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Multi-label Crowdsourcing Learning

LI Shao-Yuan, JIANG Yuan

(State Key Laboratory for Novel Software Technology (Nanjing University), Nanjing 210023, China)

Abstract: Previous multi-label learning requires that all or at least a subset of ground truth labels is given for the training example. This
study investigates how to utilize the wisdom of crowds for multi-label tasks, where rather than high cost ground truth labels, imperfect
annotations from crowds are collected for learning. The target is to infer the instances’ ground truth labels. The key challenge lies in how
to aggregate the noisy annotations. Different from previous crowdsourcing works on single-label problems which ignore the correlation
between labels, and multi-label works which consider local label correlations whose estimation heavily depends on the annotations’
quality and quantity, this study proposes an approach considering the global low rank structure of the crowds’ annotations. Regarding the
crowds’ annotations for multi-label tasks as a three-way tensor (instance, label, worker), the crowds’ annotations are firstly preconditioned
using low rank tensor completion, such that it is able to simultaneously correct the observed noisy annotations and at the same time
predict the unobserved annotations. After that, the preconditioned annotations are aggregated through some heuristic methods. Three
aggregation methods taking into account the crowds’ annotation confidence from different perspectives are tested. Experimental results on
real world multi-label crowdsourcing data sets demonstrate the superiority of the proposed approach.

Key words: multi-label learning; crowdsourcing; low rank; tensor approximation; aggregation
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FE 81 B AR AL 27 SIS AN RE A RS SRS 23 AR 56, T 78 B0 5 1 AR 45 v, — AR AT BRI 5 2 A W
R 7 B 2 p IR IR T DT AR G i 3 A R s B AN R RS
LRI RE, WOFT AR Bk, B RA AN T A B RE AR 55, 2 bRac A ST N LS A ST 4% 1 T L 5T
D7 1) R 2 T 48 A 4 B4,

26 1) 22 b 2 30 7 R B SR ZR B AR TN AT s 3 a8 /05 5 1 L S bR e 6 2 AR BT 45 T 5 L SR D 2
AN B B H AN 5y 3R I 98 95— 7 T, b i 2 S8 b i 75 AT 5 0 i & K U B O B RRIN 5 —
T B 2 A 10 FE A 75 B2 AR A A3 U AR 1 & 75 5 2 B RE AAH G, bR il B0 L 2 I i 1E A 1) 20 A A
IHE ) BE A BT & HL i AMT(Amazon mechanical turk),Crowdsflower (1] H: B, A B, 34 T —Fh 397 (1 58 45 5 3Kk
HORRAE 10 77 2 AN 7] T B SR AT 4 SRR , A B K AR A 55 23 B0 25 5 7 100 1R A ¢ e 4 K 8 11 M 45 R 381, ey
THES F AR AT REIUES O T 3RA3 s i 1A i, O T 5 L gh 2 N FRiE AR G il 2 Mt 45 1
DA VF AR 1) L SE A i

AL REAL I T 1 2 bRl 2% 3L R AT AR 53 5 1 % AR A L SEAR L AT 55 3 2 TR 45 2 AN 75 4 3R
1R FFRE, % 2 H AR AT REAREE (M 3R 5 SFR i P Al T 2 1) L SE R i3 — ) 11 DG S T B o il 45 )
B bR LAE (K 0T 6 T 2 B4 rp e i 1) U180 0 2 BRACAE 55 0 ik 2 A B bR A0 AT 55, bR Ak
0,25 3] 730 n LA 3 I AR SR 5 10 B T A (AR S T A BB R AR K R AT B TR AE I RUOR . 2
Frac 2 2 T O I IF 7T TAE I AR 2D, SCHR[16-18] 7% RE T8 i ox A 7 sUIBCEE b e S b (8] 96 R Al v 2 A i 8] 2
YR A6 I ) e 8L, SCHR (29,200 0] 43 5310 2% 1S AR FP A Vs T S 17 HS 00 10 A8E 30 B bt it ) 4% 1 AH Sk DU &2 7
AR B hR e, ) R O R R b T A S PR A T 4 SR AR AR b S B bR i B R R 1 R .

