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Trestle Random Forest Based on Multiple Randomness and Privacy Protection

SONG Yilin, WANG Shitong
(School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China)

Abstract: As an effective ensemble learning algorithm for classification and regression tasks, the random
forest (RF) also faces challenges in improving generalization ability and privacy protection. In response to
this challenge, this paper proposes an improved Bernoulli-multinomial stacked random forest (BMS-RF)
algorithm based on multiple randomness and privacy protection. The basic idea is to introduce Bernoulli
distribution Dropout partial feature vectors to select candidate feature vectors in the stage of constructing
decision tree splitting features and splitting point selection. By randomly selecting splitting features and
splitting points through two polynomial distributions, each decision tree adopts a non numerical query index
mechanism to add noise for maintaining its privacy protection mechanism. When integrating classifiers, a
multi-layer stack structure is introduced to randomly project the output of the previous layer and
concatenate the source training set as new inputs, so that each forest can share the spatial information of the

source samples and improve the classification performance of the base learner layer by layer. Theoretical
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analysis of the consistency and privacy ability of this algorithm shows that BMS-RF can significantly
improve classification performance through a stack structure. Experimental results on 14 small and
medium-sized datasets verify that the algorithm not only reduces running time but also has better
generalization performance. When the privacy protection is strong, it can achieve classification performance
similar to RF variants on the basis of simplifying the structure and improving running speed.

Key words: random forest (RF); integrated classification; stack structure; privacy protection; decision tree
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IN(X,0) |Fm ol s s A .

R % Sizelle) &N (X, 0)5 e MB MM KN FALE A e {1, 2, -, d ), HAAS FIBEHLARBK

s (28]
CIEES

E[smeze>]s;(1oz5f“;p2) (9)

Aprpo RSB P $E BN AR B, 0 Fo% MR GR35 50928, 0 —> oo, lim B[ Sizel(e) ]=0,

Ll S M 79 S A BAR AR B T 00 N w— oo i, m— oo, B L3 20 7 AT LA JC R 3 3 2R 47
NE.

SIE3 WIRAE S USRS B Bl A S B, J& A S WA TE T 5t T, 0 TAL B 45 08 R AE
A YRR FATT 55 B AR A AT T, > 0, Pt A A RRAE B 3 rh i SR R R AR 1Y

SIIB4 QR BT R AT o 4 REAH I 2 [0, 117,78 BMS-RE o — EUAT 1AM AE A 943 31,76 2%

. , ) — 1
ﬁ%ﬂ%Mmﬂkﬁ%ﬁMﬁﬁ%%%%ﬁMWUWUwNMAM—P,,

iiom%ﬁﬁ%ﬁﬁ
m m

PR AR SA B, e A LB MAEAE R 30 7, %8 1T 2 4 W A Bl B 76 11 5.4 31 1 M ¢
A7 T, 0.

5 B 2 3% A 4 B4t AR AT LA CBR AT R 25, 513 370 R W 92 BMS-RF 4R AE B A 3R 2l e A8
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RO B AW T L A BRSSO R 0% /N LA TG BRI A A S ph ] B 2~4 AT IE B b S R £
—EPE, S BRSO ) — BOPE T S0 AL AR AR — 2k, REATHIE BMS-RF 52 7EH8ER B —2hE
2.5.2 KX %E—m®

SIS XF TR K AIEEAS, #R gh 4 4 24 5 i B0 A 2R %X (Cumulative distribution function,
CDF)TE 0 4b A5 #2516 1 4b 26 1% 25, R SRR A9 15 s PEAE 38 b o LT BRI

TERR FEREAS KN Ry n B BCHE v VR AR I R A TR I REAS OG0T B (n, p'), — MM R
BT R 4r IXCR S 1, 0 A G A BCR R np' /2, BB F S EEARBGE B /ME R £, BT
Fe X HE B i 5 U e A 5 5 4 AR A0F 9F 422 15 I A% B8 Of 47 R Su 23 [ RRAIE , 7T LA 5 43 25 38 i iz fh Pk i
Wk S EEAR T ( X+ axZ* W, Y ) & 00777 8 b Al 3T 8 89 A Bl om [ NS (X + a2z *
W,0)|— o<tk o0, oFat XM E TS0 5. RIED S R AR, 7T LR
N (X,0)m5% A

