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fRotitlas 2 EE (Blan: R, ANTMmas, SCRfmEdl, Fh=IUMESE) 1 ERERE SR DRI 02K 8
RATRERVRFIIZRE A 70 IF, 852> (Ensemble Learning) F/AREABAERUE BT 2R asHE, MMEH—
PRI R B AR ER 2K 8%, BRAETE AT AN — T S 7 EN—AEE: = PREIE, FEIEE R, Thomas
G. Dietterich [/ 21 $6H 7 BAEIAAESL, HERZFR LA BUREA:

giit ERRR: — D2 RIEA] DI E —DMBa e R H eSS — N R, B2, HlgGrEArSdEs/ 2
NG PSRRI A S B AR, SRR R DRENMRZ W R S E AR 0 2ds. FrBL, A EIRERE — o2k
e AR = I —E R AN, IR IHORE 22 MBI SR AUk R AT PARRRIZE 5 TR 70 S i XU

[1] Dietterich, Thomas G. "Ensemble methods in machine learning." International workshop on multiple classifier systems. Springer,
Berlin, Heidelberg, 2000.
[2] Dietterich, Thomas G. "Ensemble learning." The handbook of brain theory and neural networks 2 (2002): 110-125.
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R ERRR: RS RIREHITRUAERNRA /T 5ER A RF R IRV RS, KIS T2 S Bk S RER 2 —
D EFERAMAIBIL, T A THEMSRIPRERM CAPIEINE— NP [ 2L, 828k al NS MEGE SO T
JEERIRER, NI AR R FS B AT XU

Fon EMER: 2B AT s, Rig2E H PEE—MRIZETTER R EOLRRTR) HIER 22K £,
e, T ARAVEREA, @I R] DA KBS R\, inaE S EIER] PHE— DR ReOr U R B IRy 3K
PR f RIS R AR RS — N ET R 2L f BT PUE,

[1] Laurent, Hyafil, and Ronald L. Rivest. "Constructing optimal binary decision trees is NP-complete." Information processing letters

5.1 (1976): 15-17.
[2] Blum, Avrim L., and Ronald L. Rivest. "Training a 3-node neural network is NP-complete." Neural Networks 5.1 (1992): 117-127.
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{h1,h2y...,har}o
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Algorithm 1 Bagging Hi%

Require: FIHE, FREDEH M, JIGEIESET
Ensure: Bagging &% hy (z)
1: procedure Baceing(, M, T)
2: form=1to M do
T,, bootstrap sample from training set T’

3
4 hoo (Th)

5. end for

6: hy(z) argmax,c SMhi (2)
7. return hy (z)

8: end procedure

[1] Breiman, Leo. "Bagging predictors." Machine learning 24.2 (1996): 123-140.
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Bagging SO

M
BN T —DNEE M MEARNEIEE T, FHBEBIREE, W—PMEERGETHER AR 2 (1 — %) , BB R
H:
M
lim (1 - %) - % ~ 0.368 (1)

RIEE2E S a2 TIZREEH 63.2% HIEHES, FIRAY 36.8% AUYIZREEREA ] DUHVEIRUEEE XN T~ 3] ds iz L RE
HATEAMET (out-of-bag estimate)
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BEHLARAK (Random Forests) 1 2 —Rh AP SR AR S 331 Bagging B2 S 5k, RENLARARBIR ORI EE IS 4D
N

o BUERAE

{EN—H Bagging FIEMETR, FEVIARMFEIFER-IARIEIRREE, NTERINGE T, Mrt—1758 T VISR
%, BRIt ZAh, BRIZRERFHME NN d, BIRIUESR: k (k < d) DMYRGRR, Fitt, BEYIRMACBELREW fEIREA L
ZAN, JCEIN T RAEILEN, X TRAERNERE L, HEEE b = log, do

o MIAYHEE

FRRIRIE RS 2 MV BHRRIRHAL, W IRR, ERRIWEE RS, RIERERAERZE2MAE TR, W
AT TR SR 2 A T e R I BEHLARA,

[1] Breiman, Leo. "Random forests." Machine learning 45.1 (2001): 5-32.
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1. FREVLRRARG I TRERUSIINRHESS), MR AR Eige 7 RARRIRTZLRE Y], RATREHLE S IS LS BRI
‘CHEM_[.LO