A SN 2t R H R, BB bR v B 4 R 5 4 0% R A FH S B AR T ALL ¥ T BB P 22 B AR A A 2 )
BRI LUT P ACL) X T 2 AR 0 AT 45 R U, L SR I AR B T BE AR AE AR &5 44;2) FEARid & I AR AT T~
ZANBREE B bR FRE AT 45, Hobr i 45 & BARBEE . N Uk, 2 A3 L R A b i 45 B3k T A7 A8 MRk 1 45 40 5%
Z [ I 2 18 L SR A [A) R0 22 AN AR VA 3 b 45 SR T PRIAEG R 5 ), AT Tt — 5 R Ak ke B ) S B8 7 5
BAVE bR 45 AL U = A 0 9 R (RE AR, b id bm i ), F AR Ak 51 0 b A 119 77 725 WO 48 38 1) e e AT 4k 38, DAL [
BIA B A B 19:1) R O bR 2) fh A hn i 5 R AR OREA B bR 45 1.2 5, AT ik 4 2
Ja bR LA, IR T 3 R IR E T I R S 2 ARl v BB A L EAR T BRI S H B R, 2 A L
WARP RIS R e IR B A oo N K (7 AR S N NS e R B 2 L o 11 s W e R T P O 2 WA S

KRICH AT bR 2 X A OC TAE 28 2 T4 ARSI 7 vk 56 3 e i sk i &5 R e 5 B 454 3

1 #HxIE

AT AR A R 2 bl AL ) AH DG AR, B AR Z AR 2 2 A ) RFRIK Bl

o ZiridF

AR 10 248 R 2 T4 th ok, LLAL B 22 A5 i 2% 2] ] L g 422 11 3R I A2 B 22 B ad A 550 it S 2 Ak
SR 4y 2 ] AR T BRAR AT AR 2 3 VR P S s T8 3B B R kR ) O R T R A ) O R
ZWHA B T 5 SRR A SUAR S AT 55 W Bl 1 12 2 IR G AL, 1K 8 T 2 b 22 33 R A id i)
AN R G 4 TR T %, a0 SCR [2217% FEBR AL TR A T2 &5 7, STk [23]25 FE A i TB) B T R0 1) TG 34 I 5 4 B 7 S8 s IR A
0G5 2 AN A A TR AT B8 FR A0 55 R 0 AR, S b0 HE 5 10 S (229 g 22 hR AT AT 45 Ak A b A0 R ),
SRAAANEEA I IE bR A0 HELE SR T 2 T RE A 275 38 5 1 S i 25200 A5 P b A JE D368 B AS 0 TR AE, LA AE AR 1)
Femr A B 2 AR IE M) 6 R L1 2 bR id 2% 20 T R SR GRRE A H A B S b ac, 70 352 B . A oh 2 SE AR i 2 )
AN G SR B

o XA

Bfi 5 A% L1 & 4 AMT(Amazon mechanical turk),Crowdflower 25 (%) H 8L, 2k 6 3 4 — Fh 3k B B B3
FEWCAE 7 2 T At bride ok B PT REARAE I AR T K, R DOBR ¥ A Al T 0 SEAR e 8 A A 2 33 1 3 B 00 AL DA
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TR TAE AL P70 bR ICAT 55 b 0 FR v 3 (FR T B8 0 A 76 P Bk 0 B S A i 1) 8 7 O 106, 0 ik Ak
e JRRRE TRY 1) 7 95 ) WA RV 5 ARV RE g R 20 S AR g B2 48] 2 R0 45 7 T, SCHR[13, 18] 4R KE A T A
AT BE A5 id, R A A i 3R] R B0 B R 5 DA U1 B0 2 IR 45 8 00 28 SCHIR[16, 17108 3 o) 1) bR 12 () A2+ Ok R T M A
TC 2 VR S50 3 F A AR AR B SE b A D6 A B0 T i B bR i A 4 30 7, I N b 1A 96 & R R LS
HR[18]42 tH — b 2% R b 12 3 () H I R A 6 O B8 il 1 B Sbm i 1R D7 925, SCHR[L9]4R R T 3 Bk 12 ¢ % i b i
31 B S STRRAC ] ) 2% A4 A DG K 22 Bk i i 80 3 10 A 22 49288 1) 8, DA 1A R S S bR i BT STk [ 18], 3¢
HR[20]R 4 T — Fh A bR 10 3 [F) H B 4 ¢ 2 1 07 7. DA b AR I A i 00 R AR R A A i () Jm i o0 R 3
A 15 AR R0 b 52 380 AR P 0 B P 5 T A ST U MR v 3 R L A7 ARk 45 40 O B oK 28 R A it AR DG k.

