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Single-stage Joint Entity and Relation Extraction Method Based on Enhanced Sequence Annotation
Strategy

ZHU Xiubao,ZHOU Gang,CHEN Jing,LLU Jicang and XIANG Yixin

State Key Laboratory of Mathematical Engineering and Advanced Computing,Zhengzhou 450001, China
Abstract Extracting entities and relations from unstructured text is the fundamental task of automatically constructing know-
ledge bases. Existing works mainly adopt joint learning to solve the problems of nested entities,overlapping relations, redundant
computation,or exposure bias,but a single model only performs well on some issues,and no model can solve the above problems
simultaneously. Therefore,a single-stage joint entity and relation extraction method based on an enhanced sequence annotation
strategy called ATMREL is proposed. First,an enhanced sequence annotation strategy is designed to tag each word in the text
with multiple labels,and the labels contain information about the position of each word in the entity, the relation type and the en-
tity location. Second, the labels prediction of each word is transformed into a multi-label classification task, while the joint entity
and relation extraction is transformed into a sequence annotation task. Finally,to enhance the dependencies between entity pairs,
an entity correlation matrix is introduced for pruning the extraction results to improve the model extraction effect. Experimental
results show that ATMREL model reduces the parameter volume by 3.1X10°~5,4>X10°,improves the average inference speed
by 2~4. 2 times,and improves the F1 value by 0.5% ~2.1% compared with the CasRel and TPLinker models on the NYT and
WebNLG datasets.

Keywords Joint entity and relation extraction,Sequence annotation,Combined labels,Correlation matrix
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Fig. 2 Overall structure of single-stage joint entity and relation extraction method based on enhanced sequence annotation strategy
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Table 4  Overall comparison results of ATMREL model and baseline model

Model NYT* NYT WebNLG * WebNLG
Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1
Novel Tagging! 10 — — — 32.8 30.6 31.7 — — — 52.5 19.3 28.3
CopyREL1] 61.0 56. 6 58.7 — — — 37.7 36. 4 37.1 — — —
MultiHead 20! — — — 60. 7 58.6 59.6 — — — 57.5 54. 1 55.7
GraphRell13] 63.9 60.0 61.9 — — — 4.7 411 42,9 - — -
OrderCopyRE!5] 77.9 67.2 72.1 — — — 63.3 59.9 61.6 — — —
ETL-Spanl!*] 84.9 72.3 78.1 85.5 71.7 78.0 84.0 91.5 87.6 84.3 82.0 83.1
CasRell21) 89.7 89.5  89.6 — - — 93.4 90.1 91.8 - — -
TPLinker-2t] 91.3 92.5 91.9 91.4 92.6 92.0 91.8 92.0 91.9 88.9 84.5 86.7
ATMREL 92.0  91.4 91.7  91.4 91.1 91.2  93.5  88.9 91.2  89.3  85.3  87.2
4.4.2 A RHTHER R A T AR — B X g5 . WA 8] ATMREL £%3
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Fig.3 Fl-score comparison of ATMREL model and baseline models on datasets of different overlapping relationship types
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Table 5 Results of the comparison between the ATMREL model and the baseline model for F1 values on different datasets

of the number of entityand relation triples

Model NYT* WebNLG *
N=1 N=2 N=3 N=4 N=5; N=1 N=2 N=3 N=4 N=5
CopyREH! 67.1 58.6  52.0  53.6  30.0 59.2 42,5  31.7  24.2  30.0
GraphRel13] 71.0 61.5 57.4 55.1 41.1 66.0 48.3 37.0 32.1 32.1
OrderCopyREL15] 71.7  72.6  72.5 77.9  45.9  63.4  62.2  64.4  57.2  55.7
ETL-Spanl14! 85.5  82.1 74.7  75.6  76.9  82.1 86.5  91.4  89.5  91.1
CasRel 21 88.2 90.3 91.9 94.2 83.7 89.3 90.8 94,2 92. 4 90. 9
TPLinker[24] 90.0 92.8 93.1 96. 1 90.0 88.0 90. 1 94.6 93.3 91.6
ATMREL 89.9 92,1  93.4  95.4  91.1 86.2  90.1  94.5  92.8  90.3
4.5 HELZIE Sk T B SRR S AR BE A AR L BT T AL S S L 2R

ATMREL HALE 13 51 A 20K AH 5C A8 B R 19 0 Sk SEAR R — 2H I A 52 6 2 A8 B S (AR DG HE I, BB i 1 SR MG &R =00
J& SE AR TT B in) B OB 5 B LA SRS R ZOn A A R BEAT BT AR B8 T2 T S 6l P O A G AR T AL 4 S A
B AR D T R SR R ST AL M B R T TAER SR T A SCOAR BV TE G R B R X SR O R = on L8
RO RIEATHIRC, T AL SR A9 LA R K 6 A,
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Table 6 Ablation experiment results
NYT* NYT WebNLG* WebNLG
Model
Prec. Rec. Fl1 Prec. Rec. F1 Prec. Rec. F1 Prec. Rec. F1
ATMREL 92.0 91.4 91.7 91. 4 91.1 91.2 93.5 88.9 91.2 89.3 85.3 87.2
B — Y R 88.4 91. 4 89.8 87.7 92.2 89.9 93.0 91.2 92.1 88.6 86.9 87.8

B R 85. 4 89.5 87.4 85.6 90. 1

87.8 93.0 87.9 90. 4 88.6 84.3 86. 4
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Fig.4 Variation curves of F1 values when training models on

NYT* dataset
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Table 7 Computational efficiency analysis results
NYT* WebNLG *
Model Time Time
Params | Params
(ms,24/1) (ms.24/1)
CasRell21) 107.7X10° —/54.0 108. 0108 —/76.8
TPLinkerl2']  109.6x10°  15.2/82.7  110.3X105  25.6/112.6
ATMREL 104, 5% 108 6.4/27.3 104, 9108 6.5/26.9
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