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Abstract  The electronic medical record is one of the important carrier for patient’ s condition and
treatment during the clinical treatment process. The relationship between various types of entities
contains a large number of medical knowledge related to the information of the patient. There-
fore, the deep mining of electronic medical records is one of the effective means to obtain medical
knowledge and analyze the patient’s condition. The high-density distribution of entities and the
cross-connection of relationships between entities pose great challenges for the relation extraction
in electronic medical records. For that, the methods of relation extraction applied in the general

“recurrent -+

fields are greatly limited. In view of the characteristics of that, this paper proposes a
transformer” architecture with multi-channel self-attention mechanism to enrich the semantic
features of the sentence level, thus improving the learning ability of the characteristics for elec-
tronic medical records and reducing model complexity. In addition, this paper also proposes two

auxiliary training methods based on weight, which are weighted-based cross entropy loss function
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and weighted-based position embedding. The former is applied to avoid the problem of training
bias caused by categories imbalance, thus improving the universality of the model in the real
distribution and accelerating the convergence rate. The later enhances the importance of position
information with each character, which helps improve the training effect of transformer network.
We selected six models with the best performance in the two methods as the baselines, and
verified them in the 2010 i2b2/VA and SemEval 2013 DDI medical corpus. Compared with the
traditional self-attention mechanism, the highest performance improvement of 10. 67 % is achieved
in the overall F1 score of the model with the multi-channel self-attention mechanism. In the fine-

grained single-item comparison experiment, the weighted-based loss function increases the F1 value in

the small category sample by nearly 23.55%.
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Jiti (cross entropy loss) :
1O ==L 3 10gGo +alol: an
i1

Hop e R AR Y FTHEA BT E 2800 19 onehot 4 fid,
c JEHAEEL v, TR softmax 20 [ 2 1) 2 WGty
RPN REAAE. A R fE — I ER L2 10 ) 3.
AE SRR R A B R TS IR R A Y
HIT 8 AR 2R DA TG HE 3 485 B ARG — 26 S 8O 7 AR
TP G T A 5K eR B B B R AL W =
(ot g eyt ) Of A 8 & 28 S0 G A 4 2% 1Y DT ik
LA » AT ~F- 87 /1N 28 53 AR AR FE N Zoiod 72 o ) e
LA R A B T S AR 2% 2 3 A AR D e A 1Y
MROL A0 @ X R AIREAS B N /N T 4 A2 G A A
KB, 025 18 O O T R T 1 AT , 2 i 7E I 4R
b AR PN S SR AR R A S A B ROCOR S =2 )
T/ANT 1 RAUE 2R B w' B9 BT
K A2 PR,
N, < avg(N");

12)
NI‘ 2 an(N““)

e AR BECH Na=> )N, H N, i e
i=1



922 it =)

Hl

Y,
&

i 2020 4F

ROACKIN GRS P2 ¢ AR BB I L TP HEF 15
A A D N AU D PR AR Ce— D B
XEIE B X D SRS B avg (N 8 H AR
A2) T5 Al 45 3 48 S 53] 1 A B AL s )i o B
B D R ¢ 0 e W IR AR 0C6) , 15 1]
213D B AR5 B $ H A9 5 A 5 2] IR 481 2K R K

T ) =— 3T swrlog 5o+ alo]: +
i=1

lac « al —I| (13)

(2) B FREE I 7 B i A2

TR ATT B0 H AR TR & AL B E B SR R AL T
B M A i A J5 5 (positionembedding) (1 {1 3 Al
HOR C 7E transformer 48 44 19 AH 3¢ BF 58 o 9 IE
SR L AR SO R 1 22 4 A2 AR B8 I T A
PABAS T H 1) JE T ACE ) 7 B ik A Z T A G, I
R A R AR B B i A 2 0 — 2 ik S AR
T A 0 E M O ) 85 2 R R A 0 5

