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ÁOne of the most powerful learning ideas 
introduced in the last 10 years
ÁClassification & Regression
Á#ÏÍÂÉÎÅÓ Ȱ×ÅÁËȱ ÃÌÁÓÓÉÆÉÅÒÓ ÔÏ ÐÒÏÄÕÃÅ Á 
ÐÏ×ÅÒÆÕÌ ȰÃÏÍÍÉÔÔÅÅȱ

ÁResemblance to bagging and committee-based 
approache

ÁFirst introduced by Freund and Schapirein 
1996 (ICML)



ÁTwo Class Problem
ÁVector of Predictor Variables X
ÁG(X) takes one of the two values {-1, 1}
ÁError Rate:
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ÁExpected Error Rate on Future Predictions:

ÁWeak Classifiers ɀperforms slightly better 
than random guessing
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ÁIntroduced by Freund and Schapire(1997)
ÁApproach: 

ÁSequentially apply the weak classifier to 
repeatedly modified versions of the data

ÁResult:

ÁSequence of Weak Classifiers (M total)

ÁVastly improved classification performance
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Áɻ1, ɻΨȟ ȣȟ ɻM weighs contribution of each 
classifier
ÁData modification at each boosting step
ÁIdea:
ÁMisclassified observations have their weights 

increased whereas those that are correctly 
classified have their weights decreased

ÁResult:
ÁDifficult observations receive ever-increasing 

influence





Á!ÄÁ"ÏÏÓÔȢ-Χ ËÎÏ×Î ÁÓ Ȱ$ÉÓÃÒÅÔÅ AdaBoostȱ
ÁCan be modified for real-value predictions 
ɉȰ2ÅÁÌ AdaBoostȱɊ
ÁȰ"ÅÓÔ ÏÆÆ-the-ÓÈÅÌÆ ÃÌÁÓÓÉÆÉÅÒ ÉÎ ÔÈÅ ×ÏÒÌÄȱ 

(Breiman, 1998)



AdaBoost.M1 vs. Linear SVM (C = 1.0) and 400 Node Decision Tree
WekaFramework using Hyperthyroid Dataset



ÁBoosting is a way of fitting an additive 
ÅØÐÁÎÓÉÏÎ ÉÎ Á ÓÅÔ ÏÆ ÅÌÅÍÅÎÔÁÒÙ ȰÂÁÓÉÓȱ 
functions ɀȰ×ÅÁËȱ ÃÌÁÓÓÉÆÉÅÒÓ



ÁCan be mathematically expressed as:

Áɼȡ ÅØÐÁÎÓÉÏÎ ÃÏÅÆÆÉÃÉÅÎÔÓ
Áb: simple functions of multivariate argument 

x
Áɾ: parameters of b
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ÁSingle Hidden Layer Neural Network 
(Chapter 11)

ÁWavelets (ɾ: location and scale shifts of 
ȰÍÏÔÈÅÒȱ ×ÁÖÅÌÅÔɊ
ÁMARS (ɾ: variables and values for knots)
ÁTrees (ɾ: split variables, split points and 

predictions)
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ÁTypically, we minimize a loss function L

ÁSquared-error

ÁLikelihood-based loss function

ÁRequires computationally intensive numerical 
optimization techniques
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ÁSolves the subproblemby fitting just one 
single basis function at a time

ÁSequentially add new basis functions without 
changing those already added
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Á/ÎÅ ÃÏÕÌÄ ÕÓÅ ȰÌÅÁÓÔ ÓÑÕÁÒÅÓȱȟ ÂÕÔ ÆÏÒ 
ÃÌÁÓÓÉÆÉÃÁÔÉÏÎȭÓ ÓÁËÅȟ ÉÔȭÓ ÎÏÔ Á ÖÅÒÙ ÇÏÏÄ 
choice (when too good becomes bad)
ÁAdaBoost.M1 is equivalent to FSAM with an 

exponential loss function

ÁProof in pages 305-6  that AdaBoost.M1 
indeed minimizes the exponent loss
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ÁSo 

ÁAdaBoost.M1 = FSAM with Exponential Loss

ÁNext

ÁCould we use something else with FSAM?



ÁFriedman et al., 2000 showed that AdaBoost
is estimating one-half the log-odds of 
P(Y=1|x)

ÁThis is answered by the population minimizer
property of the loss function

)|1Pr(

)|1Pr(
log

2

1
)(minarg)( )(

|
)(

*

xY

xY
eExf xYf

xY
xf -=

=
== -

)(2 *

1

1
)|1Pr(

xfe
xY

-+
==



ÁBinomial Negative Log-likelihood or deviance
(or cross-entropy)
ÁDefinitions:

ÁTake p(x) to be 

Á9ȭ Ђ ɉ9ϽΧɊȾΨ {˰0, 1}

ÁLoss Function:
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ÁLoss Functions for Classification

ÁMisclassification

ÁExponential

ÁBinomial Deviance

ÁSquared Error

ÁSupport Vector



ÁMargin: y f(x)
ÁPositive margin: correctly classified
ÁNegative margin: incorrectly classified
ÁGoal of Classification: produce positive 

margins as frequently as possible
ÁLoss Function: Penalize negative margins 

and not positive ones (squared error!!!)

ÁMonotonous decreasing functions





ÁExponential and Deviance Loss are monotone 
continuous approximations to 
misclassification loss
ÁÜreward for positive margins
ÁÞpenalize negative ones
ÁBinomial deviance increases linearlyfor large 

negative margins
ÁExponential criterion increases exponentially



ÁExponential criterion is thus sensitive to noisy 
data (e.g. misspecification of class labels in 
training data)
ÁSquared-error loss is not a good surrogate for 

misclassification error since it places 
increasing influence are correctly classified 
observations



ÁGeneralization of K-class multinomial 
deviance loss function:

ÁNo known natural generalization of the 
exponential criterion for K classes
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ÁSquared Error (L2)

ÁPerformance severely degrades for long-tailed 
ÅÒÒÏÒ ÄÉÓÔÒÉÂÕÔÉÏÎÓȟ ÓÕÃÈ ÁÓ ȰÏÕÔÌÉÅÒÓȱ

ÁAbsolute Error (L1)

ÁMore robust but less efficient for Gaussian errors

ÁHuber

ÁProposed in 1964
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ÁSquared-error loss for regression and 
Exponential loss for classification are not 
robust from a statistical standpoint
ÁHowever, they give simple, elegant modular 

boosting algorithms in the context of FSAM
ÁHuber and Binomial deviance, however 

robust, does not have this property
ÁSection 10.10.2: how to derive simple, 

elegant boosting algorithms based on any 
differentiable loss criterion



ÁChallenge

ÁMany methods

ÁEven more situations

ÁNot enough time

ÁWhat to choose? (NN, SVM, Trees, MARS, k-
NN, kernels, etc.)



ÁSpeed
ÁCan crunch lots of observations with lots of 

variables

ÁComputational Complexity of Model
ÁRobustness
ÁCan handle messy data (continuous, discrete, 

cyclical, discretized)

ÁMissing values

ÁOutliers

ÁScaling



ÁInterpretability

ÁNot enough to simply produce predictions

ÁWant qualitative understanding of relationship 
between joint values and resulting predicted 
response value

ÁBlack box methods such as NN are far less useful 
(unless for purely predictive settings such as 
pattern recognition)


