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Abstract

To address challenges in annotating Traditional Chinese Medicine (TCM) corpora for “State-Target
Differentiation and Treatment” (STDT), including terminological complexity, expressive flexibility,
and domain knowledge dependency, this study proposes a dual-stage deep learning annotation frame-
work integrating deep learning. First, a BERT + BiLSTM + CRF model achieves high-precision named
entity recognition, accurately extracting six core entities, such as diseases, syndromes, states, and tar-
get herbs (with an F1-score of 72.06%). Second, an Attention + BiLSTM model completes the extraction
of entity relationships, accurately capturing diagnosis and treatment logical relationships between
“disease-syndrome-target herb” (with an F1-score of 98.23%). Experiments demonstrate significant
improvements in annotation efficiency and consistency, providing a robust technical foundation for
constructing STDT knowledge graphs and developing intelligent diagnosis and treatment systems.
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1. 5|8

A/NRBE PR “ & SEHEIA (State-Target Differentiation & Treatment, STDT)” FEigfA R, KHES
TR F RS “ RS BYE 5L G R R CORES T TARIRE, I SR ORI I PR AR A ) AN
(IR , BOAHES) R RS HELL . PR R R I DR IR AR 2 — (1] [2]0 IR SR LE BB A% O “ 38
R7OBERAE B, RSHESRR R I BA DRGSR ), SEBURIES G JT RN BRIV IT . B YR
FEHHG” FE IR SEBEATRIE R ) Z R, MR T8 S FEI2IT AR S ST R S SOAREHE -

SRIM, X EE 5 5 A AR S5 M A B S5 A SCARTE R “ A HEHHA TERL” 2R & 35 5 2% 1 = 2 SR (i 0
BRSO . HIRIEEELR . OIER BT 20 RO E TR RS S LA AR O R (U “ RE R EIER
SR CRERE SR L IR BEENEST R . R R CREIMEERT ). EEKA
TAHARES RADOERIE T . AT &, 10 ELAfE DARE R ) — B e M 5 5, S EHIL) 7 3T R MRE
BHOENR R & Reim BT RE e UL syr &5 e R 5 HE[3]-[5].

AR, HREF B (NLP)RAR, RiAlR R E S I, EAYER 2 SOARYZ 8 U IS T 3% ik e
[6]-[9]. im 44 SEAATH(NER)FISC R EU(REVE N HAZ 0TS, =R AIRERN AR . JAm, B
W38 A AU NLP BOR M A T “AEEHHE 7 BRI IE MR PRE: 1) RIEE R PEARERGE
PIENE . BOCPERTE SR M, “REEHHG 7 RGN TS ARG A G 2) RIEREME: |
BRARFRIR RIS ZE, ARG RG24, SRR, KRRILFERE TIBR 2, 3) SRk
e HERFTRON SEAART OC R IR FEHOB T 0 R R U2 “REE” B MG R SE B B AR 4) bRyt 2R
Mifih: SBTE. KRB, LTIER “SEAE” R RPREIEREAHXN = .

EEXF BIRPRAR, 7w dEF AR CSEEPHR T TR R RIS M RR, AR R R R
— T T [ i A R B 2 ST AR TV AR SO TAE RS AN B AN 1) SHHPHA a7 4 5L
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AR 5%

PRI EEXTREE CARERY R R PR SR IR AL, AT 72T BERT WIZIE S8, Bn KA
BT AZ M 2% (BILSTM) M1 44 14 B W37 (CRF) R 7 F1 bR A 8 (BER T + BiILSTM + CRF) . BERT #5703 K ) |
N ICHE SCERRRE TN IR A R SRR AL T A, BILSTM A & HE K B B K UR-E, CRF JZ R
IE T bR R AR A R it . 2) ZSHEHHA SRS RIEG: 7RI H SR IERE -, N TR “&
5 “wpr Zal, “4)7 5 “9RAET ZMPIROEBEICR, BATERE T HEE TR JIPLE (Attention) 3 5 KT AL
mﬁﬁﬁﬂMH%mmmmmeﬂMmﬁ;ﬁﬁﬁ%ﬁﬁ?ﬁ¥¢ﬂ%%ﬂ%mﬁﬁ [ B A,
HRSRF B B8 ORI L RE