P(IN*(X+a*Z*W,,0)|< k)= P(INY(X + a*Z*W,.0) | — o — np'/2< k— 0 — np'/2) <
%]P’( INE(X + a*Z W ,,0)|— o — np’/2‘>|/2* c— np’/2|><|l€1//2 (10)

o—np'/2]

M n—>oco B, b—o—np'/288 M1, 24 n—>coif,20(10) LR K 0, R4 BMS-RF #4 # 8 19 45 1
M ANER T SR T A SRAREE KT £, BRGSO BRI b A KA

SIEB6 ALt 2 — B0, U 1 BMS-RF 59K 2 — 20y .

IERR A THEW] BMS-RE 9 — 801, LA L AR N HES 5 & Dok i — 3k . X TER 2020
WEHBAE D) KINGRFEAR KGN (X + axZ *W,, Y ), H 2 0 BE L AR AR | A 45 0 500 TF 20808 ) o
) B BILAE AS 23 52 ) F B SR B 0 — bE L IS A AR U R o 268y B A — 8ok Hoh U R R DI 2R
SRR 202 K Bt AL O A% i A B (0 BEATL I o SR B WL B8 DI 25 B0k B LA RO T — BobE L IR A 2%
vt B — 2ot R g B AL I F2 00 B A B e 2 52 ) i J SR A 1) — S, BRI

E(L)=P{f(X+ a*Z*W,0,D,)# Y|U }—> L . asn—>co (11)

MRAERRAZ AT, X o1 = X+ a2 Z e #Woiger o= O 5 ABIE A AT AL 0T W,
Bl LB HE R 0 2 1A S BB AILAE L @ — 1B, R 3802 [A] e AiF D) 25 JOAE S5 2l 2% DALt o 2 A4 i /0 19 86 5K
FA B 5 Layer i 5 26 i WL IR ES 1055 ABCIE X + o2, W 38R 40 1 46 [0, 117 F 3 FLAL b 45 45 3E
KEE RS CDOFAE O EL:  fE LA A ES , W iE LGB 5, Mn—>colif, k>0 H
k/n—>0,BMS-RF % )2 1 52 56 32 — 200 o PR AR =X ME & 2 5 14 5% G AIL 2% MRz 1k BE 77 119 3 il
L B EE BMS-RF 19— .

2.5.3 BMS-RF &4 5 #

T X 55 o 52 2R 1 B RA D AT, b — AN Bl B 9E AT T TR M ST B A 30, A ) B RA T 284 o R U 1Y IR
eI, X EE BN I B RA TR RS2 €1, €0s s e, TR BRARAHIL R £ S0 € BRORL DR AP, 75 B8 I 22 0 R A
) A JEAS 1 T

(D F A AR B BEVLHLE] f={ f1, fo, -+, fr ) MORAE FH T 45 2 8086 45 D W AH 38 74 I8 A B ML AL

il £ 2 e, ENER;
=1
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() IATH A ARBBEHLHLE] f={ f1, fon == [ VE R T 45 2 B4 4R D 09 AR 28 746 I8 4 BELBL I £
2 max (e, ey, -+, e0) 2257 B A

SIER 7 M4 MRF K22 5 BaoRh A1 & 1 R ) 45, ke S rb 306 T R 4l 10 43 SRR AE e PR AC I 1 2%
53 KAL) F8 BOAL ] W L B -22 03 BR AL %?T%FE’J/W% BN 2 By 25 A B Rh TR SRR Hh RS
P B 25 1 P16 JE B2 3 B FA o

SIS ARBEILAAIE L D) e 20 Bt Hea S AU I 2 e 22 Sh KR .
SERE o5 307 G B A 8 A 2 4 A 9 95 OB, T 2 2 LM M B el M
/l\Biﬁ_mmﬂ%uXﬂ‘%*%ﬁ%%%i‘%ﬁbﬁ%%%%}ﬁ,Ha)lbﬁf%éﬂ%‘f@ﬁﬂﬁ%i)%%ﬂﬁ%?ﬁ&2&%%%’%,1&%5&