Ji 46 FL 995 D0 SCAS AT AR R AS [] ) 4 S )
S=(wyswy s w, ) A FAF w, AR A AR
(embedding table) W' & R IV Yol wh 5 g — 2 0
— B HOCBE 1] A e I VRl 43 HIAR 3R R
FRRE LA K FH P 46 o 1 ] ) e 4 B L R4 e fil ] pl 5K
ADOIHEAFE], Horp v &2 KA VY onehot [4]
O T ERA B EEEN AT BARR
Z AR Eg p € [— L, L] H i [ARA] 5~
FFRTAR XL en AR SR 7 ALK L AE g — U
SRR P BT F8 5 0 A T BE S B B X e T
A FAFHEA TR O BB B S AT A5 B P A A )
S.. = (P s pi sy P )y S, = (P Pty e
pie s a3 R & AT B m) v AN H AR SE AR 1 AH XF
BFBS 48 A0 ] . 2R 8L T word embedding, & —
ASFEXTBE RS i B poe AT 2 2 C15) B e S oy ok —
B B fE 1) . Hoh Pt e RV R ARAL B

n AQER P48 8 WAL B 1) i 2 R e R R
/INA 2L B onehot 1] 5.
evi = Wbl yonchor (14)
e = Puble o ponho (15)

ARATAEAL G B i A TT 5 1 Al b 3R 2R T
B B A0 B ik A B O #5545 B R e T A
WL ALE [ L/ p [ PR, 3 C15) A B O 2 (16).
P RSEIPN DR VAR EPSY k) R (B RS
VAR5 R R WL 1 SCA DR 3 T A £ L Y 5
A — B RREE B BR TR R R 0 A A R 1 T

Sl . R T T 52 PRI E 76 £ T B
o pible o ponchor
o T L
RTINS [TONCE S Ria s PN =Y
o AT B 1 g 2 1 L B3 (1) B .

Wﬂbx — <ew1 .

(16)

e e el e el ) (A)
=3 nA
4 LWHERSHH

ARG Ay BIR = A4b EETTER (2l E B EE )
BLA i A 2T (R 400 2K R B D B 5 T A 1 A7
A PEATIGUE 5 L X} 4 M. S 56 25 3R BH L AR SCfr 42
LB A ASE AR PR DT 2 T 5 A b 1 T TR AR e
TEA R,
4.1 HE|EEEZREE

A3 5 2010 i2b2/ VA % & i8R E™ S Sem-
Eval 2013 Task-9 DDIF*2 3k 88 4 YE 47 S T I650F . /i
HORN N H T 7 R O RPN EOR S 2 — . &
LR 7 H X R LN E L LRSI ER. &
# DDI %38 £ f3 & Medline DA & DrugBank %% #&
. 3% 2 /R T DDI A e 4 5 SR OC R S AH
ELIHER.

£1 DRB2IEREREER

KR TE L YlghdE a4
TrIP VAT 0 BT 1) 165 41
TrWP TR IT AL BT 0] R 109 26
TrCP RIT BT ) A 436 108
TrAP B X BT (0] AT IR T 2131 532
TrNAP PR = 97 ] AT AN AT IR T 140 34
TeRP K 1 W77 2 T 1) 2457 614
TeCP HEAT R B0 DA IE B2 T ] 409 101
PIP [ 97 ] i 2% B I 9 [ R 1776 443

None KR 52211 13045

B / 59834 14944

X2 DDIHEEHXER

KR 7E X s k4
Mechanism 25 AR Bl J1 2 B 1264 302
Effect 230 AE BLAE 1620 360
Advice [F] B ) TP A 245 1) R O = I 820 221
Int TATAE B3¢ | 140 96
None TR FR 12651 3046
¥l / 16495 4025

