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o �A
o �
�C�E1?9W!�I��AdaboostH?.�D4;:

o G���C�B'FU

o MA
o adaboost"��\0-�&#0-4��/)D�Boosting1?7P"��A&#A(/)�
�=�><T	3�
K��AQ D8Z�S�4+�JL,65D�

o RNV%*��4@�T	D�7�X2?YC$NOH�Adaboost4�E”�N”H?.
,
GBDT(Gradient Boosting Decision Tree)�[#*�



Gradient Boosting��

u ���Boosting6C�=�Gradient Boosting]Y\�)-�
M! ,1��.�M!H6C�

u (�<�H(xi,yi)WN_�Gradient Boosting#\��Lmm?
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��FV
Gradient 
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Gradient Boosting�� - 1
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���(Gradient tree boosting)

o *�0(Gradient tree boosting)+�(C#-�:�?0(�A�:CART0)/�
�&�@�.

o *�0�>mm3G�,"
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o Shrinkage("
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o Stochastic gradient boosting
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Scikit-learn GradientBoostingClassifier���

o max_features �Qy~mT7jEP(PNu56)��|Y��9[]VjEP�6�d9
?
50�I�l��m"None"@.�

o max_depth�r\T7hB�Alm.�,�10-100	��

o max_leaf_nodesT7/:}iP����#T7/:}iP�.��a�L0���S"None”�
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m�.����+��F"�

GBDT
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o n_estimators: 
@SD;�2mT7��`P�Jz�T7mD;�2m�P��|Y�
n_estimators8?�=R_L0�n_estimators87�*=R�L0��|�M����mP��
��S100�4<��)m�n��I�AA>n_estimators1���wm)Plearning_rate��
y~�

o learning_rate: &c�D;�2mX�x�vP

o subsample: &I�4'ktmb!%p}�"m:�]�,��(0,1]�gG��m:�]1�
W^Z��]��W^Z�lmSO3K]�{��S�O3K]�9[,��1�!��
]V��l�q
eU�l:�]�9[,�?
1�!-U���]V�(�GBDTm�r
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Gradient Boosting Regression��
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o K-means
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o t-SNE: t-distributed stochastic neighbor embedding
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t-SNE vs PCA
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u KQKD2(k-NearestNeighbor)CAKNN�,�ED2	:�@�KNNPJGD*)'�
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scikit-learn��KNN

u from sklearn import neighbors 
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