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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

Bagging 52 H Breiman T 1996 fEf2H] 1, FHATARMR: Algorithm 1 Bagging 1%

Require: =3 HIE L, FEBINDE M, GBHEE T

1. BUOCRAAE R E M IIZRE P I n DNIIGEARAE R Ensure: Bagging H.{A hy (z)
| 1: procedure Baceine(L, M, T)
N SR - 2. form=1to M do
2. MR HIIZRER, k58] M DFEEL {hy, ho, ..., har} N T, « bootstrap sample from training set T
° 4 hm < L (Ty)
3. KT o2RIAld, RARERITIA, RS TERIRY K 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.
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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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1. Breiman, Leo. “Random forests.” Machine learning 45.1 (2001): 5-32.
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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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sklearn.ensemble.RandomForestClassifier(
n_estimators=108, *, criterion='gini', max_depth=None, min_samples_split=2, min_samples_leaf=1,
min_weight_fraction_leaf=0.0, max_features="'sqrt', max_leaf_nodes=None, min_impurity_decrease=0.0,
bootstrap=True, oob_score=False, n_jobs=None, random_state=None, verbose=8, warm_start=False,
class_weight=None, ccp_alpha=0.8, max_samples=None, monotonic_cst=None)

https://scikit-learn.org/stable/modules/tmp/sklearn.ensemble.RandomForestClassifier.html
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https://scikit-learn.org/stable/modules/tmp/sklearn.ensemble.RandomForestClassifier.html

AT A

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, v = load_wine(return_X_y=True)

X_train, X_test, y_train, y_test = train_test_split(
X, vy, test_size=8.33, stratify=y, random_state=0)

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

clf.feature_importances_

array([8.11645185, 8.8558824 , 0.08992838, 8.01734629,
9.06136737,

0.10081608, 0.16282158, 0.02180442, 0.82443086,
9.1153836

0.84905285, 0.11953973, B.14517459])

y_pred = clf.predict(X_test)
target_names = ['8', '1', '2']
classification_report(

y_test, y_pred, target_names=target_names)

precision recall f1-score support

0 8.91 1.00 8.95 20

1 1.00 8.91 8.95 23

2 1.00 1.00 1.00 16

accuracy 8.97 59
macro avg 0.9/ 0.9/ 6.97 59
weighted avg 0.9/ 0.9/ 0.97 59
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Boosting j& —Me 71K, A LR SSHYZZ S FIRE T (boost) AN5RAYEESRIR, HAAREEUIT:
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Adaboost

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. »
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W5
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Adaboost
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hy(z) = sign (

AdaBoost BIAIIREL NR:

1) M RS asis B 52X

M
Z z'hm

m=1

INESSErS
(fL‘))

(6)

Algorithm 1 AdaBoost Hi%

Require: =3 HIE L, FEBINDE M, GBHEE T
Ensure: AdaBoost 2% hy (z)
1: procedure ApaBoost(L, M, T)

2:

10:

11:

12:
13:
14:

form=1to M do

Tsup < sample from training set T' with weights
hm <~ L (Tsub)
em < Error (hny)
if e,,, > 0.5 then
break

end if

1. 1—¢,
o, — —In

€m

D,, exp (—anyhm, (x))
Zm,

Dm—l—l <

end for

hy(z) < sign (z;‘f:l aih, (:13))

return hy ()
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
(Residual), X, Gradient 2faE#H—HHERER/ VIR (Gradient) FENHHIEST S 28,
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GBM
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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)

1TlIERA] PAfS 2140
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GBM

A GBM ligrfs2I]) mTEuEE/), EHREE NS SHIN T I RRZ N 21T, IR ERAN 1)
IS 2IRE R AN E PR

\guu

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, MAEREITNME, RIETTREAGHET p1, p FWRAHUTL, ps, py FEAHUTHER] 2 WA, BT
A Fﬁﬁ?imﬁgﬂfiu’\ﬂl?ﬁ(ﬁ”H’Jﬂu@ﬁ@%E AT AT 55— BT R — {—1,1,-1,1}, KIHAEYIZRE —PRATISRE
H, A BRI RRZEEATINE, &ZMTE ARERSEOETN, Rlf ,\ﬁﬁﬁﬁﬁﬁ%ﬁi’ﬁﬂ 0,
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GBM

4+ E

SN

—H

e p1: MU E—FAE, WD, SF AR,

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,

e pyi QUM RIBELAE, W, SRR, Wl

* Pg-

gRUES

ik Age = 25 — 1 = 24,
: 265 2iE TARAT M T, W%, 25 #7052 A] [A]

i Age = 25 + 1 = 26,

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 <

20



£ 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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GBM

sklearn.ensemble.GradientBoostingClassifier(
*, loss='log_loss', learning_rate=0.1, n_estimators=108, subsample=1.0, criterion='friedman_mse',
min_samples_split=2, min_samples_leaf=1, min_weight_fraction_leaf=0.08, max_depth=3,
min_impurity_decrease=0.0, init=None, random_state=None,max_features=None, verbose=0, max_leaf_nodes=None,
warm_start=False, validation_fraction=0.1, n_iter_no_change=None, t0l=0.00881, ccp_alpha=0.08)

https://scikit-learn.org/stable/modules/tmp/sklearn.ensemble.GradientBoostingClassifier.html

