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Related	
  work:	
  Data-­‐driven	
  scene	
  modeling	
  

[Fisher	
  et	
  al.	
  2012]	
  

[Xu	
  et	
  al.	
  2013]	
  

Database	
   Output	
  scene	
  

Output	
  scene	
  Database	
  

Previous	
  work	
  requires	
  
•  Perfect	
  segmenta-on	
  
•  Perfect	
  annota-on	
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Goal	
  
Input:	
  A	
  scene	
  from	
  Trimble	
  3D	
  Warehouse	
  



Goal	
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  segmenta-ons	
  



Goal	
  
Output	
  2:	
  Category	
  labels.	
  

Door	
  
Nightstand	
  Window	
  

Ma>ress	
  
Bed	
  frame	
  

Pillow	
  

Dresser	
  

Mirror	
  Heater	
  
Ar7fact	
  



Goal	
  
Output	
  2:	
  Category	
  labels	
  at	
  different	
  levels.	
  

Bed	
  &	
  supported	
  

Dresser	
  &	
  supported	
  



Goal	
  

Sleeping	
  area	
  

Vanity	
  area	
  

Door	
  set	
  

Output	
  2:	
  Category	
  labels	
  at	
  different	
  levels.	
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Console	
  table	
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Labels	
  

bed,	
  night	
  table,	
  sleeping	
  area	
  

Examples:	
  



Rules	
  

sleeping	
  area	
   bed,	
  night	
  table	
  

Example:	
  



Probabili-es	
  

Deriva-on	
  probabili-es	
  
	
  
Cardinality	
  probabili-es	
  
	
  
Geometry	
  probabili-es	
  
	
  
Spa-al	
  probabili-es	
  



Deriva-on	
  probability	
  	
  	
  

bed	
   bed	
  frame,	
  mabress	
  
0.6

P = 0.4 P = 0.6

Pnt



Cardinality	
  probability	
  

sleeping	
  area	
   bed,	
  night	
  table	
  

0	
  

0.5	
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   2	
   3	
   4+	
  
0	
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1	
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Pcard (bed | sleepingarea) Pcard (nighttable | sleepingarea)

Pcard



Geometry	
  probability	
  

Pg(x | bedframe)> Pg(y | bedframe)

x y

Pg



Spa-al	
  probability	
  

x

Ps (x, y | desk,chair, studyarea)> Ps (z, y | desk,chair, studyarea)

y

Ps

z
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Iden-fy	
  objects	
  

Speed	
  X	
  5	
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Learning	
  a	
  probabilis-c	
  grammar	
  
Grammar	
  genera-on	
  

	
  Labels	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  Rules 	
   	
   	
  	
  	
  	
  	
  concatena-ng	
  all	
  children	
  for	
  each	
  label	
  
	
  Probabili-es	
  

	
  

Nightstand	
  &	
  
supported	
  

Nightstand	
   Table	
  lamp	
  

Nightstand	
  &	
  
supported	
  

Nightstand	
   Plant	
  

Nightstand	
  &	
  
supported	
   Nightstand	
   Table	
  lamp	
   Plant	
  

Training	
  example	
  1:	
   Training	
  example	
  2:	
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  genera-on	
  

	
  Labels	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  
	
  Rules 	
   	
   	
  	
  
	
  Probabili-es	
  

	
  
Pnt,Pcard

Pg

Ps

:	
  learning	
  from	
  occurrence	
  sta-s-cs	
  

:	
  es-ma-ng	
  Gaussian	
  kernels	
  

:	
  kernel	
  density	
  es-ma-on	
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Scene	
  parsing	
  

Objec-ve	
  func-on	
  

•  	
  	
  	
  	
  	
  	
  is	
  the	
  unknown	
  hierarchy	
  
•  	
  	
  	
  	
  	
  	
  is	
  the	
  input	
  scene	
  
•  	
  	
  	
  	
  	
  	
  is	
  the	
  probabilis-c	
  grammar	
  

H * = argmaxH P(H | S,G)

