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Résumé

Cet article étend légerement celui présenté a la conférence
TIME’2024[ 7] dans lequel nous formalisons les affects
de la tension narrative — curiosité, suspense et surprise
— en logique propositionnelle. Le raisonnement non-
monotone est utilisé pour représenter de facon compacte le
comportement par défaut du monde et raisonner sur l’état
affectif d’'un agent. Nous ajoutons ici une expérimentation
de calcul automatique de la causalité avec un LLM.
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Abstract

This paper slightly extends the one presented at
TIME’2024[ 7] in which we formalize the affects of
narrative tension — curiosity, suspense and surprise — in
propositional logic. Non-monotonic reasoning is used to
compactly represent the default behavior of the world and
to reason about the affective state of an agent. We add here
an experiment in automatic causality computation with an
LIM.
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1 Introduction

Humans tell stories to make sense of the world
and communicate their understanding of what happens.
Storytelling supposes to be able to sort out which events
are worth telling, deciding on a level of detail for describing
events, selecting among possible causes the ones which are
deemed worth telling. It also supposes to make use of an
affective machinery for capturing an audience’s attention
(emotional contagion, suspense elicitation...). In the act
of storytelling, structural and affective phenomena are
thus combined with communicative goals in mind. This
combination has indeed shown its effectiveness in this
respect: the phenomenon of narrative transportation (the
experience of being immersed in a story) has been linked to
persuasion [ 7]. The narrative paradigm therefore provides
an appropriate framework, in which causal reasoning
about the situations narrated [5/] is combined with
narrative devices to encourage the audience’s emotional

involvement [5!], to study and model how opinion is
formed and evolves. Building a framework for reasoning
about and unveiling storytelling mechanics could pave the
way for intellectual self-defense supporting tools, enabling
citizens to arm themselves against hostile disinformation or
influence campaigns.

Previous works in structural narratology have studied the
way stories are conveyed to their audience and seminal
work from (for instance) Genette [’5] or Propp [10]
have previously served as the backbone inspiration for
computational narrative models and storytelling systems
[+]. Whilst the operationalization of narrative theories is
still subject to debate and caution, such works have shed
light on how the story material to tell and the manner
in which it is told interacts with a model of the listener'
(which, depending on the media used for conveying the
story can also be a reader, a spectator, or even a gamer):
the act of storytelling can thus be understood as knowledge
transfer and manipulation of her beliefs.

According to Sternberg [5|] or Baroni [], emotions more
specific to narratives which are suspense, curiosity and
surprise are critical to retain the interest of the listener.
Drivers of the narrative tension, they are paramount in
maximizing her engagement. In this paper we focus on
these narrative tension’s building blocks.

In the field of computational narratives, numerous studies
and frameworks exist to tell interactive stories, a number
of them as an application of planning technologies [!”]
allowing to adapt the narrative to each user’s actions.
However, adapting a narrative to a model of the user’s
emotions remains largely a challenge that needs to be
addressed to favor engagement: narrative engagement
depends partly on the appropriate maintenance of narrative
tension, itself based on the uncertainty occurring in a
narrative [ ], and listener’s models based on a formalization
of related emotions have comparatively been less addressed
so far in the literature. While suspense and surprise have
been the object of previous studies [/4] [77], there is —
to our knowledge — still no curiosity model applicable to
narratives.

In the following, we present a preliminary study

For sake of homogeneity, we use the term listener in all the paper,
while this kind of agent is called interpret by Baroni.



for characterizing these emotions from an epistemic
standpoint, with a focus on modeling the listener’s
curiosity depending on her beliefs and knowledge using a
propositional language. Our overarching aim is to provide
a unifying framework allowing to represent emotions
relevant to the characterization of narrative tension and its
evolution, which would enable to discuss their relationships
and ultimately help establish dramatic metrics about a
narrative.

In Section 2, we describe the main emotions supporting
narrative tension. We also describe the problems and
solutions for formalizing reasoning about action and
change, as well as the ways in which the notions of surprise
and awareness have been treated in the literature. Section 3
details our proposal, which relies on a non-monotonic
framework resulting from extending propositional logic
with default rules. The properties of the framework are
presented in Section 4, along with some preliminary ideas
for developing metrics.

2 Background on reasoning about
change and narrative tension

In order to reason about a story, it is useful to dispose of
a way to handle the concepts involved for understanding
a sequence of facts and events. We first briefly outline
the background to this vast subject, before discussing the
formalization of emotions in the literature.

2.1 Reasoning about action and change

The formalization of action and change is an old field of
research in the domain of knowledge representation and
reasoning in Al. There are many different reasoning tasks
in this field (see e.g. [ ©]) like prediction of the new state of
the world after an action (which is related to belief update
[56, 31]), or integration of an observation (which is related
to belief revision []), or event abduction which consists in
guessing which event took place, or scenario extrapolation
[19, 16] which consists in taking a partial description of
facts and events that occurred and complete it (by prediction
or event abduction) or scenario recognition [ 5].

