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Named Entity Recognition Method for Folk Literature Texts
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Abstract: The task of identifying named entities in folklore texts aims to identify entities from folklore texts and classify them into predefined
semantic categories, laying the foundation for the preservation and dissemination of folklore. Folk literature is different from general Chinese
corpus in that its text has prominent polysemy and numerous domain nouns, which makes it difficult for conventional named entity recognition
methods to accurately and fully identify the entities and their categories present in folk literature texts. To address this issue, a folk literature
text named entity recognition model TBERT based on BERT is proposed. This model first integrates the corpus features and entity type features
of folk literature texts on the basis of the universal Chinese BERT model; Then, the BiLSTM model is used to further extract sequence depen-
dent features; Finally, combine the label constraint information obtained from the CRF model to output the global optimal result. The experi-
mental results show that this method performs well on the dataset of folk literature texts.
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Fig. 1 Main framework of TBERT-BiLSTM~-CRF
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Table 1 Word count for the corpus of folk literature texts

F1 REIXFIREHFHER

SCARAFR FHOT)
T 34
R SCAR 1.0
It 5K 2.0
= BRI L PR A AR 181.9

H T B A] SO SOAR TR R g R Lt BN TARTE , H.
DAL 4 W SCARAE N A S E BA AR, Pt 1 824
B BE 8 S W B TR) S SOAS — 1) 22 SCAR R i B9 3, AT
BIO 4 11 19 75 X7 A s 4R, B3 5 921 MR%E . A4
(PER) i #5 (LOC) 5 ZHZL(ORG) 4 3 Fh 12 i I T NER
55 BUbRAE  FLRRELS P T R A S0 9 NER TAf . %83
RESCH AU A B S A V2N S
fa o, NI PER B e M (0 (CHA) o IUAL, R JE) 3L v
TR T — X TR K S B A S A R T, A SO
SRR HEAT T AR, IF Y AR (OB Rom . K2
R HI bR . BAE AR DL 81 2 (1 Lb A B ML K] 4 I 4R
5 RAE , Frh AR RS SR IR A O N 3 BT R .

Table 2 The sequence labels
x2 FIRESE

PR FRE X
B-CHA 2SR T 3k
I-CHA Fiy (A IR Y v i) 25 2
B-LOC iSRG I 2k
I-LOC Hb SRR e R a2
B-ORG USRI Ik
I-ORG LIRS AY P ) B4
B-OBJ L[ Se Ry ISP
1-OBJ YRR rh ] S S R
0 BN

Table 3 Statistics of the datasets
x3 HEESZIHER

EIgiE S G| CHA LOC ORG OBJ
i)l 254 1 444 2289 791 203 1370
WA 380 671 200 66 331

3.2 iEMisER

NER {55 5 e H SCAS i i e SCi U5, RETR
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e N, FoRBERIUN Y 1E A S AR, v, R Tl
B b SR ECR N RN BRI ) SR . PR
F1HUEE A 0~ 1, HAE BB G
33 XRTFEESHIRE

S F 45 4 Tntel (R) Xeon (R) CPU E5-2650 v3 @
2.30GHz 4k B 2% , RTX 2080Ti GPU, 256 GB N 47 , Ubuntu
20.04.1 #:4E R 4t , Python 3.6 i 5 , Tensorflow—gpu 1.11.0
HEZE

FYIZRTE chinese_L-12_H-768_A—12 B 7 [ LAl |- i
17, B8] SC 2 SCAR B 246 4b 3 5 A A tf.record SO R
B B KA 128, batch_size by 32, %% 2] 5N 2e-5
PEATIN SR, BRI S EO E WK 4.

Table 4 Model parameter settings
F4 BRESHIEE

batch_size 128.000
dropout 0.500
learning_rate 0.001

max_seq_length 128.000

max_epoch 100.000

34 LBHERSSH
3.4.1 RERA L

7 B[R] SC 5 B4 4 L6 AR SCRE RS (TBERT-BiLSTM -
CRF) 5 H §j ) I il F NER 1% % 1) BERT-BiLSTM—
CRF'"  BiLSTM-CRF'"*)  BiLSTM"' | CRF2 45 7Y () 35 )
PEATHOAE, G5 R WK 5. AT LIE 1, B CRF 5 BILSTM 454
J& , 3 TAPEA HE A AR B 2 4 Y I S 4 v 5 R AL
M — 8 v SCIE B BERT Bl il R B AU J5 |, 3 148 A He Bil-
STM-CRF #4345 55 T 1.15% .2.24% . 1.75% ; 44—t rh
SCiE B BERT Fl il 25458 50 0 46 Sy A S5 v A B TBERT
B RS, AH T BERT-BiLSTM—-CRF 3 3 48 5 43 Wil 42 5 1
3.61%.2.14% .2.89% . 156 W [A]IF A1) T RG] 327 1 SCRFIE
55 S ARSI TR AE T A 75 B A B R) S 2 A AT RO
SR SIEAA R R 3, DT ZE U3 1 B 22 SIEAAR A (] B i £ 53 288
H R %

Table 5 Experimental result comparison of each model

x5 BREBERLE

HEETY P(%) R(%) F1(%)

CRF 84.20 84.35 84.27

BiLSTM 84.08 83.85 83.96
BiLSTM-CRF 84.45 86.33 85.38
BERT-BiLSTM-CRF 85.42 88.38 86.87
TBERT-BiLSTM-CRF 88.51 90.27 89.38

% TBERT-BIiLSTM-CRF , BiLSTM-CRF , BERT-BiL.-
STM-CRF 3 Fj A5 2 %] B ] SC 2 54l 42 v 4 Fp AN [R] 25 80 5
R AER R H RS P45 R 6.5 7.%8,

%€ 6 A] %1, TBERT-BiLSTM-CRF #5518 %if 4% 25 S A1
I3 ) TR AR 2R ARG T A AR R 24 29% , 156 WA ) FH AR 25 £ L fE
AR B b [X 53— 1) 22 S SR AU 3] BN

Table 6 Precision comparison of each model for different entity cate-

gories
F6 BHEBEWNAEREILMEIAGIARELE (%)
o BERT-BiLSTM- TBERT-BiLSTM-
ARG BiLSTM-CRF
CRF CRF
CHA 92.03 92.83 94.52
LOC 76.92 75.74 77.13
0BJ 77.41 77.62 85.64
ORG 77.85 80.23 82.89

i 22 7 AT %1, TBERT-BiLSTM—CRF £ 71 X} 3 25 S 4K (%)
4 1R AR Y 0.79%0~3% , RIS
Table 7 Recall comparison of each model for different entity catego-

ries

x®7 BHEBWNAERBELEBEELE (%)
o BERT-BiLSTM- TBERT-BiLSTM-
SRS BiLSTM-CRF

CRF CRF
CHA 93.45 94.36 95.12
LoC 78.21 78.99 81.42
0BJ 78.29 85.28 88.36
ORG 85.26 79.49 80.93
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Table 8 F1 value comparison of each model for different entity cate-

gories
#*8 BHEBWAEKELMEFIEE (%)
o BERT-BiLSTM- TBERT-BiLSTM-
ARG BiLSTM-CRF

CRF CRF
CHA 92.73 93.59 94.82
LOC 77.56 77.33 79.22
0BJ 77.85 81.27 86.98
ORG 81.39 79.86 81.90
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5 NI 3 HO R A A
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Table 9 Error analysis
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