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Recap

Boosting
#1 1 AETET C OxAAE®6 Al AOOI
Fits an Additive Model

Is essentially Forwar8tagewiseAdditive
Modeling with Exponential Loss

L oss Functions

Classification: Misclassification, Exponential,
Binomial Deviance, Squared Error, Support Vector

Regression: Squared Error, Absolute Error, Huber



Multiple Additive Regression Tree

MART

Generalization of tree boosting

Tries to mitigate problem of decision trees from
being less accurate than the best classifier for a
particular problem



10.8 Example — Spam Data

, AO6O OAA -124 EI AA
Into detalls
Spam dataset from Chapter 9
Error Rates:
MART: 4.0%
Additive Logistic Regression: 5.3%
CART (fully grown and pruned by CV): 8.7%
MARS: 5.5%

(standard error of estimates: 0.6%)
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FIGURE 10.6. Predictor variable importance spectrum for the spam data. The
variable names are written on the vertical awis.



Relative Importance Measure

More on this in Section 10.13
57 Predictor Variables
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Partial Dependence
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FIGURE 10.7. Partial dependence of log-odds of spam on four tmportant pre-
dictors. The red ticks at the base of the plots are deciles of the input variable.



Partial Dependence

One Variable

Shows dependence of legdds with predictor
Two Variable

Shows interactions among the predictor variables

When to Run?

Running MART with J=2 (malin effects model) yields a
higher error rate when compared to running with larger
J



Partial Dependence

FIGURE 10.8. Partial dependence of the log-odds of spam vs. email as a func-
tion of joint frequencies of hp and !.



Demo

MART demonstration witAireeNet
Classification and Regression




10.9 Boosting Trees

Decision tree:xl RY f(x) =g,
Formal Expression:

T(xQ=a gl (xl R)

Parameter: Q={R,g};
Optimization Process:

- J
G=argmingd 4 L(v..9,)

Q =1 x| R;



Boosting Trees

Approximation
Findingr; givenR
Trivial
Estimatingr; is often the mean/mode of y in regid®
FindingR
Difficult

Typical way Is to use a greedy, tolewn recursive
partitioning algorithm

Can also approximate by a smoother and more
convenient criterion (10.26)



Boosted Trees

Sum of Trees
fM@=aTMQM

Solve using FSAM
%
Q= argmin & L(¥,, fr2(%) +T(x:Q,)

Qm 1ot

Iim —argmm a Ly, f...(x)+7;)

Gim X Rim

The difficult part is findindR ,



Solving the FSAM Problem

Some special cases are easier
Squareerror loss: find the tree that best predict

t

t

ne current residual

'wo-class w/ Exponential loss: Adaboost.M1,; tree
nat minimize weighted error rate-{, +1}

N-class w/ Exponential loss:

e

G, =argmin § W™ exp[- y.T(x;Q,,)]

Om iz

r can be found by (10.3%)veighted logodds in each
region



Solving the FSAM Problem

Regression: Absolute Error, Huber Loss
Classification: Deviance

Will robustify boosting trees

However, they do not give rise to simple fast
boosting algorithms



10.120 Numerical Optimization

311 OET ¢ AAAE OOOADPO |
optimization

Differentiable loss criterion

Total loss:

L(1) =8 Ly, (%)
Goal:

e

= argmfin L(f)



Numerical Optimization

f_is a vector
O0AOAI AOAOOSG 1T £ £ AO.
point

f ={f(x), f(x),...,f(X)}

Numerical optimization solves the problem
with a sum of component vectors

M

fM :é. hm
m=0

fo =hy



10.10.1 Steepest Descent

Greedy Strategy

_eu(y, f(x)e
Oim = c f 4
& MX)  ipyer o)

r.=argmnL(f_,-rg.)

fm = 1:m-l_ I n9m

Gradients in Table 10.2



10.10.2 Gradient Boosting

Simplifying
Y0 N

Qn = argrgjp a L(y;, fi(X) +T(%;Q,,))

To

P~

Qu =AgMNA (- G- T(%;Q)’

Rationale: Minimize Loss vs. Generalization



10.10.3 MART

Algorithm 10.3 Gradient tree boosting for multiple additive regression trees.

1. Initialize fo(z) = argmin, Zfil L(yi,7y)-
2. Form =1 to M:

(a) Fori=1,2,...,N compute

R

(b) Fit a regression tree to the targets r;, giving terminal regions
By 5251 Bwvs sl

(e] For g =1;2; 4 3 dm €OHOPULE

(d) Update frn(z) = fm—1(x) + X571 VimI(2 € Rjm).

3. Output f(z) = fu(z).




10.11 Right-Sized Trees for Boosting

Size of tree (J: number of terminal nodes) for
each iteration of boosting

Simple strategy: constant J

How to find J?

Minimize prediction risk on future data



ANOVA

Analysis of Variance of Predictor Variables
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FIGURE 10.8. Partial dependence of the log-odds of spam vs. email as a func-
tion of joint frequencies of hp and !.



Tree Size

Most problems have lovorder interaction
effects dominating the problem space
Thus, models with higlorder interaction will
suffer in accuracy
Interaction effects are limited by J
No interaction effects of level greater thanXare
possible

J=2: Decision Stump (only main effects, no
Interactions)

J=3: twoevariable interaction effects are allowed



Tree Size Comparison
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FIGURE 10.9. Boosting with different sized trees, applied to the example (10.2)
used in Figure 10.2. Since the generative model is additive, stumps perform the
best. The boosting algorithm used the binomial deviance loss in Algorithm 10.53;
shown for comparison is the AdaBoost algorithm 10.1.



Choosing a J

Typically
J = 2 will be insufficient
J > 10 will be highly unlikely
4 <= J <= 8 works well in boosting by experience
J=6 should be the initial guess



10.12 Regularization

Reqgularization: prevention ofoverfitting of
data by models

Example: Parameter M
Increases M reduces the training risk
Could lead taoverfitting

Use a holdout set
Similar to early stopping strategy in NN



10.12.1 Shrinkage

Scale the contribution of each tree by a factor O
<v<l] J

fo(¥) = fr () +vaA ginl (XTI R,)
Controlling the learning rate of the boosting
procedure
Pv,UM;Uv,PM
Empirically, smaller v favor better test error but
longer training time
Best strategy Is to choose a small v (v < 0.1) and
find M by early stopping



Shrinkage vs. No Shrinkage
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Shrinkage vs. No Shrinkage




