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e prominent objects are objects
occurring in seye o
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Unsupervised Object Discovery

e Can typically use Object
Detection datasets

e Ground truth bounding boxes
are considered true objects

e Ground truth boxes used only for
evaluation

Image source [3]
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Related Works

e FEarly approaches —— Small-scale datasets
o  Probabilistic Models
o Non-negative matrix factorization (NMF)
o  Clustering

e Recentapproaches — ~ Moderate-sized datasets

o  Assume images are embed in a graph structure
o  Candidate region proposals generated for each image
o  Combinatorial optimization to select good proposals

e Other approaches Small-scale datasets
o Decompose image into objects
o Learnimage representation
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Methodology: Previous work (Vo et al. 2019)

e |nitial work that scales up to
moderate-size datasets

e Assume Implicit graph
structure over Images

e Edges connect visually
similar images




Methodology: Previous work (Vo et al. 2019)

e edge betweenimage p,q: €pq € {0, 1}

r candidate proposals

® Objectness of k-th proposal in image p: JZ]; € {0, 1}




Methodology: Previous work (Vo et,al 2019)
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Methodology: Previous work (Vo et al. 2019)

e ecdge between image p,q: €pq € {0, 1}
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e Objectness of k-th proposal in image p: :Ul; € {0,1} p 1 g=1
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e Edges connect visually similar images
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Methodology: Previous work (Vo et al. 2019)
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e A relaxed version of this problem is considered
e The solutions are mapped back to the discrete space using an iterative greedy

ascent approach

Bottleneck

e A follow up work by Vo et al. 2020 tries to scale this up by reducing r

e But was found to hinder the ability to discover multiple objects



Methodology: This paper (Vo et al. 2021)

e Assume nimages, r candidate
proposals per image
e Assume Implicit graph structure

over Image proposals

e FEach node denoted by p¥: p-th
image, k-th proposal
Total nodes N=nxr




Methodology: This paper (Vo et al. 2021)
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Methodology: This paper (Vo et al. 2021)

e Goal: Find the proposals with .
prominent objects

e |dea: Anode has a prominent .
object if its neighbors have
prominent objects

e Rank according to an important
measure y, for all nodes i




Methodology: This paper (Vo et al. 2021)

e |dea: A node is important if its .
neighbors are important

e Compute z; = Z Wii y; > . Wsio
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Methodology: This paper (Vo et al. 2021)
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Lemma 1. Suppose W is irreducible (i.e., represents a strongly connected graph G). The solution
y* of the quadratic optimization problem:

y* = argmax t!Wt (Q)
[t]]<1,t>0

is the unique unit, non-negative eigenvector of W associated with its largest eigenvalue.
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e W s notirreducible (our G is not strongly connected), Add S
eyt gl
Distributed algorithms & tools for eigen

value problems can be utilized

Image source [1]



Methodology: Applicability of PageRank (P)

e PageRank
o Nodes are web-pages
o Edges are links
o Goal: Rank the pages based on importance

e |dea
o a page is important if its backlinks are important
(G171 ... Q1N ]
e Transition Matrix A = g
_CLNl s CLNN_

e Normalize columns in our W to apply PageRank




Methodology: Hybrid approach (LOD)

e General form of Transition matrix

(5} (5} (51

(15) (15) (%)
(1-B)A+p

uny unNy ... UN

u importance is manually added to node j

e Compute a maximizer solution y using
(Q) and then use it as u to apply (P)
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Baselines (can scale to large datasets)

e EdgeBoxes (EB)

o Unsupervised method
o Outputs regions in an image with an importance score

e Kim (2009)
o candidate ROI set provided for each image
o Maintain a current ROl set
o st step: find good ROIs (hubs) among current ROl set L .
pagerank
o  2nd step: Update current ROI set based on hubs

e Wei(2019)

o A scalable approach for Image co-localization

Image source [4]
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Experiment Settings

e Datasets

C120K OP1.7M C20K OP50K

Derived from Openlmages Subset of C120K Subset of OP1./M
MSCOCO

20K Images ™.7M Images ~20K Images “50K Images

e Generating Region Proposals

o Vo (2020) proposed an algorithm which uses activations from pre-trained cnns
o VGGI16 trained on Imagenet with labels (supervised setting)
o VGG OBoW trained without labels (self-supervised setting)




Experiment Settings

e Similarity Model
o  Probabilistic Hough Matching (PHM) algorithm (Cho et al. 2015)
m Compares local appearance and global geometric consistency of proposals

e FEvaluation Settings
o  Single object discovery
m  Return m=1region proposal per image

o Multi object discovery
m  Return m=M region proposals per image
m M= max #objects in any image



Evaluation Metrics

e Single Object Discovery

o  Correct localization score (CorLoc)
m Percentage of proposals correctly localized
m IfIOU >= 0.5 between one of the ground truth boxes and predicted proposal

e Multi Object Discovery
o  Average Precision (AP50)
m Area under PR curve by varying m=1to M (at 50% IOU threshold)

o  Average Precision (AP@[50:95)])
m Average of AP under different IOU thresholds (10 equal intervals from 50% to 95%)
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Results

e Vo [67]is previous work of Vo et al. 2020

Single-object Multi-object
Method CorLoc AP50 AP@[50:95]
C20K CI120K Op50K Opl.7M C20K CI20K Op50K Opl.7M C20K CI20K Op50K Opl.7M
EB [83] 28.8  29.1 327 328 486 491 546 549 141 143 1.53 1.53
Wei [71] 382 383 348 348 241 244 18 18 073 074 0.6 0.6
Kim [32] 351 348 370 . 393 393 4.3 - 096 096  0.98 -
Vo [67] |48.5 485 480  47.8| |[5.18 503 498  4.83| [1.62 16 158  1.57]

