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Abstract: Aiming at the problem of sparse entity relationship type data with unclear feature
information when using global pointer networks for entity relationship extraction, as well as the
problem of class imbalance and incorrect labeling in the data, we proposed a entity-relation joint
extraction model based on contrastive learning and gradient penalty methods while utilizing an
enhanced RoBERTa pre-trained model. Experimental results on the Alibaba Tianchi Chinese medical
information processing benchmark CBLUE2. 0 dataset show that this model outperforms the global
pointer network, and can more effectively extract entity relationship from complex data.
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Fig. 1 Example of triple overlap relationship types

1.1



5 ik s, AF . LTS LA o) S RE R AR 04 ST AR O R 6 A il HUAE AR 1157

S E . BB REAE TR — A E A B B 2% (GAND H T T s 3 I 2R R P 0 A SRE AR T )
A B BRI GAN Ik b AL i 5t RIB B T 2% A1 A8, G AN B 7 4% Gl #8452 17 )32 i
F. TSR IT Wasserstein PEIRE B AR BG40 0 25 BB, O 08 I 77 6 B8 728 53 LA it o AE B0 AR Ak
PRI R ). S A B XA G075 O B BORFA 7R A IR, 4 Hh T — ik T B LA T IR B 4
FUE X BT 4. Fedus S5 10 1 78 2R T4t 00 46 r o JH of 52 725 531 398 o A iR AS 1) 2 S A 22
AT B E SCAS A AT 55 T (i 2GR L 8. Ross 580 X iy AB B2 SHEAT 1E U4k, foff IR 32 ot 28 I 245 55 260 %)
i AN 1 SN HA S P

2 R

2.1 B

AT 220 e ) RoBER Ta I 252U 45 0 g 05 4 o AR THBE AU 3 CERoR 22 2] BE 1 5 4] T4
) B ER R RE T 3 NS A AR IR il BUIE 95 O A oK il B 2 R 5 ) 1 2 () T SR B SG B
IR R X He2 o) 1 42 Je 45 B I 45 78 FHT Dropout A5 B 52 BURCHE 57 4 . 36 AR A 22 4 1 11 S Tl
e Al R R X O S T R YOG AR S AL, (] A A 5 2% R KR T RGN BR BE ARSI, BRI X R
PR RE PRME RN 2 .

R s 7 PN & PN
SR AR =T =~ | Loss=KL_Loss+(Cross_Loss4+Cross_LossB+Cross_Loss(C)/3+Gradient_penalty
ZhIR
777777777777777777777777777 Lm0y
\Cross LossAw \ Cross Loss( w \ Cross Losst 1Grad1ent‘
777777777777777777777777777777 \Jenaltyj
SESUR I e
} T T BRI 51
: KL Loss
KL b K It " o n
LEt S Logits4 LogitsC LogitsB
FARPUIRL KA FARPUIRLR RARIAL
[& R T AR &R A TR R AT K R A T 3
Mo100000 01000O0O0 # 0100000 0100000
A20000000™ 0000000 20000000™ 0000000
UJOOOOOOOQOOOOOOO :‘JJOOOOOOOROOOOOOO
EFOOOOOOOHJ' 000O0O0TO0O0 0000000tM 0000000
T‘OOOOOOO“‘OOOOOOO T‘OOOOOOOd;OOOOOOO
0000000 0000000 % 00000007 0000000
#oo0o00001™® 0000001 %y 0000001 ™ 0000001
% 2 A
AR 2K B NG
RoBERTa ’ M FYRoBERTa ’
B £ T R K MRl A T % MR & T R K
wl w2 w3 wd w5 w6 wil wl w2 w3 wd w5 w6 w7 wl w2 w3 wd w5 w6 w7
A A4 AB

oAl A T K

wl w2 w3 wd w5 w6 w7
HWAC
2 AREAIREMY
Fig.2 Architecture of proposed model
2.2 ETF Child-Tuning { 4% # RoBERTa i‘ﬁiJlIﬁ#ﬁ’*”
RoBERTa J2 2T BERT st iy Pl 2 A . HC i gk R MR KO Hls 19 1l 2 2 ) 2108 A9 3 5 380



1158 O R R GE RO %62 %

AR SRS A il R BT e (Y TR CERIR A 2T BE D e B TR OR L TR AT gk — 20 9 A I A A £
ZRVLE BB R B 55, BRI R R RS AR (H B ZR A R A LR 5 2 R A L TR AT 55 19
N GRB s 22 B O, A B 00 B 5 B0 1005 B, DT 532 Wi 465 250 ) e 4 P B

BEXE B IREE, Xu S5 4R T — AR A S B T 2 R AL o 43 9 £ 2 800 J5 i —— Child-
Tuning, RI7EPUIZAL R b e £ — A>T G BEAT R4k . AT 7E — 5 B2 bl S iod 005 XU, A SCAf
Adam fEALAR X RoBERTa #EAT UM . £ KT B AT 55 R 45 09 B A7 Z 8Ok AE b THR Fisher (5 8

_ 1 L (alog Py, l‘];w)jz
D] = ’

Hop D NPT REAR R ooy I E AR . IR B AR S RO E AR AT HE Y . R A
R FE 2 B T 90 VoA 7 28 T T Adam fE AL
2.3 ETHIFINLHELF/HIEH M

2SR AR BT W ARG B 2% 10— FR AR BT, B TR i PR B 0 4% S AR 1k (07 B A R S B I 2k
PO A — HOvE [, RSB 2 Sk U S 2 BRI Sk SR 5 R SRS, xR 4 B I 45 TR S A
K3 R, TR LA b i Sk SEOR T 5 R S Ak TN 45 R A S AR T LT REAEAE RO G &R IR 4 e
Jey Fi At I 45 S W S AR X 5 2R 1 R I

F% (w) (D

awm)

FARL T HUWL AR

I S N O R (O B W kT K
B 0 1 0 0 0 0 0 K 0 1 0 0 0 0 0
2 0 0 0 0 0 0 O A 0 0 0 0 0 0 O
0 0 0 0 0 0 0 0 0 0 0 0 0 O
A 0 0 0 0 0 0 0 4 0 0 0 0 0 0 O
F 0 0 0 0 0 0 O T 0 0 0 0 0 0 O
# 0 0 0 0 0 0 O # 0 0 0 0 0 0 0
% 0 0 0 0 0 0 1 % 0 0 0 0 0 0 1

B3 £FBiEMEERMNTER

Fig. 3 Schematic diagram of global pointer network entity recognition
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Fig.4 Schematic diagram of global pointer network relation extraction
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