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Abstract

BTG R 40 (MDS) 2Lk S 5 i iF
1%, B UBARHER EEAELT5 .
SR, BUA K MDS FEAEMERA (1) SHAIAH 5
BYBE2ESRA (2) APl B2 b
BRI IEI N o R T ik BE kAR, FoATHEE T
MedRef , X & —FP#i 1) MDS, 456 T4
PSR SR TEE. 1o, AR
RIS AL oA 3 B8 h A O 1 B2 24 50
DARSCRE XoJ e 1 H O B B R T . A, 3K
TR T —MeE G MR RE, 458 T7h
SN AR . R T SEEXT AFh R
RO SEITE B, FRATEEHE T AN A
(87 SR TvEA | U R oeer: o AN 1] v =7 M A i
YRR RS R PR B, 7E MedDG
Hl KaMed -t )2 5L50 R0, e
J A B2 E SR HERf P T, MedRef £
WAook Lk, aRiE T HAE LS
By I A R E R T S

1 &

ERyP AT R S (MDS) C&mch— A~ EZ AT
FEREN, BTEE 5 R I T 2 R AR R
AT 35 R SCHRFBRYF Lol A 51 (Shi et al., 2024)
o H—MXIE RGN, MDS WA BL A
U AR BEAE AN, (Wei et al., 2018; Xu
et al., 2019; Xia et al., 2020) , A2 FEAL F1F
PRPE A AR SCRE, R AR AER A PRI
}g&rp (Graham et al., 2014) .

RE MDS AR R HI S, EAESR AL ERR
A B R A TH R — K%
SEEBIk R TE 22 0 6 35 A 0 A B AN T
AAPIREERIRES . QR 1 IR, BRATFEIEZN
P8 BB TR A T R R A . S5
Hi, MDS W ZBHEXT % HEE T AR AR B
— A DL R M E AR E S (MedKG)
(Li et al., 2021; Zhao et al., 2022) F¥;ZFH % =
SR CRER. 2. 1R9T) eg. o SATH, X
PR R IGRA N (RAG) B HT AR
IRITR AT A ] 52 Jo o
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I’ve been having stomach pain and vomiting after eating ... | 8
tend to rush through meals, and it leads to indigestion. = B
‘ Hello! How long have you been experiencing these ,
QS? symptoms? Wl
Basic Information Collection (Chitchat, Inquire)
1t’s been almost a month. | keep vomiting after eating. ] ﬁ
‘ This situation suggests a high possibility of gastritis ,
QSJ or peptic ulcer. m
Make a diagnosis (Diagnosis)
What medicine do you recommend, doctor? ] i
' You can try taking omeprazole, Daxi, and amoxicillin ‘9
QSJ capsules (but only if you're not allergic to penicillin). A
Prescribe medications (Treatment)

Figure 1: BE2AR 35 AL B — B 1.

[y, KAGEFEA (LLM) R T
MDS i1, AEATI AR S 7n B S5 F I Y 2
RABUEK. AR MDS $&/R b (1) 5] S
BT T 5 AR S B 1) PR S PR i A T
B, R (2) MR IR AR 5
Fo BREERE, XSGR IREETHEELA
PO WRSEI A (5 R, DX AEBLA Y MDS ff
FE R AR TRAIR T o

