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Regularization: Any modification that makes a learning algorithm to reduce the
generalization error but not training error
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Rotation Forest
: (Rodriguez et al., 2006)
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AdaBoost Training

Input: I (a weak inducer), T" (the number of iterations). and S (a training

set ).
Output: M;, a4t =1,..., T
1: 1
2 Diy(i)+1/m;i=1.....m
3: repeat

4:  Build Classifier M; using I and distribution Dy

1 E Z Dy (1)

M, ()Y,
6: if £ > 0.5 then
7: T—t—-1
8: exit Loop.
9: end if

10: o+ +In (1;1-

11:  Dyyq (i) = Dy (i) - e~ ¥ Milz)
12:.  Normalize D;4; to be a proper distribution.
13: t—t+1 993! 03lj30m0 3u>g lgizo 3ulgs
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Jdo Sy F(x) = D2im Amhm (X) Fo(x) = argmin L(x, y; 6)
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Weak learner Variation of weak learner

L(y, Fm(x)) = L()’» Fr_q1(x) + hm(x)) =7?

L(yr Fm—l(x) + hm(x)) — L(y' Fm(x)) + VLFm_l ()’; F‘m—l(x))h‘m(x)

L()’» Fm—l(x) + hm(x)) < L(y» Fm(x)) - hm(x) = _amVLFm_l ()/; Fm—l(x))
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Gradient Boosting Machine (GBM)  yiq,

GBM Training
Input: A base regression algorithm - I, number of iterations 7', the training

set, S = {(xi, %)}, and a differentiable loss function L(y, F(x))

=1

ad'n . . i ‘ e - . . R * 71 y i A'.

1: Initialize model with a constant value: Fy(z) = dlg}lllllziz  L(yi, y)
f

22: ] 4 1
3: repeat
1  Fori=1,...,m, compute pseudo-residuals:

E— [é)l_(y,.F(.x',_))]

1] — 1N t - y
OF(z.) AF(@)=Fj_1(z) _ o
5. Construct regression model h; using I using the training set
R A m

{(zi,rij) Hzy -
6:  Find multiplier v; by performing line search on the following one-

dimensional optimization problem:

. m \ Y

vi = argmin Y L (i, Fj-1 (i) +vhi(e)
7. Update the model: Fj(x) = Fj—1(x) + yjh;j(x).
8 J+<j+1
9: until j >T 993! 03lj30m0 3u>g lgizo 3ulgs
10: Output Fys(x) daychegroup @
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