H
S
G



Scene	
  parsing	
  

Acer	
  applying	
  Bayes’	
  rule	
  

H * = argmaxH P(H |G)P(S |H,G)
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  applying	
  Bayes’	
  rule	
  

H * = argmaxH P(H |G)P(S |H,G)

Prior	
  of	
  hierarchy	
  

P(H |G)

P(H |G) = Pprod (x)
T (x )

x∈H
∏
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  parsing	
  

Acer	
  applying	
  Bayes’	
  rule	
  

H * = argmaxH P(H |G)P(S |H,G)

Prior	
  of	
  hierarchy	
  

P(H |G)

P(H |G) = Pprod (x)
T (x )

x∈H
∏Pprod (x)

:	
  probability	
  of	
  a	
  single	
  deriva-on	
  Pprod (x)

formulated	
  using	
  	
   Pnt,Pcard



Scene	
  parsing	
  

Acer	
  applying	
  Bayes’	
  rule	
  

H * = argmaxH P(H |G)P(S |H,G)

Prior	
  of	
  hierarchy	
  

P(H |G)

P(H |G) = Pprod (x)
T (x )

x∈H
∏ T (x)

compensates	
  for	
  decreasing	
  probability	
  as	
  	
  	
  	
  	
  	
  	
  has	
  
more	
  internal	
  nodes.	
  	
  

T (x) H
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∏
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  applying	
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  rule	
  

H * = argmaxH P(H |G)P(S |H,G)

Likelihood	
  of	
  scene	
  

P(S |H,G)

P(S |H,G) = Pg(x)
T (x )Ps

*(x)T (x )
x∈H
∏Pg(x)

Pg(x) :	
  geometry	
  probability	
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Acer	
  applying	
  Bayes’	
  rule	
  

H * = argmaxH P(H |G)P(S |H,G)

Likelihood	
  of	
  scene	
  

P(S |H,G)

P(S |H,G) = Pg(x)
T (x )Ps

*(x)T (x )
x∈H
∏ Ps

*(x)

:	
  sum	
  of	
  all	
  pairwise	
  spa-al	
  probabili-es	
  Ps
*(x) Ps (x)



Scene	
  parsing	
  

We	
  work	
  in	
  the	
  nega-ve	
  logarithm	
  space	
  

E(H ) = logP(H |G)P(S |H,G)

= − T (x)log Pprod (x)Pg(x)Ps
*(x)( )

x∈H
∑



Scene	
  parsing	
  

Rewrite	
  the	
  objec-ve	
  func-on	
  recursively	
  
	
  
	
  
	
  

E(H ) = E(R)

E(x) = E(x)+ E(y)
y∈x.children
∑

where	
  	
  	
  	
  	
  	
  is	
  the	
  root	
  of	
  	
  	
  	
  	
  	
  ,	
  	
  	
  	
  	
  	
  	
  is	
  the	
  energy	
  of	
  a	
  sub-­‐tree.	
  	
  R H E

X	
   X	
  
E(x)E(x)
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Problem	
  1:	
  #possible	
  groups	
  is	
  exponen-al.	
  
Solu-on:	
  proposing	
  candidate	
  groups.	
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Scene	
  parsing	
  

Rule: 
a	
   c	
   db	
  

a	
   d	
   bc	
  

b	
   d	
   a	
  c	
  

c	
   a	
   db	
  

…	
  

r→ a,b,c,d

Problem	
  2:	
  #label	
  assignments	
  is	
  exponen-al.	
  
	
  
	
  
	
  
	
  



Scene	
  parsing	
  
Problem	
  2:	
  #label	
  assignments	
  is	
  exponen-al.	
  