2010 12B2/ VA Z 5 e 8 I F = BT B= B 1 1} B
/g (dischargesummaries) , Ho op e fg & ) Rb 52 {4
KR ARSI M EYT B (TrCP) RT FRE
By A (CTrAP) R 7 B AL BE 7 8 (TrWP) (3R
JY /3R A B 9T ) R CTrIP) | |y F BE 7 ) 3Lt
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%1 iR)T (CTeNAP) A6 50 3 W B2 T7 o) 8 (TeRP)
Ak B2 Y7 ] AT K 5 (TeCP) PL Je B2 97 [n] @l &
BB 7 o) (PTP) .y 3] 1T 28 1 3 7 A AL 5% 170
IR DL K 256 43 I 45 , A JtE T4k 3L B B0 G
HEAT Rl )5 # BRO80 = 20 9 Lh M8 2R AT Il 25 4 55 DK
B 0 FRB R 3 O T TR I 2 2 SRR R R ) T
SR AN T) S R X A 3 32 ) VR S B R AR R AT 58 O
Ay rp E bR S AR e O AR B S A 28 AN 5] dn < Hee
was given Lasix to prevent him from congestive heart
failure. "5 1K 2 e J5 745 N . “He was given TREAT-
MENT _A to prevent him from PROBLEM_B” (X} th
Jit 5 1K T R TR LA 7 L T Il M O T R )
SemEval 2013 Task-9 DDI. i% i& ¥l /& £l &
Medline A ¥ B 27 SCHR 19 45 235 73 LA & DrugBank
Hh B TR 1Y A SORY bR DU A SEAOC AR L
W CAdvice) , 5 [A] isf TP A 24 1) 81805 52 0 (Effect)
16 25 5 B AR ELAE s ML (mechanism) , 35 25 474 i
By I3 2L s LA T AR A5 B B9 254 52 H. (Ino). J5
B E A 714 MU ZREE DL K 191 fy il ik 4
AT 1282 27 i, Bak R B R 4L 5 2 40

K FR 0] 14 PR SE AR XS EATREA YT 58, A iy H AR
SRS 2 BECHT S T K B 4y DRUG_A
DRUG_B, Hx Ak HAr 928 ¥ 8 i -y DRUG_N. X
R 1 T b B T L 7E AR DG B 5T rh A5 B I S0
W Ah  FAAT T [17, 31-32 1 WY 7 FE A 19 0 2 A )
T D 0 A SR B LE B 23 A PR AR SO AR (]
18 SRR A 2o 308 T v L T A T 44 R Y B R S A
XoF 3 LN B3 R LA A 5 20 R S A6 ] Jg T 00 44 O AR
DU IM B Z A AS 5 8 P Bp SEARAE A Ak T I A1 G &R
DU B e SR AR AL 3% 2 Ji s 19 e 45 R Bl 7R AR
1 UE IS B B AR

SR IR G AT 5 Hr 2 Bk [ Il
FH 4% 8 2R (grid search) Sh 9 41 04 45 1 o e A A
RS B0 S8R E S 3 3. L5 P e
PubMed JFIE 4 567 bl I GloVe!™ i Il £ 1)
Il it A A A2 I A S SR 25,

FELRIRL e 3 PR AL 6 KRR Oy L
K U AR SCRT B M SR A AR P s B
WF 9 f Ak RE B R CRININL 25 i A6 700 3 40 5 8
mr

x3 XESH
B Wi ALEE MBI AYERE EiE% Batchsize Embedding JZ dropout  Attention J2 dropout LSTM units 3t H 22K ({85
12B2 100 15 2 256 0.5 0.9 300 0. 001 Adam
DDI 100 10 3 128 0.3 0.9 400 0.001 Adam

(1) Bl > B 3k A THRE TR SVM
BAU AR S 2 0 Oy 2 i AR 2 L HL N AR AE AL 45 )
Hh 25 3 5 ST AR 1] £ R X BE L3 A (POS) L S 1A
FRiE (chunk tags)™, 122455 B0 5L 4R 52 B 3% - sci-
kit-learn £ H1 ) SVM 432545,

