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Abstract: To solve the problem that traditional named entity recognition methods cannot effectively utilize entity boundary
information, a named entity recognition method based on joint entity boundary detection was proposed. The method took entity

boundary detection as an auxiliary task, so that the model can enhance the ability of entity boundary recognition, and then
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improve the effect of entity recognition. Firstly, the Bert pretraining language model was used to embed the features of the
original text to obtain word vectors, and the self-attention mechanism was introduced to enrich the context features of words.
Secondly, on the basis of named entity recognition task, an auxiliary entity boundary detection task was added to enhance the
recognition ability of the model to the entity boundaries. Thirdly, the effectiveness of the named entity recognition method and
the baseline method was compared, and the test results were from ablation experiments. Finally, the influence of loss weight 8
on entity boundary detection was analyzed by examples. The experimental results show that on the English social media dataset
Twitter-2015, the named entity recognition method combined with entity boundary detection achieves higher accuracy, recall
rate and F1 value than the baseline model, of which the F1 value can reach 73.57%. In addition, the boundary detection
auxiliary task has a certain improvement effect on the baseline method. The proposed method can effectively utilize entity
boundary information to obtain better entity recognition effect, and promote the development of human-computer interaction

system, which is of great significance for downstream tasks of natural language processing.

Keywords: natural language processing; named entity recognition; entity boundary detection; auxiliary task; deep learning
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N T IR I A SR i RS I A i 4% S AR TR 3 D ik A RO L AR SCHE [ PR A TR B B Twitter-2015" 1
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%3 BHEBERZE

Tab.3 Parameters setting

E A B Epoch Batch-Size Weight-Decay Learning-Rate
E 4 0.9 30 32 le3 S5e-5
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3.1 XML ELEBERSN
ARSCHE R IR SR BRI AE Twitter-2015 Bdi 48 B EAT SCHR XS LU, 45 RN 3R 4 Fron , o, “ 4%
IR F1 4R 728 BRI 4 2RS00R B4 A F1AESE R ;4 SRS G 45 R 7 R A8 B e S0 4 B AR 1
TIGAE AL 3 A AR R (P) A BIE(ROM F1H., ASCRA BIRLE G457 F1 [ H 2
IR R .
% 4 Twitter-2015 £ b2 %

Tab.4 Experimental results on the Twitter-2015

" BRYURFLE/ % A RIREE B EAR %
PIREER N . - e
PER LOC ORG MISC P R F1
BiLSTM-CRF 76.77 72.56 41.33 26. 80 68. 14 61.09 64.42
CNN-BiLSTM-CRF 80. 86 75.39 47.77 32.61 66. 24 68.09 67.15
HBIiLSTM-CRF 82. 34 76.83 51.59 32.52 70. 32 68.05 69.17
Bert-CRF 84. 87 80. 69 59.49 37.37 70.95 73.82 72.36
Bert-BiLSTM-CRF 84.77 80. 58 60.41 39.30 71.06 74.73 72.84
Bert-Self-Att-CRF 84.28 79.92 61.15 38.14 70. 66 74.52 72.54
JEBD-NER 84.89 81.33 62.59 40.84 72.10 75. 09 73.57
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AR % SRR G RE ) A 42 T AHER T Bert-CRE BB ORGSR T T 1. 1500, F MIRETH T 1. 27 %, F1
PEFHT 1210, X RWIHEIN Self-Attention HLHI A K SR 1 A I 4 B AF: 55 ), LA 0 58 T X B SCfF B
SR 3 A5 B R SR U0 8 1 A B R 48 T M3 T Bert-Self-Att-CRF B AL, K5 HE R T+ T
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A BRSO AR TE T X SR A RN AR . £ A BT RN AR SR M A I A S AR A SR A U ) A 4% S IR
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55 AR TE TR XS SR 1 U fig
3.2 HEXLWERSH

SCEGAERANE 5 Fron, & 5 A, LA Bert-CRF 78 V8 03 R I A BIAT &5 05 RS SRR T T
0.73%, BEPRIETET 0. 41% . F1(EHARTF T 0. 57 %0 ; FELEBIAY Bert-BiLSTM-CRF 78 48 Jin i 54 I i Bh A% 55
S HEERET T 0. 42% B IFEFT 0. 7% FLEEF T 0.61% ., HELBA! Bert-Self-Att-CRF ¥ ik
SR B AT 55 . RRA SC )5 76 TEBD-NER, AL T Bert-Self-Att-CRF K #E 4T 1 1. 44 %, B B £ 4E T4 T
0.57% F1AA#ET T 1. 03% . & b nl 0, 763 Jin iy A 0 3l B AT 55 I, 3 A 6 L S 780 i 0 & 1L 359 O [) A
BTt S 0k — 25 U T AR SR A s SRS I A B AT 55 X T A 45 SR PR R R AT KA I LGS [ A R ) S
B RO AR TR .
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Tab.5 Ablation results on the Twitter-2015

; ) HRIK F1E/ % 4 KRG REER N
5 ik A R . . =
PER LOC ORG MISC P R Fl
Bert-CRF 84. 87 80. 69 59. 49 37.37 70. 95 73.82 72.36
Bert-BiLSTM-CRF 84.77 80. 58 60. 41 39.30 71.06 74.73 72.84
Bert-Self-Att-CRF 84.28 79.92 61.15 38.14 70. 66 74.52 72.54
Bert-CRF+EDB 84.63 80. 56 60. 35 39.30 71. 68 74.23 72.93
Bert-BiLSTM-CRF+EDB 84.33 81.24 61.03 38.13 71.48 74.52 72.97

JEBD-NER 84.89 81.33 62.59 40. 84 72.10 75.09 73.57
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Tab. 6 Comparison table of Sample prediction results
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Fig. 2 Effect of B on experimental results
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