SERRE LRI A A 2T B R AN AR R AT I B X e PRI B 0 AE A5 LR AT DR B O 084 56, B 4
B WA ZR B B D 2 S5 YR8 7 A B BE LSS/ 75, DR IECAT) K 196 1 1 5040 4 e P17 T Y —

ER AN G S *’Jj@NJ%',,ﬁ\EPE%‘T—}%’E@BMS—RF%Eie;ﬁ%E’%{%,Ha%ﬁa\li%ﬁxﬂbﬁﬁ?éﬂéﬁlﬁ
AR A S ISR L e 2200 Bl .
3 W5 H
3.1 UCIHIEE F1 BBEEHR
S N UCT 43 28 H 4 42 b 1 I 14 4> B8l 46

Table 1 Dataset description

SEATIR 52 B JERE 7 B M/ ACHE 47 B, L AhE .
PR 13 1P . O SR 1R IR 9 55 1 Wobe s )
AR, AR P R A R M KA S, Wdbe 569 20 5
HA R, DL IEAS BMS-RF iy 4325 3 Sonar 208 60 2
o BRI AT B AL RE AR AR B CRRAE 4 JE AN 2 Movement _libras 360 90 15
B,y T A B S 10 B L, S 0 AT Cleanl 476 166 2
104528 LHAIE , N8 47 10 R BOE 414 Australian 690 14 2
- Vehicle 846 18 4
3.2 XWER Banknote 1372 4 2
3.2.1 FBAHMARISKE WineQualityred 1599 1 6
AL By AR R — PR B T 58 W, 7 Windows Image 2 310 19 7
11 5F 55 T #% 5 R %5 . Python B 4 % 3.8, CPU % Wilt 4839 5 2
i7-12700,2.10 GHz, A7 16 GBiZfkfig 43 WineQualityWhite 4 898 1 /
L MR MR B R o B R TR B Loxture SRR =

W <10, BRI S8 B,=B,=10,B,—> o,

SHHURNE S T B 254 BRRA TR e, HOF

00 e 2 ZR AR B RR P S L A )E B AR B A BEORA TR R e/ ML, MR 41 22 43 BRORL L 20 A v 5, BRI
MO HC R R R RA T % 88 Bi=B,=¢/2(d-M),B;=¢/M, X BERATHEREE N
{0.1,0.5, 1}, HEAM L 40 S 801% 8 WL 3K 2.
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R2 ZBRBHRE

Table 2 Parameter settings

SRR SRR E fili ik
M Me&{15,20,30} 1 )2 PSR A
k 5 PSR e /N -
Partition rate 1 O3 X B =25 K 25 /AT A
DPuspe 1P €{0.05,0.1,0.2,0.4,0.6,0.8,1} B F 405 2] A P
By, B;,B; B,=B,=10,B;—> o FaAAR B S5
d 10 W fe R TR E
Layer_i Layer i€{2,3,4} M= A4 J2 4L
c ¢€{0.1,0.5,1} I L T

3.2.2 AL oM

FE AR YRS 3o vy, AN ) 1) 250 90 B 50 B0 43 2SI B D0 I 1) 2 B R R AR T) 37 48 A SR I BOKS J3E
(Accuracy, Acc) FliZ T BF[E] (Time) , i T WAl BMS-RF 75 1 4 i 48 B0 42 E iz b vEde 78 14 5k
P 4R b LB BMS-RE FILHAU G 532 A 0 0K 22

# 351 1 Breiman RF AP — Bk RF 76 A [W] 040 2 T 09468 Aok be, Al X F B30 v 150 ) 1 4
H R 100, T A — 0Pk RE 2R 20 X B8 1o XF bU B 2 SR T BE BIL 14 & b 8 5% 54> R AR 20 224
(1) Breiman RFSE 3, ) FH A0 %% F1) 50 A 1 5 5 2 43 24 55 A0 53 24 {8 () Breiman Bt HL 2% #K (Breiman
random forest, BRF) """, i i & F 4% J5i ) 25 301 38 20 A 43 0 Bl AL 2 % 1A 20 8 A 4k A0 14 43 24 {1 1Y
MRF" B4 — 5[ RF 28 1SR AR [ 9% 31 19 Breiman RF (7 464 (30— Ebk o X FAA % A 4346 8 R Y
I RURFIE 5 H A AR HES 28— X R 2~4 B AT DL B A Az AL ) o W B A SO AT T Wil
coxon signed-rank #: 3' %", L& 78 MRF FIARME RF B9 45 5276 B3 MK 0.05 L2554+ i 45 L 2
R A R S R . 3R 345 IR, BMS-RF 78 Fa A - 4P ACE BAR I FE 104> 8 £ iz Ak RE 1 #8 A 4K
B FEAR T R 90 4k 9 Movement _libras %048 48 I 73.43 %4 T2 78.49%6,166 4k Clean] M 84.09%
Tt 7 86.68% , i K5 JEE /N Y B 42 TF 9 Wdbc . Australian 3 4% 4 - 2432 17 B 1] 13 45 B K R 1K .
BMS-RF A2 78 iiF I — Bt 5 AR 10 SR Al L 4455 55 %2 8 4k RE PERE , 7 232 17 i 1) Lo Ol — 3ok
RE #87b

