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Abstract

Chinese medical named entity recognition aims to extract key entities from unstructured Chinese
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medical texts. Addressing issues such as the lengthy training time for models and the traditional
character vector methods’ tendency to overlook word boundaries, a Chinese medical named entity
recognition model based on multi-head interactive attention is proposed: ABS-HDL (ALBERT-BIASRU-
SoftAttention-CRF Hybrid Deep Learning). This method initially employs the ALBERT pre-trained
model to obtain separate word vector and character vector representations. Subsequently, it com-
bines these vectors into a unified character-word vector matrix. Furthermore, this paper intro-
duces the BIASRU semantic extraction layer, which integrates multi-head interactive attention in-
to the SRU, effectively learning the features of the character-word vector matrix and precisely
capturing the relationships within the sequence context through bidirectional modeling. Moreo-
ver, in the soft attention mechanism weight allocation layer, the model dynamically adjusts the
distribution of weights, enhancing the ability to recognize entity boundaries. Lastly, a CRF decod-
ing layer is used to optimize the prediction of the label sequence. Experimental results demon-
strate that this model performs better on a Chinese diabetes dataset compared to existing models.
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FHXSI &, AHRLEE 0 A SN B TR S AU o e i, s X A7, Re R A E S
FebE, WPt RS, LEIS S5[10148 H T — 4 & 2 RHIE NN 2 0 2 fil 5 155 284 (MFE-MINF) i A5 A ik
NT ZHRERAE, BIFRE 1, (w5 fANR AR, & T AR RIRHIER S F 8 LT Sekil 5. Ding
SR T — R SR E P T S0 NER(IMCE-CNER) RS Z LA F A IR AR, IR 35 55348
IS 2 A BB R E IR A RRRE, A S B E RN o SEa0 2 AR, 2R R AR T
EE R SR A IR IR T, 2 ) AR R B, SRR RN SCRHE, (R 5 BRI 5

WAESR, TR ) 5B B T SR R AR R e TR T LA R i R ST S A T AR R
BE. Li Y ZEAN[12], fd 2SR R 9k BILSTM 784 RURFAESE U A E , T T+ B 22 SR iR
AR Li D [13)5:4% F R 17 B BERT AL Transformer THEAHESEH, T8 47 h 3214 BL17] 2 [H]
K P B AV AE 55 2R o A BK N 25 [14]4E BERT-BILSTM RIZERE b 5] NBE R A b, i B0k & SavLa
THEARNRRIRCE, RS FE, O EGRBTH, SRk B A/ 222 T iR Af
FLAT fENiRNCIGE %, e n RS FrE R @, o DA/ SEREERE L, Flm:
“I WEAEEIES “IRM” . “IpE” %, g% [15]0L Flat-lattice Transformer (FLAT)ZE 4 N1
BRY, BOAIE T FLAT fEH BE Atk v ek 4 SRR TAE BRI Rk (R X Ay s v AE
SR RIUESCARIS S5 I T THE AR 5 N AT AE -

rt FIRTEART DR, EARIRFE 5 SRR Ap SO R 2 SEAR R s LA 8 7 R, R AT
i — LA 2R PR . FE A O £ )F/FHMER, 75 E0E UE MU FHYE B
FERs @ fEEIAL RN, H R 2 A A . @ BRI TR A 2 S i R A R .
NT AR B, AR IR T R T BIASRU [ SCEE A SRR AR, JLBHT 2 AR 3 E TR
MEAR U

(1) &% FLAT BCE 7 @B J oA R, AR ERZES ALBERT, AN )Z
1A B ] ) B BN A ) B S AR 10 5 R ) B A G AN S BB AR A 183 Lexicon Matching
BAR, EEARFEKE PR A R, ARSI A A R

(2) X FRFMES T RAMRA S RS T AN ST B S I, K Inter-Attention Nk %2
SRU 1, BRAREA A AR E AR 551 o 5557 B Re 8 il 1) RIS UE B . I B X
AR i K SO AL BERE 77, iZ B EFR v BIASRU (Bi-directional Simple Recurrent Unit with
Built Inter-Attention, BiASRU).