NT Rk, JATR AR (1) 18
AR R EN BRI AR S HERR R, (2) 3l
AWEE RGN M R E 1 B E AR DL . P,
FMIfeth 7 MedRef , — Bl LA HRLALAIS)
SHRTHEH R MDS.. B8, TATLESHA
B SCBEAASR I FRR RE BRI, 2 (Xu
etal., 2023) {fE %, FATRA T —ASLAR-3h1E
Wy T AR R AR HUY] SR SRR . Sy ek
DRI SRIE S, AT T —FARR
DL, PASE IS A 1) SR T AR Y
Wi A A AR b, AT — R
BT A EWRRG . RGN T
VAR KA R (1) BSR4 SR
G B G AR I R R R AR 2o (2) P s Aiy
XL SRR BE A SR B 4. (3)
AN B SEARRIAT N, DA SR A R
AR PARIE AR KRR = e . (4) MR
Bl T WA A R B E .  T S i
AET7, FATRA T PR R n AR 3h
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PR RORRS . Bk, FRATRIH =Jcd
i g2 A Bl g B (DR B oAl S 9 AR R
Bil. XAFIRATHY RGBS AR RN AHE R T AR
BCHERR T SORH AT X AR (M )
BATHEWAS) 2 0 0y 3o L kAT 7 K&
seiy: MedDG  (Liu et al., 2020) Fil KaMed (Li
et al., 2021) . SZIGZER LA, FRANT1H) MedRef
AR T 5 BT 1) JRE A 2 ol i 0 [ 2 S AR HE
PETHHA L ISR — S Rk T 3R
HEZE rp £ A ) A A5
BIMHEZ, AT TR AT LSS5I
FAIHEHE T MedRef |, X & — P BRI BT
W& FGE,  FI DA ] ) g 0 TR TU A Fl R 7 i
N, DAZE BB MERA AN LT SO B o

o BATFIAT — ARG ILE], DAL 3
R R RA AT B, AT HE 5 27 SE 44
o T )5 B A

o FATHIE T —Fah SRR KNE, TPA
it 2B R A SR RS R AL, AR A
PEACFTETT I .

2 HDEILAE

2.1 PITRIG RS
BEeEx i R4 (MDS) il W HoA @ — e 55

FRIBIIERGE, BEMBIIZBANGTT (Val-

izadeh and Parde, 2022; Varshney et al., 2022; Sun
etal., 2022, 2024) . SR1, H T BRARI (& 2 7 A8,
TEIZ TR R B A B R S I R 2
FIBRA . h T ERIX— R, Zeng et al. (2020)
%A1 T MedDialog, —NRAER) oo SCBEA#
IHEEHESE, BA R Z RS S TG R A
IXTIE#E UK« Liu et al. (2020) 5] A T MedDG,
HAEG AR ER AT B2 kR, 1
RGN /AT . FH 6T MDS [ RIS AR T
BT I R PAT &AL 55, s B4R
Bl (Peng et al., 2024; Zhang et al., 2020) . X £
i (Du et al., 2019; Lin et al., 2019; Xia et al.,
2021) FIiE 7 (Shi et al., 2020) . F23%, [1] W 2k

ISR AT R R R Y21 21 P81 2. (Bah-

danau et al., 2014; Vaswani et al., 2017; See et al.,

2017) #1iE 40 BioBERT (Lee et al., 2020) . Med-

BERT (Rasmy et al., 2021) . GPT-2 (Radford
et al., 2019) F11 DialoGPT (Zhang et al., 2019) %%
FRYNZAEAL . MDS 55208 A B2 HITH DASR At 1
Wany e 25 . FEI AR F, VRBot (Lietal., 2021)
0 3 40 o N ) R AR B8 A 1 Bl A AR TR
MedPIR (Zhao et al., 2022) #1772 BT E 2
VE MBI 2% k4 8 ml W . DFMed (Xu et al., 2023)
6T P 845 P R AE 208 I T AR B 2 S AR X
AT

2.2
Knowledge-Grounded Dialogue Generation

FRBRZN XS (KGC) 1 H i A4 i T M
FIR R R B 5t [E B (Speer et al.,
2017; Ghazvininejad et al., 2018; Li et al., 2020;
Chen et al., 2020) . ¥ 5t HITHIE M G5 AL FNTE
SERAL I S R AR B, KGC H (i ] i 45 44
AEFIIR 22 O s B (Dinan et al., 2018;
Zhang et al., 2018; Kim et al., 2020; Zhao et al.,
2020) o 5T, ZitA KGC 8T 1K
G B R R T S B 5L (Liu et al., 2018;
Tuan et al., 2019; Xu et al., 2020) ., 2T E=E5%)
ThOR R E HIR PR, KGC k) iz
T B2 JniR I (MedKG) ok SCHRHE
FEME . (Lietal., 2021; Zhao et al., 2022) .

