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Research on named entity recognition of few samples

of Chinese historical materials based on metalearning

CHEN Tao, YIN Feng, GUO Weichao

(School of Computer Science and Artificial Intelligence , Southwest Minzu University , Chengdu 610041, China)

Abstract; Named entity recognition (NER) enables the construction of structured knowledge bases by identifying entities such
as person names ,locations,and events in historical texts, thereby facilitating semantic associations of historical information and
supporting the reconstruction and analysis of historical events.Due to the scarcity of annotated corpora in Chinese historical doc-
uments , the few-shot learning problem is particularly pronounced. To address this, data augmentation techniques were integrated
into the adaptive margin meta-learning triplet network framework and the semantic representation capabilities were enhanced for
Chinese long texts using the Chinese-RoBERTa ( Robustly Optimized Bidirectional Encoder Representations from Transformers
Pretraining Approach for Chinese) model.This led to the proposal of an adaptive margin triplet network-based NER method that
incorporated data augmentation. Experimental results demonstrated the effectiveness of this method in few-shot scenarios, achie-
ving F1 scores of 86. 68% and 92.78% in 5-way 1-shot and 5-way 5-shot tasks, respectively, validating its efficacy in low-re-
source Chinese historical text scenarios.The proposed approach addressed the challenge of scarce annotated data for NER in
Chinese historical texts under few-shot conditions while providing valuable insights for broader low-resource historical text infor-
mation extraction tasks.

Keywords : meta-learning ; small sample size ;data enhancement;named entity recognition
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Table 1 Text data enhancement methods

g5 L WS ik
FIF RandomCharDelete TEL5 5 B3] o R ML B 455

fi Rk A B2 Word2Vec T

Li:AT| WordEmbsSubstitute £ ) S S A s 2 G

e RandomSentClip P AL BY 1 22 H Frd)
T RandomSentSplice /}{igﬁg H A5 AT BAH 484+

1 o AR SEAR ] SR 4 T DAFE A IR T B X
BTGB X AT 5, SRR [R) 28 B i AR AR
BT RS SRR R R R E TR R R A 44
SRS AR E T O TR A BRI | T e
PUZ 5 bR RAT R4 T 88, Uk RAETE B A) v By
SERENME BRG] AN B H AL S SE R B 1
RGBT IS SLE R I TR R X o AR B R
MBI AT DR 325 SCAR I 1 ST

Word2Vec J&—Ff A SCATE A v 0 W B 2 ) 1
IR FIFH A 28 0 28 A5 A i dm) ik A AR Y | 5 7E 48
T SC_EAH T A TR 45 S 3] ) et 2 R e A R B DA
T SCRFHRLR 1) 78 1) 22t 2 0] o BE B9 450, Bt T LA Ok
ARIUHE 52 B3 19 [F] SCiF). Word2Vee 175 CBOW Al
Skip-gram PIFPHELE A BI R | BF 58 Y1l 25— A~ CBOW #E
) Word2Vec A H T im] e A B8 35 9, 0] ] 2 4k
JEBCE N 100.

2.2 XA

JGAHTS b DX SRR SCA B A 2 v S s R R B, 20
BT IG5 BRAZERH B vh 5 0 e R SR B G 1B 4%
i FH % K g A ¥ 51 B Y Chinese-RoBERTa 15 7
H ARGt g B B RS A — IR A ]
R, 455 0 DT [, X, X B F SRS
Chinese-RoBERTa #5574 r (14 55 Z¢ [ 2% 1) % 3 4 Ry X
BRI RN RN (1) FR.

[h4, hy,. .., h,] = ROBERTa@([xy,%5,..., %,]). (1)

£ BERT ™/ it 35 2 16 T34k B B 0B A7 £, 45
M) FAEREA YN i A b OR 47 AR (] B 288 #4885 2. Chi-
nese-RoBERTa A5 W& 75 4> U1 Gk 20 9K v sl A8 26 B
WA R ARITE A F IR AL R P R B 20 F
T SCAR AR DA R R AR R ) e I L Chinese-Ro-
BERTa A58 fff F T 50 AL UORITE K 4 PP 914K 8

PR R DL B b R SCrp A2 AT 3 T
RICA Y B fiE

3 K

TE/ D REA AN 24 TR BAT 55, N-way K-shot &
IRTEYIGRFIVPAG I ARV 2 A0 B N AR [A] ) SRR
9l (ways) , I HAEN 25 HA K A7 6 (shot ) SR EAT
] S FE S HTR[RISEAY 5-way 1-shot 4155 Fl 5-way
5-shot {L:55 [ PERE. M HE EDA-RoBERTa-MeTNet J77
AR , NI X HERIFE AT RIS E B0 T2
3.1 KWgE

1) SRRSO BG4

Bt B i 24 SR U Y RS 43 B R E T AR
B EINGRARIARL R 5 1] T S Prin) @l H §ii A
AR b X 2 Ak X — AR S AT N IR 4R B T —
A 1A SCICER L DX SRk i 44 SE R ) B 4 il
1| B AR s X AT 35 43 sk 253 A A < BIO” #1285
EEXT 310 5 08 SCAS HEA T B P A AR T 8 40T Rk 3
RN 2 .

F2 O EEHERERTES RG]
Table 2 Partial examples of annotation results

in the historical data corpus
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Table 5 Experimental results of different models
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Fig.2 Experimental results of different models
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Table 6 Experimental results of model ablation studies
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i
P/ % R/ % F,/% P/ % R/ % F,/%
MeTNe 82.92 72.92 717. 60 85.24 78.39 81. 67
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Fig.3 Experimental results of model ablation studies
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