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Multi-scale Visual Semantic Enhancement for Multimodal Named
Entity Recognition Method

WANG Hai-Rong"? XU Xi* WANG Tong' CHEN Fang-Ping'

Abstract To address the issues of semantic loss in image features and weak semantic constraints in multimodal
representations encountered in the research of multimodal named entity recognition (MNER) methods, multi-scale
visual semantic enhancement for multimodal named entity recognition method (MSVSE) is proposed. After supple-
menting image semantics by extracting multiple visual features, the semantic interaction and feature fusion between
text features and various visual features are explored through a multimodal feature fusion module. This process out-
puts multi-scale visual semantic-enhanced multimodal text representations. The visual entity classifier is used to de-
code multi-scale visual semantic features to learn the semantic consistency between various visual features. The
multi-task decoder is invoked to mine the fine-grained semantic representation in multimodal text repre-sentation
and text features, and carry out joint decoding to solve the semantic bias problem, thereby further improving the
accuracy of named entity recognition. To verify the effectiveness of the method, experiments were carried out on
Twitter-2015 and Twitter-2017 respectively, and compared with other 10 methods. The average F1 values of the
MSVSE on the two datasets have increased.
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The framework of MSVSE model
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Liw= > pY )npyly™)  (24)
ye[Ys, Ym]
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3) F T3 1 UL AT 5 060 55 HE SR 1 22 B2 i 44 S
IR 7 (A general matching and alignment
framework for multimodal named entity recogni-
tion, MAF ) B R F i A sV i o LA e 42 4t B
SCRFAER — — X R &R, SEBURFER 55 5 FHAE
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4) UMGF #ERIME 1 DXL SRy AN SO ARy
ML B 254 3R, i 22 J2 AV R ML A s A
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Tl 5 R A e ) STACRFAE i 44 SR TR B 28 5 3 22 A
SRR FRZE, LA 2 9 mf I T AR 25

6) M3S 5 R 3 B 145 o i 37 5 EIRRAIE, A
el 2 ) 2 SR 3R B ST X, AR IR RS SUAR SRR

7) FE T3 EAN L R SR R D 2% 1) 2 R A i 44 S
&) (Hierarchical visual prefix fusion network
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9) F& T A 5 1B A0 I 245 1 22 A i 44 S
&%) (Relation-enhanced graph convolutional
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22 I 5 P AL S T R U LA SRt o B SCARFALE

10) VAE BRI H SCA VAE ME VAE
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XIS, 133 2 RS UARR.

FaSETERETTEN
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W# 1 fion. % 1, HvpNet UL & 2 A 4 58
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M 1 AT, 5545 ISR A 2 L S I I SRR
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() F1AE 2 3T T 1.64%. 3.02%, W] g i) 5 R 2
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EFNEZVRCE SR EE N 7 B G e LD R e
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R 7 L.

550 AL A T R U WL ST B SORRAE R

5.3

) MAF, UMGF 288 #f Lk, MSVSE 7E 2 /™M
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RE T 78 20 A A BRSCHRFAE, T 15 31 0 T 2 1 2 B s
Fon. eAh, SRS 4% 1) M3S A1 B, MS-
VSE 7E 2 M E FIS T R EUR, FRIIE
T MSVSE HH Z RS REAE Rl A 7 75 1) e 25

551 FH AR A 48 3E AT B SCARFAE fil A 1) v A
A HvpNet M, @158 1 &5 —47FT2~, MSVSE
76 2 MR L2 MR bR IS TR, LR
RIE T 22 R BE ML BEAE SCRTZ8AH LE B — 1 2 VMR 3
TES A SN R A = & AL EIE .

XS B SRER AT AN, ZAE 5158 (40 UMT. UAM-
Ner. MNER-QG 1 VAE) 1 #e 4 T 84T 45 4 7
(0 MSB. MAF fl UMGF), iX /& [K N £ AF 55 1 7Y
R T AW AR 2 1) . AR S VI AR Ak B
LT IXPRE S, IF Hal i 2 AT 5 AR 2 0 25 Sk 4
5 CRF [fgigae 1. AL TR S8 CRF X soft-
max TE ARG 2L 5L, 78 2 ML |
MSVSE ] F1 {575 P42 7 0.98%- 1.38%.

