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Do LMs have specialized subnetworks that encode specific pieces of knowledge?

Searching for the Drop in the Ocean The Secret to Finding the Drop

To identity subnetworks essential for the model’s Model Behavior Objectives
understanding of a concept within the context of the tull model,

we define knowledge-critical subnetworks as those whose removal Suppression + Maintenance-KG + Maintenance-LM
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What happens when knowledge-critical subnetworks are removed?
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Fine-grained masking is necessary Subnetworks are distinct across random seeds
for identitying knowledge-critical subnetworks but composable and robust to perturbations

We uncover ultra-sparse subnetworks (98%+)
in LMs crucial for expressing specific knowledge.

Removing them leaves the main network intact
but weakens its ability to represent that knowledge.




