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##4#% (Named Entitiy Recognition, NER) - g FF4& %
BEFZORTHXRMAIRTH - A A Sl FRAEBA
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I. Introduction
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AL HEFFRAL  TAngela | 5892 LB K FIRE A
Eompstbz s BELMXE S EIL Flho T wiEA
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B 7 AutoNER 87K & & 414 35 SUE R £t » A
THREHBE T XER » B H AutoNER 4 A £ 4 3H
HofHh  PXRERILEALAAESEE K > Blk—
OFTHREAAGAFIAARARNMEARRZTE » HbE A
EFER GRS 0 R B A AutoNER B b 4 $H4Z 0 $HE A
EFRR o RIVFIERBERK B R BB AL T
X ey BrE TR ko &AHE AutoNER £ A F 89 word
embedding layer 2 & #k A pre-train BERT # & & i# 4T
Fine-Tuning - AutoNER &y 5 —B4F 547 - kA — A4
Rl R Fo R AR I - 4T H Ak b (approximate match)
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SRR AR LRI L 73 - AR R BRBEA T X
EiE FA R HAMER B F1 e LT 24 18% &
3% fie o WAL A AT T SUEFS AT IS IE 89 AutoNER
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II. Related Work
A. Multi-task Learning

SEHZEEARSEMR > BAHESEE (Joint Learn-
ing) » B £% %8 (Learning to Learn) % - 4t% %18 8 42
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Z AL #E (generalization ability) o A B S E P, %42
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A. Training Data without CWS
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B. Training Data with CWS
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III. Methodology

A. B#REF A
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B. #EFHE

#1194 A pre-trained Bert #F & # A & (embedding
layer) B F] 84 & Multi-task 224 ¥ a9 &£ £ B (shared
layer) » &3 4k 0% & F] 854 fine-tuning &9 &54F 5 1218 %] 89
1EF & (task specific layer) » & 7 AutoNER % X ¥ A&
A & Highway layer 2 $F » AR E X4 K EFER
(Bia7a8) L#ERAXNS  FEBRAHOEYN LHE
oo AR E RAE TR mA BILSTM & - 8 E#H»
BAMOENE BB ARERTRERSGED AR
HAE (B 2) -

# A& (Input Layer)

4 42 :8 Bert A& 469 tokenizer RIEH 6946 F1E A
# O\ v tokenizer ¥ ¥ XAEF L LA F LA B AL (character
based) #% F# 4 % bert F 3 ¥ H B %K - Ko A%
A SP = {c1,c0,.00) 0 SP REDNREME T a9 F p 8
F ¢ Rwa) FHIE i BF ALK BEH n EBF
o WA 4 F A W A B o L e AR e Yok —
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B 2. Bert-Highways-BiLSTM #% & 42 4%

WM v € RP & o v F i@ g D &7 m
F4: % ( Bert A% % 768) » # tokenizer 89 # ¥ % F
F o AR UNK Ak k2 & 84X ©
B 54=# B (Task Specific Layer)

FEZEBEA T o KRAIFER B T R A 2 AENE J 4T
J& o R B e e Bk B8 64 (Highway) [12] > je L4
1 4a 0 318 48 B A 2 493 (BILSTM) - 4R4E [12] Frit »
R EFEER AL LSTM a9 Pide 4% » #1 B HMEFY -
%34 P9 (Transform gate) Foifr P (Carry gate) R¥EH%
J& 8y NG 3 > Transform gate &4 E— R o4 E A % 0
FRBIERMERIRG T RREAT — B » Carry gate ¥4 £
—RERAE S VAT CBGH B EAEENT R - &
Wb RE RIS MBI REF BERT A5 768 £ 5
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AR BARMAKELBHENRFFIOTFOE o
1€ & Highway & a9®y N> F2 84 v Bk H AKX
% yi = Highway(z;) (AKX 1) 2% H A —JFRgita
#3EH - T % transform gate 32H - C & Carry gate &
AW RIATINGRZHEE HATHETR KABE
C=1-T> 2K LRAX 2 2% AHFLERIAZ]

