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Runners Up 



jam798_mhw66	
  



les234_smr277	
  



lg399_zl256	
  



djr244_gtw24	
  



Third Place 



gt224_gx33	
  



Second Place 



asn67_mu72	
  



First Place 



cl839_jm2232	
  



Today	
  

•  Score	
  func0on	
  and	
  loss	
  func0on	
  
•  Op0miza0on	
  

•  Next	
  0me:	
  CNNs	
  



Data-­‐driven	
  approach	
  

•  Collect	
  a	
  database	
  of	
  images	
  with	
  labels	
  
•  Use	
  ML	
  to	
  train	
  an	
  image	
  classifier	
  
•  Evaluate	
  the	
  classifier	
  on	
  test	
  images	
  

Slides from Andrej Karpathy and Fei-Fei Li 
http://vision.stanford.edu/teaching/cs231n/ 



Score	
  func0on	
  

Slides from Andrej Karpathy and Fei-Fei Li 
http://vision.stanford.edu/teaching/cs231n/ 



Linear	
  Classifier	
  



Geometric	
  Interpreta0on	
  



Loss	
  func0on,	
  cost/objec0ve	
  func0on	
  

•  Given	
  ground	
  truth	
  labels	
  (yi),	
  scores	
  f	
  (xi,	
  W)	
  
– how	
  unhappy	
  are	
  you	
  with	
  the	
  scores?	
  

•  Loss	
  func0on	
  or	
  objec0ve/cost	
  func0on	
  

•  Want	
  to	
  minimize	
  the	
  loss	
  func0on	
  



Loss	
  func0on,	
  cost/objec0ve	
  func0on	
  

•  Given	
  ground	
  truth	
  labels	
  (yi)	
  and	
  scores	
  f(xi,	
  W)	
  
– how	
  unhappy	
  are	
  you	
  with	
  the	
  scores?	
  



Intui0on	
  



Loss	
  fn:	
  Mul0-­‐class	
  SVM	
  loss	
  

•  Given	
  ground	
  truth	
  labels	
  (yi)	
  and	
  scores	
  f(xi,	
  W)	
  
– how	
  unhappy	
  are	
  you	
  with	
  the	
  scores?	
  



Loss	
  fn:	
  interpreta0on	
  



Example:	
  loss	
  



Example:	
  loss	
  



Need	
  more..	
  

•  Regulariza0on	
  
– Ambiguity:	
  W	
  is	
  not	
  unique	
  
–  If	
  loss	
  is	
  0,	
  k	
  W	
  also	
  has	
  0	
  loss	
  

– Add	
  a	
  regulariza0on	
  penalty	
  
•  Try	
  to	
  keep	
  the	
  weights	
  low	
  



Important:	
  regulariza0on	
  

Determine	
  by	
  cross-­‐valida0on	
  



Example:	
  regulariza0on	
  



Final	
  loss	
  func0on	
  

Can	
  set	
  delta	
  to	
  1	
  



Summary	
  



hep://vision.stanford.edu/teaching/cs231n/linear-­‐classify-­‐demo/	
  



Summary	
  

•  Have	
  score	
  func0on	
  and	
  loss	
  func0on	
  
– Will	
  generalize	
  the	
  score	
  func0on	
  

•  Find	
  W	
  and	
  b	
  to	
  minimize	
  loss	
  



Minimizing	
  loss	
  

•  Find	
  W	
  and	
  b	
  to	
  minimize	
  loss	
  
– Very	
  high	
  dimensional	
  space	
  



a	
  

b	
  



Gradient	
  Descent	
  





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



Gradient	
  descent	
  



Evaluate	
  the	
  gradient	
  numerically	
  

Approximate	
  
Slow	
  to	
  evaluate	
  



Analy0c	
  Gradient	
  



	
  	
  


