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Abstract: In the existing French Named Entity Recognition (NER) r
character morphological features of words, and the multilingual g
represented by word embedding, both without taking into ac antic,
features comprehensively. Aiming at this shortcoming, a deep ne%twork based model CGC-Ir was designed to recognize
beddmg d grammar feature vector were extracted from the text.
d ng sequence of words by using Convolution Neural Network
k (BiGRU) and Conditional Random Field ( CRF) were used to

embedding, character feature and grammar feature vector. In the

French named entity. Firstly, word embedding, character
Then, character feature was extracted from the character
(CNN).

label named entities in French text according

Finally, Bi-directional Gated Recurrent Un

experiments, F1 value of CGC-fr model can rea

points and 1. 06 percentage points higher than that of NERC-fr,

e machine learning models mostly use the
d entity models use the semantic features

character morphological and grammatical

%16% in the test set, which is 5. 67 percentage points, 1.79 percentage

LSTM( Long Short-Term Memory network) -CRF and Char

attention models respectively. The experimental results show that CGC-fr model with three features is more advantageous than

the others.
Key words: Named Entity Recognition ( NER);

sequence labeling
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Fig. 1 Structure of CGC-fr model
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Tab. 1 The number of article types and
the number of named entity types in CSRI_FR_NER

AR cEfe WE% LU AR% SEREE

Atz 100 1076 696 663 2435
o2 100 758 1112 1514 3384
*3k 100 1084 1799 819 3702
FE 3 4 29 8 41
=4S 100 1541 1131 940 3612
R 100 1230 1059 912 3201
S 100 1316 420 332 2068
Ba 99 673 1492 1672 3837
Bl 105 629 545 645 1819
A 98 616 1293 755 2664
il 100 1086 975 192 2253
=pis 1005 10013 10551 8452 29016
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Tab. 2 Contribution comparison of each feature in CGC-fr model

Fl1 =

A WHR/ % BEFE/% Fl1{H %
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BULZAASIEI CGC-fr 1R 82,74 72.87 77.49
B/ B P HRAE 9 CGC-fr HER 81.55 80.82 81.19
CGC-fr fE 7 82.23 82.09 82.16
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Tab. 3 Comparison of evaluation results of three models on test set

Trik: SARRF] HeRR/ % FHEFR/% Fl{EH/%

A& 85. 41 70. 88 76.49

BRG] H 79.11 76.15 77.66

2 80.14  70.00  74.73

% N81.29 72.23 76.49

g‘ 90.67 84.20 87.32
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e 80. 68 70.13 75.03
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