o AR T
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Pk S5 M B A s 426 7T DL bl L AR 2R R A1 6 TR B R B R R O B AT R AR 45 4 TR [27] N ER 18 L AE B i
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3,03 (X), 3L, ()R ARHIRE X 5 § BRI 27 503K B T 5 A 7 BEE R, 1 X e R 2275 n sk
BEMOERIIRN X, 1S < 0. T LU Sk TR T 4 fF (unfold)#e i i S E e, U dn 3R 5 K SRR T
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ek B AR v, s B ik AR AR B 29 3. 2 B ARk, 58 ke R A 1 A B AR I i Z SR AR R K A I B S
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J5¥% SILRTC(simple low rank tensor completion) i #. ) SE I, I H H 30 (1) 22 Fh iz 6f Lt 36 B SILRTC J7 k3R
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DA 84— F SILRTC J5 ik, SCRR[34] 5 XK e p103ds v 5k

IXlh=2 allX,ll st > =1 ¢=0l=1.,n )
1=1,...,n 1=1,...,n
KB, o VO B S50 A BN 2 A AL B A%, 5K 142 1 B bs v DU % i h
mlin > 1 X, ll st X, =T, 3)
o 1=l,...n

H T8 AU B TR TT B AR oy I AN TLARARST g T BENE 23 Joll A ST ISR A vy, [FIAE S H OB My A5 TN B4R
At R AR R DI A 1) A e A D R R TR KL

g‘,\iﬂn z a [IM, |L+ﬁ”X(|)_M| ”52: st X,=1, 4)

R E | 2
SR LS BRI 7 My Moy, . M 35 e ML T LU 25 S b o A L3 010 0, A 30— 4
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o fitky
[ 5 My,Ma,..., My Sk CAI1S & 56T it Ak il 1k
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1=1,...,n
U, 7 P S A
> fold, (M) -
i 2 TV i Jeo
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min LM, — 1, [+ 1M, . ™

R A 1 A A 1T A B R A AR B X Mi=D (), =il 3K BL D (X) RN K X AT A 4 i
X=USVT (46 557, 20 SO DAX)=UZ VT Hh, X =diag(max(ci—7,0)).

BT 2 3 (4) A A 1) 8, LAl 8 T ) A3 307 A Ak 1, b SCR 390 mT 20, A5 FH 43 B A b Bk ]
DAPRIE S S0 8 e A A
2.4 IMEREREHE

A P T (AR G 5K kD A ¥ s 5K A T Ak L, R R A A A7 A IR R S W 56 R AE W 403K,
WAV BN T A2 5 1brid 25 H1) R REAR IR bR D b BRATIRAG T FT AT b A 3 16 ] R b i (i T
2) B JEAS IS 1 B O A {+ 1, 1,03 (4 B R 7s IE AR S s Tobmic) AREE Ab B 2 J5 I ARTE AT 755
{10 S AR, T P2 3% 468 11 S B0 TR 9 AR AR T v BRATT X A B 2 AR 4 SR &, 2R T 3 Bl il ok
TR AR IR FL S AR

WAL FE 2 5 AR TR R X AT X e RN, Xy Fom 8 t MR A | MRS § AN bRl L ibs
TE A V2R A B AR TE 2.

1) Signed Voting

AN RS E HE A B, FUR) AR 45 B 55 5 B AR A FEAR I A FRd b ek Hobr v 45 5 00 755 i

Zy= Ztsign()?ﬁj)/M (8)
2) Valued Voting
2 [8 BIFRVE IO AE AT DL AR 5 1T AR R B B PR AR 2 8 18 R — SRR AR I [ —#id b a2t

Xy =0.9, Xy =01, WIFRARicd j AT Al AR AEAS i (¥ IE A5 d. XL, Valued Voting I A b i i (¥ ) H:

7= Xy /M 9
3) Entropy Voting
45 SCRR[40] H 1 TG W B A 1 7 v AR AR A bR ad b R BEAS b i o i T — A A5 SRR PR B A A
SR TTAM T Z ARYEAE SR B AR B AEREAS IR LR A K entropy () 8/ (OK), 78 HEARTE
PN A TR RO (M), B 2 gl A mT A5 (AN R ). AT b A5 P s B0 3 v B A v o L
TG BRI ARICAT ST A ARVE ORI RR A 5 A A D [0, 1158 FE A b v A