Solu-on:	
  bounding	
  #RHS	
  by	
  grammar	
  binariza-on	
  

…	
  

…	
  a1 a2 an

x x x x ' x '

x ' x 'k kk k

k ∈ {a1,a2,...,an}where	
  x ' is	
  par-al	
  label	
  of	
  	
  x,
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  bounding	
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  binariza-on	
  

…	
  

k ∈ {a1,a2,...,an}where	
  

…	
  a1 a2 an

x x x x ' x '

x ' x 'k kk k

Now	
  #rules	
  and	
  #assignments	
  are	
  both	
  polynomial.	
  

The	
  problem	
  can	
  be	
  solved	
  by	
  dynamic	
  programming.	
  

x ' is	
  par-al	
  label	
  of	
  	
  x,



Scene	
  parsing	
  
Problem	
  2:	
  #label	
  assignments	
  is	
  exponen-al.	
  
Solu-on:	
  bounding	
  #RHS	
  by	
  grammar	
  binariza-on	
  

Convert	
  the	
  result	
  to	
  a	
  parse	
  tree	
  of	
  the	
  original	
  grammar	
  

a1

x

x '

a3x '

a4 a5

x

a1 a3 a4 a5
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Datasets	
  

77	
  bedrooms	
   30	
  classrooms	
   8	
  libraries	
  

17	
  small	
  bedrooms	
   8	
  small	
  libraries	
  



Benefit	
  of	
  hierarchy	
  

Object	
  classifica-on	
  	
  



Summary	
  

•  Modeling	
  hierarchy	
  improves	
  scene	
  understanding.	
  



Limita-ons	
  and	
  future	
  work	
  
•  Modeling	
  correla-on	
  in	
  probabilis-c	
  grammar	
  
•  Grammar	
  learning	
  from	
  noisy	
  data	
  
•  Applica-ons	
  in	
  other	
  fields	
  



Limita-ons	
  and	
  future	
  work	
  

Sleep	
  
area	
  

bed	
   Nightstand	
  
&	
  supported	
  

Nightstand	
  
Table	
  
lamp	
  

Input	
  scene	
  graphs	
   Grammar	
  

•  Modeling	
  correla-on	
  in	
  probabilis-c	
  grammar	
  
•  Grammar	
  learning	
  from	
  noisy	
  data	
  
•  Applica-ons	
  in	
  other	
  fields	
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  and	
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Modeling	
  from	
  RGB-­‐D	
  data	
  [Chen	
  et	
  al.	
  2014]	
  

•  Modeling	
  correla-on	
  in	
  probabilis-c	
  grammar	
  
•  Grammar	
  learning	
  from	
  noisy	
  data	
  
•  Applica-ons	
  in	
  other	
  fields	
  



Outline	
  

•  Analyzing	
  3D	
  scenes	
  by	
  modeling	
  hierarchical	
  structure	
  
•  Composi-on-­‐aware	
  scene	
  op-miza-on	
  for	
  product	
  images	
  
•  Style	
  compa-bility	
  for	
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  models	
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Mo-va-on	
  

35%	
  of	
  scenes	
  in	
  IKEA	
  catalogue	
  are	
  CGI.	
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  goal	
  
Input:	
  a	
  rough	
  scene,	
  objects	
  to	
  highlight,	
  and	
  an	
  
ini-al	
  camera	
  view	
  

Highlight	
  	
  
this	
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and	
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Ar-st’s	
  goal	
  
Input:	
  a	
  rough	
  scene,	
  objects	
  to	
  highlight,	
  and	
  an	
  
ini-al	
  camera	
  view	
  

Camera	
  view	
  



Ar-st	
  goal	
  
Output:	
  a	
  scene	
  with	
  op-mized	
  object	
  placement,	
  
materials	
  and	
  camera	
  view	
  that	
  produce	
  an	
  
appealing	
  2D	
  composi-on.	
  



