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sklearn.metrics.mean_absolute_error(y_true, y_pred, sample_weight=None, multioutput='uniform_average")
sklearn.metrics.mean_squared_error(y_true, y_pred, sample_weight=None, multioutput='uniform_average', squared=True

)

9.9

from sklearn.metrics import \ mean_squared_error(y_true, y_pred, squared=False)
mean_absolute_error, mean_squared_error

y_true = [3, -8.5, 2, 7] ## 0.8227486121839513

y_pred = [2.5, 0.0, 2, 8]

mean_absolute_error(y_true, y_pred) mean_squared_error(
y_true, y_pred, multioutput='raw_values')

## 0.5

it array([0.41666667, 1. 1)
y—true = [[8-57 1]7 [_1’ 1]’ [7’ _6]]
y_pred = [[8, 2], [-1, 2], [8, -5]] mean_squared_error( .
mean_absolute_error(y_true, y_pred) y-true, y_pred, multioutput=[68.3, 8.7])
## 0.75 ## 0.825
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sklearn.metrics.r2_score(y_true, y_pred, sample_weight=None, multioutput='uniform_average')

from sklearn.metrics import r2_score y_true, y_pred = [1, 2, 3], [1, 2, 3]
r2_score(y_true, y_pred)

y_true = [3, -0.5, 2, 7]

y_pred = [2.5, 0.0, 2, 8]

r2_score(y_true, y_pred) # 1.0

y_true, y_pred = [1, 2, 3], [2, 2, 2]

## 0.9486081370449679 r2_score(y_true, y_pred)

y—true = [[8'57 1]’ [_17 1]7 [77 _6]] ## 8 8
y_pred = [[87 2]7 [_17 2]7 [87 _5]] )
r2_score(
y_true, y_pred, multioutput='variance_weighted") y_true, y_pred = [1, 2, 3], [3, 2, 1]

r2_score(y_true, y_pred)

i 0.9382566585956417
i -3.0
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Jiik iR

metrics.explained_variance_score Explained variance regression score function

metrics.max_error max_error metric calculates the maximum residual error.
metrics.mean_absolute_error Mean absolute error regression loss
metrics.mean_squared_error Mean squared error regression loss

metrics.mean_squared_log_error  Mean squared logarithmic error regression loss

metrics.median_absolute_error Median absolute error regression loss

metrics.r2_score R? (coefficient of determination) regression score function.
metrics.mean_poisson_deviance Mean Poisson deviance regression loss.
metrics.mean_gamma_deviance Mean Gamma deviance regression loss.
metrics.mean_tweedie_deviance Mean Tweedie deviance regression loss.
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err = L3 sign (£ () # ) ®
ace = = sign (f (x) = ) )
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HEWI%, T IZH F Score

HERfZR, AEIZH F Score 2T — 73 RIAJEAVEZPEM T FER, 2R M HE AT —ME WH 28R, Hlgnin

MEARKESS TN, —MEREFERREGCSRETAEE, NT 0890, HERZE75 M, BITRERD
FEREA (1) FIfEEAR (0) . FEARIEIE 7 2Easfy i< HI 4 MR EEGL, 2808 BIEH| (True Positive) , BPK
IEREARTIDY 7 IEAEA; RIEH] (False Positive) , BRETUEARTIIDN T IEMHEAR; BERAH| (True Negative) , BT
AP T HAEAR; ] (False Negative) , BURFIEFEARTNCY T KA, XT 4 FAFEBVEN, FATATCARIH—

MEEFEFERFR I a1 2R A5 R
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SR TR LS
TR (A HEV 403
RIE 4 FAFER TSR, 7] PUE SRR (Precision) FIAEIZ (Recall) 0 F:
. TP TP
Precision = TP + TP Recall = TP + TN (10)

HERRR AN A [ERZE D EAR P G R PHOTFEDR, — MEEREES — MESEV N, AERBR I ImE L, AT
PCAIEREAR, RO HERZREY 0 50506200 0, ] AR TR HERIR Y 100%, (HIEREIEERATY 0; 802 8ATR
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F Score

MEE TR AER, F Score ZREH & T M NI HENR:

11 1 B

Fs 1+ p (F+E) (11)
1+8%)-P-R
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ROC fl AUC ROC. CORVE
ROC (Receiver Operation Characteristic, #&U&##/E Yo7 [ PERFECT CLASSIFIER " {bﬁ
Rifib) #bgk, B/l AR TR &R TE
JTAARY, FASROTIN S R, SEREHT o
TR, . Ve, LT OB DU HEIZ TR ; 04
Ples >, 200 P-R #hiZk, {H ROC Hh&kHREHh £
FMIERR” (False Positive Rate, FPR) , 2\ & oy =
F“B1EF#E” (True Positive Rate, TPR) : §
©o2-
TP
TPR = TP + FN (13) o= 2
FPR = L (14) 00 o!z o.'u o?g o,g \.lo
TN + FP FALSE POSITIVE RATE
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ROC fll AUC

