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Fitting
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Fitting

* equation = =2/, 5t5t S E0IE M2 2|4 & H|0|E{Z coefficient?t 23

« XPS peak : Voigt (convolution of Gaussian”"onon broadening 8 | grentzianVncertainty principle)
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Fitting
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Machine Learning
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« Al YEA0| EASHe lg0|2tT A Mot Ol HaS 0FS0] Fitting2 ™ HEA &8 7ts
» Linear Regression : X QX520 M Aete =z yE 49
* Support vector : X §|O[E{7} EZAlictE S7tS 7He] BHhveerlanee 2 L0 yE A
* Tree Model : X H|O|E{2] QIZ}e} Zf0 T2} 7t & 2|0 y& &0t
* Neural Network : X 212}9| /43 tH3tut H|ME HSH2 B850 yE £ &6
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Machine Learning
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def cet_model (deares=1):

model = Pipelinel [("polvnomial”, PolvnomialFeatures(degree=dearee)],
("|inearregression”, LinearPearession())])

i ol

return model
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HE random sampling 2& train2} test 2
from sklearn.model_selection import train_test_split

x_train, x val, v _train, v_val = train_test split{xs, vs, test size=0.72)
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EEEPESES:

1 df_peng = sns. load_dataset ("penguing")
o df _peng = df_peng.dropnal)
5 df _peng.head()

species island bill_length_mm Dbill_depth_mm flipper_length_mm body_mass_g Sex
0 Adelie Torgersen 39.1 18.7 181.0 3750.0 Male
1 Adelie Torgersen 39.5 174 186.0 3800.0 Female
2 Adelie Torgersen 40.3 18.0 195.0 3250.0 Female
- Adelie Torgersen 36.7 19.3 193.0 3450.0 Female
5 Adelie Torgersen 39.3 20.6 190.0 3650.0 Male

= df _peng["body_mass_g" ]
df _peng.drop("body _mass_g", axis=1).reset _index() # 2=5| H|H = index reset

Do M —
o
[

A ¥ train, ¥ val, v train, v val = train_test split(¥, v, test size=0.2) # 8.2 2t




T2 CljO[E{Al 28 = 8:2 7

* train : validation 4|O|E{Zt 273

g
- class HlE= z[Het 20 HO|HZ

species island sex
Adelie - Biscoe -
Fernale
Chinstrap - Dream -
Male
Gentoo Torgersen -
| | | | |

0.0 0.1 0.2 0.3 0.0 0.1 0.2 0.3 0.0 0.1




Stratified Sampling : 23} &

1 ¥ train, ¥ val, v train, v val = train_test split(¥, v, test size=0 2,

2 stratify=X[["species", "island", "sex"]])
species island sex
Adelie Biscoe
Fernale
Chinstrap - Dream -
Male -
Gentoo Torgersen -
| | | | | |

0.0 0.1 0.2 0.3 0.0 0.1 0.2 0.3 0.0 0.1 0.2
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Cross Validation Cl|O|E| =&

« scikit-learn2| KFold A2

1 from sklearn.model_selection import KFold

2

3 kf = KFold(n_splits=h) # 5-Fold dI0|Ef ==
4

B ¥_trains, ¥_vals =[], []

6y traing, v vals =[], []

.

& for idx_train, idx_wval in kf.split{¥): # =22F index
g ¥otrain, ¥ val =¥ iloc[ide_train], ¥.iloc[idx val]
10 y train, v val =v. iloc[ide_train], v.iloc[idx val]
11
12 ¥_trains.append{®_train)
13 ¥_wals.append(¥_val)
14 y_trains. append{y_train)
15 y_vals. append(y_val)
Fold 1
Fold 2
Fold 3
Fold 4
Fold 5
0 50 100 150 200 250 300

data index



Cross Validation H|O|E{ &

« scikit-learn2| KFold ArZ, shuffle=True

1 from sklearn.model_selection import KFold

2
3 kf = KFold{n_splits=5, shuffle=True) # 5-Fold G|0|E] =&, G|0|& 242
4

5 ¥ trains, ¥ vals = [1, []
6y _trains, y_vals =[], []
-

8 for idx_train, id<_val in kf.split(¥): # £&- index
g ¥_train, ¥_wval =¥ iloclide_train], ®.iloc[idx_val]
10 y_train, y_wval =vy. iloc[idx_train], v.iloc[idx_val]
11
12 ¥_trains.append{¥_train)
13 ¥_wals.append(¥_wval)
14 ¥ trains.append(y_train)
15 v wals.appendiy_wal)
Fold 1
Fold 2
Fold 3
Fold 4
Fold 5
0 50 100 150

data index

200
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Cross Validation G|O|E| E¢ &<
* Foldd species class H|=

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Adelie - ‘ - - ‘ - -

Chinstrap - . . . .