22


https://scikit-learn.org/stable/modules/tmp/sklearn.ensemble.GradientBoostingClassifier.html

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

xghoost.train(
params, dtrain, num_boost_round=18, *, evals=None, obj=None, maximize=None, early_stopping_rounds=None,
evals_result=None, verbose_eval=True, xgb_model=None, callbacks=None, custom_metric=None)

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

https://xgboost.readthedocs.io/en/stable/python/python_api.ntml

24


https://xgboost.readthedocs.io/en/stable/python/python_api.html

XGBoost

import xgboost as xgb

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

X, v = load_iris(return_X_y=True)
X_train, X_test, y_train, y_test = train_test_split(
X, vy, stratify=y, random_state=42)

clf = xgb.XGBClassifier().fit(X_train, y_train)
y_pred = clf.predict(X_test)

clf.score(X_test, y_test)
0.9210526315789473

from sklearn.metrics import classification_report
target_names = ['Setosa', 'Versicolour', 'Virginica'l]

classification_report(
y_test, y_pred, target_names=target_names)

precision recall f1-score support

Setosa 1.00 1.00 1.00 12
Versicolour 0.36 8.92 0.39 13
Virginica 0.92 0.35 0.38 13
accuracy 8.92 38
macro avg 0.92 0.92 8.92 38
weighted avg 0.92 0.92 0.92 38

25



LightGBM

lightgbm.train(
params, train_set, num_boost_round=160, valid_sets=None, valid_names=None, feval=None, init_model=None,
keep_training_booster=False, callbacks=None)

lightgbm.LGBMClassifier(
*, boosting_type='gbdt', num_leaves=31, max_depth=-1, learning_rate=8.1, n_estimators=100,
subsample_for_bin=200000, objective=None, class_weight=None, min_split_gain=0.0, min_child_weight=0.601,
min_child_samples=20, subsample=1.8, subsample_freq=6, colsample_bytree=1.06, reg_alpha=0.0,
reg_lambda=0.0, random_state=None, n_jobs=None, importance_type='split', **kwargs)

https://lightgbm.readthedocs.io/en/stable/Python-APl.html

26


https://lightgbm.readthedocs.io/en/stable/Python-API.html

LightGBM

import lightgbm as lgb

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

X, v = load_iris(return_X_y=True)
X_train, X_test, y_train, y_test = train_test_split(
X, vy, stratify=y, random_state=42)

clf = lgb.LGBMClassifier(verbosity=-1).fit(
X_train, y_train)
y_pred = clf.predict(X_test)

clf.score(X_test, y_test)

0.84210526315738947

from sklearn.metrics import classification_report

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

classification_report(

y_test, y_pred, target_names=target_names)

precision

Setosa 1.00

Versicolour B.75

Virginica 8.90
accuracy

macro avg 0.38

weighted avg 0.83

recall f1-score support

1.00
8.92
0.69

0.87
0.87

1.00
0.83
0.78

0.87
0.87
0.87

12
13
13

38
38
38
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CatBoost &

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, ...)

https://catboost.ai/docs/en/concepts/python-reference catboostclassifier
28
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CatBoost

from catboost import CatBoostClassifier

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

X, v = load_iris(return_X_y=True)
X_train, X_test, y_train, y_test = train_test_split(
X, vy, stratify=y, random_state=42)

clf = CatBoostClassifier(verbose=0).fit(
X_train, y_train)
y_pred = clf.predict(X_test)

clf.score(X_test, y_test)

0.92105263157894/3

from sklearn.metrics import classification_report

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

classification_report(

y_test, y_pred, target_names=target_names)

precision

Setosa 1.00

Versicolour 0.86

Virginica 0.92
accuracy

macro avg 0.92

weighted avg 0.92

recall f1-score support

1.00
8.92
8.85

0.92
0.92

1.00
0.89
0.883

8.92
0.92
0.92

12
13
13

38
38
38
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SN LR

B XY scikit-learn, XGBoost, LightGBM #1 CatBoost 4 #ft GBM HYEAAS

/13

L, RERILE 725 BRIRHESRAE 1

scikit-learn XGBoost

WHTIRAN 2 1.8.0 3.1.2
C, C++

LGS o C, C++

b Python
APLES Python Python, R, Java, Scala, C++, ...
SR S JPMML JPMML, ONNX
4257 No Yes
GPU /% GPU No / No Yes / Yes

LightGBM CatBoost

4.6.0

C, C++
Python, R
ONNX

Yes
Yes / No

1.2.8

CH++

Python, R

CoreML, Python, C++,
JSON

Yes
Yes / Yes

1. https://leovan.me/cn/2018/12/ensemble-learning/
2. BE#UL 2025 4F 12 A
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https://scikit-learn.org/
https://xgboost.readthedocs.io/
https://lightgbm.readthedocs.io/
https://catboost.ai/
https://leovan.me/cn/2018/12/ensemble-learning/

