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Abstract: To solve the visual semantic understanding bias and multimodal semantic bias in multimodal named entity
recognition, the confidence learning guides label fusion (CLGLF) method for multimodal named entity recognition is pro-
posed. This method invokes the BLIP-2 pre-trained model to generate image captions, concatenates them with the input
texts, and performs joint coding to achieve multimodal feature fusion. The candidate labels and text labels are obtained after
decoding the multimodal representations and text representations. Based on using the KL divergence loss function to align
the two groups of labels, the confidence score is calculated to evaluate the quality of the multimodal representation, and a
confidence threshold is set to help screen out the biased candidate labels, the text labels in the corresponding positions are
used to replace the biased candidate labels, to achieve the label fusion, and finally complete the multimodal named entity
recognition. In order to verify the proposed method, experiments are carried out on the Twitter-2015 and Twitter-2017 mul-
timodal datasets, and the experimental results are compared with 7 mainstream methods, such as MSB and UMT. The exper-
imental results show the effectiveness of the CLGLF.
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H R S T o AR R Y 1] SCIE T SR, 552 S ]
1R Z IR RS HERGE ST, 48 o 7 ik BB 6.

5.3 HRhEIG
N T B AiE CLGLF A5 RS A% O 2l A ) A7 A% L 84T
TR A RN 3 R

3, “wlo KL” s M Bk KL HCRE 5| 565 4 %) 5
PRH 8BRS T, wio KL B9 A FE S CLGLF 43
SFRE T 2.73%,1.97%. 5387wl A, KL 2k ok Bre
—ERE FIRTE TRRIARS L s “w/o CTGLEF” 27 I Bk
A EAF WD T RAR Rl A B TE P B R £
wlo CTGLF ¥ Sk F {H# CLGLF 43l F % T 0.20% .
0.72%. 43 AT A M1, CTGLF A58 A 78 KL %R X S hR 28
R T HE— 25 T 45 AR S DR O

#3 HEIRERK T %
WikeS Twitter-2015 Twitter-2017
CLGLF (ours) 75.09 87.40
wlo KL 72.63( | 2.73) 85.43( ] 1.97)
wlo CTGLF 74.89( | 0.20) 86.68( | 0.72)
rep.CT 74.07( 1 1.02) 85.92( | 1.48)
rep.CS 74.78( 1 0.31) 86.94( | 0.46)

S T UEB] CTGLF #3341 74 09 AN T B A0,
H%F CT Al CS PAT RN . “rep.CT” /R e CTGLF
B B A S, BAR R Xl B AT 55 v i SoAR
FAEPATEAS 0 B A A 0T 5 2B KA B
(5 BOE— FUA AR e AR B B . e il 4 v
“rep.CS” [ B K F {H %8 CLGLF 43 5 F M T 1.02% .
1.48%. 43 A Al AT, B A BB AT WA RO T 4T
1117 LA TR 45 4 T 37 7 5 “rep.CS” SRR B4 CTGLF i
B BT A3 0, ELAR ot 3l B AT 55 v (0 SCAR R AE AT B
5B R OB A R B AR S B R
PEAT HLHE , AT 2 SCARAR A, -l A e 4 45 B o, 5
PR RS . FEP B E T, “rep.CS” I MA F (HEE
CLGLF 43 % F % T 0.31%.0.46%. 43 ¥ o] %, M4 T
NER, 5| A K4 % MNER #fE#f ¥4 55 55 , i % L) MNER
FE A TN AR 2 8 O A, NER 1R R 3l BT 45 2647
KIE, 2, W BE R R .

RS IR 45 R I KL% s B AR B
510 bR 2 Rl A A B R HL S A A R O A R AN AT
Bl .

5.4 MRHBIFHEI

AR /NS 56 IE WL S i % BLIP-2 i 7 i P RE 1 52
Wi, SCER 25 RN 4 R

A3 590 FH A= 8 A% A8 3 B9 CNN-RNN AR p v 4
FRZE ) Mask RCNN" 8 AR S0 7 364 F (14 BLIP-2, 52
B4l LI X PR G G i s AR FE AR
) B2 32 1) 1 B, 6 PO B0 4 b | e R R 3 i) 36 )
0.32% F110.84% , 33X 2 K by 1% G0 1) UG Al A RO S b 28
A AR BRAR/IN T P RS 2 [ (38 S 25 53 (R
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%07 M
T4 URHFER/EBERE A2 %

Tk 5 G it g Twitter-2015 Twitter-2017

BLIP-2 75.09 87.40
CLGLF CNN-RNN 74.77(10.32) | 86.56( | 0.84)
Mask RCNN 74.83(10.26) | 86.90( | 0.50)

