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o [BlY3 ( Regression )

o FEEE ( Clustering Algorithms )

o 1EMMEE’E ( Regularization Algorithms )
o EMEA (Ensemble Algorithms) ,;—]
o REWEE (Decision Tree Algorithm ) =
o ATt M2E ( Artificial Neural Network ) —m
o #REF>] (Deep Learning ) =
o X¥#EFEEH ( Support Vector Machine ) ——
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o [R4E5)% ( Dimensionality Reduction Algorithms )
o ETSLBINEE (Instance-based Algorithms ) ==
o  DIMHET&ESE (Bayesian Algorithms )

o RBEAINIZESEE (Association Rule Learning °
Algorithms )

o EEE ( Graphical Models )
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E %7373 % ( Principal Component Analysis (PCA) )
«  Epk5[EY3 ( Principal Component Regression (PCR) )
« {®&/N_3E[EY3 ( Partial Least Squares Regression (PLSR) )
« Sammon 25} ( Sammon Mapping )
- ZHRETH ( Multidimensional Scaling (MDS) )
- 12 SIR ( Projection Pursuit )
- ZHHIF2H (Linear Discriminant Analysis (LDA) )
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- _RAFSH ( Quadratic Discriminant Analysis (QDA) )
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- SHIFfMNEDIHHT ( Gaussian Naive Bayes )
o ZIXANZEDMHHT ( Multinomial Naive Bayes )
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- DIHHEE =ML ( Bayesian Belief Network (BBN) )
- DIMEFM4E ( Bayesian Network (BN) )
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o BERBIUSIIGETNEEND (IGETEA
— & 2 fraining dataset - M2 RATIZTE

HYAS—EB o2& - BIU0 : mini-batch )

o hies #i/)\ - LEEE NS ( OJBEF~Zoverfitting ) ;

=z - SAEBESIHE ( oI BEF= S underfitting )
o biasZE X — MERKITEY

Variance
o =B AHY generalization AYEE 7
o variance #/)\ - #EAYAY generalization FIBE NS ;
=2 - HEEIAY generalization BYBE 1 EL1ER
o BEEINZ MR

Low Variance High Variance

Error : JZ1E1RZE @ BlRE
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RISHMIIS

Degree 1 Degree 4 Degree 15

MSE = 4.08e-01(+/- 4.25e-01) MSE = 4.32e-02(+/- 7.08e-02) MSE = 1.82e+08(+/- 5.45e+08)
—— Model —— Model —— Model
—— True function ——— True function —— True function
e Samples e Samples e Samples
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.28 = >JPython[EScikit-learn

Classification Regression Clustering I
Identifying which category an object belongs Predicting a continuous-valued attribute Automatic grouping of similar objects into

to. associated with an object. sets.

Applications: Spam detection, image Applications: Drug response, Stock prices. Applications: Customer segmentation,

recognition. Algorithms: SVR, nearest neighbors, random Grouping experiment outcomes

Algorithms: SVM, nearest neighbors, random forest, and more... Algorithms: k-Means, spectral clustering,

forest, and more... mean-shift, and more...

Boosted Decision Tree Regression

— VRO ]
— 0 eSRematony = 30O

< . o tanigiampies
15,
of4 -
Rki@ ftah
g e "Ny .
’ &\:; "L" d “ . - Dimensionality reduction Model selection Preprocessing
et " l o <1 1 Reducing the number of random variables to Comparing, validating and choosing Feature extraction and normalization.

consider. parameters and models.

Applications: Transforming input data such
Applications: Visualization, Increased Applications: Improved accuracy via as text for use with machine learning
efficiency parameter tuning algorithms,
Algorithms: k-Means, feature selection, non- Algorithms: grid search, ¢ross validation, Algorithms: preprocessing, feature
negative matrix factorization, and more... metrics, and more... extraction, and more...

ttps://scikit-learn.org/stable/index.html
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» Scikit-learnlEARINBEEBWR D ANNAER D - 235 - [BT - B8 - BURERREE - RAIER

Z IE @ F SIMPythonFHIRMEZR - Scikit-learnt] U —ESEERNAF A B RHIFEL
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Nearest Neighbors is £l or Neural Net Ada




Sklearn® Biregressorsflclassifiers

",, regressors

|
— H— hndon!‘oroatkwroiﬂor
Linearsve ANdaBoostRegresasor
TR ML GradiantBoostingRegressor
DécisionTrecRegressor
. ML
LinearRagraasion KNeighborsRegressor
Lasso
Lassolars Description
Ridge ® wicam tree DecisionTrocReg A decision tree regressor
Bayeslankidge
@ sKleamsvm SVR Epsilon-Support Vector Regression
. sklearn lincar_model Lincar Ordinary least squares Lincar
Regression Regression

Function Description

. skleam.neural_network MLP
Classifier

@) skicam tree DecisionTreeClassifier

@ sklcarn svm SVC

. skleamn lincar_model Logistic
Regression

. sklearn lincar_model SGDClassifier

Multi-layer Perceptron classifier

A decision tree classifier

C-Support Vector Classification

Logistic Regression (at k.a logit, Max
Ent) classifier

Linear classifiers (SVM, logistic
regression, 4.0.) with SGD training

. skleam naive_bayes GaussianNB Gaussian Naive Bayes

. sklearn.neighbors KNeighbors Classifier implementing the k
Classifier neighbors vote
sklearn ensemble RandomForest A random forest classifier
Classifier
sklcu'ncmmbk.ﬁndmn g Gradient B g for classification
Class:ﬁu

.’n classifiers

P e L Ry S— m
@ skleam lincar_model SGDRegressor m%’;’.:::’::' D l l
yrre———— e % i sve Raudou?ox’ostc:lassifior
- L2 e i el LogisticRegression | . ‘AdaBoostClassifier
. ;klamcnicmble.kmdnmm A random forest regressor mdfionm’.“‘i tt.r Grndlmtﬂooctinq&lmitloz
egressor .4 o

YTy pE—— GaussianNs

Regressor o o p—— AT .
@ Kleamneural_network. Maki-tayer Perceptron regressor KNeighborsClassifier

MLPRegressor
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