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Multimodal Entity-Relation Joint Extraction Method Based on Quantum Transformer
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Abstract Multimodal Name Entity Recognition(MNER) and Multimodal Relation Extraction(MRE) are two key technologies in
the construction of multimodal knowledge graphs. However, the existing MNER and MRE methods still have certain limitations
in feature extraction and fusion of high-dimensional data. To address these issues. this paper proposes a multimodal entity relation
joint extraction method based on quantum Transformer. Firstly,a parameterized quantum circuit for text data processing is de-
sign, which utilizes the superposition and entanglement characteristics in quantum mechanics,and combines with the Transformer
model to extract deep features from text;Secondly,the pyramid visual feature extraction model is designed to obtain hierarchical
features from high to low,which fully considers the multi-scale information of the image. Finally, by designing a hierarchical visu-
al prefix network, the hierarchical multi-scale image features are aligned and fused with the text features to obtain a highly robust
text representation, This study provides a new research approach for multimodal entity relation joint extraction. Experimental re-
sults on three public benchmark datasets show that the multimodal entity relation extraction method based on quantum Trans-

former proposed in this paper is effective and stable.
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Fig. 1 Example analysis of text and image pairs

R T IR BN S ARAE , Z BRI g kT, — 2
WE5E B G 1 %o G2 90 5 R A 17 & B BERT #5719 Trans-
former JZ B SCASF AT . 33X A58 HIT S8R — AN T AR B R
ANTEBXIH M SAT IR, o, — LW R, B S W
#% (Convolutional Neural Networks, CNN) A& #4 1] L M & 1% H 4R
B B MK B 385 1 4 2 3R 0 2 ROBERRAE (5 B, f1 4n, Han
ZEOTA R R I/ N B R TT AR A B R 1A & 3 1 RRAIE 3R
e ZMIE K ARSI HAE BERT A9 Transformer 285 2
B 22 I AL B AR AT o DAY e 5 A 8 fisg o1 B A %) T

WAk BEE B FROR A R R 1 1 2 A A R BE 2 2 T
BT B 2 M B o 7 v Sy EEAREOA () A A a2 1)
R AR T — R Jr ik . B0, Tiwari S50 FEBLES N3
VA % 5 10285 22 1A) R A7 28 A ASE ik e 1 4% 455 05 vk M LA Al
P4 T I LE T X 25 50 % G Bk [A) 5 Phukan 450 42 1
T—AET 8 TR RN ZHEE B (QMSA) HEL , ZAE
Bt ) 2 D AR =2 R S TR AT A, A A AR
B THERMSGERNZEELEFER., A REETE
TR BE 2% X 7 AR 2 B B R AR AR B O W3 L (AR
T5 V5 TE 22 A2 SE AR O 22 il AU S A3 T e i 2 Bk ik . il dn, &
TJa R ITE S & WMHLE 2 2 BOR B A B AL BUECHE 1 7
D R it v A TR 1 T A R R B M 5

o TR bR ), AR SCHR T — Bl B T & F Trans-
former Y 2RISR CRICGHBOIT %, 5%, %t 7 —Fb

THT ] SCAS 19 2 00 o 4R B L i 4k B R P 2 2 in R 2 2
I RF P S5 B SCAS B 0 R R R AR B I, R R, R TR R
ol FHmE PG K A OC 0 5 FRAEAE A Transformer )2
PR SC A T 288 3 f7 45 R 0 18 58 1) S R TR S0 0 OG R il BBUASE Y
G TEEM, BT R CNN 3 EBCRMERERRE . R BCEL & S
F Y 4 T HOR )2 WRHE . IR & R R & 1 0r )2 2 REM
B R AE A S 18 58 S PR S R0 G R Al R L SE T 4. AR S
BLTTHER AT -

DT — Bl p) SCAS B S 80T 2 OF K IR R R
523 A HLH S A TR SCARRAE 3E AT VR 2 K 1 R
TIE$EHL,

DB T — A4y 2 WA ET B RS M %%, 7E BERT 1Y
Transformer JZ 38 i £ F W56 17 28 0 3 B AL A 70 2 2 R
L6 REAE 5 SCAREAE Rl 6 7E — 2 , DUAR A 20R8 B P 5 1Y
XAE LFER.

