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Research on Document—Level Relation Extraction Model Based on Path
Reasoning Graph
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(School of Computer Science and Artificial Intelligence , Wuhan Textile University , Wuhan 430200, China )

Abstract: Relation extraction (RE) has recently shifted from the sentence level to the document level , which requires aggregating document
information and using entities and mentions for reasoning. Existing research ignores local contextual information around the target entity pairs.
In addition, existing work focuses only on entity—level inference paths without considering the complex interactions between long—distance en-
tities across multiple sentences in a document. To this end, a new document—level relation extraction model with information aggregation and
long—distance cross—sentence reasoning is proposed. A document—level graph is first constructed to model the global information in a docu-
ment, and a new node is added to aggregate the local contextual information of target entity pairs. In addition, various paths between target en-
tity pairs are integrated into a simple inference graph structure for long—distance cross—sentence entity pairs and perform relation inference.
The experimental results on the three public datasets of DocRED, CDR and GDA show that the path reasoning model outperforms the compari-
son models on F1, verifying the validity of the model.
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Fig. 1 The framework of path reasoning model for document-level

relation extraction
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Fig.2 Reasoning path types
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Table 1 Results on DocRED, CDR and GDA datasets
%1 7EDocRED.CDRF1GDA#iR&E FHER (%)
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&S| g v
- WUEE e
F1 1gnF1 F1 lIgnF1 F1 FI
CNN'¢! 43.45 41.58 4226 4033 - -
LSTM'®) 50.68 48.44 50.07 47.71 - -
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BiL.STM-Glove™®' 50.94 48.87 51.06 48.78 64.9 80.6

HIN-Glove ' 52,95 51.06 53.30 51.15 - -
EOG 52.15 45.94 51.82 49.48 63.6 81.5
GEDA'™  56.16 5452 55.74 53.71 - -
GCGCN'™' 5735 55.43 56.67 54.53 - -
LSR-Glove!™®" 5517 48.52 54.18 52.15 64.8 822
GAIN=Glove!"® 5529 53.05 55.08 52.66 - -
SIRE-GLove®” 55.91 54.10 55.96 54.04 70.8 84.7
GLRE'* - - 57405540 - -
DRN-Glove™  56.49 54.61 56.33 54.35
Path+BiLSTM'® - 5654 5623 -
POR-Glove!®  54.42 56.04 53.42 55.47
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Table 2 Ablation experiment results
F2 HEMXKER (%)
. DocRED CDR GDA
F1 lgnF1 F1 F1
AR SCRERY 58.39 57.01 71.2 84.9
AR SCHEIY wio 7T A5, 58.25 56.82 69.5 83.2
ARSI who Fi A AR 58.17 56.88 69.1 83.5
ASCRERY who ) P HEFR A2 58.21 56.78 70.6 84.1
AR SCHETY who /)[R B FE AR 57.87 56.84 70.2 83.9
ARSI who ELPEAERE AR 57.65 56.61 70.3 84.0
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Table 3 Intra— and inter—sentence results of the model on the three

datasets
#*3 HEEINMEEELNANMAELSER (%)
- DocRED CDR GDA
intra F1 inter F1  intra F1 inter F1 intra F1 inter F1
BiLSTM'") 57.05 43.49 - - - -
LSR!'®! 60.83 48.35 66.2 50.3 83.1 49.6
GAIN'! 61.67 48.77 - - - -
GEDAM 61.85 49.46 - - - -
EOG - - 68.2 50.9 79.1 493
SIRE! 62.94 48.97 - - - -

AR SR 63.47 49.47 70.7 51.3 84.9 53.6
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