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Generative ML-assisted molecular design pipeline

Machine __|
learning

| Chemical database construction
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(Sub)structure-
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Molecule optimization
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Structured-based

drug design

Ligand-based
drug design

) Hit identification
Qﬁ& Lead optimization

Generative design
Virtual screening

Candidates

Molecular docking

Property prediction

Pharmacophore mapping
Similarity search
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Machine learning-aided generative molecular design. Nature Machine Intelligence, (2024), 1-16.



I. Introduction

Al-Based Generative Molecular Design Methods

CVAE, GraphVAE, JT-VAE, DVAE, RationaleRL,
ChemSpacE, QMO, GraphNVP, AAE, ORGAN,
MolGAN, MolecularRNN, ChemTS, REINVENT,
DelLinker, GraphAF, GraphEBM, DiGress, GCPN, GB-
GA, GA+D, SynNet, AutoGrow 4.0, Reinforced GA,
MIMOSA, GFlowNet, GraphDG, GeoMol, E-FM,

EquiBind, Torsional Diff, DiffDoc
3D-SBDD, 3D-Scaffold, Grap
EquiFM, DIffSB

+and a lot...

K, IGAN, G-SchNet,
NBP, E-NF, EDM,

DD

What is your “IDENTITY"?



I. Introduction

Autonomous Process/Product Design

3 Development of Artificial Intelligence-based Design Framework
To Design Techno-economic and Environmental-sustainable

Products and Processes Simultaneously

I. Material Inverse Design Il. Optimal Process Design

§ Closed-loop optimization through derivative-
free optimization (or Bayesian optimization)
§ Materials-Process multi-scale mapping tech.

§ Reinforcement learning-guided combinatorial
chemistry for extreme property
8 Active-learning for DFT sampling

[

i Train data

/ RL generated
_—

H,N.

Probability

Sample
~— ,
Property

Move traditional inefficient and non- - -intuitive sequential design procedure to
Simultaneous design space A “Design Paradigm Shift in Process Systems”
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II. Generative Chemical Transformer (GCT)

Characteristics of Molecule Structure

SMILES: artificial language

@ ©

Geometrically close pairs



II. Generative Chemical Transformer (GCT)

Characteristics of Molecule Structure

Non-Hamiltonian Graph

String: @@@—@@@@@lﬁ —il@@@@)

Semantic discontinuity



II. Generative Chemical Transformer (GCT)

Characteristics of Molecule Structure

Natural Language

Yesterday | lost my dog on the way to a walk,

Semantically close pair

and my mom found him in the park.

“Let’'s use Natural Language Processing to teach Chemical Grammar to Al”



II. Generative Chemical Transformer (GCT)

Transformer: Attention is All You Need

Google

]
| xn ?
Self- Feed Self- Enc.-Dec. Feed
Attention Forward Attention Attention Forward

T Trangformer’y encoder T Tra

Latin ‘Initialor generdjed tokens irjprevious step English

Step 1: Veritas LuxMea | BEEES 0000 s The

Step2:  Veritas Lux Mea [<s0s>] The [N N

o S
StepN:  Veritas Lux Mea [ is I my] Imﬁ. Stop if is generated
£ x g 2 25 , 2 225, 2z
Veritas <sos> Veritas

Lux The Lux

Mea truth Mea

Transformer model for Neural Machine Translator (NMT): an example of translating
Latin into English.

Vaswani, Ashish, et al. "Attention is all you need." arXiv preprint arXiv:1706.03762 (2017). citation: ~139601 times




II. Generative Chemical Transformer (GCT)

Generative Chemical Transformer

O,
‘q Na Research Group
A Advanced Manufacturing Systems Laboratory

x N
Self- Feed Self- Enc.-Dec. Feed
Attention Forward Attention Attention Forward

concat (T’ Transformer’s encoder

X

Chemical formula (SMILES) Properties ([0, [N, [@138))  Initial or generated tokens Reconstruction
Step1:  clecc(cc!)C(=0)0)0 D EHE@®W»E @@= EE 0 e Lc
Step2:  cleee(c(c1)C(=0)0)0 (c _emmmmmmee

S
. . . . a-——"" .
StepN:  clcee(c(c1)C(=0)0)0 il n-0 <eos>

logP: Wildman-Crippen partition coefficient
tPSA: topological polar surface area
QED: drug-likeness
11




