


~ Evolution of Computer-aided Drug Discovery (CADD) Methods ..~~~
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Accuracy in Describing AE. AAE

of System’s Energy in Mechanics-based Drug Design

ECEPP, Amber
CHARMM, OPLS,..
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f Currently, the most
commonly used Force
Field assumes
“Effective Pair-
Potential” and cannot
express the “Multibody”
effect that actually
exists..
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= NNPs can perform molecular dynamics
with post-HF energy accuracy.

= Calculation of the post-HF level of
protein-ligand can be accurately
calculated through the Fragment MO
(FMO) method.

= As aresult, itis possible to design new
drugs with high reliability.



Drug Discovery 4~6 years > 2~3 years > Drug Development Reduce ~30%>
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® CADD has dramatically reduced the time and cost of new drug development and has

become an essential technology in drug discovery & development.



Lomputing in Drug Discovery

Study MOA of Active Ingredient CADD screening
On a longer time scale, the use of QC is On a short time scale,
= Find structure-property relationships using QC could enhance current
machine learning CADD approaches by
= Predict the 3D structure of target protein increasing the accuracy of
= Expected to change the way we find hypotheses modeling to match ligands with

target proteins

Requires 5~
. 20 repetitions
Efflcac-:y to discover
_ _ Evaluation hits and lead
QC in the New Drug Discovery, compounds
= Reduce the number of cycle Synthesis of
repetitions Designed
» Increase the quality of optimized Drug Compounds
compounds Property

Evaluation

Industry reports, McKinsey Technology Council; McKinsey analysis ~ /



Increases the probability of securing a material patent by generating compounds with high novelty.
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- Virtual Screening Strategy in CADD
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__Expand the Chemical Space for Drug Discovery, Generative Model .
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Table 1. Comparing Generated Molecules of QuMolGAN and MolGAN in Drug Properties”
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Latent Space

Binding condition
ADMET properties
Physico-Chemical Prop.
Restriction-Clinical study
Iso-type of Target

J. Chem. Inf. Model. 2023, 63, 3307

z_dim = 2 z_dim = 3 z_dim = 4
QuMolGAN MolGAN p-value QuMolGAN MolGAN p-value QuMolGAN MolGAN p-value
number of molecules” 363 657 — 414 2163 — 511 3085 —
QED 1 0.489 0.475 <(.01 (.489 0.465 <0.01 0.473 0.465 <0.05
solubility T 0.343 0.324 <0.05 0.370 0.305 <0.01 0.317 0.298 <0.01
SA T 0.367 0.336 <0.05 0.310 0.307 <0.05 0.308 0.296 0.246
KL score (S)° 1 0.653 0.824 — 0.797 0.913 — 0.846 0.957 —

“Bold numbers highlight the better scores in QuMolGAN, compared to the corresponding MolGAN. Note that the QED, Solute, and SA scores in
this table are calculated from the valid and unique molecules. “Number of valid and unique molecules from 5000 samples. “From eq 2.
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Quantitative Estimate Qf Druglikeness (QED) Kullback—-Leibler (KL) divergence, Synthetic



__Two Ways of Expanding the Current Chemical Space for CADD ...

The methods to expand the Chemical Space for CADD may broadly consists of 1) extending the
outer boundaries of the current chemical space, externally, and 2) filling the empty spaces within
the current chemical space that remain vacant for various reasons, internally.

R,y

Expand Chemical Space Externally Expand Chemical Space Internally

PC2
PC2

PC1 PC1
Density of compounds in Current Chemical Space,



Diffusion Model

|
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from real molecules through repeated learning.
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eneiitin Classical-Quantum Hybrid Machine Learning - Diyelsify

Applying QC to molecular generation model

Generat

or

A/

Latent Vector
(Descriptors)

Reinforcement

Learning

0/1

Discriminator

Internal Diversity |

Training Classical QC-Noise/

0/1

Feature Data  Reinforce Reinforce
QED 0.461 0.470 0.480
Solubility 0.289 0.310 0.440
syntheability 0.327 0.310 0.660

External Diversity

t

Active
Data

reawre  Taiing. Clsicl QG Noise
QED 0.461 0.520 0.570
Solubility 0.289 0.450 0.440
syntheability 0.327 0.650 0.760

QED: Quantitative Estimation of Drug-Likeness

Kao, P. Y. et al. (2022). Exploring the Advantages of Quantum Generative Adversarial Networks in Generative Chemistry.
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um Benefit in Classical-Quantum Hybrid Machine Learning =

Learning Effectiveness 2 [
O 0.8
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. 3 o
(@]
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C i e o
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=X #1 : arXiv:i2207.00378, =X #2: arXiv:2205.04858, =X #3: arXiv:2211.05777 15



_ Efficient Drug Design using Quantum Computing

Expanded Chemical
Space

» The goal is to pursue innovation

= Diversity and generalization
performance are measures that
indicate the possibility of finding
novel scaffolds with desired
properties.

through novel scaffold discovery.

J

» Effective prediction models are
needed for important but sparse
data types.

= Accuracy and error rate are
measures of the ability to
identify compounds with desired
properties.
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Drug Design with
Quantum Computing

Noveltyf Risk‘
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r Simulation at NISQ & FTQC Era~

Classical Computing (Now) NISQ (Now) FTQC (Future)
(High-Performance Computing) (Noisy Intermediate-Scale Quantum) (Fault-Tolerant Quantum Computing)
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- " Molecular Generator -~ " Molecular Generator
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Protein Structure Pré
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Molecular Mechanics

2 _ = Molecular Dynamics
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= Molecular Dynamics
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in innovative treatment development companies
e that constantly challenge and research
. '.n.:ye"extend human_lj,fe-and -improve the quality of life
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http://www.baobabaibio.com/
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