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- Background

Generative Structure-Based De Novo Drug Design
(SBDNDD) is a class of Computer-Aided Drug Design
(CADD) methods using generative models to create novel,
valid, and synthesizable ligands based on design
constraints and the target protein’s 3D structure. The aim
is producing candidates with optimal ADME-Tox, drug-like
physicochemical properties, high target affinity and
selectivity, significantly accelerating early preclinical drug
discovery (particularly hit/lead identification and
optimization)!1l,
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We developed ITForge: an end-to-end, target-aware, Al-
driven pipeline for generative fragment growing in hit-to-
lead workflows, built by integrating and optimizing open-
source frameworks. ITForge addresses key SBDNDD
limitations, including mode collapse, complex multi-
objective optimization, poor docking scalability, and the
lack of an integrated ranking system. It combines the
SOTA generative model LibINVENT!2 optimized via
Reinforcement Learning (RL), with an advanced post-
processing module. The system balances drug-likeness and
binding affinity while progressively filtering and ranking
candidates using increasingly accurate scoring stages.
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LibINVENT!2! js a SMILES-based deep scaffold decoration model pre-trained on ChEMBL
in an unsupervised way and based on the architecture by Aras-Pous et al I3!:
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The generative process starts from a promising SMILES fragment with defined growing
points and leverages RL to guide molecule generation toward high-scoring regions of
chemical space based on a custom multi-objective function:
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Goal: Refine the ranking of generated compounds by integrating progressively accurate
filtering and scoring methods.

1. Docking pose-template RMSD — Filter out unrealistic high-affinity poses.
2. Synthetizability prediction with the deep retrosynthesis tool AiZynthFinder.

3. Fast search for generated molecules and predicted building blocks in an in-house
vector database of commercial compounds (~ 11.5M from Enamine and Molport).
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4. Prediction of 15+ ADMET properties using the SOTA ML models of ADMET-AL

5. Refine binding affinities with Schrodinger’s GLIDE SP docking protocol.
6. Estimate the binding free energy using the UNI-GBSA method.
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