VISB InceptionV3 73.47 84.32
BLIP-2 73.56(10.09) | 85.56(1 1.24)

FE M b 238 MR T SC, 01 22 1Y 2 G 25 #E I TR b Y
X K HoZ [l SR 22 . AHELZ T, BLIP-2 5% K 9 A58 1
SCHRARRE T, BEAS AR G T () SC B RRAE RN A 2 1
SCEE, DA BRI 1 G AR A, AT 4%
- b g DRSS A X 22 S ), R F 2 S ARl &
AN, BLIP-2 36 HLAs R AP 972 AR RE T, 1T LA B2 il 2
IR GRS A

AR SC B 2 56 34 ] BLIP-2 2 e T MSB A5 U 1 () In-
ceptionV3 MLIE g 45 , B 4 J5 19 MSB 7 >4 4 I
HIVEREI A BT iR 5 G S0 g Rl i, A ST R HI Y
I 25 A5 A BLIP-2 % MNER J7 B GE 9 R TH & A
LAER
5.5 SEERYST

BAE R (CT) & CLGLF J7 ¥k i e A B0, AR S
7 FH DR A 48 R SR R L AR A, DA R Y
FEVERE , [ I 43 BT T CT B A [R] 35 B Xy 72 M e 1Y) 52
Wi . 4% 38 2R (grid search) J&=— & FH 09 F- 188 S 05
e, Bl I i Dy SR A P RE AL i 22 LR IE
KAEAG AR S B G O PERE , T BE B R A S 80
B AR RS B E A BUYEEE e 0,1, 3F
PL0.05 K B — 1> 20x1 (38 2R A, SR S5 1 2 ik
I3 I AT WA i, 7 I G ied A v i St A 3 (5 (6T b7
B F A, JF AT LU . B 2 1 P (S P Y A 1
B4 0.8. {H75 1 B &, A SOl 89 Twitter £ 85 48 2
P AT 43 PN 285 R S 114 TR SR A i, SR T, AN [R) 245 25 8K
P 5 Z 6] A B3I 53 A SN A A 22 S vk IRt 257 LA
oAt Z2 B B A iz A T | D)5 2 BT B BRI
FHF FOBCHE 5 o5 0 B A5 B, ARG e e RE . R[]
CT HUE XN # F AN 3 s, Herp, B 3 (a) A Twit-
ter-2015 ZUHE 4 B 25 5, 81 3(b) Hh Twitter-2017 4 48
££ FRYSE

IE AU A —#  FE PN B S L CT 5 F EB 5
AT AT KEBANA A —ATF 01 T R 2 2 . Bk
Ui, 24 CTBEE A 0.0 B, B ARUIR Ak k15 48 3 T 4l SCAR Y
2 SR B CT B s K, ik ke 2 b
ThaFA I RO BE AR 2 16 R A4 R ARME R . iR
R UL EAF B AT Bl T SO SR SR 1R R
B Y SRS A B SUR B I AN B ANt S SR A E]
1R B8 L R ANVEELIT , AN A 6 s A 15 5 1 R

GETTRE ST AW | REURER SAAAE IR 2 T IR,
e 5t S & 3, CT7E[0.05, 0.35 170 Bl P B 52 36 50 30 36
WE 724518 . M CTIEE K 2 Lo, BB R A hR4E
A A FAEEAREE AT SCRARZE 4 B, BER Ik i
PEREAN Al . 24 CT I B N 0.8 i, A SUAR U 7E A~ %L
P BRGNP . D LSRR R
NER % Bl ) 2245 25 fiw 44 SE AR TR O 6 vl DASRAS 38 47 1)
TR 45 5

OTO 072 074 076 078 ITO
FEH i
(@) Twitter-2015 B4 B AE S F EHAIE R

OTO 072 0?4 076 078 II,O
HisHE
(b) Twitter-2017 By e B AR MM 5 F (HAYC R

3 Twitter ¥ E P B EHE S FE KR
6 ik

15y =H

AT EAR 2 2 5| AR G 1) AR i 44 S
PRI s, 4 T BLIP-2 TI ZAs 750 A= p PR A & | 7
G /IMEZS 22 T R AR AL TS5 L. o T s 2
BB U2 M T — A B BES ] SRR A L
il 388 3 A (RO 5 A M 25 A BE AR 45 L I L AH N 457
B SRR AT B i, SEI T AR ARG . FE Twitter-
2015 Al Twitter-2017 PN B 4R L A% HE S5,
N PG E XA B F2 4 AN 22 1 25 R A i 25 W A4S D e
X5 B A AT T IRIE . SR, 1T AR —
Y R BRI SRR IR R A T AT B 2 I SC TR R R B
PEEE, 7 A ROR Z BR . R 3 N OR ARG R, AT 229
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