TP 0 R P A R AR A AL X
R, i MNER-QG 1 RGCN. MNER-QG /5
T I N T RR A 455 A 1A AR B A V8 SRR, DA
B DR J2 R D R AIE 18 SCRE A, (N TR
. RGON Jikidnt 16 2= 15 21508 4 - 5 B SO A
K25k A, DA TE X, HTE B A iR A
EUSSFAE R A S FE TP T RE A E R BRIR 2. 5 RGCN
AHEE, MSVSE 7E 2 MR 4 11 F1AE 2 038
T 0.11%- 0.23%. X JEFN MSVSE JiH i i |

® 1 RS EJrEVERELLAT (%)
Table 1  Performance comparison of method on dataset (%)
N Twitter-2015 Twitter-2017

ik PER LOC ORG MISC F1 PER LOC ORG MISC F1
MSB 86.44 77.16 52.91 36.05 73.47 — — — — 84.32
MAF 84.67 81.18 63.35 41.82 73.42 91.51 85.80 85.10 68.79 86.25
UMGF 84.26 83.17 62.45 42.42 74.85 91.92 85.22 83.13 69.83 85.51
M3S 86.05 81.32 62.97 41.36 75.03 92.73 84.81 82.49 69.53 86.06
UMT 85.24 81.58 63.03 39.45 73.41 91.56 84.73 82.24 70.10 85.31
UAMNer 84.95 81.28 61.41 38.34 73.10 90.49 81.52 82.09 64.32 84.90
VAE 85.82 81.56 63.20 43.67 75.07 91.96 81.89 84.13 74.07 86.37
MNER-QG 85.68 81.42 63.62 41.53 74.94 93.17 86.02 84.64 71.83 87.25
RGCN 86.36 82.08 60.78 41.56 75.00 92.86 86.10 84.05 72.38 87.11
HvpNet 85.74 81.78 61.92 40.81 74.33 92.28 84.81 84.37 65.20 85.80
MSVSE 86.72 81.63 64.08 38.91 75.11 93.24 85.96 85.22 70.00 87.34
~HvpNet 0.98 -0.15 2.16 -1.90 0.78 0.96 1.15 0.85 4.80 1.54
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MUAE SR I SRA%, BT B SO A R i SR
(BB, B SCA BRI Fe A o0 BB R AR AR 2SIk
T NTIEA, WG T AR IR 2, NS T
% RUZ LRI A AR A ANARE.

HRLSEI

N T BIE MSVSE B8 o %20 44 (1) %ot 7
Twitter-2015. Twitter-2017 %35 £ iFE 4T 7 fib sz
B, DAVRA R LR AU . AT S hr R hD
AR B SR 73 38 0 AR TS 14 B 1 . S22
mE 2 fin, K “w/o” KR M MSVSE W 4% i 25
B R . PR A L 5 44

2 2 Al A, w/o BIEREJINLE] w/o FHALEE
R IR T MSVSE, %8 HvEE pLHZ
P T ALGEAFAE P A BB B, IR IE AR S
SCAKEAE IR SO R, 98 T T8 A B R E Bk
PRBE RS MTT A0oE  SL I HER .

15 2 MRS L, w/o ZAT SRS 21 F1
H A R T 0.42%- 0.20%, W 24T 55 b2 fihY
A BEFZ I 2 BN SRAE A 1) SEARAFAE M SR IA 5t
SAAK 8 S AR BV SR B SRR . w /o B
SRS KA FLAE S 5 FFE T 0.32%. 0.42%, W]
R P Jir DALl i 2 o 22 ROBE AL A SURFIE LS X — 3K
PE, A T30 2 BES RN dE v, b iR At sk
PR M RE.

N T ERFUI A Yt BB R0 X A2 1 R
W, W T 4 X RESRES ) 23 AR SOAR . AL AR 2

5.4

SCA S WA bR 2 0 G A SR . G A i S
A (MSVSE), 1£ 2 M4 Eiy s gh Rangk 3
JiR. Horh« v 7 o8 MSVSE 8 F 1 %H S ) S A4
HEBRAL W AR, “— 2278 MSVSE %45 15 FH 6 1 ()
REAIE.

R 3 AT, alh T BG5S,
BRIV REE T i — 24Tt

N T BRI R ARG AT A AN R AR AE
BB 7E 2 NEERE BT T XA R AE
DX S5 AL A AE I AR B A 2« X AL i A o A 3
A DX 3 AN B A AE 0 AR A R R B AR 2 (MS-
VSE) DY X S, sein g Rk 4 o, Hrh
“v "FRIN MSVSE i [ T Xt B (IR BEAFAE, “—" 3R
7 MSVSE &4 18 FHXT RI4FHAIE.

FHEE 4 ATAN, AN [ERE S8R AE 3546 AS (R RS B2 11
NZER. W, @A T 2 P58 RE 15 U B 6E
75 2 5 g B RN B A T PR BV 5L, DA R R
B2 R PEMEE SCRTSE, M0 B AR Y 1 BE.

