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Outline	
  

• Introduc/on	
  
• Previous	
  work	
  
• Condi/onal	
  Random	
  Field	
  
• DeepLab	
  
• Discussion	
  



Segmenta/on	
  
• Goal:	
  	
  Par//oning	
  an	
  image	
  into	
  mul/ple	
  groups	
  

Image	
  credit:	
  Silberman	
  et	
  al.	
  



Foreground	
  Segmenta/on	
  
• Goal:	
  	
  Extract	
  foreground	
  from	
  the	
  image	
  

Image	
  credit:	
  Rother	
  et	
  al.	
  



Unsupervised	
  Segmenta/on	
  
• Goal:	
  	
  Grouping	
  pixels	
  based	
  similarity	
  

Image	
  credit:	
  Shi	
  et	
  al.	
  



Cosegmenta/on	
  
• Goal:	
  Segmen/ng	
  common	
  objects	
  from	
  mul/ple	
  
images	
  

Image	
  credit:	
  Guo	
  et	
  al.	
  



Instance	
  Segmenta/on	
  
• Goal:	
  	
  Assign	
  each	
  pixel	
  an	
  object	
  instance	
  

Image	
  credit:	
  Zhang	
  et	
  al.	
  	
  



Seman/c	
  Segmenta/on	
  
• Goal:	
  	
  Assign	
  a	
  class	
  label	
  to	
  each	
  pixel	
  in	
  the	
  image	
  

Image	
  credit:	
  PASCAL	
  VOC	
  Why	
  seman*c	
  segmenta*on?	
  



TextonBoost	
  
• Texton,	
  Loca/on,	
  Color	
  Features	
  
•  Texton:	
  Clusters	
  of	
  filter-­‐bank	
  responses	
  

• Joint	
  Boos/ng	
  
• Different	
  classes	
  share	
  features	
  
• Weak	
  classifier	
  is	
  based	
  coun/ng	
  features	
  
	
  

Image	
  credit:	
  Rother	
  et	
  al.	
  



Decision	
  Forest	
  
• Texton,	
  Loca/on,	
  Color	
  Features	
  
•  Encoded	
  in	
  a	
  hierarchical	
  way	
  through	
  decision	
  forest	
  

• Decision	
  Forest	
  
• Pass	
  from	
  root	
  to	
  leaf	
  through	
  decisions	
  
•  Each	
  leaf	
  node	
  maintains	
  a	
  class	
  distribu/on	
  
• Weak	
  classifier	
  is	
  very	
  simple	
  
	
  

Image	
  credit:	
  ShoYon	
  et	
  al.	
  



Labeling	
  Transfer	
  
• Find	
  pixel-­‐wise	
  correspondence	
  (Si[Flow)	
  
• Transfer	
  labels	
  

Image	
  credit:	
  Liu	
  et	
  al.	
  



Super-­‐pixel	
  Methods	
  
• Do	
  over-­‐segmenta/on	
  
• Extract	
  local	
  descriptors	
  for	
  each	
  superpixel	
  
• Consider	
  each	
  superpixel	
  as	
  a	
  sample	
  to	
  classify	
  
• Used	
  for	
  scene	
  labeling	
  

Image	
  credit:	
  Ladicky	
  et	
  al.	
  Pro	
  &	
  Con?	
  



Region	
  Methods	
  
• Sample	
  object	
  region	
  proposals	
  
• Extract	
  local	
  descriptors	
  for	
  each	
  proposal	
  
• Consider	
  each	
  region	
  as	
  a	
  sample	
  to	
  classify	
  
• Usually	
  used	
  for	
  object	
  segmenta/on/detec/on	
  

Image	
  credit:	
  Carreira	
  et	
  al.	
  



Random	
  Field	
  Model	
  

	
  
• Probabilis/c	
  interpreta/on:	
  

	
  

• Map	
  Inference	
  
•  Mostly	
  likely	
  labeling	
  
•  Has	
  lowest	
  energy	
  
•  In	
  general,	
  NP-­‐Hard	
  

Unary	
  term	
   Pairwise	
  term	
   High-­‐order	
  term	
  



Random	
  Field	
  Model	
  

• All	
  the	
  methods	
  I	
  cover	
  today	
  use	
  random	
  fields	
  

Why?	
  



CRF	
  for	
  Seman/c	
  Segmenta/on	
  
• A	
  discrimina/ve	
  MRF	
  
• Node:	
  usually	
  pixels	
  
•  Edge:	
  interac/ons	
  between	
  
pixels	
  

• Unary	
  term	
  
•  Local	
  classifiers	
  

• Pairwise	
  term	
  
• Neighboring	
  pixels	
  tend	
  to	
  
have	
  similar	
  labels	
  
• Usually	
  weighted	
  by	
  color	
  
similarity	
  

Image	
  credit:	
  Shi	
  et	
  al.	
  



