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Table 1 Multimodal named entity recognition method classification table
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Table 2 Comparative analysis of the MNER method based on BiLSTM %

Twitter-2015 Twitter-2017

HE Single Type Overall Single Type Overall
F1(PER) F1(LOC) FI1(ORG) F1(MISC) R F1  F1(PER) F1(LOC) F1(ORG) FI(MISC) R F1
ACN_GCR™ 82.00 79. 00 53.10 34.00 68.70 70.70 — — — — — —
VAM_GCR"™ — — — — — — — — — —  79.90 80.80
ACN_BR™ — — — — 73.69 72.57 — — — — 86.70 85.70
MA_BCR 84.83 80. 24 59. 14 36.65 74.48 72.75 91.20 83.91 82.58 67.74 85.86 85.01

VAM_BCR 85.21 80. 41 60. 60 38.33  74.96 72.77 92.09 82. 65 82.59 67.28 86.38 85.12
ACN_BCR 85.48 79. 81 60. 74 36.90 73.91 73.04 91.21 85.30 83.70 68.94 86.08 85.55
ACN_BCL 84.97 80. 26 60. 77 38.02 74.40 73.22 91.40 82.91 83.80 62.82 85.20 84.79
ACN_GAN_BCR 85.82 80. 47 60. 94 39.34 74.48 72.95 91.78 86.71 84.28 69.30 87.49 86.21
ACN_GAN_BCL 85.09 79.12 62.10 37.71  74.02 72.95 92.58 82.02 83.77 63.37 85.42 85.29
ACN_GAN_BCO 85.31 80. 81 60. 48 38.72  74.87 173.27 91.87 85. 64 83.50 67.33 86.68 85.85
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iu]‘F

[M, V"] =BERT([S;V;V™]), (30)

Chen %5 " HEHUZ K MLBERRAE Ve, 0 55 2 R
O A FIE IR 08 X G R A R AT DF IS R 5 4 D #RL
Ve = (VILV, e VL) V= (V)L
V), MBIZEERRSM =T, iItHWT .

T.., = Transformerlayer,(T,, [Vi,Vi]) . (31)
HH.i=1,2,---,12 H Transformer ZR1Z 45 ; T,
KRR, T, AW SR G,
Transformer 4t 2 09 H 7 & J1 ML ( self-Attention,
SA) T IR B R IR

T

0, [ViiK]

Jd
K. Q, K, V, 5l T, &,

ZAT 55 Rl A )2 00 o 3R A UL AR AL 2 8, R T 4
FHE ARSI MR, 2 A S 2B A 44 AR R F
1155 45 6 SCRBUSAT: 55 SR B AT 55 M 250 . 2R
i 44 SEAR TR A 55 R i T 2B ROR 1 i 4 LK
TUHAE S5 . SCRBLSAE 55 2 5 T SURBLS R 65 4%
% A0 Yu SR 3 T SCAR B S R R ARG T il B
T 3 Wang %54 X 57 22 450 245 40 P& R SC A R P A B
AT T L 2507 58 a2 2 R 0 AR
66 b 28 B 2 RS R AR 4

Tl B A 5% R e T 22 M2 SRR 3 B il L 98 AR AR
SEA 22 ) B, 402 I R 4O T {0 X L A
2 SRR A BT 55 30 BRI AT 55 5 Chen %51
(156 Z 4 BUIT 55 BB ATk Z B4 %R s Zhang %5 7° 1)
2 H N} LA 2] AT 45 e 2 ) SCAR RN BMR RoR 1Y 4 Jmy
Jey #R—FOrE , T A B8 T SO DG R B AN A O 1Y 1
SCREAE 5 Xu 2570 4 B 8 0 24T 55, 8 B0 o0 48
SCAHE S A 44 SRR AT 55 5k 22 8 2 i 44 SE AR U
1145, 4K A5 B A6 (4 B0 15 51 5 Zhang 251 42 1 A B
FEAHZ 48 S W, BB A0 SCAS R 8 5 R X 5%, 22 D AL
it Xt G2 14 K30 Bk N IS TR i A i 25 Wang 4510 4R
1Y 2R B i 24 SRR AR AT 55 Rl 44 SEAR A AT 55 R
B B8 FRAE P Y SE AR TR
3.3 FiESW