MBS oy 28 M BETEAN

N T SR AEAS [F) ROBE AL EREAE XS MNER 204 1
SR A PR R AR F1AEAE ARG S2 AR 4 2RAT 55
FIVEAE 48 bR, 70 BIFE Twitter-2015. Twitter-2017
e Bk AT T A SR o AT S 1 S, DAL
UEAR SCR F 22 ROBE A B REAIE P 1R 7R (R AR AR
2 MRS LI sEIR gl By Al i 4. B 5 B,

Bl 4y B 5 AL AR R IR 3 P B RS R S 4R AE

0

5.5

® 2 BRISHHRESEL (%)
Table 2  Structural ablation experiments for the model (%)
N Twitter-2015 Twitter-2017
i PER LOC ORG MISC F1 PER LOC ORG MISC F1
MSVSE 86.72 81.63 64.08 38.91 75.11 93.24 85.96 85.22 70.00 87.34
w/o HIERIHLH 86.49 81.20 63.21 41.56 74.83 93.05 86.52 84.37 67.34 86.79
w /o AL 86.33 81.59 63.15 40.84 74.91 92.94 86.59 84.07 68.24 86.75
w/o EERIHLEIINARLLEE 86.80 81.38 63.32 39.62 74.67 92.97 85.87 84.41 67.96 86.67
w/o ZALF AR ARG 86.49 81.78 62.68 37.60 74.69 92.98 84.83 85.02 71.66 87.14
w/o MHE SRS AR 86.52 81.64 63.06 39.89 74.79 93.37 84.83 85.82 66.24 86.92
3 BAIMADES L ARV Al SRS (%)
Table 3  Visual feature ablation experiments in the joint encoder (%)
Twitter-2015 Twitter-2017
A MR ERERiipa
PER LOC ORG MISC F1 PER LOC ORG MISC F1
v v 86.72 81.63 64.08 38.91 75.11 93.24 85.96 85.22 70.00 87.34
v — — 86.76 81.68 61.21 39.46 74.73 92.95 86.20 84.60 70.82 87.11
v v — 86.87 81.74 63.72 37.80 74.87 93.03 85.71 84.43 71.71 87.16
v v v 86.51 81.85 62.20 38.36 74.72 93.73 85.96 84.62 70.97 87.38
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Table 4  Visual feature ablation experiments in multi-scale visual semantic prefixes (%)
B Twitter-2015 Twitter-2017
DOSMBERAE  BSEARsE  RIBIE
PER LOC ORG MISC F1 PER LOC ORG MISC F1
v v v 86.72 81.63 64.08 38.91 75.11 93.24 85.96 85.22 70.00 87.34
v — — 86.25 81.93 63.99 38.23 74.76 93.16 84.83 85.47 69.10 87.13
v v — 86.56 81.60 64.01 38.59 74.93 93.02 85.79 85.97 68.67 87.28
v — v 86.87 81.79 63.36 38.68 74.98 92.94 86.52 85.14 68.94 87.14
100% S8 A% 388 1R A2 A R A 1 S, AR AR 3 B S0 R
- R S v
80% MISC KSR 1E CEME N 0, 33 MSVSE J7
= 1 1 | e A i BB ) MISC 2856 08 XL ikt
Loc 60% BB RRE T3 1 ARSCIT IR MISC R 46 2R
o t VAE iR, B8R VAE 7558 i Mot B g fid
ool 0 o BRI 2k BULE (5 8, A6 MISC K564k
20% (RS, A HRAR T PER. LOC Al ORG 2658
S ]
o | O - PR R A
: : . - 0% RF 3 b A 4T 2B 3
m e EEEE S 5.6 B REMCHEHEM T
PLIEAFAE PLIEAFAE MSVSE i 8RB RF L SR i85 E K )
Bl 4 7€ Twitter-2015 b PRIFL5E LAk 2 4k A HL TR TR T I ANMUAE 2 ROBEHRFAE S B b o A R4,
Fig.4  Performance comparison of visual entity T HAELSCK B R A R I i s 2
classification on Twitter-2015 . jg%tﬁzlgx;]ﬁﬂﬁiﬁﬁ}%ﬁ#ﬁﬁ?&ﬂ&&%’
100% 7E Twitter-2015. Twitter-2017 ¥4E4E I, 5 MSB.
a2 0 17 1 | MAF 1l ITA #HAFR b, S25045 B2 5 Fis.
80%
60% Table 5 Performance comparison of methods under
LOC 4 20 1 0 - single scale visual feature (%)
40% - .
. \ S v ek Twitter-2015 Twitter-2017
o1 | e————————
20% MAF DX A B AFAE 73.42 86.25
MISC A 14 0 0 - MSB &G FR%s 73.47 84.32
- —— - - 0% ITA MR 75.18 85.67
X WsehRgE BGHEE ZRE T
M5 T MR T ITA 5 MG 75.17 85.75
) ITA TR 75.01 85.64
E 5 ‘_I/ZE Twitter-2017 J:E‘Jﬂﬁgéﬁiﬁ?'éﬁﬁ'é Hﬁﬁ MSVSE only gﬁ?ﬂ,ﬁ%?ﬁ 74.84 86.75
Fig.5 Performance comparison of visual entity MSVSE only AR 74.66 8717
classification on Twitter-2017 L
MSVSE only L IR 74.56 87.23
2 REEMRFHE, I rERR 5 DN PE R br, H MSVSE w/o MR 2% 74.89 87.08
VPN RE E LS RFAE N R SRR SCR AR I RE. MSVSE (A7) 75.11 87.34

