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AN R (mean absolute error, MAE)

AR 57 EEIRZ  (mean absolute percentage error, MAPE)
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YIJTitRIA% (root-mean-square error, RMSE)
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\ n 1=1
1
/»:\i'::', ez%%d_;,fé ,H/Ji%%, e = gzizl €io



Jual Y ) et PR HE VA

R® FRNWEECZ EBIfE (TEZEHKMERIH) RS, —KRmE, R BK, RASEIERIUEEEY, HEME 05 100%

Z [E]22 5],
SSR=Y"(f(z:)—5)° SST=) (yi—7)°
1=1 1=1

SSR 1 <&
2 - _ = ,
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R* AR ERRERREL, CERE P RS TR R — DN SR AR, — N2 AriEREHE A Rl
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mlr3measures Heftt 1 [0 [A] @ RE PEALAH < 7 125

Jiik
bias()
ktau()
mae()
mape()
maxae()
maxse()
medae()

medse()

fiiih

Bias

Kendall’s tau

Mean Absolute Errors

Mean Absolute Percent Error
Max Absolute Error

Max Squared Error

Median Absolute Errors

Median Squared Error

Jiik
mse()
msle()
pbias()
rae()
rmse()
rmsle()

rrse()

fiik

Mean Squared Error

Mean Squared Log Error
Percent Bias

Relative Absolute Error

Root Mean Squared Error
Root Mean Squared Log Error

Root Relative Squared Error
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rse() Relative Squared Error
rsq() R Squared

sae()  Sum of Absolute Errors
snape() Symmetric Mean

Absolute Percent Error
srho() Spearman’s rho

sse()  Sum of Squared Errors
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HEWh, A %H F Score

HERRES, A BIZAT F Score BT 00 R MBI E BT EIR. 2R MIEUE H H AT — R W28 A8, filan wii

HHRZSZ= N, = RSB EARKREGSKETBAFESE, NT 0k, HEHWZE NN, BATRERIE N IE

FEAS (1) MTFEAR (0), FEATEN 79 KA = R 4 RARISOL, o5l BEiEH] (True Positive), BIRf (EAEATH

M8 T IEREA; fRIEF] (False Positive), BIREDUREARFNY 7 IEAEAR; EH&HI (True Negative), BIRFOUAEARTIN N 111

A R (False Negative), BIRFIEFAEARTINON 1 OEAR, X1 4 ®ARBIGEHL, AR AR —MEBERE M RR R
H .

TrRasHI I RER

HYFEN \ g (EEEA A
IEEEA HiEF (TP)  fEfl (FN)
A BRiEF (FP) Exf (TN)
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SY KPR PR 8,
MR 4 FAFRRIMEE R, 7] DUE R (Precision) &A% (Recall) U0 F:
. TP B TP

Precision = TP + FP Recall = TP + FN (10)
EFRRA A R END BT JERTE NS, — ™MEBKIFEE S — MER DN, ASHERRR N RGO, FAT— D EA i
A IEAEA ﬁjﬁl@ﬁﬁi?m/ A1 BN 0, ﬂlﬁ AT ERATTRVERRR N 100%, {BULBT G EZRATN 0; 82 TErE
FEARBRTN N IEAEA, WA BRI 100%, (HIEERHERBRARIR, [NV IEFEA SAEREE 0 HEF,
Nor2Ral, FAVEFSHE— R RIS 4 — PN EERL IR, [N TSE—DEE 0, WS
MH{ERTEME, NETiE2E, wRmNENFEIE, WEeTn3s, Rk, BT ENER RS TE T IEEARIIBERM
KREVNHATHEE, BAPBEREIE 0, W] DA ERZRE B R R L, @R P-R fHZ”,
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MEFA] DUE ik Cr 57221

AR Tz Cy 1 C5, U

IS BATTRI LA = C1 KT RHY 992

KRR RER. HXAT Cs 5FD 03 SIS ST

ResHIEREZRIC T Cy A 03

H

SRENZA I, AIEE

AT IR REH] 2 LR

I
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A BRATTIERE 1 3 A, HEMRT T A RERE, $d]

mz N B g A \”(Break—Even Point, BEP), [Ktans
St SRR Cy (BEP = 0.75) #1 C3 (BEP = 0.7) Xt