R 15— Bk BE L AR AR B FA DR 3P BE ML AR PR BE AT LU BESE , 0K BMS-RF 7EBRFA TR 1A 25 L 5
— S 5 T Y BE ML AR AR B I 0K BE AT HOA, 45 R AR 4 R I BMS-RE B4 R 30~60 BRAR , HoAth Xf
PO 3 38 A 0 B0 35708 100, 40 45 RoF ™ A&} BE AL AR AR . RoF 4085 3 s 4 4 7 B UL AR MK (Rotat-
ing random forest-principal component analysis, RoF-PCA) 5 £& 1 #) %] B #l & # (Rotating random
forest-linear discriminant analysis, RoF-LDA) ; 3 F £ 3 1 i1 {b) 32 ¥ 7] & #1 (Multi surface approximate
support vector machine, MPSVM) i 1F W 1k B HL 2% bR A2 455 75 Ut o7 5% 1 ) 4k Bifi H1L 2k Ak ( Tikhonov regular-
ized random forest, MPSVM-T) | %l 31 17 1F W £k Bifi HL £f Ak (Axis parallel regularization random forest,
MPSVM-P) LA F % 23 [a] 1E W) AL B HL#: K ( Zero space regularized random forest, MPSVM-N). 34 1] L
F i1, BMS-RF i i 5/ (19 56 3 28 5 B i v] DLk 3] 96 2 B AL AR ARORE 4 1 0 2 T 00 i % 8, MPSVM-T
SR TE Clean] U4 45 L0 30HE B )y 85.92% , 1M BMS-RF {3 32t 60 #R B (#2225 #y (304 30) ) fiE ik %
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Table 3 Comparison of evaluation indices of different RFs on the UCI dataset
— RF ' BRF ' MRF ' BMS-RF '
Acc/ % Time/s Acc/% Time/s Acc/ % Time/s Acc/%  Time/s
Z00 91.76 6.90 80.21 7.58 90.93 7.35 94.06 6.90
Wpbe 79.82 126.87 76.24 56.09 76.26 296.90 79.11° 24.60
Wdbc 95.69 809.53 94.84 336.88 95.51 1633.30 95.93 183.69
Sonar 82.05 141.61 77.10 71.09 77.07 488.65 79.47 23.75
Movement A
libras 77.22 544.04 53.86 343.25 73.43 3057.00 78.49 227.15
Cleanl 83.66 6 229.80 79.86 465.48 84.09 6 229.85 86.68 202.81
Australian 86.94 170.80 86.31 101.49 86.06 354.64 86.82 26.70
Vehicle 74.33 369.59 70.31 179.59 73.04 679.93 74.98 172.00
Banknote 99.21 1755.73 98.19 986.03 99.44 1657.41 99.42 94.44
WineQuality- .
ed 68.48 914.46 60.38 518.65 63.08 1923.90 65.34 178.37
Image 97.54 5161.86 95.52 3329.76 97.53 12 935.15 97.64" 3406.50
Wilt 98.30 19 676.44 97.12 10 531.78 98.58 28 076.55 98.30 3177.48
WineQuality- X
White 67.24 4 451.37 56.80 2682.82 60.69 11 908.56 63.55 2 543.55
Texture 97.36 — 97.40 — 97.15 — 98.37 —
®4 FEUCIHIESE L%t RF #1 BMS-RF B Ui 16 B 3 tb
Table 4 Accuracy comparison of the more advanced RFs and BMS-RF on the UCI dataset %
LIRS RoF-PCA  RoF-LDA  MPSVM-T MPSVM-P MPSVM-N  BMS-RF
Z00 86.13 86.55 82.09 85.73 80.01 94.06
Wpbc 76.65 79.34 77.22 76.60 76.97 79.11
Wdbc 95.68 97.27 96.76 96.84 97.04 95.93
Sonar 79.83 81.30 81.91 80.39 79.21 79.47
Movement _libras 77.42 82.83 74.17 76.03 71.11 78.49
Cleanl 83.98 85.95 85.92 84.50 85.13 86.68
Australian 86.84 87.32 86.99 87.04 86.91 86.82
Vehicle 75.95 74.30 74.36 74.27 72.04 74.98
Banknote 99.88 99.81 99.91 99.89 99.88 99.42
WineQuality-red 65.52 66.14 61.51 64.96 58.10 65.34
Image 96.08 96.24 96.08 96.74 93.60 97.64
Wilt 98.54 98.65 98.08 98.08 98.11 98.30
WineQuality-White 63.56 63.86 58.45 62.52 44.88 63.55
Texture 98.10 98.16 99.12 98.14 98.90 98.37
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86.68 %0, M i i %] ] £ 25 A4) W4 AR A7 6 FE 45 B9 H A9 . Vehicle B4 52 R 06 76 15 2 — B0ME 5 B RA (R b (4 3%
filh 135 3 74.98 %6 (i a0RG B2 , 5 Se i BEPL AR MGE B A — B R BE
3.2.3 AR EMHSH

