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Naïve	  Bayes	  	  	  	  vs.	  	  	  Logis6c	  Regression	  

Genera6ve	  	  
•  Assume	  func:onal	  form	  for	  	  

–  P(X|Y)	  	  assume	  cond	  indep	  	  
–  P(Y)	  
–  Est	  params	  from	  train	  data	  

•  Gaussian	  NB	  for	  cont	  features	  
•  Bayes	  rule	  to	  calc.	  P(Y|X=	  x)	  

–  P(Y	  |	  X)	  ∝	  P(X	  |	  Y)	  P(Y)	  
•  Indirect	  computa:on	  	  

–  Can	  also	  generate	  a	  sample	  of	  
the	  data	  

Discrimina6ve	  
•  Assume	  func:onal	  form	  for	  	  

–  P(Y|X)	  	  	  no	  assump6ons	  

–  Est	  params	  from	  training	  data	  
•  Handles	  discrete	  &	  cont	  features	  

•  Directly	  calculate	  P(Y|X=x)	  
–  Can’t	  generate	  data	  sample	  

Learning:	  h:X	   Y	   	  	  	  	  	  X	  –	  features	  
	   	   	   	   	  	  	  	  	  Y	  –	  target	  classes	  



	  Naïve	  Bayes	  vs.	  Logis:c	  Regression	  

•  Genera:ve	  vs.	  Discrimina:ve	  classifiers	  
•  	  Asympto:c	  comparison	  	  

(#	  training	  examples	  	  infinity)	  

–  	  when	  model	  correct	  
•  NB	  and	  LDA	  (with	  class	  independent	  variances)	  and	  	  
Logis:c	  Regression	  produce	  iden:cal	  classifiers	  

–  	  when	  model	  incorrect	  
•  	  LR	  is	  less	  biased	  –	  does	  not	  assume	  condi:onal	  independence	  

– therefore	  LR	  expected	  to	  outperform	  NB	  

[Ng & Jordan, 2002] 



Naïve	  Bayes	  vs.	  Logis:c	  Regression	  

•  Genera:ve	  vs.	  Discrimina:ve	  classifiers	  
•  Non-‐asympto:c	  analysis	  

–  	  convergence	  rate	  of	  parameter	  es:mates,	  	  
	  	  	  (n	  =	  #	  of	  aWributes	  in	  X)	  
•  Size	  of	  training	  data	  to	  get	  close	  to	  infinite	  data	  solu:on	  
•  Naïve	  Bayes	  needs	  O(log	  n)	  samples	  
•  Logis:c	  Regression	  needs	  O(n)	  samples	  

– Naïve	  Bayes	  converges	  more	  quickly	  to	  its	  (perhaps	  
less	  helpful)	  asympto:c	  es:mates	  

[Ng & Jordan, 2002] 



Some	  
experiments	  
from	  UCI	  data	  

sets	  
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Naïve bayes 
Logistic Regression 



Logis:c	  regression	  for	  discrete	  
classifica:on	  

Logis:c	  regression	  in	  more	  general	  case,	  where	  	  
set	  of	  possible	  Y	  is {y1,…,yR}	  
•  Define	  a	  weight	  vector	  wi	  for	  each	  yi, i=1,…,R-1	  

P(Y=y1|X) 
biggest 

P(Y=y2|X) 
biggest 

P(Y=y3|X) 
biggest 
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Logis:c	  regression	  for	  discrete	  
classifica:on	  

•  Logis:c	  regression	  in	  more	  general	  case,	  where	  	  
Y	  is	  in	  the	  set	  {y1,…,yR}	  

	  for	  k<R	  

	  for	  k=R	  (normaliza:on,	  so	  no	  weights	  for	  this	  class)	  

Features	  can	  be	  discrete	  or	  con6nuous!	  



Predic:on	  of	  con:nuous	  variables	  
•  Billionaire	  says:	  Wait,	  that’s	  not	  what	  I	  meant!	  	  	  	  	  	  
•  You	  say:	  Chill	  out,	  dude.	  
•  He	  says:	  I	  want	  to	  predict	  a	  con:nuous	  
variable	  for	  con:nuous	  inputs:	  I	  want	  to	  
predict	  salaries	  from	  GPA.	  

•  You	  say:	  I	  can	  regress	  that…	  	  
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ŷ = w0 + w1x1 + w2x2

x1 x2



Ordinary	  Least	  Squares	  (OLS)	  

0 20 0 

Error or “residual” 
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The	  regression	  problem	  

•  Precisely,	  minimize	  the	  residual	  squared	  error:	  
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Regression:	  matrix	  nota:on	  
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Regression	  solu:on:	  simple	  matrix	  math	  

where 

K×K matrix of 
feature correlations 

K×1 vector 



But,	  why?	  
•  Billionaire	  (again)	  says:	  Why	  sum	  squared	  error???	  

•  You	  say:	  Gaussians,	  Dr.	  Gateson,	  Gaussians…	  
•  Model:	  predic:on	  is	  determinis6c	  linear	  func:on	  plus	  

Gaussian	  noise:	  

•  Learn	  w	  using	  MLE:	  
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Maximizing	  log-‐likelihood	  

Maximize wrt w: 

Least-squares Linear Regression is MLE for Gaussian noise!!! 

µMLE , σMLE = argmax
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(note that the 
notation here is 
slightly different) 


