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Abstract
Lifelong experiences and learned knowledge lead to shared
expectations about how common situations tend to unfold.
Such knowledge enables people to interpret story narratives
and identify salient events effortlessly. We study differences
in the narrative flow of events in autobiographical versus
imagined stories using GPT-3, one of the largest neural lan-
guage models created to date. The diary-like stories were
written by crowdworkers about either a recently experienced
event or an imagined event on the same topic. To analyze
the narrative flow of events of these stories, we measured
sentence sequentiality, which compares the probability of a
sentence with and without its preceding story context. We
found that imagined stories have higher sequentiality than
autobiographical stories, and that the sequentiality of autobi-
ographical stories is higher when they are retold than when
freshly recalled. Through an annotation of events in story
sentences, we found that the story types contain similar pro-
portions of major salient events, but that the autobiographi-
cal stories are denser in factual minor events. Furthermore,
in comparison to imagined stories, autobiographical stories
contain more concrete words and words related to the first
person, cognitive processes, time, space, numbers, social
words, and core drives and needs. Our findings highlight
the opportunity to investigate memory and cognition with
large-scale statistical language models.

Keywords: Natural language processing | autobiographical
memory | memory consolidation | imagination | deep neural
network | pretrained language models

Introduction
When we tell a story, we weave together sets of events to
form a coherent narrative (1, 2, 24). The narrative flow of
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events is informed by our recollection of experiences from
episodic memory (10, 11, 44) as well as our common knowl-
edge about prototypical sequences of events, also referred
to as schema (1, 3, 16, 19, 22, 37). For example, telling an
imagined story about a friend’s wedding relies on common
knowledge about the schema of how a wedding unfolds. In
contrast, a recalled story about an autobiographical mem-
ory of a friend’s wedding involves recollection of episodic
details about events experienced in addition to knowledge
of wedding schema (13). Studies have found that, as time
passes since events have been experienced, memories are
consolidated and schematized into more abstract, seman-
tic, and “gist-like” versions (9, 39, 47). Such changes may
shape retold autobiographical stories to be more similar to
imagined stories.

A cornerstone of storytelling is the incorporation of salient
events. These events are often marked by surprising or ex-
pected shifts in character, cause, goal, location, or circum-
stances within the narrative flow of a story (50). People can
identify salient events in stories with ease based on famil-
iar understandings of narrative flow (51). Such events often
stand out as particularly memorable (12, 34). Additionally,
the saliency of events can vary in magnitude (21), as people
can consider salient events as ranging from major plot twists
to minor detailed events.
We studied the flow of sentences in narratives with sta-

tistical models, focusing on identifying the differences be-
tween stories that are based on autobiographical memory
versus processes of imagination. In pursuit of this goal, we
previously created Hippocorpus, a dataset of 7,000 diary-
like short stories about memorable life experiences collected
through crowdsourcing (36). By design, these stories were ei-
ther written about an autobiographical personal experience,
recalled shortly after it happened and retold several months
later, or about an imagined experience on the same topic.

ar
X

iv
:2

20
1.

02
66

2v
1 

 [
cs

.C
L

] 
 7

 J
an

 2
02

2



Maarten Sap, Anna Jafarpour, Yejin Choi, Noah A. Smith, James W. Pennebaker, and Eric Horvitz

In addition to the characterization of the flow of a nar-
rative, we investigated the nature and density of salient
events in stories. In support of this analysis, we collected
sentence-level event annotations for a subset of 240 stories
from Hippocorpus (36). We asked crowdworkers to iden-
tify the presence of salient events and to annotate whether
the events are major versus minor and surprising versus
expected. We further employed an automated proxy for iden-
tifying events via use of a predictive model trained on an
annotated corpus tagged for realis terms (38). Realis terms
are non-hypothetical references to concrete events that took
place (e.g., “she tripped,” as opposed to “she feared tripping”).
We also noted average numbers of words in stories falling
in psychologically related categories using the Linguistic
Inquiry Word Count (LIWC) (41), and measured the average
concreteness level of words using the lexicon (6).
To study the narrative flow of events in the three story

types, we employed sequentiality, a statistical measure of
the likelihood of sentences with respect to their preceding
context (36). Sequentiality is distinct from earlier characteri-
zations used to explore narrative flow, which either focused
on detecting event words from sentences (29, 38) or track-
ing attributes over time in stories (e.g., sentence sentiment;
dictionaries; sentence embeddings; 4, 33, 43). Instead, our
method leverages transformer-based (48) large-scale neural
languagemodels, trained to predict the probabilities of words
in their preceding context. We consider events at the gran-
ularity of sentences as in prior work (25, 49), and average
sequentiality over a series of sentences to examine stories.

We drew inferences from GPT-3, one of the largest neural
language models created to date, scaling up from our previ-
ous investigations (36). GPT-3 was trained on hundreds of bil-
lions of words from 570 gigabytes of general English internet
documents (including news articles, fiction books,Wikipedia,
etc.; 5). Harnessing inferences from GPT-3, sequentiality was
computed as the difference between the log-likelihoods of
consecutive sentences conditioned on the story topic and
prior sentences and the log-likelihoods of sentences con-
ditioned only on the topic. As one of the largest and most
sophisticated language models in existence, GPT-3’s ability
to model language and predict ordering of sentences (5) sug-
gests we can consider its inferences about the likelihood of
sequences of words as a proxy for the degree to which a
story follows commonsense or general expectations of how
narratives unfold.

