
Discovering Knowledge-Critical Subnetworks
in Pretrained Language Models

Deniz Bayazit, Negar Foroutan, Zeming Chen, Gail Weiss, Antoine Bosselut

Paper
Link

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.
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Suppresses the Target, Maintains the Rest

Do LMs have specialized subnetworks that encode specific pieces of knowledge?
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Specifically, a subnetwork is critical to a target knowledge, 
s.t., when the subnetwork is removed:

the target knowledge is removed

the model maintains original behavior
the subnetwork does not contain parameters
irrelevant to modeling the target knowledge
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Fine-grained masking is necessary
for identifying knowledge-critical subnetworks

What happens when knowledge-critical subnetworks are removed?

Subnetworks are distinct across random seeds 
but composable and robust to perturbations

Subnetwork parameter overlap for 
different seeds and same KG

Randomly adding or removing parameters 
from knowledge-critical subnetworks 
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To identify subnetworks essential for the model’s 
understanding of a concept within the context of the full model, 
we define knowledge-critical subnetworks as those whose removal 
impairs the model’s ability to express specific knowledge.