These reasoning tasks were studied in various frameworks,
the representation of actions in a compact way has given
rise to some problems known as the frame, the ramification
and the qualification problems [, 27, 3&]. In propositional
logic, these problems were solved by a majority of
approaches by introducing a special symbol for expressing
a causal rule relating preconditions of an action to its effect
(indeed classical implication cannot separate a cause from
a consequence due to contraposition). Actions are first
described by such rules, then given the set of causal rules, a
set of formulas (called frame axioms) are generated stating
that any fluent f is true at time ¢ + 1 if and only if it was (a)
true at ¢ and no causal rule concluding — f can be fired at ¢
or (b) false at ¢ and a causal rule concluding f can be fired.
As a proof of concept, we choose to use propositional logic
in this article where we face a problem that can be viewed as
an extension of belief extrapolation with narrative tension

analysis. Moreover in order to perform non-monotonic
reasoning (which allows agents to change their minds and
thus accept surprises), we propose to use default rules of the
form a ~» b to encode causal relations. Note that the field of
non-monotonic reasoning has been extensively studied and
many powerful approaches were proposed (see e.g. [7“] for
an overview), here, we choose to rely on a simple formalism
at first.

Logical approaches to computational narratives have been
proposed in the past. In [Y], (Intuitionistic) Linear
logic has been argued to be a suitable representational
model for narratives for its capacity to finely represent
narrative actions through the production and consumption
of resources. This language provides the symbol —o
which can be used in A—o B to express the validity
of transforming resource A into resource B, the flow
of resources consumption through the associated sequent
calculus allowing to establish causal relations. Dynamic
logic [30)] and its epistemic extensions [/] are formalisms
with higher expressiveness. In this work, we propose to
characterize narrative tension phenomenon in propositional
logic (extended with default rules) to demonstrate the
representational uniformity of these concepts and their
relationships with each other. We will explore how to
encode them in aforementioned logics in the future, keeping
in mind the challenges raised by their operationalization in
their most expressive fragments [*].

2.2 Emotions supporting narrative tension

Psychological models of emotions are often used in the field
of affective computing such as models from Ekman [””] or
Plutchik [45] (which include surprise). Other works [”]
consider that every emotion should have a valence and, as
a consequence, surprise, which is inherently neither good
nor bad, is considered as a different affective phenomenon.
As we position ourselves in the context of studying
the emotional states of a listener, we will rely on the
characterizations given by Baroni in [5]. Curiosity occurs
when there is a partial omission of crucial knowledge: at a
given stage when experiencing the storytelling experience,
the listener knows they are missing important information.
Suspense arises when an event could potentially lead to an
impacting result — be it good or bad — to the storyline,
and is correlated with anticipation. Surprise results from
a rupture from previous expectations, which retroactively
invalidates some of the predictions made by the listener: the
listener has expectations about how the story will develop,
based on story genre or common sense. Going against these
expectations while maintaining coherence is what causes
surprise. Baroni distinguishes curiosity and suspense from
surprise, as the former two are tied to anticipation and an
urge to know, whilst the latter arises sporadically as the
narrative progresses, which will be reflected in our model.

Related to suspense, the concept of narrative closure also
reflects the epistemic nature of storytelling (as theorized
by Carroll [!3]): this encompasses the phenomenological
feeling of finality that is generated when all the questions
saliently posed by the narrative to the listener are answered.



Previous work in the psychology of narrative understanding
[54] has also tied the perception of the importance of
story events to causal relationships’ perception. In this
paper we borrowed from this work, especially tracing a
graph representing the narrative with nodes being actions,
preconditions and effects and edges being causal relations.
We will consider the degree of a node as reflecting its
importance in the narrative, reading it as, the more an action
is a consequence and has consequences the more important
it is.

2.3 Logical models of emotions, surprises
and awareness

The logical representation of emotions has already received
some attention, see e.g. Lorini [5] or Adam [!] who
formalized emotions based on the OCC theory [4”]. In
these works (which relies on a modal logic for BDI (Belief-
Desire-Intention) agents), an agent has beliefs, including
beliefs about what is good for herself, and expresses
different emotions such as joy or sadness.

The particular case of surprise was studied by several
authors in computer science, but the first study is due
to an economist named Shackle [/%] who defined the
degree of surprise associated with an event as the degree of
impossibility of this event given the uncertain knowledge
about the situation considered. In Lorini and Castelfranchi
[24], the role of surprise is investigated in the context of
belief update. They associate a surprise with a difficulty
to integrate the new piece of information, this occurs when
there is a form of inconsistency between expectation and
perception. Surprise was recently formalized in the context
of the analysis of jokes by [2(], indeed surprise has been
considered as an important ingredient for laughter by many
authors, the model of surprise of [2()] is based on a revision
operator and non-monotonic reasoning: to be surprised the
listener of a joke should be able to jump to conclusions that
can be questioned and even revised.

