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ABSTRACT

Narrative planning techniques have shown great potential in their ability to automati-

cally generate plots that meet human authorial goals for their fictional world and charac-

ters. However, stories produced by existing techniques are limited in expressivity related

to belief-based failed actions in stories, which is pervasive in various media ranging from

Star Wars to Looney Tunes.

This dissertation outlines a principled means to generate storylines with failed actions

and advance a broader goal of automatically creating more expressive, natural, and com-

pelling narratives. It builds upon existing work in narrative generation using artificial

intelligence planning algorithms. While traditional planning techniques rely on producing

sound, causally coherent plans that avoid or recover from failure, our approach explicitly

plans for action failure in the generated plans.

The approach described by this dissertation involves (1) defining a knowledge repre-

sentation and an associated plan generation algorithm for intentionally generating stories

where characters attempt an action and fail and (2) extending current methods for the

specification of narrative planning problems included in this expanded representation

involving desired actions, action failures, and the intent dynamics that surround them. We

evaluated our approach to gauge human comprehension of the computationally generated

plots and the capability of novice storywriters to use the enhanced representation to guide

the planner towards desired stories consisting of failed actions.



For the love of learning, and the journey worth pursuing.
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CHAPTER 1

INTRODUCTION

Stories are everywhere: each of us tells and experiences stories every day. In addition

to entertaining or conveying information, stories are a method by which essential values

and traditions are communicated to others, including the next generation [53, 56, 111].

Storytelling is powerful: the art and craft of constructing powerful stories allows the story

to convey its message to the audience, whether for entertainment, knowledge, or any of

the many goals for telling stories.

Stories often include failure on purpose: stories that describe experiences where one

learns from mistakes share inspiration with audiences. For example, consider the experi-

ence shared by medical professionals about their mistakes and how they became learning

experiences for their staff [111]. Stories can also use failure for climactic moments to create

tension and build emotional moments for audiences. For example, consider the moment

in Avengers: Endgame [80], when Thanos the Mad Titan attempts to remove half of life in

the universe by snapping his fingers. He (along with the audience) is surprised when his

finger snap has no effect: he realizes too late that the Infinity Stones, which he had assumed

were in place along the back of the gauntlet he’s wearing, were missing, removing the

gauntlet’s powers. These are stories where failed actions are integral to the experience and

leave an impact on the audience.

Interactive storytelling systems tell stories where the audience (a player) gets to expe-

rience the narrative while having some agency in the narrative [16]. Artificial intelligence

systems have significantly advanced in telling engaging stories through interactive film

and TV [49] and visual novels and videogames. The field has grown and produced tools

that allow authors to craft experiences in interactive fiction [46, 48, 81]. Those authoring

tools run the gamut of expressivity and support for authorial intent. On one side of the

spectrum, authors craft branches of their stories and then use the tools to create experi-
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ences for audiences. On the other side of this spectrum, authoring of every possible story

branch can quickly get complex: Baldur’s Gate 3, for instance, has 17,000 endings [102, 103].

While there may be minor variations between some of these endings, managing complex

branches during authoring and keeping track of the narrative experience for the audience

is an exciting challenge to address.

Computational modeling of narratives is a growing and significant body of work that

aims to produce stories with the help of computers. One major push in computational

models of narrative is narrative planning [3]. Narrative planning approaches are goal-

directed approaches extending classical planning algorithms to generate world simula-

tions and produce causally coherent plans that meet character or authorial goals. The

field has evolved to develop systems and algorithms that produce plans with features

intrinsic to stories and have contributed to interactive narratives and computer-assisted

authoring of stories [59, 78]. These systems aim to assist in the authoring process for

plot construction– constructing plots based on specifications by the author, and can often

support multiple stories in the same narrative space.

Computational approaches in narrative generation have representational limitations

that impact the expressive range of these systems [3]. For example, one significant limi-

tation is that most story generation systems cannot produce stories with failures. In this

case, this limitation arises from the beneficial property of soundness – the guarantee that

every plan produced by a planner will be executable – held by most planning systems. In

many of the contexts where planning systems might find use, soundness is a key feature.