SR, BA B A 2 M MedKG Hiig R
FIAM R PE R, Jovk5 B 0 B AR ok
7o B, FATERE T—FRIEREHALE], DA
TS S AT R e B A= o

3 Uik
3.1 [k

e & — N BEIFR I S W ¢ =
{wr,ri,ug, 7m0, up, e} OIS T [H
GHRT, HA w for 43 BIFRRTESS ¢ BA
WA R ELE BN, A RS R
TIOCA t, BYE T Y ETEAE RN r B
o HNEFHIAZSAEIF S, g E
APy B B 3 — 20 RS T ARy . D s Ry S
& T MIXFIETT N @ 76 & 5 SR r 1A
WM. BeAkh, HH—ANETFHIRERE G RRER
AHRATE AR B A e Bl 7. PRk, MDS ) H
bre el A ¢, BEFXHE LR SCe , st
Wz, DA R a fsk H G AH AR A
BEEAE . e s

T A AR R R BROIR O A B
LRI N, SAZIAE MDS H 4 D S T 1
KHHT . ELETFX e, BNEE
R RRN ui = (win, iz, U uy)
WE U Mrid, BPhBEANEERRHA
(rjasmi2s s miry) > BE R AARIE. A
TR EMRE XN, BATE N HRAZ
Jemb » BN BE R BEAE R &S A BARC S R
PHRA eu; Fl er; o BETARS RSP HERT,
TR & T T T By7 S i 7 Il 2B 2 Med-
BERT {EAFATZIEERE T i ABK T H
XGRS fene ALHH, LG I X155 B
At ee, fERIGERHA B CRIR. Ya

https://github.com/trueto/medbert
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Final Response

Knowledge Refining Mechanism  Entity-Act Joint Prediction

GRU GRU

information

Task Instruction

[—
Based on what you're describing, this is likely related to B <:| Entities to Triplets
gastritis. Have you had any tests done? i
onnected Entity Search \
\
edical KG
N

You will play the ro
...some background knowledge separated by <kg>.

LLM Training (LoRA) Triplet Filter

le ofa doctor and, based on the following

Evident Details (expected entities and acts) Demo Selector ——

~ IT] entities that may be i Idd ) esponse are: gastritis, Most Rel ¢ D ]
qof NT(HonE(pr) e T o e amimation. — o0s eeTvan emo
Prior Posterior
KG Encoder KG Encoder Evident Details (retneved knowledge triples) [ Span Alignment ]
- 4-Based on the the following related |,_| | T
triples were < ound n |h kxowl dg graph kg k

[ Similarity Alignment ]

istorical dialogue context)

L Historical Encoder [ ——)
i <dialo atient: ... Doctor: .... Patient: Historical Dialogue Filtered Demos
Dialogue Context ... Doc = )
omen
Historical Details (historical entities)
[ Entity Alignment ]

2-Allentities inc]

Relevant Demonstration

3-Twill give you an c:

luded in the conversation history: ....

xample as follows: <demo> ... </demo>  4———

FigureZ Ffi] MedRef B RGM YL , ¥ B ARG D 50 L SE AR 2R I R DA SR & T SE AR AN T o
AL PEA S B AR T SACHE D8R i 2 M 2 A BRI FE e

Al AT Ay -

€u; = femp(Uig, wi, -, ui ),
€ry = femb(rj,h T§,2," " 7rj7|Rj\)7 (D
€e, = f@nC(e’ulae’l‘17 te 7€ut)'

