
Image  
Cosegmentation 

Jean Ponce 
http://www.di.ens.fr/willow/ 

Willow team, DI/ENS, UMR 8548 
Ecole normale supérieure, Paris 



Image segmentation 

(Fowlkes & Malik, 2004) 



(Rhemann et al., CVPR’09) 
(Rother et al., Siggraph’04) 

Computer graphics applications 



Supervised segmentation (scene labelling) 

(Farhadi et al., CVPR’10) 

(Ladicki et al., ECCV’10) 



(Chum & Zisserman, CVPR’07) 

(Kushal, Schmid, Ponce, CVPR’07) 

(Lazebnik, Schmid, Ponce, ICCV’05) 

Weakly supervised learning  
for object recognition 



Cosegmentation 

Definition: Divide a set of images assumed to contain 
K « object » classes into visually consistent regions 
while maximizing class  separability across images. 



Cosegmentation 

Definition: Divide a set of images assumed to contain 
the same « foreground objects » into foreground and 
background regions.  
(Rother, Kolgomorov, Minka, Blake, CVPR’06) 



Related work	
  
•  Rother, Kolgomorov, Minka, Blake (CVPR’06) 
•  Hochbaum, Singh (ICCV’09) 
•  Vicente, Kolgomorov, Rother (ECCV’10) 
•  Vicente, Rother, Kolgomorov (CVPR’11) 
•  Kim, Xing, Fei-Fei, Kanade (ICCV’11) 
•  Mukherjee, Singh, Peng (CVPR’11) 
•  Chai, Rahtu, Lempisky, van Gool, Zisserman (ECCV’12) 

•  Duchenne, Laptev, Sivic, Bach, Ponce (ICCV’09) 
•  Joulin, Bach, Ponce (CVPR’10) 
•  Joulin, Bach, Ponce (CVPR’12) 

•  Xu, Neufeld, Larson, Schurrmans (NIPS’05) 
•  Bach & Harchaoui (NIPS’07) 



Notation	
  

or	
  superpixels	
  



Normalized cuts	
  

(Shi & Malik’97, Ng et al.’01, Arbelaez et al.’11, von Luxburg’07) 

Similarity matrix 

Laplacian matrix 

•  Solve the relaxed version as an  
    eigenvalue problem. 
•  Round up the solution using k-means 



Supervised classification	
  

Φ	
  

k ( x , y ) = Φ ( x ) . Φ ( y ) 
(Schölkopf & Smola, 2001; Shawe-Taylor & Cristianini, 2004; Wahba, 1990) 



Discriminative clustering	
  

(Xu et al., 2004; de Bie & Cristianini, 2006; Bach & Harchaoui, 2007) 



Discriminative clustering: DIFFRAC	
  

(Bach & Harchaoui, NIPS’07) 

When using the square loss 

with 



Binary cosegmentation	
  

(Joulin, Bach, Ponce, CVPR’10) 



Cluster size constraints	
  

(K=2	
  here) 



Cluster size constraints	
  

(K=2	
  here) 



Cluster size constraints	
  

under the constraint: 

(K=2	
  here) 





Reparameterize by equivalence matrix Y=yyT 

to obtain an equivalent continuous problem: 

makes Y binary 



Reparameterize by equivalence matrix Y=yyT 

to obtain an equivalent continuous problem: 

nonconvex! 



Reparameterize by equivalence matrix Y=yyT 

to obtain an equivalent continuous problem: 

Dropping the rank constraint yields a convex problem 
over positive semidefinite matrices, or SDP 



Reparameterize by equivalence matrix Y=yyT 

to obtain an equivalent continuous problem: 



Reparameterize by equivalence matrix Y=yyT 

to obtain an equivalent continuous problem: 

•  Low-rank optimization on quotient manifold (Journée et al.’08) 
•  Eigendecomposition to project onto rank-1 solution 
•  Rounding by thresholding a 0 
•  Graph cuts to clean up the result 