Gentoo - - ‘ - -

0.0 0.1 0.2 0.0 0.1 0.2 0.0 0.1 0.2 0.0 0.1 0.2 0.0 0.1 0.2



Cross Validation G| O|E{ stratified sampling

« scikit-learn?| StratifiedKFold AFZ, shuffle=True, stratifying features &

1 from sklearn.model_selection import StratifiedkFold

2
3 skf = StratifiedeFold(n_splits=h, shuffle=True) # b-Fold GO 2&, G|0& 447]
4

1
—
s
—
—

b ¥_trains, ¥_vals
by_trains, v_vals
.

f " ! ; . i . i "o " " " : =254 i = HI—A . OI =
8 for idx_train, idx_wval in skf.split(¥, %[["species", "island", "sex"]1]): # 25+ index E')—Tr =1 cg O:IE_-I column %Al uiﬂ §7|'

I
—
—
—
—
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9 ¥_train, ¥_val = ¥.iloc[idx_train], ¥. iloc[idx_vall
10 y_train, v_val =vy. iloc[idx_train], v.iloc[idx_vall]
11
12 K_trains.append(X_train)

13 ¥_vals.append(¥_val)
14 y_trains.append(y_train)
15 y_vals. append(y_val)

3 3 frames
fusrflocal /lib/python3. 7/dist -packages/sklearn/mode | selections split.py Iin _make_test_folds(self, ¥, v)
BGZ raise YalueError(
B53 "Supported target types are: {}. Got {!r} instead." . format(
——= Bhd al lowed_target_types, type_of_target_y
S1s1s) )
656 )

YalueError: Supported target types are: (‘binary', 'multiclass'). Got ‘multiclass-multioutput' instead.

SEARCH STACK OVERFLOW




Cross Validation G| O|E{ stratified sampling

scikit-learn2| StratifiedKFold AFZ, shuffle=True, stratifying features &

1 from sklearn.model_selection import StratifiedkFold

2

2 skf = StratifiedsFold{n_splits=h, shuffle=Trug) # b-Fold CO|E =2 dI0Ig] 240]

4

5 ¥_trains, ¥_valg = [], [] 2-?— §|]1|: O:IE‘I column |:c'>:|6|=||- E”OlE'I ACIJ-IAC-DI

6yv_trains, y_vals = [1, []
T _stratify = X[["species", "island", "sex"]]. apply(lambda x: f"{x[0]1}_{x[1]}_{x[2]}", axis=1)

. 4

8

9 for id<_train, idx_val in skf.split(¥, X stratify): # =28 index

0 ¥ train, ¥_wal = ¥. iloc[idx_train], ¥. iloc[idx_val]

1 y_train, y_val =vy. iloclidx_train], v.iloc[idx_val]

2

& K_trains.append(X_train) 1 ¥_stratify = ¥[["species", "island", "sex"]] . apply(lambda x: f"{x[0]}_{=x[1]}_{x[C]}", axis=1)

4 ¥_vals. append(x_val) 5 ¥ stratify

5 y_trains. append(y_train) -

b y_vals.append(y_val) 4] tdelie_Torgersen_Male
1 tdelie_Torgersen_Female
2 tdelie_Torgersen_Female
3 tdelie_Torgersen_Female
4 tdelie_Torgersen_Male
328 Gentoo_Biscoe Female
3e9 Gentoo_Biscoe Female
320 Gentoo_Biscoe_Male
337 Gentoo_Biscoe_Female
332 Gentoo_Biscoe_Male

Length: 333, dtype: object




Cross Validation G|O|E| E¢ &<
* Foldd species class H|=

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Adelie - ‘ - - - -

Chinstrap - . . . ‘ .