T A bb#=, 5 P-R EHHEL, &—1DFESes
) ROC HhZti s — ¢ S gayph ke 2 a7, WA K
SEERERIL TR, AN TFESI#E ROC #hZk a4
R, N PA— R MR S B LS. RN SR—
TEEHATILEL, MBS EHPRE 2 bR ROC B2 NHY
M, M AUC (Area Under ROC Curve) .

AUC =

L\D||—\

-1
Z LTiv1 — yz + yz+1) (15)
=1

(>

” )
A=)
(=<2
Q.O o« AUC values Test quality
i 0.9—1.0 Excellent
Rl 0.8—0.9 Very good
.’ 0.7—0.8 Good
0.6—0.7 Satisfactory
0.5-0.6 Unsatisfactory
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%51K Log Loss

n

> " yijlog (pi ) (16)
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LogLoss = ——
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sklearn.metrics.precision_score(
y_true, y_pred, labels=None, pos_label=1, average='binary', sample_weight=None, zero_division='warn')

9.9

from sklearn.metrics import precision_score precision_score(y_true, y_pred, average=None)

y_true = [B, 1, 2, 0, 1, 2]
y_pred = [8, 2, 1, 8, 8, 1]
precision_score(y_true, y_pred, average='macro')

it array([0.66666667, 0. , 0. 1)

y_pred = [0, 8, 0, 8, 8, 0]

B B.220999999999999) precision_score(y_true, y_pred, average=None)

precision_score(y_true, y_pred, average='micro') # array([0.33333333, 8. » 0. D

precision_score(

## 0.3333333333333333 ~ C e
y_true, y_pred, average=None, zero_division=1)

precision_score(y_true, y_pred, average='weighted") # array([0.33333333, 1 1 1

i 0.2222222222222222
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sklearn.metrics.recall_score(
y_true, y_pred, labels=None, pos_label=1, average='binary', sample_weight=None, zero_division='warn')

from sklearn.metrics import recall_score recall_score(y_true, y_pred, average=None)

y_true = [B, 1, 2, 0, 1, 2]
y_pred = [8, 2, 1, 8, 8, 1]
recall_score(y_true, y_pred, average='macro')

## array([1., 0., 8.]1)

y_pred = [0, 8, 0, 8, 8, 0]

s B.3333333333333333 recall_score(y_true, y_pred, average=None)

recall_score(y_true, y_pred, average='micro') #t array([1., 0., 8.])

recall_score(

## 0.3333333333333333 ~ C e
y_true, y_pred, average=None, zero_division=1)

recall_score(y_true, y_pred, average='weighted') ## array([1., 8., 8.1)

## 0.3333333333333333
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y_true, y_pred, labels=None, pos_label=1, average='binary', sample_weight=None, zero_division='warn')

sklearn.metrics.fbeta_score(
y_true, y_pred, beta, labels=None, pos_label=1,

from sklearn.metrics import f1_score, fbeta_score

y_true = [B, 1, 2, 6, 1, 2]
y_pred = [8, 2, 1, 8, 8, 1]
f1_score(y_true, y_pred, average='macro')

#H 0.26666666666666666
f1_score(y_true, y_pred, average='micro')

## 0.3333333333333333

average='binary', sample_weight=None, zero_division='warn")

fbeta_score(
y_true, y_pred, average='weighted', beta=8.5)

i 0.2380952380952381

fbeta_score(
y_true, y_pred, average=None, beta=0.5)

it array([0.71428571, 0. , 0. 1)
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sklearn.metrics.confusion_matrix(y_true, y_pred, labels=None, sample_weight=None, normalize=None)
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from sklearn.metrics import confusion_matrix confusion_matrix(y_true, y_pred,

labels=["ant", "bird", "cat"])
y_true = [2, 6, 2, 2, 8, 1]
y_pred = [8, 8, 2, 2, 0, 2]

confusion_matrix(y_true, y_pred) ## array([[2, 8, 8],

## [87 87 1]7

Ht [1, 8, 2]])
#t array([[2, 0, 0],
#H# (6, 0, 1], ] . .
i [1, 6, 2]1D) tn, fp, fn, tp = confusion_matrix(

