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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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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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Bagging oS

Bagging /2 FH Breiman T 1996 “E42H 1, FABMEU K Algorithrr% 1 Bagging Bk | |
Require: 7B IA L, FHREDE M, JIZBHRE T

1. TR AR A MRS P B n DA ARAH AR Ensure: Bagging HiA hy (z)
| 1: procedure BaceiNne(L, M, T)
N SR - 2. form=1to M do
2 FRIIEASE, VRS M ATBIE (b, oy hard S O O e from training set T
° 4 hm < L (Ty)
3. X Tor2Rald, RHRENTTA, SRR R 5:  end for
KA L2 TR, SR B 4 7 1 6:  hy(z) < argmax,cy >, hi ()
EFITIE., 7. return hy (z)
8: end procedure

1. Breiman, Leo. “Bagging predictors.” Machine learning 24.2 (1996): 123-140.



’A“

)

O X
P

Bagging G

M
B R T M S M AEAIEGRSE T, FIF EBIRAE, T —AMREA SR BT R (1 _ %) R
, 1\ 1
wh_}rglo (1 — M) =R 0.368 (1)

RS2 2 TIZREET 63.2% BYEHREE, FlRAY 36.8% BYIIZREAEARR] AR ES UESR X T S 2 B2 (L RE JT 13
TEAMET (out-of-bag estimate).
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FEHIARM (Random Forests) ! & —HCALRTRM ALY S 251 Bagging 2T S E %k, FENLIARRIE R A

BiER A

ﬁﬁ]*ﬁlﬂ Bagging ISR, FINIARMEIAER A REIRRAE, NTEWIIGRE T, #E—"1D 15 Top RAVIGHER
%o KTJH:Z% BNGRRAIFE T B0 d, BRDUERE K (k < d) THEREN, Rt FETIERMAEEERENS A EIAE AL
g1k, EESIN T RIEILE), N TFRIERNEFE T, HEFE b = log, do
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1. Breiman, Leo. “Random forests.” Machine learning 45.1 (2001): 5-32.
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171,

1. Fernandez-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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library(mlr3)
library(mlr3learners)

task_wine < mlr_tasks$get("wine"
train_set_ids < sample(
task_wine$nrow, 0.8 * task_wine$nrow)
test_set_ids < setdiff(
seq_len(task_wine$nrow), train_set_ids)

learner < 1rn("classif.ranger")
learner$train(task_wine, row_ids = train_set_ids)

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

pred$confusion
truth
response 1 2 3
112 0 0
2 014 0
3 6 0616

pred$score(msr("classif.acc"))

classif.acc
1
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Boosting j& —Me 71K, A LR SSHYZZ S FIRE T (boost) AN5RAYEESRIR, HAAREEUIT:

1. MAHAIE IS AR BRI SRS 2 — D EAE S 88

2. TR AR S AR IR T RUREARRURNER, IR E 1R 0 RAUFEARAE N —Fe il Zrrh ] IS 238 KRRV, AR S HIAE
RNGIFE] N — P22 S 4

3. BEE FIdPIR, HEIRMH M DN 48,

4. 05T 2Rne, RAAENENIETG MR-, SRAIPCE 2N E,
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Ok
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Adaboost ! /2 Boosting FiAH R EARMER—1, [HIGH) Adaboost BIAH TR 32K, KA F—MIIZRE:

T = {($17y1)7($27y2)7”°7(xnayn)} (2)

HHl xz, c Y CR", y, €)Y = {—1, —|—1}, ERwilciiallER 8 E:

) —

Dy =(wi1, w1, ..., Wiy)

1 (3)
wy; =—,1=1,2,...,n

n

WA —FNZRERIINE D, NINGRBIEEA TSR] T,,, HRIE Ty, °] DS 2EIE—FERYRT S48 hneo

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. 3
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W5
Wm+1,5 = €xXp (_amyihm (332))
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Adaboost
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IRZRIEMER) M NS AR RIRAENF S es Algorithm 1 Adaboost %
Require: Z>]RJi%5 L, FEBEINE M, JIIZEGEE T
M 3
. Ensure: AdaBoost 2% hy (z)
hy (z) = sign (Z iftm (x)) (6) 1: procedure ApaBoost(L, M, T)
m=1 2. D (z) < 1/n
AdaBoost ELILI RN R R % form=1ltoMdo N o

4: Tsup < sample from training set T' with weights
5: hm — L (Tsub)

6: em < Error (hny)