F5HH THE 14D EHESE 1 BMS-RE 28 p,  p, XAk 2504 55 2 YL SR A B0 M BB . S5 56 %6 B
1o BUETE 0.2~0.4 Z 1] , fE 1% B 4 1 F i BMS-RF B9 3032085 B Fliz 17 1 6], 45 )2 ok 56 A4S B0 2 7
15~30 KR 2 8] BE 0% BT 5745 (902 AL PR AR | 7] B AR 45 1 5 2~4 2 BB 88 4R 159 T8 4 i 80U , K2 2
R 2454 TT 2 S B0 A I T KB 3 i I ) DAL Ik A 1 e SR AN B0ds I 7E 30~60 48 .

®5 AEBIEETBMS-RFHp, ,p. RBEREMABME
Table 5 p,,p, and the number of decision trees M in each layer of BMS-RF under different datasets

Hdn Ak Piv P2 M
700 0.2,0.8 60: (20+20+20)
Wpbe 0.4,0.2 60: (204-20+20)
Wdbc 0.2,0.8 60: (30+30)
Sonar 0.2,0.2 60: (30+30)
Movement _libras 0.2,04 60: (15+15+15+15)
Cleanl 0.2,0.2 60: (30-+30)
Australian 0.2,0.2 30: (15+15)
Vehicle 0.6,0.2 60: (20+20-+20)
Banknote 0.2,0.2 60: (304 30)
WineQuality-red 0.4,0.2 60: (30+30)
Image 0.4,0.4 40: (20+20)
Wilt 0.4,0.2 30:(15+15)
WineQuality-white 0.4,0.2 60: (20+20-+20)
Texture 0.4,0.2 60: (20420+420)