(e, 1, e, 11, [1, 1, 1, 8]).ravel()
(tn, fp, fn, tp)
y_true = [“Cat”, HantH, ”Cat”, "C&t“, HantH’ Hbirdﬂ]

y_pred - [“ant", HantH, ”Cat”, "Cat“, HantH’ ”Cat”] ## (8 2 1 1)
I ) )
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sklearn.metrics.roc_auc_score(

y_true, y_score, average='macro', sample_weight=None, max_fpr=None, multi_class='raise', labels=None)
sklearn.metrics.roc_curve(

y_true, y_score, pos_label=None, sample_weight=None, drop_intermediate=True)
sklearn.metrics.auc(x, y)

d 2X\)
7

A
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from sklearn.metrics import roc_auc_score, roc_curve fpr
auc
)

y_true = np.array([0, 8, 1, 1]) ## array([6. , 8. , 0.5, 8.5, 1. ])

y_scores = np.array([0.1, 0.4, 8.35, 8.8])

roc_auc_score(y_true, y_scores) tpr
it 9.75 #t array([0. , 0.5, 8.5, 1., 1. 1)
fpr, tpr, thresholds = roc_curve( auc(fpr, tpr)

y_true, y_scores, pos_label=1)
## 0.75
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sklearn

y_true, y_pred, labels=None, target_names=None, sample_weight=None, digits=2, output_dict=False,

zero_

from sklearn.metrics import classification_report

y_true
y_pred
target._

.metrics.classification_report(

division="warn")

(e, 1, 2, 2, 2]
= [0, 6, 2, 2, 1]
names = ['class @', 'class 1', 'class 2']

classification_report(

y_true, y_pred, target_names=target_names)

it
#it
#it class ©
#t class 1
#t class 2
#it
it accuracy

it macro avg
#t# weighted avg

precision

recall f1-score

v

V
A

S 2\
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support
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metrics.

metrics.

metrics

metrics.
metrics.

metrics.

metrics

metrics.

Jiik

daccuracy_score

auc

.average_precision_score

balanced_accuracy_score
brier_score_loss

classification_report

.cohen_kappa_score

confusion_matrix

iR
Accuracy classification score.
Compute Area Under the Curve (AUC) using the trapezoidal rule
Compute average precision (AP) from prediction scores
Compute the balanced accuracy
Compute the Brier score.
Build a text report showing the main classification metrics
Cohen’s kappa: a statistic that measures inter-annotator agreement.

Compute confusion matrix to evaluate the accuracy of a classification.

(F &)
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metrics.dcg_score Compute Discounted Cumulative Gain.
metrics.f1_score Compute the F1 score, also known as balanced F-score or F-measure
metrics.fbeta_score Compute the F-beta score
metrics.hamming_loss Compute the average Hamming loss.
metrics.hinge_loss Average hinge loss (non-regularized)
metrics.jaccard_score Jaccard similarity coefficient score
metrics.log_loss Log loss, aka logistic loss or cross-entropy loss.

metrics.matthews_corrcoef Compute the Matthews correlation coefficient (MCC)
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Jiik iR
metrics.multilabel_confusion_matrix Compute a confusion matrix for each class or sample
metrics.ndcg_score Compute Normalized Discounted Cumulative Gain.
metrics.precision_recall_curve Compute precision-recall pairs for different probability thresholds

metrics.precision_recall_fscore_support Compute precision, recall, F-measure and support for each class
metrics.precision_score Compute the precision
metrics.recall_score Compute the recall

Compute Area Under the Receiver Operating Characteristic

metrics.roc_auc_score Curve (ROC AUC) from prediction scores.

metrics.roc_curve Compute Receiver operating characteristic (ROC)
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o Jaccard &% (Jaccard Coefficient, JC)
a
0= o re (2)
. FM $5%% (Fowlkes and Mallows Index, FMI)
FMI = \/ . . 22
“Vatd a+ec (22)
. Rand 6%t (Rand Index, RI)
~ 2(a+d)
RI = R (23)

FIR=AEITE [0,1] XE], (EHERKEET

29 / 57



(>

REMETEGEHL &
WiRfEbR: B IERREERIHEN I C = {C1,Cy, ..., Cr}, EX:
o % C IR 2R
avg (C) = fel (‘2‘ = 19;0' dist (z;, ;) (24)
o % C WA A BRI i 2 -
diam (C) = | max dist (s, ;) (25)
. % C; 5 Cj B A A PR 2
din (C;, C;) = wiercni,iggrj}ecj dist (z;,z;) (26)
. BB C; 5 C; b SR B
deen (Ci, Cj) = dist (pi, 1) (27)
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k C; C;
DBI:lZmax(an( ) Tave( ”)) (28)
k i—1 JF# dcen (,Ufza ,u])
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« Dunn f6%{ (Dunn Index, DI) ZE[bLFEAFEICIE

