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TL;DR

* We show that verb bias, a continuous and context-dependent feature, iIs compactly represented in LLMs,
and gradient, counterfactual manipulations of the associated subspaces play a predictable causal role In
downstream structural choices, eliciting structural priming effects.

* We highlight the potential of combining causal interventions with psycholinguistic paradigms to yield
deeper insights into the interpretability of the underlying mechanisms in LLMs.

EXP1: ELICITING SIMILAR PRIMING BEHAVIORS

BACKGROUND: STRUCRTURAL PRIMING IN LLMs

« Structural Priming: speakers tend to reuse the recently encountered syntactic * Structural priming effect is observed via injecting compact

contexutal representation into a new inference run.

* |ntervention Effect: difference between raw and intervened
sentence probability.

Intervention effect of injecting PD FVs to PD Target Sentences 5 Difference of Intervention Effects (PD - DO) on PD Target

structures during production and comprehension.
e Consider the classical Dative Alternations as a case study:
> Double Object (DO): Alice sent Bob a letter.
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+ LLMS’ ICL can be {viewed as, a product of} human structural priming.
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