In narrative generation systems, however, action failure within stories is common and

desirable (at least by authors).

This dissertation considers computational modeling of narratives in the context of failed

actions specifically: it considers the space of stories where characters like Thanos can fail

when they attempt actions because their beliefs contradict the actual world conditions

required to perform an action successfully. This dissertation considers how computational

narrative generation approaches can create plots with such properties and still maintain

the qualities that make it possible for people to track and comprehend such plots ac-

curately. We also consider how authors can use the algorithms to express constraints

regarding failed actions: how they can direct the algorithms to generate stories with these
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properties.

1.1 Motivation
Consider a story based in a Star Wars-like fictional world with two spaceships: one be-

longing to the Empire Troopers and one belonging to the Rebel fighters. The Rebel fighters

want to escape the Empire Troopers by jumping through hyperspace to another part of

the galaxy. In contrast, the Empire troopers want to capture the Rebel fighters by shooting

their laser cannons at the Rebel ship and disabling it from jumping into hyperspace. This

simplified story world has the potential for many different stories with the conflicting goals

of the two teams. One possible story that can be produced is similar to a scene in The Empire

Strikes Back [55] when Han Solo is racing to escape the Imperial fleet attacking Hoth. In the

story, his goal aligns with the Rebel fighter, and the Imperial fleet’s goals are similar to the

Empire troopers. In the scene, Han pulls a lever to make the jump to hyperspace, but an

equipment malfunction in the Millennium Falcon spaceship’s hyperdrive causes the action

to fail both immediately and dangerously.

In examples like this, the failures of character actions aren’t simply emergent properties

of a complex environment and the limitations of agents operating within it. Rather, the

attempts and failures are designed intentionally by authors for narrative effect, e.g., to

build tension, to prolong efforts around goal achievement, or to highlight to a reader the

disparities of knowledge and ability between characters within the unfolding story world.

These roles and others played by action failure within stories are central to many narrative

functions. Consequently, developing principled means to generate storylines with failed

actions advances the broader goal of automatically creating more natural and compelling

narratives.

Authoring such a story without computational tools requires authors to consider as-

pects of the world that go beyond more straightforward reasoning about cause and effect in

the story world. Specifically, authors crafting stories where characters attempt actions that

fail must also reason about character beliefs in addition to the state of the world. Stories

containing actions that fail due to characters’ mistaken beliefs require additional factors to

consider compared to stories that do not involve failed actions. This makes creating stories

cumbersome and could possibly introduce inconsistencies, leaving audiences confused.
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In recent years, work on automated story generation has shown success in develop-

ing planning-based generative methods (e.g., [23, 69, 113]). Planning-based methods for

story generation offer several attractive features, including guarantees of soundness and

completeness and the natural representational fit between plan structures and the goal-

directed activity that characters undertake inside narratives. However, researchers have

increasingly identified limited expressive capabilities in previously developed plan rep-

resentations when used to characterize storyline structure. Knowledge representations

adequate to produce plans that control robot execution fall short in their characterization

of a range of features commonly found in stories. Much work that has gone into plan-based

story generation (e.g., [6, 97, 108]) has sought to retain as many of the benefits of classical

planning as possible while also increasing the expressive range of narrative generators.

One limitation of planning approaches for storyline creation arises from their inability

to generate plans containing actions that fail, which is common in stories [61]. If we

were to model the Star Wars example described above, existing computational approaches

would be unable to generate a story where Han’s false beliefs about the condition of the

hyperspace drive of the Milennium Falcon cause him to fail when attempting to jump to

hyperspace. As planning algorithms continue to improve to build more sophisticated

stories, there is a need for them to also model stories that consist of failed actions.