Ours (LOD+Self [18]) 41.1 424  49.5 494 456 490 6.37 628 129 137 1.87 1.86
Ours (LOD) 148.5 48.6  48.1 477| [6.63 6.64  6.46 6.28| [1.98 2.0 1.88 1.83 |

Image source [1]



Results

Vo [67] is previous work of Vo et al. 2020

Single-object

Multi-object

Single-object

Multi-object

Opt. Proposal Feature  CorLoc AP50 AP@[50:95]
C20K OpS0K C20K OpSOK C20K OpSOK

EB [83] 288 327 486 546 141 1.53

None  [67]+Self None 29.7 398 247 372 061 1.0
[67]+Sup 236 381 407 481 103 139

. Self 379 424 253 313 069 09
Wei[71]  Nome o 382 348 241 18 073 06
Self 55 54 064 079 013 0.15

—— EBI83]  sup 156 202 196 256 036 047
[671+Self Self 47 46 013 029 002 005
[671+Sup Sup 351 37.0 393 413 096 098

EBg3 S 35.3 32.6 3434 3.33 (])g? {i?

Vo [67] Sup 0. .0 .0 A7 . :

[67]1+Self Self 37.8 481 265 4.19 082 145
[67]+Sup Sup 48.5 480 5.18 498 1.62 158

Self 355 39.7 587 673 157 176

LOD EEs[80] Sup 389 413 652 7.01 176 1.86
[67]+Self [Self 41.1 49.5| [456 637|120 1.87
[671+Sup [Sup 485 48.1| |6.63 6.46||1.98 1.88

Opt. Proposal Feature  CorLoc APS0  AP@[50:95]
C20K OpSOK C20K OpS0K C20K OpS0K

Self 328 403 415 643 107 167

0 EBB3]  gup 360 411 572 649 147 17
[67[+Self Self 387 489 438 639 .17 134
(67]+Sup Sup 438 475 621 666 174 188

Self 355 397 491 673 134 175

b BB sup 380 413 651 699 176 186
[671:5af _Sclf 412 495 438 613 124 18
[67]+Sup Sup 475 478 625 619 1.87 18I

Sef 355 397 587 673 157 176

Lop 21 sup 389 413 652 701 176 186
[67]1+Self  Self 411 49 5 4 560 637 129 187
[671+Sup Sup 485 48.1 6.63 646 198 1.88

Image source [1]



Results

e Runtime Comparison o001
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Results
e Results by LOD on OP1.7M, Ground truth objects in yellow, predictions in red

Image source [1]



Summary

e Novel formulation of UOD as ranking problem

e LOD can be scaled to very large datasets (eg. OP1.7M)

e | OD + self-supervised features (state of the art on OP1.7M, Multi object setting)
e Only works well with VGG16 features

e Small objects are not discovered well

e LOD isfound to be sensitive to hyperparameters
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Unsupervised Object Discovery

e Detect prominent objects in
Large collection of images

e Ground truth bounding boxes
are considered true objects

e Challenge: prominent objects
could be some meaningless
textures




Table 1: Large-scale object discovery performance and comparison to the state of the art on COCO [42]
(C120K), Openlmages [35] (Op1.7M) and their respective subsets C20K and Op30K, in three standard metrics.
Using VGG16 features [60], the proposed method LOD achieves top performance in both single and multi-object
discovery, and scales better to 1.7M images in Op1.7M than the previous state of the art [67]. When running
with self-supervised features (LOD + Self [18]), it yields the best results on Op1.7M, showing the first effective
fully unsupervised pipeline for UOD. See Sec. 4 for more details.

Single-object Muiti-object
Method CorLoc AP50 AP@[50:95]
C20K CI20K Op50K Opl.7M C20K CI120K Op30K Opl.7M C20K CI120K Op50K Opl.7M

EB [83] 288 29.1 327 328 48 491 546 549 141 143 153 153
Wei [71] 382 383 348 348 241 244 18 18 073 074 06 06
Kim [32] 351 348 370 - 393 393 413 - 09 096 098 -

Vo [67) 485 485 480 478 518 503 498 488 162 16 158 157
Ours (LOD+Self [18]) 41.1 424 495 494 456 490 637 628 129 137 187 186
Ours (LOD) 485 486 481 477 663 664 646 628 198 20 T8  1.83







Unsupervised Object Discovery

e Challenge: prominent objects
could be some meaningless
textures

e Measures for foregroundness,
standout score etc

e Pre-trained cnn activations
contain cues to locate objects




Methodology: Previous work (Vo et al. 2019)

e Initial work on modeling UOD as
an optimization problem

e Assume Implicit graph
structure over Images

e edge betweenimage p,q: €pq € {O, 1}

e = 1,e93 =1,e13 =0




Experiment Settings

e Datasets

o C120K (derived from MSCOCO), C20K
o  Openlmages (OP1.7M), OP50K

e Generating Region Proposals
o Vo (2020) proposed an algorithm which uses activations from pre-trained cnns
o VGGI16 trained on Imagenet with labels (supervised setting)
o VGG OBoW trained without labels (self-supervised setting)

e Similarity Model
o  Probabilistic Hough Matching (PHM) algorithm

e Evaluation Settings
o  Single object discovery: Return m=1region per image
o  Multi object discovery: Returns m=M regions per image (M = max #objects in any image)