P 3 A0 F M B 45 (Movement _libras . Sonar , WineQuality-red ) 7 A A8 ¥ 52 56 10 B0 45, WL K
HEAT AR 2 EE # 1 BMS-RF 72 5005 45 1 i 0 0K B2 RE 47 B 8] 09 22 46, PP AR X A4S S8 p, | p, XHIZ AP
RIS AT 3R BE I 52 , G5 SR AN 1R] 2,301 o oot i TR JIZ AR RE 5 328 A7 I 1) ) & T 51 A 68 A )
B8, SR py po (E N 0.2~0.6 F, A 55 F 73 A1 X BMS-RF #9852 Wi A K, Movement _libras , So-
nar, WineQuality-red ¥4 42 19 5 AL HUE 43 51 b 0.2,0.4,0.2,0.2.,0.4 F1 0.2, Dropout i3 J& 78 R 43 K4 42
AR MRF PR F5F O W 35 5 s A7 3, — & Ho il 19 Dropout X T i 4E 50 45 £ Movement _libras
Sonar, Australian £ 4 £ #R IS T 4R SEPRdERE . B 2(a) & 4E BN 2 K & 19 WineQuality-red 90 5
Pr o FRTES /N I ACKS B AR X T [ 5 NI 2(b) & Y, 90 4 1% Sonar 45 £ BEAT p, . po (8 04 30/ I 12X0KS
R RR R IR I AR S E R B, HIE 3(a~c) T F Y py A2 BEE p, 98/, BMS-RF
132 7 B 8] 4 2O 5 R R 9 A 34, X UE B T (A 8% K] Dropout 7 #2 & BMS-RF 13z 17 3 B J7 1 H A 8 47
B RTATPE s Lo WAE B ISF AV 55 ] 43 A S4B 1) °F g 397 40 A1, AR AR BE Ry 2 S A SR I T s (9 0z A Mg o X
T U RN B  py . po R 0.05 B PR B EC K FRRAE BB By BOS 33 19 BL 3 #5 T fig -5 B08chs i 2 21, 0k

Ul



RER F: 5T 5 MK E RARY R AMKL & 1235

Accuracy Accuracy Accuracy
0.75 0.79 0.635

g;g . 0.78 0.630
320781 [ 0.625

072 £ .76} [ 077 0.620

0.71 2 0.74 0.76 0.615

0.70 0.75 0.610

0.69 0.74 1.0ff 0-605

0.68 073 FA 0.2 0.6 0.600

: 0.05 70,05 -
(a) Movement_libras (b) Sonar (c) WineQuality-red
K12 BMS-RFTESH p, .p. T 100 120K 2
Fig.2 Test accuracy of BMS-RF under p, and p, parameters

Time /s Time /s Time /s

2500 900 1600

800 1400

Lo 1500 = 500 600 2 % 383 1000

£ 1000 8 200 E" 500 806
0 1000 0 ;‘gg 600

400

D 200
. 0.610 100 061.0 200
00577502, 005 ~>7 0502 v 0 0
(a) Movement libras (b) Sonar (¢) WineQuality-red

K13 BMS-RFTESH p,.p, T 32 17 A [
Fig.3 Running time of BMS-RF under p, and p, parameters

KBS R AR A o 2 py po BEFRB WY K, L2 08 A0 RRAE ] i BT 0 2 iz A RE S B TR R
B 2(a~c) AT EH,py po BAA R 0.2~0.4 B A B 5 pyp, BUE K 7] T 1 0F , BMS-RF Z fL g Jy 4535 T
Breiman; p, . p, BU{E 2 708 /N 2 0 I AH 24 T B B 14 ) 16 36 B A 3 ZU4RAE 15 43 22 5 2 KB Y Biau08™,
Dropout J& %] 43 5 25 23 71580 58 /A 046 38 43 RLRFATE 5 43 24 0, T 500 A A U 0RG B R AR —BUW B L T
AT AR E) B Nk, A L Bernoulli dropout J& — A~ L I A BE£E .

K 4 &R T BMS-RF 7€ B, = B, = 10 I 8 1) P 356 B % 4 {3, 10, 20, 30, 40, 50, 60} 14 I 32045 B .
BMS-RF X454 BIA K 32, B, = B, = 108 AR WU A ok JE B RA PR P B2 B e/ . | Bk 8 4
Kot 42 AT AR FE AT BB /N T 20 ), B AL 2 T BE 45 5 B BMS-RE 1 43 25 M BB B AIC 5 78 P 0 W 450 ik
KF 300 (R 4549°8 (10,10,10) ) J5 . BMS-RF A% MRF 72 kP g 35 48 T, dy b nl U Ak =X 45 4 g
PR Y R I AR BE 5 2 He S A B A B 60 B RR S5 K 2~4 )2 I BMS-RF 553 g i BUS i 42
Mz AR RE . o Sonar $ 6 48 28 i B 4544 (20,20, 20) M5 BE I 75.29 %6 48+ 2 79.22 % .