RGN 2EHR EE G R 2R 5 52
TR DAHE A CHERA B .. Bk TE, FAT
M — et S m Iy Rk T S kAR
JE 1 G%t = {G%l,...,G%m} - RE, K
fiTETEEZEM % (GAT)  (Velickovic et al.,
2018) fgat ﬁﬁﬂ fenc Héﬂ:*’]'fﬂluxﬂéfﬁm S('U:b
k. XET FRIFR:

6%0 = fgat(fenc( Tt thm )) 2)

BEAN, RFREAT MAE 7R I S
(e.g., AEARIA I RFIZWIATIRY TR o i
XHEAT AR AT NI FR e, o XLE
PR R I SR T R R R TR Y L
FXER.

3.2 JPUREHLE]

T e MERE R, 2 B ) SC R ] BB MR AR K
BTz . N T RS R, AT
*ﬁl‘?’?ﬂ FORS HRPIL, A WL ] 38 ) AR e A
oz R PETC KRB FIE . FRATE RPN
o N *ﬂﬁf‘%’@] SR GO, it Je o1
po(zilee, G2,) « AT HIFIRAEEA FEIH,
?iiﬂ]l_l_/n ok B HARWLY, ry (B SR 2y
ST RN q(2eler, G, @) o« SEHRAG

WA AT, TR ST ) G B

e S G

pe(zt |Et,th) = N(,LL() (eftv fto)v g (Et,é’gto)), 3)
qtb(ztlct:G?tvxt) N(M¢(Ct»eit ’ )720,5(0’“65, 7xt))

s Hd g o Sg o pg Fl X 2 MARI I g
ﬁ%%&ﬂ%*ﬁﬁtﬂﬂéﬂ@o — HRFE TAEH T
zt E%ﬁﬁ%ﬂb‘jﬁtrﬁ%%% faee , SRaHHI S
Eﬁn;&ﬁim/\e O HiEr, AR RIS

= faec(zt) + €S° 4)

OEIFﬁFmWAgu,AﬁEm I 7 A
WA A 6, T e M e 1 v g ) R
SEAA
ETHRIERHNR, FRATAT DATE AL M Y, A i 5
e HTHPRESTEE ER. BIRANGIT)
SXHEAT R GREVGR M) . BRRI2 W AAYF )
Z AR X e R, FRATTR ] — AN B A T
DAL He Ste FRIH A Wi [ A %) 70 HA SE AR FIAT A
FATE S A SR B fo, REBLET
SC BRBRSEARFN DT AT N Z RIAZ ., SRR
—J‘ GRU fgru %T@%ﬁﬁ’]%ﬂ* :J%% &ﬂ]l_
ﬁ%rﬁﬁféuswmmd)ﬁﬁ&@ 9,
THE SR ¢ SR SRR T M I TR .
W, € RIXIXd f1p, e RIXT; W, e RIAXE
bo € RIAL .| X| FI|A| BA5E S A FNAT g 1%k
i, 1 d 2RI,

3.3 ZhEddaii

331 ikl

AT SR KT R AR S LT X
ERERIRISE , FATBAT T — R4t A m gk
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o K2 fis, REHRR P = [LH; K E]
BN B

155U Z AR3R 1w B2 AT 55, IFflRE
THRPIRMEE . PR H RS TR
P R, BEIE RN e, PAK
WK Y 7 S Sk T AT @ o B
JC BRAEAE Fm B B B I, ARG T ) S5 A
AT, PAKSE E MedKG ByH] £ 140 =04 .
IR € AT —A LT ORGSR TS S0
NAg .

