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Linearity

« 49| (Wikipedia)

* Property of a mathematical relationship(function) that can be graphically represented as a
straight line. Closely related to proportionality.
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Pipeline + Linear Regression

™
° 1 from sklearn.preprocessing import OneHotEncoder
2 from sklearn.preprocessing import StandardScaler
3 from sklearn.compose import ColumnTransformer
4 from sklearn.pipeline import Pipeline
5
6 from sklearn.ensemble import RandomForestRegressor
7 from lightgbm import LGBMRegressor
8 from xgboost import XGBRegressor
9 from sklearn.linear_model import LinearRegression
10 B bt .
11 def get_model(method="rf", N Pipeline
12 cat_features=["species", "island", "sex"'], i PP
13 num_features=["bil|_length_mm", "bill_depth_mm", "“flipper_length_mm"], ' .
" rekwargs): N » preprocessor: ColumnTransformer
15 # 1-1.categorical featureOll one-hot encoding & & ) !
16 cat_transformer = OneHotEncoder () Pl g cat g num
17 Lo ;
18 # 1-2.numerical feature= standard scaler && » OneHotEncoder » StandardScaler
19 num_transformer = StandardScaler () ! :i | ;o I :
20 e T 1 ________________________ !
21 #2 X BRY MAZ HE i
22 preprocessor = ColumnTransformer([("cat", cat_transformer, cat_features), E i » LinearRegression
23 ("num", num_transformer, num_features)]) H i i
24 ' l
25  #3. HH2 ¥ AT YW= =y s s :
26 if method == "rf":
27 ml = ("ml", RandomForestRegressor (xxkwargs))
28 elif method == "Igbm":
29 ml = ("ml", LGBMRegressor (xxkwargs))
30 elif method == "xgb":
31 ml = ('ml", XGBRegressor (x*kwargs))
32 elif method == "Ir":
33 ml = ("Ir", LinearRegression(**kwargs))
34
35 pipeline = Pipeline(steps=[("preprocessor", preprocessor),
36 mi])
37

38 return pipeline




Linear Regression

E H H ' I I I I I 1 1 I
.~ LinearRegression 3000 4000 5000 6000 3000 4000 5000 6000

y — WO+ W1x1+ W2x2+"'+ ann train valid
cood # running time i
T i T : : 0.01 sec Y oo
> Pipeline g e L. A4l " go
. ! » preprocessor: ColumnTransformer ! | § 2997 ° ) {3
| o S 45001 o S - o %
- cat o - nm £ 4000 . ! e °
| ii » OneHotEncoder i » StandardScaler i ! 35004 o 1,
s EE e : =: ! L
T s 1' ____________ H 3000-] $Te R2 = 0.877 |- R2 = 0.860
i i RMSE = 281.725 RMSE = 299.923

e l____________; _____________ B true true
. . train valid

e Pipeline ! . .

] pettne . w00 # running time " |-

i | » preprocessor: ColumnTransformer : ! ss004 - 0.34 sec., i ) A
i b o0
T cat > num P c 5000 . °
R I i) ] ®
Lo o O 4500+ - o ® b

. 11 » OneHotEncoder i | » StandardScaler i; : e .0 .°
R | i I i S 4000 7 ¢

bl mmmmmem oo 1 ........................ i .. ®

e —— : 3500 1 o¢

l » RandomForestRegressor i i {

i i i 3000 @ R2 = 0.980 | - R2 = 0.846
. l . RMSE = 114.757 RMSE = 314.982
__________________________________________ : T T T T T T T T

3000 4000 5000 6000 3000 4000 5000 6000

true true



Linear Regression

Y =wot wixg+ woXxot+ wyxy

> cat

» preprocessor: ColumnTransformer

> num

{ » LinearRegression
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271 2ol

_____ O

Adelie Y/N
Chinstrap { Chinstrap Y/N
Gentoo Y/N
Biscoe Y/N
Dream { Dream Y/N
Torgersen Y/N

Female Y/N
Female -{
Male Y/N

Scaling

o4

° 1 X_train.head()

T species
48 Adelie
185 Chinstrap
57 Adelie
168 Chinstrap

172 Chinstrap

31.37329498,
107.00881397,

island
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Dream
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Dream

Dream

bill_length_mm bill_depth_mm

345

535

41.1

43.2

50.5

o 1 model|_default["Ir"].coef_

array([-180.35214186, -510.09340248, 690.44554435,
—20.95456742, -206.01442752,
102.54158725, 259.834919 ])

18.1
19.9
18.2
16.6

184

-10.41872756,
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205.0

192.0

187.0

200.0
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Female

Male

Male

Female

Female

4137.528113385805
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° 1 model_default["Ir"].intercept_
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Hyperparameter tuning

erfitting

Just fit

overfitting
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Linear Regression : Difficulty