Challenges	
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  space	
  to	
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•  Many	
  principles/constraints	
  to	
  balance	
  
•  Requiring	
  repea-ng	
  work	
  for	
  customiza-on	
  



Challenges	
  

•  Huge	
  search	
  space	
  to	
  explore	
  
•  Many	
  principles/constraints	
  to	
  balance	
  
•  Requiring	
  repea-ng	
  work	
  for	
  customiza-on	
  

4*N	
  +	
  6	
  parameters	
  
•  3	
  DOF	
  per	
  object	
  
•  1	
  material	
  per	
  object	
  
•  6	
  DOF	
  for	
  camera	
  



Challenges	
  

•  Huge	
  search	
  space	
  to	
  explore	
  
•  Many	
  principles/constraints	
  to	
  balance	
  
•  Requiring	
  repea-ng	
  work	
  for	
  customiza-on	
  

…	
  

…	
  



Challenges	
  

•  Huge	
  search	
  space	
  to	
  explore	
  
•  Many	
  principles/constraints	
  to	
  balance	
  
•  Requiring	
  repea-ng	
  work	
  for	
  customiza-on	
  



Related	
  work	
  

Image	
  op-miza-on	
  
[Liu	
  et	
  al.	
  2010]	
  

Camera	
  op-miza-on	
  
[Gooch	
  et	
  al.	
  2001]	
  

Scene	
  op-miza-on	
  
[Yu	
  et	
  al.	
  2011]	
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  its	
  suppor-ng	
  surface	
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  idea	
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xi, yi :	
  posi-on	
  of	
  object	
  i	
  on	
  its	
  suppor-ng	
  surface	
  

θi :	
  orienta-on	
  of	
  object	
  i	
  

mi :	
  material	
  of	
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  i	
  

C :	
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  parameters	
  

Eop,Eos,Eic,Ecp,E3d,Er :	
  terms	
  for	
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Never	
  been	
  considered	
  before	
  



Overview	
  
	
  
Composi-on	
  rules	
  and	
  constraints	
  
	
  
	
  
Op-miza-on	
  
	
  
	
  
Applica-ons	
  

	
  



Composi-on	
  rules	
  
1.  Object	
  placement	
  within	
  2D	
  frame	
  
2.  Object	
  saliency	
  within	
  2D	
  frame	
  
3.  Image	
  composi-on	
  
4.  Camera	
  placement	
  
5.  Object	
  constraints	
  within	
  3D	
  scene	
  
6.  Regulariza-on	
  

Eop

Eos

Eic

Ecp

E3d
Er



Term	
  1:	
  Object	
  placement	
  within	
  2D	
  frame	
  

•  Rule	
  of	
  thirds	
  
•  Centeredness	
  
•  Clearance	
  



Term	
  1:	
  Object	
  placement	
  within	
  2D	
  frame	
  

•  Rule	
  of	
  thirds	
  
•  Centeredness	
  
•  Clearance	
  



Term	
  1:	
  Object	
  placement	
  within	
  2D	
  frame	
  

•  Rule	
  of	
  thirds	
  
•  Centeredness	
  
•  Clearance	
  



Term	
  2:	
  Object	
  saliency	
  within	
  2D	
  frame	
  

•  Visibility	
  
•  Object	
  size	
  



Term	
  2:	
  Object	
  saliency	
  within	
  2D	
  frame	
  

•  Visibility	
  
•  Object	
  size	
  



Term	
  3:	
  Image	
  composi-on	
  

•  Visual	
  balance	
  
•  Color	
  contrast	
  



Term	
  3:	
  Image	
  composi-on	
  

•  Visual	
  balance	
  
•  Color	
  contrast	
  



Term	
  4:	
  Camera	
  placement	
  

•  Canonical	
  views	
  
•  Typical	
  views	
  



•  Canonical	
  views	
  
•  Typical	
  views	
  

Term	
  4:	
  Camera	
  placement	
  



•  Collision	
  rela-onships	
  
•  Support	
  rela-onships	
  
•  Seman-c	
  constraints	
  

Term	
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  within	
  3D	
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Term	
  5:	
  Object	
  constraints	
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  3D	
  scene	
  

•  Collision	
  rela-onships	
  
•  Support	
  rela-onships	
  
•  Seman-c	
  constraints	
  



Term	
  6:	
  Regulariza-on	
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Energy	
  func-on	
  