I;jtij = (i}tij —min ‘;E‘:.:,:)/(maX min A?/\; —min ‘)2) (10)
RIGTEEMRIE | EUF BRI t AR
HY =~(1/N)Y. B log(B;) + (L- B log(1- By) (11)

Mk j B AnEE t M RECh
Clj _ 1—KeH‘Hl (12)
Ztl—l('e \
e A (R FIN 25 51k
;=3 (ciX;)/M (13)

g AR E AN, AT X 3 FlbRig il G vk, AT 2] 3 By vk TencSign. TencVal 1 TencEnt.

VE R BIASCH L R 2 b SEAE RORR C TR, AR A AR A0 IR DR/ HE P 7T BLAS BARAC A HE P 45 R BLEE R AR
25 S JTE R R S A R BR T MV DSR2 M 2 PR ) SR FR A B 22 A Ak B 5 v ) i
W2 AR50 R IEARIC IR AR 0 T3R5 3 SRV 8 5, 7 SR TN (8 4850180 (K 23 DA PR RRE 2 i b () AR A
faj s DL 0.5 VE R R, 1 MV L O 1E g BB ARAT 2 Fic 2% X o, 23 8 45 SR 52 ) 49 1 4L 1 52 Wi AR OK A AR ST (1 52
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By, N T 3R A1 3 S 25 RN VG TE V54 SR bR I, AT B A T VETE & A FEAS B A 0 P R
7 K TR S K 1 Kk ANARAE T A 1 AR, FEA TR A S id, 30 ko IR 1 2L I AR IR AN AR X,
N T VRIS ER RATH B T & FEA ) B SEAR LB B AR S, T I AR SE B B vh o2 AN rl AT 1 52 B B b, 3
AT 53 R LA 1R AR B0 2% 20 525 ) LR T A i 18R e T 1 A w1 R Al D) 1) 23 2R 45 1L ) DA S 2 bR
VR A B 27 2 T35 X /AN E 43 B A WO L 0 SR 0 A8 P SR [4T472 3 1) B AR 7 9327 ) R T REAS IR IE 47
P it B A B 00, AT 1T LA 380 43 ST 25 2R

ASCE A AR s,

&% TencSign, TencVal, TencEnt.

BINM AMFRIEZTE N AMFEA L ANRIC B kR K& ye{+1,-1,03"N" 2% 0=[1/3,1/3,1/3],4=[0.1,0.1,0.1].

By - LSRR TN AR Z e RN J0rh 2, R8T AMREA R § ANFR g 0 T0000 4.

IR AR o B D4 IR AR I

(1) &1e’

(2) While |X¥-X|5=¢

(B) Mi=Dxq) fori=1,2,...,n

[Ziﬂifoldi(Mi)] v (ipiyyeni )2 2

(4) ‘Xil,iz ..... [ Z,ﬂ. i i i

10 oo ? (ipsip.eniy) € 2
5) End
HARTE RS

(6) TencSign: z; =" sign(&;)/M (4 3X(8))
(7) Tencval: z; =Y & /M (A3X(9))
(8) TencEnt: z; =" (cj&y)/M (AKX (13)),Hrh, ¢f i (12) i H A3 2]

[l

3 X B
3.1 LWEE
T HRAFE I R 2 ARl A S RAITE AMT “F & ERAT T FEARFIFR G EH A [R5 A/ B G bs A
% WAL A BE I R g bR i 3, B SR AR i 3 B A ic A Th 45 I AR ae S X W TRAT 45 I RE 4 A5 S0 R
e Imagel:Imagel ZFEEE L& 700 5K Fr,6 MNRBIAPEL. V. . . WL HEB/HE PR E
R 124 AMpid A 18 2Rt AR M B R B H R T 70 5K SFI A AARTE T 267 sk f,
RETRE AR T 7 LIRS 28 878 AR

o Image2:Image2 HHf4E 07 1 695 7K I 1,16 AN KB BE. vk W, L. WL BHHE/HE%. fE. e
B 5. Wl . £ A B0 RSP PHEKE R 1.80 Maid 847 15 2 b # bx,
B FRAC B 80 H A DT 100 gk PR ARRE T 397 5K I8 7 R0k B bR T 10 ok SRl )
96 640 M FRiE.