(2) TR B 2 2 AL 43 51 % FH CNN-max"""), Bi-
LSTMM L) K “recurrent+CNN” ZE# 1) CRNNHH
HEAT S50 Lok HOASE 3 2 B0 1 4 Y Sk b B 2 31 1Y
S DUARL R AT 130 . = b ik 2% A R S Jim L il 4o 22 O 4%
F18 7 B 08 T T LG R A S 4 1 B recurrent +
transformer” 4% #) f) 40 8 P, H sp, CRNN-Max #£
AT W5 v 2 B S S A PR R

(3) 7 & 1 L #l: CRNN-Att'" 5 LSTM-
AR TR WL ZAT 5 R R B
Bpf AL 48 B TE B LI AE S e J2 A AE Al BCAS S IR
JZ2 RNN 5 CNN f g2 it Sk — 20 FR AR sl S
G, BT T L X A SCHr 4 Y i 2 38 0E A T

R AL R AE i R RE

TEGIAEE LI T Winl0 #:4E R4 54 16
¥ Intel(R) Xeon(R) E5-2623 V3 AbFE#4 5 128GB
BATEFNAE A% I IR T 4 $ NVIDIA TITAN
X(Pascal) GPU B, 5 R A B A7 11. 6 GB.
5 45 B 3 F Python3. 6, 5% F GLUON R 2 )
HE S i AR AR
4.2 HEEIEEMEREITLL

B SR AR TR 55 A ST 2 R ST A 7 O A
FEARPERE L XS £5 Rk 4 Frn, Hop nMCatt IR
A A AR T AL PR IR A T 6T Y e
B R n 2% 3K 5. WPos KR 5] AKE T AU 107
B JZ s Wat 580 A S 2k s 8. 3k 4
() BLSTM-WPos-nMCatt-Wgt 4 3 if {if ] (1) 5¢
FRR, AR & nMCatt, Wgt 3 WPos i 5 1) #L
RO AR S AR5 4I0RE BE S 56 Eb X, 49 3 56 30F = 35
F2 B TR S A S
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2010 i2b2/VA SemEval 2013 DDI

*H L Precision/ % Recall/ %  F1 score/ % ?;:;:?ﬁ Precision/ % Recall/ %  F1 score/ % Fl;;l:?ﬁ
Hlgs2:>  SVM 69. 81 56. 09 60. 28 1.59 65. 39 40. 13 49. 74 0.71
CNN-Max 42.17 74.63 52. 61 1.21 68. 15 46. 58 54.05 0. 44
HRbiz  BLSTM-Max 57. 54 55. 40 55. 60 1.37 73.98 59. 96 65. 41 0.50
FIZ6HH BLSTM-Att 65. 23 56. 77 60. 04 1.44 53.43 64. 86 58. 27 0.51
BLSTM-Wgt 65. 61 57. 22 61.19 1.24 71. 23 60. 59 65. 69 0.49
CRNN-Max 71.91 62.09 65. 21 1.98 72.91 60. 88 65. 89 0. 74
recurrent-— CRNN-Att 70.76 57.08 62. 38 2.15 69. 03 59. 04 63. 24 0.79
CNN CRNN-Max-WPos 69. 86 61.59 65. 46 1.97 72.08 61.35 66. 28 0.75
CRNN-Max-Wgt 70. 34 63.74 66. 87 1. 86 73.52 63.51 68. 14 0. 69
recurrent . BLSTM-nMCatt 66. 61 63. 67 65.09 1. 49 72. 21 66. 30 68. 94 0. 54
transformer BLSTM-WPos-nMCatt 68. 34 63.57 65. 87 1.51 72.33 67. 69 69.93 0.55
(KRR BLSTM-nMCatt-Wet 69. 63 67.11 68.51 1.53 75. 69 68. 34 71. 82 0.57
BHZERD BLSTM-WPos-nMCatt-Wgt 71.12 67.47 69.72 1.57 76. 11 69.03 72. 32 0.57