7: if e,,, > 0.5 then

8: break

9: end if

1. 1—¢,
10: o, < —In
€Em
Dm —Um hm
. Doy exp (—amyhm (z))
Lm

12: end for
13 h;(z) < sign (z;‘f:l aihm (:13))
14: return hy(x)

15: end procedure
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GBM (Gradient Boosting Machine) /&% —#12&T Boosting BRI E TR, GBM MEAHRZH ML, Hilun:
GBDT, GBRT, MARTZ%, GBM HixkH 3 MFEZEMEEM K : Gradient Boosting (GB), Regression Decision Tree (DT
8¢ RT) #1 Shrinkage,

JIb
“i
d/
\I\l

M GBM IR Z ARl AE Y, GBM H s RV RS T AEFRAT T S, T R YA, ISP 32 5 F 1A B
WA s A R R EGE, BlanRS (ATDUNAE, BHECNRNSE) . [RIVAH 32 22 H* HEHHFJF”’F OV BUERL R EE,  Ban v
HIPTAS, SRR AT DA+ — 28 mel, T EUIp il iy 80 R, @i 1 s — 1 EERT AT PR BUE R Ay T &5
SR 2 — 7 2K A AR L, Eﬂy {—1,+1}

Y

Uy
=

X T Gradient Boosting M5, EJt, Boosting JF1/& Adaboost HHY Boost HIMt%, A2 Random Forest H1HYE

F. 1E Adaboost H, Boost e RN THTHVEE S A8, IRARIE E—0 522887 bdﬁﬂﬂi}”ﬂf%iﬁﬁf\EF’JWE%,

(EFAE_E—42F 0 SRR IR IR AT AL ORT Y 227 S as i BE AL, GBM FRTERN. FH Boost MEa i, &—40pr i HRYEHES

AT EME, A EEARINE, MeEs ekt r AHNEAREMME, Bl E—%1t %T AR ZE
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(14, 16, 24, 26)

15
(14, 16)

HtY ERETE] = 1.1h

HiY EWAYE < 1.1h

14
(14)

16
(16)

http://suanfazu.com/t/gbdt-die-dai-jue-ce-shu-ru-men-jiao-cheng/135

o Al

w‘,ﬁﬁ > 2000

Aﬁzz}ﬁ%%o ﬁﬁ 4 /I\A P = {p17p27p37p4}, ﬂij‘{\]XiI‘MEQ/E

EH8 R 14, 16, 24, 26

TR AL 33

25
(24, 26)

% = £

26
(26)
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’71
GBM L:
R

A GBM lIgrf5 28, mTEgE=E/D, EHREEMNEZI SN T ARZN 21, BIWIRERAN 1 & T
IS 2IRE R AN E PR

20 0
(14, 16, 24, 26) (-1,1,-1,1)
A1Y5H % < 2000 / \!ii’ﬂi‘ﬁ'% = 2000 ééﬁ?ﬂ%u%q%l‘:i/ %ﬁéﬂ%ﬂ?@%
15 25 , p ‘ ' 1 \
(14, 16) (24, 26) (1, 1) (4, 1)

2= ri1=-1, r12=1 e = r13=-1, r14=1 S k ‘ J
5% 5% FEE: 121=0, 123=0 FRE: r22=0, r24=0

EMNZRE — IR, MAEREITRINME, RIETTREAIGHET p1, p FWRAHUTL, ps, py FEAHUER] 2 A, 18T
A Wfé.EJEEBfZM$Dﬁ(WJH’Jﬂu@ﬁ@%E AT AT 55— KRR R — {—1,1,-1,1}, KHAEYIZRE —PRMATISRE
H, A — BRI RRZEEATINE, &EZMTE ARERSEOEmTN, Rlf ,\ﬁﬁﬁﬁﬁﬁ%ﬁi’ﬁﬂ 0o
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N INZREEHRT 4 D AR A Zr15 211 GBM BTN Y

i Age =15 — 1 = 14,
16%7 i =F A4, WP/, SR HEE s R,

* P2

S Age = 15+ 1 = 16,
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Algorithm 1 GBM &%

Require: FHAINEC M, B HEE T
Ensure: GBM BiXA hy ()

1: procedure GBM(M,T)

22 Fi(z) « S, yi/N

33 form=1to M do

4: T < Y — Fyy ()

5: T < (z,7,)

6 hm, < RegressionTree (T,)

Zz’]\il TimMhm (T;)

Zz’]il hm(wi)z
Fp () = Fp-1 (x) + aphm, ()
. end for
10: hf (CE) = Fy (CB)
11: returnhy(z)
12: end procedure