TR HAE AR JE B ST AR I AR SCHEF bmvE . o T RO B A AR e B A T TR, AT T — L
AR TR 43 BT RN B i 2 (R b v &5 R, FRATTNS LA (R A A (0 v 0 L SE A 2 A0S L, I Macro FL #7556
FRvEAENf S . Macro F1 & —Fhi I 2 il o R e vEAN Fia br, 1H 807 X8 BN 2800 E FL score 1738, L HUE
U J5[0,1].Macro F1 8K, U AR 45 Bl L i hnic . I N EOR 4R B &AM PR 1 Macro FL &5 480l
F:Imagel I,18 #4534 ) Macro F1 E 4% >4 {0.616,0.6880,0.758,0.765,0.781,0.785,0.796,0.797,0.801,0.821,
0.826,0.829,0.829,0.833,0.835,0.847,0.851,0.911};7F Image2 |-,15 4 ¥5yi# ) Macro F1 {843 54&{0.597,0.705,
0.7530,0.7550,0.7570,0.760,0.761,0.765,0.777,0.777,0.780,0.794,0.779,0.827,0.847}. th . Fe 1 1 7] LLF 5, &% M hRiE:
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H ) Macro F1 &5 54 ASAH [, {5 35 2293 4 £1£[0.700,0.8001 .2 18], 1t W A8 40 A BIARYE AT Ll A B30 b v o i
LT
3.2 XA ERIEMAEN

TRAIXT LT 4 Fli % FEFRAC 1A % R (¥ 2 b0 AL J7 % D-DS. P-DS. ND-DSM™, MLNB! 71 D-DS. P-DS
1 FH A5 ic 7 $E (label powerset). #xic % (label pair) (¥ 4321 J5 20K 2 AN bR e I 20 A 4 0RAN 28000, 4 2 i il L g%
o 253 2R 18] 7L AR JE A T A FRAC AL J7 78 DS Ok %% 21 ;ND-DS AR B )b e B A Hh 2% ST B i 18] 1R 2% A1 AH 56
P DS T REA B SRR IE; MLNB 7R 5 bRIC A 77k DS o A A ic 36 [A) H B0 B M 245 A b b 9% &Rt oh, 3R
ML 4 Pl 1 F 28R fee R 1 AR At 5 i MV, KOSHH, DSML. MaxEnlM i 7 b Bl 14 £ b AT
55 R 2 AL SRR AR 55 70 R AR L 20 AT H BRI AR TV 0 T & AN TR M S0 B TR I 2 8
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Table 1 Results (meantstd.) on Imagel, nw denotes the number of workers
F 1 Imagel Hfidk b2 M7k n 256 45 B (mean £ std.),nw KRR #E 4 H

