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SVM	
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  Hinge	
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Logis$c	
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Learn	
  3	
  classifiers	
  	
  
separately:	
  	
  
Class	
  k	
  vs.	
  rest	
  

(wk,	
  bk)k=1,2,3	
  

y	
  =	
  arg	
  max	
  wk.x	
  +	
  bk	
  
k	
  

But	
  wks	
  may	
  not	
  be	
  	
  
based	
  on	
  the	
  same	
  scale.	
  
Note:	
  (aw).x	
  +	
  (ab)	
  is	
  also	
  
a	
  solu$on	
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Simultaneously	
  learn	
  3	
  sets	
  of	
  weights	
  

y	
  =	
  arg	
  max	
  w(k).x	
  +	
  b(k)	
  

Margin	
  -­‐	
  gap	
  between	
  correct	
  
class	
  and	
  nearest	
  other	
  class	
  

s.t.	
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Simultaneously	
  learn	
  3	
  sets	
  of	
  weights	
  

y	
  =	
  arg	
  max	
  w(k).x	
  +	
  b(k)	
  

Joint	
  op$miza$on:	
  wks	
  
have	
  the	
  same	
  scale.	
  



What	
  you	
  need	
  to	
  know	
  

•  Maximizing	
  margin	
  
•  Deriva$on	
  of	
  SVM	
  formula$on	
  
•  Slack	
  variables	
  and	
  hinge	
  loss	
  
•  Rela$onship	
  between	
  SVMs	
  and	
  logis$c	
  regression	
  

–  0/1	
  loss	
  
–  Hinge	
  loss	
  
–  Log	
  loss	
  

•  Tackling	
  mul$ple	
  class	
  
–  One	
  against	
  All	
  
– Mul$class	
  SVMs	
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