From two to multiple classes	
  



Optimization problem 	
  

•  Discriminative term with softmax loss 

•  Spectral clustering grouping term 

•  Class balancing entropy term 



Optimization: 
•  Relax to  a nonconvex continuous problem 
•  Initialize with quadratic approximation 
•  EM/block-coordinate descent procedure with   
    quasi-Newton and projected gradient descent  
    for the two convex steps 
•  Round up the solution 
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Initialization: Use a quadratic Taylor expansion in 
the neighborhood of uniform class distribution 



Optimization: 
•  Relax to  a nonconvex continuous problem 
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Some examples 



Failure cases 



Binary evaluation: MSRC 

Multi-class evaluation 

•  Intersection over union score 
•  Evaluated on the main object class 
•  Matlab, 30mn-1hr for 30 images 

[5] Joulin et al. (CVPR’10) 
[7] Mukherjee et al. (CVPR’11) 
[8] Kim et al. (ICCV’11) 

Evaluation 



Extension: Interactive cosegmentation 

Use entropy term to distribute pixels to FG, BG in the box,  
and BG outside 



Cosegmentation of a video shot 



Weak supervision is the rule for video 

(Sivic, Everingham. Zisserman, CVPR’09) 



(Duchenne, Bach, Laptev, Sivic, Ponce, ICCV 2009) 

24:25	
  

24:51	
  

Video and text 



Discriminative clustering for temporal action localization 

(Duchenne, Laptev, Sivic, Bach, Ponce, ICCV’09) 



Optimization: 
•  Negatives are fixed, random video intervals. 
•  Block-coordinate descent, alternating between training an 
    SVM with positive intervals fixed, and computing the 
    optimal positive intervals given the SVM parameters. 

Discriminative clustering for temporal action localization 

(Duchenne, Laptev, Sivic, Bach, Ponce, ICCV’09) 





FRAMENET frames 
found by SEMAFOR 

https://framenet.icsi.berkeley.edu/ 
http://code.google.com/p/semafor-semantic-parser/ 



Can we identify characters and what they do? 

(Bojanowski, Bach, Laptev, Ponce, Schmid, Sivic, 2013) 



This is a structured cosegmentation problem 

(Bojanowski, Bach, Laptev, Ponce, Schmid, Sivic, 2013) 



Conventional discriminative clustering (Bach & Harchaoui, 2007) 

Two-class discriminative clustering 

under	
  	
  	
  the	
  
constraints	
  



Conventional discriminative clustering (Bach & Harchaoui, 2007) 

Two-class discriminative clustering 

Optimization: 
•  Relax to continuous problem 
•  Block-coordinate descent, solving a convex QP program 
    under linear constraints at each step, initialized with 
    uniform T 
•  Round up the solution 

Related to MIL (Vijayanarasimhan and Grauman’08) and 
ambiguous labelling (Cour et al.’09) 





Within each image, we enforce 
grouping constraints 

Across images, we discriminate 
among classes 



Within each image, we enforce 
grouping constraints 

Across images, we discriminate 
among classes 

(Rother et al., CVPR’06) 
(Vicente, et al., CVPR’11) 

But we don’t model the fact 
that common classes occur  
over different images 



(Nevatia & Binford’72; Brooks’81; Ioffe & Forsyth’00; Fergus et al.’03; Felzenszwalb 
& Huttenlocher’03 Lazebnik et al.’04; Kushal et al.’07; Felzenszwalb et al.’08)	
  

Discriminative part models 
(Sun and Ponce, 2013) 



[16]:	
  [Joulin	
  et	
  al.’10]	
  	
  	
  
[17]:	
  [Joulin	
  et	
  al.’12]	
  	
  
[19]:	
  [Kim	
  et	
  al.’11]	
  
[25]:	
  [Mukherjee	
  et	
  al.’11]	
  

Using discriminative parts  
for cosegmentation 
(Sun and Ponce, 2013) 
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And just because it will be good for you: 
Look up Jan Koenderink’s latest book 

http://www.gestaltrevision.be/en/resources/clootcrans-press 


