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Abstract Named entity-relation joint extraction refers to extracting entity-relation triples from unstructured text. It’s an impor-
tant task for information extraction and knowledge graph construction. This paper proposes a new method—-BERT-based global
pointer network for named entity-relation joint extraction(BGPNRE). Firstly, the potential relation prediction module is used to
predict the relations contained in the text,filters out the impossible relations,and limits the predicted relation subset for entity
recognition. Then a relation-specific global pointer-net is used to obtain the location of all subject and object entities. Finally, a
global pointer network correspondence component is designed to align the subject and object position into named entity-relation
triples. This method avoids error propagation frompipeline model,and also solves the the redundancy of relation prediction,entity
overlapping,and poor generalization of span-based extraction. Extensive experiments show that our model achieves state-of-the-
art performance on NYT and WebNLG public benchmarks with higher performance gain on multi relations and entities overlap-
ping.

Keywords Named entity-relation joint extraction, BGPNRE, Global pointer network,BERT
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Table 1 Statistics of experimental datasets

. . Overlapping Pattern Number of triplets .

Dataset Train Valid Test Relations

Normal SEO EPO N=1 N> 1

NYT* 56195 4999 5000 3266 1297 978 3244 1756 24
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NYT 56196 5000 5000 3071 1273 1168 3089 1911 24
WebNLG 5019 500 703 239 448 6 256 447 216
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Table 2 Comparison results of BGPNRE and Baseline model
CBLRT . %)
NYT* WebNLG * NYT WebNLG
Model
P R F1 P R F1 P R F1 P R F1
NovelTagging! ! - — — — — — 32.8 30.6 31.7 52.5 19.3 28.3
CopyRE1 61.0 56. 6 58.7 37.7 36. 4 37.1
MultiHeadl12] - - - - - — 60.7 58.6 59.6 57.5 54.1 55.7
GraphRell32] 63.9 60.0 61.9 44.7  41.1 42.9 — - — - — -
OrderCopyRE33] 77.9 67.2 72.1 63.3 59.9 61.6 — — — — — —
ETL-spanl26] 84.9 72.3 78.1 84.0 91.5 87.6 85.5 71.7 78.0 84.3 82.0 83.1
WDecl!3] 94.5 76.2 84. 4 - — — - — — — - —
RSANLIS) - — — — — — 85.7 83.6 84.6 80.5 83.8 82.1
CasRelrandom -1*J 81.5 75.7 78.5 84.7 79.5 82.0 — - — — — -
CasRelpgrr 1) 89.7 89.5 89.6 93. 4 90. 1 91.8 — — — — — —
TPLinkerpgrr 16 91.3 92.5 91.9 91.8 92.0 91.9 91.4 92.6 92.0 88.9 84.5 86.7
SPNpert 17] 93.3 91.7 92.5 93.1 93.6 93.4 92.5 92.2 92.3 - — —
PRGCRandom -8 89.6 82.3 85.8 90. 6 88.5 89.5 87.8 83.8 85.8 82.5 79.2 80.8
PRGCpgrr 18 93.3 91.9 92.6 94.0 92.1 93.0 93.5 91.9 92.7 89.9 87.2 88.5
OneRelggrr 19 92.8 92.9 92.8 94.1 94. 4 94.3 93.2 92.6 92.9 91.8 90.3 91.0
BGPNRERandom 89.7 82.6 86.0 90. 6 88.9 89.7 87.6 84.2 85.9 83.1 78.8 80. 9
BGPNRERERT 93.1 92.9 92.9  94.8 93.5 94.1 93.3 92.6 92.9 91.6 90.7 91.1
{45 VE R AR SCBURE NYT™ Bl 48 B A EE Ones (BT SUABIAL . B2 K P32 ) 95 00 0 46 T 7
Relpprr BUIHF 77 0. 120 B4 F+ . L5 M2, AR SRRV th 7 38 BRI S A serp L3
3 AL 2% s ] I SRS .
E’Jé%*ﬂﬁ—ﬂ % j(j( HﬁnTE J\MSE/] 7JJ CFT%JIE'ﬁEﬂ: %3 ,ﬂﬁx[ﬂi%ﬁ%iﬁé’ﬂ/ﬂ?ﬂ’ﬂ F1 *E‘*/]‘XTJ'HZ
R i = & SRR . I . .
OneRel HR A1 42 R 45 #1465 35 o A s it . 5 78 B4~ K Table 3 Comparison of F1 indicators of sentences with different
%T%ﬂ S I AR L PR AR SC G 4 Jed 45 6 90 2 T overlapping patterns
R A A Y R T R %)
4.3.2 AZymzrPaiFmiaR Vodel NYT* WebNLG *
ode
*E%E‘Z B El(J T,ﬁ;:Ll-t 16] }{] T E{T\lﬁl’—\ifﬁ ﬂf ES@Z: [ﬁ] e © Normal SEO  EPO Normal SEO  EPO
e OrderCopyRE[33] 71.2 69.4 72.8 65. 4 60.1 67.4
B 7 AT AT S [R) B = I8 ALY B A AT R, R AT TR ETL-Span!26) 88.5  87.6 60.3  87.3 9.5 80.5
. - o Rel[14] P
NYT* #l WebNLG f&%ﬁi%iﬁ(TL*ﬂ}ﬂg%fﬁo CasRel 3 87.3 91.4  92.0 89.4 92.2  94.7
TPLinker 6] 90. 1 93.4  94.0 87.9 92.5  95.3
WZE 3 Fr ) A SO 7 [A] — A B0 HE 46 19 ir A 2 & 7 =0 SPN[I7] 90.8  94.1  94.0 - — —
N PRGCL!8] 91.0 94,0  94.5 90. 4 93.6  95.9
28 A5 ) ] ~ 4 =154
BT R . I3k 4 PRSLAE T R = e A OneRell1%] 90. 6 95.1 94.8 91.9 95.4  94.7
1) B0 AN TR) B 1 0 R S AR SCRE L Y 25 SR A A TR LT LA BGPNRE 91.2  95.1 94.9 91.6  95.5 96.1
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Table 4 Comparison of F1 indicators of different triples in sentences
AT %)
NYT* WebNLG *
Model