The characterization of curiosity provided by Baroni
emphasizes that the listener is aware of its incomplete
knowledge and that surprise is linked to a notion of
disturbance which makes the agent to question his
assumptions/beliefs and leads him to reconsider his
understanding of the story. This reconsideration reminds
the operation of awareness raising introduced by [5°] to
allow agents “to make their implicit knowledge explicit”.
Logical models taking into account agent’s awareness have
previously been defined in the literature. As Halpern [7]
states, traditionally when reasoning about agents’ beliefs, it
is assumed they are aware of every proposition. Modica and
Ristichini [+ 0] first came up with a definition of awareness
based on knowledge, stating that an agent is aware of p if he
knew p or if he knew he did not know p. Halpern extends
on this by introducing implicit knowledge, where agents
are aware of all propositions and can reason with them
; and explicit knowledge, which captures the conclusions
of which the agent is explicitly aware of. In this system,
explicit knowledge is also implicit, while the reverse is not
necessarily true.

Previous works have proposed models for agents in
computational narratives such as [/ ] or [| | ] based on BDI.
In [+7], a BDI agent aiming to simulate player behavior in
interactive stories takes into account the player personality.
Other work has assigned personality stereotypes to users
[55, 4] according to their interactions with the system.
Whilst such models allow personalizing an interactive
narrative, they would not enable a storytelling engine
to finely drive the narrative tension. By contrast, the
Suspenser system by [!/] offers an operationalization for
suspense elicitation, one of the three drivers of narrative
tension. In Suspenser, suspense is maximized by ordering
multiple story bits at the discourse level. We lay in
this paper the groundwork for ultimately representing in a
unified logical framework suspense, curiosity and surprise,
the three drivers of narrative tension. This will build strong
foundations for future generative and interactive systems
able to operate both at the story and discourse levels.

We approach the modelization of curiosity, suspense and
surprise as constructs at given moments of a narrative
experience from the listener’s beliefs and by non-
monotonic reasoning about these beliefs.

Doing so, we believe our model is compatible with previous
formalization while providing new insights.

3 Formalizing curiosity, surprise and
suspense

We first present an example to illustrate the concepts
introduced throughout this article.

Example 1 (The box). To illustrate the framework, we
present a short story involving three agents, Albert, Erwin
as well as a protagonist Cecilia’ (respectively agents A, E
and C). A short narrative : “Cecilia enters her office. She
sees a box lying on her desk that was not there when she
last left the room.” Our hypothesis is that this event sparks
curiosity in Cecilia’s mind. We look at it from the point
of view of Cecilia who reasons in a closed world where
nothing, except three particular events (Albert putting a box
on Cecilia’s desk, Erwin doing it, Cecilia opening the box)
can interact with the state of the world.

We consider a set of variable symbols V denoted by Latin
lower case letters, from this set of symbols we build the
vocabulary V7 containing all variables of V indexed by all
the integers taken in the set T = {0, 1, .., N} representing
time points. £ is the propositional language based on Vr
with the usual connectors and constants V, A, =, —, =,
1 and T denoting respectively the logical connectors “or”,
“and”, “not”, material implication and logical equivalence,
contradiction, and tautology. The symbol |= represent
satisfiability. Let € denote the set of interpretations induced
by Vr, we will often use w for naming a particular
interpretation in €2, each interpretation will be described
by the list of literals satisfied by it, e.g., considering the
vocabulary V = {a,b}, and a set of two time points

2We consider a story involving Albert Einstein, Erwin Schrodinger and
Cecilia Payne-Gaposchkin, hence the cat in the title.



T = {0,1} w = (ag, —bg, —ay,—b1) is an interpretation
in 2 that associates the truth value True to ¢ and False to b
at time step O and False to a and b at time step 1. The set
Mod(A) C Q is the set of interpretations satisfying the set
of propositional formulas A C £ (Mod(A) = {w € Q |
w = A ca 9}), the same notation is used to represent the
set of models of a formula Mod(y) = {w € Q | w = ¢}.

Example 1 (continued): 7o study this flow of events taking
place in 4 time steps denoted T = {0,1,2,3} we need a
vocabulary ¥V = {box, A, E, C, empty, vis} meaning
respectively there is a box on Cecilia’s desk, agent A puts
a closed box on the desk, agent E puts a closed box on the
desk, agent C opens the box, there is nothing in the box
and something inside the box is uncovered (and thus the
box has been opened). In the language L built on V and
T, the following expression is an example of a well-formed
Sformula: (Ao V Eg) Abozq A Co A memptys.

