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Deep Generative Crowdsourcing Learning with Worker Correlation Utilization

LI Shao-Yuan, WEI Meng-Long, HUANG Sheng-Jun

(College of Computer Science and Technology/College of Artificial Intelligence, Nanjing University of Aeronautics and Astronautics,
Nanjing 211106, China)

Abstract: Traditional supervised learning requires the ground truth labels for the training data, which can be difficult to collect in many
cases. In contrast, crowdsourcing learning collects noisy annotations from multiple non-expert workers and infers the latent true labels
through some aggregation approach. This study notices that existing deep crowdsourcing work do not sufficiently model worker
correlations, which however is shown to be helpful for learning by previous non-deep learning approaches. A deep generative
crowdsourcing learning model is proposed to combine the strength of deep neural networks (DNN) and at the same time exploit the
worker correlations. The model comprises a DNN classifier as a priori for the true labels, and one annotation generation process in which
a mixture model of workers’ reliabilities within each class is introduced for inter-worker correlation. To automatically trade-off between
the model complexity and data fitting, fully Bayesian inference is developed. Based on the natural-gradient stochastic variational
inference techniques developed for structured variational autoencoder (SVAE), variational message passing is combined for conjugate
parameters and stochastic gradient descent for DNN under a unified framework to conduct efficient end-to-end optimization.
Experimental results on 22 real world crowdsourcing data sets demonstrate the effectiveness of the proposed approach.
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) AR d X AR ) B 0 AR () 2 5 0 0 R B g, i T MO o AR 1 7 R e e A0 3 O TR
WK NE T4, Dawid A1 Skene®™ZH T DS B, oAl 4 2 A ifl 2 20 0 b5 v 2 68 ), JF 2 T 01 S8 B K
(expectation maximization, EM)PLAL 7 B AR MG THIL SR iE S brid E e 2, H TN DN EE R (E S
PRV BE ST 2 W T Al T S TSR RIS TGS R I I R FEIX 2R, AR Z A MRRVE A 0 L R A R 220 i
PRASEHL . bR A I E AR AT T 6 DS B HEAT St Ry g, JFEAS T RLAE ) 25 R 2,

T R FHREAERE 95 5, Raykar 25 NFIZE DS 05 5] N SB 401 )3 25 B 45 4 BUSERRIC I 6 0, JF2E T
EM 3R MR AR 40 28 88 MRV B S 80, 31X B G 7 AR by B LA 2R i 2 2K B8 S0 0, 81 s 7k
g3 e W31t 265 Y P 2 ) A0 VBV 55 45 2 AN AT I A T K R I, 5N IR P 28 I 4 DL &5 45 HL R ST A
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yi=k, gi=m A, A B8 vine [0, R4 | AMRTEF B REAKRTE o 5% M B, IURRYE Ly O MR 7T LA
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HEL B X, b L BRARR Y, G LLASE O={V={vim}, 7 ={adFIB A o A vl LS
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Ly 16 M0:7) = Eqyv 6.0 log———F—— 23
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T (0:7) 2 L0k 116,76, 7) (30)
B 22 30(30), SCHR[201PUEM] T A o)l 24 (23) AL T 5¢, R
max Ly 1610 7) Z T (M 7) (31)
HRA SCHR[20], AT LAHE S J() 5T noffIh B 4 F
VT =lne+ gt G X, L)) =]+ V, (L% 1161716,7),0) (32)

KO, nd T BURIN S5O A 10 R B A, M T ASCINBIE, X T, 0, n, I0ERBRIEH S
33
V, T =0, + LT # OE . ) ® LI*E . @)l -7, (33)

V,J=nl+Y E Wty =1, (34)

i=1 q"(
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V, T =10+ 2 IE . HEFIE,. | )T 7, (35)
I, g, Bk, IVRIOREE, AR g, = [0, 1[0 g, RELLp, Sh 814 A
BB 0, =7, 1O, T 9, T SRAIE n,, 7, & FIRFIES L0 Ly HhHG 4
TR TGRS S8y, BRIV T LT AT 1 UK B8 4 I o A 5 2051

BRI ZRSE R e, FEAIR SR ICBEAR . ARiE K RE T 2 80T LI 0] i 5670 Al 78 73 Ge v+ (A 391 22
Eq*(yi )t(yi)' Eq*(vjkm)t(vjkm) (EEIN

q (v

Ty, ?(Ber)