®S5 BEHMEIERMZIE

2010 i2b2/VA

SemEval 2013 DDI

L B Precision/ % Recall/ % F1 score/ % Precision/ % Recall/ % F1 score/ %
BLSTM -WPos-1MCatt-Wgt 1 68. 74 66.03 67. 36 73.12 68. 67 70. 82
BLSTM -WPos-2MCatt-Wgt 2 71.12 67.47 69.72 74.33 69.11 71.62
BLSTM -WPos-3MCatt-Wgt 3 71.01 67.93 69. 43 76. 11 69. 03 72.32
BLSTM -WPos-4MCatt-Wgt 4 69. 58 68. 06 68. 81 75.58 68. 83 72.04
BLSTM -WPos-5MCatt-Wgt 5 68.12 69.01 68. 56 73.18 67. 66 70. 31

TE W 45 B4 4 B M J7 1 . 3 F “recurrent +
transformer” 48 #J ) BLSTM-WPos-nMCatt-Wgt
TR 7E P 00K 4% 4 o 9 F1 A (micro) 388 B8 “re-
current-+CNN"ZE ¥y i) 5 15 L LR AL R CRNN-Max,
Hofpem 9 8 6. 43 %0 1 M fE 42 7 (DDI %4 4. ik
Ah 78 PR AIE 43 B B9 3 Ak |, “recurrent + trans-
former” B4 2 B A5 0 B B A RICR R T, 36 4 I &5
Af 8] ( Training Time) — 4 48 i1 T 4% 46 B ik 31 5 {F
SR RBCR T U R4S, 7T LUF L 78 P ERaE 4R
H AR SO ) BLSTM-nMCatt (1. 49h,0. 54 h)
RAI# T CRNN (2. 15h,0. 79 h) f 8 528 30. 7%
15 31 6 Y0 IR T 1 58 B KA BLSTM-WPos-
nMCatt-Wgt (1.57 h, 0.57 h) 4 L Bl i 26% 5
27. 80 4R T, X LI A5 AR W A BT R I 6
Z2 Al B AT, 32 3 10 “ recurrent + CNN” 224, “recur-
rent+transformer” A 7EfR UE T I ¢ & il B BE 1Y
Bnil b i DR TR I R O R AR B
(LNIF=R S

TEASE R AT RCPE T T S N 22 38 1 3 TR AL
il B BLSTM-nMCatt B & i (12B2) # £ # i
(DDD f5e f: 3 £k 45 % CRNN-Max, 3 H A F [l #E 2
“recurrent + transformer” %5 #J f) BLSTM-Att #%
B RAESE M BT “recurrent +CNN” Sy L3R

