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10.1 Boosting Methods

One of the most powerful learning ideas
Introduced In the last 10 years

Classification & Regression
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Resemblance to bagging and committémsed
approache

First introduced by Freund arfschapiran
1996 (ICML)



Two Class Problem
Vector of Predictor Variablex

G(X) takes one of the two valued {1}
Error Rate:

— 1 X
err ==& 1y, G(x))



Expected Error Rate on Future Predictions:

Ex (Y, G(X))

Weak Classifiers performs slightly better
than random guessing



AdaBoost.Ma

Introduced by Freund an8chapire(1997)
Approach:

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

Result:
Sequence of Weak Classifidid total)

G, . (x),m=12...,.M
Vastly improved classification performance



AdaBoost.Ma
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FIGURE 10.1. Schematic of AdaBoost. Classifiers are trained on weighted ver-
sions of the dataset, and then combined to produce a final prediction.



AdaBoost.Ma

11,1¥h 1 Bweighs contribution of each
classifier

Data modification at each boosting step
ldea:

Misclassified observations have their weights
Increased whereas those that are correctly

classified have their weights decreased
Result:

Difficult observations receive evancreasing
Influence



Algorithm 10.1

Algorithm 10.1 AdaBoost.M1.

1. Initialize the observation weights w; = 1/N, i =1,2,... , N.
2. Form =1 to M:

(a) Fit a classifier G,,,(x) to the training data using weights w;.
(b) Compute
ity wil (i # Gom (1))
foil Wi |
(c) Compute a,, = log((1 — err,,)/err,,).
(d) Set w; « w; - explam, - I(y; # Gm(x;:))], i=1,2,... ,N.

5

3. Output G(z) = sign [E%Il Oéme(Qj):,.
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Can be modified for realalue predictions
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(Breiman 1998)



Demo

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




10.2 Boosting Fits an Additive

Model

Boosting Is a way of fitting an additive
AGbAl OEITl EI A OAO 1.
functionszOx AAES® Al AOOE £E A



Basis Function Expansions

Can be mathematically expressed as:

f()=a 6.b(x )

m=1
rd AGDPAIT OET T Al AEEEA]
b: simple functions of multivariate argument

X
r. parameters of b



Basis Expansion Example

Single Hidden Layer Neural Network
(Chapter 11)

b(x; 9) =5 (g, + G X)
Wavelets (: location and scale shifts of
Oi T OEAOO6 xAOAI ADQ
MARS (: variables and values for knots)

Trees (: split variables, split points and
predictions



How to Solve these Functions?

Typically, we minimize a loss functidn
Squarederror
Likelihood-based loss function

min a Laey.,a D,,b(X;; gm)o

{b gm}l =1 (; m=1

Requires computationally intensive numerical
optimization techniques



10.3 Forward Stagewise Additive

Modeling

Solves thesubproblemby fitting just one
single basis function at a time

min & L(y,. bb(x;9))

Sequentially add new basis functions without
changing those already added



10.3 Forward Stagewise Additive

Modeling (cont’d)

Algorithm 10.2 Forward stagewise additive modeling.
1. Initialize fo(z) = 0.

2. For m=1 to M:

(a) Compute
N
(Bmsm) = argin »  L(yi, fm-1(:) + Bb(xi37)).
T

(b) Set fm(z) = fin—1(x) + Brnb(x; Ym ).




Loss Functions
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choice(when too good becomes bad)
AdaBoost.M1 Is equivalent to FSAM with an

exponential loss function

LCy, T(X)) =exp( yf (X))
Proof in pages 386 that AdaBoost.M1
Indeed minimizes the exponent |loss



AdaBoost.Mi1 and Exponential Loss
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FIGURE 10.3. Simulated data, boosting with stumps: misclassification error
rate on the training set, and average exponential loss: (1/N) YN exp(—yif(zi)).

i=1



10.5 Why Exponential Loss?

So

AdaBoost.M1 = FSAM with Exponential Loss
Next

Could we use something else with FSAM?