W)= oA (36)
Ty @(ﬂ;r()

VA L e T SRR SEBLARL. WTUAR B L b 2R I 2t I R AT EE, SRR IRARTE S B e, STIHE
B2 A, BT 5T ny, ng WOV S, SV S AT 0 B S B TR B TR UK, 5 R
o9 2% Y11 5 3oL FEAH 24

B L TR R R R P 2 e Ak 2 S Bk

N FEAR X={xq, ... X} bR Le{0,1,... KIVWY, S50 off 56 56 40 i (W 1 AR B 500 );

Wit ECSERRIC TR Y={yy, ... YN}

VIthtk: WIS 8 ne, 7 mv, e

Repeat:

52 6 71 176, RHEFEA xi, A28 2(27) T ST L BUSEAR IR B 40 A1 1) AR B8

[ 70, 77 v, REAFEA xi, A8 A 50 (Q0) V536 PG R 19 AR S 8,

W52 gy, g o A8 2 2(33)-20 RBB) T BL molty FLARBRIE VT, A I 10 A o 50 428 09 4% 25 K0 1
[Ev,J

X o pHEAT BEMLBG L T 5 5

until 2855 N 5 e, ) W S0 35 B 5 KB AR T B

T A 2 2X(36) 45 B 2L ST bR id O

Eq*(yi)t(yi) =

5 X Iy

51 KWEE

AR SCAS I SCHR[32] AR (1 1 A 22 b i o (18 v #idis 42, id o datasetl, dataset2. P4 £l 43 5l €4 7 700 7K
1 495 5K, XY 6 ANy 16 NS0 SRR S T ok A 18 A 15 AR E IIARTE, A5 FRi 0 N
FEARFAETH bR R R, I MacroF1 &5 5L 32 224) 41 /£[0.700,0.800], W12 HbriEs nl e, i Al IX W A~k
AT A S TE A ATV, SCBR[321M i &5 R i bmiE S H 1A 3] 10 B, K2 EMSR &
a8 G, b TR E SRR, AR EREARR 2 9 AMbRTER, JHE R 1 248 4 Fisher [
FRMIE. A SCHE & AR BT BT By AR 2], 133 22 A T RATSS B 4R

o XFELTIK

RICHIIE T 3 ARG MM AL 2% 2 77k, BdE: (1) AR AR B 2 2R MV (majority voting) /7
iy DS RN ST g N g AR SR U ) MaxEn ABEY, (2) A A 1] U9 43 28 B 1 N BT RRAC S 50 A IR
J3 2B R 5 1k YuteB 3) R B AR A DS (R 15 A 1 o UBE R BayesDGCIL.

A7 BayesDGC-w, 4% JEARTE H A OCHE, B0 T IOR AR PR H M=1 I,
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BayesDGC-w 2t 1 BayesDGC. AN FH ¥ A5 X 4% 4 S 28 4 0 BLSEFR i L S0 1N, BayesDGC-w 25+ 3C
BR[L2] AR TR VE (S B EBCC Jyik. BRIk, X TR 2L s BayesDGC, BayesDGC-w, A LR LE T
HOAAE AR AR AE (R B2 DL S 25 44, B BayesGC, BayesGC-w, LAy Sl 4% B 4 20 0 4 43 25 % R by
PSR IR (F &

AR5 5 BayesDGC-w A FH R [ 22 (15 s B0 100) R ANHLAE Ry iR BE P28 I 4% 43 5 38, TR GBI b 728
BOHBE A M=3, ZHvjm, 7, 1 ME BRI 58 & 565 Dir (v, | 47), Dir(z|a®), Dir(z, | 2°). % TAREF fE
S8 v, LK BH B0 e R WE N B =5, Bl =2, k=K', LUK BARE# SR TRENLRE M. X T o®eRS FI
PeRM H&ITCHM N 1.1 At FE R Adam Ak #8822 5] 2% % 0.001, 1% L% %L epochs=400. M=1 Itf,
HAZHATH RIFE A, £33 BayesDGC JyvESEH. AT #h & M 4% 53 25 %%, 193] BayesGC, BayesGC-w 5
. AR L v, BRT DS BB SR FH R VE R MR 2 AR R D, oAb R R SO I S ke .