- llélilélk 1?751 maxi<i<k diam (Cl)

DBI RUfE/NEETE, DIAERR, BUKERET
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metrics.adjusted_mutual_info_score Adjusted Mutual Information between two clusterings.

metrics.adjusted_rand_score Rand index adjusted for chance.
metrics.calinski_harabasz_score Compute the Calinski and Harabasz score.
metrics.davies_bouldin_score Computes the Davies-Bouldin score.
metrics.completeness_score Completeness metric of a cluster labeling given a ground truth.

metrics.cluster.contingency_matrix Build a contingency matrix describing the relationship between labels.

metrics.fowlkes_mallows_score Measure the similarity of two clusterings of a set of points.

(& &)
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https://scikit-learn.org/stable/modules/generated/sklearn.metrics.adjusted_mutual_info_score.html#sklearn.metrics.adjusted_mutual_info_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.adjusted_rand_score.html#sklearn.metrics.adjusted_rand_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.calinski_harabasz_score.html#sklearn.metrics.calinski_harabasz_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.davies_bouldin_score.html#sklearn.metrics.davies_bouldin_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.completeness_score.html#sklearn.metrics.completeness_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.cluster.contingency_matrix.html#sklearn.metrics.cluster.contingency_matrix
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.fowlkes_mallows_score.html#sklearn.metrics.fowlkes_mallows_score

SO R PEREPERY &
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Jiik iR

Compute the homogeneity and completeness and V-Measure

metrics.homogeneity_completeness_v_measure
scores at once.

metrics.homogeneity_score Homogeneity metric of a cluster labeling given a ground truth.
metrics.mutual_info_score Mutual Information between two clusterings.
metrics.normalized_mutual_info_score Normalized Mutual Information between two clusterings.
metrics.silhouette_score Compute the mean Silhouette Coefficient of all samples.
metrics.silhouette_samples Compute the Silhouette Coefficient for each sample.
metrics.v_measure_score V-measure cluster labeling given a ground truth.
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https://scikit-learn.org/stable/modules/generated/sklearn.metrics.homogeneity_completeness_v_measure.html#sklearn.metrics.homogeneity_completeness_v_measure
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.homogeneity_score.html#sklearn.metrics.homogeneity_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.mutual_info_score.html#sklearn.metrics.mutual_info_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.normalized_mutual_info_score.html#sklearn.metrics.normalized_mutual_info_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.silhouette_score.html#sklearn.metrics.silhouette_score
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.silhouette_samples.html#sklearn.metrics.silhouette_samples
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.v_measure_score.html#sklearn.metrics.v_measure_score
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TER LA SRR e, AT EEFEA MRS RIIAVIRG . N TIREXNERY, ROZMIIZRFEAR R ] e Hi&
M EEEAAR EE A, XA REEBEHAEAR M AR, 28T, H¥E SIS AS KA T
HOR e, 1RATRE ELUIIGEAR B B — SR S E T RITE R EREAS 2 BARRENER, X2 B0z utisE
o IXAMILRAEN A S HFNIG” (overfitting), 5 ILIE " HXHIZ“RIG” (underfitting), IXZFEX 2%
FEAR B — MM B AR 224

Price
Price
Price

Size Size Size

0o + 01 x Og + 012 + Ooz> 0y + 01z + 0922 + O32° + Oy
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R4 >

—MRI, MBS AT DI R IME NI R H PREREL AT LP yEECE AR R

§ 2\
\/

A\

ﬁv

w* = argminZL (yi, f (2, w)) + A2 (w) L,=|w|,= (Z n|wi|p> (30)
i i=1

Hrb, 3 Ly, f (x4, w)) NBUERREL, Q (w) AIEWTE, & WA ENAERE L1 ENeFR L2 BNk, 45 P {EAYAE
fb, 7Otk 2Bk, — D=4 LP VB R BB T

BOoo++

=1 O0<p<l1

L2 1E N2 385 AT A R A AR R E 2 R — A5 7R, L1 IENMENZ i8I =7 R & i) VF%“‘?HEWE%O
HIREBARHE A BRI S R, AR S AEEER SRR SV 2 A RHURHE, Rl @ AE A B 2 A HHRYE R AT
N, MERA S HNE,
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§ 2\