We hypothesized that autobiographical and imagined sto-
ries differ in their sequentiality and their event proportions,
based on the intuition that imagined stories aremore likely to
be constructed sequentially with a focus on chaining events,
whereas autobiographical stories are based on the specific
details of experienced events that have been encoded in
episodic memory (11, 17). We also hypothesized that there
would be differences in sequentiality and event density for
stories that are retold after a period of time versus freshly

Figure 1. Graphical models depicting the two compo-
nents of sequentiality. Sequentiality reflects the proba-
bilistic relationship among consecutive sentences in a story,
and is computed as the difference between the log-likelihood
of a sentence conditioned only on the story topic (i.e., topic-
centric; top row) and the log-likelihood of that sentence con-
ditioned on both the story topic and all preceding sentences
(bottom row depicts the full story history). The log-likelihood
of a sentence given a topic or topic and prior sentences is
provided by the GPT-3 neural language model.

recalled memories, due to memories being consolidated and
narrativized as time goes on (39). Finally, we predicted that
the proportion of salient events differs in autobiographical
and imagined stories, and that we would find differences in
the types of words used to refer to salient events.
In summary, we harnessed a large-scale neural language

model to probe hypotheses about the cognitive processes
of constructing stories. We considered differences in the
narrative flow, event density, and word usage across (1) sto-
ries based on freshly recalled autobiographical experiences,
(2) retellings of the stories following a delay of three to six
months, and (3) imagined stories matched to the topics of the
autobiographical stories. To examine the narrative event flow
of stories, we employed sequentiality (36), which measured
the likelihood of story sentences with respect to their con-
text using the GPT-3 large-scale language model trained on
(5). We applied our methods to study the differences in auto-
biographical versus imagined stories from the Hippocorpus
(36), as well as uncover shifts in attributes of autobiographi-
cal stories when they are retold months after they were first
written down, shortly after being experienced. Such shifts
could provide traces of processes of memory consolidation
and increasing reliance on commonsense schemas with the
passage of time since events were experienced.

Sequentiality with Large-scale Language
Models
Weharnessed sequentiality to quantify howmuch a story and
its sentences deviate from the expected narrative flow given
the story’s topic using a large-scale neural language model
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(LM). Formally, a language model estimates the probability of
a word𝑤𝑖 given its preceding context𝑤0:𝑖−1: 𝑝LM (𝑤𝑖 | 𝑤0:𝑖−1).
Large-scale neural language models are large multilayer neu-
ral networks that are trained on the language modeling task
in a self-supervised fashion, i.e, its parameters are estimated
using large amounts of unlabeled text data. These large-scale
language models can be thought of as encoding the expected
narrative flow of events (5, 27, 32), based on the assumption
that the language for describing a common scenario and the
stereotypical flow of events are similar (35).
Using large-scale neural language models, we computed

sequentiality as follows. Given a story written about a topic
T (represented as a two-three sentence summary), the se-
quentiality of a story sentence is computed as the difference
in log-likelihood of that sentence under two generative mod-
els, portrayed in Fig. 1. The topic-driven generative model
assumes that every sentence follows after the main topic
of the story (T ). Conversely, the contextual model views a
story as a main topic followed by a linear chain of consecu-
tive sentences.1 We then define a story’s sequentiality as the
average sequentiality of its sentences.

Formally, a sentence’s sequentiality 𝑐 (𝑠𝑖 , ℎ) is computed as
the difference in negative log-likelihood (NLL) of a sentence
𝑠𝑖 conditioned on words from the ℎ preceding sentences
(𝑠𝑖−ℎ:𝑖−1) and words from the story topic T , versus just the
story topic (normalized by sentence length |𝑠𝑖 | to account
for length differences; 36):2

𝑐 (𝑠𝑖 , ℎ) = − 1
|𝑠𝑖 |

[log𝑝LM (𝑠𝑖 | T ) − log𝑝LM (𝑠𝑖 | T , 𝑠𝑖−ℎ:𝑖−1)]

Here, the log likelihood of a sentence 𝑠𝑖 in a context is
measured as the sum of log probabilities of each of the words
𝑤𝑡 in 𝑠𝑖 : log𝑝 (𝑠𝑖 | C) =

∑
𝑡 log𝑝LM (𝑤𝑡 | C,𝑤0, ...,𝑤𝑡−1)

where C is the conditioning context of the sentence (words
in the preceding sentences and/or story topic).

