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Abstract: Extracting entities and relations is an important stage in the construction of the knowledge
graph,with the goal of extracting pairs of entities that have semantic relationships with one another
from a given text. To solve the problems of redundant relation prediction, overlapping entities and
relations, and the inadequate capture of semantic information by prevalent methods for the joint

extraction of entities and relations, we propose the fusion of a multi-head self-attention mechanism
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with adversarial training in this study to jointly extract entities and relations from texts. The proposed

method uses a multi-head self-attention mechanism to capture the potential semantic features of the

text and enhance the ability of the model to identify contextual semantic information. Adversarial

training is introduced to the training of the model to enhance its robustness and capability for

generalization. The results of experiments showed that the proposed model achieved higher values of

the F1 score than prevalent models in the area on both the NYT and the WebNLG public datasets,and

maintained stable performance when dealing with overlapping entities and relations as well as an

indefinite number of triple extractions. This verifies the effectiveness of the proposed model.

Key words: joint extraction of entities and relations; adversarial training; multi-head self-attention

mechanism; knowledge graph
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(Jack, birthplace, Hangzhou)
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EPO Beijing is the capital of China.
, (Liang and Du,2022;
Hang et al. ,2022;Qiao et al. ,2022)
R CasRel(Wei et al. ,
2020)
, )
,
, ,

o b

DualDec(Ma et al. ,2021)
PRGC(Zheng et al. .2021)

’ ’

(Liu et al. ,2021; Lai et al. ,

2022;]1 et al. ,2024), s

b o

MSMAT (multi-head
self-attention mechanism and adversarial train-

ing), BERT (Devlin et al. .2019)

,MSMAT

(Zeng et al.

’

et al. (2016)

b b

,2014), Zhang et al.

, Wang

o

, Att-BLSTM



« 515 -

’

(Zhou et al. ,2016), Lee et
al. (2019)
Wu and He(2019) BERT
2
( ,2022),
. CopyRE
(Zeng et al. ,2018), )

,OrderCopyRE

(Zeng et al. ,2019),

2 » GraphRel

b

1
Fig, 1

(Fu et al. .2019), SPE

2020),

b

et al. ,

(Sui et al. ,
TPLinker
, (Wang
2020), SMHSA (Liu et al.. 2021)
RMAN (Lai et al. ,2022)

. Goodfellow et al. (2015)

b

o NLP s

Miyato et al. (2016)

Bekoulis et al. (2018)

b

, . Zhu et al. (2020)
2 MSMAT
MSMAT C D 3 : BERT

N

Model of entity and relation extraction based on multi-head self-attention and adversarial training



+ 516 - ( ) 51
4 R n
; token,
hl  h2, 2 H=
, ; [h1:h2].[. 5. ] ,
o h™* = Avgpool (H) (6)
21 P.,=c(W + h™*+b) D)
BERT : Avgpool ) sh™s € R™!
. , BERT ;We R
., BERT ;b 50 sigmoid
2 o n 2 2.3
S={w, sws s w0, } w, ,
t R Transformer s
, . , 2 BIO
22 , 1
221 o :
P;; =softmax[W,_(h,+u,)b,] (8)
, Py, =softmax[W, (h,+u;)+b,] (9
) sh, € R
, . i  token , Uc
hl, R* , \ 7,
(1)~(3) 3 su; € R J
Q.. K. Vi, W, W, & R
€Y »b, b, )
, (5 {B,1,0} 3,
2. 2.4
Q: =W, * hl (D
K,=W,, * hl 2 , ,
V.=W,, * hl (3) . ,
head.:softmax<Q' _ KT) -V, €9 ’ ’
h2=/[head, ;head, ;- ;head, ]W, (5 , 212,
s Woy € R"% , Wy, € R"% ,W,, &€ , i
R”% W, € R sdady ,
d, N H y
i=1,2,sn s /di 1 °
. M, S =n  token,
2.2 2 R,
. Al, P, .. =c(WLh;;h ] +b) (10)
1, 0, 1 :hi ,h) € R i to



3 , « 517 -
ken J tOken I‘globx :7% E yt-jlongx.jo +(17yi,j)
;WGRZ‘MI io Sig* log(l— ] (16)
moid i, 3 i i
2.3 in T
231 . Py
MSMAT ) ’
1 J s Vil
. MSMAT : o
BERT X, X ° ’
a7 o
Ax’ Xadv »
Loa=L. +Lseq +Lglnlml 17
g=V,L(x,y;0) (11) 3
_ g
Ar=g s 57> 12
T T T 31
Xadv — x+ Ax (13) 2
g L(x.v;0) x WebNLG (Gardent et al. . 2017) NYT
i€ , (Riedel et al. ,2010) MSMAT
1. . WebNLG DBpedia(Auer et al. ,
2.3 9 2007) ,NYT R 2
MSMAT (Zheng et al. ,2021) ;
R 3 N 8:1:1,
2 )
, 3
2
L,u=— 1 E [y:logP., + (1 — y)log(l — Table 2 Statistical information on the dataset
n, =
P(el)] (14)
NYT 56196 5000 5000 24
— WebNLG 5019 500 703 216
L= 2><n><np°‘ /Z“ ]Z;Z;y,jlogP (15)
3
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Fig. 2 Results of extracting triples from different patterns of overlapping relations
3
Fig.3 Results of extracting different numbers of triples
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344 ,
MSMAT s WebNLG .
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Att w/o AD Table 5 Results of ablation experiments on MSMAT
using the WebNLG dataset
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