FE’J“%%& W Co X RLHY 32
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F Score

MHECT IR G B3, F Score Z2GE & T NN PEUTTEIR:

Fs 1+3\P

1 1 1 B
(7+%)

(1+8%)-P-R

HoAr, B e il R 2R 2 RIS A AE X B

e 4 B =1NJybRiER F1
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« %5 B> 10, NBMEZEE
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ROC

ROC (Receiver Operation Characteristic, xﬁ% LU
b)) #hzk, BEI/oeH IR TS Qzﬂl‘fﬁ
FARY, FSROINSE7 EREERE, ok EH T
. REHL, VS, TR OE T DU EIRIZ LAY
S, KL P-R #hZk, {H ROC HhZkAIREHy “ RER=R"
(False Positive Rate, FPR), 9 EHiEHIZ” (True
Positive Rate, TPR):

\I

\I

TP
TPR = 1
i TP + FN (13)
FP
FPR = 14
" TN + FP (14)
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ROC CURVE

| Xel

o o O
= o~ o
1 1 1

TRUE POSITIVE RATE

O
=3
.

0.0 -

PERFECT CLASSIFIER

C [ i ] [ [
0.0 0.2 o4 0.6 0.8 o)

FALSE POSITIVE RATE
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AUC

FEH TSR, 5 P-REMEEL, H—7FES g5
ROC ettt — 1o eyt 2 637, NellsE
BITEREIL TR, SN DF 280 ROC e kAR X,
MR A —R& Pt 5 I LSS . EIN AN SR —E B T
bbe, WEDy&BaYAHE 2 Lb#t ROC Hhzk MaymAs, Hl
AUC (Area Under ROC Curve),

N

1 n—1
AUC = B} Z (wz‘+1 — fL’z) (yz yi—|—1) (15)

1=1

.+~ AUC values Test quality
‘_.-"’ 0.9—1.0 Excellent
el 0.8—0.9 Very good
0.7—0.8 Good
ol 0.6—0.7 Satisfactory.
0.5-0.6 Unsatisfactory

15



o3l VEREPEAL

%57k Log Loss

1 n m

LoglLoss = — . ) > ) Yi,j10g (pi ;)
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mlr3measures feftk 1 73 AN ERE PEAGH AT A

Jiik
auc()
bbrier()
dor()
fbeta()
fdr()
fn()
fnr()

fomr()

ik

Area Under the ROC Curve
Binary Brier Score
Diagnostic Odds Ratio
F-beta Score

False Discovery Rate

False Negatives

False Negative Rate

False Omission Rate

SER
R
Jiik fiid
fp() False Positives
fpr() False Positive Rate
mcc() Matthews Correlation Coefficient
npv() Negative Predictive Value
ppv() precision()  Positive Predictive Value
prauc() Area Under the Precision-Recall Curve

tn() True Negatives

tnr() specificity() True Negative Rate
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Jiik
tp()
tpr() recall() sensitivity()
acc()

bacc()

ce()
logloss()

mauc_aunu() mauc_aunp() mauc_aulu() mauc_aulp()

mbrier()

ik

True Positives

True Positive Rate
Classification Accuracy
Balanced Accuracy
Classification Error
Log Loss

Multiclass AUC Scores

Multiclass Brier Score

@ 2X\)
/e VO
O
)
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RRMBEE R RBEME:
o« —RBRERLERGEN"ZZ AL (reference model) FHATELER, FROV“IPEP+ERR” (external index) .
o H—REBEERESERREGRMAFHETZZEA Froy“Nakfatn” (internal index) .