ik nw=1 nw=3 nw=5 nw=7 nw=9 nw=11 nw=13 nw=15
D-DS .131+.056 | .096+.007 | .089+.009 | .084+.013 | .077+.011 | .072+.005 | .069+.001 | .066+.001
P-DS 174+.024 | .172+.009 | .172+.005 | .168+.007 | .165+.006 | .164+.003 | .163+.001 | .161+.000
ND-DS | .131+.056 | .088+.009 | .080+.007 | .074+.010 | .068+.008 | .063+.004 | .059+.002 | .056+.000
MLNB | .343+.019 | .320+.004 | .321+.004 | .324+.001 | .315+.008 | .317+.006 | .317+.004 | .317+.002
Hamming MV 214+.114 | .115+.023 | .091+.022 | .079+.018 | .067+.013 | .055+.006 | .051+.002 | .047+.002
loss DS .199+.101 | .110+.024 | .102+.013 | .096+.018 | .085+.012 | .076+.011 | .070+.003 | .060+.016
KOS .369+.000 | .116+.020 | .094+.022 | .081+.022 | .072+.011 | .066+.013 | .067+.002 | .057+.010
MaxEn | .197+.103 | .113+.018 | .087+.019 | .071+.019 | .061+.015 | .054+.007 | .049+.003 | .047+.003
TencSign | .203+.100 | .113+.024 | .086+.016 | .073+.013 | .061+.009 | .051+.006 | .047+.001 | .042+.002
TencVal | .168+.077 | .089+.017 | .070+.017 | .060£.015 | .051+.010 | .044+.005 | .041+.003 | .037+.002
TencEnt | .168+.077 | .089+.016 | .070+.017 | .060+.015 | .050+.011 | .844+.007 | .041+.004 | .039+.003
D-DS 466+.341 | .723+.065 | .768+.053 | .797+.050 | .826+.037 | .846+.016 | .855+.003 | .860+.004
P-DS .243+.183 | .350+.064 | .365+.045 | .381+.040 | .397+.028 | .408+.013 | .414+.004 | .417+.003
ND-DS | .467+.341 | .734+.070 | .780+.053 | .812+.049 | .836+.037 | .857+.017 | .868+.008 | .875+.004
MLNB | .141+.041 | .192+.014 | .189+.011 | .186+.006 | .207+.016 | .204+.017 | .204+.011 | .206+.008
MV 465+.280 | .703+.062 | .766+.057 | .798+.047 | .829+.035 | .859+.014 | .870+.008 | .881+.006
MacF1 DS 496+.259 | .718+.064 | .737+.036 | .748+.044 | .777+.031 | .801+.027 | .815+.008 | .844+.016
KOS .082+.023 | .707+.054 | .765+.053 | .806+.056 | .828+.029 | .845+.030 | .840+.007 | .864+.024
MaxEn | .505+.259 | .709+.048 | .778+.050 | .820+.049 | .846+.038 | .865+.017 | .876+.010 | .880+.008
TencSign | .499+.241 | .712+.064 | .779+.042 | .815+.032 | .846+.023 | .871+.014 | .882+.004 | .894+.006
TencVal | 577+.199 | .770+.047 | .821+.047 | .848+.040 | .873+.028 | .890+.015 | .899+.008 | .907+.006
TencEnt | .577+.199 | .769+.042 | .820+.046 | .846+.040 | .874+.030 | .890+.017 | .898+.012 | .904+.009
D-DS .691+.189 | .825+.029 | .850+.033 | .868+.035 | .888+.026 | .901+.011 | .907+.003 | .911+.006
P-DS .552+.087 | .575+.043 | .568+.023 | .575+.019 | .582+.014 | .588+.006 | .590+.003 | .591+.002
ND-DS | .690+.189 | .839+.038 | .865+.029 | .887+.027 | .907+.023 | .921+.011 | .928+.005 | .932+.003
MLNB | .437+.003 | .446+.008 | .436+.003 | .432+.010 | .442+.012 | .439+.014 | .441+.009 | .437+.004
Average MV .690+.189 | .851+.043 | .886+.035 | .908+.030 | .927+.021 | .939+.010 | .945+.003 | .950+.002
precision DS 687+.173 | .835+.041 | .849+.020 | .859+.028 | .878+.023 | .895+.018 | .905+.005 | .918+.008
KOS 434+.000 | .825+.033 | .863+.032 | .883+.030 | .900+.017 | .907+.014 | .909+.006 | .920+.014
MaxEn | .692+.167 | .829+.028 | .868+.033 | .896+.029 | .914+.024 | .926+.009 | .931+.004 | .936+.004
TencSign | .705+.169 | .853+.042 | .889+.031 | .910+.025 | .927+.018 | .939+.009 | .944+.002 | .950+.003
TencVal | .746+.148 | .865+.040 | .894+.034 | .911+.028 | .928+.019 | .940+.009 | .946+.005 | .951+.003
TencEnt | .746+.148 | .861+.035 | .892+.034 | .905+.030 | .929+.020 | .940+.010 | .945+.007 | .949+.005
D-DS 529+.343 | .268+.071 | .222+.064 | .192+.061 | .162+.040 | .141+.019 | .131+.007 | .126+.008
P-DS 770+.173 | .671+.064 | .657+.044 | .642+.039 | .626+.027 | .615+.012 | .610+.004 | .607+.003
ND-DS | .529+.343 | .267+.077 | .219+.060 | .187+.052 | .165+.038 | .145+.019 | .133+.009 | .128+.006
MLNB | .727+.192 | .553+.036 | .542+.032 | .531+.021 | .512+.011 | .507+.020 | .498+.011 | .507+.004
Ranking MV 529+.343 | .229+.084 | .165+.069 | .123+.059 | .087+.039 | .063+.017 | .052+.006 | .045+.006
loss DS .396+.257 | .160+.061 | .126+.042 | .104+.038 | .082+.027 | .065+.015 | .057+.005 | .048+.006
KOS 1.00+.150 | .205+.075 | .145+.066 | .120+.049 | .096+.034 | .083+.013 | .071+.008 | .066+.012
MaxEn | .386+.257 | .163+.054 | .118+.049 | .088+.042 | .065+.028 | .051+.011 | .044+.003 | .038+.003
TencSign | .482+.290 | .224+.084 | .151+.054 | .109+.042 | .078+.027 | .058+.016 | .047+.004 | .040+.005
TencVal | .221+.077 | .096+.039 | .068+.027 | .055+.023 | .042+.016 | .033+.005 | .029+.003 | .026+.002
TencEnt | .221+.077 | .096+.041 | .072+.033 | .058+.030 | .042+.017 | .033+.006 | .029+.004 | .027+.002

