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Research on Chinese Nested Named Entity Relation Extraction
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Abstract Nested named entities relationship extraction research lacks corresponding benchmark corpora. To
solve this problem, manual annotation with machine learning are combined to extract their semantic relationships
from an existing Chinese named entity recognition corpus. The authors manually annotate a Chinese nested named
entity relation corpus from existing Chinese named entity recognition and conduct experiments with relation
extraction between nested named entities via support vector machines (SVM) and convolutional neural network
(CNN) models respectively. The experimental results show that the nested entity relation extraction performs
excellently on the corpus with manually labeled entities, obtaining an F1 score of over 95%, while it falls short of

expectations with automatically recognized entities.
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Table 1 Nested entity statistics of the People’s Daily corpus

TinE BikE
Eyit)
Kk i /% K i /%
N4 19981 42.93 0 0
44 21856 46.96 712 10.41
M4 4705 10.11 6129 89.59
A3 46542 100.00 6841 100.00

*2 (ARB#R) BRABRELEEIT
Table 2 Internally nested entity statistics of the People’s
Daily corpus

S SRR N4 4 AR, N
N4 0 0 0 0
4 22 820 18 859
AL % 87 5605 1994 7685
2 109 6425 2012 8546
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Table 3 Nested entity relationships statistics of the People’s Daily corpus

eS| PG A kb/% XFJ ACE 2005 2% X

Sub 3611 34.09 Part-Whole.Subsidiary BISE LN P EA
Loc 3355 31.67 Gen-Aff.Org-Location T FHIBR s U E E R
Geo 1060 10.01 Part-Whole.Geo A SRR MG 2R
Fou 48 0.45 Org-Aff.Founder MBI AR
None 2519 23.78 — —

il 10593 100.00 — —
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Table 4 Feature selection
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Table 5 Parameter Settings of CNN Model

ZH R fE
W 2,3,4,5
HEHUZ 300
LI 0.5
LR RN 32
IEARIEL 30
1A ] FE 4 300
(A=A m)=¢ i3 32
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Table 6 Performance of multiple cumulative features
on SVM model

S PI% R/% F1/%
Baseline 76.29 85.72 80.71
+dLayer 80.82 86.14 83.39
+Adjacent 81.76 86.07 83.85
+HavingOneEn 85.66 87.08 86.36
+LastCharl,LastChar2 93.93 93.52 93.72
+LastTwoCharl,LastTwoChar2 95.69 95.31 95.50
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Table 7 Performance of nested relation extraction of SVM model under manually annotated entities

KRAEKH K fi % PI% RI% F1/%
Sub 3611 4471 96.81 96.24 96.53
Loc 3355 41.57 95.08 94.91 94.98
Geo 1060 13.13 93.40 92.94 93.06
Fou 48 0.59 39.23 40.00 39.60
4 8074 100.00 95.69 9531 95.50

®8 BERALMET SVM REHREX RimEUIERE

Table 8 Performance of nested relation extraction on SVM model under automatic recognition entities

KFRRM s At Pl% RI% F1/%
Sub 3611 4471 84.70 69.87 76.51
Loc 3355 41.57 79.49 69.55 74.14
Geo 1060 13.13 66.87 51.03 57.77
Fou 48 0.59 40.00 33.06 35.71
Kol 8074 100.00 80.49 67.38 73.33
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Table 9 Performance of nested relation extraction of CNN model under manually annotated entities

KAKM He i /% Pl% RI% F1/%

Sub 3611 44.71 95.25 91.68 93.41

Loc 3355 41.57 90.26 94.90 92.50

Geo 1060 13.13 91.60 94.96 93.14

Fou 48 0.59 40.00 35.28 37.38

4 8074 100.00 92.61 93.47 93.04
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