Higher values of sequentiality for sentences suggests that
the sentences follow the expectations given the context of the
story and topic, whereas lower values suggest that sentences
deviate more from expectation. We note that taking the ratio
of likelihoods provided by the contextual and topic-driven
generative models allows for comparisons of sequentiality
across topics, as both components of sequentiality are condi-
tioned on the same topic.
In analyses, we studied the sensitivity of the computed

sequentiality to the size of the preceding context (the history
ℎ), from a single preceding sentence (ℎ = 1) to considering
all sentences in the preceding context (ℎ = full). The like-
lihoods of words and sentences were inferred with GPT-3.
We used the story summaries provided by the storyteller

1Note that the contextual model is a sentence-level version of the word-level
surprisal as defined by expectation theory (18, 28).
2This measure is equivalent to the average pointwise mutual information
(PMI; 7) between each word in the sentence and the preceding sentences,
conditioned on the words in the topic.

Figure 2. Differences in sequentiality in recalled, re-
told, and imagined stories. (A) Mean sequentiality values
with varying history lengths (ℎ = 1 to h = full story length)
are different across the story types. Imagined stories have
higher average sequentiality than autobiographical stories,
and retold stories more sequentiality than recalled stories.
(B) Stories about imagined events are shorter than autobi-
ographical stories. (C) Proportion of realis events is higher
in autobiographical stories than in imagined stories. (D) Ef-
fect sizes: Percentage difference in parameter estimates (left)
and 𝑅2 (right), reflecting the magnitude of difference in se-
quentiality, the total number of words (story length), the
topic-driven likelihoods of sentences, NLLT , and the propor-
tion of realis across story types.

as the topics T . We also considered the topic-driven likeli-
hood of sentences, computed by conditioning the sentences
of stories only on the topic (ℎ = 0); we report the negative
log-likelihood of sentences, NLLT = − 1

|𝑠𝑖 | log𝑝LM (𝑠𝑖 | T ).

Results
Analysis of Hippocorpus stories
We determined the difference in sequentiality across the
three story types (recalled, retold, and imagined stories) us-
ing a factorial linear regression with the story type as the
grouping factor and the story length. We included the story
length because recalled stories are longer than retold sto-
ries (𝑝 = 0.001), and retold stories are longer than imagined
stories (𝑝 < 0.001; Fig. 2C). We reported the 𝑅2, which quan-
tifies the proportion of variance in the data that is explained
by the group difference, the effect size, and the 𝑝-values after
correction for multiple comparisons using the Bonferroni
method.
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Imagined storiesflow in amore expectedmanner than
autobiographical stories. The comparison between the se-
quentiality across story types (𝑁 = 6854 stories on 𝑁 = 2788
unique topics) show that imagined stories have higher se-
quentiality than autobiographical memories (𝑝 < 0.001 for
the main effect of the story type on all sequentiality history
lengths; see Fig.2 for the effect sizes). The pairwise compar-
isons demonstrate that imagined stories have higher sequen-
tiality than both retold (𝑝 < 0.001) and recalled (𝑝 < 0.001)
stories. We observe a pattern of higher NLLT (indicating
lower topic-driven likelihood) for sentences of imagined
stories versus recalled stories when conditioning only on
the topic sentences, suggesting that the sentences of imag-
ined stories on average have weaker links to the topic than
sentences of autobiographical stories. However, the differ-
ences across story types measured with sequentiality (with
increasing history size) dominate differences detected with
the overall increased topic-centricity of autobiographical sto-
ries with the differences in story length and the number of
realis events have lower effect sizes and 𝑅2 (Fig. 2D).

Retold autobiographical stories have higher sequen-
tiality than fresh recollections. In comparison to freshly
recalled stories, stories retold after several months have
higher sequentiality (𝑝 < 0.001), are shorter (𝑝 < 0.001),
and contain fewer realis events (𝑝 < 0.001; Fig. 2). This
finding suggests that autobiographical memories in retold
stories are more consolidated and narrativized. Although the
assessed subjective frequency of recalling or retelling auto-
biographical memories is not associated with sequentiality,
sequentiality negatively correlates with the number of realis
events in stories (𝑟 = −0.08, 𝑝 < 0.001).

Autobiographical stories contain more realis events
and concrete and time-and-spacewords than imagined
stories. We found that the proportion of realis events is
higher in recalled autobiographical stories than in imagined
stories (𝑝 = 0.001; Fig. 2B), but did not differ when comparing
recalled and retold (𝑝 > 0.1) or retold and imagined (𝑝 > 0.1)
stories. The proportion of concrete words, measured with
LIWC and concreteness lexica (6, 30), is different across story
types (𝑝 < 0.001; supplementary Tab. 1a) with fewer con-
crete words being used in imagined versus autobiographical
stories (recall: 𝑝 < 0.001; retold: 𝑝 < 0.001). The proportion
of concrete words is not different between recalled and retold
stories (𝑝 > 0.1). We found that recalled and retold stories
contain greater proportions of words related to cognitive pro-
cesses, time, space, and motion (𝑝 < 0.001; supplementary
Table. 1a).