Table 2 Results (meantstd.) on Image2, nw denotes the number of workers
% 2 Image2 F¥gE L 2 Pl v 1 S8 45 R (mean £ std. ), nw R 7R bR E T H

Rk nw=1 nw=3 nw=5 nw=7 nw=9 nw=11 nw=13 nw=15
D-DS .109+.001 | .071+.016 | .069+.011 | .067+.008 | .059+.002 | .057+.002 | .056+.000 | .055+.000
P-DS .114+.000 | .109+.001 | .108+.001 | .107+.001 | .107+.001 | .107+.000 | .106+.000 | .107+.000
ND-DS | .126+.000 | .063+.001 | .0624.001 | .059+.001 | .050+.001 | .048+.000 | .048+.000 | .091+.000
MLNB | .204+.000 | .200+.002 | .199+.002 | .199+.001 | .199+.001 | .198+.001 | .199+.001 | .198+.009
Hamming MV .192+.002 | .104+.037 | .089+.029 | .075+.022 | .054+.007 | .044+.002 | .040+.001 | .036+.000
loss DS .191+.003 | .100+.037 | .087+.028 | .073+.020 | .057+.006 | .054+.001 | .054+.001 | .052+.003
KOS .205+.000 | .102+.036 | .096+.022 | .086+.016 | .070+.003 | .067+.004 | .066+.003 | .069+.000
MaxEn | .191+.002 | .100+.039 | .086+.031 | .072+.023 | .051+.007 | .043+.001 | .040+.001 | .038+.000
TencSign | .187+.012 | .098+.030 | .083+.025 | .067+.020 | .047+.006 | .038+.002 | .035+.001 | .030+.000
TencVal | .152+.005 | .076+.031 | .065+.026 | .054+.018 | .039+.006 | .032+.000 | .031+.000 | .029+.000
TencEnt | .152+.005 | .080+.030 | .068+.026 | .057+.017 | .042+.005 | .035+.001 | .034+.000 | .032+.000
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Table 2 Results (meantstd.) on Image2, nw denotes the number of workers (Continued)
F 2 Image2 HI A b2 Rk 1 9L 56 45 (mean £ std.),nw KR AR £ H (47)

