53 4 A
2021 43 A

Vol.49 No.3
ACTA ELECTRONICA SINICA Mar. 2021

— F 3L T Tri-training [ ARELAR I
I e 21 TR AR

W B ERED R R
(1. R E MR R EHL Be 916 2RI 430074 5 2. %5 GE M4 B AL BI04 T 5 S0 2 (P E S K%, WK 430074
3. rp E TR AR S PR B i) Ab aIL 430074)

M OE: fERESET T RIS A B SR R I AR A — E R B AR IC MRS . AR SO =2
BB R P T —F T wi-training [ AELERTCME A 2 1E359% ( Tri-Training-based Label Noise Correction, TTLNC).
TTLNC 15 el i D48 A5 T e Fe i 4R SRS 7E T gk L EAT bagging 23 N2k =N[R2 245 , I 1 i 2
32 TR T MR P A e Y S [ I B S5 T SR WA S 491 53 BC 48 AR NE A IR0 . 5 AERTI2R 8k BRI R =
ARG I B3 S 0 4 2R 45 R EB bR TE BT A S8 ). e 07 AR iR A B S AR e i 4 H i S 45 SR 3R W
TTLNC HHAt U ot i S 0 R W P U T SR AE MR A L RSB o e A B SR i b B R BB A

XKER: A ZEUNG ERRC; el M aIE; s g
hESKS. TP CERARISES: A TEHS. 03722112 (2021)03-0424-11

HFZ# URL: hitp://www. ejournal. org. cn DOI. 10.12263/DZXB. 20200337

A Tri-training-Based Label Noise Correction Algorithm for
Crowdsourcing

YANG Yi',JIANG Liang-xiao'* | LI Chao-qun’ LI Hong-wei’
(1. School of Computer Science ,China University of Geosciences , Wuhan , Hubei 430074 , China ;
2. Hubei Key Laboratory of Intelligent Geo-Information Processing ,China University of Geosciences , Wuhan , Hubei 430074 , China;
3. School of Mathematics and Physics ,China University of Geosciences , Wuhan , Hubei 430074 , China )

Abstract .

ying ground truth inference algorithms. Inspired by the tri-training idea, this paper proposes a tri-training-based label noise

correction (TTLNC) algorithm for crowdsourcing. TTLNC at first employs a filter to get a clean set and a noisy set and then

In crowdsourcing learning,a certain level of label noise still exists in integrated labels obtained by emplo-

trains three different classifiers from the bagged clean set. Furthermore, each instance from the noisy set is relabeled by these
classifiers and assigned to the corresponding training set according to the designed instance assignment strategy. Finally , three
classifiers are retrained on three new training sets and are used to relabel all instances. Experimental results on both simulated
benchmark data and real-world crowdsourced data show that TTLNC significantly outperforms other four state-of-the-art

noise correction algorithms in team of the noise ratio and the model quality.
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(1) TTLNC B3k 4 1F J5 i 5 45 10 7 24 e s e oy
12.29% B AT MV (27.22% ) .PL (22.64% ) .STC
(15.88% ) .CC (18.57% ) F1 BMNC(14.22% ) ;

(2) TTLNC 5.3 4 1F J5 B Bcds SR I 2R i H AR il
HF- BRI BT 84.61% , Wl = T MV (81.31% ) |
PL (81.48% ) .STC (82.94% ) il CC (80.95%), 5
BMNC (84. 43% ) B i A >