Default rules are rules that tolerate exceptions and allow
us to reason in presence of incomplete information, by
assuming that the situation is not exceptional when there
is no evidence for the contrary. The notation o ~» [ (with
«, B € L) is used to represent a default rule interpreted as
when « is true, it is more plausible that 3 is true than false.

Example 1 (continued): In order to be able to encode this
example we propose to use default rules to express that by
default some fluents keep their value: the following rule is
expressing that when there is no box at time point 0 then by
default there is no box at time point 1: —boxy ~ —box;.
This rule admits exceptions: namely, if A puts a box on the
desk at time point O then generally there is a box at time
point 1: Ag A —boxg ~» box;.

Given a set of default rules A it is possible to define a
ranking of these rules according to their specificity, thanks
to “System Z” algorithm [ *], the default base is then called
stratified, its stratas are the formulas with the same rank’.
Note that there are sets of default rules that do not admit
a Z ordering, such default sets are called “inconsistent”
in [70]. In this paper, we restrict ourselves to consistent
default sets. From a stratified default base lexicographic-
entailment [0, 7] is a non-monotonic inference relation
which imposes that the more specific the rules, the more
mandatory it is to comply with them:

Definition 1 (Lex-inference [0]). Let A = Ay U---UA,
be a stratified default base with n strata ordered from the
most specific strata A1 to the least specific one A, and let
A and B be two subsets of A\, and «, B be two formulas of
L,

- Notations: str (for “strict”) is a function that translates a
set of default rules into a set of formulas of L, i.e., str(A) =
Uawpeal—a Vv B}. Foralli € [1,n], and any E C A, E;
denotes the ith strata of E: E; = ENA,.

3System Z ordering method is based on the tolerance notion between
rules. More precisely, a rule r = a ~ [ is tolerated by a set of n rules
RCAiffaANBA /\aiMBiER(_‘ai V f3;) is consistent. The process
continues until A contains only rules tolerated by all the other ones, they
constitute the most specific stratum called A1 (A, being the least specific
stratum, with n being the number of iterations).

- A is Lex-preferred to B given A, denoted A >~ B,

iff there exists |Ag| > |Bg| and

ke [1,n]s.t. { Vi < k, |A;| = |Bil
- A is a Lex-preferred a-consistent subbase of A if A C A
and str(A) U{a} & L and for any B C A s.t. str(B)U
{a} £ L, B #a A holds
- o~ 5 B iff for any Lex-preferred o-consistent
subbase B of A, str(B) U{a} E B

Example 1 (continued): Let us consider that the common
knowledge A about the world consists only in the default
persistence of the fluents box, empty and vis and on the
default effects of the occurrences of events A, E and C
when their preconditions hold.
—boxgy ~ —boxy (Ao V Ep) A =boxg ~» boxq
boxgy ~ box1 Co N\ —wisy ~ visy
—emptyy ~ —empty; Co A —wisg A emptyg ~ —visy
empltyo ~ empty:
—V1Sy ~ WIS

—box ~» —boxs

ViSg ~> V18] Co A\ —wisg N\ emplys ~» —wisy
System Z will give a stratification in three strata where all
persistence rules (of the form vy ~» vy 1 OoF = ~> —Wy41)
are in the least specific stratum A3 (since they are tolerated
by all the other rules). As seen before, (AgV Eg) A—boxg ~
boxy describes an exception to the persistence of —box,
just as Cy N —wisg ~ visy describes an exception to
the persistence of —wis which leads us to place them in
Ao, the latter itself admits an exception described by rule
Coy N —wisy A emptyg ~ —wisy making it the most specific
rule thus placed in Ay by System Z algorithm. At the end,
we get:

Ay = {Cy AN —wisy N empty ~ —ist1 brefo,1,2)
AQ _ {Ct AN "’UiSt ~> ’U7;St+1

(Ar V Ep) A =bowy ~> boxiin fioeg 5y

An — Vg ™~ V41
3 W~ W41 )t €{0,1,2}
v € {box, empty, vis}

Using lexicographic inference we get: —boxg |~ 5 —box;
and —boxo N (Ag V Ey) p~ 5 boxy, meaning that a priori
if there was no box at time 0, there is no box at time 1, but
knowing that either A or E has placed a box makes it more
plausible that there is a box at time 1.

