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BERT-based NER Model ~ RoBERTa
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RoBERTa (large) + BiILSTM + CRF Model
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BB EE A 67.64% > F3¥Fl-score &
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Abstract

This study aims to design a multi-class
classification Model for the task of named
entity recognition and apply it in the
medical field. The training data is labeled
in the BIO format. We employed various
combinations of Models for selection,
evaluating, and choosing among six
Models. Finally, we identified the top three
Models: a BERT-based NER Model, a
RoBERTa (base)-based NER Model, and a

RoBERTa (large) + BILSTM + CRF Model.

These Models were applied to a multi-class
classification setup, with RUN1 achieving
the best predictions. The average precision
for RUNI1 is 68.69%, the average recall is
67.64%, and the average F1 score is
68.13%.
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1 Introduction

B R 3% % K ¥ NLP (Natural Language
Em%mg%&mﬁﬁﬁ AR B E 1% AT

1% B R R 0 # BE JR & R (Dina Demner-
Fushman, 2021)%)| & £t 3 (Weiner, 2012) » #f
FEIT A RIF 2R ELER LA G —
ZIIER o fldw 0 BREABEEMEINY L4
MBI ERS L T REBRATE fa B ZER

%'g‘ ° /\%‘E—}E‘Q%Fﬁﬁg j_ }ékﬁﬁ
éf}f@ ’ %}ﬁi;ﬁ’ﬁlé@ n :u’f‘?}:& (Konam
and Rao » 2021) - FE gt » Z & 82 3%k 5] (Named

Entity Recognition, NER) f& & & ARk L B4 A
BOYRAMBE L TAY B AE A -
NER £ —# % Aeya KRBT RELEH > £
BEPBIARATHETN AL I~ a
Bk B B mRE - BRPRR
AIBE&1E &
ﬁ%%&mﬁxﬁﬁﬁ’wz kRS
1% 4tk 528 a9 B A X 5 T X AL A (hidden
Markov Model, HMM) » 3]/R B £ 8 + &4 4 G
&4 & 49% Bidirectional Long Short-Term
Memory (Bidirectional LSTM) % A4 14 K& #4357

(Conditional Random Field, CRF) (Huang et al.,
2015)» # % % 4 Bidirectional Encoder

Representations from Transformer (BERT) -
Robustly Optimized BERT Pretraining Approach
(RoBERTa) % FASRIEA » EAFHEAITT AR A
HRAELLEARKEHERE -

BERREAHEI P X a9 L KRR 67
ELREBEF S mydE AR AN &
AT XHNNREL  FRE S B MUK
BADNR Ly T » B AEEHEE L K
IR A F X eI RARA > FEFRE AR
8 40 B AT A R B 0 3B 4 B 9 AR AR
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B o ik AT A B T E AR A8
5 ERBBA » BT T -

2 Dataset

AR RERY > & M#HF A Chinese
Healthcare Named Entity ~ Recognition
(HealthNER) #t 45 % - 3% 345 % & & NCUEE
NLP 2% %2 % &9 B Broax, B AT & #2147 3% (Lee
and Lu, 2021; Lee et al., 2022a) - ik b X # 4%
RBOHHTHEEERRRM R > BiHE TE
B AR B~ R A8 B AT R A R B R B AR
W Py XE - G BATRES > TEK
WHE O T 30,69218 8) F o 43t 150 48 F 44
% 91,700 18 £33 -
FEAZEmAE P > £WMAE T 68,460 B4 4
AR o B 4Rk e BB X 48 A BIO# X i
ATARZE © Bldw 0 45 "#% 4% 3¢ A"B-CHEM"f»
"I-.CHEM" » " & 8" & #% 4% 3¢ &"B-BODY"fv
"I.BODY" » LApb#adfe o 3 HARIE R 69 54 A
BHEEHES 10 EREGEREL - €M
&Y 4% %57 B AB2(BODY) » 5 A4k(SYMP) » B
& B M(NST) > # BR(EXAM) > 1t £ 4 &
(CHEM) » 3 % (DISE) » # & (DRUG) » % % &
(SUPP) » 4 #(TREAT) > 8% [(TIME) o 3 %
Uy F AR A0 NMREHRE LS
28,161 B4 F > mBIREHELREE 05
2531 @8 F > L FAREHA 61,155 @44
TR mBRERA 7305 4 LEM - REEK
442 4% MultiNER-Health_truth % /F £ % &4 38] 3%,
£ 5 @4 %) A"FT"4"SM" 2L A "WA" &£ 6,626
&) > B b $ A T 2% HealthNER o 64 58]3 &kt
EERMPBEA BB EERA -

