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Fig.1 Loss function gradient descent diagram
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Fig. 2 Examples of hard and easy sample recognition in

the field of target detection
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Table 1 Dataset sample statistics information

K i 4R % E$ S M
Dataset Label Train dataset Test dataset
MSRA LOC (Place name) 86 849 7 291
ORG (Organization) 103 261 6 977
PER (Person) 51 738 5 824
ACEO05 PER (Person) 21 771 2 470
ORG (Organization) 10 643 1261
AR BT
LOC (Place name) 2 350 263
FAC (Facility) 2 568 246
VEH (Vehicle) 1027 155
WEA (Weapon) 628 42
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Table 2 Experimental comparison of entity category balance

optimization based on improved loss function

fIEE S Hi % ORERY%) BRI F1
Dataset ~ Model Label P(Y%) RCY%) (%)
MSRA  BERT LOC 91. 88 94. 36 93.10
ORG 84.70 95. 03 89. 57
PER 97.49 97. 44 97. 47
Total 91.21 95. 45 93. 28
BERT+F,,, LOC 93.93 94, 24 94. 08
ORG 89. 17 93. 60 91.33
PER 97. 64 96. 88 97.26
Total 93.56 94. 82 94.19
ACE05 BERT PER 84. 69 90. 28 87.40
ORG 74.55 83. 33 78.70
GPE 80. 78 83.17 81.96
LOC 61. 82 64.15 62.96
FAC 69. 23 61.36 65. 06
VEH 69. 34 71. 43 70.37
WEA 60. 53 69.70 64.79
Total 79.35 83.96 81.59
BERT+F,.. PER 87.72 89. 61 88. 66
ORG 77.40 85.17 81.10
GPE 82.96 82.63 82. 80
LOC 63. 94 62. 74 63. 33
FAC 69.78 71.36 70. 56
VEH 81.73 63.91 71.73
WEA 73.33 66. 67 69. 84
Total 82.18 84.09 83.12

Note:the bolded data in the table is the optimal value
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Fig.3 Iterative change of loss function
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Table 3  Effect of 8 on experimental results

HOEE FHAR RERCO AERCO o,

Dataset 0 P %) RO

MSRA 0 91.21 95.45 93. 28
1 92.04 95.32 93.65
2 93.56 94. 82 94.19
4 90. 65 95. 02 92.78

ACE05 0 79.35 83.96 81.59
1 80. 79 83.02 81.89
2 82.18 84.09 83.12
4 78.32 83.13 80. 65

Note:the bolded data in the table is the optimal value
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Table 4 Experimental results of generalization of weighting co-

efficients and improved loss functions

A BERE WERCOO BEROD oo
Model a P R(%)

MRC 0.1 79. 09 80. 12 79. 60

0.2 81.62 80. 94 81.28

0.4 82.99 82. 66 82. 82

0.8 83.41 83. 54 83. 47

MRC+ F\ 0.1 83.78 84.01 83. 89

0.2 84. 47 84. 81 84. 63

0.4 83. 89 83. 65 83.77

0.8 83. 55 83. 74 83. 64

Note:the bolded data in the table is the optimal value
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Entity Category Balance Optimization Algorithm Based on Im-
proved Loss Function

ZHANG Fengxi' s WU Chengchu' , ZHANG Yunze' ,DONG Luobing®

(1. School of Telecommunications Engineering, Xidian University, Xi' an, Shaanxi, 710071, China; 2. College of Computer
Science & Technology.,Xidian University,Xi'an, Shaanxi,710071,China)

Abstract: Aiming at the problem of unbalanced entity category samples in Named Entity Recognition (NER)
in Natural Language Processing (NLP) tasks,an entity category balance optimization algorithm based on im-
proved loss function is proposed. The new algorithm is to optimize the loss function in the neural network
model. By analyzing the characteristics of named entity recognition data, the smoothing coefficient and the
weight coefficient are introduced on the basis of balancing the positive and negative samples to ensure that the
model pays more attention to the difficult recognition samples with fewer entity categories and nesting in the
process of gradient transfer,while reducing the focus on easy-to-identify samples with more samples. Using
the public datasets ACE05 and MSRA for experimental comparison,the results show that the improved loss
function is on the data sets ACE05 and MSRA,and F1 value increases by 1.53% and 0. 91% , respectively.
The above results show that the improved loss function can better alleviate the imbalance of positive and neg-
ative difficult and easy samples in the entity.

Key words: natural language processing; named entity recognition; loss function; smoothing coefficient; neu-

ral networks; difficult and easy examples

TAL SR KRB