II. Generative Chemical Transformer (GCT)

Generative Chemical Transformer

Inference process

Sampling a latent code
x N
Latent space Attention Attention Forward

X

Target properties ([0, [EJN, [el=8)) Initial or generated tokens Molecule generation
step: EEDIEEOERN @0z @88 092000 e
step2:  (EIEE <sos-] C IR
DU
. . . a-——""" .
Step N: <sos>JC]c] (J=-]o]) Il IO}
|

Convert to Graph
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II. Generative Chemical Transformer (GCT)

Visualization of self-attention scores

4-(2-aminopropyl)-2-methoxyphenol 5,6-bis(p-methoxyphenyl)-3-methyl-1,2 4-triazine

s
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II. Generative Chemical Transformer (GCT)

Results of Comparative Study

0.66

= GCT-Expl

& 0.64{ GCT-SGDR // GCT-Exp2

§0.62- oV’AE.,.‘... _— GCT-WarmUp W
g AAE o GCT-Exp4 _
+ 0.60 1 / e CharRNN =
9 0.58

ks GCT-Exp3 )

> e
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Novelty



II. Generative Chemical Transformer (GCT)

Multiple Molecules for Single Target Set

a 3.5 —— Precondition set
o 2+ Generated
215

0.5

95 25 Lo at
< 80 —— M ac . Yt e
A IREIL-CRE e Sidneags - T

50 os— Tt Pt

#1 #2 #3 #4 #5 #6 #7 #8 #9 #10

n 0.8
o 0.6 i

0.4 : ——
" #1 #2 #3 #4 #5 #6 #7 #8 #9 #10
c
250 + + :
2 40 «  Length of latent code
“§ 30 \\ : “ . Generated
E 20 ® . .
2 #1 #2 #3 #4 #5 #6 #7 #8 #9 #10

Precondition set

Possible to generate multiple de novo molecule designs!
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m. Reinforcement Learning Driven Combinatorial Chemistry

Fragment-based RL for Molecular Discovery

V Supervised learning-based model cannot generate molecules which
have unobserved properties

A
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m. Reinforcement Learning Driven Combinatorial Chemistry

Inverse Design: Previous Research

» Necessity of inverse design using Reinforcement Learning (RL)

Deep Learning-based Models

® Samples in database
® Observable with DL

\ B Unobservable with DL (extremely high/low properties)
@ Unobservable with DL (hard to coexist)

Property 1

~

Property 2

V Impossible/Hard to generate molecules
with extreme properties

H. Kim, H. Choi, D. Kang, W. Lee, J. Na.*, Chem. Sci., 2024,15, 7908-7925

Combinatorial Chemistry
+ Reinforcement Learning

= NGram
LatentGAN
AAE
VAE

= Combinatorial

Distribution

Distribution of logP for various methodologies

1 Environment ]47

V Molecules with extreme properties
V Leam policy for molecule generation

action
A

17




m. Reinforcement Learning Driven Combinatorial Chemistry

Fragment-based RL for Molecular Discovery

Combinatorial Chemistr{notarized in 1982)
Example ) )
v Products U /©©F "%V OHB—
(combination of | Ty y =N
= o N = \/\ﬁ i )70\
o S
kL A
Rule-based + 100% valid
Randomly select fragment = inefficient:

Combinatorial library
(set of molecular fragments)

Pros:
* able to generate any molecules

physically possible, out-of-training-
data-distribution

Cons:
* lack of policy toward the given

Distribution of TPSA data

Density

targets

0 100 200
TPSA

APPL'RLio Combinatorial Chemistryo get ALDrivenFragment Selection POLICY
18




m. Reinforcement Learning Driven Combinatorial Chemistry

Fragment-based RL for Molecular Discovery

RL Training Loop

Randomly select a starting fragment ' O
[(TTT M TTTT ee[F— L

Set the starting fragment as current intermediate QOH

—5 +r—

uoneulquod juswbely

—  Mask the combinable fragments and Policy select one among the maskelri

[TTTTTTTT - I——'.I,\\.

Combine the selected fragment with the current intermediate

H{\N O:l-_m‘——{/{\\l\(\)oj\‘
H

OH OH
Potential output Updated current intermediate
Evaluators Evaluate the potential output
Information of the potential output Reward

Replace the current intermediate with the updated current intermediate

No

Is one of the termination conditions satisfied?