3 Experimental Model

3.1 BERT

BERT ##! > Bp Transformer &) Encoder - & &
IR EBEFXFARERR LAY T X
3|4k Az, (Devlin, 2018) o HE 24k &k R B 7
Wikipedia 2.5B 3&#}% Av £ BookCorpus 800M
BERE o ibE AN A 1,024 * 128 K & 3, 256
* 512 K& ° BERT %% BERT-Base (12-layer,
768-hidden, 12-head) #= BERT-Large (24-layer,
1,024hidden, 16-head) A&7 &, - H 454 A7
YRGS B RO SRBESE  Ribiik
AP AR E EARAGIE L - KW > BERT &9 £

ZRIF AN L RATIRG T k> R ALK
AEEARY - SHEAAMINRT EZEEAESH
ARINREREEREXAREH LT
B KM RSB THEFLARL E -

3.2 RoBERTa

ROBERTa % A7 BERT A t44B/LIR A& > &
Facebook AI 7 2019 %% % (Liu, 2019) -
RoBERTa 3|4k %iws L 4T T — 4 7| 69 1& 16
B35 A B REPR RN ~ B K ah 9| 4R EF R
Fo B 5 ey R BAR - BB F BN EAA
e A7 BEMET c A
RoBERTa * & 4 A B AR EHENE L
#ATII4R > M P L8y RoBERTa £ &4 ] 79
I KGRI A F 5 £ % A 49 RoBERTa £ A
(Cui et al., 2020) » 3% A 5 % RoBERTa-Base
(768-hidden) #» RoBERTa-Large (1024hidden)
#M X Xuetal, 2020) - ZTEAMALBT H=
F & X & % 8)3X CLUE ¢98% - CLUE sy & %
BREET 68 P XX Ay FaHIEE 38R
BHEMAEEE HPOEA T KARBESE
Er w24 CMRC 2018 BB EdEE > &
P XN F > BAEFE TMOERE AR
;J_’% o

33 LST™M

LSTM (Hochreiter, 1997) & B ¥ & 32 5 7 #35
) 7% 3% A% 4% 489 3% (Recurrent Neural Network,
RNN) #9452k 448 - LSTM ## i K771 8045 b
BOh L H R B EEIE S P2 - LSTM £ & &y
18 R (gate) B — B TAT AR » AR (Input
Gate) » & % K] (Forget Gate) » # i & (Output
Gate) & :21& 7t (Memory Cell) - E 4 (1) £ (3)
4% % Input Gate, Forget Gate Fv Output Gate 3t
F K o Input Gate P # ik T A7 B A5 B IE BN
B 7L > Output Gate & FHE TP 8 &R o
Forget gate ¥ E AN EZHEE - L FH, 1 A
H— BRI 0 SR E 0 WRR D5 3] At EHo
B £ - £ P (4 A% % & T (candidate
memory cell) 3+ F Fo EifiAaf o @ (5) AiEH]
S AP HSEN  MARMLIESRRA S D
FBCota¥ g > mESHFZEHRE S VB
EWRBACHAE - RABREO)EH
b R Oy fn 37 69 2018 TUC, 09 31 AR AR H, e B
B BB R(G-1L,1)Z /N -

Iy = o(XWy; + He—1Wh; + by)

25k =
o o

(D
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F = O'(XtWXf =+ HHth + bf) 2)
~0t = 0(XWxo + He— 1 Who + by) (3)
Cy = tanh(X Wy, + Hi_ Wy + b.) 4

Ce = F,OC1 +1: O G (%)
H; = 0,0tanh(C;) (6)

B pb3E 48 M ] 5 B LSTM A R A 2k b3 42 5
5] ¥ ey R EAKIE B 1% - ™ BILSTM A& A 2 5
BF R R 3] 2 R w48 IR A4 0 R AT A RE S0 4A
MATEERTRER —RBEHEEEN
(Schuster & Paliwal, 1997) - BiLSTM i# i 3 4k
WA ESH - WERMEERRENE L
¥ # (Graves & Schmidhuber, 2005) ° & 4] 3&3,
BAIAETARGER THBERRRYXFERE
ERBETAR - ERMARFERZART
— A8 F > WA b BB 6 F ey AT it B AR
FZRTAFMAIZELEZELEE 0 Bk
P L2 4 2 4 A BILSTM 7 R sbAEF -