Event-annotated subset
Next, we review the differences in the proportion of salient
events in a subset of the Hippocorpus that consists of 240
stories on 80 different topics across the three story types.
Each story sentence was annotated by eight crowdworkers

Figure 3. Event annotation across the stories The mean
and S.E.M. of the proportion of annotations (from left: ma-
jor, minor, surprising, and expected events) in the imagined
stories and retold and recalled autobiographical stories. (*
𝑃 < 0.05, ** 𝑃 < 0.01)

for whether a sentence expressed a major or minor event,
and whether the identified event was expected versus sur-
prising. To control for the variability in schematic knowledge
and subjective understanding of what constitutes a major or
minor event, the same groups of eight people annotated sen-
tences from the three stories (imagined, recalled, retold) on
each topic. We summarized the annotations based on major-
ity voting and evaluated the difference in the proportion of
major and minor events in the stories across the three story
types using ANOVA including consideration of sentence
length (sentences with major events are significantly longer
than those with no events or with minor events; 𝑝 < 0.001;
Fig. 4B). Then we studied the relationships among event an-
notation and sequentiality, LIWC, and concreteness lexica at
the sentence level.

Autobiographical stories contain more salient events
than imagined stories. Weobserved amain effect for story
type on minor events and expected salient events, but not on
major events or surprising events (Fig. 3). Specifically, higher
proportions of sentences in recalled and retold stories were
annotated as minor events (𝑝 = 0.007) and expected events
(𝑝 = 0.025) as compared to events in imagined stories. We
found no significant difference in the number of minor, major,
expected, or surprising events (𝑝 > 0.1) between recalled
stories and their retold versions.

Sentences with salient events have lower sequential-
ity. We examined the effect of event type (major, minor, or
no event) on the sequentiality of sentences, similar to how
we analyzed the effect on story types. Sequentiality with any
history length show a significant main effect of event type
(𝑝 < 0.001; Fig. 4A). The sentences marked as containing ma-
jor events have lower sequentiality than those with no events
(𝑝 < 0.001, all history lengths; no difference with the minor
events, 𝑝 > 0.1). Whereas, sentences with minor events have
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lower sequentiality than sentences with no events (𝑝 < 0.05)
only when the sequentiality is measured considering the
previous sentence (h = 1) but not with longer history (ℎ > 1,
𝑝 > 0.1). The results provide evidence that major events
have more global influence in a story than minor events.

Sentences with salient events have a higher propor-
tions of realis events and concrete, emotional, and time-
and-space words. We found a higher proportion of realis
events in sentences with minor events than those with a
major (𝑝 < 0.001) or no events (𝑝 < 0.001; Fig. 4C). Fur-
thermore, we found numerous differences in proportions
of cognition-related words across sentences with major, mi-
nor, or no event (see supplementary Table 1b). Using LWIC
categories, we detected differences in word usage between
sentences with salient events and no events. We detected lim-
ited differences between sentences annotated as containing
minor and major events.

Sentences with surprising events have lower sequen-
tiality than thosewith expectedmajor events. We found
that major events are often annotated as surprising (72%)
rather than expected (28%), whereas all minor events are
annotated as expected. Sentences annotated as describing
major events have a lower Sequentiality when they are noted
to be surprising versus expected (𝑝 < 0.001). sequentiality
is also lower for expected major events compared to ex-
pected minor events (𝑝 < 0.001; the difference increased
with increasing history length). In general, we found that
sequentiality of sentences is not different for surprising and
expected sentences (𝑝 > 0.05; the difference decreased with
increasing history length; for h = 1, uncorrected 𝑝 = 0.014),
suggesting that sequentiality captures more than the event
expectancy.

Discussion
Large-scale deep neural network models have an extraordi-
nary capacity to generate linguistic continuations of natural
language prompts (5, 8). The models provide the probability
of words given a context captured by preceded sentences
that is similar to human predictions (14). Using the GPT-3
language model, we used sequentiality to quantify howmuch
a story resonates with the expected or commonsense narra-
tive for a story topic (Fig. 1). With the measure, we observed
that a difference between experienced and imagined stories
can be captured by differences in episodic details and dif-
fering reliance on schematic knowledge about how events
in the stories should unfold (Fig. 2). Based on sequentiality
differences, imagined stories have greater alignment with ex-
pectations and commonsense on the flow of sentences than
autobiographical stories. Autobiographical stories contain
more minor events than imagined stories (Fig. 3), and they
tend to have higher proportions of first person references,
containmore adjectives, conjunctions, quantifiers, andwords

Figure 4. Sequentiality of sentences relative to event
annotations (A) The average sequentiality with varying
history is shown grouped by the event type. The sentences
with no event (none) follow the narrative flow of the story
topics more than sentences with major (all sequentiality
history length) or minor events do (with sequentiality history
of 1 sentence). sequentiality of minor and major events are
not different. (B) The sentences with no event are shorter
than sentences with major events. (C) The realis in sentences
with major or minor events is higher than in sentences with
no event. Error bars show standard error of the mean.

referring to cognitive processes. Autobiographical stories
also contain more concrete words and words referring to
orientation in time with a focus on the past and present, as
well as words relating to time, space, motion, and core drives
and needs (supplementary Table 1a).