R T SEBU R R IR DA SEIE R, FRAT
I 5 A = E N A A R PR A O R
BISHEUR LRSI R HP A B R
FIHR -

332 CEANENS
BT MK 2B B S5 (v A T R =
4, AT T AR IR

B, MEFIMBETIE GO, Bt 4l
SORAL T . Bk, AT = e
AN SRR, IF 3 XL AT HE
BT, Rl BB HE)
SRR = TTAL. e LU = TEAL kot
RIS RRRAIRARNT 7 B, 8= 54
A AR

TTi%t = {(ehead7 T, etail)' min(#ehead’ #etail) 2 T} (5)

B, TROREN 1, HAERREA BN,
B PR = oA g . — B Tl h=
TCA AR AN T E AR M, iR
WAL HIW Tril, SRR P i iR
BT R

3.33 BUREHEES
N T RS RGN R KRR B, EATFIA
T A2 PRI

AT SRR — U N R SRR
R GRRE A LUN T8 Bk, AT
Wi T 2T T Se = {Spys- -, OB}, K
HaEAS TR Sp, WSRO E P REME n
TR By = {21, ..., wn} BIXTERG]. R, 3
ed TR T4 S, Hhi 14 S
FARLEHR B I [ SR e RO S B A — Ik
Ko
ZrE— D UEDE BRI e FATTR A
BHE M) w 2Bl Sp L s
REE. WRITHS, FRATRZZRI A T-EEAE 6
VTR BIZE Saemo « I, FATIEF] RS T
8, M Se HtFERAT un LE— KR
PIrh ik -

N TR R B, FATIT I/ 5 A w
5 Sdemo FHITE SRR . FRAT 23 BN 5ok

BTG, IS I H R %A LR H B i
B cpun 1ERRBIZ T

AT B R R SO 2R A R K
FAVEEH KR € s D cran 1 H2
B—AE A B W cpan B ETEIE)T A
{ur,r1,ug,r0, . ur, rr} , FHRFEIGERTFR
IRH s =2t — 1, XY FIXIERIK ¢ o i
LW R B € =M O T ek (1) ansf
is <&, MM cpun FEEEERT 26 METE: (2)
W <is <T - &, ATEBEMNERT] is — ¢
#is + EMIEE: (3) WRT - <i,, 7]
PR T I 28 MG

AT AL MedRef FAS [FIALHE, FATRIT T
— BT BINGR B AR, EoE, RATIYIZRSE
AT IR AT, AR I 2L e B AE A
TFERS o X TR e Sk, FRATITH R 2
HHELSEMANRE o Z A T XH (BCE)
PR Lo o UM, FT A UHEBK Lo YNZEXT
TEAT AN o X SB35 2R pRER AT AR R -

T |X]|
Lo==Y"> w4 log(@,) + (1 — z¢,) log(1 — &y,)],
o
Lo==Y lar;log(ar) + (1 — ar,) log(1 —ay,)],

t=1j=1

AT HRRNR SRR — B, FAiTE MBS
55 po F 55 g 2 18] 1) Kullback-Leibler (KL)
O

T
Ly = Z Dk r(q4(2tl1g, g, )|lpo(2tle, 2o, ). (7)

TN R BRI BALE Ap + Ao Bl A
B BT B S AR5 2k B B0 — S A AL &

L=XLs+XL0 + Mt L (8)

Bk, EREMMBERTEO T, FATx
SATEM YA SR PR 7 R S AR AT R .
W RAC RGN R R, BB
AR R AT A

T
Loen ==Y 1083 pgen(ry, |re_, P). (9
t=1 k

4 SIS

4.1 Finde

FATEEWAS) 12 A8 FH A9 B MedDG #1 Kamed
AT T Sl . MedDG 3458 5T 17,000
SRR, bR 160 S EE2ESEiR, 4N
X B, ARk, 2. BAAEYE. B
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Table 1: MedDG F1 KaMed ¥4 11 Lk 455 . “B” =BLEU, “R” =ROUGE, “E-F1” =entity-F1., &/ T

RN BATHRA T4 R 2R T (p -(H <0.01).

