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Applying interpretability methods to protein design

ESM3 embeddings can cluster different functions

UMAP of ESM3 Embeddings with Sequence 'A' Colored by GO Term

Question - Can we use ESM3 —
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Image credits: https://www.nobelprize.org/uploads/2024/11/figl_ke_en_24-5.pdf

We draw inspiration from natural language processing
counterfactuals, minimally modified inputs that alter the
model’s prediction. We aim to develop a model to generate a
counterfactual equivalent for protein language models,
minimally altered protein sequences with an altered function.

In-silico datasets were used for validation

For evaluation of change of function - we focused on gain
of function mutations of 200 randomly sampled proteins
Original (function A): with artificial substitutions.
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The framework Why? Novel and distinct functional changes of proteins

still not a routine engineering objective in the field.
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Sequence Similarity by Percentage of Sequence Masked
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How do we choose what sites to mask?
1. Embed the InterPro term corresponding to target
function
2. Generate protein embedding
3. Mask sites with the lowest cosine similarity to the target
embedding
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Future directions of work

e Number of masked token: We will dynamically select the
optimal masking percentage for each protein based on a
threshold for similarity (or change in similarity) with target
embedding

e Scoring model: Adding a scoring model that can
continually communicate with and learn the number of
tokens to mask and where
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