3R T — A 4 7 B LD R AR B BBORE B A 2K AL % DA B
JIE B4 4 F BEAR B9 2 ORI L 115 Transformer J2 7 (% SCA 5%
7N A AT LA A5 AH I 9 43 )2 R B A

2 HXIIE

22 B S A A OG Z8 il BT e B F 5 0 T B — RS AR
FOAR B IR T UEAR R B 2 2 A2 B 7R AL sS IERF &5
A, — Se 5% 4 £ MNER Al MRE 1% %5 L, § 7
3 gk T P 5 B At YR 31 S v () i 4 S AR B SR R DG &R

TE G B, — BB 57 2 00T 4R ORI RNN S S AR ik
1795, 3F 38 i CNN XFBA R A7 g 65, 2R 5 it B 2
By 2R 6 RN 2 R ME R HEAT AL, IR R Z A
NER {145 . Bl 2B H0HE AL B H R A & R, Yu 0 48 1
) DX 3 RAR R AE R o s B P B9 X 4, 5 36 F Transformer
B SCAS REAE AT 18 LRGSR T 2 RS S AR R R
HHERE .

H Al R4 — e RF 55 3 32 158 o 2 ) SOAR-BR 6 R4 26
AR 2 S BERT #ETT, DUy A R A 56 BZ 19 F 3
P2 33 4 Ty 1 T o RIS -SCAS X 1 AN HE DG M AT R i T R
B B9 561 7 BERT 5% 8 3= 220 B 76 450 76 28 44 Fn 130 3)1] 2%
1155 b DEERIREKARR, RIFS WA unicode-vlI™™, Visu-
alBERT!), VL-BERT! 1 UNITER™! 45, v Se A i & %
B A — A F S IR A BERT DL EF it A Rw.
S GEA LXMERTYY A VILBERTY? 8 1743 5044 00 5 A
T AL B PTG O S8 A A S I e R ) e 4 R AT R
G DBIGESARFE ., ZHEWEEF B T4 5
AL AR S & dE A (Masked Language model, MLM) | #
R X 488 43 26 (Masked Region Classification, MRC) il & {§-3C
ARPERD (Image-Text Matching, ITM) . SR, 24 {ij A9 45 B = 35
S5 L it A% N SCA 22 ) 4 X R 56 &R L I MNER Al MRE
55 5 A 98 R TR 5 A5 U8R 1 5 SCAS R FAR . TR O oK 4 T
R 5 18 3 AL T MNER Fl MRE T % EA % #E— 4
He Ak At

3 E T =T Transformer ] S 25 LKk R EX

3.1 SEELEXRMEIERE
AW T —AFTF & F Transformer i B J 1A K
RECA BT, i 2 FroR . 3 2 AL HG 3 F & F Transflormer

241100071-2



ZEACHE % B TR F Transformer A 2B SLR S R BEA MU 14

B4 SCAR Ak BB Bl TR 1) PTG G S B AR AR R IBOASE B Ak T L
B HIT 28 00 2% 11 ] SCHRAE Rl BB

B, T B E T Transformer 45 81 52 81 X% 3CAS %
8 B2 R AE S, R S B Y 4 B LD R AE B
REFR P AL 35 DA R B IS 19 4 2 B R 2 IR AR AR L 780378 1R 3

THERMZ REMR B . $J5, 7% BERT % Transformer 115
RE S v 5l b 52 T 0 43 2 A0 T B 40 o = 2 RO E S
SCARAEAE LA BRI 3 LB B sk i) AR R, e 5T
B A J8% 0 (1 SCA RAE , 2R Al CRF FRBUCSCAR i SE 1R 56 &
bR F 4