L1 &SI 2 4O A E Z A, BATTRT AT X B0k AR
R, A ERTR,

MEEFRTDIES, ROTRERRES L1 KIZZEAE

wy = 0 ALAHZS, HIT L1 RN RGRTECEZIRBIHY,
FIT LA R BERY 2 AT BRI IMRIRI S L1 S ATI 5 B2 AL
Thi Lk, Miifert 7 s,

37 | 57



12 IEN{k

L2 IR BRI SR, Bl AT DA RITE X80k R
R, A ERTR,

FEAETTRIZR S, RAJRENIE L2 [RIE5 iR R &L
RN K. N IEMMESEOBOR, 1851 a1 1 iR
b, SEL2 BEZ%R, flan: EUSEETIEs R, N
I RBORFPRIEZE Dy 0, Bl L2 BERIAHD. Bz, BFR
e m/ MU TCIET O S AR ST DS, AT DABRAg At
(BN s fal B DL MEBIRIAERR = e W51l ZREL
RS R FHYTTE,

¢ 2X\)

X

\/
A

7
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weight coefficient

=
=
S
S 2\
CXm)>
7

—— Alcohol
—— Malic acid
—— Ash
Alcalinity of ash
—— Magnesium
Total phenols
—— Flavanoids
Nonflavanoid phenols
—15- Proanthocyanins
Color intensity
—20 - | — Hue
10—° 1073 101 101 103 10° — (0D280/0D315 of diluted wines
C Proline

L rZRIENNE (CRIENSE N 1, BUNROR IENIsR EER)

39 / 57



WA 273K 5

EE, FRATA] DA L3RR 2 S 2R I AL IR Z AT I R A e e, vk, /A — XS (testing set)
KM ST A FAREARRHAIRE ST, A5 DA ERINIRZE  (testing error) TENIZACIRZERIIEAL,

wH, PAMREMIAREAR AR MR B S S Z Rl AR AR R, (BRF TR, MBS IZGRE LT,
RIAAE AR RBAEIZGREF B, RAEENZE R,

AMAFEAB BN T, NSRRI TR B TR,
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B A

Bh{L (hold-out) ERCREIESE D X WM ERFIES, Hb—PMEREENIIZGE S, H—MENIIAE T, Al
D=SUT, SNT =, £S5 LillZdEM)g, M TRFEENMRIRZE, FEZHIRERNETT,

DL 2R 5500, BE D 85 1000MEA, KrEN 7 9EE 700 AR S, FIEE 300 HAK T, H S HATIIZ
JG, WSRHERTE T BG 90 MEARTRIER, AAHMEFZETY (210/300)x100% = 70%, MHMNHEY, FERZEH
(90/300)x100% = 30%.

HEEFENE, 8/ ML Z R AR REFER M — 2, R RNEERR IR 5 | NN R 22 TN e84
A, BIANAE > RES 2/ DZELREEARRSEFILLBIETL, WRMRAE (sampling) B ERERFFEIRSERIXI 5
AR, TERBE AN LB RAE T IBE RN 73 BRAE (stratified sampling) o B—"AEZE, BMESEIZR /LR
MEARLAE, NERENAFX T R/HSECARBIING/EE, MEME, SRR LRSS RMSEZE, KFikk, SR
M HIEERIRG TSR EFE AR E R 5, EEHENEN, —RERASE TRV . EE TS S 5 ECEY
EHIENE HERTE SR, & WML RE KL 2/3 ~ 4/5 EEARH FilZR, FlmpeA HF sk,
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28 X Sk 0%

RYBUETL (cross validation) SeREHEE D X0h k MARMEBIE F ¥4, Bl D = Dy U D,yU...UDy,

D;ND; =a(i # j)o BIMTH D; AR ATRECRIFEIR MR —2E, BN D @il B2, K5, SR

k— 1 P TRIFERMENIIGE, R NI TRIENINAE, ZFERARE k g/ MIALE, MMAET k RIZRA
M, REZREIRYZIX k MIAZEREIE,

SHE RN, B8RS D 0N kDT RAGFEZSHRD T B NAREARI A FETEIARZER], kI
UEE S ZRENLE AR ER p IR, REHIIHEERZIX p IR kT3 XIRUESRATEIE, HIa0H WHYH 10 X 10
AESIRUE"

e ldas D B8 m PMEA, 5L k=m, NIRRT RZXRUEEARN—PFRB): BH—7% (Leave-One-Out) , B,
—IEAZRENEAR 5377 N2, RO A — Ml 753 1 H B XA A AR D 17— A, AR