N=1 N=2 N=3 N=4 N> N=1 N=2 N=3 N=4 N>
()rder(lopyREUU 71.7 72.6 72.5 77.9 45.9 63. 4 62.2 64. 4 57.2 55.7
ETL-Span!26] 88.5 82.1 74.7 75.6 76.9 82.1 86.5 91. 4 89.5 91.1
CasRell14] 88.2 90. 3 91.9 94. 2 83.7 89.3 90. 8 94. 2 92.4 90.9
TPLinker[ 16 90. 0 92.8 93.1 96.1 90. 0 88.0 90.1 94.6 93.3 91.6
SPNLI7] 90.9 93.4 94.2 95.5 90. 6 89.5 91.3 96. 4 94.7 93.8
PRGCL18] 91.1 93.0 93.5 95.5 93.0 89.9 91.6 95.0 94. 8 92.2
OneRell19] 90.5 93.4 93.9 96.5 94. 2 91.4 93.0 95.9 95.7 94.5
BGPNRE 91.3 93.4 93.8 96.6 94.3 91.2 93.1 95.2 95.8 94.6
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Table 5 Comparison of ablation experimental indexes of BGPNRE
CHLA 2 0D
Model P R F1
BGPNRE 93.1 92.9 92.9
-Potential Relation Prediction 90.6  91.3  90.9
NYT*
-Rel-Spec Global Pointer 68.2 90.8 77.9
Global Pointer Correspondence 70.3 90.6  79.2
BGPNRE 94.8 93.5 94.1
-Potential Relation Prediction 87.3 88.6 87.9
WebNLG *
Rel-Spec Global Pointer 40.3  90.5 55.8
-Global Pointer Correspondence 65.3 91.2 76.1
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