TE Twitter-2015 F1 Twitter-2017 2 4~ 215 2 50 B

SA(T, V. V)) = softmax( ) (Vv (32)
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B FHAT TR X 2 AN B A S R Lu SR
Zhang %7048 K A R0 4R o 0 R I 2 R 4k
(Train) 36 3iF B 4 (Dev) | I3 B8 48 ( Test) , 43
MG A A% (PER) M4 (LOC) 441
# (ORG) (Z=5i (MISC) %5 4 2SR, Ge i1 5L
P tmze 3 FroR .,

F£3 24 Twitter WS ESHBENGITHE

Table 3 Statistics of two multimodal Twitter datasets

Twitter-2015 Twitter-2017

FL AR 5 : 5
Train  Dev Test  Train  Dev Test
A% (PER) 2217 552 1816 2943 626 621
W4 (LOC) 2091 522 1697 731 173 178
M4 (ORG) 928 247 839 1674 375 395
Z= I (MISC) 940 225 726 701 150 157

WA PEM IR AR R A1 F1 {E X 3 T Transformer
) MNER #5% A1 (1 5 20 ¥k F 17 X% B 4 B, 26 He
Transformer B {F 45 £ % fn MSB ! . UMGF" F1
MAF "' #% #  Transformer % % 4 £ &1 h UMT'® |
ITAV R HypNET ™ A8 0 047 & B, 76 S0 50 & BE
AR, A T AR [ RE 1 S5 56 36 B b iZ 47, HvpNET
HER KNG R 8, PEREAE BT F B, HAARSC 5 24
mE 4 PR,

mec 2 MFE 4 xR, 2 MEIEEDET
Transformer 9 77 75 4 KL T 5 F BiLSTM 19 )5 i,
X2 KA Transformer [ MNER J7 i F BERT &
T SCAR KR, Il Transformer @il & 15 He B A W]
EAE LT SCfE 8RR A 2 8 A RRAE 1 RE 7, T 3
T BiLSTM 1) MNER J7 % /2 43 B Bt SE 3 axX 2 > 1)
fEMY ., WIAE Twitter-2015 %t 4 45, 3£ T BILSTM
TR F1AH B & H 2K F 3 T Transformer 75 7%
) e A% 5, 76 Twitter-2017 %0 4 4 o, # &
VAM™ ACN™' Kz ACN"' T Transformer J7 ¥
1 P BE BT A

X ACNU ik A7 ek, BRIV 3E i @l A 45 e R ok 4

PR 7 2T AT 55, 33— 2 4D 4 SCA T SLLAE AL 28
BRIEJE , ACN-GAN J5 % Al MSB J7 % (9 1 REAH I .
X FRWEF BERT 3k %R SCAR R AR A Bl % i
i 3 AT 55 AT LA 22 A AN R AR ) A 3 SR
PNIIE/RE X R P 1

Transformer 24T 45 A5 1 38 3o T 55 [A] Y Je 5222 2]
FI 5% Y40 | A 00 5 22 AR 35 e sl I | [ I, s
o T ZBERRBA R EMNE, HE 4 TLUE
HO7E 2 N EESE B Transformer 2241 55 45 Y (14 45 0
FEbR B T AT 55 LA IR UE 1 2 AT 55 P W] A5 AU A
2 WL A 24 AR TR SR8 ) A 3

AL Z R E P R X MNER B S ZA/EH
HvpNET 3 [a] 6 F 2 U A0 5 458 11E 06 52 48 A0 0 45 A1E
B R SCAR (115 AR 4F 1 UMT ,UMGF \MAF 1% i /i
DCIRAL 58 R AE . 2 4 Al LR B, HypNET J5 ¥
R AT bR 0 3 T3 3 A ik b, A
Xt R BRZE RN G AR LAY ITA 73, A8 He A (8 B A 3%
XFRBRZ ) MSB ik 78 2 N 4E LRy F1E 5y
BTG 2,13 4345 .0, 16 F4F s, X & Ry 2 Al
PRvE R AE I ] 3% 75 AT LAAS: 31 5 4 v i) 40 o v S

