What determines our recollection
of a sequence of events?

> Models such as the context maintenance and
retrieval model' (CMR) account for many
properties of human memory.

> Models are usually fit to recall for lists; it is not
known how well they account for recall of
meaningfully related sequences of events.

> Causal associations play an important role in
narrative recall**.

How can we extend CMR to
account for causal structure of
narratives?
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Narrative recall differs from
list recall
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Measuring causal influence

Causal centrality
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Causal CMR can partly account for causal
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Conclusions
> Causal CMR versions show potential to
model influence of causality on recall. .
> A step toward modeling free recall of
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> Test with causally complex stories
> Fit to single participant

> Model within- vs between- events
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