h AR A 0 H s 56 25 2% S VA IR, AR SCEL 10%[K R RRBE ML AR B 10%-100% Eb 31 R A i, i3
10 RES S IIME S etk 2. T RS A 2 haid T4, R EA T4, U1 datasetl XM 6 42551
W, PRI R 1.24 AN IEARIE; dataset2 R [F) 16 S2RB1H, P4k E A HAT 1.80 AN IEkRiE. ASCRH
ROC Itk R IEi#1 AUC (area under the ROC curv){E J iF 4 545,

52 RWHER

3(a) i/~ T BayesDGC-w 5% Lh 5 VA7E 22 44 I 10 FlobniE L+ (220 AN 52 53) 19 739 AUC 454,
LUE B R JEARE TR MV 7RO 22, IR S AVEL )5 7% BayesDGC-w 5 BayesDGC iz iz fit T H:
iy B AR IR BE AL 7 325 T FE T bR 5% & F 1) BayesDGC-w (BayesGC-w) ff1°F-1) AUC LE & 2 [E A id o< R A
F 1) BayesDGC (BayesGC)f H 427, [l 3(b) 7R T Nemenyi K36 45 5. Nemenyitest & —Fl i kL %6,
KB 2 AT IRAE AN KRR LIk BB, & 3(b) L3Rk 2k 1 B 18R 85 T VA AE 220 WRSEE PR F
B4, BN TP HE4 2 22 K T AN B (eritical difference, CD)IN, W] —HAIEL T B FE R, HUA
A0, BIE CD SR A E, seie ks, Wk p EA K. % E p=0.05, 33|/ CD=0.70789. K2k
A 2 2/ T CD B o LLE B S EEAE UK 72 BayesDGC-w (BayesDGC) . 34t T~ HiAlh (1 JE 5
FE A7V, 2% FEARC 5= B F)JH #) BayesDGC-w 15 BayesDGC i 37T L.

0.82

2 og Crifical Distance=0.70789
% 8 7 6 5 4 3 2 1
0.88 —
0.86 MY ) BayesDGC-w
& F & & F oéﬁ 60:9 Ds BayesDGC
W & & &F MaxEn BayesGC-w
P
Yute BayesGC

(a) AUC T34 1H b

(b) Nemenyi £ 5%

K] 3 BayesDGC-w 5 HAh 7 Bl bb 5 ¥E7E 22 AU BE 4 B AUC BARIOR LB

FI RIS o HAT 5 v A B ot IR 50 1 NS00, B 4 gh i T 22 AN AR i B AR Se i AR, wr B
FE: ERZHNEULF, AL BayesDGC-w JyvkAs e M T I0Ah ik, BAG bR O3S N, #7741 AUC
ROR R RaE ETE. S R A4S B ) BayesDGC-w, BayesDGC, Yutc 75 vERT b, TG HFEFRVE S DY
TR (< 40%), AN A FR T B9 LR 5 ¥ (MV, DS, MaxEn, BayesGC, BayesGC-w)%{ S A& #ir, b5
BayesDGC-w, BayesDGC JyVEAA7E W 7200, 1X U IR AR AR A0 & BEZE 1) T AME B T4 A 4k B )9 43 2
PRI Yute Jrik, HAERSE IR datasetl 1=6 LL K dataset2 1=3, 14, 16 LH(FS nf L 3L 28 00 45 (O350 R e
SeRrdnde, n dataset2 1=5, 10, 13 &5 IEATEE. NI RE AL A A 26 R AR A 53 % P T AU S0 45 i 7 ZE (A R AR 45
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4B, JF A Yute 5 ik K AR DU S LA 1S 2 R0 B U B AR K. 1 BayesDGC-w, BayesDGC (13 i #1142
W 2 B TR 8 A ST RE 0, L DU HET A S BLA RIS SR S, NI T E T S HUE . XTI
BayesDGC-w (BayesGC-w)5 BayesDGC (BayesGC)nJ LA 3, F b5 id 38 AH IS Bh T oo A 2% 21 3R
KESCBR[L2] T S5 B TS I ISECE M AN [ AR IS AR S IR ROR.