Note that in this example, for the sake of simplicity, we
want to make a closed world assumption (CWA) in order
to express that the only possible way to change the variable
box (respectively vis) from false to true is the occurrence
of A or E (respectively the performance of action C):

CWA ={(—box; Aboxs11) = (Ar V Ey),

("”UiSt N Ui5t+1) — Ct}te{Q,LQ}

From the set of default rules and the closed world
assumption, we can then obtain: {box1} U CWA |~ \ boxg
meaning that the most plausible interpretation is that when
there is a box at time point 1 it means that there was already
a box at time 0. However, if we know that there were no box
at time O then {box, —boxo} U CWA |~ , (Ao V Ep)



We choose to use the lexicographic entailment in this
paper, because [0] have shown that it is a powerful non-
monotonic inference relation that satisfies the set of rational
properties called System P. The System P, introduced by
Kraus, Lehmann and Magidor [3”], gathers properties that
should follow rationally when one wants to deduce new
inferences from a set of existing inference rules. The
following definition describes an agent epistemic states via
the pieces of information that she believes.

Definition 2 (Agent epistemic state and inference). A user
is represented by a tuple B = (F, Bz, BA) composed of
a set F' C L of formulas representing facts, and two sets
By C L and B respectively representing the strict and
default rules known by the agent, the default rules of Ba
are expressions of the form o~ B with o, 3 € L.

When F U By and Ba are both consistent®, the user is
equipped with an inference relation between formulas of L
denoted |~ ; defined by:

{a} U F U By is consistent and

for any Lex-preferred

(@A ANperup, p)-consistent

subbaseA € Bn,
AU{a}UFUB, E B

O‘l"‘Bﬁ iff

In the following, |~ g ¢ is a shortcut for T |~ 5 .

In order to formally introduce curiosity, we need to define
awareness. This will be done by simply stating that an
agent is aware of a variable if this variable appears in the
facts contained in its epistemic state, and we assume that
when an agent is aware of a variable then it becomes also
aware of every variable of the strict or default rules of its
epistemic state containing this variable (mimicking a kind
of introspection). We use the notation v € p to express that
the variable v appears in the formula ¢, this notation can be
applied to variables of V as well as of V.

Definition 3 (awareness). An agent represented by B =
(F, B, Ba) is

 aware of a variable v € V if

— there is a formula p € F s.t. v Ep or

— there is a formula ¢ € By U str(Ba) s.t. vEp
and there is a variable v' € p of which the agent
is aware; and

* aware of a formula ¢ € L iff for any variable v, € ¢,
the agent is aware of v.

Example 1 (continued): Let us consider that the epistemic
state of agent C is (), CWA, A = Ay U Ay U Ag), in this
case it does not know any fact, which means that it is not
aware of anything. Assume now that at time point 1, our
agent Cecilia comes to her office and sees a box on her desk,

“Here consistent is not used with the same meaning: for the
propositional formulas it means classical logic consistency, while for the
default rules base it means that the base can be stratified.

then the epistemic state of agent C is ({box1}, CWA, A).
In this state, it is aware that a box is on the desk, moreover
by introspection its is aware of the possibility to open it due
to rule concerning C, the possibility that Albert or Erwin
are able to put it on the desk, the possibility that this box is
empty or that something inside of it could be vis.

The following definition enables us to keep only formulas
that do not concern a time point later than a given time point
t, i.e., keep the formulas such that all their variables are
indexed by time points no later than .

Definition 4 (epistemic state until t). Given an
epistemic  state (F,Bp,Ba) and a time point
t € [0,N], the epistemic state until ¢, denoted
Bt = (Ft, Best, Bast), is defined by:
F,={p€F| forallvy €p,t’ <t},

Byt ={p € Br | forallvy €p,t’ <t},

Bayt ={6 € Ba | forallvy €str({6}),t' < t}.

In the following, we use [¢]<; (and respectively [¢]<¢,
(@]t [#]>¢ and [p]¢) to denote that ¢ is a formula
containing only variables indexed by time points earlier
than ¢ (resp. earlier than or equal to ¢, strictly later than
t, later than or equal to ¢, equal to ).

Remark 1. Forany formula ¢ € F_,;UBr_,;Ustr(Ba_t),
[¢]<¢ holds.

An agent is curious about a formula at time point ¢ if
according to its epistemic state until ¢ it is aware of this
formula but it is not able to deduce its truth value at time ¢.

Definition 5 (curiosity). An agent with state B is curious
about ¢ € L att € T if, according to B_,4, it is aware of v

and béB_,,, @ and béB_% .

Example 2. Coming back to Example I, the epistemic
state of C being B = ({box1}, CWA, A), its state at
0is BLo = (0,0,0), meaning that at 0 it is aware of
nothing, thus according to Definition 5 it is not curious
about anything at 0. In the epistemic state B, she first thinks
that {box1} U CWA |~ , boxo. However, she remembers
that there was no box on her desk at time 0 before she
left her office. Meaning that her epistemic state is now
B' = ({—boxg,box1}, CWA, A) which enables her to
draw the inference {—boxg, box1} g, (Ao V Eyp), however
there is no way of knowing which of Albert or Bernard (or
both) dropped off the box. More formally, we can say that
Cecilia is curious about the possibility that Albert dropped
off the box at time 0 because she is aware of this possibility
and {—boxg, box1} ht 5, Ao and {—=box, box1} | 5, —Ao.
Now if we consider that Albert told Cecilia that he placed
a box on her desk at 0 before she entered her office. In that
case, the epistemic state of Cecilia is B" = ({Ay, —boxy,
box1}, CWA, A), there is no more ambiguity as she knows
who put it there, hence she is not curious about Ay.

