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Tree Ensemble

Present

Prediction: Cat

Prediction: Not Cat

Final Prediction: Cat

Not Round

Absent

Present

Prediction: Cat

New test example

Ear shape: Pointy
Face shape: Not Round
Whiskers: Present
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Bootstrap Sampling
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Bagging

» Bagging (Breiman, 1996)

» F|FHBootstrap ik
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Bagging
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Bagging
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Random Forest
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Boosting
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AdaBoost (Freund and Schapire, 1997)
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AdaBoost 4
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AdaBoost )Gt 1@ RE

» Friedman J, Hastie T, Tibshirani R. Additive logistic regression: a

statistical view of boosting. The annals of statistics, 2000, 28(2):
337—407.
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Gradient Boost Decision Tree
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» Jerome H Friedman. Greedy function approximation: a gradient
boosting machine. Annals of statistics, 2001.
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» Step 0: € X A5l R ZLL (y, 9)
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Why GBDT works
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XGBoost
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» Chen, T., & Guestrin, C. (2016). Xgboost: A scalable tree boosting
system. In Proceedings of the 22nd acm sigkdd international conference
on knowledge discovery and data mining.
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» Extreme Gradient Boosting, B HM
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XGBoost
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XGBoost

> 91 = fi(x®) = 557 + f1(x D)

 9r = 9p2s + fr(x©)
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BAGGING & BOOSTING

Boosting

Parallel Sequential
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» Bagging

» Random Forest

» Boosting

» AdaBoost

» GBDT

» XGBoost
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