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“LMs trained on coarser-grained tokens
generally assigned higher surprisal to critical
regions, suggesting a greater sensitivity to
garden-path effects than previously reported”
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Garden path effect (GPE)
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The suspect sent the file deserved further investigation given the new evidence.

who was
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The suspect sent the file deserved

further investigation given the new
evidence.
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further investigation given the new
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Construction/Condition  Example

MV/RR Ambiguous The suspect sent the file deserved further investigation given the new evidence.

MV/RR Unambiguous  The suspect who was sent the file deserved further investigation given the new evidence.

NP/S Ambiguous The suspect showed the file deserved further investigation during the murder trial.

NP/S Unambiguous The suspect showed that the file deserved further investigation during the murder trial.

NP/Z Ambiguous Because the suspect changed the file deserved further investigation during the jury discussions.
NP/Z Unambiguous Because the suspect changed, the file deserved further investigation during the jury discussions.

3547, 512 4R7ZDFT—S%Z{ERM (Huang et al. 2024)
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