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Xt Prs b AR . KE2Y i an & Argnar e Y, ks
YA EAE R, WRES SR RAY RS (ADR) o fl
s [ IR R FH S e it R A0 22 B8y A ) S8 T e 4 th B A A
O B ghah, BB N OZRGTE, EEER A
RE ADR [URES R RN P Bk, 4248 DDI 15 B F
i A R PR A A G T,

Hul, &/ 2% DDI ¥ E v L se A 5t RAEFE
FEH, W DrugBank. KEGG %, R0, — J7 [1X L% 4
VW BT AR S, 2 DDI S B R BE1S B 78 /0 4R HL
AR W, S—051H, B RS A ECE R K,
13 A SC 3 T B4R BUCA B 1K) DDI A5 2 AR5 Rk R 4
Rk, F& Esh ki) DDI $2EU %% L HE 2.

T SRR IS DDL{E R, T2 3T
BLAs 2 ST R B th o TTAE ARk B A VR B 2 ST o Kk e
BT NEC BN TR EE LA T B HE M
4% (CNN) BRI 4% (RNND 45,

JUB TR B 5 SIIBUAE DDI 56 RABICP IS T B &R,
EHIERE MG 22 BT DDI #dl g6 N TARER B A . B
SR 8 o T DA A2 ) R, (R QT A v o 8 5 S
KA AR

L7 MaFFIERFE 7 RN 510000
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LR, R 5 A AR A 0BT bR E s L G A 2L
PR R A SR Y — A T KT 5 MR () SO B 38 9 7 20k

fifttk BRI R, FEIVER: (1D AEH Llama2 /E 8dE4E
s KA ORI A AR O 2 A (20 Beth — AR L

AR IR AR LR A P — SPGB0 SR AR T A IR O B . S
WaE RARW], ZITIEER AT LG T ARTROTERE

1 HExIME

L1 SRAMH

SR, WERARIT R T2 TS DDI il HUs AR, Xk
B B N PIR: FE T LS 2 ST 5 I A IR A 2T )
Jiike

T GENLEs 2 Tk, BT RHER I A RO T W, 8
BFRNCRAE . B R SCRERAVERES . KIM 25N 7 42t
TR SVM 25 EAR RIS, I 5 LT 5 Fl
SRSt A G S DU NG RIS NICIRS (TR R IRl
FETE, AT e 3 T T AR AR SR Hh 1 S
Huang %5 A ™ SR I T RS AE 1 53 26 3 R 45 & SVM A LSTM
SKAEH DDI. SR, 2T A8 27 > 1 773 & ZOUAR M RHAE
TAHE, JFHIAE DDI B i RER AN AL -

N RLXS AR GEHLER 2 2T BB, R FH e 4 R 48 PR R P 272 2]
FiAR Hh DDIEUR 72 (6 — AN |7 . Liv %A 8 ol
PN E W 25 B AL AT DD AL, ALK RV H AL A 1]
&, JFEG A B BERHERIN, AT 7 1% 5807 ik
SHRFE TRE M K. Zhang %6\ " 42 T — R T 43 R84
MRZE L 1) T, K SDP A6 7 51 45 Fl T DDI SIS
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2 N U T — 4 DDIMDL IR FE 2 SIHESE, 5 Z R 24
RFAE Rl & /E—AME AL LLF DDI.

2018 4E, Google HEH T W ZiE S M4 BERT™, JfH.
TEFTA 11 T90E ARG 5 AL HRAT 55 TP oH LS T e R AAS,
BT T A B U8 8 5 AL 1, 41 Pubmed BERT!
H SciBERT™, X Lo B 7 A W) [ 2408 RLEE L EAT 45, JF
E DDI $l U5 FEUSG TR BRI . SR, BE X Filii 5
B EBA RN, FR%E RITNGR B ERE T
WAT 55 2 IAAFAEROR 22 0E, 5 SO I 0 oK B 70 20 R FH A 2
H A SaEe AR o TRtk Wang 55 A UV sF DDI i EUT 45 R4 £
BEUE T — ol ) i T4 R S AN 0 3 R ) DDI b U A,
T3 F R SO B SR A TR 4R v 28 5 AP 4 ) A
1.2 il og

HOE B 1 B TR AR AL 2 S0 M R s . SR
M, BRI B s (0 FE i ph b, AR m &, FERT,
HeSEORERM. AN XL, AN BB FIF R
AR 5E (DAY HAR AR S v {5 A5 18 s B %
Fi o sing, AMUFEHIEEN SR, TRy REUEEM
O, AT SR A A () R IR T I A R

H¥E 8 5 5 TG T 0N R TR ) 7 7. EDA
(easy data augmentation) 7 A I T MU 1 7738, 40 [A) X
W, BENLIEN . BENLAC B R BE LN R S5 BRI 4,
Abdollahi %5 A VS E T B RCHT 0 T U vk — Bl
ARG G Ik, MRS T AR S Tk, 8
B A R G B PR 7 SCAR B . BRI, Xy VA T I — 2
JRIFR, U ERAE B 5 A 5 S bR A AN — B AR B
FRERK I KRB —BE.