Human control over the artificial intelligence technology advances in narrative gen-

eration is, at present, limited. There is a need for human authors to interact with the

technologies to produce narrative content effectively. As automated planning approaches

increase their expressive range and produce stories with complex properties, such as ones

where characters reason about beliefs and intention [8], there is a greater need for (a)

expansion to the affordances available to human authors to provide specifications to the

system, and (b) understanding how human authors can work with these newer systems to

produce stories that they desire.

1.2 Problem
The central problem this dissertation focuses on is how a planning system can generate

plots with the properties described above. Typical AI planning approaches ensure that

plans are sound and focus on satisfying goals in the world. Narratives, however, often
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explicitly include failed actions for the reasons described above. We address this challenge

by distilling the task of using narrative planning to create stories consisting of failed actions

into two subproblems.

The first problem is the ability of narrative planning approaches to produce plans

with belief-based failed actions. To our knowledge, no other narrative planning system is

capable of producing stories with these properties, and we consider how we can expand on

the expressive range of narrative planning systems by creating stories where characters fail

when attempting actions. Moreover, this problem also considers the comprehension aspect

of produced stories: it is important for humans experiencing these stories to understand

the belief and intent dynamics surrounding the computationally generated stories.

The second problem is the ability of authors to work with narrative planning systems

to produce stories with desired properties surrounding failed actions effectively. Current

narrative planning approaches are limited in the amount of expressivity for authors to

specify constraints about the trajectory of the desired story: typical approaches are limited

to considering the beginning and ending, but not the specific actions. We focus on the

task of adding expressivity available to authors to provide more specifications to narrative

planning systems: constraints surrounding actions, failed actions, and intent dynamics for

action failure. Moreover, we also consider the impact of the added expressivity on the au-

thoring process when working with a narrative planning system, to gain an understanding

of how useful enhanced authorial expressivity is for producing stories with failed actions.

1.3 Approach
The work we describe here seeks to outline a principled means to generate storylines

with failed actions and advance a broader goal of automatically creating more expressive,

natural, and compelling narratives. We develop narrative planning techniques to support

the generation of narratives where characters can attempt actions that potentially fail due

to incorrect character beliefs, and support authorial capability to generate these narratives.

Moreover, in order for the generated stories with action failures to be believable, the de-

veloped planning techniques should reason about the mental attitudes of characters to

support the narrative structures around action failure. Specifically, to maintain narrative

believability, characters can have mistaken beliefs about the world, observe the world as



6

it changes, and update their beliefs accordingly. Characters must also maintain a set of

commitments to action gained in their beliefs, so they can respond to action failure in

believable ways. Finally, authorial control of narrative planning technologies must also

be extended to support constraints surrounding these properties. The approach described

by this dissertation involves (1) defining a knowledge representation and an associated

plan generation algorithm for intentionally generating stories where characters attempt

an action and fail, and (2) extending current methods for the specification of narrative

planning problems included in this expanded representation involving desired actions,

action failures and the intent dynamics that surround them.

We provide the design of an algorithm for story generation that explicitly plans for

character actions that fail. The algorithm uses a knowledge representation that provides

context for this failure based on the limitations of characters’ beliefs about the story world

around them (e.g., Han’s false belief that the Millennium Falcon’s hyperdrive was opera-

tional and could make the jump to lightspeed). The algorithm is capable of considering

authorial goals (e.g., the story to still end with Han Solo escaping from the Empire). The

stories produced also consider character intent dynamics (e.g., Han will only perform

actions if he believes they will get him closer to his goal of jumping to hyperspace success-

fully) and observability (e.g., only characters present in the cockpit of the Millennium Falcon

observe the effects of Han’s failed attempt). Moreover, authors using the planner can

specify constraints related to the failed actions (e.g., only produce stories where Han fails to

jump to hyperspace) or intent dynamics surrounding failed actions (e.g., only produce sto-

ries where Han gives up on using the hyperspace engine upon failing). We call the pairing

of the algorithm and its representation defined here HEADSPACE. The HEADSPACE algo-

rithm produces story structure with many advantageous properties found in other plan-

based approaches and is more parsimonious than previous approaches to story generation

that also address character belief dynamics.