MY B A 3k 46 B B CRNN-Max, “recurrent + trans-
former” [ 25 45 44 HA 25 A0, o5 — 7 i, AR SO
EIRANIVES TR EN=RE =Wk F e S TR € MR IVES
B3R/ 5 I & R 9= W 51 D e Y B S ' RO
YIZR4R T I, 38 4 P ) CRNN-Max-WPos, CRNN-
Max-Wgt, BLSTM-WPos-nMCatt L M BLSTM-
nMCatt-Wgt 73 JI 55 UE 1AL > 5 25 eR BRI R T4
LB AT AN R 48 2240 vh B A 8 ovE DL R
TEPE. R B, 32 92 50 45 S w] 4] b & B, e Jin F CRNIN-
Max o i) P il B B2 T 5 1k i e ok i v RE 42 T (1
HEE T 1. 66%) L5 T BLSTM-WPos-nMCatt
L & BLSTM-nMCatt-Wgt ( F1 {8 &% & 2 7
3. 3000 AR ALAE 2] B4R pR B HEPERE B T 22
SR L e S8 B R BLSTM-WPos-nMCatt-
Wt M4 F 5 i 4 % BLSTM, 78 W 34 45 iy F1
fE R I8 14, 1200 i HERE A Ak, MR F I AR 2R 4R
PR, MR REAR THIT 4. 51 %0 A1 6. 43%. %X HL 92 86
SERF T A SO A 0 T R B I R R T Oy s 2
A — € W P BE 8 i B $2 TS B X SO Y RAE
RE 15 DT — 25 52 Wi 1 9 5C R Al U 55 RO RICR S e
Hb SRR L TR RE AR A0 A BN 255 1 SE
& HFETF “recurrent+ transformer” ZE44 fié) 45 5l
iR X e g B £ B, “recurrent + transformer”
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SRR TE L 7 DD B0HE 4R P R B R B PERE SR T LA
LA v BN R X T KR AR T LA trans-
former ZA4) Jy B il (1 22 18 38 B TE & ) AL RE 48 5
R BIR B 3t 478 412 v, 5 D 52 2% 1) SIEAAR 0 A R A e 52
i ORI A SR DG 2R 5 10 X T B T Al ke 1 1 2 Ak
AP Tt transformer [ 75 SCHRL26 ] 4047 T
Recurrent,CNN J% transformer # % B )2 ] 2% 25 #4)
S A BE  Ho 2518 transformer ZEA4 B B4 i 90 4y
S HT BT R IR ACR 1 R 4 T X b AR S R
RBLAY, CNN 5 B AE ) i) 18] &2 2% B[R] B 32 45 A%
I A R A R RIS AR i R RRALE T DR /N Y R i)
BUJZ N T 2 AR Y 2 2K T 22 08 E A R L
il F T A % T8 )2 TR IR B O AT A8 B R I G
(] 52 25 P2 AN 32 SCAS T A A J3E 532 e i 52 4R PR O &R L [
IF A8 SCGE T 28 X OB RN SRS 3R 4 HWLER T
A SCHEBUAE I SRR T T A 0P e o ol A T 0
B 45 2 T} 7 3 19 “recurrent + transformer” £
R, —J7 W 3 2258 18 H R 7 AL L 9 T 3
ANFAE AT RAF 2] o — O W0 45 4 Al B 2
AR 451 2% o ER LA AIR 2 2805 1) 1) 38 R 3 LS AT 3 —
A S O3 ORI R T
4.3 BITMRELLR

L “recurrent + transformer” 5 X hli Z2 ¥4 19
BLSTM-MCatt Jz HAS i s B 7 8 (A Ve BE 142 T 12
F Nk — D RIE B S A i i Hh Y = Ak 32 DTk
U PERE R B A5 K 0 AT ARLEE X 5 204

(1) ZiliE A T8 Pl

T YRR 225 E R LR A R T
B o e ARG JE R 6 5 F1) MY 1SS Y I i AR AR
PERE 2 I 76 9 THUECHE B b, U IR 2 R 2 S 9B A
BB F1AE S5 1S 5 98 ) 3 3 A iy 28 10 B0 U
B 3 T8 50 39 A B T R B X ) R g B TR T A
P, BB 9E HE— 2P F= 5 18 2 1 MR AL A AR 2
B A WG SR, B T R ) 3 T 5K
ot 23 2x g AR AT TUARAF B T T 4B AL 1 1E
CRLENS TR ey L iDUNESIPURE Ve S SN
23 g PR RY 1k e 28 T 55 A i I 42

% 4 H BLSTM-nMCatt 5 BLSTM-Att # X}
Pegh Rl UFE i, 2208 18 T 0 HL0 e s A e P
Bl e b i F1E 43 548 T 5. 05% F0 10. 670 4iF
SEZZIEIE A TE R AL T e P 0 SOA SR AE RE
N TAE G B E I HLHL (845 T = A 2 . CRNN-
Att (IPERER L T BLSTM-Att, [ iy A SCHT 2
i) BLSTM-nMCatt 76 W I 8 45 L H1 B # T

CRNN-Att. X —45 R R 76 SCARLRAERE ) Jy i, A
BV EZ BN R =ik IN DO KT &7 sl o i
Ja {5 B 2% 2 B8 1 F ONN, [a) B i — 25 36 T
“recurrent+transformer” ZE¥ (11 B

