FaH FM H
2020 4 8 A

I A 4
ACTA AUTOMATICA SINICA

Vol.46, No.8
August, 2020

ETE%F SRR B LR 53 2
T AR

DAY HER"

B E RS2 (Fine-grained entity type class-
ification, FETC) & 44 SCA o 30 B S s Bl S8 380 J2 IR A ) 48 43
SRS . AR SR, SR FH R B M 48 ) 4% S I SEAA 4 SR EUAE T AR
KAk R, (HZ, YIZR— A 2k HE 1R 00 B 1 4 48 ) 458 B 20 5 B2 A
5 K0 B bR RO, T 2R R SR Ay AR E LR E R D
ARILE VA FR v VB A9 4004 AT S A 3 S R AME R R R D AR i
R AR5 KAT 45, ARSCHE W 7 —Fh 3 T 1T 88 2% ) (R 00 BE 5
5y 380738, B S R — A BRI OC R AR AR IR A AR R R
SEARS S TR TR SE ARSI S 8] B35 O R, W AR T R
FEAS ST, 1 FON LB bR TR R SR A R S RS,
2 XA K 2 0 12 (Bidirectional long short term memory,
BIiLSTM) HE7Y R AR S 28 ) 88 1) A1) 7 1) 8 20 G AR D A R e
N FHSRIN G TG AR SR 800 5 T W S 288 31 4 v AN Ti] 25 531 45 5% o2
1) T A ¥ 25 S 1 335 S A YA T T ML), AN T S B S 4y 25 8
DLIR S AR S0 S 44 4 2. SEARAIE B, FRATTHY 7 LA T LU B BEOR,
IE BT LETCAT AT ARy TR AT B T 1R R i 4 SR 4 2R B .
FBEIR AR SRS IS, IERE A S RS IR R, )
Bl

IR WEE, DR, BT A ) MU RLRE Se ik 5 2 05 1%
FIREFE. B k23R, 2020, 46(8): 1759-1766

DOI 10.16383/j.aas.c190041

Fine-grained Entity Type Classification Based
on Transfer Learning

FENG Jian-Zhou"? MA Xiang-Cong"?

Abstract The aim of fine-grained entity type classification
(FETC) is that mapping the entity appearing in the text into
hierarchical fine-grained entity type. In recent years, deep neural
network is used to entity classification and has made great
progress. However, training a neural network model with precise
recognition requires a great quantity labeled data. The labeled
dataset of fine-grained entity classification is so rare that hard to
classify unlabeled entity. This paper proposes a fine-grained
entity classification method based on transfer learning for the
task of entity classification with lack labeled dataset. Firstly, we
construct a mapping relation model to mining the semantic
relationship between labeled entity type and unlabeled entity
type, we construct a corresponding labeled entity type mapping
set for each unlabeled entity type. Then, we construct a

Wk F 3 2019-01-16 - A H I 2019-08-08

Manuscript received January 16, 2019; accepted August 8, 2019

I E AR 2R (61602401), VLA iS5 22 R AHOR T AU 5 4 48
4 (QN2018074), b4 B RFI %34 (F2019203157) ¥ B)

Supported by National Natural Science Foundation of China
(61602401), Youth Fund for Scientific Technological in Colleges and
Universities of Hebei Province (QN2018074), and Nature Scientist
Fund of Hebei Province (F2019203157)

KL FHERE BERFE

Recommended by Associate Editor ZHAO Tie-Jun

LI RAE ER A S TR B R A5 066004 2. LKL
B TRRE SRR E REH 066004

1. School of Information Science and Engineering, Yanshan
University, Qinhuangdao 066004 2. Software Engineering Key
Laboratory of Hebei Province, Yanshan University, Qinhuangdao
066004

bidirectional long short term memory (BiLSTM) model, the
sentence vector combination representing the mapping type set is
used as the input of the model to train the unlabeled entity type.
Lastly, the attention mechanism is constructed based on the
semantic distance between different types in the mapping type
set and corresponding unlabeled type, so as to realize entity
classifier to recognize the classification of unknown entities. The
experiment shows that our method have achieved good results
and achieved the purpose of identifying unknown named entity
classification with unlabeled dataset.

Key words Fine-grained entity type classification (FETC),
transfer learning, bidirectional long short term memory model
(BiLSTM), attention mechanism
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Fig.1  The transferring model based on entity type relationship mapping and attention mechanism
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Table 2  Hyper-parametric settings table
L, Do, D, B P; P, A
0.0002 180 85 256 0.7 0.9 0.0

Table 1  Confusion matrix
TR 5L
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4 TP (HEIEH]) FN (R f)

HSEHIL
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TP TP PxR
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HIPIAS SR SRR AT 70, T C 2 P A S AR 2RI
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Table 3  Datasets size table
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Table 4 Comparative experiment of different models in
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p il Acc Macro F1 Micro F1
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FNET 0.026 0.027 0.028
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Table 5  Comparison experiment of different models in
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Fig.3 Transfer scale and entity type mapping set scale contrast

chart
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Table 6  Entity type set of military field and
culture field
Ak SR
terrorist_organization, weapon, attack, soldier,
== military, terrorist attack, power station, terrorist,

military _conflict

film, theater, artist, play, ethnicity, author,

written work, language, director, music, musician,
newspaper, election, protest, broadcast_network,
Ak broadacast_program, tv_ channel, religion,
educational _institution, library,
educational _department, educational degree, actor,
news agency, instrument

RT EHGUSA SR H R R R

Table 7 Dataset size of military field and culture field
AbREEESE CORSR)  EARERRE (F )
FBR: 25 9
mention i 226 734 126 036
Token #{ i 3927 700 2 104 890

RS TohRIETE R 4 SR S AR ROR LR

Table 8 Comparison of entity recognition in
unlabeled military field
o Acc Macro F1 Micro F1
TransNER 0.040 0.023 0.012
FNET 0.013 0.014 0.029
TLERMAM 0.257 0.339 0.339

F 9 WEGUARE TR 4 AR X b
Table 9
military field with sparse annotated corpus

Comparison of entity recognition in

po vl Acc Macro F1 Micro F1
TransNER 0.338 0.204 0.285
FNET 0.460 0.424 0.537
TLERMAM 0.572 0.504 0.559

R SEARS G AR B RAR T 56 3.4 A BL S A R ROR,
ER AR AR A SR A AR R 3, AT A B T A S5k
{14738 P B AN S5 BRAE A fBL 45K

4  ZEip

AR T — T AT A% 27 2 ) 8 USRI L FEE S AK 73
SR T7 1%, TR AT BRI U 1 SRR 5 T bm i 4
1 S A ST 1) B T SCRRER 9% 3%, ik B AT A b A5 2
18 H AR SUR RS SCRHIE, I 45 & B i pL ] SE BT %
2] EESERAIE R, SRS H AR YU H
PRATIE R B I AR RS AU R S R 2y SRR T
RN, SEEGAIE B 3ATT (0 5 AN URT LAE 58 i A AR TE R
UHEAT i 44 SEARRBIAE S5, 754 B i b T8 R 405K ]
FETT LA b7 3 58 J SEAR 73 RAE 55
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