BEE RS IHARI KR, TRFEHIFFIRIRRIE TR
5, WuZs AU B T C-BERT #E%, HLil it BERT Bt
HLE: e B R SR bR IE SCA . JAESR, KBS B O8N
— AN, 1 GPT-3", Llama2!™, ix Se 4R 7F 5 44T
Fp R THELRIRE ), JRHES) T ORIE S AL RAT . Rk
A % 5K AN HOR T B0 1 SR AP 5T b DLER TR Y 1 M
Dai %5 N PV H T — Fh 2k

T G A G, BIGRVC G, AR AN R o 0 1) B0 1 5 5
W& o IX SR AT KT 5 Y BE N A ORI SOARARAE S5 14 [ R
T ORAEA I 5N A 7] 2 1) 22 A2k
2 REFGE
2.1 HEARHESL
ARSCFAE I JE A ZE EZEAFEP A 4r: (1) Text
Augmentation: I KI5 F Y 70 A EUR &, AT I
KB F AN Llama2;  (2) Text Classification: 18 A&
AU T 253 A i B AR AR SR &R
BRI 1 Pron. EY, A Llama2 #E4T $E 1
TRAR RGO S . S, TR MY R 0 5 SRR R R 2
& — W H BERT J£ /T DDI Fildl . ix — i A% 1 4% 0 42 T
A P 8 5 O SR AR TH R IR B3R (¥ 2 AR, R BERT A2
EIPRE RN E S i

2.2 HF Llama2 (AR 5

N T AR BT SCAR KR, AR SO A Llama2 1F v
AR, I AR R B SR AR OO S . Llama2 SR
I GPT &R HIZBLH Transformer 2244, 1Z M0 B E = 7
Bl (Self-Attention) SZHLXH A 7 51 (1 4 J3 AR B g Ae,  ff
R RS PR 3 7 1) b A B 2 [ OC R
2.2.1 FEREIIHLEI

I3 3 I J2& Transformer (4% 0o 2041, Hol- &l 2
Al LARIR A

i QK"
Attention (Q, K, V) = softmax |74

NED
Arf: Q. K. Vsl AEAE M (Query) . £ (Key) FAMH
(Value) H5FE, d NEERIYEE. 1F Llama2 1, HEE 1Al
Hlg N TR — 2 M2 kiR )] (multi-head attention) fRERL
o, fASASETRY BE A A 7] 14 7 (8] TR SR BURFAE .
2 SRVE R UL )l 2 ANE R S S IR AT AL B A Y
F, AR B0 5 2 [0 o R AE . Fh B R
MultiHead (Q, K, V) = Concat ( head 1, ..., head ,))W° (2)
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a. Text Augmentation |

DDI Dataset

ChatGPT 1) 3 A< Hi 4 4 58 7 2%,
A 25 2 S8 T 60 T B | oot s e
BREAN A SRR |

BOREA, W BB B IE T

ground in biomedical sciences..,
COT:We will proceed step by step..
':D Language Style:Please comply wi
the following requirements...
Output format:xxxxxx

Input: {DDI Dataset }

;‘ 1. Administration of @DRUGS can lead to increased plasma levels of @DRUGS.

~

/2. @DRUGS elevates the plasma concentration of @DRUGS.
Llama2

7\

\* 3. @DRUGS contributes to a higher plasma level of @DRUGS.

\

- snnee

PEAZREME.  Cai 25 N PV R RE I: Text Classification ]
5 FH K08 R D9 U0 AR R Original texts {
2 KA gt v o AR 1 R 2 SCAR S ;

2, BB R T gy | e w{

levels of @DRUGS.

Cimetidine: @DRUGS increases @DRUGS plasma levels
1. Administration of @DRUGO$ can lead to increased plasma =

2. @DRUGOS$ elevates the plasma concentration of @DRUGS.