To define suspense, we propose for this formalization to
use Baroni’s description of primary suspense [5] which
relies solely on temporal and belief factors. Baroni
also describes other types of suspense involving different



emotional components (empathy and identification with
a protagonist for instance). These components affect
suspense by strengthening the intensity of curiosity, and we
will leave them for further study at the time being. The
following definition expresses that an agent feels suspense
about a formula ¢ when this agent is curious about it at
time ¢, and thinks that it is not impossible for facts or events
(below denoted ) to come to light and reveal the truth of
 (satisfying curiosity about it at last).

Definition 6 (suspense). An agent represented by an
epistemic state B = (F,Br,Ba) feels suspense about
@ € L at time point ¢ if

1. according to B, the agent is curious about p at time t

2. and there is a formula 1) € L such that [{]s; and
F_,; U B U{%} consistent

3. and there is t' > t s.t. either |~p, Qp or |~ g, ~py
holds, with B' = (F'U {¢}, Bz, Ba).

Example 3. In the context of Example I, assume now
that agent C' has the following epistemic state B =
({=boxg, box1, —wis1 }, CWA, A). Here, at time 1 agent
C is aware of the box, she is also aware that it is either
empty or not, but has no way at this time to know which
is true. Formally, |5 empty and Yz —~empty. Hence
she is curious about the variable empty at time point 1.
Still according to Definition 3, the agent is also aware of
the formulas (Co N\ —wisy ~» viss) and (Co A —wisa A
emptys ~ —wiss). Meaning she is aware she will know
the content of the box once she opens it.

More precisely, the formula v = Cy A visz can
be added to the facts of the epistemic state because
{=bozxg, box, —wis1 } UCWA U{Cy A visg} is consistent.
Now, B' = ({=bozxy, boxi, —wisy, Co, visgz}, CWA, A)
yields |~ g, memptys. Hence Cecilia feels suspense at time
1 about the truth value of empty.

In order to formalize surprise, following [2()], we propose
to exploit our non-monotonic setting that enables agents
to imagine several more or less plausible situations, i.e.,
enables them to incorporate new contradicting information
by revising previous conclusions. This is required in
order to avoid locking the agent in a state of total
incomprehension. Surprise can then be defined by the
occurrence of a formula that was unexpected but which is
completely plausible.

Definition 7 (surprise). An agent represented by B =
(F, Bz, Ba) is surprised at time ¢ about a formula ¢ € L if
@ € F_; and B_,; is consistent (¢ occurred and it was not
impossible) and B’ = (F_;_1, Br ¢, BAyt) Is such that:
g~ (@ was unexpected)

Example 2 (continued): Cecilia is surprised to find the
box at time 1. Indeed, given the epistemic state B =
({—boxg, box1}, CWA, A), before seeing the box at time 1,
the persistence of —box into —=box, was the most plausible
evolution. More formally, we can check that box, € F and
B’ = ({—boxo}, CWA_,1, A1) is such that |~ 5, —box1,
and B is consistent (hence B_,1 as well).

4 Properties

In this section we show several simple properties
relating the three emotions, moreover we establish the
computational complexity of their detection.

An agent who knows nothing is aware of nothing.

Proposition 1. [f the epistemic state of an agent has no
fact, i.e, B = (0, Bz, BA) then the agent is not aware of
any variable.

Proof. Even if B or Ba are non-empty, there is no
awareness since no variable appears in F'. O

This kind of agent is not curious nor able to feel suspense
since curiosity requires awareness, and suspense requires
curiosity.

Corollary 1 (of Proposition 1). If the epistemic state of an
agent has no fact, i.e., B = (0, Bz, BA), then the agent is
not curious and does not feel suspense about any formula
at any time point.

The following proposition states that an omniscient agent
(i.e., an agent with complete information about the world)
is never curious nor able to feel suspense.

Proposition 2. If the epistemic state B = (F, Bz, BA) of
an agent admits only one most plausible interpretation in
Q, then for any finite formula, there is no time point where
the agent is curious or feels suspense about it.

Proof. In order to be curious, there should exist at least
one variable whose truth value is unknown. Hence there
should be at least two interpretations that are equally most
plausible. O

Because surprise occurs when the agent expects something
and then the opposite happens, it means that it is not curious
about it (because the surprise makes it know it).

Proposition 3. Given an epistemic state B of an agent, if
the agent is surprised about @ at time t then the agent is not
curious about @ neither at time t — 1 nor at time t.

