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HAl2{'d (Machine Learning)
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M 3|7 (Linear Regression)
EX| 2B 2|7 (Logistic Regression)
MIEE HE| 0 £l (Support Vector Machine)

k-Z| =& 0|2 (k-Nearest Neighbors)
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o Z2{AE 2 (Clustering)

o k-Means

o DBSCAN

o A% % &4 (Hierarchical Cluster Analysis)

o O|&X| EFX|(Outlier Detection), £ 0|4} &M X|(Novelty Detection)

« X}8l 22 (Dimensionality Reduction)

o FMHE &M (Principal Component Analysis)
o 712 PCA(Kernel PCA)
o t-SNE(t-Distributed Stochastic Neighbor Embedding)

o 2 1 &l(Association Rule Learning)

o Apriori
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=X| & 2t&(Semi-supervised Learning)
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Online Learning)
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o A3l 7|8t & (Instance-based Learning)
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Underfitting X Just right!

overfitting

2 Bt3}(generalization)
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Overfitting

Optimum

Underfitting

Generalization loss

Training loss

Loss

Model complexity
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Original Set
< '
Training Testing
Training Validation Testing
Dataset
Training Testing | Holdout Method
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Cross Validation
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Training Validation | Testing | Training, Validation, Testing
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« scikit-learn A}O| E: https:/scikit-learn.org/

e Jake VanderPlas, "Python Data Science Handbook", O'Reilly

e Aurelien Geron, "Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow:
Concepts, Tools, and Techniques to Build Intelligent Systems”, O'Reilly



https://scikit-learn.org/




