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Overview	  
Jointly	  model:	  
Object	  affordances	  

	  e.g.	  cup:	  ‘pourable’,	  ‘drinkable	  
	   	  	  sofa:	  ‘siOable’	  
	  Dynamic:	  
	   	  	  pitcher:	  ‘reachable’	  then	  ‘movable’	  then	  ‘pourable’	  

Sub-‐ac:vi:es	  
	  e.g.	  reaching	  for	  pitcher,	  moving	  pitcher	  to	  bowl,	  	  
	   	   	  pouring	  milk	  into	  bowl	  
	  Add	  temporal	  segmenta.on	  as	  latent	  variable	  

	  
	  



Model	  
Markov	  Random	  Field	  
Nodes:	  Sub-‐ac.ons	  +	  Objects	  
Edges:	  Interac.ons	  

[Whiteboard	  drawing]	  



Interac:ons	  
1)  Affordance	  –	  affordance	  	  
(“on	  top	  of”,	  “in	  front	  of”)	  

2)	  Affordance	  –	  sub-‐ac.vity	  	  
(“pour-‐to”,	  “drinkable”)	  

3)	  Affordance	  change	  over	  .me	  	  
(f(appearance,	  loca.on))	  
	  
4)	  Sub-‐ac.vity	  over	  .me	  



Features	  

Each	  phi	  in	  energy	  fcn	  
is	  a	  set	  of	  features	  



Object	  
detec:on	  

-‐SVM	  on	  color	  histogram,	  HOGs,	  VFH	  
-‐kNN	  on	  VFH	  
Train	  on	  set	  of	  poten.al	  objects	  (e.g.	  mugs,	  cups)	  

	  RGB-‐D	  object	  dataset	  	  
	  
Procedure:	  
1)  Look	  only	  around	  the	  users	  hands	  
2)  Run	  SVM	  on	  color	  data	  
3)  For	  all	  with	  SVM(.)>Thresh:	  

Calculate	  kNN	  for	  VFH	  
Shrink	  box	  around	  local	  peak	  in	  kNN	  score	  

	  

	  



Tracking	  
Run	  par.cle	  filter	  on	  detec.ons	  with	  high	  likelihood	  
Only	  do	  detec.on	  every	  N	  frames	  



Sub-‐ac:ons	  



1)  Extract	  features:	  
3D	  Local	  Binary	  PaOerns	  (“LOP”)	  
Skeletal	  Features	  

2)  Combine	  features	  
3)  Look	  at	  different	  .me	  scales	  
4)  Combine	  top	  joint	  features	  
5)  MKL	  classifica.on	  



Temporal	  
Segmenta:on	  
Try	  3	  methods:	  

	  1)	  Uniform	  lengths	  

Graph	  methods	  (Felzenszwalb	  and	  HuOenlocher):	  	  
	  2)	  edges:	  sum	  of	  Euclidean	  distances	  between	  skeleton	  joints	  
	  3)	  edges:	  rate	  of	  change	  of	  skeleton	  joints	  

	  



High	  Level	  
Ac:vity	  

Features	  =	  Histograms	  of	  sub-‐ac.vity,	  affordance	  labels	  
Use	  mul.-‐class	  SVM	  
	  
This	  has	  problems	  with	  similar	  ac.ons	  	  

	  (e.g.	  stacking	  objects	  and	  unstacking	  objects)	  



Inference	  
Mixed	  integer	  programming	  solver	  
w	  =	  model	  parameters	  
y	  =	  label	  
x	  =	  data	  
z	  =	  yilyjk	  	  
	  
	  
	  
	  



Learning	  
Structural	  SVM	  
	  
	  



Results	  

1)  Extract	  features:	  
3D	  Local	  Binary	  PaOerns	  (“LOP”)	  
Skeletal	  Features	  

2)  Combine	  features	  
3)  Look	  at	  different	  .me	  scales	  
4)  Combine	  top	  joint	  features	  
5)  MKL	  classifica.on	  
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1)  Extract	  features:	  
3D	  Local	  Binary	  PaOerns	  (“LOP”)	  
Skeletal	  Features	  

2)  Combine	  features	  
3)  Look	  at	  different	  .me	  scales	  
4)  Combine	  top	  joint	  features	  
5)  MKL	  classifica.on	  



New	  person	  



Results	  

1)  Extract	  features:	  
3D	  Local	  Binary	  PaOerns	  (“LOP”)	  
Skeletal	  Features	  

2)  Combine	  features	  
3)  Look	  at	  different	  .me	  scales	  
4)  Combine	  top	  joint	  features	  
5)  MKL	  classifica.on	  



Output	  
sequences	  

1)  Extract	  features:	  
3D	  Local	  Binary	  PaOerns	  (“LOP”)	  
Skeletal	  Features	  

2)  Combine	  features	  
3)  Look	  at	  different	  .me	  scales	  
4)  Combine	  top	  joint	  features	  
5)  MKL	  classifica.on	  


