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Search for similarity function: Application to peptides
Introduction

Bioinformatics Chemoinformatics
« Out-of-distribution (OOD): Data that is different from the training data used to (canonical peptides) (canonical and non-canonical)
fit a model.
» 00D evaluation is important for biochemistry because models are expected to Ol SEUEnEE El Fingerprint similarity:

predict the properties of new molecules. More accurate estimations lead to Simi[arity functions mmggg;Preﬁlter « MAPc (diameter: 4 to 20)

more trust by the experimental community. considered  ECFP (diameter: 4 to 20)

* We build a new framework for defining OOD generalisation as a function of Global sequence alighment

molecular similarity. * Needleman-Wunsch Chemical Language Model
. . : T : m INg similarity:

» We provide metrics to rationally choose the best molecular similarity function, LM embedd o embedding similarity

given a new task/dataset. SO NS ST * Molformer-XL
- ESM2-8M

 We define a new generalisation metric, the AU-GOOD, that estimates model
performance against any arbitrary target distribution(s).

- We present Hestia-GOOD, a suite of Python tools for leveraging and Dataset Task fSimilérity Dynamic l\gonotonici,ty
implementing this new framework across a variety of biomolecules (e.g. unction range ihg;’arma" S
biosequences, protein structures, small drug-like organic compounds, etc.).
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