» M= G[O[E{ 4

—
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0.200230

0.180596

0.160890

0.141120

X1

0.049787

0.050793

0.051819

0.052866

0.053934

18.541287

18.915846

19.297972

19.687817

20.085537

301 rows x 4 columns

X2

-0.989992

-0.986972

-0.983557

-0.979749

-0.975549

-0.975549

-0.979749

-0.983557

-0.986972

-0.989992

y

-1.137640

-1.155373

-1.172660

-1.189494

-1.205867

3.772666

3.391067

2.999491

2.597984

2.186605
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Linear Regression :

Random Forest :

prediction
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1 from sklearn.preprocessing import PolynomialFeatures

2

3 def get_model (method="rf",

4 cat_features=["species", "island", "sex"],

5 num_features=["bill_length_mm", "bill_depth_mm", "flipper_length_mm"],
6 degree=2, **kwargs):

7 # 1-1.categorical feature( one-hot encoding & &

8 cat_transformer = OneHotEncoder ()

9

10 # 1-2.numerical feature= polynomial feature transformer, standard scaler &=
11 num_transformer = Pipeline(steps=[("polynomial", PolynomialFeatures(degree=degree)),
12 ("scaler", StandardScaler())

13 1)

14

5] #2. 04 SR)E MAl HE

16 preprocessor = ColumnTransformer ([(“cat", cat_transformer, cat_features),

17 ("num", num_transformer, num_features)])

18

19 #3. X2 F UE YHE Mg

20 if method == "rf":

21 ml = ("ml", RandomForestRegressor (**kwargs))

22 elif method == "Igbm":

23 ml = ("ml", LGBMRegressor (**kwargs))

24 elif method == "xgb":

25 ml = ("ml", XGBRegressor (xxkwargs))

26 elif method == "Ir":

27 ml = ("Ir", LinearRegression(**kwargs))

28

29 pipeline = Pipeline(steps=[("preprocessor", preprocessor),

30 ml])

31

32 return pipeline

Polynomial

° 1m= get_model(method="1Ir", degree=2, cat_features=[],

2m.fit(Xn_train, yn_train)

s preprocessor : ColumnTransformer

e cat > num

> PolynomialFeatures

» OneHotEncode ?E

num_features=["x0", "x1", "x2"])

train

valid

124

10

prediction

0+ R2 = 1.000
RMSE = 0.000

R2 = 1.000
RMSE = 0.000
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Nonlinearity

« 49| (Wikipedia)

« Property of a mathematical relationship(function) that can be graphically represented as a
straight line. Closely related to proportionality.

« AMAHE FHIE £, = 19t H|XeH HE S 4= U4 Olg{et & 20 Qe Bist
7H4Hd (additivity) : f(a + b) = f(a) + f(b) — (a+D)? # a? + b2
fx) =x
214 (homogeneity) : f(ka) = kf (a) (ka)? # k(a)?

* Polynomial Regression

* Linear Regression + Nonlinearity



scikit-learn website

1. Supervised learning 1.1. Linear Models
1.1, Linear Models

1.2. Linear and Quadratic
Discriminant Analysis

= 1.1.1. Ordinary Least Squares

1.1.2. Ridge regression and classification
1.1.3. Lasso

1.1.4. Multi-task Lasso

1.1.5. Elastic-Net

1.1.6. Multi-task Elastic-Net

1.1.7. Least Angle Regression

1.1.8. LARS Lasso

1.1.9. Orthogonal Matching Pursuit (OMP)
1.1.10. Bayesian Regression

1.1.11. Logistic regression

1.1.12. Generalized Linear Regression
1.1.13. Stochastic Gradient Descent - SGD
1.1.14. Perceptron

1.1.15. Passive Aggressive Algorithms
1.1.16. Robustness regression: outliers and modeling errors
1.1.17. Quantile Regression

1.3. Kernel ridge regression

1.4, Support Vector Machines
1.5. Stochastic Gradient Descent
1.6. Nearest Neighbors

1.7. Gaussian Processes

1.8. Cross decomposition

1.9. Maive Bayes

1.10. Decision Trees

1.11. Ensemble methods
1.12. Multiclass and multioutput

algorithms

1.13. Feature selection

1.14. Semi-supervised learning

1.15. |Isotonic regression
1.16. Probability calibration

1.17. Meural network models

. 1.1.18. Polynomial regression: extending linear models with basis functions
(supervised)



Linear Transformation

« ZMHE M (Principle Component Analysis)
« ZLMBE MY CH= WA 2k (ex. https://bit ly/3BJEaiE)
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https://bit.ly/3BjEaiE

Linear Transformation

M2 2XM (Principle Component Analysis)

« ZtM|SH AH2 CHE WA 2k (ex. https://bit.ly/3BjEaiE)
« FHE HIO|It == FXEot1 Q= vector
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Linear Transformation

M2 2AM (Principle Component Analysis)