Rl RIS TR PSR A D IR BORAARAEEL, IR B — TR B IPAS S5 ARSI el B2 S EdR AR LhiR
RIS, YR m DEAIRTHEOTH P RERXE A2,
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28 R uk:

b | b2 SR T Rl
[1] B K k& : https://scikit-learn.org/stable/modules/cross validation.html

All Data

Training data

Test data

| Fold1 | Fold2 | Fold3 | Fold4 | Folds |

Split1 | Fold1 || Fold2 | Fold3 | Fold4 | Fold5 |

Split2 | Fold1 || Fold2 | Fold3 | Folda | Fold5 |

Split3 | Fold1 | Fold2 | Fold3 || Fold4 | Fold5 |

Spiit4 | Fold1 || Fold2 | Fold3 | Fold4 | Fold5 |

Split5 ‘ Fold 1 H Fold 2 H Fold 3 H Fold 4 H Fold 5 ‘j

Finding Parameters

Final evaluation {

Test data

K #722 XA 5
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https://scikit-learn.org/stable/modules/cross_validation.html

28 gl

sklearn.model_selection.cross_validate(

estimator, X, y=None, groups=None, scoring=None, cv=None, n_jobs=None, verbose=0, fit_params=None,
pre_dispatch="'2*n_jobs', return_train_score=False, return_estimator=False, error_score=nan)

from sklearn import datasets

from sklearn import svm

from sklearn.model_selection import train_test_split
from sklearn.model_selection import cross_val_score
from sklearn.model_selection import ShuffleSplit

X, y = datasets.load_iris(return_X_y=True)

X_train, X_test, y_train, y_test = train_test_split(
X, vy, test_size=0.4, random_state=0)

clf = svm.SVC(kernel="linear', C=1).fit(
X_train, y_train)

clf.score(X_test, y_test)

it 0.9666666666666667

clf = svm.SVC(kernel="linear', C=1)
cross_val_score(clf, X, y, cv=h)

it array([0.96666667, 1.
67, 1. 1)

, 8.96666667, 0.966666

cv = ShuffleSplit(n_splits=b, test_size=08.3, random_
state=0)
cross_val_score(clf, X, y, cv=cv)

## array([0.97777778, 8.97777778, 1.
56, 1. 1)

, 8.95b555
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HURA

B tHIRFI A SRR UETR TR B T — 8RR IR, (Rl SERR PSR E ISR EREE D /], IXRRZ5IAN—
RIIZREAR A RS EAEHHRZ, TR GEARB R, HHHEEARE XK T,

HBhi% (bootstrapping) = —PNEUEGFHIMRIRTTR, CERELLAIRMEE (boostrap sampling) Wi, HAERZ m
MMERNEARSE D, TN EHAT R EBIEE Dr: FIRFEVIA D ke —MER, KBEEIUIA D1, RGEEZ
FEATREIFIGaEEESE D Y, (BEIZAEARTE FOCRHENI AT RERcR 2], XPMERBEEHIT m R2jE, BT TS
m MMERPEIEE Dy, X5k HBIRFERISE R,
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HURA

SR, D IR SE D R UINIL, TR — SRR B, AT DU —NET AR, REARTE m JCRRERA
RRPCREIIMER R (1 — %)m, MR 55

1\™ 1
lim (1 - —> =~ 0.368 (31)

m—0o0 m (S

RIIEIS B BIRAE, FHEEEESE D HAAE 36.8% HIRAR L BIERMELSIESE Dr b, TR2IBATAIHE Dr fEIgRE, €
D — Dr AIWEMASE ; 3X0F, SERRPPAGHYBRLS BB PP AL RO ER (A m DYIGREEAR, MMM E IR S 2/I2) 1/3 /Y
AR ZRE P HIRIREAR TR, IXFERYIMNAZE R, WAV EAIMETE (out-of-bag estimate) o

HBAESIRERVN, ELERE g/ MIAENIREG R, 280, BB EREERRSEE T BIRER 21, X
=oINEIHRE, Eit, EPaaEs ey, B a8 H—%,
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XS BIRRR T Segefd T Iz ERE, BAMEEIEHE e it BAIXER R, W2E-75 208 (bias-
variance decomposition) JEfEREF S FIAZ RN —MEZE T H, EiEX S BRI B RRHITIRE,

