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Abstract

In this study, named entity recognition is
constructed and applied in the medical
domain. Data is labeled in BIO format. For
example, "muscle" would be labeled "B-
BODY" and "I-BODY", and "cough"
would be "B-SYMP" and "I-SYMP". All
words outside the category are marked with
"O". The Chinese HealthNER Corpus
contains 30,692 sentences, of which 2531
sentences are divided into the validation set
(dev) for this evaluation, and the
conference finally provides another 3204
sentences for the test set (test). We use
BLSTM_CRF,  Roberta+BLSTM_CRF
and BERT Classifier to submit three
prediction results respectively. Finally, the
BERT Classifier system submitted as
RUN3 achieved the best prediction
performance, with an accuracy of 80.18%,
a recall rate of 78.3%, and an F1-score of
79.23.
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2 Dataset
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3 Proposed Method
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3.2 BERT and RoBERTa

BERT (Bidirectional Encoder Representations
from Transformer) #-3] - & Google /2 & & H-=h
PRI 2 mikie e A A o TREOR
% = Wikipedia 2.5B 3% #! & 4c + BookCorpus
800M #ZALE o & <] 5 1024 * 128 £ R &
256 * 512 £ B - BERT 4 7 BERT-Base (12-
layer, 768-Hidden, 12-head) 4= BERT-Large (24-
layer, 1024hidden, 16-head) = #47;3% - BERT &
TR E TN R TV (7447 o BERT
E_ Transformer & L 2% 4 %< 4 % (encoder)
@i R 4 (attention) 4%+ %_Transformer s £
Pooihe > A RERMRBERTE 0 D

FRHEE?  RABHF AR KDL o Ft
= BERT # » A& 4 $#4]5 BERT ihi & 4 <

ROBERTa #_BERT #-3] B & 2_ 14 chifs it $77)
- 0 AR HREN Lk i s x% ”
g E B IRfE . A ika A w5
”wﬁﬁﬂuzmviwﬁy’ﬂﬂm
ROBERTa 1 & ¢S ik f & by 442
#FHE > P 27 ROBERTa 1 & & * #4 1
AL ST EE RoBERTa—wwm ext-
large #-7] (Cui et al., 2020) » =¥ =
~%évé$ﬁ@éaﬂEWﬁ% ° CLUE ez 3
RS 2T 6B 22 AL EBETIBRE
FEEEHE AP F R AR EH LR
% 3% % 7 CMRC 2018 R mjzdcdp & -
PR REY oI AR EMET % T
f? # 11 ROBERTa-wwm-ext-large 4] &~ &g
%Iwﬁ*';rjl“d ‘FKE&f—r 3 @ B WF AF S L
4% (Xuetal., 2020) -

(\.

7
~

-

m

< }

A

<

S gy

.u-;“

f
=

3.3 LST™M
LSTM &5 7 f2i- RNN 6k B > Gl4e7 i
FERJZE Y R 7]~ PR DT R o LSTM £.d =

A (gate) e éi%l »~ R’ (Input Gate) -
%75 Pz (Memory Cell) > i X W (Forget Gate)
jﬂ: M (Output Gate) - Input Gate 3 & { #

it B :Eﬁis?] » > Memory Cell &5 &E > = rébg,\ A
i * > Output Gateffi;] %% > Forget Gate ¥_F
[k M‘HJ% feature - LSTM =S ;Ik—«gc éig,] |
A SRR A AL Nk Y
‘aclﬂ_ﬂr%—ff'ﬁ_’f{iwg B OF +5§j\ | T

’



The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

AEY o HY (1) 2 (4 4 % 5 Input Gate,
Forget Gate - Output Gate 3+ & =5 - # ¥ (C,
% memory > h;_; » hidden state -

ft = O-(tht—1+ULXt+bf) (1)
ip= oW -hey + U X + by) (2)
¢ = tanh(W, - hy_q + U. - X + b.) 3)
Co= fi X Ca + i Xce 4

o= oW, hey + Uy - Xt + by) ®)
h; = oy X tanh(Cy) (6)

Forget Gate » P~4&-& L3e 5 ° 554 - Input
Gate B| & B~ % ﬁ“fr TR AT ¢ (candidate
memory)B’»:*: v AT Cp = ; =+ — = e Memory

AR B ood CoFERAEN T - - o
4 Jﬂ tanh(C,) # tanh i {7 *%—«% v BofsAp
F4= k& % Frenhiddenstate - B fsd & B Sk
Wz 253U AT X &2 heoy A8 184&F
fﬁﬁi@lruaj - p%ﬁ“g,;ﬁvji%]* »F £¢ PB
g% 4] > LSTM ¥ s i £ 8 e ’E“—f 2
g@ﬁuﬁ BB 4 R BIF AL - @ B LSTM FJJ

AEVYRERREIGOMI MG #20NH
7 ‘f% e XAl a4 o LR kR

T e B (Schuster & Paliwal, 1997) > i 3" 3
ﬁ»m‘ﬁwm ﬁ HEREREY RS
ﬁ;}])‘ v RGER LT (= ooom AV RpEER
P Rp RS a4 j\'é?"%}»‘ @
YE { #7 (Graves & Schmidhuber, 2005) » ~ 7}“{
HoNPRF2F A KT 0 UEFL T
A L R FIRR P NP ERY DT
g {%ﬁiﬁlj’f -BF oA AFERF T

L RF 2 [ I ¥ = T 19@% RIS L g
r*"‘]tL AP h FER AR BILSTM % & pb i 5% o

3.4 Conditional Random Field
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4  Experimental Result
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