SN LR

scikit-learn XGBoost LightGBM CatBoost

GBDT (boosting: gbdt)

BDT (booster: gbt
C (, POSER S ree) Random Forest (boosting:
, Generalized Linear Model, .
Gradient rf) Ordered (boosting_type:

GLM (booster: gbliner)

Boosting 3 Boosted Tree . DART (boosting: dart) Ordered)
Dropout Additive , , , , ,
(GBDT) , Gradient-based One-Side  Plain (boosting_type: Plain)
Regression Tree, DART Sampling, GOSS (boosting:
(booster: dart) PHRS 5
g0SSs)
Level-wise Yes (grow_policy:
(Depth-wise) Yes SHOW_POIEY: No Yes
: depthwise)
Split
Leat-wise Yes (grow_policy:
(Best-first) No g. ~POHEY: Yes No
, lossguide)
Split
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Histogram-
based Split

IR Vet

I RFHIE
iR IR AF AL PR

AR

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

SLCHEE BN

\‘IP['

S, el T8 56 /28— R R A R &

\‘IP['

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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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 Z0N 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 IXNFZEETE  (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 ! % 7315 X FrN Stacked Generalization, s&—FikL
T BEBIH SIS NETE, Stacking FIAHYEA E AR

—_—

\ [ ]

#ERF =) 5% 1

AR S BIEN [RAGRHE R TS, RINAER—
HTHIEESR PERFESI 2 2

/

ARIEMAI A S BRI BE S, AR AE SRR

IRERF > 43

7 SIS R B 2 H

MNTRIREES s, Al USHEIZEEIHE ] DU AN FIZRAY [A]
EER Jﬂiﬂﬁﬁﬁﬁéﬂﬁféﬁ’]ﬁﬁ%m, HAH W AZ AT N R 4a 20 IR )88 n
LRI N AR &, Stacking BiATRIARUEIFIR:

A o

N

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 1 Stacking &% 1: procedure STACKING(L, L', T)
Require: 2. /¥ LEX
NRFIJEIE L= {L1, Lo, ... Ly} 3: fori=1to N do
IR EIR L 4: for m=1to M do
Ullé}féﬁ%ﬁ% T = {(X17 y1)7 (X27 y2)7 sy (XN7 yN)} ok Zim < hm(xi)
Ensure: Stacking H./% h; (z) 6: end for
1: procedure STAcCKING(L, L', T) 7: T+ T"U ((zi1, 2igy -+ -, ZiM ), 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
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Stacking

IRR - > eI 2R5R

AREE =R 1,

R S as e AR,

Ak, — R HAEYIZR4)

{5 IS A A K =2

DA k F7 28 ks ol . #IAEHY I 2R 58
T17T27 .
MAEEAT 255, WX

KRR S

IR S eIV

hY) AR T, ARy, SFIAE T,

ZIK L,

firo

BE 25 = Ry (2:)o WIHHE 2, ﬁﬁ?t
ar I ZREARN ((2i1, 2i2, - - -
Rt S eGSR T = {(25, i) }o

ZiM) yZ)O HY

1. BB, PLE5F > B HREE, 2016.

iR B

1R as B SRR A BRI T S sl xR, I 421

A% > de R

= T #eBEdLX 79 kA
o Tho 2T 1T %‘%/Ta%] Ry
- M /\%JJQ&%Z%FE, H&

)5
A

= IR S
XK M ]

IJII??(K?&%Z

V
/)

728
A
Y

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

Random Forest Voting Stacking
(Meta Classifier: LR)

(#Tree: 4, Max Depth: 4) (Method: Soft)

m 0
A 1
o 2

m 0O
A 1
o 2

'J. ::::

.3

4
cfEkER
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Stacking

sklearn.ensemble.StackingClassifier(

estimators, final_estimator=None, *

, cv=None, stack_method='auto', n_jobs=None, passthrough=False, verbose=0)

https.//scikit-learn.org/stable/modules/tmp/sklearn.ensemble.StackingClassifier.html
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Stacking

from
from
from
from
from
from
from
from

sklearn.
sklearn.
sklearn.
sklearn.
sklearn.
sklearn.
sklearn.
sklearn.

datasets import load_iris

metrics import classification_report
ensemble import RandomForestClassifier
svm import LinearSVC

linear_model import LogisticRegression
preprocessing import StandardScaler
pipeline import make_pipeline

ensemble import StackingClassifier

X, v = 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())

clf.fit(X_train, y_train).score(X_test, y_test)

0.94/36842180526315

target_names = [

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

y_test, y_pred, target_names=target_names)

precision recall f1-score support

Setosa 1.00 1.00 1.00 12
Versicolour 0.86 8.92 0.389 13
Virginica 0.92 0.85 0.83 13
accuracy 8.92 38
macro avg 0.92 0.92 8.92 38
weighted avg 0.92 0.92 0.92 38
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https://github.com/leovan/data-science-introduction-with-python/blob/main/LICENSE
https://github.com/leovan/data-science-introduction-with-python/blob/main/LICENSE
https://leovan.me/

