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So	  Far	  
•  Support	  Vector	  Machines	  (SVM)	  

•  Pedestrian	  Detec)on	  by	  HOG	  

•  Implicit	  Shape	  Models	  

•  Detector	  Evalua)on	  



PASCAL	  VOC	  Challenge	  



Person	  Detec)on	  in	  Pascal	  
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Deformable	  Part	  Models	  

•  Assump)on:	  Number	  of	  parts	  à	  5	  
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•  Learn	  a	  part-‐based	  model:	  

Training

• Positive training examples are labeled with bounding boxes
• No part location is available during training (latent)
• Aim: learn model parameters ߚ ൌ …,ܨ , ,ܨ ݀ଵ, … , ݀, ܾ

[Felzenszwalb	  et	  al,	  2008]	  
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Fig. 4. The matching process at one scale. Responses from the root and part filters are computed a different
resolutions in the feature pyramid. The transformed responses are combined to yield a final score for each root
location. We show the responses and transformed responses for the “head” and “right shoulder” parts. Note how the
“head” filter is more discriminative. The combined scores clearly show two good hypothesis for the object at this scale.
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Detection

Ri(x, y)x	  

y	  

i-‐th	  part	  filter	  

Response	  to	  the	  i-‐th	  part	  filter	  at	  loca)on	  (x,y)	  	  

Di(x, y)

Is	  there	  a	  person	  at	  loca)on	  (x,y)?	  	  
= max

dx,dy
Ri(x+ dx, y + dy)

Detection

−di.φd(dx, dy)
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•  Naïve	  search	  à	  O(N2)	  
•  Generalized	  Distance	  Transform	  à	  O(N)	  
	  	  	  	  	  	  [Felzenszwalb	  et	  al,	  2004]	  

di = (0, 0, 1, 1)
φd(dx, dy) = (dx, dy, dx2, dy2)
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Detec)on	  Score	  
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Detection

z = (p0, p1, . . . , pk)

p0	  =	  loca)on	  of	  the	  root	  	  

p1,p2,…,pk	  =	  loca)on	  of	  the	  parts	  	  

f0	  =	  root	  filter	  

φh(pi)	  =	  HOG	  feature	  at	  part	  pi	  

pi = (xi, yi)

d1,d2,…,dk=	  deforma)on	  parameters	  

f1,f2,…,fk	  =	  parts	  filters	  

∆i = (dxi, dyi) = pi − p0

φd(∆i) = (dxi, dyi, dx
2

i , dy
2

i )

score(z) =f0.φh(p0) + f1.φh(p1) + · · ·+ fk.φh(pk)−d1φd(∆1)− d2φd(∆2)− · · ·− dkφd(∆k)

Data	  Term	   Spa)al	  Term	  



Training	  
score(z) =f0.φh(p0) + f1.φh(p1) + · · ·+ fk.φh(pk)−d1φd(∆1)− d2φd(∆2)− · · ·− dkφd(∆k)

x = [φh(p0),φh(p1), . . . ,φh(pk),−φd(∆1),−φd(∆2)− · · ·− φd(∆k)]

score(z) = w.x

w = [f0, f1, . . . , fk, d1, d2, . . . , dk]

Model	  Parameters	  
Need	  to	  be	  trained	  

W	  is	  a	  classifier	  in	  the	  space	  of	  x	  

Can	  we	  train	  w	  by	  SVM?	  	  

min
w

1

2
∥w∥2

∀j yj(w.x) > 1 yj ∈ {−1 + 1}



Training	  

Training

• Positive training examples are labeled with bounding boxes
• No part location is available during training (latent)
• Aim: learn model parameters ߚ ൌ …,ܨ , ,ܨ ݀ଵ, … , ݀, ܾ

z = (p0, p1, . . . , pk)

We	  do	  not	  have	  any	  informa)on	  	  
about	  the	  loca)on	  of	  the	  parts	  in	  train	  data	  	  

Z	  is	  latent	  

min
w,z

1

2
∥w∥2

∀j score(z)yj > 1 yj ∈ {−1 + 1}

Latent-‐SVM:	  