In all stories, storytellers appear to combine commonsense
knowledge with references to major events. We found that
major events are surprising sentences that tend to deviate
from expectation, per likelihoods provided by the neural
language model. They are associated with the lowest sequen-
tiality (Fig. 3 and Fig. 4), and they are often about personal
concerns and core drives and needs (supp. Table 1b). For
example, in the recalled story on "A warm summer morn-
ing with a hummingbird. How I had a communal moment
with nature by misting a hummingbird with a garden hose.",
the major event is that "At first, I thought he [the humming-
bird] was just doing his early morning pollen rituals, but to
my surprise he wanted water." In an imagined story on the
same topic, the major event is that "[animal started to come
to the garden.] Mostly squirrels at first and a few deer, and one
tiny hummingbird." Similarly in the recalled story, the major
event is that "I saw a hummingbird at the corner of my eye."

A significant difference between the autobiographical and
imagined stories is in the proportion of minor events, as
identified through human annotations (Fig. 3). The minor
events are non-hypothesized, concrete details of the stories
that are noted as expected but typically not part of the gen-
eral schema of the story topic. The minor events have local
saliency and are detectable only with computation of se-
quentiality with a one sentence history. These events often
contain words on biological processes and social references.
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As an example, a minor event in a recalled story on the same
topic as the example above is that "I was feeling kind of low
due to not seeing many of my friends anymore due to everyone
being busy with their schedule, and work being a little slow
was also on my mind." and in an imagined story was that "For
the first few weeks I got nothing and no activity, then about a
month ago animals came."
We found that sentences annotated as describing salient

events tend to have more concrete words, first-person refer-
ences, social words, and words related to cognitive processes,
biological processes, core drives and needs, and relativity to
time, space, and motion. A subset of these observations has
been previously reported in studies on detection of salient
events (a.k.a., event boundaries; 25). We also observed that
the length of stories showed small differences among the
story types. This observation on length is congruent with
the understanding that the stories that rely largely on com-
monsense are generally shorter (23, 42).

We found that the proportion of salient events (major and
minor) are similar in stories about freshly recalled memo-
ries and about memories retold after 3–6 months (Fig. 3).
The retold stories have higher sequentiality and are shorter
than the initial recall of stories (Fig. 4). The self-reported
frequency of revisiting and retelling autobiographical stories
does not appear to affect the sequentiality. The retold sto-
ries that were noted as more frequently revisited memories,
were found to contain fewer realis events, which may reflect
processes of abstraction.The sequentiality measure provides
a means of quantifying the observation that, with passing
time and memory consolidation, retelling autobiographical
memories relies less on recall from episodic memory, instead
increasingly invokes commonsense and semantic knowledge
of schema (1, 3, 39), especially since certain events may be
forgotten (40).
Context, as formulated in the sequentiality, consists of

the preceding sentences and the story topic. We observed
that the extent to which sentences follow the direct preced-
ing context versus story topic (measured with sequentiality)
can be informative for detecting salient events in narratives
(Fig. 4). Recently, a similar Bayesian model was proposed to
detect the contextual transition to detect salient events in
naturalistic videos (12). An advantage of a Bayesian model is
its flexibility for accommodating the variety of the schema
that can be attributed to a word. Bayesian models are versa-
tile and have been developed to learn relational structures
(26). For example, "broken glass" and "broken promise" are
both likely, although with different probabilities given con-
textual information, whereas "broken moon" is unlikely in
most contexts.

The likelihood of events in a context can be different across
the topics. For example, driving on a highway for 30 miles
has fewer expected events than a birthday party that has
opportunities for details on whose birthday it was, where it
took place, how the cake tasted, etc. We controlled for the

variability across topics by quantifying sequentiality condi-
tioned on story topics in both the topic-driven and contextual
generative models. We observe that the magnitude of the
difference between story types is greater using sequentiality
than the NLLT under just the topic-driven generative model.
As such, sequentiality helps to minimize the variability in
the twist and turns of the narrative flows that can be specific
to the story topics, making the measure reliable in spite of
the variation.

Besides the effect of variability in story topic that can affect
the writing and reading of narratives, a prototypical schema
of narrative flow can be different across social identities
and cultures. For example, the schema for the progression
of events on the evening of the Lunar New Year differs for
people who celebrate the holiday and those who do not
observe it. To control for such variability in understanding
the narratives, we designed our salient event annotation
task such that a full triple of imagined-recalled-retold stories
about the same topic were annotated by the same person.
Therefore, the experimental design controls for the diversity
in knowledge across individual event annotators.

The sequentiality measure builds on the assumption that
the language for describing common scenarios are similar
(35) and that large-scale neural language models are learning
the commonsense narrative flow of events (31). However, the
extent to which the the language models learn the common
flows of events is influenced by the knowledge contained
their training data, which can disproportionately highlight
noteworthy events rather than common events due to re-
porting bias (15). The culture and identities of the authors
of training data can influence the schema that are deemed
likely by the model; a language model trained exclusively on
British text only will likely learn British-specific schema (e.g.,
tea time) that other models might not encode. We found that
sequentiality shows similar differences across the three story
types using language models trained on other data sets (36),
such as OpenAI-GPT (trained on 5GBs of English fiction; 31)
and GPT-2 (trained on 40GBs of news-like English text; 32).
In summary, we harnessed large-scale neural language

