
Colin	  Lea	  –	  June	  2013	  

CVPR	  2013	  



Overview	  
We make the world we live in and shape our own environment. 

Orison Swett Marden (1894). !
Goal:	  learn	  hidden	  human-‐object	  rela;onships	  and	  use	  
this	  as	  a	  cue	  for	  labeling	  scenes	  	  



Data	  
Cornell	  RGB-‐D	  indoor	  dataset	  
24	  offices,	  28	  homes,	  550	  RGB-‐D	  views.	  	  
	  
	  
	  
	  
Segments	  can	  have	  1	  object	  label,	  mul;ple	  aPributes	  
A1ributes:	  {wall,	  floor,	  flat	  horizontal	  surfaces,	  furniture,	  fabric,	  heavy,	  
sea6ng-‐areas,	  small-‐objects,	  table-‐top-‐objects,	  electronics}	  [10x]	  

Objects:	  {wall,	  floor,	  tableTop,	  tableDrawer,	  tableLeg,	  chairBackRest,	  
chairBase,	  chairBack,	  monitor,	  printerFront,	  printerSide,	  keyboard,	  cpuTop,	  
cpuFront,	  cpuSide,	  laptop,	  book,	  paper,	  sofaBase,	  sofaArm,	  sofaBackRest,	  
bed,	  bedSide,	  quilt,	  pillow,	  shelfRack}	  [26x]	  





Approach	  
Procedure:	  Take	  3D	  pointcloud	  and	  label	  objects	  using	  
shape,	  appearance	  and	  hallucinated	  human	  context	  
New	  Model:	  Infinite	  Factored	  Topic	  Model	  (IFTM)	  	  

	  Topics	  for	  (a)	  human	  context	  (b)	  object	  affordance	  
Topics	  used	  as	  features	  for	  scene	  label	  classifier	  

Human	  Context	   Object	  Affordance	  



Representa;on	  
Human	  ConfiguraAon:	  
Pose	  library	  (6	  configs)	  
{Pose,	  X,	  Y,	  Z,	  Theta}	  
[From	  CAD-‐60	  dataset]	  
	  
Object	  Affordance:	  
Distribu;on	  over	  {X,Y,Z,Theta}	  

	  rela;ve	  to	  human	  pose	  
e.g.	  Small	  objects	  close	  to	  human	  
Books	  can	  be	  close	  to	  or	  far	  away	  

Mixture	  of	  topics!	  



Priors	  
Human	  ConfiguraAon:	  
Physics:	  
1)	  Kinema;cs:	  Collisions	  detec;on	  
2)	  Dynamics:	  supported	  by	  ground?	  
	  
	  
Object	  Affordance:	  
1)  Proximity	  (should	  be	  close)	  
2)  Symmetry	  (leh/right)	  
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Background:	  DP	  Mixture	  Model	  
Process	  for	  drawing	  data	  from	  set	  of	  topics	  
	  

	  
	  
-‐Gibbs	  sampling	  to	  get	  marginal	  distrbu;on	  of	  zi,	  thetak	  
-‐Get	  pi	  from	  s;ck	  breaking	  
-‐Sample	  topic	  (z)	  from	  Chinese	  Restaurant	  Process	  
	  
	  

Benefits	  over	  GMM:	  	  
	  Prior	  over	  topics	  
	  Variable	  number	  of	  topics	  



Infinite	  Factored	  Topic	  Model	  
Each	  (L)	  topic	  determined	  independently	  
	  
xi	  =	  3D	  loca;on	  of	  ith	  object	  in	  the	  scene	  
F(xi;ThetaH,ThetaO)	  =	  FdistanceFrel_angleFheight	  
ThetaH	  =	  human	  pose	  
GO	  =	  Normal	  distribu;on	  
GH	  =	  uniform	  over	  valid	  poses	  
	  

IFTM	  for	  L=2	  

[log-‐normal,von	  Mises,	  normal]	  



Learning	  Topics	  
Gibbs	  sampling	  to	  sample	  Thetas	  
Step	  1)	  Sample	  topic	  assignments	  
	  
	  
	  
	  
Step	  2)	  MAP	  of	  Thetas	  [Posterior	  is	  too	  expensive!]	  
Calculate	  argmax	  of	  means,	  variances,	  concentra;ons	  



Scene	  Labeling	  
Use	  sampled	  affordances	  as	  features	  
	  
Set	  affordance	  topics	  as	  top	  K	  sampled	  topics	  ThetaO	  

For	  new	  scene:	  
	  Repeatedly	  sample	  ziO,ziH,thetaH	  

	  Create	  histogram	  of	  sampled	  ziO	  as	  feature	  
	  
Classify	  with	  “other”	  algorithm	  [No	  details!!]	  



Results	  &	  Discussion	  



Results	  
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Discussion	  
Are	  the	  sampled	  human	  poses	  meaningful?	  	  
	  
	  
	  
	  
-‐sitng	  on	  the	  edge	  of	  the	  bed	  	  
-‐standing	  close	  to	  the	  desk	  (easy	  access	  to	  table+shelf)	  
-‐on	  chairs	  with	  correct	  orienta;on	  (office	  scene)	  
-‐successfully	  iden;fies	  the	  workspaces	  in	  the	  office	  
-‐naturally	  explain	  arrangement	  of	  monitors,	  keyboards	  
and	  computers	  
	  



Discussion	  
Are	  the	  discovered	  affordances	  meaningful?	  	  
+chairBase	  is	  ohen	  associated	  with	  a	  sitng	  pose	  
+computers	  can	  either	  be	  on	  the	  table	  or	  on	  the	  floor	  
	  
-‐wall	  is	  more	  to	  the	  front	  than	  back	  
-‐monitor	  is	  biased	  to	  the	  side	  
	  
Biases	  are	  aPributed	  to	  lack	  of	  data	  and	  imperfect	  
“valid”	  	  poses	  (errors	  in	  physics	  model)	  
	  
	  



Discussion	  
Are	  the	  discovered	  affordances	  meaningful?	  	  
	  



Discussion	  
Can	  we	  obtain	  object-‐object	  relaAons	  from	  object	  
affordances?	  	  
Yes	  –	  Convolve	  human-‐object	  rela;ons	  	  

	  e.g.	  keyboard-‐human	  x	  human-‐monitor	  
Can	  model	  N2	  obj-‐obj	  rela;ons	  w/	  only	  N	  human-‐obj	  rela;ons!	  



Discussion	  
Does	  human	  context	  helps	  in	  scene	  labeling?	  
	  
Yes…	  see	  results	  
	  
However,	  using	  both	  human-‐object	  +	  obj-‐obj	  is	  bePer.	  
(Especially	  for	  small	  objects)	  



Takeaways	  
Good:	  
•  Requires	  less	  training	  data	  because	  of	  pose	  sampling	  	  
•  Naturally	  discovers	  hidden	  rela;onships	  and	  
affordances	  

Bad:	  
•  Appears	  to	  have	  a	  lot	  of	  bias	  [unsure	  if	  the	  model	  or	  
the	  lack	  of	  data	  is	  the	  problem]	  

	  
	  
	  
	  