The following thesis captures our approach:

A planning system that utilizes character belief and intent dynamics to generate stories with

failed actions can empower human authors to create plots with these distinctive qualities effectively.

The dissertation addresses the subproblems described via the following research ques-

tions:
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Research Question 1. How can a narrative planner be used to generate stories with characters

exhibiting expressive behavior surrounding failed actions?

Research Question 2. How does adding expressivity for the specification of authorial constraints

surrounding desired actions, failed actions, and intent dynamics surrounding failed actions impact

the ability to create stories using a computational narrative planner?

The first research question considers how automated planning algorithms can be used

to generate stories consisting of failed actions. We propose a novel algorithm and represen-

tation to reason about character beliefs and then intentionally generate stories with failed

actions. We then evaluate this research question by considering the accuracy with which

humans can comprehend these automatically generated stories. Using the algorithm, we

generated a few stories that consisted of failed actions. We then used a cognitive model

of question answering to gauge how well readers could understand the belief and intent

dynamics surrounding the failed actions in the stories.

The second research question addresses how the added expressivity impacts authors’

ability to use automated planning tools: does providing greater control over story struc-

ture benefit the authorial process? We propose a novel representation for planning prob-

lems to capture constraints surrounding failed actions and intents, and demonstrate its

ability to guide the planner to create stories with failed actions. The evaluation for this

research question uses an ablative study design to compare authorial effort for different

levels of expressivity for the creating of plots with failed actions. The results show that

the additional expressivity reduces authorial effort required to use a narrative planner to

produce stories with failed actions.

1.4 Contributions
This dissertation focuses on extending narrative planning approaches to support the

specification of authorial constraints surrounding failed actions, and for generating plot

with failed actions as output of the narrative planning algorithms.

This dissertation makes the following contributions:

• the ability to intentionally generate stories with failed actions: we extend narrative

planning approaches to create stories where characters by design fail when attempting
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an action due to incorrect beliefs about the world [86].

• the ability to generate stories with specific intention dynamics surrounding failed

actions: we draw on existing notions of intent in computational narratives [76] to de-

termine how character intent may change when a character attempts a failed action,

and how the change in intent could influence agents’ response and plan of action in

the world, leading to nuanced behavior.

• the ability to support authors as they specify constraints surrounding failed actions:

we build the capability for authors to direct planning algorithms that reason about

intent dynamics surrounding failed actions to specifically target authorial constraints

surrounding the failed action and its consequences. In our approach, authors can

specify whether a desired failed action in the resulting plan should lead to plan re-

pair, a different intention plan, or dropping of the intent for the character attempting

the failed action.

• the extension of existing evaluation methods that assess whether readers recognize

and comprehend plot generated by the proposed approach accurately, to generate

models from plans consisting of failed actions [83] and the development of evalua-

tion methods for stories consisting of failed actions [85].

• an increased understanding of human authors’ engagement with constraint-focused

authoring tools used to drive automated narrative planners: an increase in our un-

derstanding of the requirements for authors to direct story generators by using an

ablative study to evaluate challenges for authors with different levels of input (i.e.,

story structure in addition to domain structure).

1.5 Reader’s Guide
Figure 1.1 provides an overview of the approach described in this dissertation. The

organization of the remainder of this dissertation is as follows. Chapter 2 summarizes

the related work in planning, narrative generation, cognitive models supporting human

comprehension of stories, and authorial support tools.

In Chapter 3, we describe our contributions to generating and authoring narratives

consisting of belief-based failed actions. First, we focus on the representation and algo-
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rithm for the generation of such narratives with the focus on meeting authorial goals in

Section 3.1 (boxes 1a and 1b in Fig 1.1). Second, we describe the approach in the context

of intention and observability dynamics, with an enriched representation and updated

algorithm, which considers character intent dynamics alongside authorial goals (box 2b in

Fig 1.1). This is described in Section 3.2. Third, Section 3.3 describes additions to authorial

expressivity to allow for specification for constraints related to actions, failed actions, and

character intent surrounding failed actions (boxes 3a and 3b in Fig 1.1). Finally, Section 3.4

concludes the chapter by proposing extensions to work in creating QUEST representations

from narrative plans to support narrative plans that consist of belief-based failed actions.