E({xi, yi,θi},{mi},C) = Eop +Eos +Eic +Ecp +E3d +Er

Con-nuous	
  variables	
   Discrete	
  variables	
  



Op-miza-on	
  
•  Con-nuous	
  op-miza-on	
  –	
  camera	
  view	
  and	
  

object	
  placement	
  
•  Discrete	
  op-miza-on	
  –	
  materials	
  



Example	
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Applica-ons	
  
1.  Refining	
  rough	
  composi-ons	
  
2.  Retarge-ng	
  for	
  different	
  aspect	
  ra-os	
  
3.  Retarge-ng	
  for	
  different	
  cultural	
  preferences	
  
4.  Text-­‐incorporated	
  composi-on	
  
5.  Genera-ng	
  detail	
  images	
  from	
  an	
  overview	
  



Applica-on	
  1:	
  Refining	
  rough	
  composi-ons	
  

Rough	
  composi-on	
   Op-mized	
  composi-on	
  



User	
  study	
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  rough	
  composi-ons	
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Large-­‐scale	
  layout	
   Refinement	
  

Applica-on	
  1:	
  Refining	
  rough	
  composi-ons	
  



Large-­‐scale	
  layout	
   Refinement	
  

(Could	
  have	
  been	
  off-­‐
loaded	
  to	
  the	
  computer)	
  

Applica-on	
  1:	
  Refining	
  rough	
  composi-ons	
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App	
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Input	
  

Extra	
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  for	
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  text	
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  term	
  



App	
  4:	
  Text-­‐incorporated	
  composi-on	
  

Input	
  

Extra	
  terms	
  for	
  overlaid	
  text	
  
•  Contrast	
  term	
  
•  Variance	
  term	
  



App	
  4:	
  Text-­‐incorporated	
  composi-on	
  

Input	
   Camera	
  only	
  



App	
  4:	
  Text-­‐incorporated	
  composi-on	
  

Input	
   Our	
  result	
  Camera	
  only	
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App	
  5:	
  Genera-ng	
  detail	
  images	
  from	
  an	
  overview	
  



A	
  perceptual	
  study	
  

Comparing	
  the	
  results	
  of	
  our	
  method	
  and	
  
op-mizing	
  camera	
  only.	
  

Kitchen	
   Study	
   Living	
  room	
  



Expert	
  study	
  results	
  

ID	
   Ours	
   Camera	
  Only	
   No	
  preference	
  

Expert	
  1	
   22	
   12	
   2	
  

Expert	
  2	
   17	
   14	
   3	
  

Expert	
  3	
   22	
   11	
   3	
  

Expert	
  4	
   21	
   12	
   3	
  



Amazon	
  Mechanical	
  Turk	
  study	
  



Amazon	
  Mechanical	
  Turk	
  study	
  

If	
  null	
  hypothesis	
  is	
  there	
  is	
  no	
  preference,	
  	
  
•  Our	
  method	
  is	
  preferred	
  in	
  26/36	
  cases.	
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Amazon	
  Mechanical	
  Turk	
  study	
  

If	
  null	
  hypothesis	
  is	
  there	
  is	
  no	
  preference,	
  	
  
•  Our	
  method	
  is	
  preferred	
  in	
  26/36	
  cases.	
  
•  No	
  sta-s-cal	
  significance	
  in	
  8	
  cases.	
  
•  Camera	
  only	
  is	
  preferred	
  in	
  2	
  cases.	
  



Summary	
  
•  Reasoning	
  about	
  rela-onships	
  between	
  objects	
  in	
  the	
  

image	
  space	
  and	
  the	
  scene	
  space	
  helps	
  create	
  good	
  
composi-ons.	
  

	
  
•  Moving	
  objects	
  and	
  changing	
  materials	
  significantly	
  

improves	
  the	
  quality	
  of	
  composi-ons.	
  