Category Method MedDG KaMed
B-1 B2 B4 EFl R1 R2|B1 B2 B4 EFlI R-1I R-2
DL-based Seq2Seq 28.55 22.85 1545 12.88 25.61 11.24|2352 1856 12.13 - 2356 8.67
VRBot 29.69 2390 1634 12.78 24.69 11.23|30.04 2376 1636 12.08 1871 7.28
GPT-2 3527 28.19 19.16 16.14 28.74 13.61|33.76 26.58 17.82 17.26 26.80 10.56
PLM-based BART 3494 2799 19.06 16.66 29.03 14.40|33.62 26.43 17.64 1920 2791 11.43
DFMed 41.74 3293 2248 21.54 2890 13.71|39.59 30.53 20.30 21.33 27.67 11.21
DISC-MedLLM 40.72 22.60 10.15 20.13 6.6 |38.05 - 20.26 13.54 20.48 593
GPT-40 42.19 - 2332 13.15 1399 3.47 |41.88 - 2334 1386 1394 3.1
LLM-based HuatuoGPT-II = 39.03 32.56 23.02 8.67 1094 1.76 |40.35 3293 2392 12.00 13.84 2.74
Zhongjing 26.65 21.75 1502 643 13.14 2.82 |27.48 2235 1552 644 1370 3.05
Chatglm3-6B 33.16 2651 17.97 1743 29.27 13.69 |32.03 2520 16.68 20.56 28.02 12.12
MedRef 43.51 33.82 23.04 22.70 30.07 14.52 4047 31.62 21.28 21.96 28.14 1242

14,862 (YIZ5). 1,999 (Fiik) #1999 (i)
A1 . Kamed f35#33 63,000 4~ E578% 100 £
MRFERRE. 4% DFMed (Xu et al., 2023)
, IRATRERR T BRAA BRI, 153 29,159 (1]
Z8). 1,532 (B4F) A1 1,539 (i) Neif. Xt
TEATRREARIC R 7 FR2EAL: PRI, A1, ).
AL HFE R E . FRIRITRR A
WA R 259

AR MedRef 5 PAUF = Fh B & £ 17 10
B (1) 2T DL % Seq2Seq (Sutskever
et al., 2014) , W R 7y RNN; VRBOT (Li
et al., 2021) , FBE RSB A 47 0 IR B At
A, (2) ZF PLM Hy 77k : GPT-2 (Radford et al.,
2019) , BART (Lewis, 2019) , 3 Ff A= ez
DFMed (Xu et al., 2023) , | F 22 2L SR FshVE
PIALARAY , (3) £F LLM [ /7% Chatglm3-
6B (Duetal., 2022) , £ B2 _EAufE iy i H
LLM; 12t (Yangetal., 2024) , H7 XA ;
1E4¢ GPT-1I (Chen et al., 2023) (Baichuan-7B),
DISC-MedLLM (Bao et al., 2023) (Baichuan-
13B) , LAl BE2% LLM; GPT-40 (Hurst
etal,, 2024) , JEiEAgIAYE LLM.
4.2 VFhRRS
T VE AR AR AL AR R S T R, FR AT A
BLEU (Papineni et al., 2002) #1 ROUGE (Lin,
2004) A PPALTRNCARLIPE , 000 F SE4A-F1 434k
R A B SRR I P TR

AT I =AY NI R
(FLU) P RIER) B SRR RE R R ER
P (KC) HFETEFARENIEMYE; AT
(0Q) =5 e ik ] &2 1A Rk

FAIE A ChatGLM3-6B 1E R 3K ATT M i A
WMas £+, Hifid LoRA (rank=8, #if4 =32,
dropout=0.1) FEATHL, LALERH AdamW (3

>J % =5e-5), MedBERT 1] T~ SR HIAT Ay il
W (2 ) =3e-5, #MEK/D=8) . LAIMN
CMeKG iR 25 P~ =Jc4l. st H
KANH 20 ARALE B E A B I