MNEAEE D = {xl, xz, L Zn), REBIERERGHEXT N C ={C1,Cy,...,C}, ZEHEBGHIIE DN
Cr={C7,C5,. } FI‘EFﬂﬂ, A5 XN RIS C e XTFEI’JJEMNEF?EO

BA TR RECN T, € X:
a=1SS|, S8 ={(zi,z;)|\i =Aj, A} = A},i < j}
b=|SD|, SD = {(zi,z;)|Xi = X\j, \} # X}, < j}
c=|DS|, DS ={(ziz;)|\i £ Ny A} = \yi < 5}
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AhEkfEbn
o Jaccard Z2%{ (Jaccard Coefficient, JC)

JC =

a+b+c
« FM f5%% (Fowlkes and Mallows Index, FMI)

FMI:\/ ¢ @
at+b a-tec

« Rand 152 (Rand Index, RI)

EREESTE [0,1) KIH), (EBARRET.
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(22)

(23)
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RARME R

WEkfEbR: = BERRERAVEN D C = {C1, Oy, ..

o 1% C PAEASIAI YL B 5 -

o 7% C PAFEASA] SR IZE i 1

-%%Ci%(]jz

SR (R H R

EPFA

7C/€}9 /ZJ_E'S(

dmin (Cza C]) —

1<:<j<|C|

min

miECi,ZBjECj

avg (C) = dist (z;, x ;)
cl(c]-1) 1<Z;<|C| :
diam (C') = max dist (z;, x;)

dist (z;, x )
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(24)

(25)

(26)
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BB Ci 5 C; A

dcen (Cu CJ) = dist (:u’w :U’J)

« DB 162% (Davies-Bouldin Index, DBI) 2

DBI = —

e Dunn 5% (DunnIndex, DI) ZELbiEPNAHIIEE

DI =

DBI HY{E#/Nekds, DIMHR, #oRekir,

S L R AH B
1 < . (avg (Ci) + avg (Cj))
IMax
k i—1 J7#t dcen (,uinuj)

min
1<<k

{

min
J7i

(

dmin (Cz 9 C])

maxi<;<j diam (C))

)j
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(27)

(28)

(29)

22



SRR EVEREPEAL

mlir3cluster Heft 7 EE 2K

A ERE PRI AR OGO VA -

Jii%
clust.db
clust.dunn
clust.ch

clust.silhouette

iR

Davies-Bouldin Cluster Separation
Dunn index

Calinski Harabasz Pseudo F-Statistic

Rousseeuw’s Silhouette Quality Index

il
clusterCrit
clusterCrit
clusterCrit

clusterCrit

9.Q
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R S 1T ”EI’JHT i, FeAr A BRI EAMBENS RIMAVIRYY . N VIREIX D HBY, MIZMIIZREAR R A RES- HIEH

TATE R EAA

HALEE, XA BEEIEE AR AR N S (AR A A, PR, =52 S aHEIIGEAR AT K 7 I

1;9%, RATRECAIIZREAR H B — 25 RS E TIE B R S B AT IE M, XS SBE2ERE ME, 1XAf
S AENL 2R ST HFRON IS (overfitting), 5 i ilE7HATHY 2 “RIUA " (underfitting), X2 AT I ZREARR—R% M

JRRIR 24T

Price

Price
Price

Size Size Size

9{] -+ 913? 90 —+ 91.’13‘ —+ 92:13‘2 Oy + 012 + 921’1?2 + HBJTE -+ 94374
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— MR, IE TSR] DAE i/ IME N TEIRY HARER R LP yuZ0E XA R

w” = a’rgminZL (i, £ (zi, w)) + AQ (w) Ly = [Jwllp = (2 ’wz'p) (30)

Hrh o > Ly, f (2, w)) NIREEL, Q (w) AENIE, & WA ENAES L1 (ENEA L2 (=N, R8s P {ERYZE L,
zeéﬁuﬁlﬁﬁz M, — D=0 LP e R ERW T :

BO®++

U<p <l p=1_U

L2 (ENfE 2 i 2B A EE R MRS 24 R —f g 7E, L1 BNk N2 @IS = =4 RESR o FAIEERNE Y 0 1Y
AR A 2R R E 24, R SRR RN AR ZIF 2 MHREMEE, SRl E B MARAERZE NI |,
R IR A SEHHMES
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L1 TSR 406 E 2 M, Bl TA] U ZE B X ek 2R,