Chapter 4 describes the evaluations conducted to evaluate the contributions of this

dissertation. Section 4.1 provides a brief analytic evaluation discussing the claim of expres-

sive range (box 1c in Fig 1.1). Section 4.2 describes an empirical evaluation that explores

Research Question 1 through an evaluation of comprehension of the stories produced by

HEADSPACE (box 2c in Fig 1.1). Section 4.3 describes a second experiment that explores

Research Question 2, studying the influence of the enhanced authorial expressivity on pro-

ducing stories with failed actions using the HEADSPACE planner through a user interface

(boxes 4b and 3c in Fig 1.1).

Chapter 5 concludes the dissertation, summarizing the contributions and discussing

future work.
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Figure 1.1. Dissertation overview.



CHAPTER 2

RELATED WORK

This section provides an overview of the various domains related to the dissertation

work. There are, broadly, four research areas that serve as background to this work. Sec-

tion 2.1 introduces the reader to AI planning algorithms. The section provides a brief run-

through of planning algorithms and the representation used to specify planning problems.

The section also discusses planning with additional constraints and lays the groundwork

relevant for building a narrative planner with added expressivity. Section 2.2 specifically

provides background on narrative planning work. The section situates other narrative

planning systems that reason about intentionality and disparate knowledge models for

characters and how they relate to the approach in this work. In Section 2.3, we present the

most closely related work in cognitive models on comprehension of narratives and failed

actions. Finally, Section 2.4 presents computational approaches to support the human

authoring process for stories. This section illustrates how computational narrative under-

standing and narrative generation technologies have been employed to assist in authoring

and evaluation approaches.

2.1 Planning
Applications of planning algorithms are impacting technical disciplines and industries

worldwide, ranging from protein folding to spacecraft mission sequencing [33, 44, 94].

Planning involves searching for a sequence of formally defined actions that transforms an

initial world state into a desired goal state. Planners are concerned with causal reasoning

and sequential decision-making– certain actions cannot happen before others (for example,

one cannot paint the walls before building them). Within a typical planning knowledge

representation, each action is represented by a set of preconditions: conditions that must

be held in the world for the action to be executed, and effects: conditions that describe the

changes in the world after the action is executed. The world state itself is described using
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predicate logic, indicating a set of facts that are true or not true in that state. The initial

state represents the state of the world at the beginning of the plan. The goal conditions

describe a set of authorial goals– a world state that meets the goal conditions is considered

a goal state.

2.1.1 The Planning Domain Definition Language (PDDL)

The Planning Domain Definition Language (PDDL) [38] is a family of languages in-

vented to describe planning problems in STRIPS-style. It was intended to express the

“physics” of a domain. Over the years, PDDL has been used extensively to represent

planning problems for the AI Planning and Scheduling Conference (AIPS) Planning Com-

petitions. The following example shows a domain described in PDDL from [38]:

( def ine ( domain b r i e f c a s e −world )
. . .
( : con s ta nts ( b r i e f c a s e − physob ) )
( : types l o c a t i o n physob )
( : p r e d i c a t e s ( a t ?x − physob ? l − l o c a t i o n )

( in ?x − physob ) )
. . .