$ﬁnmﬁﬁﬁ$,ﬁﬁﬁL~E@Aﬁw%%§ﬁﬂ\?ﬂﬁﬁ\ﬁﬁﬁMM%ﬁE%Hﬁﬁ%
WREFRARR, BERTE PG R O B 2 Sk Ok R A SRR B SRR, N &
FHHE Y ANRERE . R B R ENS)T TH. AT EAS AL 7 3 IS AR TR . XA R
Zifs BB B ER R, R IR T 5 ST H R IR A AL G 2 R TRE AT 20 S B

2. F BERT + BiLSTM + CRF A4 6 2 SoiAiR 31
2.1. BERT + BiLSTM + CRF &#!

A FOHHE R 2SO ST iy 2 SR I S I R T — @Bk . Bk, ARG SUARFTIE K Sk
FRBONFE, ARG . &, 007 825, AEERS; S5UFER, SCRPEESKERK R
A, W BRE AL <Rl R BUS R R 5 LR DU E RIFRIC B SR, W) “ EREER 7 A
Bl — AT SR, A CBAR 7 IX — R A SRS, X B SR i FUANTE K S0 o i S R AR R,
T 20 iy 4 SRR TS5 IR RR

BERT +BiLSTM + CRF HJB M5 FE 0 N =7, XM EGRAL RN 780 R BERT K5 LR
71+ BIiLSTM HIJF FI A5 6E /) F1 CRF HIARZAKHIAL L RE 71, $&w T v 4 SeR il v, LR AY 454
BanpE 1 s

g ( o) ( o) ( o) (B_Drag) (l-[)rag)

L5t """’
3%‘\,\5\

CRFZ

LSTM

BERT
[reamstormer | [tramstormer]  [‘tramtormer]

Figure 1. Model structure diagram of BERT + BiLSTM + CRF
B 1. BERT + BiLSTM + CRF &8I ZE#)[&]

DOI: 10.12677/csa.2025.157185 102 THENUR S 5 R H


https://doi.org/10.12677/csa.2025.157185

HAR 5

1) WRAZ

BERT + BiLSTM + CRF #A AR AN Z 2 H T BERT Ml A . & —F2E T Transformer 42
IR 575 S8 . Transformer 2244 32 2 i1 % Skyd & /7 (Multi-Head Attention) HL il FH Hi 15t #if 28 /) 4%
(Feed-Forward Neural Network)ZH . £ 2 Sy & Ay, & nl LRI OGN T 5 A R A BAS B
HREEMIENRR. i, TN PR8I, Easid % a1 H AL IR 1) E ok
BZ R RN, XA SRR AR 2 & 105 CREAE B B i KU T I B E R AT I 25,
TN GAT 55 £ BRI IYE 5 8 (Masked Language Model, MLM) 1~ — %] il (Next Sentence Prediction,
NSP). 7E MLM AT 5% H, 534 2 B LA o 40 N 5] 1 H 10— LS BT, SR Tt 16 6 A 44 o 0901 1) i 4 A 255
NSP A58 2 F Wiy o > ) -2 R ELE B A ARALIE X Rl o7 2l Sk, s dERfih =) 2 6) 71 R
BXOKRFR, PRI ERRE T, [FI k> 1R E T A . BERT RS A 2544 I 4n 4] 2 FoR

S I CED R O

Trm Trm Trm

o) (=) - »

Figure 2. Model structure diagram of BERT
[ 2. BERT {REUEHE

2) ENgmiL)E

BERT + BILSTM + CRF B8 [y bR 34 2 R F 2 XA K R AZ M 48 (BILSTM) . LSTM & —
FEFR IR P2 P 4% (Recurrent Neural Network, RNN), ‘& A] DL RN EE K 7 41 B0 A A K HA 40 ot i) 7
LSTM AR ¢ I ZIHHIN t« GIICIRES C, « IRIFERILIRG C, « BUZMRE b, « BUETTf AT O,
MR BEITH0E T E—INZIAHIRESH 2 /M5 BEH0R S, MATIRE T 4YiTMAG 2 /015 B 55 2
HMDIRAS, o T 042 i 4 ROIR 25 22 03 BAE 9 24wy 20 o LSTM A EBZ 14 I an 1] 3 P

