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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
et al., ICLR’20, Locatello et al., NeuRIPS’20, Monnier
et al., 2021)
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Algorithmically sequential.
Compromised performance.
Only supervised features.



Proposed Approach
UOD can naturally be formulated as a ranking problem.
Completely unsupervised pipeline.



Proposed Approach
UOD can naturally be formulated as a ranking problem.
Completely unsupervised pipeline.



Proposed Approach
UOD can naturally be formulated as a ranking problem.
Completely unsupervised pipeline.



Proposed Approach
UOD can naturally be formulated as a ranking problem.
Completely unsupervised pipeline.

y



Proposed Approach
UOD can naturally be formulated as a ranking problem.
Completely unsupervised pipeline.

y



Ranking Formulations

Edmund Landau, Deutsches Wochenschach 1895.

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

Output: Nodes’ importance.

• 𝑦𝑖 ∈ 0,1 is the importance of node 𝑖, 𝑦 = 𝑦1, 𝑦2, … , 𝑦𝑁
𝑇.

• Total importance of edges of node 𝑖: 𝑐𝑖 = σ𝑗 𝑦𝑖𝑊𝑖𝑗𝑦𝑗.
• Optimization problem:

𝑦∗ = argmax
𝑦≥0, 𝑦 ≤1



𝑖

𝑐𝑖 = 𝑦𝑇𝑊𝑦

• 𝑦∗ is the eigenvector associated to the largest eigenvalue of W.

Quadratic optimization (Q)



Ranking Formulations

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

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

Output: Nodes’ importance.

• 𝐴 = normalize_columns(𝑊).
• PageRank matrix: 𝑃 = 1 − 𝛽 𝐴 + 𝛽𝑢𝟙𝑁

𝑇 where 𝛽 ≥ 0 and 𝑢 ∈ 𝑹𝑁 such that 
σ𝑖 𝑢𝑖 = 1.  

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

• 𝑢 can be used to inject prior knowledge to the model, e.g., prioritize some 
nodes (personalized PageRank).

PageRank



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

Output: Nodes’ importance.

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

• Build 𝑢 using (Q)’s solution.

• LOD: Personalized PageRank with 
𝑃 = 1 − 𝛽 𝐴 + 𝛽𝑢 𝑄 𝟙𝑁

𝑇

Q, PageRank and LOD are all eigenvector problems.

Hybrid formulation (LOD)



Distributed Implementation
Power iterations:
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1
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Qualitative Comparisons
Datasets: COCO trainval (COCO120K, ~120k images), COCO_20k (~20k 
images), OpenImages (Op1.7M, ~1.7 million images), Op50k(~50k 
images).
Metrics: Correct Localization (CorLoc), Average Precision (AP).

[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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Running time

[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
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Qualitative results

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



Object class discovery

[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.



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