HE 4. B 5 7TRUE H, 2 REMERHIESE 5 4
PR Fabr L3RI A, U MSVSE R A @t &
2 W SEHREAE P [F) 27~ 5 75 AT A R A i SCHERR 1)
DR UARFIR.

% JRURE A B8 45 AIE B3 [7) 38 7 T v AE MISC 85k
A RO SR AN, 32 R R R 22 R R 1

# 5 H1, “only MABARE” K~ MSVSE 5 AYAY
A5 FH — A b R AR B A e bR AS, (RURE LR 5
A%, DA e S B4 JR il 3L “w /o AR AT 47 3%
A FHAR D 3R 1K — R R AR, I AN 4%

SR AT,
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HEE 1 AR 5 A, EACR A 5 ROBE L S RF AiE
i, A MSVSE J7 i P AR i i 1) A R 41E 11
MSB. MAF. UMGF. M3S. UMT. UAMNer.
VAE Fl ITA. {HE% 5 ) Twitter-2015 ¥4l 4E |
F 1A W5 ARG P J5E DR T i 2 3 2 7y Yol A0 o R I A A
AN GRad FE XS RFAEBEAT T A4k, T
KB E 45 R, I MNER-QG X J5 #5405 45 AiE 1F
AT T HRLEE AR, FHRIRECE A 2 A58 S M3S
P AL DE 3 55t B RFAE AH LG U AR 25 A5 3R
BT B R A TH BRI SRS SR B S AR [A) 26 3R
55 VAE iEd s 28 kAR REAE; RGCN F)
F 2 B B SR 2 77 3R 6 A B HE R R =
A S ITA K 5 MNEUGE AR R EGE L.

HH “w /o PLSE AT S SEI 45 AT A0, 2 2B) MS-
VSE ML AT 28, 76 2 MR ETERE T
B, JCJFEBRAE T RT4R & 1 2 R RHIE
(4 R iE S, XA R T4 Bh 5] 5 BERT BOTERA
Gt A AR R TR I 2 AR SR ROR; e T 2
RLGEHREAE IR A R, REAS 215 Sy v At R0 4 T PRI A
DU X, T AR R T ) 2 ROBE AL 1 T4
BE— DT TR R

5.7 BSEKEHEMERS T

1E Twitter-2015. Twitter-2017 Z4E4E Fit4T
SEEG, Wk F1EEA A R 2% 2] R % MSVSE #5578
PR R R, S2I6 25 AN 6 FR.

R 6 AFEEIRMIEMEREXT L (%)
Table 6  Performance comparison of methods under

different learning rates (%)

KT SHE RN ERERT
Comparison of parameter number and

Table 7
time efficiency

ik B (MB) IR (s)  BRAERTIE] (s)
MSB 122.97 45.80 3.31
UMGF 191.32 314.42 18.73
MAF 136.09 103.39 6.37
ITA 122.97 65.40 4.69
UMT 148.10 156.73 8.59
HvpNet 143.34 70.36 9.34
MSVSE (430 751%) 119.27 75.81 7.03

3R (x 107°)

HAh 7 ARG, A MSVSE 7S $& /b,
I TR R A R

5.8 ETHUIZIESHRER MNER YL REIT (4

SCHR [27) BRI, K AR T 2575 5 A
FR AR SO 2 A2 i 44 SEAR U T Ve REA A
RIS, BRI, A0 Al B Glove (Global vec-
tor)s BERT. BERT-large. XLMR (Cross-lingual
language model and robustly optimized bert pre-
training approach). ChatGPT (Chat generative
pre-trained transformer) LR I ZR1E 5 B K
ARSCARIE, F T VA 0T I 1) 22 A28 iy 44 SEAR
WATJT% Glove-BiLSTM-CRF!". BERT-CRF!",
BERT-large-CRF. XLMR-CRF"! fil Prompting
ChatGPT™ 5, SLiagh Rk 8 frxs.

