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[ Abstract] For the problem of processing the named entity recognition in the deep learning method, traditional word embedding
method map words or chars into a single vector, which cant represent the ambiguity of the word in the context. The ERNIE-BiGRU
—CRF model is proposed. The model expresses the semantic perceptual representation of the enhanced words of the ERNIE pre-
training model through Enhanced Representation from kNowledge IntEgration. The multivariate data knowledge is introduced to
generate the semantic vector, the word embedding is input to the GRU layer to extract features, and the label sequence is obtained
through the CRF layer. The experimental results show that the F'| value of the model in the People’s Daily corpus reaches 94.46%.
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Fig. 1 Named entity recognition framework based on ERNIE -
BiGRU-CRF
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Fig. 3 The different masking strategy between BERT and ERNIE
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Tab. 1 Entity label type

et Sl EEZ BT
N B-PER I-PER
W% B-LOC 1-1.0C
Uk B-ORG 1-ORG

S R BE VT 45 AR R FHHERR 3 (Precision,
P) A (Recall ,R) 1 F, {H(F, - score,F,) =
I, BAR WA (10)

T
P = P x 100%,
T, +F,
Tp
R = x 100% ,
T, +F,
2PR
F, = x 100%. (10)
P +R
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Tab. 2 Experimental environment

BAERSE Ubuntu
CPU Intel(R) Core(TM)i7-7700HQ@ 2.8 Hz
GPU GTX1060ti
Python 3.6
Tensorflow—gpu 1.14.0

TEARIY Grad R v, £ BEAILAS B2 725 ( Stochastic
gradient descent, SGD) fIt fb A5 % | & 45 7Y b i A
Dropout |72/ VEEAY I LG 81, Dropout ¥4 0.5,
batch — size N 64,2 KN 0.001, % ] R H P K
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2018 AF42 i — Pl 44 SEAR U AR AY | 7E BLSTM -
CRF SR LRl AT 3035 B R 5 845 B R4
SR | R A A 1) 1) 43 AR s RRAE

(4) ERNIE - BiGRU - CRF #& 5 | 7% SCHE )
ERNIE-BiGRU-CRF ##! G5 A T ERNIE il
YRiE AR BASR AR RIE SRR AE ), 18 5 2 2] 2
TEOSCAR T TR RN B T 4 AR UIRCR

TESZE T RIS IE ERNIE XS TH SRR 1 5%
M), Xof L 1 SR FH T 2 4 %) i) o) et B A1) BiGRU -
CRF BRI AT YRR3R

FI~FSTHRERTHE NG HEH =
P AHERG A A R Ry (R LSO, 5 A 1Y
TR G, A SCHR 19 ERNIE-BiGRU-CRF Fi% =
PR B FAE 2 B35 3 T 93.73% ., 96.92% F
91.56% , Bk F, (HiA 5] T 94.46% , Hrp 4HL1385L
RV F | AEAR XS B PR A AR, o3 B i A
R IAREE ) B 4 i 4 B SRS T4
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Tab. 3 Experimental results of local name recognition %

EELAN
R
U ES Al Fy

CRF 91.92 88.95 90.06
LSTM-CRF 93.31 89.16 91.18
Feng(2018) 93.74 87.98 90.77
GRU-CRF 93.05 89.78 91.39
The proposed 93.45 94.01 93.73

x4 ANBRAZHEER

Tab. 4 Experimental results of personal name recognition %

EELN
it
U ES Al Fy

CRF 83.82 77.56 80.33
LSTM-CRF 88.17 85.64 86.88
Feng(2018) 98.23 89.49 93.66
GRU-CRF 89.42 86.18 87.77
The proposed 96.87 96.98 96.92

x5 HARZBIRANLHER

Tab. 5 Experimental results of organization name recognition %

Ei=0an
Al
i e 2

CRF 80.64 82.43 81.52
LSTM-CRF 83.57 86.78 85.14
Feng(2018) 97.52 89.34 93.25
GRU-CRF 84.91 86.15 85.52
The proposed 91.91 91.21 91.56

ERNIE-BiGRU-CRF ##I7E P R . F, {E =15
ML T5 CRF B8, JEPUZEFIH GRU M e
Zri I R RE S I PR K I B M5 B, AR TN A R
LU {Z B, [A I ERNIE - BiGRU - CRF #5574 3
B T FE i RRIE AR AR 5 AL | il e T AR G0 T
i TN T AR AE (4[] 851, S 301 s 381 i P9 i 24
SR

5 BiGRU-CRF #:i % BLSTM-CRF #5584 [t
s N HAR = ESRR) F A g,
P 1R M B e K2 NG S 43 i $2 5 T 10.04%
F19.15%, i B T MR 38 19 ERNIE 45 AU g
3 3o AT R S ) SRR R A SR IR N 1 5
TR SUBAIFR R , B i R 7 1018 B B B
WA+ % BV AR 5 M 3K WKCBH 45 37 Tk v % )
JC R TE A A SR 43 A < B BH A | AR
KRB 17k | 2 5 e H /2 7E BiGRU-CRF
B R SRBEU H G T A4 R AT A
FAFAENER I 5080 FI AT word2vec Il
Zrptyin] ) i v BE ST 230 1) TP R TR
ERNIE-BiGRU-CRF #8 vr  fy TR H] T IR 1 5
K R ERNIE Tl 545 8 ERNIE 455 Y 38 5 %f
) SRS SO TT RS 2% > 21 58 A T
TR, RAE T F0 L SO R AS TR 118 SCAE AN
] B S, IE AR RS A4

XJ L Feng %5 A (2018) B4 ERNIE-BiGRU -
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