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“Ideal”	  formula*on:	  data	  term	  in	  2D,	  
smoothness	  in	  3D	  
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“Ideal”	  data	  term:	  higher-‐order	  ray	  poten*als	  
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Why	  so	  weak?	  
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Non-‐convex	  constraint	  necessary	  for	  ray	  poten*als	  
Can	  s*ll	  be	  
efficiently	  solved	  
in	  prac*ce	  
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Non-‐convex	  constraint	  necessary	  for	  ray	  poten*als	  

Global	  view	  

⇧1

⇧3

⇧2

Local	  views	  from	  cameras	  Π1	  and	  Π2	  	  

⇧1

⇧2

Visibility	  consistency	  
constraint:	  
local	  views	  consistent	  
with	  global	  view	  

Our	  formula-on	  

Convex	  relaxa*on	  

Non-‐convex	  constraint	  	  

X Y	  
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regularizer	  and	  1-‐best	  posi*on	  along	  the	  ray	  

Proper*es	  of	  



Our	  method	  

Input	  image	  example	   Reconstruc*on	  



Unary	  poten*als	  [Häne	  et	  al.,	  CVPR’13]	  

Input	  image	  example	   Reconstruc*on	  



We	  set	  state	  of	  the	  art	  on	  Middlebury	  MVS	  

hop://vision.middlebury.edu/mview/eval/	  



Thin	  objects	  reconstructed	  properly	  (why?)	  
[dataset	  from	  Ummenhofer	  &	  Brox,	  ICCV2013]	  

	  

Example	  
images	  

Unary	  poten*als	   Our	  method	  

Data	  cancel	  out	  (bad)!	   Data	  remain	  (good)!	  



Prac*cal	  recommenda*ons	  

•  Don’t	  use	  Ray	  Poten*als	  for	  whole	  scenes	  
•  Pick	  sub-‐box	  to	  reconstruct	  accurately	  
•  Very	  good	  for	  thin	  surfaces	  and	  objects	  



Adver*sement	  (other	  papers)	  

TI-‐POOLING:	  transforma*on-‐
invariant	  pooling	  for	  feature	  
learning	  in	  Convolu*onal	  
Neural	  Networks	  (CVPR'16)	  

Quad-‐networks:	  unsupervised	  
learning	  to	  rank	  for	  interest	  
point	  detec*on	  (under	  
submission	  to	  CVPR'17,	  on	  arxiv)	  



Ques*ons?	  