2. BENLARAAFT DA B = 4R,  JTeRe I TRAIEIZ S, (EUIZRIdAE A mT DAfS A R R AR Y B B R L

3. BENLARMRRIEE 55 0 K AR IR, TTAR R HBE S KM, RN K2 A HERBECR, BINRA
AT

[1] Ferndndez-Delgado, Manuel, et al. "Do we need hundreds of classifiers to solve real world classification problems?." The journal of
machine learning research 15.1 (2014): 3133-3181.
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set.seed(1) pred$confusion
library(mlr3)
library(mlr3learners) it truth
. L #t# response 1 2 3
task_wine < mlr_tasks$get('wine') i 114 8 0
train_set_ids < sample(
task_wine$nrow, 8.8 * task_wine$nrow) i 2 815 8
- o - #H# 3 86 06 7

test_set_ids <« setdiff(

seq_len(task_wine$nrow), train_set_ids)
pred$score(msr('classif.acc'))

learner < 1rn('classif.ranger')

learner$train(task_wine, row_ids = train_set_ids) ## classif.ace

pred < learner$predict( H 1

task_wine, row_ids = test_set_ids)
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Boosting

Boosting 72 — M EIE, AIDURESHIZ S RIRTETT (boost) MRS HIR, HEARBEMT:

1. MBI SRR RN RIS 2 — DA ST 35,

2. SRR SRR P HOREAR AN EE, SRR TR I SR UREARAE R — 4 I R m] DS 2 B KRR RTE, AMATAE S
HIREARIIZRIZ R R — LA S 88,

3. HE LA, HIMEH M M8,

4. X For2Rmd, RAAPERRE T X FREIEME, SR 2 Fl E,
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Adaboost

Adaboost 11 /2 Boosting BLIEF R BRI — 1, JRIART Adaboost i3 TR —

T = ($1,y1), (sz,yz), ceey (wn,yn)

Hirz, e Y CR", y; € Y={-1,+1}, ERABMLIIZRERE

D; =(w11, w12, . .., Wip)
1 .

wli :—,’L = ].,2,...,7?,
n

B

raX

\><]

(A
SER
R

grEmlE, AR — IR

(2)

RIEEF—SCINGFRRIINE Dy, NINGREBERHITHASE] T, HIRYE T, °I ISR 2RI ST 88 Ao

[1] Freund, Yoav, and Robert E. Schapire. "A desicion-theoretic generalization of on-line learning and an application to boosting."

European conference on computational learning theory. Springer, Berlin, Heidelberg, 1995.
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TR Al DS S8 by BNREN €, RIEERZ SRR ET RRHIZEY SIRERK S TR

_11 1—¢,
am—2n €Em

ST I ZR R AU

D1 =(Wms1,1, Wmt1.25 -+« Wit 1,n)
w .
Winils = Zm’l exp (—amyihm (z;))

m (5)

Ly = W, ; €XP (_amyihm (xz))
=1

n

HH Zy AREACAT, MWITERUE Doy H— MR,
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Adaboost

ERZARPEA AT M PNEE S a3 B R R S de

M
hf(x) = sign (Z aihm, (213))

AdaBoost HIEI R HR:

,A‘v o
X

N
\

Algorithm 2 AdaBoost &%

Require: I EX, FREMA M, JIGBES T
Ensure: AdaBoost /& hy (z)
1: procedure ApaBoost(, M, T)

2:

10:

11:

12:
13:
14:

w

Di(z) 1In
for m=1to M do

T, sample from training set T" with weights
hm (Tsub)
€m 177 (hpn)
if ¢,, > 0.5 then
break

end if

11 1—¢,
%m 2n €m

D, exp (—amyhm, (x))

end for

hy(@) (S aihn ()

return hy (z)

15: end procedure
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GBM (Gradient Boosting Machine) 2% —#%:T Boosting EAHAIEKE L, GBM MHRZHAMRINIE, Hilan:
GBDT, GBRT, MART%%, GBM HiEH 3 MFEM S : Gradient Boosting (GB) , Regression Decision Tree
(DT 8¢ RT) #1 Shrinkage,

