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Chart 3. Successful steering to “high” and “low” values of various characteristics for ESM2-35M (Left) & ESM2-8M (Right)
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e Neuron-level labeling has emerged as a promising approach for interpreting model | Chart 5. Generated Protein with a Zinc Finger
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computed neuron activations (¢) through the forward pass of each ESM-2 model
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query hypotheses | Neurons often contain multiple features. general layer locations for each class of descriptor.
for target neurons affine transformation

Scaling Laws: Does model size change label quality? Are more niche features present?

Feature: finger Feature: supercoiling Feature: hand

1. Given a natural language input, use an LLM to identify relevant neurons by their labels

2. Randomly mask a subset of amino acids in the (randomly initialized) input sequence

3. Pass the sequence through the ESM-2 model, replacing the activations X the with affine
transformation Ax + B for each relevant neuron. Sample new residues from the output
logits using the model’s softmax distribution, yielding a refined sequence

4. Repeat steps 2 and 3 for a user specified number of inputs

Chart 9. Neurons associated with niche
structural motifs are only present in
larger models, suggesting that larger
models are able to better encode
biophysical parameters.

Learn More!

e Incorporate Structural Viability into the generation loop, potentially via an RL pipeline
Github: Labels: e Explore the effects of LLM Oversimplification and mitigate potential effects of
[m] ;[ Okai0 hallucination
"FL ::§ E‘.,q-'ﬁ "':'i e Label other PLMs and expand labelling to GLMs, exploring different model encodings
[=] a’i Elhl 2 e Explore model pruning — try removing neurons that encode redundant information

We are all undergraduates applying to masters & PhD positions this Fall! Feel free to reach out!
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