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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 ENRR: fE2 BN GRS, RIgZEH H RS MRIZELZER R (BOLRR) HIERNDERE fo K
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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2. MIRFATIIZREE, YIZREE M DTHEE
{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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M
B T— M & M AMEAISHRSE T, FIFAEBREE, W— MEAGL TR AR 2 (1 _ %) , U
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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FEATLERAA

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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FEATLERAA

BEHLARPRIE 22 P R ER R R B o ) R i s s

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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sklearn.ensemble.RandomForestClassifier(
n_estimators=100, criterion="gini', max_depth=None, min_samples_split=2, min_samples_leaf=1,
min_weight_fraction_leaf=0.08, max_features='auto', max_leaf_nodes=None, min_impurity_decrease=0.0,
min_impurity_split=None, bootstrap=True, oob_score=False, n_jobs=None, random_state=None,
verbose=08, warm_start=False, class_weight=None, ccp_alpha=0.8, max_samples=None)

[1] 243 % : https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.RandomForestClassifierhtml
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FEATLERAA

from sklearn.datasets import load_wine

from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import classification_report

X, y = load_wine(return_X_y=True)

X_train, X_test, y_train, y_test = train_test_split(
X, vy, test_size=0.33, stratify=y, random_state=0)

clf = RandomForestClassifier(n_estimators=10).fit(
X_train, y_train)

clf.feature_importances_

# array([0.17406624, 0.83285294, 0.8148181 , 9.020788
78, 0.087581662,

i 8.89529591, 0.88942977, 8.88778304, ©.
. 8.17002258,
4 B.10530024, ©.14288429, 8.8717415 1)

(B>
(=<2
y_pred = clf.predict(X_test)
target_names = ['6', '1', '2']
classification_report(
y_test, y_pred, target_names=target_names)
# precision recall f1-score support
ig 0 8.91 1.00 8.95 20
ig 1 1.00 8.91 8.95 23
it 2 1.00 1.00 1.00 16
it
it accuracy 8.97 59
it macro avg 8.97 8.97 8.97 59
## weighted avg 8.97 8.97 8.97 59
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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 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
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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 =(Wm+1,1, Wmt1,25 - - s Wimt1,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

Algorithm 2 AdaBoost &%
Require: I 8E, FRETH M, JIGSRET
Ensure: AdaBoost /& hy (z)

1: procedure ApaBoost(, M, T)

2. Di(z) 1In
form=1to M do

T, sample from training set T" with weights

hm (Tsub)

€m 177 (hpn)

ife,, > 0.5 then

ERZARPEA AT M PNEE S a3 B R R S de

M
hs(z) = sign (Z aihm, (213)) (6)

AdaBoost HIEI R HR:

break
end if
10 11 L~ em
: O, 5 n -
-Dm —WUm hm
. Do exp (—mYhm (z))

L,
12: end for

M
13 hy(e) (Sl i (@)
14: return hy (z)
15: end procedure

w
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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

[1] 74152 & : http;//suanfazu.com/t/gbdt-die-dai-jue-ce-shu-ru-men-jiao-cheng/135
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GBM

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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MR FINERE AR 4 D AR YIRS 2IE GBM BRI
M5 R0

. p1: U E—FE, WD, SERZEKR>,
FRIERS Age = 15 — 1 = 14,

e poi 165 E =4, WYE/D, SEHE B A
A, RS Age = 15 + 1 = 16,

. p3: 245 N EEENAE, WY, A R] A A]
A, PR Age = 25 — 1 = 24,

e py: 265 22XETAERR R T, WYIEZ, SHEBINIT
[AlAE, RS Age = 25 + 1 = 26,
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Algorithm 3 GBM &%

Require: FIRE NI M, JJIGREHTRE T
Ensure: GBM &% hy (z)
1: procedure GBM(M,T)

10:
11:

Fi(z) Y. 4N
for m =1to M do
Tm Y — Fr ()
T (z,7m)
h. RegressinTree (Ty,)

Z?Ll TimMPm (T:)
Ei]\il hm(xi)2
F, (z) = Fp1 (2) + amb (2)
end for
hy(z) = Fu (z)
return by (x)