models as novel tools for studying processes of recollection
and imagination, as revealed in the narrative flow and event
structure of autobiographical versus imagined stories. We
used the language models to provide syntheses of commu-
nity expectations about the likelihood of sequences of events.
We aimed the inferences at better understanding processes
of recall and imagination, including analyses of potential
links between the recollection and imagination via studies of
changes in recollection over time. We described how we har-
nessed the inferences about the likelihood of sentences in the
context of a topic and prior sentences to compute the sequen-
tiality of stories. We used this statistical measure of narrative
flow to characterize differences in freshly recalled autobio-
graphical stories, stories about the same experiences retold
at a later time, and imagined stories on the same topic. We
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found that imagined stories have higher sequentiality than
autobiographical stories, which we interpret as imagined
stories being more aligned with the commonsense schemas
of the narrative flow of events. We found that the narra-
tive flow of retold stories has greater sequentiality than the
fresher recollections, providing evidence of consolidation
and narrativization of stories over time. In an analysis of
events described in stories, we found that autobiographical
and imagined stories contain a comparable proportion of
events labeled as major and surprising by annotators. How-
ever, autobiographical stories contain higher numbers of
factual events labeled as minor and expected. We found that
autobiographical stories that are recalled fresh or retold after
three to six months have comparable proportions of events.

We believe the methods and results provide new insights
about memory and reasoning and that they light a path for-
ward on opportunities for harnessing inferences from large-
scale neural models to study human cognition, experience,
and behavior. We see opportunities ahead to pursue answers
to standing questions about memory and reasoning for in-
dividuals, groups, and for culture more broadly, including
questions about the influences and interpretations of world
events over time on fiction and non-fiction narrativizations
(45, 46). Research directions forward include applying the
results, methods, and measures in studies of recall, story-
telling, lie-detection, false confessions, recovered memories,
and the propagation and effects of misinformation.

Materials and Methods
Participants
We recruited a diverse group of story authors. The partic-
ipants’ age ranged between 18 and 55 years old (M = 33.6,
SD = 10.5) and were 47% male, 52% female, <1% non-binary,
and <1% other. They were 73.7% White, 10.1% Black, 5.2%
Asian, 6.1 % Hispanic, 0.8% Native American, 0.7% Indian,
0.3% Middle Eastern, 0.2% Islander, 2.7% Other, and 0.7 %
unidentified (this data has previously been published in 36).
189 participants annotated events in a selection of stories
(18-55 years old (M=37, SD=10.6); 53% men, 46% women, and
1% unidentified; 75.7% white, 6.3% Asian, 5.8% Black, 4.2%
Hispanic, 0.5% Indian, 0.5% Native American, 5.3% other, 1.6%
unidentified). All studies were conducted on Amazon Me-
chanical Turk. The procedures were approved by Microsoft’s
ethical review board. All participants gave written informed
consent before participation and were compensated.

Procedure
We previously created a large corpus of autobiographical,
imagined, and retold stories, named Hippocorpus (36) to
explore the use of large-scale neural language models as a
tool for probing the differing cognitive processes employed
in constructing narratives based on the recall of experienced
stories versus the generation of imagined stories.

The stories in Hippocorpus were collected from crowd-
workers in three stages. In the first stage, a set of crowd-
workers wrote stories about memorable events they had
experienced in the recent past (3-6 months) and summarized
their story in one to three sentences (𝑁=2,779 recalled stories,
written by 2662 authors3). In the second stage, we provided
the story summaries to another set of crowdworkers and
asked them to write imagined stories as if the event in the
summary had happened to them (𝑁=2,756 imagined stories,
written by 𝑁=1434 authors4). During the recalled and retold
storywriting tasks, we also asked workers the time elapsed
since they experience the event (timeSinceEvent, in weeks
or months), as well as the frequency at which they thought
or talked about the event (freqOfRecall, on a five-point
Likert scale of “never” to “constantly”).

To address the hypothesis that the linearity of narratives
reflects the number of events contained in stories, we an-
alyzed the number of events in a random selection of 𝑁
= 240 stories of the Hippocorpus. The stories consist of a
triple of imagination, recalled, and retold stories for each of
80 topics. An example of a topic is: ’My daughter and her
husband announced the were expecting their second child.
While on a camping trip she feared that she might be having
a miscarriage only to learn that she was having twins.’ In this
subset, the autobiographical stories on the same topic are
written by the same person, to keep the author’s schematic
knowledge of the topic constant. Also, each triple of story
types is annotated by the same participants (n = 8). Keeping
the annotators within a topic constant allowed control of
the variability in schematic information and the individual
difference in event segmentation (20, 21).
In the annotation task, participants read each story one

sentence at a time, and they indicated if the sentences mark
a start of a new event. We specifically asked the annotators
to differentiate whether a new event is minor or major and,
for 60 topics, we additionally asked if events are expected or
unexpected. Given that the saliency of events can vary (21),
participants were instructed to use their interpretation of
what constitutes a major or minor event and if the events
are expected or surprising. The order of the type of story
posed for annotation was randomized.

The data as well as the story collection and event boundary
annotation tasks are available at http://aka.ms/hippocorpus.

