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Figure 3: SALSA applied to multiparameter objectives across three targets
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Figure 3: The best 1K molecules optimised for an MPO including QED and (A) OpenEye Hybrid
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By evaluating just 5% and 1% of a 1M molecule space, we can successfully obtain 85% and 99%
of the top-performing molecules for docking and ROCS objective functions, respectively

For more information

Experiments demonstrated that SALSA’s efficiency extends to much larger chemical spaces,
consistently discovering superior molecules as the size of the chemical space expanded

SALSA optimises molecules for multiparameter objective functions, with the resulting '> E ® _I.'
molecules exhibiting similar ADME and synthesisability metrics to their ChEMBL counterparts XSCIen Ia
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