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[Abstract]

Traditional drug development requires significant time and substantial costs in introducing a new drug to the market, and the
high failure rates result in low efficiency. To address these challenges, innovative approaches utilizing generative models have
garnered attention. In this study, we propose a model based on a transformer decoder architecture that learns structural information
of compounds in string form to generate new compound structures. Specifically, by embedding scaffolds extracted from
compounds into the model input, bond and atom information are simultaneously processed along with scaffold structures.
Evaluation using benchmark datasets demonstrated that the model with scaffold embedding achieved superior performance in terms
of validity metrics, recording 0.964 and 0.986 for each dataset. By introducing scaffold embedding into the molecule generation
model, this study provides an effective way for generating molecules that adhere to chemical constraints, and is thus expected to

contribute to improving the efficiency of artificial intelligence (Al)-based molecular design in the field of drug discovery.
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Table 1. Statistics of data used in generative model

so = oulE sh0H) ko
BEE A, &
10 WAHo] 3

Dataset Train Validation Test Total
GuacaMol | 1,260,532 78,762 236,374 | 1,575,668
MOSES 1,584,079 | 175,984 176,225 | 1,936,288
SMILES

Scaffold extraction

standardization

I

,

Add padding token

~ Define vocabulary —»

J8 1. ololgf &MA2| nhy
Fig. 1. Data preprocessing process

?

Add special token

|
Define regular

expression
patterns

219

St Transformer 7|2t AH 22 2XF A7

Tor
o
1o
10
]
N
Bl
Bt
i
m‘&‘
|'0|

3, B2} Aol S3he RES F7)ste] SMILES AlA2
2 gido g AASEE AASIET 28 2= B ol
A AR A REC] WA FRE vERith REe QlHd
glolole} te] tmir] E=ow AW gulYg #lolo]
oM lEE SMILES Al@2:9} scaffold ARE 2 ¢
ol 23 Fej gkt B g Eoﬂ 7t Ba
el As Y WE R Milela, A JHdS Bl =

S e
1)

scaffold 745'_3 g slela, A4S WF o5 Jerdx
o] g} A3lsh= WS ARE-gic) Tgk, 2Elo] ofEl

A
HAYFNA scaffold wl=TE &85k scaffolde} Al
22 2h9] A AE-S Aokt scaffold Ph~E o "I

250] AL Al Scaffold oy} AP o] EE 7T A4S
2hgoll THsAE Y ApdkskE A gt A%
o7 wmpadE HHX] 7)o} A2 ool BH A=,
scaffold W& & Alg2 ol s ojeldo] Af-5FA ol
FOIR == 3-8 A|qt scaffoldet Al@2 7he] B Q%
RIS Aetelt) o]2 B3l Rale scaffold FHol| wjgh
FTOEE 24T g o, ek A9 scaffoldell Y HF
SEAY Al A Ao HEE *’F NEF FE2E k¢
] E52 "Wy & ol v E9E A, golof
Aarsl 4 2z AA= FET 7 v S E5004 HH A
IR I Bt d e b g =
hyA

Attention (Q, K, V) = softmaz (

head, = Attention (QW, KWX, VIV}")

MultiHead (Q, K, V) = Concat(headlv__)headh) we (3)

o) AolN BEACR Qn A, Kt 7], Ve W
FE UL 4 (DA e 719 A9 e
w98 P4 o KT 7))
ARG Jeharh 59 @ we, W, W= 28
Eofl g 85 7Fs @ 1A AL JERIM head, & i9
A o 8IA SIS eJulRT) 44 (DellA] WO HE Feo
= agay] 99 S Ahsd 1EA Bde e ai
oleld F=e) S ejulFiy,

http://www.dcs.or.kr



o
]
T
R
P
[

o
]
ir

[ SMILES distribution ]

é)._
[ Feed Forward ]\

I

Layer Normalization ]

F

[ Multi-Head Attention ]

—

Layer Normalization ]
]—
Scaffold masking

1

)

nedding |
[ )

a8 2, d4nd 7x
Fig. 2. Architecture of the generative model

2) s 944

A rLdle] shaabd 2 19 3ol AlAstE o] gler, ¥
A2 dlolEj o 2hll HlolEj o] Ag]E T4l o= o] FojXith
Aqe A~ vlolE= 18 Hojo] AR YA st
T Aeolm, o] Rdo] dvkd ¥ HolE fAske
gt 2bi dlolE= E Al vlolEA A HAl B
AAskaL, Alfze] Eell Y EFS F7isto] 49
o] A2 mdo] thy EES o 53keS SH5A1717] 9
Aoz, Alfx o] zt fXelA thaell & ESS 4w
= AR = A8 A (1), 2y, 2 s, O T
a}
°

3

==

351]]
=

Hlo|E &= [IE2,ZE3,ZE4,...,ZE <pad>] & ARG 2
] NAAE AElste] SMILES B2 B3k 24
Zgglit) o] 2412 HHlo] HE &9 dlolo]
=, ZF fIX]ol|A] theoll & EFol gk o F A
vehdth 2419 2k oFxPH Y] A7]9F dstA,
EZ gigt 4= 3% T+ 3L
S5 gollA] Rele e 24 g3 A g dlolEE
A2 focal lossS A}
TAE ¢hslatarl ofee sl oigh
Zyalatoltt. focal lossi= 71E9] WAk QIERY] &4
7R E Fofate] & EREE A AEY 9
Al7]aL, ol AlEel O 2 7AE o dith
StEol e 54 Bl o] vinatA 57
A&, focal losst o213t B4 dS dsiA A #3337

n’

i
[

EN
g3t U= B

SN
Biyees

_|>:1,
ox
o
o

,

o o e ot

http://dx.doi.org/10.9728/dcs.2025.26.1.217

220

ZX|(J. DCS) Vol. 26, No. 1, pp. 217-223, Jan. 2025

I3 3. MHRY S

Fig. 3. Training process of the generative model

Q’Q 2 Eay KN

T

sk
-

)

gt Dol FEH ] 3l

)
poS

FL(p) = —a « (1—p,)" « log(p,)

p, © dF FF ol dSpa H2A FHatte]
YepdL) o 7FeA] o, Btdd &9 Fefjl ©
NEAE = v AFEEL 5 2R E, 2 B
o tial 7k S Fola, ZEE AZd di&) 7leAE o
= 9ge sk

dlolE AR o FALd F7)u Aol A|d 2~ Ho)7) v
izl 747 AgS Jsilon, 488k sto| et E =

29} At

=

(i)
HE ooz -~
we U o

—

-
3t

vy

E 2. M| MgE stolHui2io|H
Table 2. Hyperparameters applied in the experiments

Hyperparameters Value
GuacaMol MOSES

Vocabulary size 96 28
?l\/?gfdszgﬁleoncckeslzr?gth) 102 56
Max scaffold length 102 50
Number of attention heads 8
Embedding dimension 512
Embedding dropout rate 0.1
Residual dropout rate 0.1
Attention dropout rate 0.1
Weight decay 0.1
Learning-rate 6e—4
Number of epochs 5
Optimizer Adam
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Table 3. Performance evaluation result by models

Dataset Model Validity | Uniqueness | Novelty

Model
with
scaffold
embedding

Model
without
scaffold
embedding

0.964 0.957 1.0

GuacaMol

0.663 0.975

Model
with
scaffold
embedding
Model
without
scaffold
embedding

0.986 0.927 0.922

MOSES

0.819 0.912 0.983
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