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After 100k training steps, acoustic structure is best represented early on in | e
the model’s processing hierarchy, followed by phonetic and syllabic structure. V
Lexical and syntactic structure are jointly concentrated in a later model layer.
Interestingly, a second phonetic structure peak occurs after the lexical and
syntactic peaks but before the final model layer. o
Linear Discriminant Analysis allows us to inspect the o
discriminant spaces for each fitted projecton. .00 ... .— %%
... and show distinct learning trajectories during model training
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Early stages of model training are characterized by learning generally useful representations of speech o
acoustics. Phonetic, syllabic, word form, and distributional semantic structure show a gradual increase
from the start of model training. The capacities to disambiguate homophones, to represent part of .
speech classes and to identify syntactic dependencies only start developing in later training stages. 8 0.6
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rate than the multilingual model.

of Dutch-specific phones), or due to generally
improved encoding of all Dutch speech sounds?

What predictors best capture model phonetic and
lexical learning trajectories”? Do they follow human
learning patterns?

Is later-stage phonetic encoding (in the second
peak) informed by higher levels of linguistic
structure that peak in earlier layers?

Does the encoding of higher-level linguistic
structures causally affect model behaviour?