	
  
•  Our	
  op-miza-on	
  framework	
  benefits	
  a	
  variety	
  of	
  

applica-ons.	
  



Limita-ons	
  and	
  future	
  work	
  

•  Interac-ve	
  scene	
  op-miza-on	
  
•  Global	
  illumina-on	
  
•  Addi-onal	
  composi-on	
  rules	
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Limita-ons	
  and	
  future	
  work	
  

•  Interac-ve	
  scene	
  op-miza-on	
  
•  Global	
  illumina-on	
  
•  Addi-onal	
  composi-on	
  rules	
  

FAKTUM kitchen with RUBRIK stainless 
steel doors and drawer fronts $3890 RUBRIK 
doors/drawer fronts in stainless steel. Styled 
with VÄRDE nickel-plated handles and PRÄGEL 
black mineral effect worktop in melamine foil.

COOKING

COOKING.
The kitchen is more than a room where we cook. It’s the heart of the home, 

the busiest spot in the house, the headquarters for everyday activity.  

It’s where every day begins and every good party ends. Where leftovers get  

a second chance and you always get to lick the spoon. You could say, that the 

kitchen is one of the most important rooms in your home. Because if the  

kitchen doesn’t work, then nothing else works either. We believe that kitchens 

are what we make them, and that no dream is too crazy to turn into a reality. 

FAKTUM/RUBRIK kitchen

$3890
What’s in the kitchen price? See page 309.

92

10m²

Kitchen assembly and installation service

Basic installation* $1460

Price for this kitchen  
incl. basic installation* $5350
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Symmetry	
   Vanishing	
  points	
  



Outline	
  

•  Analyzing	
  3D	
  scenes	
  by	
  modeling	
  hierarchical	
  structure	
  
•  Composi-on-­‐aware	
  scene	
  op-miza-on	
  for	
  product	
  images	
  
•  Style	
  compa-bility	
  for	
  3D	
  furniture	
  models	
  	
  



Mo-va-on	
  

Image	
  courtesy:	
  smartnick100,	
  Designer_Tina,	
  Xu	
  et	
  al.	
  



Mo-va-on	
  

Style	
  compa7bility	
  



Goal	
  

Modeling	
  pairwise	
  style	
  compa-bility	
  

How	
  likely	
  would	
  a	
  person	
  put	
  the	
  two	
  furniture	
  
pieces	
  together	
  in	
  the	
  same	
  room	
  if	
  he	
  was	
  furnishing	
  
an	
  apartment?	
  



F(	
  	
  	
  	
  	
  ,	
  	
  	
  	
  	
  )	
  =	
  Scalar	
  

Goal	
  

Modeling	
  pairwise	
  style	
  compa-bility	
  

xi x j
Extract	
  feature	
  vectors	
  



Previous	
  work	
  –	
  shape	
  style	
  

[Xu	
  et	
  al.	
  2010]	
   [Li	
  et	
  al.	
  2013]	
  



Previous	
  work	
  –	
  virtual	
  world	
  synthesis	
  

[Fisher	
  et	
  al.	
  2012]	
   [Xu	
  et	
  al.	
  2013]	
  [Merrell	
  et	
  al.	
  2011]	
  

…



Challenges	
  
•  Hard	
  to	
  design	
  a	
  hand-­‐tuned	
  func-on	
  
•  Coupled	
  with	
  func-onality	
  
•  Requiring	
  comparisons	
  across	
  object	
  classes	
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•  Learning	
  object-­‐class	
  specific	
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Key	
  Ideas	
  
•  Crowdsourcing	
  compa-bility	
  preferences	
  
•  Part-­‐based	
  geometric	
  features	
  
•  Learning	
  object-­‐class	
  specific	
  mappings	
  

> 



Crowdsourcing	
  compa-bility	
  preferences	
  

Couch	
  Table	
  lamp	
  
End	
  table	
  

Chair	
   Armchair  

Floor	
  lamp	
  

Coffee	
  table	
  

(42)	
  

(28)	
   (39)	
  

(23)	
  

(37)	
   (49)	
   (36)	
  

Living	
  room	
  



Crowdsourcing	
  compa-bility	
  preferences	
  

Please	
  select	
  the	
  two	
  most	
  compa-ble	
  pairs.	
  

