
	
  
Analysis	
  reveals:	
  
	
  
•  What	
  αt	
  to	
  choose	
  for	
  hypothesis	
  ht?	
  
	
  	
  	
  	
  	
  	
  What	
  ht	
  to	
  choose?	
  

	
   	
   	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  εt	
  -­‐	
  weighted	
  training	
  error	
  
	
  
•  If	
  each	
  weak	
  learner ht	
  is	
  slightly	
  beBer	
  than	
  random	
  guessing	
  (εt <	
  0.5),	
  	
  

	
  then	
  training	
  error	
  of	
  AdaBoost	
  decays	
  exponen'ally	
  fast	
  in	
  number	
  of	
  
rounds	
  T.	
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Analyzing	
  training	
  error	
  

Training Error 



Training	
  error	
  of	
  final	
  classifier	
  is	
  bounded	
  by:	
  
	
  
	
  
	
  
	
  
Where	
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Analyzing	
  training	
  error	
  

Convex  
upper  
bound 

If boosting can make 
upper bound → 0, then 
training error → 0 

1 

0 

0/1 loss 

exp loss 



Training	
  error	
  of	
  final	
  classifier	
  is	
  bounded	
  by:	
  
	
  
	
  
	
  
	
  
Where	
  
	
  
	
  

Proof:	
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Analyzing	
  training	
  error	
  

… 

Wts	
  of	
  all	
  pts	
  add	
  to	
  1	
  

Using	
  Weight	
  Update	
  Rule	
  



Training	
  error	
  of	
  final	
  classifier	
  is	
  bounded	
  by:	
  
	
  
	
  
	
  
	
  
Where	
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  training	
  error	
  

If Zt < 1, training error decreases exponentially (even though weak learners may 
not be good εt ~0.5) 

Training  
error 

t 

Upper bound 



Training	
  error	
  of	
  final	
  classifier	
  is	
  bounded	
  by:	
  
	
  
	
  
	
  
	
  
Where	
  	
  
	
  
	
  
If	
  we	
  minimize	
  ∏t	
  Zt,	
  we	
  minimize	
  our	
  training	
  error	
  
	
  	
  
We	
  can	
  'ghten	
  this	
  bound	
  greedily,	
  by	
  choosing	
  αt	
  and	
  ht	
  on	
  each	
  itera'on	
  	
  
to	
  minimize	
  Zt. 
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What	
  αt	
  to	
  choose	
  for	
  hypothesis	
  ht?	
  



We	
  can	
  minimize	
  this	
  bound	
  by	
  choosing	
  αt	
  on	
  each	
  itera'on	
  to	
  minimize	
  Zt. 
 
 
	
  
For	
  boolean	
  target	
  func'on,	
  this	
  is	
  accomplished	
  by	
  [Freund	
  &	
  Schapire	
  ’97]:	
  	
  
	
  
	
  
	
  
	
  
Proof:	
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What	
  αt	
  to	
  choose	
  for	
  hypothesis	
  ht?	
  



We	
  can	
  minimize	
  this	
  bound	
  by	
  choosing	
  αt	
  on	
  each	
  itera'on	
  to	
  minimize	
  Zt. 
 
 
	
  
For	
  boolean	
  target	
  func'on,	
  this	
  is	
  accomplished	
  by	
  [Freund	
  &	
  Schapire	
  ’97]:	
  	
  
	
  
	
  
	
  
	
  
Proof:	
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Bounding	
  the	
  error	
  with	
  choice	
  of	
  αt	
  	
  



Training	
  error	
  of	
  final	
  classifier	
  is	
  bounded	
  by:	
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Dumb	
  classifiers	
  made	
  Smart	
  

If	
  each	
  classifier	
  is	
  (at	
  least	
  slightly)	
  bener	
  than	
  random	
  	
  	
  	
  	
  εt	
  <	
  0.5	
  
	
  

AdaBoost	
  will	
  achieve	
  zero	
  training	
  error	
  exponen$ally	
  fast	
  (in	
  
number	
  of	
  rounds	
  T)	
  !!	
  

grows as εt  moves 
away from 1/2 

What about test error? 



Boos$ng	
  and	
  Logis$c	
  Regression	
  
Logis'c	
  regression	
  assumes:	
  
	
  
	
  
And	
  tries	
  to	
  maximize	
  data	
  likelihood:	
  
	
  
	
  
	
  
Equivalent	
  to	
  minimizing	
  log	
  loss	
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iid 



Logis'c	
  regression	
  equivalent	
  to	
  minimizing	
  log	
  loss	
  

30 

Both	
  smooth	
  approxima$ons	
  	
  
of	
  0/1	
  loss!	
  

Boos$ng	
  and	
  Logis$c	
  Regression	
  

Boos'ng	
  minimizes	
  similar	
  loss	
  func'on!!	
  