12: end procedure
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GBM

£ GBM HHM 2] T Shrinkage HYEAE, ﬁ%ﬂ&@“ﬁ?U\Iﬁﬁaﬁjﬁt—%ﬂﬁﬁﬁ%#Q?EfiﬂﬁﬁlﬁlEH‘XﬂR?ZQJT—jK
SRR, BITCER2EE—BWIE R, Hit, Shrinkage BARNHTER I —4E S, A H2ETRZE NSRBI,
PRI EA—#R oy, B

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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sklearn.ensemble.GradientBoostingClassifier(
loss='deviance', learning_rate=8.1, n_estimators=1060, subsample=1.0, criterion='friedman_mse',
min_samples_split=2, min_samples_leaf=1, min_weight_fraction_leaf=08.8, max_depth=3,
min_impurity_decrease=0.0, min_impurity_split=None, init=None, random_state=None, max_features=None,
verbose=0, max_leaf_nodes=None, warm_start=False, presort='deprecated', validation_fraction=0.1,
n_iter_no_change=None, tol=0.0001, ccp_alpha=08.8)

[1] £4& %) % : https://scikit-learn.org/stable/modules/generated/sklearn.ensemble.GradientBoostingClassifierhtml
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XGBoost &

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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XGBoost <02

xgboost. train(
params, dtrain, num_boost_round=18, evals=(), obj=None, feval=None, maximize=False,
early_stopping_rounds=None, evals_result=None, verbose_eval=True, xgb_model=None, callbacks=None)

xgboost.XGBClassifier(objective="binary:logistic', **kwargs)

[1] 243 % : https;//xgboost.readthedocs.io/en/latest/python/python _api.html
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XGBoost

import xgboost as xgb

from sklearn.datasets import load_iris
from sklearn.model_selection import train_test_split

d 2X\)
7

A
257

from sklearn.metrics import classification_report

target_names = [
'Setosa', 'Versicolour', 'Virginica']

classification_report(

X, y = load_iris(return_X_y=True) y_test, y_pred, target_names=target_names)
X_train, X_test, y_train, y_test = train_test_split(

X, y, stratify=y, random_state=42) # precision recall f1-score support
clf = xgh.XGBClassifier().fit(X_train, y_train) " Setosa 1.68 1.68 1.08 12
y_pred = clf.predict(X_test) ## Versicolour 0.86  08.92 0.89 13
clf.score(X_test, y_test) it Virginica 8.92 8.85 8.88 13

it accuracy 8.92 38
H#i 8.9210526315789473 #  macro avg 8.92  8.92 8.92 38
## weighted avg 8.92 8.92 8.92 38
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lightgbm.train(
params, train_set, num_boost_round=108, valid_sets=None, valid_names=None, fobj=None,feval=None,

init_model=None, feature_name='auto', categorical_feature='auto', early_stopping_rounds=None,
evals_result=None, verbose_eval=True, learning_rates=None, keep_training_booster=False, callbacks=None)

lightgbm.LGBMClassifier(
boosting_type='ghdt', num_leaves=31, max_depth=-1, learning_rate=0.1, n_estimators=160,
subsample_for_bin=20006008, objective=None, class_weight=None, min_split_gain=0.68, min_child_weight=0.601,
min_child_samples=20, subsample=1.8, subsample_freq=8, colsample_bytree=1.8, reg_alpha=0.0,reg_lambda=0.0,
random_state=None, n_jobs=-1, silent=True, importance_type='split', **kwargs)