NER Output

RE Output

B-PER: Attenborough
B-PER: Ben
B-Other: Oscars

Relationl: peer
Attenborough and Ben
Relation2: awrded
Ben and Oscars

CNN CNN CNN CNN
Blockl Block2 Block3 Block4

Low level

Global images Object images

b

| I
| |
| I
| I
| |
| + |
| Token [Fas] :
| |
| I
| I
| I

Self-Attention
A

Y

Gofun

[CLS] Attenborough and Ben Kingsley with their Oscars [SEP]

Input text

2 BT AT Transformer (9 2458 245 9214 06 5 4 il BUHE 28

Fig. 2

3.2 E T EF Transformer #J 3 R HFEIREY

f B DU TR % e B S0 G IR g0 T A A2 K
T o A SCMY HE Y £ SO 2 2] B LR 22 1028 S R 5C 2 il B
T b A% 0 21T 43 32 2 B 5T B BRSO AR SO R S MR R G R
B AH SE 4R F . 1% A5 B 3 T BERT Wil 4k &1, 5 i 5 & F
Transformer B9 45 5 o 1% 5 A5 X SCAS Y B A R B AR AE 26 7
e, HiRmE 3 pis,

X R¢!

DEH¢ED]3

— ‘,V1> T = = | _f_ |
10)—afr 6, H R 0 R O} 6 ),
| | | Ik |
[2) |=)
1008 G =R o 1R, Ol A,
| | | [ |
s | | | el 1 |
| | | I 0 |
Y Zn
o=+, Pl 0 o Y e )

ETENGE SHMET LS

Pl 3 i SCAS B S Bl T L

Fig.3 Text oriented parameterized quantum circuit
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Table 3 Model parameter settings
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9 T B AT R HH AR R A A B 2 RS R T A B, (]
A A 7R 7 S [l B A 4B 1 — R B, #E Twiitter-2015,
Twitter-2017 DA B MNRE X 3 84 1t 47 T % Hh sz .

BT SCA Y BB ST R R A A R AL CNN-
BLSTM-CRF, HBILSTM-CRF Fl BERT-CRF % ¢ il J¥ 51 b7
TE 7 1k 330 S A IR A 7 T8 438K 14 A 4 52 AR ] (NERD AT 45 Hp
B T LS 00 T A Fr . me Ak, Bk ek RS A 2 W 4 (PC-
NN 80 Sy —Foft 1) 4068 20 0 17 00 a2 A7 06 2R il TR i 3z
i WS Ok A AT AR B TR . I 22 AT 45 WL IR g AT B
(MTBYP AR T —Fhp ek 1 F R B T2 W+ £
T AR RRMB(REME 5,
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BT 2R MR AdapCoAtt™ ) 2 f5 5L ] 2k 52 4 7%
FIHLH 56 W 2 RS iy & LRI BT S R 22— 55 —TJF
. RpBERTY il it 78 Twitter 2038 F Il 254> 25 2%, RE 0% 45 #ff
WS E AR 5 SC A Z R LM, ik Ah, OCSGA™Y,
UMT! , UMGF il MEGAM ¥ 0 2248 25 sz R R 91 i e &
IR 7 ¥ B A3 3 ] Transformer 3§ & #f 28 B 4% (GNND
A5 BT G AR 5 SO B Xk 35, DA T 4 i A IR ) 2 4 S T
fift i 11 . Visual BERTS W J2: — B 00 38 B Il 25 08 & B0, 1
T £ 825 fir 4 52 1R 5 (MNER) #1 £ 1 25 ¢ & il It
(MREME S5, B3l 8 & 0815 B 5 18 5 15 B R o 452 A ¢
A, HEHE— 4, HVPNet™! , MEGAPY fI TMRFU /A% T
PN 22 AR 1 2000 B8 I 288010 2 UK 485 0 11 i 3 B R R 3 5
2 2 U L5615 B AL 38, 7E 2 B i 44 S8 AR TR AT G 2R ik I
1155 s B T BN Se ik KO

B4 A T T Transformer BY 215 285 504K 56 REC A
IR 5 SE LR AL EAT T M RE S b, HARSE R gk 4—
% 6 5.

