.37 6.28 1.29 1.37 1.87 1.86
Ours (LOD) 48.5 48.6 48.1 47.7 6.63 6.64 6.46 6.28 1.98 2.0 1.88 1.83

[18] Gidaris et al., CVPR’21; [32] Kim et al., NIPS’09; [67] Vo et al., ECCV’20; [71] Wei et al., PR’19; [83] Zitnick
et al., ECCV’14; Symonian et al., ICLR’15; Lin et al., ECCV’14; Krasin et al., 2017.
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[32] Kim et al., NIPS’09; [67] Vo et al., ECCV’20; [71] Wei et al., PR’19; [83] Zitnick et al., ECCV’14.



Different design choices

Single-object Multi-object
Opt. Proposal Feature  CorLoc AP50 AP@[50:95]
C20K Op50K C20K Op50K C20K OpS0K Single-object Multi-object
EB [83] 28.8 327 486 546 141 153 Opt. Proposal Feature  Corloc NI AP@[50:95]
Nowe Bt e 27 B3 Le im0 i3
Self 379 424 253 3.13 069 09 EB g3 oS¢ 328 403 4l5 643 10T 1.67

Wei [/1] None Sup 360 41.1 572 649 147 1.7

Sup 382 348 241 186 073 0.6 [G71+Self Self 387 489 438 639 1.17 1.84

EB [§3] gelf 155-56 25642 (1)-8‘6‘ g-;g 8-;2 8-5 [671+Sup Sup 438 475 621 666 174 1.88
: up : . : . : :
Kim 321 @miself self 47 46 013 029 002 005 EB [83] gig ggg i?'; 2'2} 2'33 ﬁg %;Z
(67+Sup  Sup  35.1 370 393 413 096 098 [67]+Self Self 412 495 438 6.3 124 181
EB 3] gelf ig—g ji-g 3435‘ j-j; ?-g? : -i? [671+Sup Sup 47.5 478 625 619 1.87 181
up : . : . : : :
VOIOIl  femiyselr  Self 378 481 265 419 082 145 EB [83] gelf ggg i?'; Zgg %i }% i-;g
671+Sup Sup 485 480 5.8 498 162 158  |LOD )54 ' woes T ’ ‘
| P : 0 : : : [67]+Self Self 41.1 495 456 637 129 1.87
EB g St 355 397 587 673 157 176 [671+Sup Sup 48.5 481 6.63 646 198 1.88
LOD Sup 389 413 652 701 176 1.86

[67]+Self Self 41.1 495 456 637 129 1.87
[67]+Sup Sup 48.5 48.1 6.63 646 198 1.88

[32] Kim et al., NIPS’09; [67] Vo et al., ECCV’20; [71] Wei et al., PR’19; [83] Zitnick et al., ECCV’14; Gidaris et al.,
CVPR’21; Symonian et al., ICLR’15.
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Qualitative results

Lin et al., ECCV’14; Krasin et al., 2017.



Object class discovery

Dataset/Method Ours (LOD) [75] (821 [14] [73]1 [74 31 [33]
SIVALI1 97.4 89.0 953 804 393 38.0 27.0 450
SIVAL2 99.0 932 840 71.7 40.0 333 353 333
SIVAL3 88.3 884 747 627 373 387 267 413
SIVAL4 97.7 87.8 940 86.0 330 377 273 53.0
SIVALS 94.3 9277 753 703 353 3777 250 483
Average 95.3 90.2 847 742 370 37.1 283 442

8] (66] [67] Ours (LOD)
Method

[8] Cho et al.,, CVPR’15; [14] Feng et al., ICCV’11; [31] Kim et al., CVPR’08; [33] Kim et al., CVPR’12; [66] Vo et al.,
CVPR’19; [67] Vo et al., ECCV’20; [73] Zhang et al., Transactions on Neural Networks 2011; [74] Zhang et al., Applied
Intelligence 2009; [75] Zhang et al., ICCV’15; [82] Zhu et al., CVPR’12; Rahmani et al., TPAMI’08.



Discussions

Finding frequently appearing
visual patterns could favorize
frequent object classes than
rare ones. But is practice, it is
not the case.

# of objects

(0

N
T

><104

0.35

10.3

10.25

10.2

10.15

10.1

10.05

40
class index

60 80

AP50



Conclusions

Ranking formulations are effective in scaling up unsupervised object
discovery.

LOD combined with self-supervised features for UOD offers a viable UOD
pipeline without any supervision whatsoever.

Code: https://github.com/huyvvo



