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Abstract: In order to improve the effect of chinese named entity recognition, a method based on the XLNET-
Transformer P-CRF model was proposed, which used the Transformer P encoder, improved the shortcomings of the
traditional Transformer encoder that couldn’t obtain relative position information. Experiments show that the
XLNET-Transformer P-CRF model achieves 95.11%, 80.54%, 96.70%, and 71.46% F1 values on the four types of
data sets: MSRA, OntoNotes4.0, Resume, and Weibo, which are all higher than other mainstream chinese NER
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Table 2 F1 score comparison results of Transfor-
mer_P encoder and other encoders
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BiGRU 88.03% 67.38% 93.78%  54.42%
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Transformer 87.67% 65.33% 92.64%  50.21%
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Table 3 Index comparison results of

MSRA datasets
i RS FEqCIE S F1 14
SCHRI29] 91.22% 81.71% 86.20%
SCHR[30] 92.20% 90.18% 91.18%
SCHR31] 91.86% 88.75% 90.28%
SCHR[32] 91.28% 90.62% 90.95%
SCHR27] 93.57% 92.79% 93.18%
SCHR[33] 94.01% 92.93% 93.47%
SCHR34] - - 94.35%
AR Max=4 93.64% 96.63% 95.11%

Zhang %27 Sui 250 Li 2600 T i
(177 AT S 44 AR TR R RO i Lh L,
ASCHERAE MSRA i dli 4k Bk 21 1 et i 25O
F1 AT U A 0.76%.

Wik 4 fizs, fE OntoNotesd.0 H#li4E I, 3£
Y0 AR SRS AR IR T2 Bt AR R S5 A 1) TP S
A SRR B R AT L. Wang 2P il
A R SO Bt - I B2 S T, ezl
% FIRI T 74.32% F1AHICE . Che 2P
FEARIE 5 LT B3 v ST 48 SEAR TR
WOR, XTI AUR, F1{HETE TiE 5%. Yang
DTSR 361 HeRt B, F TR, 42
TET v 44 SEAR VU 12 S o Zhang 2571, Sui 2571
A Li UG T A i 5 AR T S 4
SEARIR I R . Wl LR, AR SR Y A
OntoNotes4.0 i A S| T B AR, F1{E
i T U RIS 4.84%

4 OntoNotes4.0 IR E LAY EZIEHRM bR

Table 4 Index comparison results of
OntoNotes4.0 datasets

A bi e Al F1 18
SCHR[35] 76.43% 72.32% 74.32%
CHR[36] 77.71% 72.51% 75.02%
CHR[37] 65.59% 71.84% 68.57%
SR [27] 76.35% 71.56% 73.88%
CHR33] 75.06% 74.52% 74.79%
CHR[34] - - 75.70%

ARICARA Max=4 76.68% 84.80% 80.54%
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Table 5 Index comparison results of
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et TS FEJEES F114
SCHR[27] 94.81% 94.11% 94.46%
SCHR[38] 95.14% 94.79% 94.96%
SCHR[39] 95.28% 95.46% 95.37%
SCIR[34] - - 94.93%
AR Max=4 96.23% 97.18% 96.70%
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Table 6 Index comparison results of
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SCHR[40] - - 58.23%
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SCHR[34] - - 63.42%
AAEAY Max=5 68.34% 74.88% 71.46%
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