4 HELBTAE Twitter-2015 B4 1 A9 AE

Table 4 Performance comparison with baseline model on

Twitter-2015 dataset

%)

XA Vi3 P R Fl1
CNN-BiLSTM-CRF 66. 24 68.09 67.15
HBiSTM-CRF 70. 32 68.05 69.17
Text BERT-CRF 69. 22 74,59 71.81
PCNN N/A N/A N/A
MTB N/A N/A N/A
AdapCoAtt 69. 87 74.59 72,15
OCSGA 74,71 71.21 72.92
RpBERT 71.15 74. 30 72.69
UMT 71.67 75.23 73.41
Text + UMGF 74. 49 75. 21 74,85
Image Visual BERT 68. 84 71.39 70.09
MEGA 70. 35 74.58 72.35
HVPNeT 73.87 76. 82 75.32
TMR 75.26 76.49 75.87
Ours 75.12 77.08 76. 09

F 5 HILBIMAE Twitter-2017 HUHHSE 09l L
Table 5 Performance comparison with baseline model on

Twitter-2017 Datasets

[€79)

) T ik P R F1
CNN-BiLSTM-CRF 80. 00 78.76 79.37
HBiSTM-CRF 82.69 78.16 80. 37
Text BERT-CRF 83.32 83.57 83. 44
PCNN N/A N/A N/A
MTB N/A N/A N/A
AdapCoAtt 85.13 83.20 84.10
OCSGA N/A N/A N/A
RpBERT N/A N/A N/A
UMT 85.28 85. 34 85.31
Text + UMGF 86.54 84.50 85.51
Image Visual BERT 84.06 85.39 84.72
MEGA 84.03 84.75 84. 39
HVPNeT 85. 84 87.93 86. 87
TMR 88.12 88. 38 88.25
Ours 87.76 89.15 88.45

F6  HELLMBAE MNRE 864 FibEae i

Table 6 Performance comparison with baseline model on MNRE

Datasets

%)

£ 7k P R F1
CNN-BiLSTM-CRF N/A N/A N/A
HBiSTM-CRF N/A N/A N/A
Text BERT-CRF N/A N/A N/A
PCNN 62.85 49.69 55.49
MTB 64.46 57.81 60. 86
AdapCoAtt N/A N/A N/A
OCSGA N/A N/A N/A
RpBERT N/A N/A N/A
UMT 62.93 63.88 63. 46
Text + UMGF 64. 38 66.23 65.29
Image Visual BERT 57.15 59.48 58. 30
MEGA 64.51 68. 44 66.41
HVPNeT 83. 64 80.78 81.85
TMR 90. 48 87.66 89.05
Ours 91.05 87.22 89.09

LU E R F W L FE Twitter-2015, Twitter-2017 Fil MNRE
X3 AMHAEE b AR SO R 2 RS A 4 SE AR IR B (MNER)
2 BEFS 5 R il B CMRE) 828 3 8 90 O 36 26 05 vk 1 o
fig, X LLgh R R T TSR AR A b 3 2 A A 0 e Y 5 K g
1 EM] T AR [ BE S L — Boih ik

T B R i A S I AR G R i U B b L 2 Ty 1k
TT X, SR BR Al T 5 R AF 4 07 v B A0 F UK
0 SCAS RRAE 1Y 52 R R B0 5 ¥ . B, UMGF A b T NERT-
CRF. 76 LR PRI 45 1 F1 EARF T 2 2 A 4 &0 i
MEGA ## T MTB, 7£ C R MBUE S i F1 AN RS T4
SAES M. XEW LG AR B 38 58 S0 AR 19 1E L
Fom , HE T 2 PR SRR ) 5 00 R A OB R g MR