A E T,

MEEIFRIDAE ), (e
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PLE A]BERY AR HT IZ LI
I, MR T FaiE,
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L2 &SI @D R RIS AL, FATTA] AR
N, WA ETR,

TEIETTZIR T, RAJREME L2 [BE-5 e U R e
BRI X K. A IENIMESEGEOR, 15T A HY S B ek R,
SEL2 B, filan: ENZEEE TR, NI ER
PR PEAE N 0, BT L2 BEHAIL,. Bz, Hingm/Me
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_10 -

weight coefficient

_15 -

_20 -

SNl (C 2L

AR

SIS 413y

9.Q

Alcohol

Malic acid

Ash

Alcalinity of ash
Magnesium

Total phenols
Flavanoids
Nonflavanoid phenols
Proanthocyanins
Color intensity

Hue

0D280/0D315 of diluted wines
Proline

oK)

CNE 28N B3, 8 NOR
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PHN A

B, TR OB ST MR 2 S B AL IR IS T A
SR S SRR A HHIBIEE 1, SRU5 DA S

HE, BT HRISENEA-

iR, NIk, FR1E
2 FHYMINIRZE  (testing error) 1ENTZACIRZEBIIEANL,

iSRAEMR, (H %

SRET

AT

g MFEARES N [F]

WL ARAEVIZRISAER

=, iR

MEAEAR R = AR5

ARG AEER 1, TS

FENFPREE T T SR B T

] — TN S

Wiz A RES IIZ

(testing set)
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A HH7E (hold-out) EREFKEIES D K WD HFRIRES, HP—1PREEENIINZGE S, H—MENAE T, B
D=SUT, SNT =, &8 LJIgdiEA)5, H T RMHEHMEIRE, EANZARERGTT,

DA 2SS M0, e D EE 1000 AR, BERI NES 700 BEARM S, FIHE 300 AR T, A S HATIIZ)E,
QNESRAEARE T A 90 ™MEARD KGR, ARAHMEMZRY (210/300)x100% = 70%, FHMHY, FHIEZRHN
(90/300) x 100% = 30%.

PRI, BIANAE o KA S5 A /D BARFFAEARIZRAILE BRI, QR MRAE (sampling) HYAERERFEURRAIN 531
2, MRS L BIRRAETT B HE IR 77 BRAE (stratified sampling), 5—"PMAEUE, BIMEZLEENIZR /TSR
EBE, XNEIREIAFEXI R SEARIIZ ML, MM, SEPHERESEREEER], B, BOE 8 A
FEIRE TS RIEEABIRRE AT 58, EEHE LAN, —IRERAAE TRBENLR >, B8 AT P 5 BCH I EE
HTRRYTH LSS, W WMIE R KL 2/3 ~ 4/5 FIREARRTIIZR, TR T M,

TR, Y15/ DA AR5 SR AT AR R SR A 10— 800, B AR RIS FES | ABI M IR 2T B 2

AR
\d
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R PN /\ » ’4‘“»

X EE{% (cross validation) ZoBEHESE D X708 kMR B /FRF5, Bl D = D; U DyU. .. UDy,
D;ND; =a(i # j)o BPFE D; AR A[ReRIFEFE 2HH—FNE, BIM D s nBExRFEEl Ala, S8XHE-1
NFEIFFEIENINGE, & NI FEENMNREE; XSRS k HillZs /MR, Mol T kIR0,
B ZIR B Y EIX kDS SR EE,

SRR, GRS D RSN kA TEABEESHUS TR, NS RRTIAKZER, k372 LRI
RS RROR S EL p Ik, BN p IR k4T X RIELSRAUEIE, I LA 10 10 47
TRIE”,

) -

SRS D 08 m MR, 54 k= m, NS XIIFEI—MEH]: B—% (Leave-One-Out), TR, H—ik
R REHUREARRISN 7 AR, BN AR5 773k, 7 EL B — I e R LR/ T — MREA, R B SBR
IR 5 ISR D YIS AR, DRI 64— BRI 45 B R, ELR 2 B FA AT,

Y15 m AR T B TTRE R M DA 2.
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F kTR https://scikit-learn.org/stable/modules/cross_validation.html