In this representation, there are two predicates: at for representing the location of an object,

and in for representing the object inside the briefcase. The layout of the world in the inital

and goal state can be described using these predicates in the following manner:

. . .
( : i n i t ( place home) ( place o f f i c e )

( o b j e c t paycheck ) ( o b j e c t documents )
( o b j e c t b r i e f c a s e )

( a t b r i e f c a s e home) ( a t paycheck home)
( a t documents home) ( in paycheck ) )

( : goal ( and ( a t b r i e f c a s e o f f i c e ) ( a t documents o f f i c e )
( a t paycheck home ) ) ) )

The above representation specifies that, in the beginning, the briefcase, paycheck and the

documents are at home, and the paycheck is stored in the briefcase. The goal state indicates

that in the end of the story, the briefcase and the documents should be at the office and the

paycheck should be at home. Below, we also provide an example of PDDL used to define

an operator take-out ?x that represents the action of taking x out of a briefcase:
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( : a c t i o n take −out )
: parameters ( ? x − physob )
: precondi t ion ( not (= ?x b r i e f c a s e ) )
: e f f e c t ( not ( in ?x ) ) )

Newer versions of PDDL have grown in expressivity to allow for more specifications on

desired plans. PDDL 3.0 introduced the concept of state trajectory constraints, allowing

for higher expressivity to specify constraints desired plans must meet [36]. The added

expressivity provides for description of intermediate states and orderings between them

through modal operators: always, sometime, at most once, sometime after, sometime before

among others. For example, in a domain for truck deliveries, constraints can specify

that all trucks must not only end in a particular location (a goal state constraint) but that

some trucks must have visited a particular location at some time in the plan (a trajectory

constraint). These additions in PDDL are relevant to this dissertation as we later develop

additional expressivity to support narrative authoring.

2.1.2 General Planning Algorithms

The planners discussed in this work are based on the STRIPS-style language of spec-

ifying input to the planner [31]. The STRIPS language represents the world as a set of

predicates. These predicates are used to describe the world as well as define actions in the

world. Actions are defined by specifying the predicates that must hold for the action to be

executed in the world and the predicates that are changed as an outcome of the action.

2.1.2.1 State-Space Search Planners

As the name implies, state-space search planners explore possible plans in a search

space where each node is a viable state. Each edge is an action that can be executed at the

current state, with the resulting state as the next node. Since the action definitions specify

both preconditions and effects of an action, it is possible to search in either direction: for-

ward from the initial state or backward from the goal state. Forward-directed state-space

search planners use the initial state of the problem to consider possible sequences of actions

until a sequence that leads to the goal state has been found [10].
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2.1.2.2 POCL-Based Planners

State-space planners typically produce totally ordered plans, i.e., they explore strict lin-

ear sequences of actions. On the other hand, Partial Order Causal Link (POCL) planners

such as SNLP and UCPOP [63, 67] attempt to solve planning problems using partially

ordered plans as solutions. These planning algorithms attempt to find all necessary con-

ditions that must hold at various points in a plan (causal links). The planners then attempt

to resolve threats to existing causal links created by recent plan modifications, resulting

in a solution that includes partial ordering between actions. Planning approaches built

upon POCL use the concept of causal links to ensure that conditions hold in the world at

necessary points, and when any of these conditions are threatened, the plan is modified

to resolve the threat. Other planners, such as DPOCL [112], use similar approaches and

construct partial-order-plan solutions to planning problems.

2.1.2.3 FF Planner and Heuristic

FastForward (FF) [45] is one particular forward-directed state space search planner.

The FF planner was especially notable because of its simplified planning graph heuristic

that combines forward and local search in a novel way. To determine the next state node to

explore, FF uses a heuristic that considers a relaxed solution to provide an approximation

of how likely a potential state can lead to a goal state. The relaxed solution involves only

considering additive effects and ignoring the delete effects of an action. The heuristic is

based on the HSP planner’s max-level heuristic hmax and additive heuristic hadd [11], and

considers the number of helpful actions in the relaxed plan graph.

2.1.3 Planners with Additional Constraints

As AI Planners have evolved alongside the languages they use, planners offer different

levels of PDDL support and different approaches to solving a planning problem. Two of

these approaches that are relevant to work in this dissertation are described here.

