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Method of Document Level Relation Extraction Based on Fusion of Relational Transfer
Information Using Double Graph
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Abstract Document-level relation extraction refers to the extraction of entities and their relations from long paragraphs of un-
structured text. Compared to traditional sentence-level relation extraction,document-level relation extraction requires the integra-
tion of contextual information from multiple sentences and logical reasoning to extract relation triples. In response to the current
limitations of document-level relation extraction methods,such as incomplete modeling of document semantic information and li-
mited extraction effects,a double-graph document-level relation extraction method that integrates relational transfer information
is proposed. Interactions mentioned between different sentences are introduced into the path construction through the transitivity
of relational information,and the interaction information mentioned in the same sentence as well as the coreference information
between mentions are used to construct the path set between mention nodes, so as to improve the completeness of document
modeling. A mention hierarchy graph aggregation network is constructed using the path set and mention nodes,and a document
semantic information model is established. After the information iteration of the graph convolutional network(GCN) , the informa-
tion of different mention nodes of the same entity is fused to form entity node, which constitutes an entity-level graph reasoning
network. Finally.logical inference is performed based on the path information between entity graph nodes to extract the relation
between entities. The proposed model is experimented on the public dataset DocRED(document-level relation extraction dataset) »
and the experimental results show a improvement of 1. 2(F1) compared to the baseline model, which proves the effectiveness of
the proposed method.
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IR 3 A5 -

(DR =gk g fEL A F P, H LRz me
ISR A AR5 AL, 140, “The Forbidden City” 43 51l 1 3
e 1Ay L6 T, 1 4] 7 [ 2] 7 9 “ The palace” H 52 i1
RE. FIb, X HEAHE L0 LT SOFER, SRR AT
Jin4x .

(2) —Fh 2 FR 0 3k I 1 R S A T BB A T AN [R] 09 ) v
FEZAN 0] F A REM B SR Z B O FR . i, “ The Im-
perial Garden” fl“China” Z A2 A fE X R AR T A T[1]
e FL6 IME A SCHER e, A fe e AR 2],

(V219K OC Z = 90 AR AR T 258 o 52 A% (1 3% 48 #fi: 3
A RAENRE R A e 3], B “The Forbidden City” A8 &
F1“The Dongcheng District” 3% 4 38 , fH i T “The palace”
5“The Dongcheng District” ff 7 & & H.' 4 “ The Forbidden
City” H48 X, BB 0 75 B2 58 2 — 2 938 8 HE 3 A4 w) LUl 30 s [
HITRIIRR =IJ0A,

[1] The Forbidden City is a palace complex in Beijing, China.[2]The

palace is situated in fSIDONEEREABIDISHIC. ...[6] As BEijifig s most

popular tourist attraction, the Imperial Garden within the Forbidden
City is beloved by visitors.

Object Subject Relation Evidence
Beijing China Country 1]
the Forbidden City - Location [1][2]
- Beijing City 21
the Imperial Garden China Country [1][6]

1 SORSZR O R AL 55 52 4]

Fig. 1 Instance of document-level relation extraction task
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[1]The Forbidden City is a palace complex in Beijing, China .[2] The palaceis situated in _
[6]As... tourist attraction, the Imperial Garden within the Forbidden City is beloved by visitors.
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Fig. 2 Architecture diagram of a document-level relation extraction model based on fusion of relational transfer information using double graphs
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Table 1 Comparison experimental results with traditional methods
Model Dev Test
Ign F1 Ign Auc F1 Ign F1 Ign Auc F1

CNN 41.58 36. 85 43.45 39.39 40.33 42.26
LSTM 48. 44 46.62 50. 68 49.48 47.71 50.07
BiLSTM 48,87 47.61 50.93 50. 25 48.78 51.04
RTDG-Glove 53.94 52.92 56.31 56.98 53.94 56.15
BERT (base)-RE - - 54.16 - - 53.20
CorefBERT (base)-RE 55. 32 — 57.51 — 54.54 56.96