Yes

Update the Policy and Terminate the current episode 19



m. Reinforcement Learning Driven Combinatorial Chemistry

Fragment-based RL for Molecular Discovery

Target Molecule Generation Target Tracing

logP

16"

H,N \/S/1 4*
randomly selected /

HN-N
bg— s, bs — a,
S

&y
Target hit
& < threshold

20



m. Reinforcement Learning Driven Combinatorial Chemistry

Computational Experiments

» RL-CC: Reinforcement Learning-Driven Combinatorial Chemistry

Multi-target properties Binding affinity towards 5-HT,g HIV-related target properties

logP

o Generate molecules with extreme
properties, which deviate from dataset

= Considered logP, TPSA, QED, HBA, HBD,
MW, DRDZ2; Properties related to drug

logP

A

/
/1N
ggg;’ e

W
HBA ’ w0 QED — Target
o Showed better performance than deep
learning-based model on extreme points

5‘:!

5“

Fundamental
understanding

=

Generate molecules with I(;w binding
affinity towards 5-HT 5 receptor

04 ]
* *
-5
. -9.70 -820
-12.90
. 154 Pz
-18.

1 [ RL-CC (Ours)
[ FREED
[ ChEMBL

RL FREED ChEMBL

0 Showed better performance than existing
reinforcement learning-based model

-
o
1

Docking Score
o
1

[
(=}
L

-25

T

HIV-INT

HIV-RT

(0 Generate molecules with low I1C5, value for
3 HIV-related targets (CCR5, HIV-INT, HIV-RT)

Method CCR5 HIV-INT HIV-RT
ENAMINEBB 8.63 6.71 7.49
RS 8.79 7.25 7.65
GCPN 8.20 6.45 7.42
JFVAE 8.15 7.25 7.58
MSO 8.68 7.28 7.76
PGFS 9.05 7.5 7.89
RL 9.11 7.17 8.01

(0 Showed better performance than any other
models in two properties(CCR5, HIV-INT), and
similar performance in one property(HIV-RT)

‘ Reatworld Problem

21




m. Reinforcement Learning Driven Combinatorial Chemistry

Multi-Target Properties: Drug Discovery

Reference Data and Targets with Extreme Properties (Se&ariliary Indicators for Drug Discovery)

logP

QED

® ChEMBL training set
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® Extrapolation targets sampled from PubChem SARS-CoV-2 clinical trials

Performance evaluation for test set
(distributed in trained area)

YOO. v B R R R W
Model logP TPSA QED HBA HBD MW DRD2

cRNN 0.379 5.476 0.081 0.932 0.223 5.954 0.113
GCT 0.368 5.109 0.075 1.204 0.247 8.272 0.098
Average0.373 5.292 0.078 1.068 0.235 7.113 0.105

Averaged 'Y 0 "Y@re used for target bound of "Q



m. Reinforcement Learning Driven Combinatorial Chemistry

*cRNN: Nature Machine Intelligence 2020, 2, 254-265.
= GCT: Journal of Chemical Information and Modeling

Results of Multi-Target Properties e s

9 elg & > & ® S ® & o

All generated molecules

4
RL-CC (al) = -~ 10 2
. e 1 OS =
RL-CC (unique) ~ g_
(]
cRNN (all) 102 3
cRNN (unique) = = = = - 10" 3
GCT (all) 100 g
- @
GCT (unique) = 0 »
5 target-hitting molecules

4

RL-CC (all) 10
. P 103 =
RL-CC (unique) = 3
o
cRNN (all) 102 g
cRNN (unique) . 101 cg_)
GCT (all) 100 g
N c
GCT (unique) = = < = " 2

7 target-hitting molecules

RL-CC (all) 10¢
RL-CC (unique) k 10° £
cRNN (all) 102 %
cRNN (unique) . 101 %
GCT (all 100 8
GCT (unique) = = _\_ 0 %

“Only RL-CC can generate molecules which has unseen target properties” .




m. Reinforcement Learning Driven Combinatorial Chemistry

Lead Molecules Discovery (Ligand-Protein Docking)

Application to the discovery of protein docking materials

Lower is Better

QVina2 : docking score prediction
Docking score @ - (binding affinity)

a ‘ b
o)
-5 - : 7*\)1\
-
o
&)
wn
D-10 | :
£ 3
x " . 5*
o 142"
v -15 +
A841°
-20

RL-CC (Ours) FREED ChEMBL

" Mean I RL-CC (Ours)
— Median Line I FREED
Generated molecules [ ChEMBL

To find molecules with high binding affinity for 5-HT,z receptor

» Reward = - (docking score)