I\ GBM 2 B4 AT AT H, GBM Hhfi R B SRR TR R I 50 b, TR GV, )3 3P T4 By
RS N FRIORE, BIARS (FTOURHE, Bl RS . [ 3 B AL i s o S (AR, Bl
SRR, 4RIV T AP T = 40 K0, % T RO A 5, SIS — AN BT DA S P A i
TS FWLGTE) ) KIERREE b, BT Y = {1, 41}

X T Gradient Boosting M5, HEJt, Boosting & Adaboost H1Y Boost HIMEE, 112 Random Forest H 4

F. 7E Adaboost 11, Boost EFETEA N NHTHIEE SIS, IRIRYE L —#0 R S 3 I 2R 8 1% B A RIFIFE,

fEIRLE_ L — 5 o R IR AU ARTE A BT Y R ST AR N B¢ B, GBM H{ER F Boost &I, &—4 P {H FHBVEEE

BREESEME, WEAEEFFEARNNE, MES—HEE r AAHNEIHBMME, Bl E—#IHEE N 7RE
(Residual) . HiR, Gradient BfTERT—HPEIREDIIEEE (Gradient) ENHTHIEYSIER,
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N EEE —MERTNERBIE GBM B TR, F1E 4 DA P = {p1,p2,p3,pa}, AT RIAJFE N
14,16,24,26, HH py,po AR E—FIE=FE, ps,pa RN ESVAEM TAEMFERIGR T, HHRSRRARAIE T
llZrn] LIS AN R RIS R -

20
(14, 16, 24, 26)

B13J5E % <2000 B1397H % = 2000

B L _EX
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A GBM JIgrfS 2R, mTEdEE/D, FHREENEZS ST PR RERZN 21D, BIIMEREERRN 1R,
IIERGEL NSNS

20
(14, 16, 24, 26)

B 1558 % <2000 B97HE = 2000

BHE: ri1=-1,r12=1 FRE: r13=-1,r14=1 FE: r21=0, r23=0 HE: r22=0, r24=0

FENZRE RIS, MAHFEREITE, RETHERISHET pr, pe FRME, ps, py FRADEHXI A, &
A EMH AP ESLFERIPMAYFERRIZEE, A PISEIE —RRrRE R = {-1,1, -1, 1}, KIAEIZRSE AR Ed
RErh, A RN AOSRZEENTIE, RETE ARERIIEHITN, BIREERITRZERN 0,
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X FYIgREERRY 4 D AR HYIZRF2E GBM BT Algorithm 3 GBM &%
NN ST Require: FIREI TN M, JIGEUESE T
Ensure: GBM &% hy (z)
- p1: UWEE—FA, WYY, ZH K>, 1: procedure GBM(M, T)
AR Age = 15 — 1 = 14, o Fi(z) N, yN
. poi 16FE=2A, TWIRYD, GRS Al 3 form=1toMdo
B, WIlER Age — 15+ 1= 16, A ()
e D3 245&@%‘51[&%0 Ij\'@%éﬁ%, é’%ﬁl‘ﬂﬂﬂfﬁl\ﬂ 6 h: Re,g:;ssinTree (Tm)
W, PR Age = 25 — 1 = 24, SN Fimbn (@)
e py: 262 TARRR R T, W%, SEWIM 7= Am SN o (1)
NN s " i=1"tm\Li
[AlAE, RS Age = 25 + 1 = 26, 8: Fo (z) = Fro1 (2) + amhom ()

9: end for
10:  hy(z) = Fiu (x)
11:  return hy(x)
12: end procedure
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R
f£ GBM Ht A2 T Shrinkage HYEAH, ﬁ%zﬁﬁafﬁjM@ﬁ#?‘ﬂﬁl*%ﬂﬁﬁﬁ%#3?'%'@”5’]@EW&??@JT*%
SRR, BILEZ2EE SR, Kit, Shrinkage BRI\ ATEFI—5F S, AFIHRERERE G,
SRR —#R sy, H:

Tm =y —8F, (2),0<s<1 (7)

FE, XHER Shrinkage %S B A Gradient A K IE M N AHKHIMER, Shrinkage 1% B /N—2 /] OB 9 &2 4
BMR; M Gradient PP KIMREE R NI RERI, MRIRED j(ﬂ/c‘r% SN 8
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XGBoost 203

