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(1) Hand-written FST grammars (2) Non-neural inflection model and inflectional class clustering
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grammars that exceed seq2seq models In e A non-neural model for filling partially filled missing paradigms by
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creating simple FSTs that inflect each known slot from every other
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FST tools did rapid development of 25 languages does this (b)
with the foma finite-state tool ! ! ! e This can be used to solve the task by generating candidates for slots . run

* Linguists develop grammars based on training/ bus+s sheep blarg+s from all known slot-slot FST transformations for other lexemes and roning T D e ess
dev sets using them in a voting scheme for the lexeme at hand (see fig below) » § " a

* Performance equal to best neural model in task e It can also be used for clustering lexemes into inflectional classes WG e ¥ TUNS

Morphophonological FST cascade

on 11 languages and significantly better on 2
(Ingrian, Tagalog)
e TL;DR: only saw improvement vs. seq2seq ' v
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(helpful for developing initial hypotheses about classes when large
I numbers of partial paradigms are available)
e The number of identical slot-to-slot transformation FSTs for

models with languages with complex inflectional buses sheep blargs each lexeme is used as a distance measure for clustering
classes and complex morphophonology
example
Paper-and-pencil linguistics Results ot = leamed (3 Filling in missing forms and clustering example
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