2. #RELgT
2.1, HRBGH

5T BIASRU A SC R 5 LR R B Y g ki 1<) 1 fiom . 4% ALBERT TVIZRE . Filln Efl & =
BIASRU ifi XHEHUZ . BEE IWLHIBE /S BCZE . CRF RS2/ /ML

156, ALBERT I £ 58 ik 70 W B 0 s =E & 1R SURFAE, 23 I 3RAS 7 ) R 5 1] [ S 3ROR s
W, A EFED A E5 R R RS, BIASRU++IE IR IUE K F R RHIE 51 (5 5
FA . o] BN SCRRIE; g, R IHLHIRCE 4 e 2l ST 4 R R SUE BAT SR I SR
TERIRE3R: Bef5, CRF AREYJEXTFE = LR CEE 2 Bie 2 g AT AR bR D8 RN, 3R 13 — AN
T F, 58 8 S 2 SR BT
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Figure 1. Overall structure of model

B 1 EREKRE

2.2. ALBERT fIIZE

ALBERT [16]/2 —/>tuAk 4t BERT 424 /M5 2 (A28 2% BERT 4244, BU T m BB AR A BE
I8 K A i O\ 2 $007 fiR (Factorized Embedding Parameterization) #1i#% /2 2 #( 3£ = (Cross-layer Parameter
Sharing) ZHUL =175, 7ERE D> BERT 8IS HEE RN, SO E i FHAE AR
TEASCR R P B E2 80t s, b 7 RIRN S8 . Eﬁﬂ%?ﬂ%iﬂ@i@ﬂo ZHILEE
=X (1) s
h, =TransformerLayer(hi71, E) 1)

Hrp, ERTFEILZEMNSH, hFREGEHBE. BdBESHILE, PSR LA Z LA
H, A Sk S 5w .

LA R ER R A, B3P8I C =(C,,C,,C,, -+, C, ) AT IR I, R I 25 ) &,
BENAREFIW = (Wo Wy, Wy, W, ) FEBU e SR K W B2 510186 4 SN B 37 R A 2, 43730 DL e
(Lexicon Matching)¥ii th — A~ — 4k [m &HFE V. il & 2w 2 s,

SR E fE, ALBERT FIZRZ5ith =ANFe a1, 2 nlhF /&) C. iam & 751 W A 4k
BHFE V, B BIASRU HHT 5 SURFIEH 2 .

2.3. BIASRU X E
R SCHEAL 5 14T B A B4 5 SRU (Simple Recurrent Unit, SRU) [17]f035%8 F, 421 T —Fhki it —
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Figure 2. Character-word vector fusion
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Figure 3. Structure of SRU
[ 3. SRU ##AIZEH
SRU TR R M= (1)~(4) s
fo=o(W,x +v; ©c ,+b;) )
L =o(W,x +V, Oc_,+b,) 3)
¢, =f o, +(1-f)o(Wx) 4)
¢ = f,oc, +(1-f)o(Wx) ®)

Horb o F£on Sigmoid IR © REMFEICERE: W, W o W, o v, o v, AT CITRERRE: b, |
b, NP SIAEA . A (4) AR, SRU ASFHRE E— NI 20t b, PTSEBUFAT AL B

ASCEFXT SRU fif st «

(1) ¥ %22 HiER J1(Multi-Head Inter-Attention) P4 #% 2 SRU .