XGBoost 1 Chen 2 A 1L #2 B —RibE EEHEA-RIBTUNEZE, XGBoost FIELAEAER] GBDT —Ff, W TF—MEE n
FEARRD m DMEHEREEESE D = {(xi,v:)}, HF|D| =n,x; € R, y; € R, —PEAMBERIRT LA K NINTE R Eim
Cnfan

K
gi=(x:) = fr(xi), fr € F (8)
k=1
Hept, F={f(x)=wyx} (¢: R™ = T,w e RT) NEFR (CART), g FoRGIRMHIZENT, FHRG— DMEARMEGSH 5
M7, T A9 R EE, B fo, SIRATN B —REEHGN g FIAEE D w IR, ANIETEREEA, AR U4
RN R EEE T —MNESNME, T w; FoR58 ¢ M1 /BRI 2ME,

[1] Chen, T., & Guestrin, C. (2016). XGBoost: A Scalable Tree Boosting System. In Proceedings of the 22Nd ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining (pp. 785-794).
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set.seed(1) pred$confusion

library(mlr3)

library(mlr3learners) ot truth

library(xgboost) # response 1 2 3

task_wine < mlr_tasks$get('wine') Ei ; 1; 13 g

train_set_ids < sample( it 39 1 7
task_wine$nrow, 8.8 * task_wine$nrow)

test_set_ids < setdiff( ,
seq_len(task_wine$nrow), train_set_ids) predyscore(msr(‘classif.acc'))

learner < 1rn('classif.xgboost') ## classif.ace
learner$train(task_wine, row_ids = train_set_ids) Bt 0.9166667

pred < learner$predict(
task_wine, row_ids = test_set_ids)
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Stacking 505

R
Stacking A5 — R S 1., RN —FBURZALA NG, TR JeNA— AR 6 BT A o0 T
FIRESEE,

X T BUETHIRLL by (x) € R,

o T (Simple Averaging)

H( = 25" h( (9
=1
o JIBCEETE (Weighted Averaging)
M
H(x) = ; wih; (x) (10)

;H\:':F', w; NS a8 h; E/‘J*XE, H w; > 0, Eg;l w; = 1,
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Stacking 505

WF SRS, 55158 h WEBIES {e1, 0, .., on} B MREE, BA IS by GREA x EATIISRH RN
AN N EAR (RY (x); h2 (x);. .., BN (x)), ER RS (x) T by ERTRRES ¢; LROKI,

o 0% ZBEREETE (Majority Voting)

M N M
Hi) = & ; hl (x) > 0.5 k; ; hE (x) 1)
1B, HABER
BIGNR — N ERURIFRICAREEEOE 2, WIS R, &5 e fiml,
o FEXTZE L ZETZ: (Plurality Voting)
H (%) = Corgma; 2, W) (12)

RPN IS 8RR 2 H2RAL (REIRG 2 D RARGHR R =28, WA RELZER — 1,
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A
YR

o MIBUEZEETE  (Weighted Voting)

H((x)=c (13)

argmax; Y M, w;h! (x)
;H\:EP, w; ﬁ?ggﬁ hl E/‘J*XE, H w; > 0, Zf\il w; = 1,

A ARG B T AR, IO A SRR N E TSR T — MRAFIIALE], (BAR T SESS ERBAE
TOUINEE SR AN U X RESZE FRAE N 22 B SETERFINAUIR SR TR, TESEPRESS Y, AFIZERE S 85 rTRE AR RIZRAE A ()
{H, HWHA:

e KPNE, R (x) € {0,1}, #F b BREAR x FIZEEY ¢; WIBUE N 1, EEMEA 0, KBS IE SRR 2 H

R (Hard Voting),
« KR, Bl (x) €10,1], HYTHNERMZR P (c; | x) —"Mbilt, (EHRRIMRIRENRZ Y K" (Soft

Voting),

26 / 32



(>

V
/)

\/
Al

¢ 2X\)

Stacking

Stacking 11 2] 771 X #5A Stacked Generalization, J&—
FREL T BRI SHYEE RS, Stacking FIAHYHA
AR :

RSP S5 1

L M@ EE S TR R aa Bam i 724>, [ARAE
TR EE SR,

2. M MR SRR AT B SR, AIRTIRCE
SRR RK . LN T o

HRTF )55 2

/

RERFIE >

EE 28

o

N

XNTRIGEES s, Al DUZAHFRISEAE AT DU A FRIZEAY, MRETE n
[F] ISR AR OB B SRR AR R, HAHRNM AR R N R 4R
BAREFRIEN A&, Stacking BIEAZNEIFIR:

