
Lecture



· CART:Classification & Regression Trees
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· Regression:
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· Example:
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· We may express in matrixform:
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· Random Forest:

sample with replacementI

A

(b00t- 3 +19p)

&. w

1
->

asgregation

n bagging
·

# E

· Brosting S

-pp

by...hibsfcreed
base learnersweak leavesare

s =f(x) =2,43x)



· Extreme- Gradiena-Boosting;
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· So our loss funaria will be:
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weakclassifier:one layer tree
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keep addingtrees, tends nottooverfit
increasing margins
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