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A relation extraction method based on improved RoBERTa, multiple-instance
learning and dual attention mechanism
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Abstract: Aiming at the problem that distant supervision relation extraction could not make full use of the high-level information of
sentence context and was easy to bring noise annotations, a relation extraction method based on improved robustly optimized
bidirectional encoder representations from Transformers pretraining approach ( RoOBERTa), multiple-instance learning ( MI) and
dual attention ( DA) mechanism was proposed. The full-word dynamic mask was introduced on the RoBERTa to obtain the text
context information and the word-level semantic vector. The feature vectors were input into bidirectional gated recurrent unit
(BiGRU) to mine the deep semantic representation of the text. Multiple-instance learning was introduced to narrow the range of
relation extraction categories by learning instance-level features. Dual attention mechanism was introduced, which combined the

advantages of word-level attention mechanism and sentence-level attention mechanism to fully capture the feature information of
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entity words in the sentence, improved the model’s attention of effective sentences, and enhanced the expression ability of sentences.

The experimental results showed that the F, value of the method reached 88.63% and 90.13% on the public dataset New York Times

(NYT) and Google IISc distant supervision ( GIDS), which were better than the mainstream comparison methods. It could

effectively reduce the noise influence of distant supervision, realize the relation extraction, and lay a theoretical foundation for the

construction of knowledge graph.

Keywords : distant supervision; relation extraction; improved RoBERTa; multiple-instance learning; dual attention mechanism
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Fig.1 Relation extraction method structure diagram
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Table 1 Comparison of model experimental results

in NYT dataset AT %

TR P R F, &
MLRO 25.82 26.38 25.82
PCNN 57.61 62.15 59.80
BGWA 72.59 69.93 71.24
EFEAPN 74.85 72.39 73.60
RECON 85.49 87.36 86.41
DSGAN-KGGAT 87.15 87.20 87.17
REEGAT 87.72 87.69 87.70
IR_MI_DA 88.63 88.59 88.61

#2  GIDS Fudisk ARG 45 1T 1

Table 2 Comparison of model experimental results

in GIDS dataset AN %

HELY P R F {8
MLRO 30.25 29.41 29.82
PCNN 61.57 68.23 64.73
BGWA 75.61 71.05 73.26
EFEAPN 79.45 77.30 78.36
RECON 85.29 86.72 85.97
DSGAN+KGGAT 86.33 87.94 87.13
REEGAT 88.61 89.50 89.05
IR_MI_DA 89.37 90.91 90.13
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Table 3 Comparison of experimental results with different

pre-trained models in NYT dataset B0V : %

HiAl P R F {H
ELMo_MI_DA 80.35 83.62 81.92
BERT_MI_DA 83.35 85.62 84.47
RoBERTa_MI_DA 86.25 87.39 86.82
IR_MI_DA 88.63 88.59 88.61

. ELMo_MI_DA Jfifi ] ELMo , £ 5 ] 2% > AW EE 7
2 P AR, BERT_MI_DA Mfii ] BERT ., £ 5242 >
FOX H 1 = ) AL 9 4 A, RoBERTa _MI_DA i {ifi Ji
RoBERTa , £ S5l 2% > RN X EE 3 3 JI L] A4S
4 GIDS $¥adE b AR I 2Bl 56 25 S % L

Table 4 Comparison of experimental results with different

pre-trained models in GIDS dataset Ay : %

LAY P R F, {8
ELMo_MI_DA 81.63 82.57 82.10
BERT_MI_DA 85.94 86.68 86.31
RoBERTa_MI_DA 87.00 87.34 87.17
IR_MI_DA 89.37 90.91 90.13

T 50 45 B 3R B AR BF o R R Al et Y
RoBERTa J5 , & A HHICHCR W24 T, A NYT $ids
% | P R.F, H4>%1H 88.63% .88.59% .88.61%,
1E GIDS (¥l 4& b, P R F, {67314 89.37% .
90.91% .90.13% , ELMo fii H [n] & $f 4% 07 Xat & =
FOCRRE, BRI R — 2K R 1L M 4 At
2 FRAE SR IO AL A 2R 38 2% s BERT FIHI X n) 51
fift P ELMo FRAE Rl 45 22 1 ) J1, 4 SCARFE R 3
Ak ), A8 T ELMo, £ NYT GIDS %{#E 4 I F,
32 TF 2 H 43 AL ; RoBERTa 2k i BERT () #
SRS, R sh S A, (AR 4 07 i 2
A ZBISCAR ) i, K15 b BERT B 58 1Y) R AiF 24
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Table 5 Comparison of experimental results of multiple

instance learning in NYT dataset AT . %
i P R F {H
IR_ DA 88.27 88.15 88.21
IR_MI_DA 88.63 88.59 88.61

# 6 GIDS £l s I 25062 > i 45 4 L

Table 6 Comparison of experimental results of multiple

instance learning in GIDS dataset 9147 : %
i P R F {H
IR_DA 88.78 89.61 89.19
IR_MI_DA 89.37 90.91 90.13

M 5.6 thal LUFE 1 N2 S 2k S Je
NYT $dE4E b, P R F, {E53 3T+ 0.36 .0.44 .0.40
A 47 8 fE GIDS Bdi4E |, P R F, {643 742 7+
0.59.1.30,0.94 H 53, 45REW, 2506 > hE
8 SR (1 Z2 A 924, MR TR 1R 324 2] 56
FRAFIE , Fm R FRE R, 4 /N e R B8 L ok
MRS R S A 22 S5 8 2 o AR R Al
2T KRB A — BTt
3.4.3 R[N E 7 ML X R B O R A Uk R

) S ]

R IIE R 8 XS T A B A e R W G
FAMIUT A R, AW 5T A6 WA U N R B
(IR_MI) B 2] F 9 3 1L (IR_LMI_A)
FES el ) R 1 PLE (IR_MI_DA) |-
AT IR R 25 B g 7.8 FiR

F£7 NYT HRAE LA FE LR S T 1

Table 7 Comparsion of experimental results of attention

mechanism ablation in NYT dataset A7 . %
i P R F A
IR_MI 82.95 83.72 83.33
IR_MI_A 84.87 85.07 84.97
IR_MI_DA 88.63 88.59 88.61

F 8 GIDS HIEEE FARRFERE S HLHHR IS RN L
Table 8 Comparsion of experimental results of attention
mechanism ablation in GIDS dataset E4i7 . %

TR P R F, &
IR_MI 83.90 85.37 84.63
IR_MI_A 86.41 88.04 87.21
IR_MI_DA 89.37 90.91 90.13

HH 2R 7.8 AIHL, AHIF 545 8 A 25 45 10l i 2R )
FHAE T FE LGS, 76 NYT GIDS #i4 L F,
Y8 2 B, 43 M 88.61% .90.13% , 7 /)1
P IHLHI RS B o B R XA 8508 ) I e T B
R AE AR A SCAS IR 7 B i A R AT R R DR
TRAR AR A (045 8., U0/ 158 s T 7 DI 11 W 7 [
L FE NYT \GIDS Bls 4 [ F, (H AR 200
PLHI BRI AT 48 e 242t 2.58 A 73 4. FEM
= MU IS0 T G AL Bl R A
T 27 3] SCAS Y BRORTRRIE B 25 A 2% 18 4 I 19 ) 1k
WA, A2 0] 7 v S B R B0 U R, B sR ) Y
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PTG R A HERME . AR T AN A
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