Gentoo ‘ - - - -

0.0 0.1 0.2 0.0 0.1 0.2 0.0 0.1 0.2 0.0 0.1 0.2 0.0 0.1



Cross Validation T@7} 1
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HA A= 0= 22 : degree =1

1 model_degl = get_madel (1)

2 mode | _degl fit(¥_trains[0], v_trains[0])

Sy pred_train = model_degl.predict (¥_train)
4y pred_val = model_degl . predict (¥_val)

P> Pipeline
e preprocessor: ColumnTransformer B
Ei » cat > num |
E; . UneHDtEncader‘ v FolynomialFeatures N
PolynomialFeatures(degree=1)| | RMSE
! . | .
. StandardScaler‘ !
' [ ' L
; . LinearRegressiaﬂ‘ i
e I I

Pipeline=2 Gl AfA

[ e
==

#
#
# train data H=
# test data W=

K-Fold avg. and st.dev.
330
—&- train

320- W valid |
310 -
300 -
290 ' ' . g
280 -
270 .
260 .
250 T T T T T

1 2 3 4 5



HA A= 0= 22 : degree =1

1 model_degl = get_madel (1) #
2 mode | _degl fit(¥_trains[0], v_trains[0]) #
Sy_pred_train = model_degl.predict(¥_train) # train data H=
4y pred_val = model_degl . predict (¥_val) # test data W=

Pipeline=2 Gl AfA

[ e
==

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
6000 - - -
odbye 3 oy chag, odfys,
-‘. e & & . - -"
- -‘Hé?:" ’ RT - A%
5000 - : - ; - : - - :
g Ry X R Y A Y S
@ s o ¢ # s
o 4000 Y RMSE | | rmse || ¢ amse || -'ﬁ:‘. amse | | fﬁ RMSE
train=277.915 train=290.500 train=286.841 . 2’ train=284.501 o . train=283.827
of val=311.899 | |° val=204.134 | |* val=278.513 ‘ﬁ' val=287.885 '# val=286.858
3000 L . 1° 1t g

| | | | | | | | | | | | | | | | | | | |
3000 4000 5000 6000 3000 4000 5000 6000 3000 4000 5000 6000 3000 4000 5000 6000 3000 4000 5000 6000
true true true true true
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St hyperparameter = validation metricO| 7t 2 74 MEH : degree = 1

RMSE ) le/
1 600
1.5+
RMSE 400 o g .............
2 D-u::::::: e, g __________
Lo 200
RMSE = RMSE
3 — ]gﬂ‘, '|'_'£ 0.5 0 T
RMSE 0.04 ¥ 5 ¢
RMSE -5
5 J 1 2

degree degree degree

5 6 7

is sex male?

/ \ 0.73 36%
@ is sibsp > 2.57
017 61%
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0.05 2% 0.89 2%
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Cross Validation 7} 2
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Cross Validation @7}

« 1. 2GS IV}

* 2. Fold28 B7I &

predict

5500

5000 -

4500

4000 -

3500

3000

I
3000

I I I
4000 5000 6000
true

| from sklearn.model_selection import cross_val_score

Z

S modell = get_model (1)

4 —cross_val_score(model1, ¥, v, cv=h, scoring="neg_root_mean_squared_error")

array([286. 00723447, 315, 77703262, 3368 . 76071156, 306,27358314,
232 . 49771288])

I from sklearn.model_selection import cross_val_predict

e

Sy pred_cv = cross_val_predict{modeli, X, v, cv=5]

4 fig, ax = plt.subplots(figsize=(5, &), constrained_layout=True)
hoax. scatter(y, v_pred_cv, c="gray", alpha=0.5)

6oax.set_xlabel ("true", color="gray", labelpad=12)

7 ax.set_vlabel ("predict", color="gray", labelpad=12]



Homework

* Cross Validation £7|
« Machine Learning Mastery, k-fold cross validation (https://bit.ly/3Hp7670)

+ Train/Test Split: Taken to one extreme, k may be set to 2 (not 1) such that a single train/test split is
created to evaluate the model.

« LOOCV: Taken to another extreme, k may be set to the total number of observations in the dataset such
that each observation is given a chance to be the held out of the dataset. This is called leave-one-out
cross-validation, or LOOCV for short.

« Stratified: The splitting of data into folds may be governed by cntena such as ensuring that each fold has
the same proportion of observations with a given categorical value, such as the class outcome value. This
15 called stratified cross-validation.

+ Repeated: This is where the k-fold cross-validation procedure is repeated n times, where importantly, the
data sample 1s shuffled prior to each repetition, which results in a different split of the sample.

+ Nested: This is where k-fold cross-validation is performed within each fold of cross-validation, often to
perform hyperparameter tuning during model evaluation. This is called nested cross-validation or double
cross-validation.


https://bit.ly/3Hp76Zo

oj Al 2 23

* base : Scikit-learn MOOC @inria
- i 2{'d ?IF. © 2192 skip (712]7} =|H
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o 42| HAF: KIER-Tube & Youtube &7l
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