R b 3R W B Ak, XF b2 4 BLSTM-Wat,
BLSTM-nMCatt Ll ¢ BLSTM-nMCatt-Wgt [ F1
(B AT LA B A P A A4 2 eR ER iy BLSTM-Wgt
R 52 3 3 9 2% T BLSTM-nMCatt, Tiif 7 it il £
SIBENERE=NARIN: il B 3 i s AN ' & PN )
BLSTM-nMCatt-Wgt, 41 ik 3| =35 v ) e L &R
HARE T CRNN-Max 52 3 $5 K 08 B2 09 1 6 42 7.
XL, 2 iE B R ALED ) 00
S EL A B Y 2 ) R A R T {45 A AR X L T
I 1 SCAS A B A 1) R AE 1 BB S T AE M LAl B S AT
AL ] (A5 K oR B8O RT 0 — 20 4 THEE RLTE I 2R [ B iy
AR TP S B B S B 5.

(2) e TACE WAL E ik A

B i AT #4515 (5 B J& transformer [
28 HT SCA R AE 26 78 O 5 A S 48 1 ) 26 1A
AL E R A AT B 5RO W] R RS AT AE transformer
W2 i AR AR R IR BE D) A B TR AR R X oA &2
A SCAFEVE B B D AT RAE 5 2.

4 F i ER i) CRNN-Max-WPos A M BLSTM-
WPos-nMCatt A A AL B ik Az R, 78 P 15
Blnse By 5o uk g R R UL SR BEAH AL T CRNN-
Max DI KA % 5t B i3 2 P i BLSTM-nMCatt
T I B R AR T IO L 45 R R B — T T AL
I ALE A D BT A SR e B — o 1Y 3 1k
1117 55— 77 T U Y B 6T S 1 %5 B2 43 A » HLAR [) S5 44
A4S G AR OG0 1R L 05 15 SOAS , 5 A AL
L ALE AL BRI HE — P KA B AE B
P, B REAR TE I 802015 8 B AR 4 i SQ SRR AIE 1Y
S DLy R m) B g 18] B S Y 22 5 B DT 4
TFHEL TS SCAR B FAERE 7. LAk 3 F AU B9 0L ik
A Z BT LA R B s 0 42 T R R 7 T 4 0
A R A K (12B2 K A) K Sl 204, 1 DDI Sy 144)
{4507 B A7 B /N1 X 43 BEAS T2 DA Y I 25 BT
HR B8 22 1) A RURRAE.

(3) 7 B 2] W4 2% ek EK

ZiMIE H TE A AL RIS g rp Gl X L
BLSTM-Wgt . BLSTM-nMCatt}) KBLSTM-nMCatt-
Wt ZIUREARY GRS 1 ) 20 26 A RE ) B 9ik 1) 22 3
T [ EE ILHIA B T B 2R eR B #5 R T
R PRI s AR SO A 2R R ROV S BB 1 B I 5
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PETE T ik — 25 0 A HCAE AN [6) ) 2% ZR A o i) 3 3
P DL AR B2 73 28 M RE 1A A

AL 2 2T R4 2% R BOTE BRI L X rh et R 48 W
TR HERERR T, X F“recurrent+transformer” 2244 ,
e F BLSTM-nMCatt, BLSTM-nMCatt-Wgt 7E
PIIUECE SR b F1E 5 B3 FHIE 3. 800 2. 900, 0
1 3 WPPHr 48 Fn b Bl R 28 d5 LB B CRNN-Max.,
BN AE “recurrent+CNN” Z844g i | Azl B il 5
75 ) CRNN-Max-Wgt #5 B, 4§ 3% F CRNN-
Max, [Al#E 52 B0 T 48 0 wT 0 19 1 RE$E T (1. 66 260). %
Xf e g R B A 2] 48 R e R A — i
T8 ELAEAN [ 2848 v 2 A Bl B 2R S TR AT
R 2 5 A SCHY transformer 2R A5 B 28 FH 45 5 1) £
A B E AL R T ROR B B