RTDG-BERT (base)  60.03 58. 87 61.97 62.04 60.23 62.04
Vs RTDG 74 S B 0 6 45 1y AL 00 i P 0F — I £ 96 0 1 0 S 0
5 F GON AR 38 47 XoF L S 38 A 45 SR n 3% 2 in gl , 7
55 Ry 25 A A P A 2 I 4 AT SR S R Al BB AR 2R Y ot
A, RTDG BERLTE F1 4340 - 32 80 B 40 35, AR 4 T HoAt
BOAT T 1.07~4.7 B TF . BEIIm A 26 R &85 B A WLE
SCRY S R AN AT LT 4 s R O GCN Y IR 4% 45 4, DA T
FEHRIBCSCRY 0GR A5 B TS B R Ar R
L AN () Y00 2 A0 104 XoF B S 6 5 SR Ak 3 T 8L MR AR
T [ R Aol ) X100 8% ) GAIN B8, AR SC43 5 T Glo Ve,
BERT-base fl BERT-large 3% 3 /4~ WYl 45 45 44 5 P A~ 455 49 3k
IR IE . 4559 % B, 768 ] GloVe (9523 7, RTDG £ 7 (4
F1 $8 4R 76 50 WA AR AR 40 i 42 &5 7 1. 02 A1 1. 075 76 fiff
J BERT 4523t , RTDG-BERT (large) B F1 8 b5 72 36 3iF 4
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Table 2 Comparison experimental results with graph neural network

related models

Model Dev Test
Ign F1 Ign Auc F1 Ign F1 Ign Auc F1

GCNN 46. 22 — 51.52 — 49.59  51.62
EoG 45.94 — 52.15 — 49.48  51.82
AGCNN 46.29 — 52.47 — 48.89  51.45
LSR-GloVe 18.82 — 55.17 — 52.12  54.18
HIN-GloVe 51.06 — 52.95 — 51.15  53.30
GAIN-Glove 53.05 52.57 55.29 55.44 52.66 55.08
RTDG-Glove 53.94  52.92 56.31 56.98 53.94  56.15

# 3 5 UUEIRERL Y XoF L S 56 45 SR

Table 3 Comparison experimental results with dual-graph model

Dev Test
Ign F1 Ign Auc F1 Ign F1 Ign Auc F1
GAIN-Glove 53.05  52.57 55.29 55.44 52.66  55.08
GAIN-BERT (base)  59.14  57.76  61.22  60.96 59.00 61.24
GAIN-BERT (large) 60.87  61.79  63.09 64.75 60.31 62.76
RTDG-Glove 53.94  52.92 56.31 56.98 53.94  56.15
RTDG-BERT(base) 60.03  58.87 61.97 62.04 60.23 62.04
RTDG-BERT (large) 61.45 62,98  64.49 66.01 61.13  63.96

Model

4,5 HABZLE
g it — 2 UE B RS R T 3k B9 AT SOk AR S AT T LR B A
TH AL SC S, SEI 25 R R 4 r s,
4 HA SRR

Table 4 Ablation experimental results
Dev Test
Model
Ign F1 Ign Auc F1 Ign F1 Ign Auc F1
RTDG-Glove 53.94 52.92 56.31 56.98 53.94 56.15
-Transfer Edge 52.98  51.96 55.12  56.03 53.01 55.03

-Mention Graph 51.77 49.65 53.95 52.59 51.61 53.91
RTDG-BERT(base) 60.03  58.87 61.97 62.04 60.23 62.04
-Transfer Edge 58.97 57.63 60.78 61.15  59.12  60.97
-Mention Graph 57.57  51.99 59.65 55.14  57.80  60.03

55— LAY B AE Glove F1 BERT (base) 3 i F 7 Il 2
PR B 8 F 7F RTDG #8126 4 1 38 K 2 | v i
“Transfer Edge”, 28 45 5 1Y F1 (B AH % F 22 48 2 5 49 51 F B
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