Data Analysis
Each collected story was segmented into sentences using a
version of the NLTK sentence tokenizer adapted to avoid

32550 of the authors wrote one autobiographical story, 107 wrote two stories,
and 5 wrote three stories
4As participation in this task was not restricted, 1,072 wrote one story, 311
between two and five stories, and 30 between six and ten stories, and 21
workers more than ten stories (following a Zipfian distribution between 11
and 92).

http://aka.ms/hippocorpus
https://www.nltk.org/api/nltk.tokenize.html
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splitting sentences into one-word sentences. The sequen-
tiality was averaged across sentences in a story for story
type difference analysis. We determined the difference in the
mean of the values of interest that is assigned to the three
story type using a factorial linear regression. The three story
types are imagined stories, recalled, or retold memories. Be-
sides the negative log likelihood (NLL), sequentiality with
history length of 1 sentence to full story, realis, and the total
number of words (story length), we evaluated the difference
in the proportion of major or minor events across the story
types. A sentence was accepted to be a minor or major event
if the majority of the annotators marked the sentence as
such. We also evaluated the proportion of events that were
expected or surprising by the majority of the annotators.

The main effect of grouping into the three story categories
of imagination, recalled, and retold stories is evaluated before
the pairwise comparison of the story types (imagination vs
recall, imagination vs retold, and retold vs recall stories).

We tested if the salient sentences are less schematic than
sentences with no events by comparing sentences accord-
ing to the majoritarian annotation. This analysis is at the
sentence level with 9412 major, 6835 minor, and 17477 no
event annotation. We also tested the main effect of event
annotation on the NLL, the sequentiality with history of 1
to the full story, as well as total words and realis. We used
Bonferroni correction to adjust the significance threshold for
multiple comparisons. All reported p-values are Bonferroni
corrected. We employed a pairwise t-test for the posthoc
tests.
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Table 1. Supplementary tables
Variable Recalled retold Imagined p-values

RrI Rr rI RI
Concreteness 0.321 0.322 0.317 * ‡ †
Function words 9.140 9.132 8.157 * + ‡ †
    Total pronouns 2.860 2.841 2.660
        Personal pronouns 2.049 2.020 1.914
            1st pers singular 1.172 1.109 1.122
            1st pers plural 0.310 0.334 0.277 * ‡
            2nd person 0.033 0.030 0.034
            3rd pers singular 0.430 0.433 0.376
            3rd pers plural 0.104 0.115 0.104
        Impersonal pronouns 0.810 0.820 0.745
    Articles 1.082 1.073 0.910 * ‡ †
    Prepositions 2.197 2.200 1.898 * + ‡ †
    Auxiliary verbs 1.389 1.396 1.294
    Common adverbs 0.884 0.905 0.837 * +
    Conjunctions 1.098 1.084 0.926 * ‡ †
    Negations 0.218 0.219 0.216 * †
Grammar Other
    Regular verbs 2.833 2.841 2.645 * +
    Adjectives 0.775 0.772 0.702 * ‡
    Comparatives 0.376 0.377 0.333
    Interrogatives 0.188 0.191 0.172
    Numbers 0.148 0.128 0.121 * + †
    Quantifiers 0.387 0.409 0.347 * + ‡
Affect Words 0.796 0.792 0.776
    Positive emotion 0.527 0.537 0.529
    Negative emotion 0.258 0.244 0.236
        Anxiety 0.063 0.061 0.055
        Anger 0.039 0.039 0.035
        Sadness 0.072 0.066 0.063
Social Words 1.732 1.753 1.564 * ‡
    Family 0.214 0.219 0.186
    Friends 0.074 0.068 0.071
    Female referents 0.291 0.287 0.250
    Male referents 0.307 0.317 0.271
Cognitive Processes 1.635 1.670 1.592 * + †
    Insight 0.349 0.349 0.347 * †
    Cause 0.213 0.215 0.186
    Discrepancies 0.212 0.219 0.227 * ‡ †
    Tentativeness 0.323 0.339 0.315 * + †
    Certainty 0.240 0.238 0.241 * †
    Differentiation 0.411 0.428 0.392 * + †
Perceptual Processes 0.383 0.377 0.348
    Seeing 0.155 0.158 0.141
    Hearing 0.083 0.080 0.077
    Feeling 0.118 0.111 0.107
Biological Processes 0.353 0.343 0.314
    Body 0.083 0.073 0.068
    Health/illness 0.158 0.150 0.132
    Sexuality 0.008 0.006 0.007
    Ingesting 0.094 0.101 0.093
Core Drives and Needs 1.441 1.458 1.315 * ‡
    Affiliation 0.645 0.659 0.582 *
    Achievement 0.247 0.248 0.222
    Power 0.324 0.315 0.287
    Reward focus 0.275 0.279 0.274
    Risk/prevention focus 0.064 0.067 0.063
Time orientation
    Past focus 1.486 1.422 1.289 * ‡ †
    Present focus 1.034 1.080 1.072 * + †
    Future focus 0.163 0.166 0.165
Relativity 2.657 2.601 2.271 * ‡ †
    Motion 0.456 0.456 0.383 * ‡ †
    Space 1.096 1.110 0.944 * + ‡ †
    Time 1.171 1.103 0.998 * ‡ †
Personal Concerns
    Work 0.290 0.288 0.256
    Leisure 0.229 0.231 0.207
    Home 0.134 0.130 0.114
    Money 0.104 0.110 0.093
    Religion 0.020 0.016 0.018
    Death 0.022 0.023 0.017
Informal Speech 0.051 0.050 0.050
    Swear words 0.005 0.005 0.006
    Netspeak 0.004 0.004 0.004
    Assent 0.014 0.013 0.015
    Nonfluencies 0.023 0.023 0.020
    Fillers 0.003 0.003 0.004

(a)Average lexicon scores for the three story types inHippocorpus
(recalled (R), retold (r), and imagined (I)), along with significance
values of the three-way and pairwise differences. The ∗,+,†,‡ sym-
bols denote p-values <0.05 after Bonferroni correction.