L HER IR E AN T 5 Q 5 — MHR A K RIS H R R, RSO B — 1 HER Y #

DOI: 10.12677/mo0s.2024.134370 4079 5 1 A


https://doi.org/10.12677/mos.2024.134370

NIFATIZANEB IV, FRAZ KL HERTT, A k7 #MAHOTEMA AR . XA 5%
A DA SR 1 22 RS AR AL, SRR A RABRE 1. ORI NI 4 PR

(QEAREFES
St A e
[ mEpsE |
*

y §
| l '
CEDCEDCED)

1
1
1
1
1
1
1
1
1
1
1
, .
; | ZHER S
1
1
1
1
1
1
1
1
1
1

Figure 4. Multi-head Inter-Att
B4 ZAXEIES

FEBUNAE HIER 4k, o Q /A3& ALBERT #ith i & FF41 C, K 403K ALBERT %t iid]
FEF5 We Q K ERN q, K KA Ko V RRTER IR ERFE . #EADHLE] T 7 57 115 0,
IR A R S B B e N 1078, H{RAEHEAT Softmax 3 —1LiR, XS B S I AE LT 0.
LHFEF IR Q R Al g — MM BA K —ANRIR, BRIV ER T Q ZH| K P A %A B R
PR . AR HER TR 0(6)~(8) s :

[QJQV]z[XCMQ,XWMA,XWMA1 (6)
InterAtt ( A,V ) = softmax ( mask ( A))V 7)
A =(Qi+u)T KJ.+(Qi+v)T Ri’; (8)

A BAZ R TR, EH R TSGR SE R U, S8 2 AN ) SR b
AR T2 (A FRFIE R R . 22 KA HIE R RIS R a0 5X(9)~(10) s«

Head®) = InterAtt(XC‘(S), XW'(S)) 9)

MuItiHead(XC,XW)=[Head(1),---,Head(')} (10)

Horp | REVERJSRHEE, Head (s) 258 s ANEIER ) SRAE TR AN [0 & 72 () L A4 H 45 1 .
X, XA S B R AT IE % 1 T2 1 o B S R R B 1 B T

FERZ IS BT R IIN R E SRU g5, 42 m B AL i S fd e ) 5z AR 11, BEERRN IASRU
(Inter-Attention SRU). HHFHIEHMTHHISFE, Al BB R BRI FHTAEERE ), =S FRWE 5 FR.

(2) FEEXFEI IR E K SR AL B e

RSB SORKAR L, A 7SR TE SR IEE ), ASCAE AISRU Al B4 | BIASRU
(Bidirectional ASRU, BiASRU), it 25 & —/N1E R ) AISRU Fl—AN A ) AISRU, BIASRU fE RN I
TER, WEMT AR REGHERIRE 1. it &5 R HJE B IE [ AISRU AL ) AISRU 21T A%
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5. IASRU 544

6 JE7r 1 BIASRU &5Hy, HApIEmR#AT IR, JFER PR IE MGV M . 2851 R
M RBAT IS, JRER PRGN . B, R 1k RS 2 ) e 6 9 DA i i e
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Figure 6. Structure of BIASRU model
[ 6. BIASRU ##&I4E#)

BIASRU 115 i F2 a0 (11) fr i :
H, =[R.h | =BIASRU(C,W V) (12)

Hr, C. WA ALBERT Z%iH & T V i sl & 2 0% AR, b At %] ASRU IE
Wi, hoOAtEFZI ASRU it AR H oSS A TR RMZR 7.

24. FERBRNNFINESER

BIASRU Z13 2777 Fr 41 H A AR AL BCZ RN 22 il 7 A o) B 2R A G 7 4+
flan, X “HEAEART X RE, DR IR A SRR G E B MEE R
B R RO RS AR O ERR . XA OLN, RIS AL E R T A RE AN R, B
WRE EATE AT RERR NSRRI A e PRIAS SN T HOE R 0L, R AR A Rt A PG STAS (1 52 2%
FRFERS, BERSRE R LR OB AT, ISR e B AR (K S AR RS L
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Figure 7. Structure of the Soft Attention
7. BOEBDNFINE N E RS

K BIASRU++HIH K FAF MR 751 H, ZR G 8K, I H = Concat(H,, H,,--, H, ) {F LR 2 %0
N TSR I AR S R R R ) HORAUS AR RO RE S 2 V', i R ana(12)~(14)

Fi7R:
M =tanh(W,V +b,) (12)
a = softmax(W™M ) (13)
V'=Ha' (14)
o, tanh ARSI G WT FIW, RORTT I SR b, AMREE. o FBFERRA) RN
SOPE N AR S S
2.5. CRF fRHS 2