34 CRF

CRF £ —f&%FHEA > X2 ANEHERS
IR B IER > CRBNERXSEHA
EZRERANABRETREFAKR - ©iEiB4
BUE 2 B A > RTARIF P RS BAE
915 K #8 % (Ratnaparkhi, 1996) Fu & A 4
B &R kA (MEMMs) (McCallum et al., 2000)
48tk CRF £ A F &M A0ig K > M CRF #£ A
BHRMEI Y HUMHBAR 2 - BHS
BRI AR LRSS A — A Bk
BHMTUEERE -\ L TXERE -
BBEINRBAE T LT S8 T LIS
FREHHMHEZEOBE - HA IR EREF
R KBRS AN T %R E 5 7] 7T 4
Mo IR BI AN S BES - N CRF 44
SPEEREFIHOETXEEZHGMA S B
o UAFMARE - LT B FoE o
FIEH T RREMEGHEE -

4 Experimental Result

WREET > REAFRIBHAREL =
B A RBER - BT &N 55
AAAFHEBANIRRR  RELRAZ
RIBZ(RUNS)R A ey Fik Bl S 3% 8 -

4.1 BERT-based NER Model

AR INRERZAT > HAIRIRT AT B8R -

B BAT L BIE R R E 69 TR SRR A AT

ek LR L BB R E o EFE o B
e EWMAE BRI BRE P
UEATREH 8 - BINGAEA T @ H 5%
AP ik P i B E T AR (Chinese
Knowledge and Information Processing, CKIP) At
5 o) BERT %88 & X @344 A (Yang and
Ma, 2021) ~ o5& T KRB A TR EHEH &
RoBERTa-wwm-ext (base) 4% 24 & RoBERTa-
wwm-ext-large #£ A o i LR AN 5 F] 4 pR 768 4
1024 et @ & - KAVEINRE P oy K
5 FEE X T A 441 ¢1 batch size & 16 i 1L
adamw ZE/L B AT © Bk 0 KRIMUAK
CTREZINREEBITHEAING > L AREE
BATHEA AR - £=EEA I kERZY > &
i@ 318 epoch 1% » 4344 & F1 o ok oy F
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H) R, 0 AR M AEAR B H 4G epoch & IR E AR AK o

b AR BATEADL  BEUAREREL
R AR E BT E > 88 K38 BERT 57
#( IR #1E > T3 Fl score & 66.94% > 4uk 1 F7
5~ » RoBERTa (large) #£%&! Accuracy % 91.74%
Precision 2 66.05% ~ Recall % 67.38% #1 F1
score % 66.68 - #: R RoBERTa (large) &
Accuracy & Recall #1% > 12 = £ 24 F1 score 4
A& RLEERARAZ MR AE FL score
& $A8) RUN 2 o

4.2 BERT+BILSTM+CRF NER Mdeol

Bl Ak A9 5 A1 45 R R [F) 69 T8 91 SRAE AN 3 4T
IR AEFEEMEFGE c HE R
Pz tAn2WmAZE BILSTM 42 CRF
o AT RGP o BB TR I RAL A 5
%] # CKIP BERT % 8% + X FI4MEA ~ AT
KA AHE S F 5 £ 34 69 RoBERTa-wwm-ext
(base) £ A & RoBERTa-wwm-ext-large 4% A
FHIRER SGD FEHE TR 28 XA
0.012 > weight decay % le-5 > H.3% & scheduler
HHR epoch LY &L 09 o TR RIKE
ARERERBOBRERITHE » BHRR
3% RoBERTa (large) + BiLSTM + CRF # %! % #,
# 1£ » Accuracy % 89.75% -~ Precision %
67.18% ~ Recall 2 62.76% ¥ Fl score 2%
65.24% » f BERT + BiLSTM + CRF zk it % 32,
# £ » # Flscore 24 63.91% o
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4.3 Multiple NER Model 4% F1 Score % 70.57 ~ Marco-Averaging F BR/F
% 1 BEEA R EAR
MultiNER_F1 Average (FT, SM, WA)
Model
FT | SM | WA |Accuracy|Precision|Recall| F1
BERT-based NER 61.55|70.21|169.07| 91.57 67.11 |66.75(66.94
RoBERTa (base)-based NER 60.76|70.36/69.41| 91.57 67.1 |66.65|66.84
RoBERTa (large)-based NER  [60.81(69.88(69.37| 91.74 66.05 |67.38 [66.68
BERT + BiLSTM + CRF 61.69|58.49|71.55| 89.72 68.02 |60.45(63.91
RoBERTa (base) + BiLSTM + CRF [60.82|60.46|71.51| 88.94 65.84 |62.81(64.26
RoBERTa (large) + BiLSTM + CRF|62.09(61.34| 72.3 | 89.75 67.18 |62.76 |65.24
%% NER A 3 /Fifif24F » B4 #£=  FlScore % 68.14 » J&RIFH w4 k4 -