Split 1
Split 2
Split 3
Split 4

Split 5

\/
Al
,v

All Data

Training data

Test data

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

> Finding Parameters

Final evaluation =

K #7128 X fa g

Test data

33
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HURA

B L T SR IE TR T TR 7 — 5P RE A
RILEREARU T SRR,

HBhiA (bootstrapping) & — N ELEL
AT DN Bt 7 R A A B

FEAR
AT

RS D,

H

PILERACTEES

RHIEHESR Dy,

X Q BIRAEHY

4+ Ef

T,

O’A‘
@)

AT SERR PG RO AL P Y I ZREEEL D /)y, RARFIA—LE

B IR GAE AR RIsZ )N, ABTHRE %S SOKE 1

CEZELHIERAEE (boostrap sampling) N, BEEZT m D

TIRERTT =R,

= g

N O

= Dy

FHREENLM D mgki— AR, REFBUURA D, A5 ER Iz
<DF (IS IZAEAAE FOCRAERTT AT REGCR 2], IXTMIAEE

S AT m IRZ)E, %zﬂ]?}m :ZEU 015 m PR
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ﬁ H}J ‘22 &P

22X, DHE—EIHEARE DI 2R, s AR, TP — MRS TE, MEAEE m JCRAEARIRZE
1

APERFIERZE (1 — —)™, BUKBRIFE]:

™m

L

1\™ 1
lim (1 — —) = 2 0.368 (31)

mM— 00 m (&

RIEIE BBk, #IUGEdESE D T494 36.8% HIREAR HIITE mi‘@%@i Dr A, FBATA BHE Dr FfEIZRE:, &

D — Dr FEMRASS ; IX0E, SEERPEAS BURRAL 5 EREE PP BB BLER (S m D IZRAEA, RN E SRS &) 1/3 ik
VISR B AR T, IXARRIMIREE R, ARy B M T (Out -of-bag estimate).

HBNAERHRER N, LR ISR/ MARNREGH; 2Am, BHERE-AERNSIERAE T EEERN 2, XR
SINMETHmZE, Wi, EPREEEE e, B B2 I IE B A A —L,

35



P 225 22

XS BIRBR 7B

variance decomposition) EMEREY SIFEIAZMWERRN —MEZ T H, Bk

2gn TR RE, TAVERIERE 7 e 2 BAERXF R ERE, W22-77 2250 R (bias-
X2 S BIA R EE A pE TR R T IR

EETERRIIGRE LR AR TR R, B LEYIER B R — N, HIIRREA &, 2 yp N @ EEHRES

prid, y N e FESEIRE (BrIREHIIME A 15 yp # v), f(x; D) NlIZRE
155701, > FIRRIHAEE TN -

f(z) = Ep[f(x; D)]

{5 FAEAR BRI AR ZREE F= AR T 2N |

< D PGB f A o ERRUNN S

var(e) = Ep|(f(xz; D) — (‘13))2}

e’ =Ep|(yp — y)°]

o LA

O’A‘
@)

THY

(32)

(33)

(34)
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{22 )T 22 5

ARZER U mZE. Ti225 M Z M
E = bias*(x) + var(zx) + € (35)

i bias? (@) = (f(x) —y)” ER T ¥ EEHIEE TN S B8 RAR B RE, HZIE TS Sk S M SR,

75% var(z) = Ep [ (f(a; D) — f(a))?] B TR NGRS HI T SE002 SRR, B0 T RO
Y R IR,

7% &2 = Ep[(yp — y)?] WIFHE T8 M AIE S T2 S EEFREASI ISR 20 TR, BIZIE T 2% ) ) EiAk 5
E]/‘J X& Jgo

fmz=-77 200 i, AR 2SI RIARIEE ). BUERYFE MM DU A SIS AR S RUME R T LR IRE R, 47 ST
55, N T BUSHHIZALERE, TEERERVD, BBl addEm, HELTZERDN, BMEREEIE LR N,
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P 225 22

—MORUL, WZESTTZRA MR, XN E-TTZE 5

(bias-variance dilemma) .