Latent	  SVM	  
min
w,z

1

2
∥w∥2

∀j score(z)yj > 1 yj ∈ {−1 + 1}

•  Fix	  z	  ,	  find	  w	  
•  Fix	  w	  ,	  find	  z	  

•  Loop	  un)l	  no	  change	  in	  z,w	  

Training

• Positive training examples are labeled with bounding boxes
• No part location is available during training (latent)
• Aim: learn model parameters ߚ ൌ …,ܨ , ,ܨ ݀ଵ, … , ݀, ܾ
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•  Standard	  SVM	  
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Nega)ve	  Samples	  

•  Infinite	  possibility	  for	  nega)ve	  samples	  	  



Hard	  Nega)ve	  Samples	  

•  Data	  Mining	  



Hard	  Nega)ve	  Samples	  

•  Data	  Mining	   Add	  this	  as	  a	  nega)ve	  sample	  for	  training	  	  



Mixture	  Model	  Mixture Model Example ‐ Person



Bicycle	  



Bicycle	  Mixture Model Example ‐ BicycleMixture Model Example ‐ Bicycle
Mixture Model Example ‐ Bicycle
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Car	  
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Cat	  
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Person	  riding	  horse	  



Person	  riding	  bicycle	  



PASCAL	  VOC	  detec)on	  history	  
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Part-‐based	  models	  &	  mul)ple	  
features	  (MKL)	  
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Kitchen-‐sink	  approaches	  
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increasing complexity & plateau 



Region-‐based	  Convolu)onal	  
Networks	  (R-‐CNNs)	  
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[R-‐CNN.	  Girshick	  et	  al.	  CVPR	  2014]	  
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Deep	  Neural	  Networks	  and	  Torch	  



Neural	  Networks	  A	  Brief	  History	  
•  The	  1940s:	  The	  Beginning	  of	  Neural	  Networks	  

– Warren	  McCulloch	  and	  Walter	  Piks	  (1943)	  
–  Threshold	  Logic	  



Neural	  Networks	  A	  Brief	  History	  

•  The	  1950s	  and	  1960s:	  The	  First	  Golden	  Age	  of	  
Neural	  Networks	  

–  Frank	  Rosenblak	  (1958)	  created	  the	  perceptron	  



Neural	  Networks	  A	  Brief	  History	  

•  The	  1970s:	  The	  Quiet	  Years	  
– Perceptron	  could	  not	  solve	  simple	  XOR	  problem	  
–  	  Overes)ma)ng	  the	  success	  of	  AI	  in	  research	  
papers	  

Mul)-‐Layer	  Perceptron	  :	  How	  to	  train?!!!	  



Neural	  Networks	  A	  Brief	  History	  

•  Aper	  1975	  up	  to	  1990:	  Renewed	  Enthusiasm	  
– The	  Backpropaga)on	  algorithm	  was	  created	  by	  
Paul	  Werbos	  (1975)	  



Neural	  Networks	  A	  Brief	  History	  

•  1990	  -‐2012	  :	  	  Long	  Quiet	  Years	  !!!	  
– Learning	  large	  network	  was	  
computa)onally	  expensive	  

– Support	  Vector	  Machine	  took	  over	  	  
•  Convex	  Op)miza)on	  
•  Nonlinear	  Models	  by	  Kernel	  Tricks	  



Feature	  Engineering	  
•  Conver)ng	  everything	  to	  a	  vector	  representa)on	  	  

X	  =	  [x1,x2,…,xD]	  

Machine	  Learning	  

Feature	  Engineering	  



Feature	  Learning	  

•  Convolu)onal	  Neural	  Networks	  

hkps://www.youtube.com/watch?v=Qil4kmvm2Sw	  



Feature	  Learning	  

•  Convolu)onal	  Neural	  Networks	  

hkps://www.youtube.com/watch?v=Qil4kmvm2Sw	  



GPU	  and	  BigData	  

•  AlexNet	  (2012)	  

•  ImageNet	  