Design	
  of	
  user	
  study	
  [Wilber	
  et	
  al.	
  2014]	
  
	
  



Crowdsourcing	
  compa-bility	
  preferences	
  

Rater’s	
  selec-on	
  



and	
  4	
  more	
  triplets	
  …	
  

Crowdsourcing	
  compa-bility	
  preferences	
  

> 

> 

> 

> 

Converted	
  into	
  8	
  triplets	
  



Crowdsourcing	
  compa-bility	
  preferences	
  

Collected	
  63,800	
  triplets	
  for	
  living	
  room	
  	
  
and	
  20,200	
  for	
  dining	
  room	
  

Dining	
  room	
  Living	
  room	
  



Key	
  Ideas	
  
•  Crowdsourcing	
  compa-bility	
  preferences	
  
•  Part-­‐aware	
  geometric	
  features	
  
•  Learning	
  object-­‐class	
  specific	
  mappings	
  



Part-­‐aware	
  geometric	
  features	
  

Contemporary	
  

An-que	
  



Part-­‐aware	
  geometric	
  features	
  

•  Consistent	
  segmenta-on	
  
•  Compu-ng	
  geometry	
  features	
  for	
  each	
  part	
  
•  Concatena-ng	
  features	
  of	
  all	
  parts	
  



Part-­‐aware	
  geometric	
  features	
  

Step	
  1:	
  Consistent	
  segmenta-on	
  [Kim	
  et	
  al.	
  2013]	
  
Armrest	
   Back	
   Legs	
   Seat	
  



Part-­‐aware	
  geometric	
  features	
  

Step	
  2:	
  Compu-ng	
  geometric	
  features	
  for	
  each	
  part	
  

Back	
  
Curvature	
  histogram	
  

Shape	
  diameter	
  histogram	
  

Bounding	
  box	
  dimensions	
  

Normalized	
  surface	
  area	
  



Part-­‐aware	
  geometric	
  features	
  

Step	
  3:	
  Concatena-ng	
  features	
  of	
  all	
  parts	
  

Back	
   Legs	
  

…

En-re	
  model	
  

… 



Key	
  Ideas	
  
•  Crowdsourcing	
  compa-bility	
  preferences	
  
•  Part-­‐aware	
  geometric	
  features	
  
•  Learning	
  object-­‐class	
  specific	
  mappings	
  



Learning	
  object-­‐class	
  specific	
  mappings	
  

dsymm (xi, x j ) = W (xi − x j ) 2

dsymm is	
  the	
  compa-bility	
  distance	
  	
  

are	
  feature	
  vectors	
  of	
  two	
  shapes	
  xi, x j

Previous	
  approach	
  [Kulis	
  2012]:	
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Fonts	
  	
  
[O’Donovan	
  et	
  al.	
  2014]	
  

Illustra-on	
  styles	
  	
  
[Garces	
  et	
  al.	
  2014]	
  

Previous	
  approach	
  [Kulis	
  2012]:	
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Assump-ons	
  of	
  the	
  previous	
  approach	
  
•  Feature	
  vectors	
  have	
  the	
  same	
  dimensionality	
  
•  Corresponding	
  dimensions	
  are	
  comparable	
  

4	
  parts	
   3	
  parts	
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dasymm (xi, x j ) = Wc(i)xi −Wc( j )x j 2

c(i) is	
  the	
  object	
  class	
  of	
  	
  xi

is	
  the	
  object	
  class	
  of	
  	
  x jc( j)

Our	
  approach:	
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Learning	
  procedure	
  [O’Donovan	
  et	
  al.	
  2014]	
  