Bve b AT DLE AR PO OB 2 BCJE (% B KRR 2845 0 AT P SR, (HAE B0 CRF
JERAT AL, ARG AR ARTE BB ERAN R . CRF fRAY 2 AT DAAE R — e i) M (19 15 5 0000, 51 s
SE R STAAREHAR LN B IF3k, i DA 222 2T SR (R PR A 5% Z R i ARAR 28 7 1)

X LR VOB IR IIY = {y,, Y, Y, ) BTS2 S AT HIMERIG 2 HERE POAEE RS AR 0
A FINTHEAS H -

n+l

S (V ” y) = ipi:)/i + ZAY| Wil (15)

i i=1
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K, n BICAFIIN TR, CGEBMAAREEL  y, N | DITRRETIIREER, A R R A
FETHER IR LR S8 WAREFA y £E V TSR P .

oSy
P(yIV')=

ZVGYXS(V',Y/)
Hrp, §RBFEIARERI . Y, KR AFRERIARER S, BN TR P(yIV ) & SRR AL

(16)

|og(P(y|V')) =S(V',y)- Iog{ Zesw“”] (17)
yeYy
FEE S B B s MR AR 2 e AU AR B A5 5, Rk an=R@A7) s :
y =argmaxS(V',¥) (18)

yeYx

CRF At 205 B0 s JJAUEE T 2 A i HE BEAT QAT ARRE S R T, R4S — DI ETRIFP51 y*, FE Rk
Hh SR A SRR 55
3. EMERS S
3.1 BIEKESITFNIRE

ASHIF TS B L 23 DR v S 2 4 A3k ) o OB PR B R AE I SRR A B [ 18] i B SR
TRERHSOREPRIF IS SCARREA, W T 259 Wdr. REESEARSRAY . o OB PR it 2 6
15 FhEESA SRS . RS SRR R E RUARICHEAT TERE, MR HETR RIS, 15 RSk
RGN ZE 1 pos .

Table 1. Entity types and text segmentation
1 B STARS

eSS LANE S WAL
USLLiEPS
Y9 44 Fr(Disease) 25,197 8399 8399
9% Il (Reason) 2849 950 950
Ilfs R 22 1 (Symptom) 3166 1056 1055
K7 795 (Test) 28,817 9607 9607
KA 18 (Test_value) 6400 2135 2135
HITARR
2 4 FR(Drug) 9944 3316 3316
A (Frequency) 606 202 203
% (Amount) 871 290 290
FH 24577 1% (Method) 604 201 202
677 (Treatment) 894 299 230
FAR(Operation) 493 164 164
HiI{F FH (Side Effect) 1050 352 351
Sk
FE 4L ] (Duration) 6541 2182 2181
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A
#FAz(Anatomy) 16,864 5623 5623
T2 (Leval) 1331 447 449
<t e 105,348 35,116 35,119

AR ST SR Bt R AT e T BEAE SR Bt S AT S R ZREDR , IRl SR h 2 R TR
BREAIR TS, REH BRI A G — i a BIO bRtk a[19]. BIO @& T MirE 7, k&
MABEATARE, T RRIZA R SR TR a4 Lk b XACRISA], B-X TRk X i97H4h,
I-X FoRsLAh X BN, O FordRsiifk.

N T VA SRR A R, S T BN P HE A

(1) k&#4Z (Precision): AFfiF KB R TN B IEG] b A 2R IERIER] . &R 7 502 R
L LN 14 L A5 S e AR R 0300 £ 1451 i K

(2) AlEF (Recall): A [8] A AT E AR FAEIEGIRABE ST BRSO R AR 1A 7000 ) 1E
150k A IE R IE G e 4

(3) FL1A: FLERAEHFRANG MR EME, S5a TR AR e 80k, it E 07302
WRIEFE AR AN [ R HAR .