2.1.3.1 Planning with State-Trajectory Constraints in SGPlan5

The SGPlan5 Planner is capable of planning with state trajectory constraints [47]. The

planner employs several strategies to solve a planning problem with hard and soft in-

termediate state constraints. First, an input planning problem is converted from a STRIPS
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representation to a multi-valued domain function (MDF) representation based on the SAS+

formulation [5]. This conversion allows for literals dependent on each other to get grouped

into variables. For example, in a domain where a truck can be only at one location at one

time, the literals (at truck warehouse) and (at truck factory) get reduced to a single

multivalue variable that represents the location of the truck and can take one of two values:

warehouse or factory. Second, SGPlan5 analyzes the newly formed MDF representation to

understand the domain further. The analysis involves finding guidance and bottleneck

variables to identify localities in the domain. Their approach then applies a partitioning

approach to divide the problem into a number of sub-problems, each with its subgoals.

SGPlan5 then uses a modified version of the Metric-FF planner to solve the planning prob-

lem. This approach was shown to perform competitively for IPC (International Planning

Competition) benchmarks.

2.1.3.2 Planning with Action Constraints in PAC-C

Action constraints refer to the ability to provide specifications of actions in the planning

problem that are desired in the final plan [9]. Action constraints can be helpful when plans

need to have specific properties beyond initial and goal state specifications. For example,

in the delivery domain, an action constraint could involve restricting the use of a particular

truck to certain routes or requiring that a specific van deliver a particular package. In a

murder mystery narrative domain, authors might want generated plots to strictly include a

murder. Action constraints expand the expressivity available when specifying constraints

in a planning problem.

Action constraints are not yet supported in current PDDL standards. However, some

approaches have considered action constraints and preferences in planning algorithms.

Recent work by Bonassi et al. has considered action constraints in planning and imple-

mented a translation algorithm to precompile the action constraints into state constraints

that meet PDDL 3.0 specifications [9]. Their approach considers a problem specification

similar to PDDL 3.0 but also includes action constraints. In their proposed approach,

Bonassi et al. use a precompilation strategy to compile action constraints into state con-

straints. Their precompilation algorithm, PAC-C, is central to our approach in allowing

users to specify additional constraints over characteristics of generated stories. We provide
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a brief overview on PAC-C in this section.

PAC-C requires action formulae to be specified in disjunctive non-negative form, i.e.,

any specifications about action constraints must be in an OR-relationship without any

negations.

Definition 1. Let A be a set of actions of a planning problem. Given a plan π, an action formula

φ defined over A is true at time t in π, i.e., π(t) satisfies φ, iff:

• If φ = a then π(t) = a.

• If φ = ¬a then π(t) �= a.

• If φ = ψ1 ∧ ψ2 with ψ1 and ψ2 action formulae over A, then π(t) satisfies ψ1 and π(t)

satisfies ψ2.

• If φ = ψ1 ∨ ψ2 ψ1 and ψ2 action formulae over A, then π(t) satisfies ψ1 or π(t) satisfies ψ2.

Based on modal operators for state trajectory constraints specified in PDDL 3.0, Bonassi

et al. introduce modal operators for the action constraints. The modal operators for action

constraints are similar to those for state trajectory constraints, with the addition of always

next and pattern modal operators.

Definition 2. Given a plan π = 〈a1, a2, . . . , an〉, the following rules define when an action

constraint is satisfied by π:

• π satisfies (always φ) iff ∀t : 1 ≤ t ≤ |π| · π(t) ∈ φ.

• π satisfies (sometime φ) iff ∃t : 1 ≤ t ≤ |π| · π(t) ∈ φ.

• π satisfies (at most once φ) iff ∀t1 : 1 ≤ t1 ≤ |π| · if π(t1) ∈ φ then ∀t2 : t1 < t2 ≤
|π| · π(t2) /∈ φ.

• π satisfies (sometime after φ ψ) iff ∀t1 : 1 ≤ t1 ≤ |π| if π(t1) ∈ φ then ∃t2 : t1 ≤ t2 ≤
|π|π(t2) ∈ ψ.

