55 254 4 3 LGRS Vol. 25 No. 3
20264F 3 H Software Guide Mar. 2026

ETFHTEIZENERSSHEXRME

WA, AR EET . A

G KRF ALERFE, #Hab &KX 430056)

i OE: FHXAHR(ERE)ZARBZTAENLP) eI 244, § AR AT RANFHFZMGELLR, 2
BT EAEE ein B A GRIRESIR ., AW, LA 7k 2 BRI AR A A AT A AR REVUE A
RIEXFEM X ZAFL L5 GBREE, St S FE4 BTG SR B ENEH R L, ZHE, FRE T 2T FEHX
ROy AEEALRE . ST, R — A TR RN R BES T X AR ik, 7 kilid NLP T L3I F 14 fik
K584 &6 e &) SSARAVE AR AR, 5 AR IR E A An W E 1T IEHUE] 3 F A ik R A A SRR BEAT IR AR, LR
BRI L ISR ERAN G LR EEZLE, L ENHENH G EFHERLAS I EE MBI MG XL L
A, ABGAT A FH R T A4S, EMAVEN-ERE# & ey R4 R A, 5 AR R W FF 4%

FeAFE R R BT REAA IE T AT A A AU, EEE
KB FHXABIGHER; TR IR F R A A KRBT AR %%
DOI.: 10. 11907/rjdk. 251063 A 4R ELA
FE 4SS TP391.1 XERARIRED : A X E S :1672-7800(2026)003-0069-09

Joint Event Relation Extraction Based on Bridging Entities Enhancement
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Abstract: Event Relation Extraction (ERE) is a critical task in the field of Natural Language Processing (NLP), aiming to identify semantic
relationships between event pairs from text, with broad applications in event reasoning, knowledge graph construction, and information extrac-
tion. However, existing methods predominantly rely on event triggers for relation modeling, struggling to accurately capture implicit event rela-
tions and complex cross—sentence contextual information. Moreover, the potential value of event arguments, such as bridging entities, has not
been fully explored, limiting comprehensive modeling of event relations. To address these challenges, this paper proposes a bridging entity—en-
hanced joint event relation extraction method. This approach leverages NLP tools to extract intra—sentence and cross—sentence entities of event
triggers as bridging entities, jointly modeling them with cross—attention and dual gating mechanisms. The cross—attention module captures
global interaction information between triggers and bridging entities, while the dual gating mechanisms dynamically fuse the interaction infor-
mation between event triggers and cross—attention outputs, as well as adjust the fusion of two event representations. The method was evaluated
on the MAVEN-ERE dataset through experiments and comparisons, demonstrating superior performance over baseline models on causal, tem-
poral, subevent, and coreference relations, thus validating its effectiveness.
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EFAMPHE I EEMmA . SRBEERMAZ T2
k2 3 )2 R IEFEM 4, il 1 Leaky ReLU BT PREE &
PRI S RRAEAR St 2R R IR B 5 31 H AR G R 28001
HIYERE .

R=MLP([P,; P, (16)
326 Mk FIHK

K 28 XU ( Cross—Entropy ) /E A #6512 B8, T 45 i

T3 R 5 ELS2 3 A5 R (2 5

£,=-> R log(R") (17)
i1

Hrp | r e {time, causal, subevent, coref }), ¢, AR Fr A

TR 55 W bR Kkt o [l Sy TRk 4 MR 55 1Y 2 26 8%
B AT 5 1958 SURAR R ISR AR S it 2k, st (18)
NS

£ o+ Lot (18)

total
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4.1 HEE

A ST B 7E MAVEN-ERE B 46 Fif4T T 5280, 1%
BoPs A R LR (R RV RO R AR T S —
)11 B . MAVIEN-ERE /& H A fi K 19 ERE #5484 , 30
4 4801 3CHY 112 276 A4 4E J2 . 103 193 A= fF 2 dgdt |
1216 217 /4~HFA] (57 992 4~ K 3R 3¢ & AT 15 841 4~ F F 44
42 ZWEEBESIIZKAET