T HE =W 51 AL T R e Y

“recurrent+ transformer” 22 44 X 2% 51| S 15 15 5 P 1)
WG RES) . 2 6 TEANRE R 1 B 4000 B2 MERE R B
ihaR 1 538 2 0 W ECE 5 2R 00 0 A 1 GRS
B, AT LB % B . BLSTM-nMCatt-Wgt % F /2%
BIFEAS (1) 53 2 68 ) AL T BE AR B AY (i 35 42 71, )
n TrWP, TrIP, TrNAP DL K Int, H £ TrNAP
KESEH 23.5500 Wy B KARTE. X T Z B A
(TeRP,TrAP, Advice) , 155 &Y [m] £ 52 81 4 Sy AT WL 1Y)
PERESE T, fE P S BIZE 5] PIP bR IESS SR 55 T
FEL A BLSTM-Ate, HRHTE T %K LR P
E PSR A 28, AR T AL S B RE A, 2 5a
H TS AL A A 2 T0R A5 B T2 R
BERITE 2 28 50 1 L5 58 T Ak, SE g0 ok 72 b kB
PIP 281 F1 38 b5 BE I 2548 £ 3 n S5 7H s B W) A
Bk T RIUAR G B T 8 B A 4.

Rz 6 MAERFIMERESTEE
. . . . . . . BLSTM-WPos- BLSTM-nMCatt- BLSTM-WPos-
%%  BLSTM-Max BLSTM-Att CRNN-Max CRNN-Att BLSTM-nMCatt MCatt Wet A MCatt Wt

TrCP 35.48 40. 01 13.18 17. 66 55.12 55. 97 57.01 58.51
TrAP 63. 40 61.38 67. 39 63. 94 71. 01 72. 87 74. 10 74. 37
TrWP 0. 00 0. 00 16. 67 9.52 15. 33 12. 39 21.13 19.02
TrIP 0.00 13.33 25.71 34. 48 5. 89 9.82 39. 21 40. 39
TrNAP 0. 00 10. 29 36. 36 18. 60 16.79 17.79 58. 33 59.91
TeRP 79. 50 81.12 80. 32 76. 31 81.37 82. 36 81.91 82.59
TeCP 21. 20 38. 36 39. 46 39. 76 52. 88 53.90 57.11 59. 07
PIP 56. 05 61. 00 58. 04 55. 53 51.37 52.01 55.13 57.94
Advice 68. 31 62. 43 70. 12 63.13 74.26 75.76 78.76 81. 14
Mechanism  67. 13 61. 89 66. 87 67. 04 71. 32 74. 21 73.72 74.06
Effect 66. 30 58. 31 65.93 64. 22 67.07 68. 31 69. 21 69. 48
Int 19. 45 12. 56 52.10 51. 32 19. 94 50. 35 53.73 53.23

4 5% eR R DIE 27 B R i R TR S 2 s ) U
FRCR L TOIE R HURE E 1 48 1A L X i 2 2R JEE 1) 2
X EE s ERUESE T AL 57 > B 48 5% R R T T
% 280 (6] #0045 BE D). e A . S o R v R B
&I ACE 1 45 2% o RO P TIE A Y 4 R 1 ] B sk
TNt AU SO 28, 18] 2 TR 1 28 D) AR HE X A
TS ST )52 T B D 5 12 55 B BE b S RO B AR T
2 TR 0 B S 8 DUIB B Ok ek RS B R AT
OS2, PR S B Bl 2R AT 10 RS . A 10 $2id

BT RSB R IR A T A 2 X B R
(Y SRS 2 R — R R B A/ TR 2
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guage processing, which is applied in clinical records recent years
to extract valuable medical or clinical information, and assist
in building the upper application like knowledge graph.
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tions.

Based on previous works, we pay more attention to sen-
tence-level features to try to solve the problems above, and
propose a “recurrent+ transformer” architecture with multi-
channel self-attention mechanism to enrich the semantic
features of the sentence level. Experimental results show that,
our model is more efficient than “recurrent+ CNN”, and the
highest performance improvement is 10. 67 % , compared to
traditional self-attention in F1 score. Our model indicates
that a “recurrent— transformer” idea is also effective but with
a simpler network structure, and it gives us a new direction

to continue to improve networks.