0
OH @\)\
! @7* o OH
CHEMBL412355

CHEMBL1583499

@)

CHEMBL1726441

HN. T o
s
S

24




m. Reinforcement Learning Driven Combinatorial Chemistry

° ] ] n ]
Lead Molecules Discovery (HIV-inhibitor)
Application to discovery of HIV-inhibitor
HIV-related target(CCRS, HIV-INT, HIV-RT :
getce ) Reward = predicted pICg,
PIC5,(=-logiCs,) prediction QSAR model:
* |Cgp: half maximal inhibitory concentration
Method HIV-RT HIV-INT | HIV-CCRS

L 10- = Mean B RL-CC (Ours) ENAMINEBB 7.49 6.71 8.63
8 A o 911 — Median Line I Random RS 765 725 .86
+2 et 3 Generated molecules
218 Ti _ - GCPN 7.45 6.45 8.62

i | 3 — - JT-VAE 7.58 7.25 8.23
R2) o 3 R 6.84 §
. %_ 7 T%. _ 3 MSO 7.76 7.28 8.77
E B § iR " PGFS 7.89 7.55 9.05
-:IC—? = E : éE Thisstudy ~ 8.01 717 911

g il ;

CCRS INT RT *Highest score  *Second highest score
Training lteration
0 25 50 75 100 125 150 175 200 225 250
15* 0
S Y N, \/©[
O frag. 1 / 51 16* 16*
frag. 2
frag. 3 OH
frag. 1 frag. 2 frag. 3
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m. Reinforcement Learning Driven Combinatorial Chemistry

Can RL-CC Generate “Materials”?

Cc

(a,b) Thermally-activated delayed fluorescence (TADF), (c,d) Flame retardant

N o o] 5'\*;1 cl
N 16*
cl cl N
Gl ’5¥ Cl
O donor

e BRICS fragments s

acceptor

16”

CO‘ bridge

ant5-17bdt16

*@o
O\'II?,O
(@)

Tris (4-tert-butylphenyl)
phosphate

== BRICS fragments

2% %

|
L0
B |
< X
acceptor
16*
16*

BRICS
— fragments

, L0

Vi

16”
bridge

a0V

B (6]
|
? donor
37bdt6-ant2

d

oy

HO OH
4,4'-Thiobis

== BRICS fragments
16*:(:(16*
OH
g*
11*’8‘11* +

(6-tert-butyl-m-cresol)
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II. Reinforcement Learning Driven Combinatorial Chemistry

On-Going Projects

IMPERIALBETSY

Optimal Amine Solvent Design Material-Process Simultaneous Design
for Direct Reduction of Captured CO, for Multi-Scale Design of “Systems”
06—/{{‘7 7
s

02y TN Collaboration with
Prof. Yoon Jeong

o Hwang (SNU) &

CO, - rich amine cCORR  CORR Dr. Ung Lee (KIST)

(Carbamate)

Green Chemistry 25 (24), 10398

,i g ZBDE~93 kfaum; \ @) %
el e o w |
Non-PFAS Surfactant Design Stability-guaranteed TADF OLED Design
Sponsor: Solvay/Syensqo Al understand OLED degradation

27




V. Conclusion and Q&A

. Conclusion

 We are developing technologies thatenable 2 npmbsar | b npm
ggksjr | c mbydjusibgdAb-loased material design and process
optimization technologies.

* We are the first to implement a successful inverse design system through a
molecular/material design methodology with extreme properties using
reinforcement learning .

« Unlike generative models based on supervised learning, reinforcement
learning is specialized to create materials with the exact desired properties
gl _ kmpc cddgagclr k_|lcp* _q grqgq ns

* Currently, the methodology
1. Amines for Reactive Capture & Conversion
2. Multi -resonance TADFs with guaranteed lifetime
3. Precursor reverse engineering for atomic layer deposition
4. non -PFAS surfactant reverse engineering (with Syensqo).

28




V. Conclusion and Q&A
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MOIGCT: https://github.com/Hyunseung-Kim/molGCT
RL-CC: https://qgithub.com/Haeyeon-Choi/RL-CC
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