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Introduction

» The Named entity recognition (NER)
performance Is still moderate for specialized
domains that have complicated contexts and
jargonistic entity types.

* \We hypothesize that the interactions of the
related entity mentions (both document-level

coreference and sentence-level dependency)

will lead to better performance.

» Code for the system:

https://github.com/brickee/EnRel-G
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... murine bone marrow contains endothelial progenitors ...

Use Graph Neural Networks to Incorporate the
relations between entity mentions.

{Haibo.Ding, Jun.Araki}@us.bosch.com

Relations between Entity Mentions
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S3: We demonstrate that murine bone marrow contains endotheliailxprogenitprs.
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S6: Furthermore, we demonstrate that increased vascular endothelial growth factor (*"VEGF )
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does not alter the mobilization and incorporation of a endothelial progenitor into t‘er‘nor vascdlatu—ré
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* The Coreference Relation Graph at document-level

* The Dependency Relation Graph at sentence-level

Results
NMethicds Datasets
AnatEM Mars

Wagstaft et al. (2018) — 94.5/77.7785.3

NCRF++ 83.40+0.34 / 76.961+0.46 / 80.05+0.12 | 91.28+1.08 / 80.57+0.55/ 85.59+0.23
FLLAIR 81.074+0.29/75.284+0.57/78.06+0.39 | 90.671+1.02/81.45+1.41/85.811+0.62
Pooled FLAIR 82.111+0.50/77.55+0.40/79.76+0.34 | 87.79+1.31/86.57+1.10/87.17+0.17
Tuning Bio/SciBERT | 83.9440.40/83.12+0.30/83.53+£0.32 | 90.9340.66 / 88.994+1.61 / 89.95+0.64
EnRel-G (C) 84.651+0.67/83.691+0.31/84.17+041 | 91.21+1.05/89.35+1.76/90.274+0.45
EnRel-G (D) 84.981+0.83 / 83.50+0.45/84.234+0.54 | 92.66+1.16/ 88.03+1.46/90.294-0.53
EnRel-G (CD) 84.864+0.50/83.96+-0.32/84.41+0.24 | 92.57+1.00/ 88.65+1.50/90.57+0.47

* QOur system with both the global entity coreference and local dependency
relations performs the best among all the systems.

 Either the coreference or dependency relations can help to improve the
NER performance.

Test F1 Score (%)

80 -

h
=

i =Y
o

Evaluation F1 Score (%)

P
o
i

) BOSCH

Invented for life

_earning Curves

BioBERT on AnatEM
—#— EnRel-G (CD) on AnatEM
SciBERT on Mars

—4— EnRel-G (CD) on Mars

30 40 50 60

70

80 90 100

Percentage of Training Data (%)

System Is effective when only a tiny
amount of labeled data 1s available
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The lightwelight approach does not
Increase the time cost compared to
BERT models