BRFHEA P RERE AWM IR RER -

HEANBERBETSIE R WEHEL
% B A AT AR R AF AR &S TARE K
ERABRAGEERRRTEARR > Al eEE
B+ —f8 B K & & Fl score 4R iy & 4 0947
BAEARKOFARGER - RMHRR—1E:EEF
$B% > HEFR T Fl score 5 £ &9 BERT + BiLSTM
+CRF B4 » R 5 $ LA R RR R U
#) RoBERTa (base) + BILSTM + CRF # 7% - &
#%4£ RUNI > 49 & Model 1 > &4 = {81
Al > % % % BERT-based NER Model ~ RoERTa
(large)-based NER Model A & RoBERTa (large)
+ BIiLSTM + CRF NER ##! - )4k > £ RUN3
> £ & Model 2 > &4 RoBERTa (base)-
based NER ~ RoERTa (large)-based NER Model
2 & RoBERTa (large) + BILSTM + CRF NER #£
PEATRHER - £ RUN 1 > #4145
Model 1 Accuracy % 91.81% ~ Precision %
68.69% ~ Recall & 67.64% ~ F1 score % 638.13%
f Model 2 &) Accuracy % 91.87% ~ Precision
% 68.26% ~ Recall & 67.84% ~ F1 score 2
68.01% ° 1% > Model 1 f&:8]3X % 78] & 37,97
RS -

4.4 Competition Results

R FAE Model_1 A L 48 A 2 A=A - 3 b
UL EHE/RFAMNZERE - £+ 4 Formal
Texts ¥ B &y F1 Score & 62.51 ~ Social Media +
4% F1 Score 2 71.33 ~ Wikipedia Articles ¥ B

o

o

5 Conclusion and Future Work

EZBIEARY  RMERT=HRRRGHGT 4L
ERSAEA > &8 5% & BERT-based NER
Model ~ RoBERTa (base)-based NER Model &
RoBERTa (large) + BiILSTM + CRF Model » #¢
EFTRMESER - BHELREANBRAAR -
WA HE 584 4o % A A#EBODY) @ & ik
(SYMP) » B % 4+ (INST) » #2E(EXAM) - 1t
247 % (CHEM) » 3 7% (DISE) » # % (DRUG) >

% % 5u(SUPP) » ;4% (TREAT) » 8% f(TIME) o
A A UBIOK R £453E o fldw > "455" €44
¥ 22 %"B-CHEM"#"[-.CHEM" » " & &%" &
%4222 %" "B-BODY"#:"[-BODY" » b4 pbia o
MR AN F 2R A"0" - RENERT >
$%4r4% A HealthNER g4 238 F o » 24 30,692
G FEAIRAREETNE > RIRERRE
A Ey 6,626 184 FARRERE » RiE/T=Z
RARBAGERE - BRIEFTHRERBT
RUN3 ¥ 9 Model 2 843 7 RIF&HI TR -
fm RUN2 4% /A &9 /= BERT-based NER Model 4
FERE o KW RIFHLE R HIRA RUNL F o
7£ RUNIL % > Model 1 #4%F T s tE 69 & 4k se >
H Accuracy % 91.81% -~ Precision 2 68.69% ~
Recall 2 67.64% » # F1 score 3£ %] 68.13% -
Model 1 f2454% L3N HACKA o & st 7T 40
BRMRBE BB S ESBREAN T EL
BAE TAEF Loy RENME R B — A
T4k - KRR > BFAE BN E—F iR EME
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