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Car	   1	   1	   0	  
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Car	   5	   5	   0	  
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Empirical	  Risk	  Minimiza;on	  
Minimize	  approximate	  loss	  on	  	  
exact	  training	  data	  
	  
	  

Adversarial	  Risk	  Minimiza;on	  
Minimize	  exact	  loss	  on	  	  
approximate	  training	  data	  
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Dog	   0	   1	   5	  

Cat	   1	   0	   5	  

Car	   5	   5	   0	  

y	  

y	̂  	  

^	  

Find	  equilibrium	  P,	  P	  ^	  

^	  

[Topsøe	  1979,	  Lanckriet	  et	  al.	  2002,Grünwald	  &	  Dawid	  2004,	  Delage	  &	  Ye	  2010,	  Asif	  et	  al.	  2015,	  
Fathony	  et	  al.	  2016]	  



Empirical	  Risk	  Minimiza;on	  
Minimize	  approximate	  loss	  on	  	  
exact	  training	  data	  
	  
	  

Adversarial	  Risk	  Minimiza;on	  
Minimize	  exact	  loss	  on	  	  
approximate	  training	  data	  

y	  

y	̂  	  

^	  

Find	  equilibrium	  P,	  P	  ^	  

^	  

Dog	   Cat	   Car	  

Dog	   0+ψdog	   1+ψcat	   5+ψcar	  

Cat	   1+ψdog	   0+ψcat	   5+ψcar	  

Car	   5+ψdog	   5+ψcat	   0+ψcar	  

ψdog	  =	  wdog·∙f(x)	  

Some;mes	  equivalent	  (log	  loss)	  
Pessimism	  is	  safer/beMer	  in	  general	  

[Topsøe	  1979,	  Lanckriet	  et	  al.	  2002,Grünwald	  &	  Dawid	  2004,	  Delage	  &	  Ye	  2010,	  Asif	  et	  al.	  2015,	  
Fathony	  et	  al.	  2016]	  
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Especially	  important	  when	  training	  and	  tes`ng	  distribu`ons	  differ	  
(covariate	  shid)	  [Liu	  &	  Ziebart	  2014,	  Liu	  et	  al.	  2015,	  Chen	  et	  al.	  2016]	  
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Ac;ve	  Learning	  



ERM	  Ac;ve	  Learning	  

Logis;c	  Regression	  +	  
Uncertainty	  Sampling	  



Pessimis;c	  Ac;ve	  Learning	  

Robust	  Cov.	  ShiS	  Log	  
Loss	  +	  Unc.	  Sampling	  (Liu,	  Reyzin	  &	  Ziebart	  2016)	  





Pessimism	  BeMer	  for	  Specialized	  Losses	  

Object	  localiza;on:	  performance	  based	  on	  overlap	  
	  
	  
	  
	  
	  
Methods:	   	  Bayes	  act	  under	  logis`c	  regression	  (LR)	  	  	  

	   	  Hinge	  loss	  approxima`on	  (SSVM)	  
	   	  Adversarial	  object	  localiza`on	  (AOL)	  

Experimental	  setup:	  Features	  from	  pre-‐trained	  deep	  
network	  (VGGnet);	  EdgeBox	  proposals;	  ImageNet	  dataset	  

Thresholded	  overlap:	  
Incorrect	  if	  overlap	  <	  70%	  
Correct	  if	  overlap	  ≥	  70%	  



•  Predic`on	  game	  is	  large	  (conceptually)	  
•  Efficiently	  solved	  using	  double	  oracle	  method	  

(McMahan	  et	  al.	  2003)	  for	  constraint	  genera`on	  
(Behpour	  &	  Ziebart	  2016)	  
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(Behpour	  &	  Ziebart	  2016)	  
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Conclusions	  

Pessimis;c	  formula;on	  provides	  benefits:	  
•  In	  theory	  (generaliza;on	  bounds,	  consistency)	  
•  In	  prac,ce	  (custom	  losses,	  ac;ve	  learning)	  
	  
Ques;ons:	  
•  Efficiently	  solve	  structured	  predic`ons	  games?	  
•  Effec`ve	  ac`ve	  learning	  in	  high	  dimensions?	  
•  Stronger	  theory	  of	  robust	  ac`ve	  learning?	  
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