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Today	  

•  Op-miza-on	  
•  Today	  and	  Monday:	  Neural	  nets,	  CNNs	  

– Mon:	  hIp://cs231n.github.io/classifica-on/	  
– Wed:	  hIp://cs231n.github.io/linear-‐classify/	  

– Today:	  	  
•  hIp://cs231n.github.io/op-miza-on-‐1/	  

•  hIp://cs231n.github.io/op-miza-on-‐2/	  



Summary	  



Other	  loss	  func-ons	  

•  Scores	  are	  not	  very	  intui-ve	  
	  

•  SoSmax	  classifier	  
– Score	  func-on	  is	  same	  

–  Intui-ve	  output:	  normalized	  class	  probabili-es	  
– Extension	  of	  logis-c	  regression	  to	  mul-ple	  classes	  



SoSmax	  classifier	  

Interpreta-on:	  squashes	  values	  into	  range	  0	  to	  1	  



Cross-‐entropy	  loss	  



Aside:	  Loss	  func-on	  interpreta-on	  

•  Probability	  
– Maximum	  Likelihood	  Es-ma-on	  (MLE)	  
–  Regulariza-on	  is	  Maximum	  a	  posteriori	  (MAP)	  
es-ma-on	  

•  Cross-‐entropy	  H	  
–  p	  is	  true	  distribu-on	  (1	  for	  the	  correct	  class),	  q	  is	  
es-mated	  	  

–  SoSmax	  classifier	  minimizes	  cross-‐entropy	  
– Minimizes	  the	  KL	  divergence	  (Kullback-‐Leibler)	  
between	  the	  distribu-on:	  distance	  between	  p	  and	  q	  



SVM	  vs.	  SoSmax	  



Summary	  
•  Have	  score	  func-on	  and	  loss	  func-on	  

– Will	  generalize	  the	  score	  func-on	  

•  Find	  W	  and	  b	  to	  minimize	  loss	  
– SVM	  vs.	  SoSmax	  

•  Comparable	  in	  performance	  
•  SVM	  sa-sfies	  margins,	  soSmax	  op-mizes	  probabili-es	  



Gradient	  Descent	  



Step	  size:	  learning	  rate	  
Too	  big:	  will	  miss	  the	  minimum	  
Too	  small:	  slow	  convergence	  
	  



Analy-c	  Gradient	  



	  	  



Gradient	  Descent	  



Mini-‐batch	  Gradient	  Descent	  



Stochas-c	  Gradient	  Descent	  (SGD)	  



Summary	  









Where	  are	  we?	  

•  Classifiers:	  SVM	  vs.	  SoSmax	  
•  Gradient	  descent	  to	  op-mize	  loss	  func-ons	  

– Batch	  gradient	  descent,	  stochas-c	  gradient	  
descent	  

– Momentum	  
– Numerical	  gradients	  (slow,	  approximate),	  analy-c	  
gradients	  (fast,	  error-‐prone)	  



Deriva-ves	  

•  Given	  f(x),	  where	  x	  is	  vector	  of	  inputs	  
– Compute	  gradient	  of	  f	  at	  x:	  	  	  



Examples	  







Backprop	  gradients	  

•  Can	  create	  complex	  stages,	  but	  easily	  compute	  
gradient	  