25 0] DL B, AR T X R O v R AIE Al
H AR IE R R BEAT A B SCHR R % T 78 43 il
A, K 4 th MSB B AL 2 B0 /N T UMT, 213K 45
HHRPERE
3.4 BEENERESN

MR R0 | 5 DI S i ) B PR 6 IE B ) R
7 e 4SS AU W Y AR A A S AR R AT SR,
25, Bl LL A T Transformer B MNER #%
RS 80 T3 T BILSTM f9 MNER BERY, 28 4
FIERFE BRI S i A R e AL F1(E AR O
A% . Transformer 24T 55 45 7 () Il kbt (0] 55 A AT 55
B ) I 2 s 1) #H 24 L {H Transformer 25 1T 45 55 5 (1)
PEREA B KA T,

% 4 E T Transformer §) MNER 77 i% X btk 4 #7
Table 4 Comparative analysis of the MNER method based on Transformer Y%

Twitter-2015

Twitter-2017

WS H R Single Type Overall Single Type Overall
FI(PER) F1(LOC) FI1(ORG) F1(MISC) R F1 F1(PER) F1(LOC) F1(ORG) FI(MISC) R F1
Transformer MSB[fSJ 85.32 80.86 61.11 36.12 74.33 73.39 91.94 83.71 66.45 84.17 84.90 85.69
- UMGF™'!  84.68 80.49 58.5 40.16 73.44 72.93 90.47 81.56 66.44 82.04 83.73 84.16
MAF'®'  84.55 80.38 61.6 40.99 74.86 73.09 90.76 85.63 64.24 84.68 84.60 85.33
Transformer [TA* * — — — — —  75.52 — — — — — 85.85
ZAES R UMTY 85.2 80.73 61.63 42.22 75.11 73.47 90.88 85.88 63.87 83.19 84.97 84.88
HvpNET'™! 85.74 81.78 61.92 40.81 75.65 74.33 92.04 84.42 66.88 85.13 85.79 86.14

T RN B ok A JRUCHR
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Table 5 Compare the number of parameters, training

time and validation time of different models

R SR /MB I ZBHR/s  BTERTE] /s
MA_BCR 110.73 47.90 3.74
VAM_BCR 110. 81 51.15 5. 44
ACN_BCR 121.79 72.26 6.52
ACN_BCL 121. 40 75.57 6.37
ACN_GAN_BCR 122.97 74. 67 6. 08
ACN_GAN_BCL 120. 22 74.11 5.56
ACN_GAN_BCO 122. 18 69. 52 5.24
MA_BCR 110.73 47.90 3.74
VAM_BCR 110. 81 51.15 5.44
MSB!* 122.97 45. 80 3.31
UMGF"" 191. 32 314.42 18.73
MAF"? 136. 09 103. 39 6.37
ITAPY 122.97 65. 40 4. 69
UMTH 148.10 156.73 8.59
HvpNET!! 143. 34 70. 36 9.34

4 HRIE

ARTCHE XS MNER AE: 55 19 %€ SC e 5 K T7 vk E AT
THEEND,R)G RBEE T MNER L MESL, 43 34
2 HE R v 2% 98 20 B9 8 T BOR SO i s, $E XF i
4Eok MNER (97 #E 47 B BRLAT 73 28 O H S 450 2
RITEAM 4 BRI ZEH . O T IFAG BT BILSTM Y
MNER J7 35 R HE 25 R 1iy Al 450 50 0 il 5 A
25K 7E Twitter-2015 . Twitter-2017 4 42 % 2 Fh A5
BAZER R 7 b7 EESEAT SEE, S AT AN T Rl S A Y
JE e B9 MNER #5851 45 4 | 32 2 A6 Y 75 i 44 52 AR
SIS v S R e AR, O DA T B | B Y O S B
ZRASEG YRR L T 44 SR U B, ) fil
IR 2 RS 5 B 1 R, B AP R e T SO TR
SCHPEAZ V8 SCAS DL IE 19 o) L, 2 35 75 i il A 8l
ACN LGl EJEAT 40 B i D A SCR R os J7 i
FEAETE BRI ) (0 22 R AR W R) 2 5, b 42 SO
WSO, PEREE— L3R T)