7 Ay <

19



GBM

£ GBM W A2 | Shrinkage HYEAR, HEAKEAER] DIRAENES — 50N A= 2 SIS IR BN EE S 2 7 —3R o0
AR, BB &G E— RIS R, R, Shrinkage BAEINATERHI—5C22 3, AHIH 2Rk ZE gAY, A

rm =1y — sF, (2),0 < s < 1 (7)

AR, XHHY Shrinkage H1%7 3 BiAH Gradient Y20 K2 N AMHKRHIMER, Shrinkage 1% B/N—2r] DUk 0 & 2SS
MA; 1M Gradient PR KUIRIRE R/ DU malx i, WRIZE K XE 5 SRR,
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XGBoost

XGBoost i&H Chen ¢ A T {2 HAY—Ffhih E R A RAEAUHAEZE, XGBoost I AEAE[F GBDT —#£, XNT—1HEE& n TME

AF m MHERVEEESR D = {(xi,v:)}, HF D] =n,x; e R™,y; € R, — PRI A] DU K NIRRT S
K
Gi = ¢ (xi) = Y fr(xi), fr € F (8)
k=1
Hop, F = {f(x) = wyp0} (¢: R™ — T,w € RT) HEIN (CART), g FRHRIOEEH, EoR— MEABUETE R

FEITH- - £, Tﬁﬁf?ﬁ R, A £, SOBRETR RS RN g FIRLEE N w HOR, TRIFTORssht, AEREIE T i 9
AN 08 T — NSRS, TR w; T8 ¢ AT A5,

d

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). -



XGBoost

library(mlr3)
library(mlr3learners)
library(xgboost)

task_wine < mlr_tasks$get("wine"
train_set_ids < sample(
task_wine$nrow, 8.8 * task_wine$nrow)
test_set_ids < setdiff(
seq_len(task_wine$nrow), train_set_ids)

learner < 1rn("classif.xgboost")
learner$train(task_wine, row_ids = train_set_ids)

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

pred$confusion

truth
response 1 2
112 1
2 0 14
3 0 0

NO O ©& W

pred$score(msr("classif.acc"))

classif.acc
0.9722222
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Stacking A< BHE—FEEAE S 3, AR —FEAI4 &
*Xzﬁ(zti

MNTEUERIRYHIE h; (x) € R,

o ] BT (Simple Averaging)

| M
=7 2 ilx (9)
1=1
o IR (Weighted Averaging)
M
H(x) =Y w;h;(x) (10)
i—1

HAh w; N¥3]2s h; HIRE,

g
Tm
S
IV
=
N
S
|
el
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Stacking &

NT 02 BIRESS, 4 hy NERIERG {c1, ¢, .., en} I — AR, FATPRE by EAEAR x ERIAINER H 2o —
NN 4EfAE (h) (X); h? (x);..., k) (x)), EHA R (x) 9 h; TERBURRRS ¢; LAYHIH,

o AN 22 BIL TR (Majority Voting)

M N
Hx)={ @ 2 M 522 he (11)
FE4E, HANIFM

BPAnAR— B PRICAS SRR, MIPINO ISR, & R A 7l

o THXTZ20% ZEIA (Plurality Voting)

H(x) =c (12)

argmax Zf\il h‘g(x)

RIFI A o 52 240

< i
R
=
L\

AN
e
Py
-
N
71
gl
=
iy
R
—>
L\

RIS MR B = S AL, W MR BEATLIZ B — 1,
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o MEXNFZEETE  (Weighted Voting)

f\i':', Ww; 79%2%% hz E@*XE%, H w; > O, E,f\il w; = 1o

PR 22 BAER S B T R AATIN, IXON RTAE PR EORBGE I S RS it 17— MREF IR, ARG S 55 2R AU 1l
235 RS U X BE RN 22 B SE AR A =R, TESKIMESSHh, ARERAIRYAE S ds rlRE - AN FERAIRY by () 1H, &
JU:NESK

o ZBHRiC, h]( ) € {0,1}, HH h; RFEAR x TN ZEAY ¢; WIHUE N 1, SNUEMEN 0, {5 HRASRICHYFREMZ N “ifiis
Z2” (Hard Voting),

o BMER, hf( ) € [0,1], HATHGFEHEER P (c; | x) B—"hTH, A
Voting),

ST RV ERFRZ N R " (Soft

\\/
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Stacking

/L‘

Stacking ! % 77 1A X ¥R N Stacked Generalization, s&—FiAL
T BEBIH SIS NETE, Stacking BIAHYEA E AR