®2 TABREO.6 B (%) XL R

Dataset MV PL STC CC BMNC TTLNC
biodeg 27.20 33.36 24. 66 18. 58 19. 43 15.73
breast-cancer 24.83 27.97 26.24 30. 07 27.97 23.78
breast-w 27.75 5.15 9.27 7.58 5.29 3.29
credit-a 26.52 13.91 19. 81 16.52 15.65 13.33
credit-g 26. 00 28.10 26.43 25.40 26. 00 22.70
diabetes 27.21 27.73 22. 14 23.57 23.18 21.48
heart-statlog 26. 30 20. 00 28.57 23.70 19. 26 14. 07
hepatitis 30. 32 22.58 23.78 25.16 20. 65 16.77
horse-colic 26. 09 16. 03 18.18 22.55 18.21 16. 03
ionosphere 27.92 24.22 13.54 13. 11 18.52 13.11
kr-vs-kp 26. 10 26.28 4. 69 15.33 0.91 2.88
labor 29.82 38. 60 14. 89 17. 54 35.09 24.56
mushroom 26. 65 8.16 1.52 5.34 0.11 0. 06
sick 26. 64 2.97 4.08 9.38 1.78 2.57
sonar 28.85 44.71 28.19 24.04 19.71 20. 19
spambase 26.43 34. 80 15. 36 13.76 8.78 7.17
tic-tac-toe 26.93 34. 66 20. 81 18.58 22.55 15.03
vote 29.43 5.06 10. 34 16. 09 3.91 4.37
climate 27.59 8.52 3.50 13.70 8.52 8.52
colic 27.99 24.46 22.35 22.55 14. 40 15.76
monks 27.08 16. 20 8.62 28.47 3.01 6.71
steel-plates-faults 25.30 34.67 2.44 17. 47 0. 00 2.22
Average 27.22 22. 64 15. 88 18.57 14.22 12.29




%03 M B 20— T Tri-training fY ARG AR IR O] IES7E 429
®3 ITAREO0.6 BHEBERE (%) WHHER

Dataset MV PL STC CC BMNC TTLNC
biodeg 70.75 77.08 71.49 76.52 77.43 79.91
breast-cancer 67.96 70. 34 70. 34 72.06 70. 34 68. 55
breast-w 88.42 93.85 90. 65 93. 84 92.58 93.24
credit-a 84.35 85. 65 85.22 84. 06 85.36 85.07
credit-g 67.30 70. 20 70.70 68. 10 69. 50 72.00
diabetes 68. 08 69. 38 66. 89 70. 41 69. 86 71.18
heart-statlog 72.96 73.70 73.33 72.59 78. 89 75.19
hepatitis 64.17 75.83 79.17 81.67 85.00 80. 67
horse-colic 83.51 66. 04 83.56 84. 67 84.12 85.78
ionosphere 79.21 79. 48 82. 06 84.02 83.48 82.05
kr-vs-kp 95.30 94. 84 96. 56 89.99 96.71 97. 46
labor 72.33 70. 67 74.67 69. 00 71.50 77.50
mushroom 99.57 98.52 99. 61 99.73 99. 67 99. 82
sick 96. 74 96. 29 97.69 95.09 98.12 97.24
sonar 54.50 60. 00 56. 00 62.71 65.93 62.21
spambase 87.05 89.70 87. 65 85.76 90. 63 90. 33
tic-tac-toe 74. 11 71. 15 73.88 74.30 74.58 78.43
vote 93.54 95.63 94.23 91. 96 93.54 94.47
climate 91.48 91.48 91.48 91.48 91.48 91.48
colic 83. 84 80.78 83.84 80. 28 83.11 83.51
monks 93.73 86. 54 95.59 84.03 95.59 95.36
steel-plates-faults 99. 95 95.31 100. 00 93. 56 100. 00 100. 00
Average 81.31 81.48 82.94 82.08 84.43 84. 61
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i AR S B SR T IR ATER Y TTLNC 5k
TEA o B o i AR B 5 b A 8otk , 9 B TTLNC
S AE A TF J5 B0 4 1 R 7 LU RIS AR o o PR B R
L% N/ S A A L R TS TRl 1 N o = R

N T e BAIE TTLNC 5535 1A R, X BLET X
e pE A X; TTLNC #5247 1 308 7R iy 52
B AR Kk R A A AN AE B2 RN DL SR SRR A LA
FATEEFE T =4 22 5 K H 2 A AR 0 8ol 4R
breast-cancer , credit-g Fl kr-vs-kp , FEAH AU 1 K.
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[, AT T AL Gl ge sy > R & Mg e 5 Filter(MVF) P il Classification Filter( CF) , =45 6 28
#2 Edited Nearest Neighbor rule (ENN) "™ Majority Vote EARBGAIT .
F6 T ARETE[0.55,0.75]BFMEALL (% ) IFLLEER