xR, 23 alare I e, JIZREEERITEA

JE LA > s e s

FEE VIZREIE IR, > asfla RETT IR i 54, Wﬁﬁ%

= EA, W RZE SRR

HISBIREEE S ant 2, J7 =800 E SRR R,

il E s e)s, Z3ail G edbREE, JIZrEK
TEAR LRI = ST S as R ETEZMN, AR

PEE SR, FEE
e

JRRIRFECE S a2 T, WPREAZ

01

Predictive classification error

§ 2
Ky

&£ — — High bias Low bias p—
<~ — Low variance High variance - — 2

Expected error (assessed on test samples)

Dimension of input space

38






WL &

R ZBME S A G E A LR RS ECE NS RV ACERR =, A DIHEHEE TS EAHE, Flan: [0
JAFRRIRNEE, RN RARERESE,; HAESHCe NI RYECE, DTN ESBHIE, BIan: BEMLARAAR AT
2 ﬁ*ﬁ%% KA, i%i@&ﬂ%ﬁ+@mAﬁ

W HRES B TR

« NTHZ: AR

o RAIL: MR, FEVERS

o RAARIE: BERIR, NHEERSE
M-tk : SHERE, TPE 3
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\
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Grid Search @ — TR JMHE, EIATEFENAREZS
2, PR PTE R RERVESEEH S, RERIERUESERHIL

R A — BB, X — MR AR 77 1 S S
WMRE m NMESH, BNESEERZ n AlREE, ABA é é O ©
ZEZEHINEEZEZ O (n™), E E .I O 0O
- O O O -
Random Search FHY{# 77 Grid Search AR —2, XYl % e O °© ©
£ Random Search =AE@EZEHIAH & =5 [H] NN LR A & o o o g— O o
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DUH-HrEfe

Grid Search Fl Randomized Search F] PALEZEENEZISFEH
sifk, BEIENZBINEAZERFIRBUEE, FlgE==
RZ IS E = E], 1MLt =X _E—IRE PR &
RIHATIBER, B —PHERER & NESEAE HREE
ERIMIBER M AH T8 S F—IRINSEGEREE, DUIHHE
CIEH TRENL, BN, AESTRERIU. Sequential
Model Based Optlmlza’uon (SMBO) J& WH-Er it 58 2R

HZRIME I, — WS NdEE:

1. B RINES =]

2. & X1 BEARERE T P&

3. BN HARRENHY Surrogate Model

4. BN D IEPEES EHIPNER PG Surrogate Model
5. PREPF I M Z BRI A F T 358 Surrogate Model

§ 2
Ky

DU C AR A T RV X 0 2 AR R 28X (Surrogate
Function) HJZ5R, Surrogate Model —f{%H Gaussian
Process, Random Forest 1 Tree Parzen Estimator (TPE) X
JURR, B WHIHEZEAR Spearmint, Hyperopt, SMAC, MOE,
BayesianOptimization, skopt T, EATHIXS ELAT FER:

Library @ Surrogate Function
Spearmit Gaussian Process

Hyperopt Tree Parzen Estimator (TPE)
SMAC Random Forest

W B B aEdlas ¥ > A auto-sklearn, nni,

autokeras, adanet, autogluon, Auto-PyTorch,

43
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https://github.com/scikit-optimize/scikit-optimize
https://github.com/automl/auto-sklearn
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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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mlr3tuning § R EIRM JE@S BB TTIE. NEIATR H T &2 2 S LA HERRHY Pima 23ESEH
library(mlr3)

library(mlr3tuning)

task < tsk("pima")

task

— <TaskClassif> (768x9): Pima Indian Diabetes
- Target: diabetes

- Target classes: pos (positive class, 35%), neg (65%)
- Properties: twoclass

- Features (8):

dbl (8): age, glucose, insulin, mass, pedigree, pregnant, pressure, triceps
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BATMEH rpart FRRJORSRHE T X512 ARERTE S Y 1R,