RIEEARIZGE L ASHEERIRATREARF, RMEXLEIZREERR B R — D0 fi. MAAEAR 2, 2 yp N« ESHEE
FHIPRIE, y o e ESENE (BrREHIIM S 1S yp #y) , f(e; D) AR D E¥ASEA f 1 o ERYRE
tHo DARIAESS B, 24> BT RN N -

f(z) = Ep[f(=; D) (32)
AL BRI ARG =N T ZE N
var(z) = Ep[(f(a; D) — f(x))?] (33)
M
e? = Ep[(yp - )] (34)
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RACIRZER] DL w72, 7772 50 2
E = bias*(x) + var(x) + & (35)

R bias?(x) = (F(m) — y) R T ¥ SIEIANHERIN G B RO RERE, HZIm TSI HEA S A,

772 var(e) = Ep[(f(a; D) — fla))?] ik T AR/ NSRRI ST S 80025 SRR RTAS (L, BIZIE T 3RS
e R T R

R e? = Ep|(yp — y)?] WIFRIA TR HIESS LAEAES EIEFTREARIR IR IZ IR ZER AR, BIZIE 722> A4
EYRIMERE

wZ=-77 Z o0 fEnii, IZAetERER - SIRIANRED ). BARRIFEME LU A SHES A BRI L RUUERY, 48 %S (E
55, N THBUSIrIIZerERE, FEMRER/D, WREwEotladdEs, BE7ZER/DN, BEEERIET LRI IETN,
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P 2R 75 22

—Mk, WZESTTERAEMRN, XMNWE-TTEZE

5% (bias-variance dilemma) o

AR, e BlaRE N A, JIGEIRRIE)
AR CAMES- S g AR R A, IR 2 3 STz E IR
R, MEINGREMRE, FasPlaaegmgss, il
2R G NE RISt b el N ey € s R P L

%,

FEilgsEE e )m, ¥IRGEE e R, g
PR BRI 2 S8 S A B2, &
IR B S0, E2RNRIEGF S22 T, PR
RAME,

Predictive classification error

e

€— — High bias Low bias - an
N <— — Low variance High variance - — >

Expected error (assessed on test samples)

x>

¢ 2X\)
157

\/
A

Dimension of input space
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LAY R4

BRI SBIBES B A G EAR LR BRSEEBANREELR R, o DRSdEETHERISERIE, fla:
IR RIAER, R 2K RRYBIES, RATESEEBEAIMNRECE, ST ENRESHHME, Hlan: BEPLRRAAR Y

P, TR

RETTR RN, B TR A B i R

W HRESEIUTIEE

- NLHZ: KFER

- JRRRL: PIREER, BEYIRRSE

o RERARIE: BERR, NrHRIES
o Witk SN, TPE SF
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FRRIA

Grid Search 2 — &ML, EIELHTEFEMANES
B, RO RREES B S, RIRIERIESRIIL

c c
B RN —HESE, X2 — N EEEERENT % % 5
H, WG m ANEEH, FMESBIERS n PR : : o
8, BAEELIN AR AR O (n™), 5 5| o o
c o o o c
S i o ©0O
Random Search W{# 751 Grid Search #EA—#, [X S S o
. ‘ _ Q Q.
AITEF Random Search S1E@ESEHIH & = RINBEN 1R E|l o o) o = O
FER, HEZREENBURTIRENEER R, SEZEN 5 5
B g e (1] important dimension important dimension
Grid search Random search

[1] Bergstra, James, and Yoshua Bengio. "Random search for hyper-parameter optimization." Journal of machine learning research 13.Feb
(2012): 281-305.
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FRRIA

sklearn.model_selection.GridSearchCV(
estimator, param_grid, scoring=None,
n_jobs=None, refit=True, cv=None,
verbose=0, pre_dispatch="'2*n_jobs',
error_score=nan,
return_train_score=False)

sklearn.model_selection.RandomizedSearchCV(
estimator, param_distributions,
n_iter=10, scoring=None, n_jobs=None,
refit=True, cv=None, verbose=0,
pre_dispatch="'2*n_jobs',
random_state=None, error_score=nan,
return_train_score=False)

2
(B>
(=<2
L Bi]
N = Sqiang H- S
estimator anlJr%%, ﬁ’ﬁ#%L\ score Jiik
Bf% A\ scoring
param_grid S IMEIR

param_distributions
scoring

Cv

refit

SRR T B 3R
F T PSR RERY 757X
A2 S HY ARG

A IR R LS8
B llZ
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FRRIA

from sklearn.datasets import load_iris
from sklearn.linear_model import LogisticRegression
from sklearn.model_selection import GridSearchCV

iris = datasets.load_iris()
parameters = {
'c': [8, 1, 2, 3, 4],
'penalty': ['12', '11']
}