Dataset MV PL STC cC BMNC TTLNC
biodeg 23.51 25.97 18.03 17.35 16. 30 12. 61
breast-cancer 14. 34 27.27 22.01 22.03 23.78 23.78
breast-w 15.74 4.01 6.09 3.86 3.72 2.72
credit-a 16.23 16.23 12.29 13.48 12.61 11.59
credit-g 18. 60 25. 40 21.97 21.70 25.10 22.60
diabetes 18. 88 23.05 18.58 22.53 21.09 21.48
heart-statlog 20.37 16. 30 18.55 20. 74 19. 63 17.78
hepatitis 14. 84 13.55 15. 86 12.26 19.35 18. 06
horse-colic 18. 48 14.13 12. 06 16. 85 13.32 13.59
ionosphere 16.24 15.95 11. 68 9.40 8.83 8.83
kr-vs-kp 17.58 24.03 2.83 12. 86 1.13 1. 60
labor 22. 81 38. 60 16. 00 19.30 21.05 14. 04
mushroom 15.02 7.26 0.52 0. 60 0. 00 0.00
sick 14.74 1.75 2.16 3.71 1.25 1. 56
sonar 20. 67 34.62 19. 89 18.27 20. 67 14.90
spambase 15.28 33.69 9.47 8.04 6.59 5.02
tic-tac-toe 19.62 34. 66 17. 46 16. 28 18.27 10. 65
vote 16. 09 3.91 6. 00 8.74 4.37 4.60
climate 15.56 8.52 2.55 9.26 8.52 8.52
colic 19.29 14.13 18.39 17.39 14.13 12.23
monks 20. 83 21.99 1.95 22.45 3.01 0.46
steel-plates-faults 11.59 34.67 1.42 11.28 0. 00 0.77
Average 17.56 19.99 11. 63 14.02 11.94 10. 34
F7 T ANRETE[0.55,0. 75 WERERE (% ) FELER
Dataset MV PL STC CcC BMNC TTLNC
biodeg 79.71 82.65 80. 36 81. 14 81.42 83.79
breast-cancer 70. 34 70. 99 70.57 73.84 70.27 69. 98
breast-w 93.56 94. 88 93.90 94. 14 95. 14 94.74
credit-a 85.65 85.22 84.35 85.07 84.93 84.35
credit-g 71. 80 69. 60 72.70 70. 10 71.50 73.70
diabetes 70.78 69. 09 72. 44 73.42 76. 02 74. 86
heart-statlog 75.56 75.19 72.22 75.93 78. 15 77. 41
hepatitis 80. 00 79. 67 79. 17 80. 83 82.33 80. 67
horse-colic 84.17 84.72 86. 11 81.94 85.88 85.83
ionosphere 85.20 89. 47 85.18 85.47 87.77 84.33
kr-vs-kp 99. 09 94. 46 99. 06 94. 18 99. 09 98.97
labor 74. 00 72. 67 73.17 76. 67 77.17 79. 17
mushroom 100. 00 98.52 100. 00 100. 00 99. 98 100. 00
sick 98.20 97.67 98. 06 96. 16 98. 06 98. 01
sonar 67.57 72.29 65.07 62.79 67.21 71.29
spambase 88.96 90. 59 89.59 88. 16 90. 98 91. 65
tic-tac-toe 79. 05 70. 80 74. 69 73.83 76.31 78.58
vote 94.75 95. 63 94. 96 93.38 95. 40 95.19
climate 91.48 91.438 91.48 91.48 91.48 91.438
colic 82.25 80. 86 83.69 81.41 83.41 81.19
monks 94. 66 96. 28 96. 74 88. 61 97.21 96. 74
steel-plates-faults 100. 00 99. 64 100. 00 98.25 100. 00 100. 00

Average 84.85 84. 65 84.71 83.95 85.90 86. 00
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®8 TABRETE[0.55,0.75] RHIRFS b 9B /R 7 SE AR

MV PL STC CC BMNC | TTLNC
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®9 TARETE[0.55,0.75 ] BB FrE A B /R Bl e ARl
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(2)MVE: MVF )RR 2 B AR 5 70 /A
S n AT N T H A A5 BB R R
n = NTHEEIHER m ARG IR TF AT
G5, SR 5 X T R S AT O, FEAR 4 2 B
AR Wi LR 5 oS, R IRE R n IR, H
B BB S (1 S TN AR AR S 56 R MVE (1 n
WE N 10,m HEE N 3, Il 0 550 26 28 o KNN |
Naive Bayes 1 C4.5,H:H KNN ) &k (HIZ & M 1;

(3) CF: CF 1y AR K 2 A 800l 4R 4 o KA 4
) n AF5 T HA WS F5, BERRN n -1
NG IFE R I R AN AT HTIN S, K5
X4 TP B S AT T , 8K 5 X i 4 o Y S 4]
HEFTFO , 5 B AR D0 A AR SR LA [7] , D32 ST 451] Sy e
IR R b LB Bk D BRE A 0k, HE
FEAHIE AR 0 SR 0. AEAS LB b CF (9 n (HIX
10, B0 di ] C4. 5.

