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We introduce Metalic — leveraging protein foundation models,
in-context learning (ICL) over related tasks, and fine-tuning, for protein
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2. Meta-Training Phase
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1. Zero-Shot (n=0)

Model Name

Each individual task has limited data, however, there are many related
proteins and properties

Hold out 8 single and 5 multi-mutant DMS for evaluation.

2. Few-Shot (n=16, 128)

Spearman Correlation
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Solution: Learn how to learn from limited data — i.e. Meta-learning
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5. Gradient-based Comparison
Two Types of Inner-Loop
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Protein Index

Metalic performs in-context meta-learning, followed by fine-tuning — the best of both worlds
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(¢) Trained Attention

Protem Index

(a) Untrained Attention

(b) Half-Trained Attention
Query set attention maps in zero-shot setting

GitHub.com/
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All rows show attention to other proteins; implying the need for ICL

Demonstrates the emergence of unsupervised ICL