Weighted average of weak learners 

1 

0 

0/1 loss 

exp loss 
log loss 



Logis'c	
  regression:	
  
•  Minimize	
  log	
  loss	
  

•  Define	
  	
  

	
  	
  	
  	
  
	
  where	
  xj	
  predefined	
  
features	
  

	
  	
  	
  	
  	
  (linear	
  classifier)	
  
	
  

•  Jointly	
  op'mize	
  over	
  all	
  
weights	
  w0,	
  w1,	
  w2…	
  

Boos'ng:	
  
•  Minimize	
  exp	
  loss	
  

•  Define	
  	
  

	
  	
  	
  	
  	
  	
  
where	
  ht(x)	
  defined	
  dynamically	
  	
  
to	
  fit	
  data	
  
(not	
  a	
  linear	
  classifier)	
  
	
  

•  Weights	
  αt	
  learned	
  per	
  
itera'on	
  t	
  incrementally	
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Boos$ng	
  and	
  Logis$c	
  Regression	
  



32 

Hard	
  &	
  So>	
  Decision	
  

Weighted average of weak learners 

Hard	
  Decision/Predicted	
  label:	
  
	
  
	
  
	
  
Sod	
  Decision:	
  
(based	
  on	
  analogy	
  with	
  
	
  logis'c	
  regression)	
  



Matlab	
  example	
  -­‐	
  boos$ng	
  
•  %	
  UCI	
  dataset	
  
•  %	
  34	
  features,	
  351	
  samples	
  
•  %	
  binary	
  classifica'on	
  
•  load	
  ionosphere;	
  

•  rng(2);	
  %	
  For	
  reproducibility	
  

•  ClassTreeEns	
  =	
  fitensemble(X,Y,'AdaBoostM1',100,'Tree');	
  
•  rsLoss	
  =	
  resubLoss(ClassTreeEns,'Mode','Cumula've');	
  
•  plot(rsLoss,'r');	
  
•  hold	
  on	
  

•  ClassTreeEns	
  =	
  fitensemble(X,Y,'AdaBoostM1',100,'Tree',...	
  
•  	
  	
  	
  	
  'Holdout',0.5);	
  
•  genError	
  =	
  kfoldLoss(ClassTreeEns,'Mode','Cumula've');	
  
•  plot(genError,'b');	
  
•  xlabel('Number	
  of	
  Learning	
  Cycles');	
  
•  legend('Training	
  err',	
  'Test	
  err')	
  
	
  



Matlab	
  example	
  -­‐	
  boos$ng	
  

Number of Learning Cycles
0 10 20 30 40 50 60 70 80 90 100

0

0.02

0.04

0.06

0.08

0.1

0.12

0.14

0.16

0.18

0.2
Training err
Test err

Valida'on	
  error	
  ~	
  	
  0.07	
  



load	
  ionosphere	
  
%	
  UCI	
  dataset	
  
%	
  34	
  features,	
  351	
  samples	
  
%	
  binary	
  classifica'on	
  
rng(100)	
  
	
  
%Default	
  MinLeafSize	
  =	
  1	
  
tc	
  =	
  fitctree(X,Y);	
  
cvmodel	
  =	
  crossval(tc);	
  
view(cvmodel.Trained{1},'Mode','graph')	
  
kfoldLoss(cvmodel)	
   36	
  

Valida'on	
  error	
  =	
  	
  0.1254	
  

Matlab	
  example	
  
–	
  decision	
  tree	
  



load	
  ionosphere	
  
%	
  UCI	
  dataset	
  
%	
  34	
  features,	
  351	
  samples	
  
%	
  binary	
  classifica'on	
  
rng(100)	
  
	
  
%Default	
  MinLeafSize	
  =	
  1	
  
tc	
  =	
  fitctree(X,Y,	
  'MinLeafSize’,2);	
  
cvmodel	
  =	
  crossval(tc);	
  
view(cvmodel.Trained{1},'Mode','graph')	
  
kfoldLoss(cvmodel)	
   37	
  

Valida'on	
  error	
  =	
  0.1168	
  

Matlab	
  example	
  
–	
  decision	
  tree	
  



load	
  ionosphere	
  
%	
  UCI	
  dataset	
  
%	
  34	
  features,	
  351	
  samples	
  
%	
  binary	
  classifica'on	
  
rng(100)	
  
	
  
%Default	
  MinLeafSize	
  =	
  1	
  
tc	
  =	
  fitctree(X,Y,	
  'MinLeafSize',10);	
  
cvmodel	
  =	
  crossval(tc);	
  
view(cvmodel.Trained{1},'Mode','graph')	
  
kfoldLoss(cvmodel)	
   38	
  

Valida'on	
  error	
  =	
  0.1339	
  

Matlab	
  example	
  
–	
  decision	
  tree	
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fixed	
  #	
  training	
  data	
  

Valida'on	
  error	
  

MinLeafSize	
  1	
  MinLeafSize	
  2	
  MinLeafSize	
  10	
  

0.1254	
  

0.1168	
  

0.1339	
  

Training	
  error	
  

Matlab	
  example	
  –	
  decision	
  trees	
  