[1] &% %)% : https:;/lightgbm.readthedocs.io/en/latest/Python-APl.html
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ightGBM
I.lg (o=a
import lightgbm as 1lgb from sklearn.metrics import classification_report
from sklearn.datasets import load_iris target_names = [
from sklearn.model_selection import train_test_split 'Setosa', 'Versicolour', 'Virginica']
o classification_report(
X, y = load_iris(return_X_y=True) y_test, y_pred, target_names=target_names)
X_train, X_test, y_train, y_test = train_test_split(
X, ¥, stratify=y, random_state=42) it precision recall f1-score support
clf = 1gb.LGBMClassifier(verbosity=-1).fit( i Setosa 1.9 1.00 1.00 12
X_train, y_train) ## Versicolour 8.75 8.92 8.83 13
y_pred - le.predict(X_test) Ei V1rglnlca 8.90 8.69 8.78 13
clf.score(X_test, y_test) H accuracy 6.87 38
it macro avg 0.88 8.87 8.87 38
## weighted avg 0.88 8.87 8.87 38

i 0.8421052631578947
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catboost.train(
pool=None, params=None, dtrain=None, logging_level=None, verbose=None, iterations=None,
num_boost_round=None, evals=None, eval_set=None, plot=None, verbose_eval=None, metric_period=None,
early_stopping_rounds=None, save_snapshot=None, snapshot_file=None, snapshot_interval=None, init_model=None)

catboost.CatBoostClassifier(
iterations=None, learning_rate=None, depth=None, 12_leaf_reg=None, model_size_reg=None,
rsm=None, loss_function=None, border_count=None, feature_border_type=None, per_float_feature_quantization=None,
input_borders=None, output_borders=None, fold_permutation_block=None, od_pval=None, od_wait=None,
od_type=None, nan_mode=None, counter_calc_method=None, leaf_estimation_iterations=None,
leaf_estimation_method=None, thread_count=None, random_seed=None, use_best_model=None, verbose=None,
logging_level=None, metric_period=None, ctr_leaf_count_limit=None, store_all_simple_ctr=None,
max_ctr_complexity=None, has_time=None, allow_const_label=None, classes_count=None, class_weights=None,
one_hot_max_size=None, random_strength=None, name=None, ignored_features=None, train_dir=None, custom_loss=None,
custom_metric=None, eval_metric=None, bagging_temperature=None, save_snapshot=None, snapshot_file=None,
snapshot_interval=None, fold_len_multiplier=None, used_ram_limit=None, gpu_ram_part=None, ...)

[1] A4 %)% : https://catboost.ai/docs/concepts/python-reference catboostclassifierhtml
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(atBoost 50
from catboost import CatBoostClassifier from sklearn.metrics import classification_report
from sklearn.datasets import load_iris target_names = [
from sklearn.model_selection import train_test_split 'Setosa', 'Versicolour', 'Virginica']
o classification_report(
X, y = load_iris(return_X_y=True) y_test, y_pred, target_names=target_names)
X_train, X_test, y_train, y_test = train_test_split(
X, y, stratify=y, random_state=42) # precision recall f1-score support
clf = CatBoostClassifier(verbose=0).fit( Hit .Setosa 1.6 1.60 1.00 12
X_train, y_train) ## Versicolour 0.86 8.92 8.89 13
y_pred — le.predict(X_test) Ei V1rglnlca 8.92 8.85 0.88 13
clf.score(X_test, y_test) #H accuracy 0.92 38
it macro avg 8.92 8.92 8.92 38
## weighted avg 8.92 8.92 8.92 38

i 0.9210526315789473
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£ %% scikit-learn, XGBoost, LightGBM F1 CatBoost 4 At GBM FUERSZHN, R T & B BAE = 111
scikit-learn XGBoost LightGBM CatBoost

wimaAk 21 0.22.1 1.0.0 232 0.21

SCPliE S C, C++, Python C, C++ C, C++ C++

APIiES Python Python, R, Java, Scala, C++ and more Python, R Python, R

Bir S JPMML JPMML, ONNX ONNX CoreML, Python, C++, JSON

B A S A No Yes Yes Yes

GPU /%2 GPU No / No Yes / Yes Yes / No  Yes / Yes
[1] https://leovan.me/cn/2018/12/ensemble-learning/ ETH)

[2] #4812 2020 2 A1 8
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scikit-learn XGBoost LightGBM CatBoost
. GBDT (boosting: gbdt)
GBDT (]aoostgr. ghtree) Random Forest (boosting: Ordered
: Generalized Linear Model, ) _
Gradient GLM (booster: ebliner) rf) (boosting_type:
Boosting 23]  Boosted Tree D -8 DART (boosting: dart) Ordered)
ropout Additive : . . : _
(GBDT) R ) Gradient-based One-Side  Plain (bossting_type:
egression Tree, DART g : :
. ampling, GOSS Plain)
(booster: dart) . ©
(bossting: goss)
LS e Yes (grow_policy:
(Depth-wise) Yes d SLOW_pOUCY: No Yes
; epthwise)
Split
Leaf-wise No Yes (grow_policy: Yes No

