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Document-level entity relation extraction method
based on BoOBGSAL-NET
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Kunming, 650500, China; 2. Yunnan Key Laboratory of Computer Technology Application,
Kunming University of Science and Technology, Kunming, 650500, China)

Abstract: The primary task of document -level entity relation extraction is to extract relationships among entities in a
document. Compared to intra-sentence entity relation extraction, document-level entity relation extraction requires reasoning
across multiple sentences in the document. To address the challenge of complex information interaction among different
entities in the document, this paper proposes a Mixed Mention - Level Graph (MMLG) strategy for modeling intricate
information interaction among different entities in the document, thereby enhancing the model’s perception of document-level
entity relations. Additionally, to handle the issue of relationship overlap within entity relations in documents, an Entity
Relation Graph (ERG) module is constructed , incorporating a path reasoning mechanism that focuses on inferring and learning
from multiple relationship paths among entities. This module enhances the accurate identification of entity and relation nodes
at the mention level. By integrating the MMLG strategy and ERG module into the entity relation extraction model, this paper
develops the BoBGSAL - Net (Based on Bipartite Graph Structure Aggregate Logic Network) model. Experimental
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evaluations are conducted on the publicly available DocRED dataset and the AlSiaRED dataset created by the authors'

laboratory. The experimental results demonstrate the performance improvement of BoOBGSAL-Net in document-level entity

relation extraction tasks. Notably, the BoOBGSAL-Net+ BERT model achieves an F'1 score of 66.04% in relation extraction

tasks on the AISiaRED dataset, showcasing a 4.4 % overall performance improvement compared to other models. The model

exhibits exceptional generalization capability, culminating in an optimal comprehensive performance.

Key words: document-level entity relation extraction, mixed mention-level graph, entity relation graph, BoBGSAL-Net model
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Table 1 Detailed server configuration
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Table 2 Core dependency toolkit
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Table 3 Experimental results of named entity recognition by BoOBGSAL-Net and other models on the DocRED dataset

- Lisan S Wt

Ign F1 Ign AUC Fl1 AUC Ign F1 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. 94% 50. 26% 48.78% 51.06%
Context-Aware'?! 48.94% 47.22% 51.09% 50.17% 48.40% 50. 70 %
HIN-GloVe!” 51.06% — 52.95% — 51.15% 53.30%
CFER-GloVe” 54.29% — 55.31% — 53.70% 54.06%
SSAN-BERT-base* 54.03% — 54.95% — 53.44% 53.16%
GAIN+SIEF® 53.82% — 54.24% — 53.87% 54.79%
BoBGSAL-Net 54.33% 53.75% 55.84% 54.97% 54.14% 55.08%
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Table 4 Experimental results of named entity recognition by BoOBGSAL-Net and other models on the AlSiaRED dataset

Lioafi:S TN
T
Ign F1 Ien AUC Fl AUC Ign F1 F1
CNN!2 39.53% 31.47% 40.15% 32.44% 38.73% 39.20%
LSTM"! 41.34% 40.43% 43.03% 41.09% 41.26% 42.97%
BiLSTM!" 44.08% 43.65% 46.57% 45.13% 43.24% 45.16%
Context-Aware?! 46.09% 45.36% 48.85% 47.33% 46.13% 48.17%
HIN-GloVe!™ 48.38% — 50. 35% — 48.24% 50.18%
CFER-GloVe?” 53.34% — 54.27% — 52.45% 53.60%
SSAN-BERT-base'*! 53.45% — 53.25% — 52.34% 53.27%
GAIN-+SIEF™®! 53.82% — 54.24% — 53.87% 53.29%
BoBGSAL-Net 53.66% 53.19% 55.39% 55.23% 52.55% 54.83%

&5 BoBGSAL-Net#Z/F1H fth# A 7 DocRED £{#E & FRIX R BRI 45 RAOXTLE
Table 5 Experimental results of relation extraction by BoOBGSAL-Net and other models on the DocRED dataset

- LisanEcS W

Ign F1 Ign AUC Fl AUC Ign F1 Fl
GATH 45.17% — 51.44% — 47.36% 49.15%
GCNN® 46.22% — 51.52% — 49.59% 51.62%
EOG? 45.94% — 52.15% — 49.48% 51.82%
AGGCN® 46.29% — 52.47% — 48.89% 51.45%
LSR-GloVe™ 48.82% — 55.17% — 52.15% 54.18%
GAIN-GloVe® 53.05% 52.57% 55.29% 55.44% 52.66% 55. 08 %
HIN-BERT-base' 54.29% — 55.43% — 53.70% 55.60%
LSR+BERT-base™ 58.93% — 60.89% — 57.71% 59.94%
CGM2IR-RoBERTa"™ 62.03% — 63.95% — 61.96% 62.89%
BoBGSAL-Net 54.32% 53.47% 55.20% 54.43% 53.62% 54.57%
BoBGSAL-Net+GloVe 56.15% 54.39% 57.33% 57.63% 54.35% 56.97%
BoBGSAL-Net+BIiLSTM 60.62% 58.27% 61.45% 59.72% 58.47% 60.54%
BoBGSAL-Net+BERT 65.20% 64.47% 64.38% 64.58% 62.43% 65.32%
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Table 6 Experimental results of relation extraction by BoOBGSAL-Net and other models on the AlSiaRED dataset

Lisan S W
el
Ign F1 Ign AUC F1 AUC Ign F1 F1
GAT™ 46.33% — 48.20% — 45.54% 47.39%
GCNNY 48.46% — 50. 36% — 47.85% 49.83%
EOG? 45.57% — 46.91% — 45.31% 46.32%
AGGCN™ 49.19% — 50.95% — 48.89% 49.63%
LSR-GloVe™ 51. 357 — 53.44% — 51.27% 53.29%
GAIN-GloVe!™ 57.88% 56.47% 59.29% 57.89% 57.57% 59.14%
HIN-BERT-base”! 53.62% — 54.44% — 52.56% 54.72%
LSR+BERT -basc"™” 59.23% — 61.47% — 59.62% 60.20%
CGM2IR-RoBERTa"™" 63.53% — 62.74% — 63.38% 63.26%
BoBGSAL-Net 55.43% 54.64% 56.51% 55.78% 54.84% 55.73%
BoBGSAL-Net+ GloVe 60.45% 56.47% 59.29% 57.89% 57.57% 59.14%
BoBGSAL-Net+BiLSTM 61.58% 59.73% 62.50% 60.48% 59.76% 61.48%
BoBGSAL-Net+BERT 66.14% 65.59% 65.40% 65.32% 64.73% 66. 04%
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Table 7 Experimental results of entity extraction by BoOBGSAL-Net and other model on the DocRED dataset

SCRPFIY SRR C R ARTE T IR
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G
Ign F1 Ign AUC F1 AUC Ign F1 F1
DocRED-CNN™/ 40.27% 32.75% 43.35% 34.17% 36.44% 42.33%
MRN+BERT" 59.47% — 60.20% — 59.52% 61.74%
DRN-GloVel™ 54.61% — 56.49% — 54.35% 56.33%
BoBGSAL-Net 55.43% 54.64% 56.51% 55.78% 54.84% 55.73%
BoBGSAL-Net+GloVe 60.45% 56.47% 59.29% 57.89% 57.57% 59.14%
BoBGSAL-Net+BiLSTM 61.58% 59.73% 62.50% 60.48% 59.76% 61.48%
BoBGSAL-Net+BERT 66.14% 65.59% 65.40% 65.32% 64.73% 66. 04%
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