K4

) G
i C~', 0,
o ‘ o {tanh o .:‘
L2 B A h
AN
Xt

Figure 3. Model structure diagram of LSTM
B 3. LSTM R EI[E
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3) fEidds =

iR )2 B 464 B H13%(Conditional Random Field, CRF)ZHL A%, e H /2 Ml vty bR S 2 18] AR %1, A
MRS SO 2 R AR T 41 . #E CRF b2 )= i, 1208 AL 38 i 2 28 RIS R vk B3 i Hh S A4 7 41
LA . AR AR AT R A AN BT — MRS IUE, TH 5 Sk e s h R A B BSR4
B 155y, IHEPRAR 0 B s AR AR A AT AL B 4 s iihn 2s . fETh Sl R, BB MR EY)
WY AHARFRRE Z (B R M2, AT ERIE 1 % H SRR B &k i, CRF BB 5 an 1] 4 B .

(v )

Yy Y

Figure 4. Model structure diagram of CRF
[ 4. CRF #2BILEH[E

PRSI X = (5,5, %, +-,%,) » BEIBIRREEFBIA Y = (033, ) - BTN HH (0173048
B P HIKAN nxk, Jobn INFERIRIKIE, kSRR, B, RRAEA AR5 X )
AR, 50 FRARIEN 5, MBRA S, RGN 4 R A IR 2 MR 0 5,
Ay FTFNIRIE y, BB FIRIE y,., FOHERMER TSy

FELEFFAIIZAT T, W] SRBUHRARIE P A3 53 s (X, ) » b AmR () FR:

S(X’y) = Zn:A}'i‘yz'»fl + Pini (1)
By (3] X) - AR IQ)FT -
0
Mﬂﬂ=§;m3 @)

it 2 1) F A AR i UL P 81 o A8 P sh 3 R AR, 3B NTH SN B EARE R 51 i KR
Il BN BRI AR. R&IEL R, BRI T RRIAREF S X451, CRF ATLITE
SR BT SUE R, AR B TSR S AT L AERR AR , T ST AL AE PP FURRVE AT 55 (R

2.2, S A A SIRE

1) HdE kIR Fikh 2

BT S50 1 T R A X S A TR R A A e KR, T LAE B3k SOk T 7 A ARl HETA
A3 R A SRR R TR ONKI AR, R FIAR: 8 (“BH” or “HBIPHA” or “AHE
HHIE” or “ZSHRAR” or “ASHRLE G ). BRI SCHR T 77 &b SOOI SRR 46 N39S 1) 28 S0k
SHEHHA SRR RIS A5 = AVRE S, BRI 40 B3 SUARHEIT AR EE, 23 BRIk A S bn AT 5 25
AR, W EN R IE R EFR A MR/ bS8, W NSRS ERENP
WSS EEA, T KA, RS g AT B, XA ERE ST, RS
VERAR RSB A bRETERL, W 5 B
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M) $RIE(E) 1830(0) BA(V) #EE(H)
BT RASEEREE, R EBREES. B, BA. \BEsn -
ERE GRS, T2 Rm R Egia T (VA EEE.
MR EBUIRFRERE (diabetesmellitus, DM) FEHFGE, A
HTDMBEHPERETE, REEENEEREMATRE, ARRELRE
RERE— I EUNSITE, HERLr ERET2DMI—NER, TiEiliE
2B, SIWRTEIENREFZDMZERE, BT2DMEISERENEFS
IFEEHERER. . B, R4ANNER, BETIRASHNITEREE. =5—2010
HIBE R MERENHAER, =W T HENADMENEBHEIIAR, AT2DM
RS HE ST IR TG HIE2. MWEBZIEE, WEIFRRSE, W=t
BB, . R RO, PRIESATFEHRSFIREESM KIS (SESR
ERMERFIME) PEEEEER, IR EESRENBENSEE, BILIBH

. BB, BE3MAENE, ARtSEERS L. b TSHEETE
i, FOITHERENAZZ. BSLSATIUHEBARAEENTF, skt
B NS EAT E SR LY. BHEREIERM FERT B (FhrHEn

. EEAR) . PiE (BXORE. EIBARE) . TE (BESE. FEER) 8l
HTEZEEAT, MEE. TR5%, BRHASHENE, BFaEER
FEZK BAYERICHTENORAESFFIZENT, 550, BRIMASH