# 8  ETWNZES K MNER AiEMEREXT L (%)
Table 8 Performance comparison of MNER method
based on pre-trained language model (%)

1 2 3 4 5 6

Twitter-2015 73.4 75.0 75.1 74.8 74.6 74.5
Twitter-2017 87.1 86.8 87.3 87.5 87.2 87.3

3R 6 T, 78 2 MR b, 45 31 R 0 5
N3 x107° Fld x 107° I, F1 {E B & E.

RNT PRGBSt T TS
B BRI ZRIN )RR AR B0 AR I [A) X LE, St 4h
Rz 7 PR, R 7 HBRAL MSVSE ks, H
At 75 R E A R 1 STHR [27).

H% 7 W LLEH, A MSVSE RS HE
WA, X A S5 v R 6 22 R A SRR E
B AOT Y, 5 BERT L= 54, i B 5L
PRy 28 N AT 55 b B RS 23 O S Bt 3L 52 54X
i CRF 1E MR #8177 L L, A MSVSE
THFEAIEIN T 4 NI E R RS R B . 5

J7 i Twitter-2015 Twitter-2017
Glove-BiLSTM-CRF 69.15 79.37
BERT-CRF 71.81 83.44
BERT-large-CRF 73.53 86.81
XLMR-CRF 77.37 89.39
Prompting ChatGPT 79.33 91.43
MSVSE 75.11 87.34

HH% 8 AT LUE th, B Pl ZRiE 5 A A it
SCARTE SUFR IR FSR R AL, R A 44 SEAAEU T vk
PERERE 2 $2 7. AR, &1 X 2 S iy 4% SeA R )
A BTN 2508 5 B R OR SOAE AT REFE AR
BSC R, T DUE I 22 AR RR AR R SR AR T SCAR
FEAETE X, 3 T2 i 42 SeAA R S B R . 54,
T BERT 8 BERT-large Tl ZRiE S A, A
L MSVSE J7iER M 7 Rar PR, (BT K H XL-
MR F1 ChatGPT J7iE. HJE K& XLMR 1 Chat-
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GPT Pyl Zrils 5 A0 B & 0% 1 ph 48 I 4% 45 44 IF
5 T RE DRSS A O 3R AT PIYIN 25, e 3 B v
B SCARIE S, DR A5 PR AR Y ) 22 A 2 iy 44 SRR
TR R BN R . MR A XLMR #l Chat-
GPT Jik, A K BERT M5 {746 UARTE
SARZE.

6 LHRIB

X EIA MNER J7VEA7AE BUR R AE 1 SCER K
MR R R TE LGGLIR AR, 12 2 RO o v
SCHE R 22 RS i 44 SEAR RN T TRl
P SCARFAE 5 22 RO 50 REAE (8] R 75 UOZ HOR R,
DS e G RFAE 15 SO 1R 1) R M) AR 9 S Ak 53
e dn B 2 ROBEALSE 1 SCRFE RO A2 B, SR o s
TERISEARE X —SME A . I 2 AT 5 b B R D 2
X 2 RS SR TR I SCARHAE BEAT TN, DASZ R
UL PR RS 2 Y SR SO, AR 5 TR AR A 3 L
AL, T AR DR 2 A1 S 22 1)@ /£ Twitter-
2015, Twitter-2017 H4fi 4R £, #5075 1Ak 10
FPOTVEREAT XS EE S0, Segm 45 SRR W, 10T VA RE AL
I AR ) 2 2 B v ) i 44 S A

A 2 R RAE, 3R1F 1 BN 4T Y
RLBE T S, A PG A 38 55 A0 5 A AL AT A7 AE A o e P
BT SR R W) . AERRAT T, HEAE B2
RS PR A B A 48 i STASTE SCREARE, [R] N 21X
AL KA BLIP (Bootstrapping language-im-
age pre-training for unified vision-language under-
standing and generation). CogView (Cross-modal
general view) Fox EURTE X, LAMELSF) 5 Jy 42,
AL B ML B8RP AL, 2 T I SR A 1 SRR, SR
AR R R B, BLAh, 5 & 45 & B SCRE X 57
BORTIBRZEIERE B, SCHUR L8R5 A ) 22 001 M
B, DERBAL R T A 2345 R
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