\

library(mlr3learners)
learner < 1rn("classif.rpart")
learner$param_set

<ParamSet(10)>
id class lower upper nlevels default value
<char> <char> <num> <num>  <num> <list> <list>
1: cp ParamDbl 0 1 Inf 0.01 [NULL.
2: keep_model Paramlgl NA NA 2 FALSE [NULL:
3: maxcompete ParamInt 8 Inf Inf 4 [NULL]
b maxdepth ParamInt 1 30 30 30 [NULL]
5: maxsurrogate ParamInt 8 Inf Inf 5 [NULL ]
6: minbucket ParamInt 1 Inf Inf <NoDefault[8]> [NULL.
7: minsplit ParamInt 1 Inf Inf 20 [NULL]
8: surrogatestyle ParamInt 0 1 2 8 [NULL]
9: usesurrogate ParamInt 0 2 3 2 [NULL]
10: xval ParamInt 8 Inf Inf 10 0
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search_space < ps(
cp = p_dbl(lower = 0.001, upper = 0.1, default = 0.81),
minsplit = p_int(lower = 1, upper = 18, default = 5)

)

search_space

<ParamSet(2)>
id class lower upper nlevels default value

<char> <char> <num> <num> <num> <list> <list>
1: cp ParamDbl 6.061 8.1 Inf 8.61 [NULL]
2: minsplit ParamInt 1.600 10.0 10 5 [NULL]

§ 2\ o
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resampling < rsmp("holdout")
measures < msr("classif.ce")

w)o, BATHFEAE terminator IR — ME LN, BT HAYHEEST terminator A :

) -

e clock_time: TEFEEM [HJG1F 1L,

e evals: TEFREIRUIREUGIE L,

e perf_reached: TEIRZE|—MEEERETEING I L,
o stagnation: TEUEREfEFRNEEREAGIEL,

terminator < trm("evals", n_evals = 20)
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BAMER t1() BRBHIE—DEICER, IFPESLBIEIR I A &,

instance < ti(
task = task,
learner = learner,
resampling = resampling,
measures = measures,
search_space = search_space,
terminator = terminator

instance

— <TuningInstanceBatchSingleCrit>

§ 2\

- State: Not optimized
- Objective: <0bjectiveluningBatch>
- Search Space:
id class lower upper nlevels

<char> <char> <num> <num>  <num>
1: cp ParamDbl 6.6681 0.1 Inf
2: minsplit ParamInt 1.000 10.0 10
- Terminator: <TerminatorEvals> (n_evals=28, k=0)
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FEH RO %%ZZFJU BATFEFRE — tuner XML BDNEIEPITIIREW B
tWRBIE, F5 R HBY tuner B

o HH tuner AR R/D—HEHEZSEL,

grid_search: f$EER : X [ T HHEBESEL, learner £ X task A FHIEHEHY resampling
random_search: [EN{HZR HITPIE. PrEPITHIZE R ELE instance H,
gensa: | SR K o terminator FZEHiE ST IR RN Z5
nloptr: JEZMEILIL o ARHENLIN RN B AT 1 BEFEIR A E FE 2K

o JEIL $result_learner_param_vals A] DIAREEZLHYESEL,
tuner < tnr("grid_search", resolution = 5) L $result_y FREUN B A1 REFERR,

TIHRTAL, A TRIEPSHE @ T as R A]

tuner$optimize(instance)
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tuner$optimize(instance)

cp minsplit learner_param_vals
<num> <int> <list>
1: 6.8585 6

instance$result_learner_param_vals

$xval

[1] ©

$cp
[1] 6.8585

$minsplit
[1] 6

X_domain classif.ce
<list> <num>

<list[3]> <list[2]> 0.2734375

instance$result_y

classif.ce
0.2734375
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task < tsk("pima")
learner < 1rn("classif.rpart")

learner$param_set$values < instance$result_learner_param_vals
learner$train(task)

Y ZRar RN R] DA i M aR s, 7 B R 0 e ZEE o 5 Y i A AT 55 Fh B &, RO TRAIEIZE 2R Y
AR A B2 XS EGE, A XGRS R = e S TR RE,  WERAB AL SR 55 S St i BRI i
T, TEPUTERE BERA
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https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://leovan.me/