S 8 AP S

51 SRR

Wk 1 f7R , MedRef 752N g b5 _E UG 200 T Fr
FHELZ, UERHEAE A RS TE . AR E
B4 [l 25 T 8 b A EE T GPT-40, MedRef
SCER T +1.32 % BLEU-1, +16.08 % ROUGE-1
il +11.05 % Entity-F1, J&7R 1 B4Ry XF
55 TR B . XM TS
FE IR, T GPT-do ff P B o B o) 7
XOF [ 2 0 A Al 22 0 ) 3 B M . MedRef i [r]
TA RS, 5 ARSI AR b
By, #1277 H ROUGE flISEK-F1 20481, Jx
BT N B & R

SR, MedRef 7F KaMed 1) BLEU 434k _|ng
T HuatuoGPT-1I fil GPT-4o0. X 25 5% 7] fig
TR T E a5 10 5 A P Ak BEASE IR g ) 17 XS i
7. EHE, KaMed i 75 iz BlG IR 5%,
Wt 100 NRFE, XA T TR BEAE RN
RS G R R = e U TAN 128
AP, 1A, HuatuoGPT-II A1 GPT-40 £
FELAEBITR SRS . BRXFITKEE
W3NS S H Mg ES (MM S BLEU
SED , (HERESIATRIITRNE, T3
SEAA FL A4 e A% . HR, HuatuoGPT-II Al
GPT-4o {5 [ T~ 2R F 101 25 X 1y v ok AL 3 AR S
AR, A AR K TR A O R SR SO
WIS, K Ahm B i A 2 LA BLEU $85R0% A7
Perm, (B ERREAR T S F1 4348

AT ITER RS RSB TR, R
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Table 2: MedRef 7£ MedDG F1 KaMed ¥4 i1 a4,

Method MedDG KaMed

B-1 B-2 B-4 E-F1 R-1 R-2 ‘ B-1 B-2 B-4 E-F1 R-1 R-2
MedRef 43.51 33.82 23.04 22.70 30.07 14.52\40.47 31.62 21.28 21.96 28.14 1242
w/o KRM 4258 33.45 22770 21.94 29.88 14.23140.29 31.10 20.88 21.51 27.95 11.92
w/o Demo 41.80 32.87 22.31 21.84 29.69 13.93|39.07 30.34 20.46 20.09 27.35 11.90
w/o Kg 41.76 32.83 2224 21.58 29.86 13.93|39.82 30.96 20.81 20.55 28.09 11.87
E-A & Cxtonly 41.63 3275 2230 21.30 28.68 13.27[39.30 30.38 20.42 20.81 26.72 11.22
Cxt only 33.16 26.51 17.97 1743 29.27 13.69|32.03 25.20 16.68 20.56 28.02 12.12
AT T ST M AEsT, R asEe T M.
T RAE A (1) w/o KRM M T F0iHkS e
Bl . (2) wio Demo Mg T Hnfleitaere 53 REINFSE

Bery il € o (3) wio Kg il T M MedKG %
RENWFIH =JCH . (4) E-A & Cxt {ULR B il
(PSRN B VE A B G B R 30, AR R Ek
ANEENE, I HAEH KRM. (5) Cxt {Ufif
KHE BN SC, A AR S e
P2 PR R R, A R AR (AR
PR A ERE N, SRIE TR
Pho #1E, BA KRM [RERAE fF g AL 5
b AR B N, REHHAEL IR IT4 AR
FIVHR o SR T A A A . Ak,
At A A AR X T S8 AR Y 1) P R T B 156 I
TR ETM, I HISRW, EE
FATHEIR RIS 2R AR R Hb DA A 56

5.2

Analysis of Triplet Filter and Demo Selector

N1 AR RA TR = O JE A A 7R 1k
FEASBIHA AR, FATTIA T PSRRI
gk (1) 55 Kg: AR R S MFER 8
BRATR =4l (¥cA Ke), i sgidid usa,
FLAEMARIE AR 5 il — Uh T SR i
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Figure 3: = H AR AR AV R PEFEAR 1 HLERESE R