BiLSTM /& - 4 2] h; A2 h; 34 & #4048 ho st 2] BILSTM

Y = I’I((x27 Wg) - T(mi, WT) +x; - Cz;, We) (1)

Yi = H(l‘i, WH) 'T(l‘i, WT) +z; - (1 - T(l‘i, WC)) (2)

##H & (Output Layer)

Bl R ey B RAVEERERSE 8 E o B EA
WA G e 2R BB KA Softmax % - HEREARER
B AKX a B T, = Softmax(W?T x h; +b7) v C; =

Softmax(WC xh;+b") » T, #» C; th 4B 5 %] % NER #)
5 2 & 2(Tie #o Break) o
R %k & ¥ (Loss Function)

EE4TH REER B4 A CrossEntropy £ & 34k ek ey
BERBH > wAK 3K 4 £ multi-task learning #9
BT mEOHEA 11 > RAIRFER R &
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LossT = Z CrossEntropy(T;, T;) (3)
1
n

Loss® = Z CrossEntropy(C;, C;) (4)
1

Loss = LOSST —+ LOSSC (5)

IV. Experiment

RIVEHTAHH 7,700 EHhFEALBO FTRMUASE
@ e PTT @B T2 BRETHG T #
61,685 4) 4T B #hi%ic - MFEFEFRE T A A FEEH
# Entities & mentions #45 (& I) > St $ d w2kt
#2 E 8 A42%% A Unknown #9 Entities & mentions # °
BB MR R RMAL B EBE B P AETROXFE S L
WMATAZRELE (i II)-

* 1
NER 3l %4 (8 $i%ie)

Training Dataset

7 Seeds 7,700

# Sentence 61,685
Labeling Strategy | ®& ¥t | 3o bHr
# Match Entities 4,987 10,323
# Mentions 81,562 108,823

% 11
NER #REHME (ATARR)

Testing Dataset

# Sentence 51,5624
# Entity Mentions 26,067
# Distinct entities 4,327
OOV mentions (#/%) | 17,695(68%)
OOV entities (#/%) 3,577(83%)

A. #FA

#1914 A Precision/Recall/F1 R4 NER #8424
B o A F R LR TEHL S FR > RFLMBLA
TEETRRE R 4% AR A ERETER (True Positive) o &7
FAABEEBE P SIS E R B R EATRT  BR
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BN InV 8 E - R EEERN OOV F R prskayase -
B. G #RER%
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% III
NER # A e 3045 &
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Data—+Structure Model P R F1 P R F1 P R F1
E Lattice 43.6% | 47.7% | 45.5% | 68.9% | 98.1% | 81% | 36.5% | 25.7% | 30.2%
xact Match
Bert-CRF
Partial Match BERT-CRF 50% 51% 51% 74% 93% 82% 40% 29% 34%
BERT-GCNN-BILSTM-CRF [§] 31% 72% 43% 57% 98% 1% 35% 59% 44%
AutoNER. + WS BERT-Highway 35% 66% 46% 57% 99% 72% 38% 51% 43%
BERT-Highway-BiLSTM 41% 1% 52% 58% 98% 73% 44% 58% 50%
# IV RIARZERE » e HABEA B ol B F SXAEFS - IER EF R
NER #ie5% F1 it 5 e BRAE BRI H e SR AR 8 RE o
Strategy | Overall | InV | OOV REFERENCES
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A o1 43% 70% 42% [1] Jonathan Baxter. A bayesian/information theoretic model of
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D. AutoNER ### CRF FHZHE
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=V
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Bert Highway FETAB 733 A )
Precision 32% 35%(+3%)
Overall | Recall 66% 66%
F1 43% | 46%(+3%)
Precision 55% 57%(+2%)
InV Recall 99% 99%
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Precision 35% 38%(+3%)
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F1 42% 43%(+1%)
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