N T PFA4E Transformer ) MNER J5 3% ,4%,33)52%
A Transformer H 4T 55 8 B Transformer £ {1 45 #&
P ,YT: Twitter-2015 , Twitter-2017 %35 £E %] Transform-
er AT SR | Transformer 2 {1 45 45 7l rp 6 i L 71
TIE AT A T B 55 R ] BERT AE
R AR, FIH Transformer 55 3 2 152 35 FRAE /Y TR
JERR G EAFTERL T A 22 0] L, O 0 3 2o ) SCA
e s AL 2R o B O7 1 f A 5 B R R
R AT ST L 2 Bl AT S5 S, RV G i
2 STARNNAT: 55 fife DR W0 i Qi 22 () 780 0 2R 5 Al B A 55

1 5 20 LA N B0 3 I
5 RE

ALK 4 BRI HAT TG, NLATR 3 A J7
51 T MNER 3k 0 & & h

(1) ZFREPr A R G8 A B 2Pk RS N 2R IE
P[] 2 35 Mg DR 7 0F 8 SC 0% T AL, AT 2 A5 5 Jom v
B 4 TP SR B A

(2)ZBERIEE NG —WEEE, YE2HEE
SFAE 2 () 58—, B il U fil G SRR AR o S AR 1 SO UG e
By e @, FoA AT LR A 8 B Transformer JZ X 26 45
RN G, 50 I ARAE 25 (8] 19 48— F 8 A 4l Bl
155 DAL RRAE B3 | ZE 305 25 ] v SE 3T SR 5%,

(B S MEENE, 2S5BS w4
SARPUNATE S5 25 & 2 B, BAR AT D22 DL R
JURP I 58 LIS < 5 — (1 24T 55 A AR B S R AE LA A1)
T4t A st 55 58 L, ad 24T 5 ) 2 o)
) Z B RAE, M2 7+ MNER MR85 =, 45 &
TEH 2 > il e v SCECHE B 3 TR E 1) 0] el o 22 B2
iy 24 SRR AL T | A v SCSCAS i 4 SEATR AR

SR
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Research Progress of Multimodal Named Entity Recognition

WANG Hairong ">, XU Xi', WANG Tong', JING Boxiang'

(1. College of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China; 2. The Key Laboratory of Images
& Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University, Yinchuan 750021, China)

Abstract: In order to solve the problems in studies of multimodal named entity recognition, such as the lack of text
feature semantics, the lack of visual feature semantics, and the difficulty of graphic feature fusion, a series of mul-
timodal named entity recognition methods were proposed. Firstly, the overall framework of multi modal named entity
recognition methods and common technologies in each part were examined, and classified into BilSTM-based MNER
method and Transformer based MNER method. Furthermore, according to the model structure, it was further divid-
ed into four model structures, including pre-fusion model, post-fusion model, Transformer single-task model and
Transformer multi-task model. Then, experiments were carried out on two data sets of Twitter-2015 and Twitter-
2017 for these two types of methods respectively. The experimental results showed that multi-feature cooperative
representation could enhance the semantics of each modal feature. In addition, multi-task learning could promote
modal feature fusion or result fusion, so as to improve the accuracy of MNER. Finally, in the future research of
MNER, it was suggested to focus on enhancing modal semantics through multi-feature cooperative representation,
and promoting model feature fusion or result fusion by multi-task learning.

Keywords: multimodal named entity recognition; Transformer; BiLSTM ; multimode fusion; multitasking learning



