Quantifying information gain in narrative stimuli using open-source large language models
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Background

Causal structure shapes memory encoding and retrieval (Lee &
Chen, 2022; Antony et al., 2024)

Narrative stimuli (movies, books, etc.) are powerful tools for
probing effects of causal structure on cognition and behavior
(Chen & Bornstein, 2024)

Causal inference plays a key role in credit assignment to
causally relevant events in long-term episodic memory (DuBrow
et al., 2017; Yoo, 2025)

Chen & Bornstein (2024) hypothesized that humans encode
narratives into schema to facilitate efficient credit assignment in
complex, high-dimensional environments

We leverage recent advances in LLMs to develop a metric
qguantifying contextual information gain of individual narrative

X
"These authors contributed equally.

Methods: Using the FilmFest Dataset (Lee & Chen, 2022)

FilmFest Stimuli
e 10 short films, viewed in succession during fMRI scanning

(n=21)

e Human-segmented event annotations (Lee & Chen, 2022)
used to calculate Sequentiality values (n=

Annotations

Event 1: A woman stands

box of pizza, and takes a
slice.

Event 2: She finds a
record player, places a

alone in a room, opensa =) C(Sl) = 1.8
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Event-Level Measures

e Importance: independent human ratings (n=4)

e Causal centrality: page rank over cause-effect ratings (n=12; Lee &
Chen, 2022)

e Semantic similarity: page rank over USE embeddings (Lee & Chen,
2022)
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record on it, and lowers
the needle.

events: Sequentiality

We evaluate what this reformulated Sequentiality captures,
hypothesizing it deviates from its schema-based origins toward
one more sensitive to the structure of presented information

Event 3: The woman
enjoys cheerful music as
she eats the slice of pizza.
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Research Question

Sequentiality Tracks Importance and Causality but not Semantic Centrality

FilmFest Importance Ratings *** FilmFest Causal Centrality **

How does our metric of contextual
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Conclusion Contact Us!

Sequentiality is sensitive to event importance, causal
structure, and event segmentation across various
narratives. Furthermore, the presence of outcome

knowledge changes the metric’s expectation during
twists, similar to human shifts in narrative ratings.
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(Sava-Segal et al., 2025)

pre-twist post-twist

® Participants’ evaluation of a character changed significantly more
for pre-twist events during second listening (Sava-Segal et al., 2025)

e Difference between outcome knowledge and naive Sequentiality is
also significantly higher for pre-twist sentences (t=41.61, p<.001)

Future Directions

e |nvestigate if value processing regions are
associated with contextual information gain

Sequentiality is Sensitive to Event Boundaries

Model Reformulation

“How well does the story flow?”

Sequentiality at Event Boundaries
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