FOR R 7 B AE PERE A T OB HVPNeT Al
TMR J5 k. BAKIF 4 Twitter-2017 1 MNRE $4E £ L .
ARSI EAE FLAE B0 TIEBA, WHERENE, AN
EZ2 B SRV PSS ) R a3 i LS v D0
GRRAE BT Ok (R 22 FE W . M EL 22 R, AR SCHR HE ) Jr ko
W A 56 o G R AR A R SOAS B R R A5 8, DT B T SO Y 1
PEV

FeJa B AR SCHR A T 5 VisualBERT #E 47 T H &
VisualBERT J& —Ff H F 4b B 2 88 25 i 4is 19 BERT it #F 8%
R, LB IZASRTE 20 B S AR AN 56 R BT 55 P Rk
TET PEBE . HHFZ A K UMGE fl MEGA ##1, ix % 18
Visual BERT 78R 265 A5 fr ek, 80X — 45 80 £ 2
D PR T i A 4 5 TN Zhad A2 op T 2R R 2 18] B4 R DG R
55, T s 00 T BB FE Z RS AT 55 PRy R I,
4.3 EFHBITHMERELESH

H T VTAN 4R Y A S SR G R B A IR AL A%
R STk 7R 3 AN SR 48 b FEAT 7ML 09 T R SE 50, &5
RWFE 7—F 9 Al

7T 9 PSRRI SO A BT R B T A 1
fE. K FIMA RS ) Transformer HE 48 H, 85 8 /9 Pk B 15
)T WFAR . MEAb L TE A A T LS AT 4R RO Y
FE 1% 463 2R DA v 22 B )2 1 4 o IR 2 R AE , DT A 54 v
TR A PEBE
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# 7 AE Twitter-2015 $HH4E T AT v 45 AN BT H (1 52 1)

Table 7 Impact of each module in the model on Twitter-2015

datasets
%
A P R F1
w/o B FH G A4 7 HH B 69. 25 72.02 70. 61
w/o & FH B 73.68 75.92 74,78
w/o & F B R 74,35 76. 14 75.23
Ours 75.12 77.08 76. 09

# 8 AE Twitter-2017 $rila 4 1 AR b2 A BEHR B 52 1)

Table 8 Impact of each module in the model on Twitter-2017

Datasets
%
A P R F1
w/o B FH B b 7 B 83. 64 84. 24 83.94
w/o B FH B 85.14 87.59 86. 35
w/o & F H B 85. 69 87. 85 86.76
Ours 87.76 89.15 88. 45

9 A MNRE %4 5 A5 AL rp £ AL 52 1)
Table 9 TImpact of each module in the model on MNRE dataset

%)

A P R Fl
w/o & FH S A 7 M B 80.53 78. 81 79. 66
w/o & FHH 88. 20 84.72 86.42
w/o & F M B 89. 38 86.12 87.72
Ours 91.05 87.22 89. 09

4.4 ETFHREASEHEHZNRIERE SN

g T LR MR Y 22 R S AR G R R U TR R A A
HAEM AL Twitter-2017 FOHE4E 0 B4 I Al IR & A1 4
BT AR 10 72 | 25 88 AR 4E 1 940 2k il R e i R i 2% .

& 5 B o 5 iy 2 Bt 25 11 24 % B0 1 o i P A R B
A 10 W5 PR, 3 I B AE DI 25 42 Rl i 4 b i £
B OLRAT, [RI o 2R i 2k B 2 kA R S50 T o 1
T e A AERITRY 1A 10 YR ] PR, 2 B RE T A I 25 4R
PR S S 15 I o N A NP 7 B N L2 -l N e
[ B o A 2% o 2R B 2B L T 2 v A o A I A SRR A L
4 19z Ak g
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(a) Training and validation loss
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(b) Training and validation accuracy
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Fig.5 Mdel loss and accuracy curve on Twitter-2017 dataset
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JL4 H R4 1 MNER #1 MRE 530 4248 T 8%
Y AR Y RN 25 5 SCA R AN DG T B 356 7 o A7 ) 3%
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