•  Using	
  a	
  logis-c	
  func-on	
  to	
  model	
  rater’s	
  preferences	
  
•  Learning	
  by	
  maximizing	
  the	
  likelihood	
  of	
  the	
  training	
  

triplets	
  with	
  regulariza-on	
  



Results	
  of	
  triplet	
  predic-on	
  
Test	
  set:	
  triplets	
  that	
  human	
  agree	
  upon	
  
•  264	
  triplets	
  from	
  dining	
  room	
  
•  229	
  triplets	
  from	
  living	
  room	
  

Method	
   Dining	
  room	
   Living	
  room	
  
Chance	
   50%	
   50%	
  

No	
  part-­‐aware,	
  Symmetric	
   63%	
   55%	
  
Part-­‐aware,	
  Symmetric	
   63%	
   65%	
  

No	
  part-­‐aware,	
  Asymmetric	
   68%	
   65%	
  
Part-­‐aware,	
  Asymmetric	
  (Ours)	
   73%	
   72%	
  

People	
   93%	
   99%	
  



Applica-ons	
  

•  Style-­‐aware	
  shape	
  retrieval	
  
•  Style-­‐aware	
  furniture	
  sugges-on	
  
•  Style-­‐aware	
  scene	
  building	
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  shape	
  retrieval	
  

Dining	
  chair	
  Query	
  model	
  

?	
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Style-­‐aware	
  shape	
  retrieval	
  

(Most	
  incompa7ble	
  chairs)	
  

Dining	
  chair	
  Query	
  model	
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Style-­‐aware	
  scene	
  building	
  

User	
  study	
  
•  12	
  par-cipants,	
  each	
  works	
  on	
  14	
  tasks.	
  
•  Half	
  of	
  the	
  tasks	
  are	
  assisted	
  by	
  our	
  metric,	
  

and	
  the	
  other	
  half	
  are	
  not.	
  
•  Results	
  from	
  the	
  two	
  seQngs	
  are	
  compared	
  

on	
  Amazon	
  Mechanical	
  Turk.	
  



Style-­‐aware	
  scene	
  building	
  



Summary	
  
•  It	
  is	
  possible	
  to	
  learn	
  a	
  compa-bility	
  metric	
  for	
  

furniture	
  of	
  different	
  classes.	
  

•  The	
  learned	
  compa-bility	
  metric	
  is	
  effec-ve	
  in	
  style-­‐
aware	
  scene	
  modeling.	
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Duncan	
  Phyfe	
  style	
  with	
  eagle	
  mo-f	
  	
  
(Courtesy:	
  Carswell	
  Rush	
  Berlin)	
  

Sheraton	
  style	
  with	
  lyre	
  mo-f	
  



Limita-ons	
  and	
  future	
  work	
  
•  Modeling	
  fine-­‐grained	
  style	
  varia-ons	
  
•  Inves-ga-ng	
  style	
  compa-bility	
  in	
  other	
  domains	
  

OR	
  



Outline	
  

•  Analyzing	
  3D	
  scenes	
  by	
  modeling	
  hierarchical	
  structure	
  
•  Composi-on-­‐aware	
  scene	
  op-miza-on	
  for	
  product	
  images	
  
•  Style	
  compa-bility	
  for	
  3D	
  furniture	
  models	
  	
  



Summary	
  of	
  my	
  thesis	
  

3D	
  Scene	
  Modeling	
  

3D	
  Scene	
  Analysis	
  

Reasoning	
  about	
  
rela7onships	
  

between	
  objects	
  

Rela-onships	
  between	
  objects	
  are	
  
•  a	
  strong	
  cue	
  for	
  scene	
  understanding	
  
•  a	
  strong	
  factor	
  for	
  scene	
  plausibility	
  and	
  aesthe-cs	
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Future	
  work	
  

•  Other	
  sources	
  for	
  data-­‐driven	
  scene	
  modeling	
  
•  Other	
  factors	
  related	
  to	
  scene	
  plausibility	
  

Materials	
  are	
  strongly	
  related	
  to	
  style	
  compa-bility	
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