. BTN, RN, WREEA. Eadl. ERKEL ERINF. H8A. LitE
WRF. MNES7. £2HE7. FLpl. TR, 5557, BiEEh. Gt

Figure 5. NER corpus to be labeled
5. NER fFiREiER

2) ARIEERL SR

FRAEN TIRREEA T I, BE TSI ARETE R SERSERIA I R &5 #0807, $E24.
L

3) IHRWRESS R

il FHAS$LHHIA iy 2 SN IE T HXS R bnE SCARBEAT b, 5 20K 308 BIE i &5 2R, th T A H
SRR TR I A% 3N BIO, BT LA Python 18 A% A iE T B H (1 45 JRABEAT i U AL, BRe2s
733 BIO #%:NH S, R B FAE [F] — A TXT X P& IR, BARARES R IR & 6 Pros.

ki  train-bmeso.txt - A
STHF) BREGE) 1858(0) THE(V) WEA(H) SCPRF) SE(E) 45:0(0) BE(V) HBIH)
/9 20
fic O 0
HO , 0
[ B-Drag # B-Symptoms
& |-Drag T M-Symptoms
flli I-Drag Bk M-Symptoms
BEO £ M-Symptoms
fi£0 # E-Symptoms
M B-Target o O
R I-Target Bk B-Symptoms
B |-Target @ M-Symptoms
e, in E-Symptoms
& B-Drag . O
it I-Drag O
Eiife) :ie]

o ivde)

&0 #0

fE O 10

£ O [ B-Target
1M B-Target ¥& E-Target
¥ |1-Target (O

;i 8 =0

mo O

#1147, 17 100% B14T, W15 100%

Figure 6. BIO annotation results of named entity recognition for STDT
6. SEBHEA B LIRS BIO FRELER
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23. REFRANSTRERS ST

1) LRAE 5S8
At 2 RARBI LR 5 0, BE LIRS EAN TR 1R,

Table 1. Environment configuration table of named entity recognition

F 1. wALERFIMREER

T H =+
IR G Ubuntu 20.04
CPU Intel(R) Xeon(R) Platinum 8474C
GPU RTX 4090D (24 GB)
Python 3.8.0
Pytorch 1.11.0
WAF 80 GB

IR 2 iR, batch_size R RN, B RIIZRE N 2% IR A & max_seq_length /R K
JFHIIKE; learning_rate /8% ] %; batch_size I epochs ZH{UE i i A [F] SL 50 HEAT XS G, IR B Sl 1
MRS

Table 2. Experimental parameter table of named entity recognition
=2 BEAEPFIRFTESHER

¥ e
max_seq_len 512
epochs 10
train_batch_size 12
dev_batch_size 12
bert_learning_rate 3e-5
3e-3

crf learning_rate

2) WA TERR
PEANFEFRE RGO P TR R Ml Fl-score. K2R 45402588 LA IR N SEAN S0 SR B &

ARSI AZ I 1) S AA K L 81 R B S g, A3 00 A8 1 LA T S A 2R 31 5 T 1Y) B 7 ki
HEARW TG AIR:
TP

P= P )
Hob, 7P FRIIE], B RBIEHHIAREA KBNS ARG FPRREIEG), B2 SR I
BNV SR T A 12 250 1 S A K. 7 R SR A 4 SR TR A TR 0 A A 500 AR S R B 7 % 2R S A
Bl BREREE, AR BE RSB T TT T A S8 . 5 AR T @) FiR:

o TP @

TP+ FN

Horp, FN o], Bl a8 iR HUR AN SR B SEAR T Y AR 20 ) S iR 3. F1AE R AER A4
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(] 26T AT 355, FHOREE G VAN 7 SR8 I e F1AE RS, AT 7 S8 78 Tl SRS 3ol 77 THI 1) 8 77 Bk
HHE AL FG)R:
2-P-R
P+R

Fl= @)

3) H% /79 Random + BiLSTM + CRF

ik BRI BERT I SR8 B SRk, 18 F PyTorch HEZE A BEMLAE B IRTRIR N, 44 AR
AR JZ 5] N BILSTM + CRF #57%Y, 14k 5 BERT + BiLSTM + CRF #5571 — S 1) 2 %5 5 I i 5206

4) SLE AR5

TEJI%E 10 A~ epoch MIUIZRG, B RMEZ P T Pia. R fEd, AT BAE TR B
F1E RIS A0 AR A, A (1) S 36 485 SN R 36 3 o o AR S5 16 AR IR SRS ) (1) 52 B 45 SR e 4 B o