Proof. Let us assume that B = (F, Bz, Ba) is surprised
at time t about a formula ¢ € L, it means that ¢ € F.,;
and B_,; is consistent and B’ = (F.,;_1, By, Bast) 18
such that: |~ 5, —. It means that the agent could infer the
truth value of ¢ at time ¢ — 1, hence she was not curious at
t — 1. Now since ¢ € F and B_,; consistent then |~ B, ¥
hence she is not curious about it at ¢. O

This proposition shows that surprise and curiosity are
antagonists in a given epistemic state, however we can
imagine stories where the same event sequence may
produce curiosity (e.g. by keeping some information
hidden, namely the name of the murderer) when told
in a given way and surprise when told differently (e.g.
revealing this same information at start). The following
proposition shows the complexity class of the decision
problems associated to awareness, curiosity, suspense and
surprise.



Proposition 4. Given an epistemic state B, a formula ¢ €
L and a time pointt € T,

* Deciding whether B is aware of @ at time point t can
be done in linear time.

* Deciding whether B is curious or feels suspense or
surprise about o at t is AL-complete.

Proof. In order to check awareness about a variable, it
is enough to check membership of this variable to a set
of formulas, which is linear in the size of the epistemic
state, this process should be repeated for all the variables
of a formula to check formula awareness. Concerning
curiosity, in addition to a test of awareness, it uses two
lexicographic inference tests which have been shown to be
in PNP by [ 1]. Suspense requires a curiosity check and a
consistency check of the strict part of the base B, which
is a SAT problem hence NP-complete. It then requires
several lexicographic inferences in order to find the time
point where |~ 5, ¢y or v 5, —y holds. Surprise requires a
consistency check of the default base of B (whichis a PNF-
complete problem according to [71]) and a lexicographic
inference, hence the result. O

The complexity PN P of these decision problems is due to
the use of the lexicographic inference in their definition.
Note that the upper bound (V) on time steps could relieve
the computational complexity as obtained in traditional
STRIPS planning [!0] where the complexity of certain
decision problems drops from PSPACE-complete to NP-
complete. Note also that formulation of Al planning in
answer set programming gives rise to similar complexity

[0

5 Curiosity and causality

For further characterizing narrative tension, we need to
quantify the intensity of the emotions generated in an agent
when listening to a story. This section is a first attempt
towards this goal.

5.1 Curiosity intensity

We propose a definition of the emotional intensity of
curiosity. In the following definition we propose to rely
on findings from Trabasso and Sperry [5-] as a heuristic
in order to evaluate the intensity of the curiosity. We first
define the causal graph associated with an epistemic state as
the one relating variables of Vr with the links (called F'p)
induced by the default rules (Ba) and strict rules (F'U By)
of the epistemic state 5.

Definition 8 (causal graph). The causal graph Gp induced
by an epistemic state B = (F, B, Ba) is a pair (Vp, Ep):
oVp={v€Vr|vEp, o € FUDB,Ustr(Ba)}
is the set of vertices of Gp
e Ep ={(vt,vy,) EVr xVrp | v Ea,vp €S, a0~ € Ba}
U{(v,vp) €V x Vp [ {l,} UFUBg E 1,
with l, € {vy, v }, 1} € {v,,, v}, }}

Figure 1: Causal graph induced by the epistemic state B_,

We illustrate this definition on the epistemic state of Cecilia
until time point 1.

Example 3 (continued): Considering B =
({=boxg, boxy, —wis1 }, CWA, A), the causal graph
induced by B_,, is shown in Figure |.

Definition 9 (curiosity intensity). Given an agent with state
B = (F, B, Ba) and curious about ¢ € L att € T, her
curiosity intensity level is cp(p,t) = >, e, deg(vy)
where deg(x) is the degree of the node x in the causal graph
induced by B.

Example 2 (continued): Given the epistemic state of
Cecilia B = ({box1}, CWA, A), she is the most curious
about visy with intensity 5, denoted cg(vis, 1) = 5. Note
that the degree of vis; is only four on Figure | but there
is a supplementary outgoing arc from vis; to visy when
considering B instead of B_,1.

Note that another way to refine the curiosity intensity
analysis is to take into account the user profile and her
preferences over different subjects, which is left for further
studies.

