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Knowledge about the concept is encoded locally

in the neurons of the Transformer model*

Tomoki Ariyama

Abstract

Pre-trained language models are thought to store some form of knowledge as
they can solve a fill-in-the-blank cloze task, but the form of this knowledge storage
is still not well understood. In this study, based on the assumption that knowledge
is encoded "locally” in the parameters of the language model, we focused on the
Feed-Forward layer of Transformer, which is said to act as a memory. Specific
neurons in that layer in which knowledge about a concept is encoded were found.
Results also suggest that the form of knowledge storage may differ depending on

the part-of-speech of the word that represents a concept.
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