. ZW@ MEHS CF2 w2 2t (ex. https://bit.ly/3BjEaiE)
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* Eigenface

Olivetti face dataset PC1, PC20L AI25|f HHSt

mee=1.29e-03 mse=2 50e-03 mee=4 01e-03 mse=1 49e-03

Sl

mee=1.61e-03

https://jehyunlee.github.io/2020/07/21/Python-DS-21-PCA/


https://bit.ly/3BjEaiE

Linear Transformation

« 28 2M (Principle Component Analysis)
o AtM|GHAHE2 CHE2 WAf 21 (ex. https://bit.ly/3BjEaiE)

« FMHE H|O|E{7t F2 X5t = vector
ye | 23

« HO|E MY : FHEZ2 MSH 2ot A=22 H|0|E Ad
* Eigenface
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& YEW PC2E EHE AR
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Kernel Trick




Kernel Trick

- (H[Y) HIO|E{2| THE

http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/



Kernel Trick




Kernel Trick

:

- (H[H) IoJH e &= &l 2H7] 2ot IO Sk 2=

 RBF: Radial Basis Function

—15.15

http://colah.github.io/posts/2014-03-NN-Manifolds-Topology/



Kernel PCA

- (B]EY) HO|E{e] TE= A 27| 2/eh H|0]H

Feature #1

* RBF: Radial Basis Function
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Kernel PCA

* Regression : Swiss roll

y = f(xlerJxS)

Linear Kernel REF Kernel

swiss Roll

Sigmoid Kernel

0.2 1

0.1 1

0.0 1

—0.1 1

0.7 4

—0.2




Kernel PCA

* Polynomial Kernel

y=0.0001, degree=1, mse=42.9 y=0.0001, degree=2, mse=42.8 y=0.0001, degree=3, mse=42.6
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Kernel PCA

 RBF Kernel

y=0.001, mse=36.0
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Kernel PCA

* sigmoid Kernel

y=0.001, mse=42.5
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Kernel PCA

e cosine Kernel

mse=53.4
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Manifold

Locally Linear Embedding (2000) Unrolled swiss roll using LLE

0.10 1
« Multi-dimensional Scaling (1964)
0.05 1
* |somap (2000) ~
N 000 -
* t-SNE (2008)
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https://lovit.github.io/nlp/representation/2018/09/28/mds_isomap_lle/



Op7} & oFatt |inear Regression

M == GO A

—

296

297

298

299

300

X0

-0.141120

-0.160890

-0.180596

-0.200230

-0.219784

0.219784

0.200230

0.180596

0.160890

0.141120

X1

0.049787

0.050793

0.051819

0.052866

0.053934

18.541287

18.915846

19.297972

19.687817

20.085537

301 rows x 4 columns

X2

-0.989992

-0.986972

-0.983557

-0.979749

-0.975549

-0.975549

-0.979749

-0.983557

-0.986972

-0.989992

y

-1.137640

-1.155373

-1.172660

-1.189494

-1.205867

3.772666

3.391067

2.999491

2.597984

2.186605
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https://www.youtu

Kernel Ridge Regression
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Kernel Ridge +

« Ridge Regression : 2}A & sHAS
« Kernel Ridge : HEZ2 Eal| Hatsl

° 1 from sklearn.kernel_ridge import KernelRidge

3 def get_model (method="rf",

2ot Al2f Als

§|0|E{E Ridge Regressiondi| A&

4 cat_features=["species", "island", "sex"],

5 num_features=["bill_length_mm", "bill_depth_mm", "flipper_length_mm"],
6 degree=2, *xkwargs):

7 # 1-1.categorical featureOl one-hot encoding =&

8 cat_transformer = OneHotEncoder ()

9

10 # 1-2.numerical feature= polynomial feature transformer, standard scaler & &
11 num_transformer = Pipeline(steps=[("polynomial", PolynomialFeatures(degree=degree)),
12 # ("scaler", StandardScaler())

13 1)

14

15 #2. QX BRE MdA2 Mg

16 preprocessor = ColumnTransformer ([("cat", cat_transformer, cat_features),
17 ("num", num_transformer, num_features)])
18

19 #3. MKl & YHE UYHE MG

20 if method == "rf":

2 ml = ("ml", RandomForestRegressor (**kwargs))

22 elif method == "Igbm":

2 ml = ("ml", LGBMRegressor (**kwargs))

24 elif method == "xgb":

25 ml = ("ml", XGBRegressor (**kwargs))

26 elif method == "Ir":

27 nl=_(ml | inearBearession(sxiwargs))

2 elif method == "kr":

29 ml = ("ml", KernelRidge(**kwargs))

30

3il pipeline = Pipeline(steps=[("preprocessor", preprocessor),

32 ml])

33 |

34 return pipeline

https://omicro03.medium.com/linear-regression-63164cd2e51
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Homework
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