3.2. XWIFSSHIEE

AT 7E B SIS 3E T PyTorch 1.10.0 R 5 ST HESL R 8, 43523835k A Python 3.8.4 4w f i & i
TR R S5l 25 SR AT ARG A B 7K GTX 3090 RS #% b, £F5k &K HA 24 GB (217
k%% 25 #4F R 4804 Ubuntu 20.04, BC#% 56 GB AL A A£AT 8 101 Intel Xeon Processor CPU. 7£525 it
Firh, ROUBER S HO TR R 00RS BT 8 5o . SRR R S 8y B AR M RER B, &
ZRASERBIRESEH, @2 KASENEESEE 2 fis.

Table 2. Training parameter settings

*2 RESHRE

SRR ZHUH
HEALBE KN 16
WG 2 2K/ 3e-5
MEREE X 200 %
TiHEHL 10
] [ 2 4 128
Ak a4 RAdam [20]

BIASRU &k /= K/NBLE N 256, 1R SRIIERY 8, e K/NN 32, HAERINHILERE KN
512, AP LB LA, AR P2 R BEHL RIS R B E N 0.5,

3.3. SEREROH

ARSCHCBETE T =4S I UE A SO AL Hh ST PR 2 i 44 LA A R RCR -
SR W HUERTU IR 5 A SRR 1 SEER AR
SR e LGOI AN RIS AR AE v SO PRI Bdi £ F IR SR OR »
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SERG = SRR B AT AL R R B R R A R B R

33.1. XI—: BEERIILL S

R ARSI R (R R, ARSI AR SO 5 247 3/ 77 BERT-BILSTM. BERT-BIASRU #EAT
Eei. segesk Bans 3 fizn, [HM% BERT-BILSTM. BERT-BiSRU 5 A U AIZE AN EE VO 1)
I () FEAE O, BARRILNE 7 R

Table 3. Baseline model comparison
2 3. BRIt

i) F1 (%) P (%) R (%)
BERT-BILSTM 90.87 90.69 90.72
BERT-BIASRU 91.75 91.54 91.89

ALBERT-BIASRU 92.83 92.56 92.65

¥£: ALBERT-BIASRU N SCHERY,

TEARSZEG R, BERT RIS H4EfE vk e 768, SILFERS, AHFFATHE H AR A T ALBERT 1)
SRS, R 4R E Y 128, RER 3 MR, WTUUEH, MILT(EH BERT A, X
F ALBERT TRIIZRIBEALAE FL 040 A T 0.98% M. IX—45 3 KH, R ALBERT MIs4%i&/>
F BERT, {HIHLTEVERE FAIREHE SCIEAR 45

=o—ALBERT-BIASRU
BERT-BIASRU
=o=BERT-BiLSTM

RIS

[o2]
o

75

70

65

60

55

50

BIR

T LLENASR,

Figure 8. Comparison of model training time
& 8. HEAIZRAT A X EL

BERT-BIASRU £ fidiA % 91.75%01 F1 18, % BERT-BILSTM [ F1 4332 7 1.96%, AT
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BIASRU B3 FIRFEFE AL AE 1AL T BILSTM, X2 X9 BIASRU 7E SRU &l E ik T 2 kX HiFEE
D1, TR HNES 0] [ B R ACE S o R[] A PR AR R (AR AR [ A R PR B B AR IR . X e 4 S T
J&7R T BIASRU (15 K Th RE AN E Ab B 53 2% 17 41 B3040 BT 1R 280k

Kl 8 WoRIEARIIZREE I, BIASRU (I [V #E M K T BILSTM. 164k, RA T ALBERT Fiiil
SRR IS [B] F50FE B o X A2 KR ARN T LSTM, SRU /b T & 2% 10T T3 L], 7] LLSEEL GPU H4T4H5,
MR E T T ISR I8 T IR A . ANSCAEA 1) ALBERT Tl 452 18 i 2 405y i AN = S 403k
AL, 255 BIASRU HFFATIFERE /1, 84S A SCRERLAE IS [V AE Ik B 1 k.

ARSCAEAY () 15 FhsL R4 Rl 9 iR,
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Figure 9. F1 values for 15 categories of entity
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Table 4. Comparison of different model results
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