[1] Wolpert, David H. "Stacked generalization." Neural networks 5.2 (1992): 241-259.
[2] Breiman, Leo. "Stacked regressions." Machine learning 24.1 (1996): 49-64.
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Algorithm 4 Stacking 8% 1: procedure STACKING(,’, T)
Require: 2. #IELENX
7‘)]2&?2%5% :{1727---M} 3: fori=1to N do
RRFINEE' 4: for m =1to M do
i}lléﬁ\é&?&%T: {(Xl,yl),(X2,y2),...,(XN,yN)} 9: Zim hm(Xi)
Ensure: Stacking &% hy (z) 6: end for
1: procedure STACKING(,', T T: T T ((zi1,2i2, - - - 2iM)> Yi)
2: form=1to M do 8: end for
3 h m(T) 9 h' '(T')
4 end for 10: hf (X) h' (hl (X), ho (X), oy hy (X))
5. T 11: return hy (x)
6: H#IETFX 12: end procedure
7: end procedure
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Stacking

URERPE S IR S8 B I ST AR PR ), AN SR
I )22 ST AR S5 8 R ST BRI e, )
S MR ek U, Rk, — R e i
SJH e I R AR SRR AR IR ST S SR A

DA & ST SRR R RIEARIII 54 T WEREHLII A &
MNKABEITES Ty, T, . . ., Tho 2 T; T T; FR5E
IR ERIZREE, WXNTF M ADIGRE SR, By
5158 hY) SRR T, A, X FIRE T, iy
AR 25, 135 2im = b (2:)o WARIE @; FFP=AE MY
ﬁ\é&??%%lﬁ’\ﬁ}ll%ﬁzlﬁﬂ ((Zil, ZiDq e e ,ziM), yi)o E%ég
R M ARS8 IS T = { (26, v:) MY,

WIkReRes )5,

S

[1] Bl &4k, A% 7. F 4 X% h R, 2016.

T

L
(Mul

tic R

ogistic
ti Clas

egression
s: Multinomial)

¢ 2X\)

Decision T KNN
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Stacking %03
R
set.seed(1) <INPUT>
library(tidyverse)
library(mlr3) /\
library(mlr3pipelines)

decision_tree svm

dst < 1rn('classif.rpart', predict_type = 'prob')

svm < 1rn('classif.svm', predict_type = 'prob')
glm < 1rn('classif.glmnet', predict_type = 'prob')

stack < gunion(list( feature_union
PipeOpLearnerCV$new(dst$clone(), id = 'decision_tr

ee'), *#
PipeOpLearnerCV$new(svm$clone(), id = 'svm'))) %>

o reneralized_linear_models
PipeOpFeatureUnion$new(2, id = 'feature_union') %>

> ‘¢
PipeOpLearner$new(glm$clone(), id = 'generalized_1

inear_models') <OUTPUT>

stack$plot()
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Stacking

stack_lrn < GraphLearner$new(stack) pred < learner$predict(
stack_lrn$train(task_wine, row_ids = train_set_ids) task_wine, row_ids = test_set_ids)
pred$confusion

#t INFO [17:15:12.086] [mlr3] Applying learner 'class

if.rpart' on task 'wine' (iter 1/3) it truth

# INFO [17:15:12.108] [mlr3] Applying learner 'class ## response 1 2 3

if.rpart' on task 'wine' (iter 2/3) it 114 2 0

# INFO [17:15:12.117] [m1r3] Applying learner 'class i 2 812 0

if.rpart' on task 'wine' (iter 3/3) i 38 1 7

# INFO [17:15:12.162] [m1r3] Applying learner 'class
if.svm' on task 'wine' (iter 1/3)

#t INFO [17:15:12.168] [mlr3] Applying learner 'class
if.svm' on task 'wine' (iter 2/3) ,
# INFO [17:15:12.174] [mlr3] Applying learner 'class ## classif.acc
if.svm' on task 'wine' (iter 3/3) o 8.9766667

pred$score(msr('classif.acc'))
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https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://leovan.me/