(Best-first) Split

lossguide)

(B N&)
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Histogram-
based Split

OE el
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scikit-learn
No

Yes
(max_depth,

No

No

No

XGBoost

Yes (tree_method: hist /
gpu_hist)

Yes (max_depth,
max_leaves, gamma,

reg_alpha, reg_lamda, ...)
No
Yes

Yes (scale_pos_weight,
max_delta_step)

LightGBM
Yes

Yes (max_depth, num_leaves,
gamma, reg_alpha, reg_lamda,
drop_rate, ...)

Yes (categorical_feature)
Yes (use_missing)

Yes (scale_pos_weight,
poisson_max_delta_step)

CatBoost

Yes

Yes (max_depth,
reg_lambda, ...)

Yes (cat_features)

Yes

Yes
(scale_pos_weight)
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Stacking 32

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

T BUERIRHH 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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XN pRAWIESS, 2388 hi NGRS {c1,ca, ..., en} T —HR%E BATR by FEFEA x BRI R

AN N EAR (RY (x); h2 (x);. .., BN (x)), ER RS (x) T by ERTRRES ¢; LROKI,

o 0% ZBEREETE (Majority Voting)

M N M
. R’ (x) > 0.5 h*
H (X) — Cj Zzzl: i (X) kz:; ; 1 (X)
B4, HAIER
BIGNR — N ERURIFRICAREEEOE 2, WIS R, &5 e fiml,
o HEX ZE03% 5E1A (Plurality Voting)
H (%) = €y man, o2, 1)

RIFRNoN IS E R 2 H2RA (R EIRA 2 DN ARG R R = ZE, AR — 1

(11)

(12)
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o MIBUEZEETE  (Weighted Voting)
H (X) - Cargmaxj Zf\il wihg(x) (13)

;H\:EP, w; ﬁ?ggﬁ hl E/‘J*XE, E_ w; Z 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),

36 / 42



(>

V
/)

S 2\
7

A
157
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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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Stacking

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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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)

v

V
A

S 2\
7

A
157

Decision T KNN
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sklearn.ensemble.StackingClassifier(
estimators, final_estimator=None, cv=None, stack_method='auto', n_jobs=None, passthrough=False, verbose=0)

[1] A%k 3% : https:;/scikit-learn.org/stable/modules/generated/sklearn.ensemble.StackingClassifierhtml
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Stacking

from sklearn.datasets import load_iris

from sklearn.metrics import classification_report
from sklearn.ensemble import RandomForestClassifier
from sklearn.svm import LinearSVC

from sklearn.linear_model import LogisticRegression
from sklearn.preprocessing import StandardScaler
from sklearn.pipeline import make_pipeline

from sklearn.ensemble import StackingClassifier

X, y = load_iris(return_X_y=True)
X_train, X_test, y_train, y_test = train_test_split(
X, vy, stratify=y, random_state=42)
estimators = [
('rf', RandomForestClassifier(
n_estimators=18, random_state=42)),
('svr', make_pipeline(
StandardScaler(), LinearSVC(random_state=42)))]
clf = StackingClassifier(
estimators=estimators,
final_estimator=LogisticRegression())

9.9
111]
157

clf.fit(X_train, y_train).score(X_test, y_test)
# 0.947368421652631H

target_names = [

'Setosa', 'Versicolour', 'Virginica']
classification_report(

y_test, y_pred, target_names=target_names)

it precision recall f1-score support
it Setosa 1.00 1.00 1.00 12
## Versicolour 8.86 8.92 8.89 13
it Virginica 8.92 8.85 8.88 13
it

it accuracy 8.92 38
it macro avg 8.92 8.92 8.92 38
## weighted avg 8.92 8.92 8.92 38
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