CRF	
  for	
  Seman/c	
  Segmenta/on	
  
• A	
  discrimina/ve	
  MRF	
  
• Node:	
  usually	
  pixels	
  
•  Edge:	
  interac/ons	
  between	
  
pixels	
  

• Unary	
  term	
  
•  Local	
  classifiers	
  

• Pairwise	
  term	
  
• Neighboring	
  pixels	
  tend	
  to	
  
have	
  similar	
  labels	
  
• Usually	
  weighted	
  by	
  color	
  
similarity	
  

Image	
  credit:	
  Shi	
  et	
  al.	
  



CRF	
  for	
  Seman/c	
  Segmenta/on	
  
• A	
  discrimina/ve	
  MRF	
  
• Node:	
  usually	
  pixels	
  
•  Edge:	
  interac/ons	
  between	
  
pixels	
  

• Unary	
  term	
  
•  Local	
  classifiers	
  

• Pairwise	
  term	
  
• Neighboring	
  pixels	
  tend	
  to	
  
have	
  similar	
  labels	
  
• Usually	
  weighted	
  by	
  color/
texture/brightness	
  
similarity	
  

Image	
  credit:	
  Shi	
  et	
  al.	
  



CRF	
  for	
  Seman/c	
  Segmenta/on	
  
• Loca/on	
  interac/ons	
  

Image	
  credit:	
  Krähenbühl	
  et	
  al.	
  



Cons	
  of	
  adjacent	
  connec/vity	
  
• Shrinking	
  bias	
  and	
  limited	
  propaga/on	
  

Image	
  credit:	
  Krähenbühl	
  et	
  al.	
  

Unary	
  



Cons	
  of	
  adjacent	
  connec/vity	
  
• Shrinking	
  bias	
  and	
  limited	
  propaga/on	
  

Image	
  credit:	
  Krähenbühl	
  et	
  al.	
  

CRF	
  



Cons	
  of	
  adjacent	
  connec/vity	
  
• Shrinking	
  bias	
  and	
  limited	
  propaga/on	
  

Image	
  credit:	
  Krähenbühl	
  et	
  al.	
  

CRF	
  



Densely-­‐connected	
  CRF	
  
• Pixels	
  are	
  densely	
  connected	
  

Image	
  credit:	
  Krähenbühl	
  et	
  al.	
  



Densely-­‐connected	
  CRF	
  
• Bilateral	
  Pairwise	
  Term	
  

Label	
  compa/bility	
   Loca/on	
  smoothness	
   Appearance	
  smoothness	
  

Image	
  credit:	
  Krähenbühl	
  et	
  al.	
  



Outline	
  

• Introduc/on	
  
• Previous	
  work	
  
• Condi/onal	
  Random	
  Field	
  
• DeepLab	
  
• Discussion	
  



Densely-­‐connected	
  CRF	
  

• Pros	
  
•  Long	
  range	
  interac/ons,	
  overcome	
  shrinking	
  bias	
  

• Cons	
  
• Billions	
  of	
  pairwise	
  terms	
  sound	
  scary	
  for	
  inference	
  

Image	
  credit:	
  Krähenbühl	
  et	
  al.	
  



Warning	
  



Mean-­‐field	
  Approximate	
  Inference	
  

Why	
  we	
  want	
  such	
  a	
  factorized	
  Q?	
  



Mean-­‐field	
  Approximate	
  Inference	
  

Message	
  Passing	
  

Compa/bility	
  Transform	
  

Update	
  

O(N^2)	
  

O(N)	
  

O(N)	
  



Mean-­‐field	
  Approximate	
  Inference	
  

Efficient	
  Convolu/on	
  

Compa/bility	
  Transform	
  

Update	
  

O(N)	
  

O(N)	
  

O(N)	
  

Image	
  credit:	
  Wikipedia	
  permutohedral	
  laCce	
  



Since	
  Nov.	
  2014…	
  
State-­‐of-­‐the-­‐art:	
  mAP	
  77.8	
  

The	
  best	
  without	
  CNN:	
  mAP	
  48.1	
  



DeepLab	
  
• Outline	
  

Image	
  credit:	
  Chen	
  et	
  al.	
  