SEYGFET DU B (R PR B AL S 5O AT, R A
K FHR BE 27 > HE 2R PyTorch 2.1.2, BT F Python 3.10, GPU
| R P K NVIDIA RTX 3080 ( ' 7% 20 GB) ., % JH Stan-
ford CoreNLP v4.5.6 % SC A F F SCRY AR A7 i A 5 3 48
fEATT , LB OR AG R) 7 1138 R 2 (it &% ) BT 76 4] F- T 2
B, A BE AR BE B M 0 1 B A 0.8, AL 4 i 7% R
HuggingFace AL RoBERTa-base Jili 4% , RoBER Ta—base “#
M RBE N le=5, HAABIH A 3] Ay Le—4, I RBHRAE R K
INN 8 A AL BRI T AdamW o Ay sBE A 4l 5 di AR AR R AL
BEE A% 50 6 AT — R EE , IR B8 & AT 55 fe i 15
I IRLCE SHL, DA PR TR 24T 55 R 56 R s 3
AERE
43 HEEa

A PTAR AR SRS 1 B AN AT i e BT — R B B A
PR 1) SE LB AT X L A3 A7 . o, RoBERTa-split
FI RoBERTa—joint 43 %] & Wang 7F Maven—ere H1 P |~ Jk 2k
PR

RoBERTa-split : fiij 2. #iL 1 (1) 5 38 07 %, 44T 55 1 FH
ST A RoBERTa X I R SCHEAT 4t , I8 3 4t <7
A RIS P28 0 4% BRI TN BT A AT 55 1 S X 0 B

RoBERTa—joint: — Ff B [y Bt 2 4T 55 77 ¥ , i RoBER-
Ta-—split 25 1717 2k , BIAf ] — 3L 52 4 RoBERTa Zii it #5% il
M7 B4 2EAN SRR S ISR AT A AT 55 45 0k LA SR
BGaE2

OneEE"7" ;33 & —Fft FH T =5 - fih BOAQ B Y, A 530 4 o
MR ES BT S T8 Bl R AR5
T S RNBENY | B e DAL G2 7 v e A PR AT S A 45 R ) T
I P9 170 850, 41 22 B BE 7 3 vh A S TR AL R ), SR FHAH [R] 19
AL 5% B OneEE A0 3E it 3] Maven—ere (P54 |, VU
JFEEREES .

GraphERE ™ 1% J7 & 48 3 T 1 38 38 25 1 9 A 1R B
A ZHIBESE , 75 MAVEN-ERE 3034 b xf Hi 4T
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S 1P AMR FE 1 OpentE H 8 ik A5 4 1 L 3 9 £
A, 338 13 Node Transformer FI{T 55435 2 sh 25 K fl HL 4 Fh 35
FRAR
44 HETNER LRSS

X EBURIEAT TR, VPAG bR T REB % (Pre-
cision, P) \ 1 [0 # (Recall, R) \F1 73 8L K B %) Hdig ¢ &
fl MUC . B3 ,CEAFe Fl BLANC 254545 . B AR4E F 2 2 i

/R o FIEST RoBERTa-split 1 OneEE , A 3C 5 17 4 Fl =5 1F
K RAES EIA T RoBERTa—split 5% JH 2t 7 11 25, Z 0%
T AR & ) MR 5 OneEE AE Sy =5 04 il BURE 2L, 7
Temporal (R=62.4) Fl Causal (R=33.5) I J&& 3 i} 4% & A [l
R, OO G0 i BT 5 AE i o AR, LR AR K
1% (Temporal P=49.4 1 Causal P=31.5) 7 F1 38 Z R,
AT BB SRR AR B R 6 B AT 55 0 1 SO SRt A T AL

Table 2 Prediction results and evaluation indicators of each model

F2 HEBTNLERSIENER (%)
G RAT 55 Temporal Causal Subevent Coreference
BRIRELD P R F1 P R Fl P R Fl MUC B’ CEATFe BLANC
RoBERTa-split 57.8 539 55.8 35.0 27.2 30.6 29.6 24.6 26.7 81.4 98.1 97.7 89.8
RoBERTa—joint 55.4 56.6 56.0 33.8 29.5 31.5 29.8 25.6 27.5 82.1 98.2 97.9 90.2
OneEE 49.4 62.4 55.1 31.5 33.5 32.4 25.8 27.1 26.4 77.1 97.4 97.3 85.9
GraphERE-split 57.1 50.0 53.3 33.0 28.2 30.4 26.1 20.8 22.1 79.6 - - -
GraphERE—joint 55.1 54.4 54.7 29.0 33.4 31.1 31.2 24.2 27.3 80.1 - - -
Ours 54.6 59.9 57.1 375 323 34.7 329 29.8 31.3 82.3 98.1 97.9 90.0