Chinese English
B AFHERRRIER T, GE, A, FE AR, AR HEHE 5 Patient: "Today, | suddenly noticed blood in my stool—bright red, without any pain. The stool wasn’ t particularly
S N s " o 2y N o , ’ i 5 i i o

%, DARTHRI A Bl SR, TSR S SEOXRRR Y (4, 222) . ?:::n;r;dzlzdsgarslgz)/e diarrhea. My bowel movements have been smooth ... What could be causing this symptom’
Tum-1 | Ground T"Lﬁm W\?T' i}ﬁ"fﬁiﬁt’% KH‘T m‘?? HI)?‘HF?E[EF% TR, Ground Truth: "Hello ... Do you have any pain around the anus? Any history of hemorrhoids?"

DFMed: fR4f, IXFE K T2 LLATH 2 ? DFMed: “Hello, how long has this been happening? Have you had hemorrhoids before?"

Baseline: R, XFiinAT K 12 Baseline: "Hello, how long has this been going on?"

Our Model: {lif, XFMHRE KNI T, 435GB AETL, N1 LEFSk. Our Model: "Hello ... Any symptoms like hemorrhoids, hard stools, or anal pain?"

B WAESE AR SRS IR EIUXHER . Patient: "No pain, and_I've never had hemorrhoids. This is the first time I've noticed this symptom today."

L .S

Tum-2 | Ground Tflﬂh: pus LA f‘F_ﬁI 0. %5 A Ground Truth: "Is there still bleeding? Zan you check around the anus? Hemorrhoids are a possibility.”

DFMed: _11 %41 % A (INESE RN DFMed: "Do you have hemorrhoidsiDoes your anus hurt during bowel movements?*

Baseline: 4 A W3 Bl 54 . Baseline: "Have you been eating spicy or irritating foods?"

Our Model: A fEF- 52 {6 (1% FE BBk H T 2L, Our Model: "Is your stool dry? The bleeding could be due to hemorrhoids or an anal fissure.”

R SBAT, VLI, PEBERT A, RIS, REHETRAEALGFHER ML | patient: "1t sokay. I” min Suzhou, Jiangsu, and | can go to the hospital. I” d like to ask, should I register for the

R proctology department or the gastroenterology department?"
Tum-5 | Ground Trfgh= ﬁ LRI I R Ground Truth: "Go directly to the emergency surgery department or the proctology department.”

DFMed: §{tfl, % DFMed: “Gastroenterology department.”

Baseline: Lkl Baseline: "Proctology department.”

Our Model: ITJRL. Our Model: "Proctology department.”

Figure 4: — Mzt T3 G145 MedRef 52T AL,
it NI VA

75) WIS BAHATIEAG

=k 3 7, MedRef 7E 5T A =615 EiG
ZART H A LB . (532, MedRef
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P B — 8. X5 T MedRef 1) %0140
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HEZR PR /n BT RN Zh AR R S 2 I T R AE
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138 B2 7R 540 LLMs R /2 DAAL B MDS ()
APk MR, MedRef R T & 5@ il 1
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HEHE S A ER e R . X2 Bl
TERINARGNT, FIIRT . RIS
F_E R SCBGIER 7R I 45 65 REAZ LU 7 B0 SR
e B 1 O ) PR T

EASCH, FefT4E H T Medical dialogue
system with knowledge Refining and dynamic
prompt adjustment ( MedRef). FAT5| A T—Fh
A2 F PR AHARAIL] DA S o it b 0 I 2 5

5T MedRef R DA G ERR ) B2 27 SE AT AL B

Table 3: T AN TGRSR . B8R0
A 185,

Method FLU KC 0Q
Ground-truth 3.70 3.75 3.95
DFMed 342 357 3.65
E-A & Cxtonly 291 3.05 3.14
MedRef 3,55 3.68 3.79
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