BERT HCIassifier—( DDI type )

iiK. Zhang %5 N PP 4R H T 3 B

B 1 AR BARAR R
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b, AR T 0N
head; = Attention (QW?, KWE,vwY) &)

Kef: wl whke wl R Q. K. V& E IR B wo
R H PR S
2.2.2 B R A e K

Llama?2 3% A e 17 B 45 (rotary position embedding,
RoPE) k%t token (14 B 5 5 . RoPE ji ik ¥ 1d] [ & e 5%
K52 1 BEORBE A gm i A B A5 B, HAERIEAN:

ROPE (o 0 = [ (0 L e ] 4
X x, AE m MIENFE MR 0, Ak MAE.
TERTBAPHE M 45, Llama2 fi1H T SwiGLU i ik 41,
XENHME S GELU MBI B . SWiGLU f B4 RIA -
SwiGLU (x) = x - a(Bx) - (ax) (5)

qf: o FRIR sigmoid BE; a F1 BNTI IS4
2.2.3 HEALYIZR KM

Llama 2 F P 5 5% HI R FRE 1) O G B 2% > . B AE
292 J5ALA token BT INGR, BOERIFEIER T, 5.
SRS 2 ME R ISR B AR AR METE A token [ 5T
AL«

T
L =—Z log P(x¢lx<¢) (6)
t=1

A x, TR ¢ /) token; x, RN ¢ ZHTIIFTA token.

NPRTERAILERE AT 55 LRI, Llama2 #E47 T #5 4
ORI T N R A 345 2] (RLHF) o 3X — i FR A8
TRV R R R AR A N, R 5 0y SR A
B4 Hoh RLHF J7 72 2 38 i 38 46 5% 5 A1 o 52 ms AR 1k
SRR AT IR AR LA . 7E RLHF By Bt BBLIE AR5 il i i
R 55 R ek (R IR EAT DT DR 2 Tl AR B 1) 4 AT 4 24
FFIEA

3 XA

TR G RN R, AR AT AR AR R 2 A
SR ZREF 1) BERT #EAUAEON5C A 70 K85, Hrh BERT (191
JZ 4 HHAFIE h ATLARIR A

z = (2,21, 23, - Zp) 7)
Az RERAIRE R CLS FRCHIRIR . FESCA K, 1l
OBz BN B MESS R 7 S b DUBEAT B 4 Tl . SR
M, {EEFAEERED RIS T, @3 BERT ol A LIS
A NHERIERE . KOV B AR & SO B I L4 Al 6t
Ziz e .

TR R, AR SCAE T R 4G HdiE 4R AE I Llama2
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AE I SEAR KU S — R A0 BERT. I ELFT 46 (1) H b iR
BORZE SRS, B, ¥z Bl A aEE T, HT
IR AT 73 28 3«

y=Wiz +b, (8)
[ W R b, RTINS SE, HH HERRECN:

c
Lep == Z Z YacInYac 9)

dep' c=1
A CREHYERE, TR BAREERE R0y, 2
FLIARRE

3.1 R LR
[T A i b A5 5 SRR O 14 B 1] e 2B 18 1) S A
A A R e A I R A A 1) 2 R, SR
$E7R 1T.FE (prompt engineering) 77755 KiE S5 AR AT A H
W 1 FiRn, XM “HoR” 4 ANFEEIS AR, IR,
BYEEE (COT) ARG S MUK .
(1 REIEEREFT R

i

B SRR 17 A 0 AT 52 (75 SRR

L]HI

B T SRR SO V2R 8 25 1 e
TEE NG| LR A B T R R AR
i Ag st | BRI R B A A OO AR A% X

FEASCH, FET R DY R i 1 A OR R E H
FRBEA, BARPNEIE 2 s, & A8 RZ O Bl
PR SR IEREARA R T 3 2 AL SCA i -

/—{ Prompt templ

Background

You have a background in linguistics and biomedical sciences, with proficiency in
understanding biomedical-related English texts, particularly in lexical analysis, syntactic
analysis, dependency parsing, and entity relationship analysis. Next, [ will input a set of texts
along with the corresponding relationships for each text. The relationships refer to the
interaction between two drug entities within the text. All the text data comes from the DDI
2013 corpus, and the relationships arc explained as follows:

The DDI 2013 corpus contains five DDI types: Advice, Effect, Mechanism, Int, and False,......

cor

We will proceed step by step using the background knowledge provided:

1.For the given text and its entity relationship, explain why each entity pair is assigned the
specified relationship in the text,

2.For each entity pair, list ingful dependency
relationship.

3.For the specified dependency, list meaningful core examples based on the current entity
relationship.

4.Based on the dependency combinations in steps 2 and 3, rewrite the input text. It is strictly
required that the rewritten sentence includes all the given entities and that the relationships
between each pair of entitics arc not altered.

5.Ensure that the semantics of texts with the same relationship remain as similar as possible,
while the semantics of texts with different relationships should be as distinet as possible.

les according to the given

Language Style

1.Please also strictly adhere to the following requirements:
2.Use English and follow the style of the original text.

3.The contextual logic should be reasonable.

4.Do not reply to or continue the given text.

5.Rewrite cach text six times.

6.Reasoning is needed but should not be displayed in the output.

Output Format
The output format should be......
Input: ......

