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[ Abstract] The Multimodal Relation Extraction (MRE) method assists in relation extraction tasks by using multimodal
information. To achieve a good relation extraction performance, existing MRE models usually need to be effectively
trained on a large amount of labeled data. However, they perform poorly in the case of few-shot samples. To address this
issue, this study utilizes the rich semantic and prior knowledge of relation labels and proposes a new prompt-tuning
hierarchical network. First; wa text-prompt module based on knowledge injection is designed and implemented.
Specifically, by utilizing the entity information hidden in relation labels and introducing virtual entity type words to
construct prompt templates, the model can perceive the potential range of entity types in the sample and continuously
optimize the introduced virtual relation answer words using context to express the best semantic information, thereby
improving the performance of the model in the case of few-shot samples. Second, by utilizing the mutual constraint
relationship between entity pairs and relations, an entity—relation collaborative optimization module is designed and
implemented to further improve the effect of relation extraction. Finally, in each self-attention layer of the text encoder, a
visual prefix-based attention mechanism is introduced to deeply integrate the layered multiscale visual features with the
text information, thereby generating more effective and robust text representations and significantly reducing the
sensitivity of the model to errors. The experimental results on the multimodal neural relation extraction dataset (MNRE)
show that the precision, recall, and F1 score of the model reach 84.97%, 83.91%, and 84.43%, respectively, which
are all improved compared with the benchmark model. Especially in the case of few-shot samples, the model proposed in
this study is significantly better than the benchmark model, demonstrating good relation extraction performance.
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*® 1 7 MNRE HiE&E FHLIWLER
Table 1 The results of experiments on MNRE dataset %;

R LS # Il % F1{f
PCNN 62. 85 49. 69 55. 49
MTB 64. 46 57. 81 60. 86
PURE 64. 50 58.19 61. 22
VisualBERT 57.15 59. 48 58. 30
UMT 62.93 63. 88 63. 46
UMGF 64. 38 66. 23 65. 29
BERT+SG 62. 95 62. 65 62. 80
BERTHSG+ Att 60. 97 66. 56 63. 64
MEGA 64. 51 68. 44 66. 41
HVPNeT 83. 64 80. 78 81.85
VisualPT-MoE 82. 44 81. 41 81,92
MMIB 83. 49 82,97 83. 23

JT PSR 84. 97 83.91 84.43

JERh Z RS R i 1) RS AT B i O R R
PR E B 1 iE LN A R A ST BB AU
FEFM MRE £33 — 315115 25 T r S B R
FHREE TS50 MR A B SCAR SR /R 5 SR G & P )
oAl A AS AR AT DL BT 55 rh P AR S AR 25 BT 1Y
90 BBl o - HL AT AR H8 S A 0 28 U X F 56 R 2R AU A FR
il s X L MASK I il it — b it .

Shy 6 TE AR Y FE I 25 B4 AN 2 kA R R
MNRE Ji f533)11 25 5 o 95 b o7 3K 647 SRk, 15 3]
RIS 25 45 T U1 25k DABE4UL A BEAR S 56 55 100
5% 1 Aoy U2 FE MNRE Jg iR il 2548 ok -2
K AN S HEAT R A K43 Bl e 8,16 1 32, DAJE B
RBHIRYIZRAE  SE 25 S Nk 2 iR 56 2 Fhor =X
JETE MNRE JFUia Il 2R h BEALI R 226 ~40 %6 11
Bl U ARG I 2R 4R L BE IS TR ARSI O T
Tt LS8, S 2 AN 2 frs . fER 2 FiA 2
H1,w/o Text Prompt 378 7E $& HUSCAS R Ak 1) B fige
ANE FHHR 7R VAR 100 2 05 ] UL %) G o e, ELAAC
BRAE S A B X O T 0 8S n 4R  OF BO¥%
[ MASK ] #1024 Ay f FiE MLP A A 43 25 2% 0 ¢
AP, PRSI O S &5 R o 6 e B R
) MRE #5 R, A SC R $2 H 08 07 3 FE AR BE TR 0 T
FI WL LA 0 AR R A S D i S
K E . 5 ERER SR N R P 0 R R A A L
JERE AL 2% B HH B 4502 . LA IR B AR 2D R AR 1 O
TR A SCAR R R B R 1R B
fEH

F2 K-shot IR ER

Table 2 The results of experiments with

K-shot training data %
Kb R F1{A
HVPNeT 18.92
8-shot VisualPT-MoE 27.90
-sho
Jr R w/o Text Prompt 20. 49
S SRAR AR 34.54
HVPNeT 22.06
16-5hot VisualPT-MoE 33. 45
-sho
FIFHR#E R w/o Text Prompt 32.93
S $RARE Y 40. 06
HVPNeT 39. 98
99-<hot VisualPT-MoE 39.70
-sho
Fr AR w/o Text Prompt 43.13
Jr Rl 44. 48
S—
80 | SRS T s M
o — A *
70 F
S
]
£ 60
=
50 f —o— FTHLRIA
~n~ FritHEi A w/o Text Prompt
=#= HVPNeT
ol 7 =v= VisualPT-MoE
2 b 10 20 30 40

Proportion of resources for training/%

B2 BOLRENRERNIEER
Fig.2 The results of experiments randomly sampled
by percentage

4.6 HRASLR
NS UEAS SCHT S AR (A % 72 MNRE $4fs
& F I TIE LSS, L) w/o Entity Pair Classifier
ISR SRR 2R Y AT S . AR B L MASK i .
THRLSCIRZE AR 3 TR, AT LA - ANl 3R
DL ARG F1E R RS 125 7370 a5 R BRSEARS 3
AR BT R 2. 21 A orrd. SEER g e
A SRR IAE MRE AT 55 b 1947 380t OF B R
TEVIZREHE S 5 LT o R S A Ft i mT LABR
1] K 2R SR B TN 1 R LR e 2 5 2 il HUAY 2

R3 HMIEHER

Table 3 The results of the ablation experiment %

R GBS FEJES F1 {8

P2 84. 97 83.91 84.43

w/0 Text Prompt 83.70 82. 66 83.18
w/o Entity Pair Classifier 82. 42 82.03 82.22
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R i — AP B UEAR SCHT SR AR R AR AR BT IR B0 Y
AR EBURFE S 5 00 B R B 42 247 T il
S WA RANR 4 PR . ISEIRAE R AT LAE
A A 2R PR i A FLE R B 1. 14 A3 43
F 3 BRSO T i, RSB LR R [ 14, 34 '/
IrRLe SEEARER ], BT R AR SO R
HAEDREANE DT A LT 920R-0C 2 03 R A A 5
RAER T CHEAE

F4 SHIISFHEIENHMIRER
Table 4 The results of the ablation experiment
with 5% training data %

T it PEjmE: F1{g

S SRAR Y 77.81 76. 72 77. 26

w/0 Text Prompt 63. 68 62.19 62.92
w/o Entity Pair Classifier 76.79 75. 47 76.12

4.7 BSYXILLLEH

B E S ARG 2 D3 R A AASE S v SR T 5
SR F T A R A5 A MINRE 2 #8125
PE AT S HO b S8, S8 25 RAN A 3 Fros, B
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0.5 i A HOR e s B A o IUIEL Y 15 RS8N
F1EYA B TR, o o BUEK T 0.5 B, F1 A
T RERCR 2 LA TR B Ry OC F il BT 55 1 i s 1R
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Fig.3 The results of the hyperparameter

comparison experiment
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