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Problems with standard docking studies:
 Semi-empirical or knowledge-based scoring functions
e Rigid receptor

Goals of this Google Summer of Code Project:
e Train a CNN on docking with flexible side chains
 Implement CNN optimisation of flexible side chains

Workflow: github.com/gnina

o Discretisation (gridding) if protein-ligand binding site (3D)
« Computation of atomic densities for different smina atom types

Implemented in gnina, a deep learning framework for molecular docking

\ / e Standard CNN machinery for computer vision (w/ data augmentation)
Flexible Docking . -
Flexible docking principles (with smina): PDBbind 2018 [4]: =2 =2 =2
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