B2 RFHEAR
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3.2 SUARTTAR

AL 5 Alberti 5 N BT 10 [ & — B0ME 7 7%
(roundtrip consistency approach, RCA) R$&F+ AT &,
BRI, &5 3R I 0 75 R R 700 B Llama2 4E
BRI SCA A (R 250 AH HAE I OG&R, NTTRA DR T ) &5 R 5
JRAESCAR IR R — 8 TH 3 MR FESHUN AR B 2= T 25
TG 5 RO TN SO th 250 SEAR ) OG FR o W AR R A S
R TR 45 H 5 AR HAR 1K 08 R — 30, MR B 4% SR 2R -
IR OB LTI N R IR IR IR O B 3 A% G B 1) SO K

4 I

4.1 BHREAEN HE AR

N T BB OC R AR, A AT H AT 254 18] AH
AR R R HEBUT 5 o VS ER 42, 2R H T DDIEx-
traction 2013 f£ %% . HIHHE AR 5 FIERFEL: Mechanism,
Effect. Int. Advice fl False. L1 False £/~ 254 2 A AN B
BHEEHXR.

AR G2 Precision. A [FIZ Recall BLJ F, HIEN
SRS RPN FE bR . IXSeFR AR E R A s Ty
o7 ks, BRA R0y

b TP
“ TP+ FP (10
R= TP (D
" TP + FN
_ 2PR (12)
'"P+R

A TP IR IEFAIR R EG FP RTINS — KR H
AR R R EL, BURIER]; FN o ARBE T 2% R4

4.2 FEGZER

N TR VT A BT AR VR A Rk, AR S S Pub-
medBERT H1 SciBERT fF Jy Z: fili (0 TR I SR L Y. 15 %6, 1E
Llama2 FAE 50 SCAR,  JF FOKG X B8 SCACRT IR 4 50 42 00T
e ARG, A IFE RBEE R OIR TR T
P BRI SRR BOR, BB T WA FE SR E . 5
— AN T AR O SR AT O SR AR A RN TR
BRSO BT O . FETA SE T, A A I OR N
932, IRFHIKEER 256, 23R 4e-5.

F 2 JRIR T AR ST Y SRR T 9 ) SR 45 R
Horh DA AUERATH 7 HEE R BRI W RLE ARSI
4l 18 9% J7 1 4E PubmedBERT 1 SciBERT _EYJHUS T R4
Itk fER TF. o 7F PubmedBERT L, %77 vE M T R 4k
BRI FOAE 3T T 1.63%, SciBERT WFEFF T 1.19%. X
Segt QLR B, ARSCTHE A 7 VETE SR TS AL 14 B 7 T LA
ERR.

k2 FHER

Ji Precision Recall F,
SciBERT 80.19 77.68 78.92
SciBERT+DA 80.58 79.65 80.11
PubmedBERT 81.03 81.69 81.36
PubmedBERT+DA 83.21 82.76 82.98

(i S 3 K6 P AS [0 800 PO 84 s SO A TR A RE A
SN, B 3 R, L None #os RAE IR SCAS, ATLLE
HE ] 6000 ZEIGaRFEAIN BAT S 1k RE -

83.5 4
83
82.5 4
82

g 81.5 A
\/3; 81 4
i 80.5 4
80
79.5 4
79
785

None 3000 6000 15000
9 SCA KR (%)
Precision Recall Fl-score

B 3 RE 3 5% ARG 2R AT

MFEARHE Y 3000 B, EAR A TERERSE T FE, (HABA
EASEE FH SCAR B G5 R R P RE SR . BRI, MFEAER A
15000 i, HEBIEIVEREA BT FIE, XA ATRE R S 2 iR ok
TWEE . SRS, OSSR T A G DR AE A
TR 1) A R AR K 7). (AR BRI s AR B ST
TR, DMRIEBAERR AR . A 70T LAIE— D4R
RS AR, FFSol SR, DRI BE

5 Z5ip

FEASCH, SR T — Aol B 3 9 T i T A A I
VEF R A 5 HAR T AR, Bl 8 5 05 32 5 fei i A
R AR RIAE I S T AT BRI e, DASE s Al 1)
— AL, JF HIE N — SRR AR T SCA R R, S
W g R, A AR 5 R AT Bt 1 o ) DA AR T
R AU H PR RE -

SR IR T T AR A G2 g A W R 2 AU ST A 4l AS A2 1) i
ERIR ARG R, B ES PR T, BT
Llama2 k= TV GURIR,  HaTRE &7 B AR G 5R 45 2R,
P P AR 2R 45 400 2 ML TR 1 s LR R, BLiE— 25
B v 2 B I SR AN 2R . W N 2545 RS AR T AL
P, DASEAF AR S . BRI, X I AR N R R
W% = Ak ) e A ke ) LB O T BRI AT RN B T I

SE
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