Variable Major minor noEvent p-values
Mmn Mm mn Mn

Concreteness 0.333 0.338 0.311 * ‡ †
Function words 8.725 7.652 8.144 * ‡ †
    Total pronouns 2.776 2.421 2.647 * †
        Personal pronouns 2.102 1.935 1.787
            1st pers singular 1.263 1.084 1.042
            1st pers plural 0.248 0.382 0.241 * + ‡
            2nd person 0.024 0.006 0.038
            3rd pers singular 0.480 0.362 0.350
            3rd pers plural 0.087 0.101 0.116 †
        Impersonal pronouns 0.673 0.486 0.860 * ‡ †
    Articles 1.100 1.107 0.837 * ‡ †
    Prepositions 2.231 2.056 1.785 * ‡ †
    Auxiliary verbs 1.216 0.874 1.401 * + ‡ †
    Common adverbs 0.779 0.615 0.887 * ‡ †
    Conjunctions 0.952 0.958 0.974 * †
    Negations 0.178 0.051 0.244 * + ‡ †
Grammar Other
    Regular verbs 2.673 2.272 2.645 * ‡ †
    Adjectives 0.722 0.587 0.715
    Comparatives 0.361 0.239 0.349
    Interrogatives 0.197 0.149 0.168
    Numbers 0.198 0.087 0.098 * + †
    Quantifiers 0.298 0.343 0.342 * †
Affect Words 0.647 0.559 0.824 * ‡ †
    Positive emotion 0.408 0.458 0.601 * †
    Negative emotion 0.227 0.101 0.213 ‡
        Anxiety 0.032 0.031 0.057 †
        Anger 0.046 0.011 0.028
        Sadness 0.058 0.042 0.064
Social Words 1.816 1.702 1.462 *
    Family 0.330 0.230 0.178 * †
    Friends 0.090 0.087 0.054 †
    Female referents 0.398 0.256 0.228 * †
    Male referents 0.326 0.261 0.235
Cognitive Processes 1.319 0.910 1.665 * ‡ †
    Insight 0.293 0.197 0.339 * ‡ †
    Cause 0.165 0.129 0.198 * †
    Discrepancies 0.163 0.126 0.239 * ‡ †
    Tentativeness 0.235 0.222 0.321 * †
    Certainty 0.162 0.132 0.254 * ‡ †
    Differentiation 0.359 0.146 0.430 * + ‡ †
Perceptual Processes 0.386 0.382 0.357
    Seeing 0.180 0.216 0.170
    Hearing 0.102 0.101 0.061
    Feeling 0.089 0.059 0.101
Biological Processes 0.416 0.385 0.285 * †
    Body 0.112 0.053 0.057 * †
    Health/illness 0.180 0.093 0.125
    Sexuality 0.019 0.000 0.006 * †
    Ingesting 0.112 0.222 0.078 * + ‡
Core Drives and Needs 1.454 1.475 1.225 * ‡
    Affiliation 0.666 0.792 0.545 * ‡
    Achievement 0.268 0.174 0.209
    Power 0.334 0.323 0.275
    Reward focus 0.257 0.244 0.255
    Risk/prevention focus 0.055 0.022 0.052
Time orientation
    Past focus 1.683 1.354 1.210 * †
    Present focus 0.784 0.598 1.155 * ‡ †
    Future focus 0.132 0.104 0.174 * †
Relativity 2.909 2.306 2.069 * †
    Motion 0.504 0.500 0.357 * ‡ †
    Space 1.177 1.051 0.865 * ‡ †
    Time 1.292 0.812 0.905 * + †
Personal Concerns
    Work 0.319 0.219 0.216
    Leisure 0.237 0.348 0.180 * + ‡
    Home 0.145 0.180 0.097 * ‡
    Money 0.104 0.160 0.069 * ‡
    Religion 0.007 0.008 0.013
    Death 0.031 0.014 0.012 †
Informal Speech 0.045 0.039 0.053
    Swear words 0.010 0.000 0.004
    Netspeak 0.003 0.003 0.009
    Assent 0.011 0.008 0.014
    Nonfluencies 0.020 0.025 0.025
    Fillers 0.001 0.003 0.003

(b) Average lexicon scores for the three event types (major (M),
minor (m), and no event (n)) in the annotated subset, along with
significance values of the three-way and pairwise differences. The
∗,+,†,‡ symbols denote p-values <0.05 after Bonferroni correction.


	Abstract
	References