5.2 LLMs for building causal graphs

As seen in the previous section the causal graph is crucial
to characterize the basic ingredients of narrative tension.
In particular we need this graph both for capturing the
dynamic laws governing the world and the saliency of
each event (hence useful to refine the intensity of curiosity,
suspense, and surprise). We first assumed that this graph
could be extracted from an encoding of the epistemic
state of the agent. Another approach is to take advantage
of LLMs in order to obtain this graph, As presented
by [57]. While we focused here on a simple story,
whose events were transcribed into logic by hand, they
tackled the question of generating a narrative graph of
salient events from texts. Such system would enable to
test our framework on much more complex narratives by
automating the generation of such event graphs. Moreover
they provide a structured way to identify successively
hierarchical, temporal and causal dependencies between
events. More precisely, the approach of [5”] proceeds in
five steps translated in cascading prompts: 1) Summarize
the text 2) Capture the events, 3) Generate a hierarchical
graph of events, 4) Generate a temporal graph, 5) Generate
a causal graph. We’ experimented their approach on
our simple story. It amounted to send a first prompt
(corresponding to step 2):

5The experiment was conducted by Benjamin Callac a.k.a. “Ben”.
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| Cecilia leaves
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Erwin placed
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A box was not w
|
|
| Cecilia’s desk.

there when she
last left the room.

Cecilia enters A box is lying
her office. on her desk.

{Cecilia sees a box}

Figure 2: Causal graph generated by an LLM using Tan’s
[57] method. The two dotted events were added through
further prompting of the LLM.

Ben> A structured event is something that happened as
described in the text. A structured event is represented as
a tuple, which consists of actors, a trigger, and objects.
Could you list all the structured events in what follows?
“We consider a story involving Albert Einstein, Erwin
Schrodinger and Cecilia Payne-Gaposchkin® :  Cecilia
enters her office. She sees a box lying on her desk that was
not there when she last left the room.”

Resulting in the following list of events from ChatGPT-40’:
GPT> Here are the structured events:

1. (Cecilia; enters; her office).

2. (Cecilia; sees; a box).

3. (A box; lying; on her desk).

4. (A box; was not; there when she last left the room).
Following the method used in [5”] we then prompt
a ChatGPT instance to complete a python program to
generate hierarchical, temporal and causal graphs of events.
In these prompts the different relations are described as :
Hierarchical Graph: “Each edge in the graph represents a
subevent relation between the head and tail nodes which are
events. They are closely related but on different granularity
levels.” ®

Temporal Graph: “Each edge in the graph represents a
temporal relation between the head and tail nodes which
are events. An edge means the head event happens before
the tail event temporally.”®

Causal Graph: “Each edge represents a causal relation
between the head and tail nodes which are events. An
edge means the head event is caused by the tail event. The
head event will not happen if the tail event did not happen.”®

We can notice that this causal graph does not contain
implicit events (like Albert or Erwin actions), since they
were not present in the initial text. Moreover there is
no genericity, i.e., the LLM underlies the actual causality
in the story but do not give explicitly the causal laws.

SHence the cat in the title.
7"chatgpt-4o-latest” version as of the 15th March 2025.
8Prompt extracted from [57].

However each causal arc is labeled with a kind of generic
explanation since we ask GPT to add comments for each
edge created, e.g. for the edge: (box_on_desk) ->
(cecilia_sees_box), it is commented with “Cecilia
can only see the box if it is on the desk”.

Finally, we observe that the LLM was not initially able to
infer events that were not described in the prompt. But,
after prompting:

Ben> There are missing events in the story, complete the
story with actions from either Albert or Erwin that Cecilia
was not aware of.

GPT> (...) Earlier that day, Erwin Schrodinger had placed
the box on Cecilia’s desk.

Then after asking to complete the graph in python with the
event that Erwin put the box there, GPT delivered a python
program where it added an edge with the comment that “"A
box is lying on her desk." is causally dependent on "Erwin
placed the box on Cecilia’s desk."”. Moreover, we had to
suggest to GPT to add the event of Cecilia leaving the room,
which finally results in the graph presented in Figure 2.

6 Conclusion

This paper aims at providing a unified framework in which
the three emotions at the heart of narrative tension, namely
curiosity, surprise, and suspense are formalized and their
relationships clarified. This framework is built on non-
monotonic reasoning for representing compactly the default
behavior of the world and also for simulating the reasoning
of an agent in front of a story. The use of non-monotonic
reasoning induces a cost in complexity: the detection
problems associated with the three emotions are in PN?
(due to the use of lexicographic inference). We describe
methods to evaluate the curiosity intensity.

While we illustrated our formalization by adopting the
point of view of a single agent in a chronological story
for the sake of clarity, it does not preclude its adaptability
for storytelling using other points of views such as an
extradiegetic narrator disclosing knowledge to the listener
through a discourse that does not reflect the timeline
of the story. To operationalize this model, we plan to
investigate different frameworks that are equipped with
solvers namely PDDL planning, Linear logic with Ceptre
[$0] and propositional default logic with ToulST [+9].
Moreover, the inherent growing complexity of this problem
for scaling to complex narratives requires further study
about the granularity of story events, for instance inspired
by discussions about the representation of causality [7].
The experiment based on [5”] is very promising but further
study is needed to establish a generic and guaranteed
process for generating valuable causal graphs from any
story.
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