dataset! =1

40% 0%
Number of Annotations
dataset! =5

40% T0% 100%
Number of Annotations

AUC
M
LY
-
I

40% T0% 100%

Number of Annotations
dataset? =7

40% TO0% 100%

Number of Annotations

dataset2 I=11

A0% T0% 100%
Number of Annotations

F
10%

_}W

100%

J dataset! =2 q dataset? =3 J dataset! =4
.
0.9 T
o -
3 0.8, ’F
(1 /
0.6 06
10% 40% To% 100% 10% 40% 0% 100% 10% 40% 0% 100%
MNumber of Annotations Number of Annotations Number of Annotations
dataset1 =6 12 dataset? =1 J dataset? =2
ool I
[ 1
08
g = 0.8
<07 ?
06 0.6
osb— 0.4 oA
10% 40% TO% 100% 0% 40% To% 100% 10% 40% To% 100%
Number of Annclations Number of Annoclations Number of Annclations

dataset? =4

04

10% A0% T0% 100%

Number of Annclations
dataset? =8

oAl
10% 40% TO% 100%
Number of Annclations
dataset? 1=12
1.2 e s

0.4 —
10% A0% T0% 100%
Number of Annotations

21=1
12 Salanetd Im1D

04 -
10%

A0% 0% 100%

Number of Annctations

DS -F MaxEn —FYutc

| BayesGC

AUC

40% 0%
Number of Annoclations

100%

. dataset2ng

0% 100%

’ 415% ’
Number of Annoclations

dataset? =13

T0% 100%

40%
Number of Annotations

0.4 -
10%

dataset? I=16

40% To% 100%

Number of Annotations

Kl 4 H70E7E 22 AN SUSEHE AR I AUC 453

ool
10% 40%. TO% 100%
Number of Annclations
dataset? I=10

‘.;,;‘:F» o
¥

40%. TO% 100%

Number of Annclations

dataset? I=14

T0% 100%

40%
MNumber of Annotations

- BayesDGC - BayesGC-w —-BayesDGC-w
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53 SH#ITe

AT THE TS A T 2RA M X BayesDGC-w A8 (15400, 8] 5 FTon I 1E 4 S50 48 FAfH 100%
FR¥E, M=1, 3, 5, 10, 20, 30 iX 6 Rl A [A] B (& I, BayesDGC-w (f] AUC &5 5. M=1 254 T A% b e v (1 1
JB. X P T AL R (1) dataset2 1=1, 12 %) B % R FRTE & A S PE(M>1 I8 A Bl T 25035 2% 21 (1%
JE; (2) dataset2 1=3, 11 % B 7J 4 H it 2 (M=20, 30) I A 24 3] (6 T, 32 R ARid & 781 2 5 vim MIR
B, 3 BRI B2 5 B N R AR DRIk, ASCsa s AR AR M A R, WE T RBE N
M=3, Z )i B AR & 8 01 S H0E WA B AE S DU 27 5 # FE X — ) S AT IR R .

alagel? =1 dalaset2 1=12 dalasel |= dalasel2 |=11
g2 dalase 0,988 alase . alasel? 1=3 0.961 alasel? |-
0.98 0.986
096G
3} O
3 0478 3 0584 3
4 I
0.959
976 0582
< 1]
574 - - -~ -~ 050 § 0 656
1 3 5 0 20 30 1 3 3 0 20 30 1 3 5 0 20 30 1 3 -] w20 30
M value M value M value M value

5 2% M AFEIEUE N BayesDGC-w 2 >) %R (1) 5% i
6 ZARIE

ARSI T PR AR 2 A A R B A s o 2 U5 ik, T A b 2B st A v LN A5 2 B
FRES IR AR, SEEUPRTE A OGP E 2. 7 SO VUM S e, BT S5 MR8 0 g as AL BOR, AR
FIRE A3 A (R S HE G5 KR 0T, K5 A 00 T S AR 3ot 55 o 2 190 2% 2 B BB J52 I Ik 2 5 S 0 o 381 i M s 280 U A, 3
BT EM SR AT R 5 ik ISR SOT . S AL, TR AR R TR 3 RS HO TR R AOR
SRR, a8 TAR R 18 NS BOE W A 0 AR 25 DU 27 50 BRI — W AT IR R, I 2l bR 2 4l
RN R RSBy 2 22 bR A0 A B 2 20 Tl B AR KR AT 0% AR L
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