5 RoBERTa—joint #] H. , RoBER Ta—joint {4 #i fith % 1]
WANE R FA TR | 2 BAME R, TERT R DGR (AR
KR TFHEMXRAAIIES L nl#E Tt 1.1.3.2.3.8.0.2
ANH 43 815 GraphERE MR T Hil e L IEI 254, 2Z FRF AMR
F1 OpenlE W2 IBOR B . T AR SC 7 2% 38 1 A7 b Fn AL
i AT 9 ShAl O SEAK 455 28 TR AT T LS, e
B b A P2 B 0GBk, JU AR Causal F1 Subevent 4145 H1 5%
U €, UE B T A SO R S O R AT S P I b A
B
4.5 HEAXI

R T ARG AN SRR RN T A R, R T R 4R

AT TN B SEE S RANER 3 s o B SRR p A A
R AT, AN G LA SR, L f P fih iz i) 49 7 2
FIABIMRBIA RN . AT 70 i 0 i AU
fih A TRIAS By AN SR SR BEAT DF AR AT AR AT DU
FARMF SR 5 AT 55 PERE XA BT T R o U, 050 25 BR G
ATTEERLE], [RIRE AT LUR BI7E 4 TR 55 P il B T ANl RE
APEREA S , HLAE 5 BR 748 — AT T L] ik (L4 fih % i)
1R B 55 HAHIE ) BB, XU BEA T 1L T
A SCTE R Y B 38 AR AR 25 A Ak A2 il 5L T e e i
WP T T4 A ROt IR B 1SS AR A BTHRE

Table 3 Ablation experiment results

®3 HEMIWER (%)
PRI B 55 Temporal Causal Subevent Coreference
W bR P R Fl P R Fl p R F1 MUC B’ CEAFe BLANC
Ours 54.6 59.9 57.1 37.5 323 34.7 329 29.8 313 82.3 98.1 97.9 90.0
w/o entity 51.7 56.5 54.0 33.6 30.6 32.0 25.5 24.7 26.3 80.5 97.8 97.5 838.2
w/o gate_1 49.6 58.8 53.8 37.1 23.9 29.0 28.7 20.9 24.1 79.7 97.9 97.6 88.1
w/o gate_2 50.5 59.6 54.6 322 31.9 32.1 29.8 25.6 27.5 80.7 97.9 97.6 88.8
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SR 53 BT AR SCRE A X K5l i B 750K, AR SO g 1 4 1L
RS, G5 RN 3 Fras o W DL, 180 i 5
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A RS B 2 0F N BETE ISR S B 2 Bl A
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100% B MBI FF 29000 . AN, 5 8 dle RS i 45%~
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B, Bt 5 A3, AR SO 1 REAS T A M R 4 T T, e
AN BRI T RERE T, X — B AE Causal KR EAH
ik
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ened” Fll “dissipated” 1441 Y 24K “cyclone” W 1 S /E Y
A, I H.“storm”VE R “it” Fl “ cyclone” A 15 ) HL 48 ST 48 ]
[ — k. MBS TEUY b B AG T RS0 A Jr it 72, B
DA AT 80388 5555 N % 1 ok 2 (s A5 A5 8L 8 6% 7 /) P
P45 B HIR R T b e g (R) R R 2 PRIk, 8
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The 1996 Andhra Pradesh cyclone (also
known as Cyclone 07B) was a small but
powerful storm that left heavy damage in
the Indian state of Andhra Pradesh
It formed on November 4 in the eastern Bay
of Bengal
Soon after landfall, the cyclone weakened
and dissipated by November 7

The storm destroyed of crops and killed

millions of cattle and chicken
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