5 52 45 5 ]
2024 4 5 J1

] f K “F 2 4 CH R B R0
JOURNAL OF TONGJI UNIVERSITY (NATURAL SCIENCE)

Vol. 52 No. 5
May 2024

NEHS: 0253-374X(2024)05-0822-07

DOI: 10. 11908/j. issn. 0253-374x. 22503

ETiEEAIHIE X IE 58 AT SR K R EX

MR, XA, BELARY, ELL!

(1. [IGFRe: 505 A TR B, BV 20180452, B VAEALSE BN 578 RE A TRE R RWIFT Fhuts , BT 200092)

FEE . ORGP RIS 72 SRS b I 24 SR 22
SC R, AR M 24tk o B X SO R OE R b i £
SR e RN OC R AT AR ) L AR T R T
R FIHLUH (Attention) 1 U358 B SCRY g RMBUT % L BB
i ST SRR 22 1) 56 R A, BRI UE, 1 Se e S gm i
R CE A SR, 5| A 22 SR B 3 2o S B 1) £6% 4 4K
SCRY BT ARAE , SRAS SR AR 5 R L B T — AR
Attention [ J3EHLEIHY9 U-Net R4 , X SR K HE B 3047 )R 505
SRR 4 SR (e B SCBE SCRE A ; e, (8 FH 1 I 4
SR RO R AT AN TR R . A A A FFR SR
%% K Z M PUEHE 4 (DocRED ,CDR . GDA il DWIE) _E i
T Att-DocuNet #iBU S T K IHAOSEER 25 R

REIA) . SORGOC R ANEG R T HLY 5 78 SO s f il ok
PESES: TP391 MERSAS: A

Document-Level Relation Extraction
Method Based on Attention Semantic
Enhancement

LIU Xianhui', WU Wenda', ZHAO Weidong"*, HOU
Wenlong'

(1. College of Electronic and Information Engineering, Tongji
Shanghai 201804, China; 2.
Perception and Intelligent Computing Engineering Technology
Research Center, Shanghai 200092, China)

University, Shanghai Visual

Abstract:

extract the relations between multiple entity pairs from a

Document-level relation extraction aims to

document, a task characterized by high complexity. This
paper proposes a method for document-level relation
extraction based on attention semantic enhancement to
address challenges such as handling multiple entities,
capturing relationship correlations, and dealing with
imbalanced relationship distributions within documents.
The method proposed facilitates the inference of

relationships between entity pairs. Specifically, the data
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encoding module enhances the encoding strategy by
incorporating additional entity information, capturing
semantic features of the document through the encoding
network, and generating an entity pair matrix.
Subsequently, a U-Net network employing an attention
gating mechanism is devised to capture local information
and aggregate global information from entity pair
matrices, thereby achieving semantic enhancement.
Finally, this paper introduces an adaptive focal loss
function to mitigate imbalanced relationship distributions.
The Att-DocuNet model proposed is evaluated on four
publicly available document-level relation extraction
datasets (DocRED, CDR, GDA, and DWIE) , yielding

promising experimental results.

Keywords: document-level relation extraction;

attention mechanism; semantic enhancement; focal loss
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ity DocRED CDR GDA DWIE
PI[E S 3053 500 23 353 602
BTEAE 1000 500 5839 98
MR 1000 500 1000 99
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(Y- BRI 19.5 7.6 5.4 27.4
B SREE BB 1.4 2.7 3.3 1.98
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Tab. 2 Comparison of results on DocRED dataset

i) SIEAE Mkt

Ign F, F, Ign F, F,
GEDA—BERT,,.. 54.52 56. 16 53.17 55.74
LSR—BERT,,. 52.43 59.00 56. 97 59.05
HeterGSAN—BERT,,,.. 58.13 60. 18 57.12 59.45
GAIN—BERT,,.. 59. 14 61.22 59. 00 61.24
BERT,,. 54.16 53. 20
HIN—BERT,,.. 54.29 56. 31 53.70 55. 60
ATLOP—BERT,,.. 59. 22 61.09 59. 31 61.30
DocuNet—BERT, .. 59. 86 61.83 59.93 61. 86
Att—DocuNet—BERT, .. 60. 35 62. 28 60.42 62.32
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Tab.3 Comparison of results on CDR and GDA da-
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fmy CDR GDA
EoG 63.6 81.5
LSR 64.8 82.2
DHG 65.9 83.1

GLRE 68.5
SciBERT,,. 65.1 82.5
ATLOP—SciBERT, . 69.4 83.9
DocuNet—SciBERT, .. 76.3 85.3
Att—DocuNet—SciBERT, .. 76.8 86. 1
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Tab. 4 Comparison of results on DWIE dataset

A ST M EE
H R
Ign F, F, Ign F, F,
GAIN—BERT,,. 55. 63 62.55 62.37 67.57
BERT,,.. 58. 40 63.38 62.92 69.12
ATLOP—BERT,,. 59. 03 64.48 62.09 69. 94
DocuNet—BERT,,., 61.88 67.90 64.23 70. 04
Att—DocuNet—BERT, ., 63.91 69. 20 65.49 71.40
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