DeepLab	
  
• Convert	
  a	
  detec/on	
  architecture	
  for	
  segmenta/on	
  
• A	
  variant	
  of	
  VGG-­‐16	
  
•  Ini/al	
  weight	
  from	
  ImageNet	
  for	
  classifica/on.	
  	
  

Image	
  credit:	
  Simonyan	
  et	
  al.	
  

convolu/onal	
   fully	
  connected	
  



DeepLab	
  
• Convert	
  a	
  detec/on	
  architecture	
  for	
  segmenta/on	
  
• A	
  variant	
  of	
  VGG-­‐16	
  
•  Ini/al	
  weight	
  from	
  ImageNet	
  for	
  classifica/on.	
  	
  

Image	
  credit:	
  Simonyan	
  et	
  al.	
  

fully	
  convolu/onal	
  

conv	
  



DeepLab	
  
• Convert	
  a	
  detec/on	
  architecture	
  for	
  segmenta/on	
  
• Resolu/on	
  is	
  a	
  problem	
  (x32)	
  
•  You	
  could	
  either	
  avoid	
  some	
  down-­‐sampling	
  (DeepLab)	
  
• Or	
  add	
  addi/onal	
  deconvolu/on/up-­‐sampling	
  layers	
  
a[erwards	
  (FCN8s,	
  CRFasRNN)	
  

Image	
  credit:	
  Chen	
  et	
  al.	
  



DeepLab	
  
• Generate	
  score	
  map	
  (8x)	
  
• Interpola/on	
  to	
  image	
  size	
  

Boundary	
  not	
  
aligned.	
  

Image	
  credit:	
  Chen	
  et	
  al.	
  



DeepLab	
  
• Densely-­‐Connected	
  CRF	
  
•  Sharpen	
  boundaries	
  using	
  image-­‐based	
  info	
  
• Gaussian	
  spa/al	
  pairwise	
  +	
  Bilateral	
  pairwise	
  poten/al	
  
• Grid-­‐search	
  hyper-­‐parameters	
  over	
  valida/on	
  set	
  

Image	
  credit:	
  Chen	
  et	
  al.	
  



DeepLab	
  
• Experimental	
  Result	
  

Image	
  credit:	
  Chen	
  et	
  al.	
  



CRF	
  as	
  RNN	
  
• Jointly	
  learning	
  the	
  parameters	
  of	
  CNN	
  and	
  CRF	
  	
  

Cov	
   Cov	
   Add	
   So[max	
  



Quan/ta/ve	
  Results	
  
• Intersec/on-­‐Over-­‐Union	
  



Quan/ta/ve	
  Results	
  on	
  Pascal	
  VOC	
  2012	
  

• Improvements	
  
• Pre-­‐CNN	
  (<	
  50%)	
  
• CNN	
  (60-­‐64%)	
  
• CNN	
  +	
  CRF	
  (67%)	
  
• Data	
  Augmenta/on	
  (71%)	
  	
  
•  Pretraining	
  using	
  other	
  dataset	
  (COCO	
  ßà	
  Pascal)	
  
• Weakly	
  supervision	
  using	
  bounding	
  boxes	
  

•  Learning	
  the	
  parameters	
  for	
  CRF	
  and	
  CNN	
  jointly	
  
(74%)	
  
•  Learning	
  the	
  pairwise	
  label	
  compa/bility	
  (77%)	
  



Demo	
  

• Notebook	
  Example:	
  FCN_8s	
  +	
  DenseCRF	
  
• Online	
  Demo:	
  CRF-­‐RNN	
  
	
  



Summary	
  

• Fully	
  Convolu/onal	
  Network	
  
• Fully	
  connected	
  Condi/onal	
  Random	
  Field	
  
	
  



Dataset	
  
• MSRC	
  
• Si[Flow	
  
• Stanford	
  
• LabelMe	
  
• NYU	
  
• Sun	
  RGBD	
  
• Pascal	
  VOC	
  
• Microso[	
  COCO	
  
• KITTI	
  
• CamVid	
  
• Cityscapes	
  

Classic	
  but	
  might	
  not	
  large	
  
enough	
  for	
  data-­‐hungry	
  models	
  

RGBD-­‐benchmark,	
  large,	
  indoor	
  
Good	
  for	
  CNNs	
  

Object	
  labeling,	
  large,	
  object	
  seg	
  
Good	
  for	
  CNNs,	
  good	
  for	
  mul/-­‐task	
  

Autonomous	
  driving,	
  video,	
  scene	
  
Enough	
  for	
  fine-­‐tuning	
  CNNs	
  
Good	
  for	
  mul/-­‐task	
  
Good	
  for	
  taking	
  two	
  courses	
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