Hk nw=1 nw=3 nw=>5 nw=7 nw=9 nw=11 nw=13 nw=15
D-DS .076+.016 | .569+.220 | .621+.161 | .670+.100 | .752+.028 | .777+.008 | .784+.006 | .793+.000
P-DS .014+.015 | .131+.210 | .142+.152 | .148+.110 | .157+.030 | .157+.009 | .162+.007 | .161+.000
ND-DS .021+.013 | .657+.190 | .678+.147 | .705+.107 | .767+.028 | .779+.008 | .786%.008 | .601+.000
MLNB .077+.003 | .104+.011 | .106£.012 | .108+.009 | .109+.008 | .115+.004 | .1144+.009 | .113+.009
MV .134+.014 | .555+.188 | .612+.153 | .674+.114 | .773+.039 | .815+.011 | .835+.007 | .850+.000
MacF1 DS .141+.015 | .578+.184 | .629+.143 | .686+.101 | .759+.032 | .765+.005 | .7604.005 | .770+.003
KOS .073+.013 | .567+.185 | .593+.127 | .639+.090 | .711+.022 | .733+.014 | .738+.010 | .726+.000
MaxEn .141+.013 | .575+.195 | .631+.161 | .690+.119 | .786+.038 | .826+.007 | .836+.004 | .844+.000
TencSign | .156+.055 | .583+.159 | .644+.134 | .708+.105 | .804+.033 | .845+.007 | .858+.005 | .876+.000
TencVal .294+.019 | .661+.160 | .706%.136 | .757+.099 | .831+.033 | .865+.003 | .871+.002 | .877+.000
TencEnt .294+.019 | .647+.153 | .694+.136 | .747+.091 | .822+.027 | .852+.004 | .859+.001 | .867+.000
D-DS .410+.010 | .705+.133 | .734+.099 | .760+.062 | .812+.017 | .829+.004 | .835+.006 | .842+.000
P-DS .376+.010 | .459+.100 | .468+.100 | .473+.051 | .480+.000 | .479+.000 | .484+.000 | .482+.000
ND-DS .363+.011 | .753+.100 | .768+.101 | .785+.053 | .825+.000 | .830+.000 | .840%.000 | .686+.000
MLNB .353+.003 | .281+.034 | .276+.018 | .266+.018 | .254+.006 | .256+.005 | .2544+.008 | .252+.009
MV .410+.010 | .719+.141 | .760+.115 | .803+.083 | .871+.003 | .901+.008 | .913+.007 | .924+.000

pAr‘é;’:I%f] DS 354+.009 | .679+.137 | .727+.105 | .777+.075 | .841+.025 | .860+.007 | .862+.003 | .868+.003
KOS | .365+.010 | .688+.118 | .708+.077 | .738+.052 | .787+.013 | .800+.012 | .803+.013 | .792+.000

MaxEn | .355+.013 | .678+.144 | .729+.115 | .779+.086 | .854+.028 | .886+.007 | .897+.003 | .907+.000

TencSign | .410+.010 | .720+.141 | .762+.115 | .810+.085 | .879+.027 | .910+.006 | .922+.004 | .933+.000

TencVal | .441+.020 | .756+.140 | .795+.116 | .839+.081 | .899+.026 | .925+.004 | .930+.003 | .935+.000

TencEnt | .441£.020 | .745+.137 | .787+.115 | .832+.076 | .893+.024 | .917+.004 | .924+.001 | .928+.000

D-DS | .019+.019 | 423+.220 | .357+.161 | .297+.093 | .216+.027 | .189+.011 | .179+.001 | .171+.000

P-DS | .986+.015 | .881+.210 | .871+.152 | .864+.100 | .857+.030 | .857+.009 | .853+.007 | .854+.000

ND-DS | .976+.013 | .346+.190 | .339+.147 | .310+.107 | .250+.028 | .232+.008 | .237+.008 | .422+.000

MLNB | .950+.010 | .632+.152 | .594+.011 | .562+.063 | .520+.021 | .511+.004 | .503+.004 | .505+.000

Ranking MV 919+.019 | .403+.223 | .319+.174 | .238+.120 | .131+.042 | .088+.011 | .066+.007 | .048+.000

DS 693+.013 | .292+.169 | .230+.125 | .169+.081 | .096+.028 | .071+.015 | .058+.006 | .043+.000
KOS | 1.00+.010 | .352+.246 | .297+.175 | .243+.088 | .160+.025 | .135+.008 | .142+.014 | .139:+.000
MaxEn | 689+.013 | 295+.167 | .231+.126 | .171+.085 | .093+.028 | .064+.009 | .047+.007 | .031+.000
TencSign | .887+.008 | .373+.177 | .289+.138 | .208+.099 | .116+.036 | .076+.013 | .057+.006 | .041+000
TencVal | .324+.017 | .117+.086 | .090+.068 | .064+.044 | .032+.014 | .021+.002 | .017+.001 | .015+.000
TencEnt | .324+.017 | .1224.085 | .092+.067 | .067+.043 | .034+.014 | .023+.002 | .019+£.001 | .017+.000
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Fig.5 Influence of parameter « on the results of Imagel and Image2
with three different annotation fraction numbers
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Fig.6 Influence of parameter S on the results of Imagel and Image2
with three different annotation fraction numbers
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