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Given a trained LM and its training corpus, "'"J""'e'"'o* .
we construct a weighted finite-state ( Ge‘”ge"e
automaton. Barack
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At inference time, we traverse the ( ., Donald T
automaton in parallel with the LM. Y. .J.cz.e...-O
States: clusters of training examples, T

: : , - encoded by the LM
We interpolate this automaton’s probability | g4qes: pointers between consecutive kd
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kNN search
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Context Next word timetr timer+1
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... by the president Joe Biden ... The| president | is | Joe | Biden

Biden

K-nearest neighbor search: for every generated token
time (kNN search) >> time (forward pass)

If we performed ANN search to retrieve “Joe”,
can we save the search when predicting "Biden™?
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Training
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We still need to perform kNN search once, but in the
following time steps, we can just follow pointers instead!
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Clustering Entries with Close Keys

IS, — ® Biden,—

./ \ ® President,—
with,—
® Biden,—

— PS Joe,—
® Jospeh,— /

Cluster such entries, and share their outgoing pointers

= Capture n-grams that were unseen at training time ® Robinette,—

= Longer pointer traversal, without backing up to kNN search
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