What does Exponential Loss

Estimate?

Friedman et al., 2000 showed thAtlaBoost
IS estimating onehalf the logodds of

P(Y=1|x)
* | a1 PrY =1[%)
f ' (x)=argminE,. (e ") ="]o
B B 1
PY =110 =

This Is answered by the populatiomnimizer
property of the loss function



Another Loss Criterion

Binomial Negative Lodikelihoodor deviance
(or crossentropy)
Definitions:

1
Take p(x) to be1

_I_e-zf*(x)

986 B j{O,DIXqTV
Loss Function:

log(1+e *"'™)



Loss Functions and Robustness

Loss Functions for Classification
Misclassification
Exponential
Binomial Deviance
Squared Error
Support Vector



Robust Loss Functions for

Classification

Margin: y f(x)

Positive margin: correctly classified
Negative margin: incorrectly classified
Goal of Classification produce positive
margins as frequently as possible

Loss Function Penalize negative margins
and not positive ones (squared error!!!)

Monotonous decreasing functions




Robust Loss Functions for

Classification
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FIGURE 10.4. Loss functions for two-class classification. The response is
y = -+1; the prediction is f, with class prediction sign(f). The losses are
misclassification: I(sign(f) # vy); exponential: exp(—yf); binomial deviance:
log(14-exp(—2yf)); squared error: (y— f)*; and support vector: (L—yf)-I(yf > 1)
(see Section 12.8). Each function has been scaled so that it passes through the
point (0,1).



Analysis

Exponential and Deviance Loss are monotone
continuous approximations to
misclassification loss

Ureward for positive margins

b penalize negative ones

Binomial deviance increasdégearlyfor large
negative margins

Exponential criterion increaseponentially




Analysis (Cont’'d)

Exponential criterion Is thus sensitive to noisy
data (e.g. misspecification of class labels in
training data)

Sqguarederror loss Is not a good surrogate for
misclassification error since it places
Increasing influence are correctly classified
observations




What about Loss Functions for K

classes?

Generalization of kKclass multinomial
deviance loss function:

L(y, PO =- 8 1 (y =G F, (%) +|og§é '8
k=1 | =1 -

No known natural generalization of the
exponential criterion for K classes



Robust Loss Functions for

Regression

Squared Error (L2)
Performance severely degrades for |lotmled

(L} L4 7 Pal N v Vo ~ Pa v (L] Vo V4 A4

AOOI O AEOOOEAOOEIT O O«
Absolute Error (L1)

More robust but less efficient for Gaussian errors
Huber

Proposed in 1964

ly- 12 forly- f(x|¢d

5
L(y, f(x) = cd(y- f(X)|- @/2)  otherwise



Comparison of Regression Loss

Functions
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FIGURE 10.5. A comparison of three loss functions for regression, plotted as a
function of the margin y— f. The Huber loss function combines the good properties
of squared-error loss near zero and absolute error loss when |y — f| is large.



Analysis

Squarederror loss for regression and
Exponential loss for classification are not
robust from a statistical standpoint
However, they give simple, elegant modular
noosting algorithms in the context of FSAM
Huber and Binomial deviance, however
robust, does not have this property

Section 10.10.2: how to derive simple,
elegant boosting algorithms based on any
differentiable loss criterion




10.7 “Off-the-Shelf” Procedures for

Data Mining

Challenge
Many methods
Even more situations

Not enough time
What to choose? (NN, SVM, Trees, MARS, k
NN, kernels, etc.)



Requirements for “Off-the’Shelf”

Methods

Speed

Can crunch lots of observations with lots of
variables

Computational Complexity of Model
Robustness

Can handle messy data (continuous, discrete,
cyclical,discretized

Missing values
Outliers
Scaling



Interpretabllity
Not enough to simply produce predictions

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

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