Table 3. Experimental results of named entity recognition in STDT
3. SEYEa S B ERAH KR

i P (%) R (%) F1 (%)
Random + BiLSTM + CRF 73.35 50.08 59.85
BERT + BiLSTM + CRF (& X J73%) 77.46 67.36 72.06

Table 4. Entity category results of BERT + BiLSTM + CRF model
7 4. BERT + BiLSTM + CRF ##EUABIA ST KRR

SEARI5) P (%) R (%) F1 (%)
Drag 91.36 93.54 92.43
Symptoms 68.42 42.62 52.53
Disease 60.00 50.97 55.11
Target 70.71 51.03 59.28
State 90.91 97.56 94.12
Prescription 71.43 93.75 81.08

MEZESEHETT LA 2L 3], #H%S T Random + BiLSTM + CRF #i%!, BERT + BiLSTM + CRF H A 75 A&
RERTET 4.11%, HEEETE T 17.28%, FUEETF T 12.21%. WKRARATLAEY, BERT BAFIA
BiLSTM + CRF ZE#J5, MRl 7R R YERE, SRR RS HERS . bt B AR S BRI RE 155

3. EF Attention + BILSTM BI7SHE ¥4 SCAk 3¢ R EY

SRR R IR BRSO B ARE S AL B B AR 55 2, HRIE T BB U] SR IR SRR
—BSRAOR R I 45 R th = e AR B BRI “ EARZES 5 CREIRIA T Z I “R)T
KA WIIXTE SRR, AL T EBIAEAG SORT “Io” 5 “&7 . R 5 g . “ft
257 5 R SSEIEOCR, AT INERNZEG TS T MU L, R B G SRR U IR ]
fibg e

3.1. Attention + BiLSTM #&#!

TERE 1B (Attention Mechanism) @ VR 2% 5]t — R B O HOR, S ENL A BIIRAL 55 P di i, Bl
JEAEEARTE F AL, TR S Ul 2 R o O AE Tl B A8 2 PO EE AR R R SR AR T
ANEHE R EEAR gy, IR (PR RE . 8 B RTE S A BAES5 VRIS R H T e oA
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AN [ ] B ) - 2 TR AR G 2R

£T Attention + BiILSTM )20 RV 2l BILSTM EFERE 12U K ER . BILSTM
J2F T XN B SCAS P S BEAT R AE R AN, R (3] I =5 18 51 ) 1 1) F e )45 U8 o 1323 0 2 W2 7E BILSTM
P AR B, ZhaSH A FOARCE, BAET X R RMPUE RS MR —RE— KR, HTIR
5 T T B2 ORI IS IR AR R BB SE Ak 2 B) BRI 06 R 2R o AR 25 B 1] 7 B o

WANE Yo i ¥z Yn
A A : A A
Fon
ERIE F a
A ===
— / Sl
L S IA) | & / SR 1A ~| &I
hy hy - h; ~ h, [T =
Bt = IEH Ef EfA Em
ho hy h; h,
— A L_HA L_PA Lﬂ—A
WA X0 X1 X2 Xn

Figure 7. Model structure diagram of Attention + BiLSTM
[#] 7. Attention + BiLSTM #REIZEH[E]

1) FEESIHLHI

1= JIHLH(Attention Mechanism) & — P07 N R EE B I 5. fEAEE BT, ANBSIEBME
MR T 8GR, T2 AT . FER VLR R S IR R B IIE R, Bt
IR AE AL BOR BB B, ShaSH IR AR TX B AiE 55 S HE WG By . ERNEIZORITREIERT
B . % BILSTM 2 M4t A H = (b, hy,o- b)) TERJIHLH] 2 AR 6 X 2050 T 5078 5 ) B 43 A1
a=(a,a,,a,). BEBEL—AFEIERECRIESE, 1~ 2A(6)FixR:

ZL ©
ijl CXp (ej )
Hor, e fEARYE e = w' tannh(Wh, +b) R ES R —ANE5, HTHEE A MEEE. HEHESIBR
I3 JE, B IR SRR X BILSTM % H 24T AUk A, 18 B R & R IE R R i R A () s
F. = ZLI a;h; (7)
XA ERAE R A T3 N9 b % 6 R RSS20 00, Rems A R R o b i B R
2) BN
FETEESIWLHIA BILSTM < RMBUSE AL 4 H E R T Soft max pRE. KiE & 11215 2 0 B 4405
fEF, SN ZE, 40 Soft max BT H A FARERIMER 40, W FARE@)Fin:

y= Soﬁ max(VVoutEm + bout) ®)
Her, w,, b, 5525 E A ERN R E . X AMEEE A0 R RN SCAS SR 2 (8] &8 T Fhok R 280