R LD by sE g & AT N AE TR
0.5.0.6.0.7.0.8 LA 0.9 W& LL T 247 1 5255, I 0¥
ili 1 E PN [l 8 ) TTLNC 7EB0E 46 21 1E /5 Y e
F RIS A o i

B2 ~7 4 R T AEAS TR 5 T il &4
T UEAR 1 TTLNC S A = BE 4 b M A L A i
JT R PRI F g5 . X L 45 R v DL AE AN R T
N A B4 5 A ENN MVF i CF 3o 8 45 19
TTLNC 758275 L I it it b 45 5 AR Rl 5 TTLNC
SRR PN (] 3 08 4 1) 298 RS A, % 8 12 P B 52 i)
AR R T HRERRGCR, B STC B34 F 0y g 2%
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—e— ENN —+— MVF CF CF
60.00 100.00 —e —o
50.00 b 90.00
S 40.00 15 80.00
=] B
@ 30.00 2 70.00
20.00 60.00
10.00 50.00
v
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0.5 0.6 0.7 0.8 0.9 40.00 0.5 0.6 0.7 0.8 0.9
Tk TG

516 WEFS LE(%)TEkr-vs-kp il aE 1 XS L 4s 2R

CEKA -5 B 7 B B AL AR 4 Leaves JEATS0HE. %
BRI 384 AT 63 HERFAE [ 5. A4S S B HR
S SR, X S IR R A A AE AMT -5 | i
AR TR A B I £ 23040 TR BRI e 4 e 2. I
1, Leaves %l 48 b 43 A~ S BT AR A5 2 AV T A1
PREE.

NI TAICM 0 K5k, AT Leaves

7 BRI (%) FEkr-vs-kp B AR 1o H 2 2R
FEIBCT O HA 5 R EE 4. 31X U A Ei s 4R 43 i)
Wi K Leavesl | Leaves2 | Leaves3 Fil Leaves4 , 3 44§ 48
AR BRI N 10 FroR. 4 B 4 Leavesl ” (1)
155 J2 11 W7 52 151) g BRUARE ik 38 S A AR I g 1] . Sl
e 142 S, Horp 46 A iE ] (BB i) 96
AR CRERE ) . Ay T R AT B A S 5] 1 22 MR 7S A i

IR 70 DAL T ARRIE T 1093 AMRIC.

R10 MONEIXSHELIFHERER
Dataset Task #Instances #Positives #Negatives #Labelers #Labels
Leaves] maple/alder 142 46 9% 70 1093
Leaves2 alder/poplar 89 43 46 53 400
Leaves3 eucalyptus/oak 140 45 95 66 930
Leavesd poplar/oak 143 48 95 68 994

Pl 8 FIIE 9 73 Bl 7R T 4 ANk AE A LS AL

Kl 1 A 1E )5 i W RS L AR TR Jo 8 Y 1R AR XS L 45
o DX EES AT A Y FR AT A TTLNC 553 e 1A
fLF MV PL.STC CC LI Jz BMNC 589k , ] LAAH /e 4

PRI EE EILTARIR 4536, R, il it FaR SR Ay L
B HAE T TTLNC 5k 7E S 3 St A &t [ it
i 1 A AT A
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E=IMV 3 PL E=3STC 3 CC E=E=BMNC TTLNC
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PR (] SR, e RSB T R AR A R S T S HCHE B o
T bR 0 5 ] I AR 7 22 NS00 s o A 4R DL
4 A E S A B LR SEE 45 R TTLNC 5 PL,
STC,CC .BMNC PUFf H i fe ek i e s 2 IR M B
O R AR BOE S M LU RTAS R o R P R R AR
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