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Number of compounds

Potential of Generative Al in Drug Discovery

e Drug discovery is a very time-consuming and expensive process
e Generative Al has been getting attention to accelerate drug discovery

Research / discovery / pre-clinical Phase 1 Phase 2 Phase 3 Reg. approval

1-2 &

0
63Iy 31 n/o 50 / (1]
30 % success rate f?om success rate from  success rate from phase

success rate from discoveryphase 1 to phase 2 phase 2 to phase 3 3 to regulatory approval
to phase 1

https://www.efpia.eu/about-medicines/development-of-medicines/smes-in-europe/



Unique Challenges of Generative Al in Drug Discovery

e Extremely limited data and complex atom connections
are the main challenges for Al to generate molecules

Extremely Limited Data Complex Atom Connections



Types of Generative Al for Molecules

e Fragment-based generative model can generate more
realistic structures
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The Selection of Useful Fragments is Crucial

e Fragments are akin to words
e Understanding sentences requires knowledge of words

and grammar
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Model Overview

Al model predicts molecule
decomposition (extracts words)
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Experimental Methodology
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Experimental Results

e Our Al generated 64 new and synthesizable Acrylates out
of 1,000 samples, whereas the state-of-the-art model
produced only 39. (60% increase)

Results with 32 Acrylates

Model Valid | RS | Unique | Novel | Cham. | Div. | Mem.
GraphNVP 0 - - - - - -
HierVAE (w/ft) 100% | 0.98 | 3% 100% | 0.44 0.67 | 0%
HierVAE (w.ft) 100% | 0.56 | 32% 95% 0.20 0.77 | 0%
DEG 100% | 0.33 | 70% 100% | 0.63 0.87 | 45%
LVSEF(ran) 100% | 0.35 | 72% 100% | 0.60 0.84 | 51%
LVSEF (bal) 100% | 0.44 | 63% 100% | 0.52 0.84 | 51%

Sample fragments
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Future Work

e Apply this Al model to real-world drug
discovery (KDM4 inhibitors)

e Develop an Al model that can modify

molecules while preserving their specific
functionalities



Thank you very much.
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