—_—
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#ERF =) 5% 1

AR S BIEN [RAGRHE R TS, RINAR—
HTHIEESR PERFIEE 2

/

@ 2X\)
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ARIEMAIER A S BRI BE S, AR AE SRR

IRERF > 43

7SS R B 2 H

MRS s, Al USRI ] DU AN FIZRAY [A]
EER JﬂZﬂ&ﬁE’J%ﬂG‘E’%E’Jﬁﬁ%m, HAH W AZ 2T N R aa 20 IR )88 n
LRI N A&, Stacking BiATRIARUEIFI7R:
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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 1 Stacking &% 1: procedure STACKING(L, L', T)
Require: 2. /¥ LEX
NRKFIJEIE L= {L1, Ly, ... Ly} 3: fori=1to N do
IR EIR L 4: for m=1to M do
U”éﬁ‘ékﬁggg T = {(X17 y1)7 (X27 y2)7 sy (XN7 yN)} ok Zim < hm(xi)
Ensure: Stacking /% h; (z) 6: end for
1: procedure STACKING(L, L', T) 7 T+ T"U ((zi1, 2igy -+ +» Zid1 ), Yi)
2. form=1to M do 8: end for
3 ht < Ly, (T) 90  h' <+ L' (T
4: end for 10:  hy¢(x) < h'(h1(x),h2 (x),..., (X))
5 T+ o 11: return hy(x)
6: [/ & FX 12: end procedure
7: end procedure

28



Stacking

IR S e BT SR G2 W) RS- S s r= AR,

et L, K, —AREI 0]
{58 FH IS AR A SR = A IR 2 S s B I SRR AR

1R >] as I ZRER AL iR 97 S g I ZR2R,

1R LA
IPSES)
GESEHNES

PA k Arag X s n Bl WIGRIIIZRER T SBEALRI N k4

KAHIERER S T1, T, . .
M SRR ZRER, T M /\%JJQ&%Z %F&,

W) ARG T, Ay, SFIAE T,

o The X T; M T %‘%/Ta% 7 T

Hp 5] 8
R

ZIK Li, fg'éﬂ Zim — h%) (CBZ)O I}_\”J*EEFE L ﬁﬁFt
%%El"ﬁ}lléﬁ\ﬁézlﬁﬂ ((Zih ZiDg oo ZiM) yz)o B
RS e B NGRE T = {(24, y5) }v

fito

1. BB, PLE5F > B HREE, 2016.

IR >
LR M

IJII??(K?&%Z

Decision Tree KMNN
(Depth: 4) (K: 4)

Logistic Regression
(Multi Class: Multinomial)

m 0O m 0O m 0

A 1 a1 A 1

® 2 e 2 ) 2
o
{

\g\

svC Naive Bayes MLP

(Kernel: RBF) (Priors: None) (Hidden Layer Size: (4, 4))
] )] O 0 o 0
a 1 i- a 1 iﬂ a 1 i-
o 2 o 2 e 2 '

| i
O AR o0 AR
4 4 4

Stacking
(Meta Classifier: LR)

Random Forest
(#Tree: 4, Max Depth: 4)

Voting
(Method: Soft)

m O m 0
A 1 A 1
o 2 o 2

'J. ::::

.3

4
cfEkER
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Stacking S

library(mlr3) pred < learner$predict(
library(mlr3pipelines) task_wine, row_ids = test_set_ids)
pred$confusion
dst < 1rn("classif.rpart", predict_type = "prob")
svm < 1rn("classif.svm", predict_type = "prob") truth
glm < 1rn("classif.glmnet", predict_type = "prob") respons? 1; ? g
. T . ~ 2 014 0
dst_po < po("learner_cv", id = "DecisionTree", learner = dst)
svm_po < po("learner_cv", id = "SVM", learner = svm) 38069
union_po < po("featureunion", id = "FeatureUnion", innum = 2)
glm_po < po("learner", id = "GLM", learner = glm) pred$score(msr('classif.acc'))

classif.acc

stack < gunion(list(dst_po, svm_po)) %>>% union_po %>>% glm_po
g (list(dst_p po)) %> po %>>f% glm_p 8 9722979

stack_lrn < GraphlLearner$new(stack)
stack_lrn$train(task_wine, row_ids = train_set_ids)

30



SRR el

AEMRH \@G)@@\ 2R
R © Ji5% Leo Van



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/