MR RENE . FENZRR B, AR AR TN AR 20 A 55 U SESRAN O AT SRS SO0 0k o 33 S A 4R 5
%, AR R ZH, AR LSTM ERNEE RIS H, DR R BRS¢ R B AE .
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3.2. FSHEPHASEXRIFE

1) FREETRRFSERR R
HRIEAHIE T LA O RHERR I TR S 45 RSO R AT SR AR U 2R 5 505, BAATERLE 5.

Table 5. Annotation list of named entity relationship

5. ERARRETIR

KAk ES Rtk N

TIEfE 2 R 8 2 2 I R

HE AT HHEZ R I 5 B2 b PR

#I7 T PRI BIREEHIRTTHE R

#LZ AR #7 WL WS RIREHREREED
#J7 RS & B MR I YA PR A
#LZY THE HE AT TR DAL

2) SRR RIRESS R
A IS HEHHI iy 44 SR TR MR SCAEAT SR R IARTE , 19 BUAOARIESS Rt 40 R 141 8 .

| *OutputRelations.txt - {gZ4 = [ X
SCUHHF) REE(E) 1E=0(0) EA(Y) #BI(H)
R1 #7428 PESIAEEUIEBEE 3091 3099 (L3 3104 3106
R2 BfF #ERE 1413 1416 HAHEEF 2525 2528
R3 BT #EERfS 1457 1460 HGiRBH 2525 2528
R4 i&f7 HEESeFUE(LhEGHE 250 258 A 2265 2267
R5 #HE FEws 2302 2306 fER; 2322 2324

Figure 8. Pre-annotation of relationship for STDT
8. TSEPHARARTRE

HRIE A T2 S 5% ZR BRI B =5 ZE A B A% 30, AU Python T8 A0 AOE5 RGEAT R AL, i
KR AE SRR ESE, R EEAAER A tact SO LARIZR, BARSASC RPREL R T & 9 Fron .

| TRAIN-RE txt - {g54 = o 5%
SAE(F) RIB(E) 1E0(0) BE(Y) #BI(H)

{("text” "T2DMBERHIZBAENE, BHiMEEtERZ NGRS, EREEEREE ~
. BREE, HMBZSERSFEIA, RSN, A8, 8 K. 8. X I/<E,
IRTLTHEMTS AT, RESH, M. =15, ~ETH. HEh. EMREESERE
PRI ORZART. E5. RE. BN, " 'labels": ['IIFE", "T2DM", "HHENZHT"],
"id": "1380_2"}

{"text": "T2DMBERHITIEAE, BhiMisfmstis ZKIETS, EHREEENEME
. BRER, WMEBREERSEEAAE, RS, AR, B & 8. K IUSES,
IAFLIFEMTSAE, RFGA, MTE. EA=s. "B, EEt. KNBEESERR
PREERRRORZ AT, 5. RS, RN, " 'labels": ['IIRE", "T2DM", "HBNZHT"],
"id": "1380_2"}

Figure 9. Annotation results of the entity relationship for STDT
B 9. BEPBALEKXRIRELER
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Figure 10. Distribution of word attention weights

10. IAEEBIHNEN

DOI: 10.12677/csa.2025.157185 110 TFENUER S N A


https://doi.org/10.12677/csa.2025.157185

HAR 5

TEE SN AT S SRR 10~13 s, FEW “3E” 5 “MpE” 2 e “#d” KA,
IREL S B B AT & P B2y 7 B R IR SCR ARk o RS VR RO BRI IR B 27 IR AN RE HE R 32
AR BRSCAS R SEAR R A, IR B AT R B BCEE ) FE AR SR L R K2 T HE B AR, 304 2 T {5 46t
o B e A B R G A E A

SREIERNZERNE

1.0

-0.6 ¢

goooo

-0.5

-0.4

-0.3

-0.2

HiE ik 24 FRIRA s
BRI

Figure 11. Heat map of the entity relationship attention
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Figure 12. Visualization of the relationship between entity attention weights and “target relationship”
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Figure 13. Analysis of detailed attention weights
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