N TR AT R A R L S TR T S AN B A AN R B AL TR R A A R R . AR
P 5 0] LUE B, 4T 2 808006 5 BMS-RF A8 62 76 8¢ =5 19 B RL A7 37 K 7 F B AT L 22 100 B AL A% Ak
MRF B4 1932 fh VRl o 24 e 5 A 0 B0 e /N, Sk 1 BORA T 5 e /N 0 195 00, BV S o M 7 6k 22 e A
TR0 B R, LT R 9 BMS-RF (32 (b PERE B PR R 38 . 2, Y BB O 47 TSR e bl R Bsp,
RS BE B R o Y R SR B A 30 R, 25 B SR AR R [ B AL TR, I ORS BE R $R T TR AR
T LA BRORL TR /0 e L R R B A I 1T B D SR R R M R BB 3% K BMS-RE (143 28
PEBEVBE 5 MRF #5750 28 8%, 9 H 76 A [A] BoORA 70380 058 43 2 RS B =2 I 1) 25 BE 2 i 4 /0N . B A%
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5F
= 8030 78t s — 29550
I S R S | >.95.0F
gE gl gk Soast /
§ g40F /  + MRF (Default) § 741 7+ MRF (Default) g 201/~ MRF (Default) | 394.0f'/  * MRF (Default)
<8330/ - Ours (Default) | < 72 ¢/ - Ours (Default) | < 6sf/ - Ours (Defauly) <gg,(5) -/ - Ours (Default)
N 1 1 1 1 1 1 = OB 1
310 20 30 40 50 60 310 20 30 40 50 60 310 20 30 40 50 60 310 20 30 40 50 60
Number of trees Number of trees Number of trees Number of trees
(a) Australian (b) Sonar (c) Vehicle (d) Wdbc
94F 80 86F
X 93+ X 70 R4k X 641
21 360 8t 7T =62k e )
g 3L gl &80l g7,
2 $9r /'~ MRF (Default) 3 * MRF (Default) | 2 78[ 7/ - MRF (Default)| 5 60[// + MRF (Default)
< g5l - Ours (Default) | < ;‘g [/ - Ours(Default) | & ;‘6‘ [/ - Ours (Default) | < 58F / -~ Ours (Default)
L ! 1 1 1 1 o ST 1 1 1 1 1 i 1 f 1 L L L L L L 1 L
86310 20 30 40 50 60 310 20 30 40 50 60 310 20 30 40 50 60 310 20 30 40 50 60
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(e) Zoo (f) Movement _libras (g) Cleanl (h) Winequality-red

K4 BMS-RFE B, = B, = 10 i 8 B4l 4 AN 7] D e A0k Ay 0 1085 32
Fig.4 Testing accuracy of BMS-RF with different number of decision trees on eight datasets under B, = B, = 10

e 72.5 96
2 <7 =100 3
< 84} MRF(=0.1) | ~ 72 =25k MRF(e=0.1 < 94r
8ot  MREG=0.) | 2 70 @%3;2- *MRFEZO.S; 293¢ :
: == F sguf o) Eap/ cwo
3 80f N Om(io's) g & B 57.5H; Ours (¢=0.1) 3 91k, ‘Ours(e=0'5)
3oL 05| 8 641 S 3500 “ous (0.5 | & gl i
< 78 ~ Ours (=1.0) < g%_ <3250 ~Ours (=1.0) | < gg |~ Ours (&=1.0)
310 20 304050 60 310 20 30 40 50 60 310 20 30 40 50 60 310 20 304050 60
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o 92F =2 - 82.5F - 04F ]
=90 X 70k o\§92 i o\g(z) —
= 88k MREE=0.1) | = ol e —on | T71.5F = = 60f ~ MRF(e=0.1)
36} - MRFG=03) | & 60 e BI5.0r <4 %E;ﬁ g ) gg i - MRF(e=0.5)
£ g4 “MRE(=10) | £ 50} ~MRF(=1.0) | & 125 ~ MRE(e=1.0) g 201/ ~MRF(z=1.0)
8 g somEoll| g o ours (==0.1)| B 70.0F ouse=0.) | 8 25[% Ours (e=0.1)
250k Ours (==0.5) | & + Ours (£=0.5) 267.5 0/ ~ours (=0.5) | 2 3G[¢ = Ours (¢0.5)
78h OO T sop |, comicio] SHEET, | comelo] gL i
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