1r = LogisticRegression(solver='saga', tol=1e-2, max
_iter=200, random_state=0)
clf = GridSearchCV(1lr, parameters).fit(
iris.data, iris.target)
(clf.best_params_, clf.best_score_)

# ({'C': 1, 'penalty': '12'}, 8.98060000000000001)

from scipy.stats import uniform

from sklearn.model_selection import RandomizedSearch
CV

distributions = {
'C': uniform(loc=8, scale=4),
'penalty': ['12', '11']

}

1r = LogisticRegression(solver='saga', tol=1e-2, max
_iter=20608, random_state=0)
clf = RandomizedSearchCV(1lr, distributions, random_s
tate=0).fit(

iris.data, iris.target)
(clf.best_params_, clf.best_score_)

# ({'C': 2.195254015789299, 'penalty': '11'}, 0.983000
06000000081)
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JA&ETE (Heuristic Algorithms) 2N T R ILEZ BRI

R s s e s . euristic Algorithms

RHE, — R EICEE 2T KEIZ NS5

IR, JBRAEEAT xR E X 1 —AN T E —— —— —

. PTIRY 5 . e . _ ﬁiﬁ_ﬁﬁﬁiﬁl :!'I:E_?i‘f‘:tﬁiﬁ _ EE%&;&:E,E _
ﬁéégﬂ*@mﬁq%:ﬁi, Eﬂ?ﬁfiﬁq%ﬁ (j:El l‘f‘ﬁiﬁﬂ‘ [E—IJ\ |J_:|‘ Simple Heuristic Algonthms‘ ‘Meta-Heurlstlc Algorlthms‘ Hyper-Heuristic Algorithms )
FIAES) 2RI 2 LA L — g — — — —
AATETHR, WEATTAR S R AR S R — s T Grody Agot HaEL
PATITT [ emez [ mmekeEs BT ROREN

Local Search Simulated Annealing BEEAEE
FERONIL T, RSB SERRITER, R ORIk imoTs o=
I‘Eﬂ@}\%%ﬁﬁﬁzI‘Fﬂﬁﬂ"ﬂﬁgﬁﬁﬁﬁﬁﬂmlﬁﬁﬁ@fﬂ Hill Climbing Genetic Algorithm B ERRE
BARII USSR RE RN, L AT e RS N [ s | |[ men
SR — N Al TR,
hFHEE | |
pso | e

[1] 7k X, & 4 2. (2005). A LI H 745 FHEKF B it
[2] B & & & https://leovan.me/cn/2019/04/heuristic-algorithms/

55 / 57


https://leovan.me/cn/2019/04/heuristic-algorithms/

UL e K L 4

Grid Search 1 Randomized Search F] PAIEEENE SIS
BEHIME, EHIEMNZEEASEERPIREBUS R, Fl6E
SRR Z IS EeS LS = —ix
PTG SE R TIE RS, B — RS RNV ESEL
1£ HFrRE_ BRI R H TH5S N — RIS EGE
£e, DIMHHRpLICIE A TRENL. AR, NIESTTIERIT
ft.. Sequential Model-Based Optimization (SMBO) /2
DU ib 5 BARRYRIE N, — RS MdEE:

1. 87 B RIES ]

2. TE X — > HIREEEUH T Uil

3. 7 HARPREHY Surrogate Model

4. BN — PEFE S BHIPMERTPEAS Surrogate
Model

5. FREPE T FIES IR A H T 3T Surrogate
Model

DUH-Hr A AR 32 22 X 73 2 AR 2L (Surrogate
Function) HYZS, Surrogate Model —f%#H Gaussian
Process, Random Forest i Tree Parzen Estimator (TPE)
IXJUAR, B WAIHEZRAS Spearmint, Hyperopt, SMAC, MOE,
BayesianOptimization, skopt &, ‘EATTHIAT LD FR:

Library Surrogate Function
Spearmit Gaussian Process
Hyperopt Tree Parzen Estimator (TPE)
SMAC Random Forest

A B a8 SR auto-sklearn, nni, autokeras,

adanet, autogluon, Auto-PyTorch,
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https://github.com/JasperSnoek/spearmint
https://github.com/hyperopt/hyperopt
https://github.com/automl/SMAC3
https://github.com/Yelp/MOE
https://github.com/fmfn/BayesianOptimization
https://github.com/scikit-optimize/scikit-optimize
https://github.com/automl/auto-sklearn
https://github.com/microsoft/nni
https://github.com/keras-team/autokeras
https://github.com/tensorflow/adanet
https://github.com/awslabs/autogluon
https://github.com/automl/Auto-PyTorch
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