• π satisfies (sometime before φ ψ) iff ∀t1 : 1 ≤ t1 ≤ |π| if π(t1) ∈ φ then ∃t2 : 1 ≤ t2 <

t1 π(t2) ∈ ψ.
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• π satisfies (always next φ ψ) iff ∀t : 1 ≤ t < |π| if π(t) ∈ φ then π(t + 1) ∈ ψ and

π(|π|) /∈ φ.

• π satisfies (pattern φ1 . . . φk) iff ∃ a sequence of actions 〈a1, . . . , ak〉 from π that are ordered

as in π, such that ∀i ∈ {1, . . . , k} ai ∈ φi.

A planning problem with these action constraints is then passed into the PAC-C algo-

rithm. The PAC-C algorithm compiles this planning problem with action constraints into

an equivalent classical planning problem. It adds atoms to the planning problem to request

or prevent actions in the resultant plans. For every (at most once φ) and (sometime beforeφ ψ),

the atoms doneφ and doneψ are used to record whether φ or ψ are ever held. For every

(always next φ ψ), atom requestφ is used to signal that the formula φ is satisfied at a plan

step t, and the planner has to schedule an action a ∈ ψ immediately after t. Similarly,

for every (sometime φ) and (sometime after φ ψ), atoms gotφ and gotφ,ψ are used to record

whether or not the constraint is satisfied by the prefix plan. For every (pattern φ1 . . . φk),

a set of atoms to track the progress of the stage in the pattern is added. The algorithm,

presented in Algorithm 1, consists of three steps: (1) setting up the initial state of the world

with the necessary atoms, (2) changing preconditions and effects of the actions based on

the constraints, and finally, (3) adding the constraint atoms to the goal state of the planning

problem.

2.2 Narrative Generation
Narrative planning approaches have extended classical planning approaches to pro-

duce stories as plans [76]. Approaches in this space consider a planning problem in a

narrative context: the initial state is the beginning of the story, and the goal state is typically

conditions in the story world that must hold at the end. The planning algorithm then

attempts to find a sequence of actions that lead from the initial state to a possible goal

state, and this path forms the plot for the generated story. Numerous systems have been

developed that generate stories. Given the vast number of story generation approaches,

it is beyond the scope of this dissertation to review all of them. The narrative generation

approaches described in this section are most relevant to the research on story generation

presented in this work. There has been a significant amount of work on narrative genera-



18

PAC-C〈〈F, A, I, G〉, C〉
2: // Part 1

F′ ← F ∪ prevent-atoms ∪ request-atoms
4: I′ ← I ∪ ⋃

sometime a f ter φ,ψ
gotφ,ψ

// Part 2
6: A′ ← {a|a ∈ A and for each Aφ ∈ C, a ∈ φ}

for all a ∈ A′ do
8: for all c ∈ prevent-atoms(C) do

if c = at most once φ and a ∈ φ then
10: Pre(a) = Pre(a) ∧ ¬doneφ

Eff(a) = Eff(a) ∪ {doneφ}
12: end if

if c = sometime be f ore φ,ψ then
14: if a ∈ φ then Pre(a) = Pre(a) ∧ doneψ

if a ∈ ψ then Eff(a) = Eff(a) ∪ {doneφ}
16: end if

if c = always next φ,ψ then
18: if a ∈ φ then Eff(a) = Eff(a) ∪ {requestψ}

else if a ∈ ψ then Eff(a) = Eff(a) ∪ {¬requestψ}
20: if a /∈ ψ then Pre(a) = Pre(a) ∧ ¬requestψ

end if
22: end for

for all c ∈ request-atoms(C) do
24: if c = sometime φ and a ∈ φ then Eff(a) = Eff(a) ∪ {gotφ}

if c = sometime a f ter φ,ψ then
26: if a ∈ ψ then Eff(a) = Eff(a) ∪ {gotφ,ψ}

if a ∈ φ and a /∈ ψ then Eff(a) = Eff(a) ∪ {¬gotφ,ψ}
28: end if

if C = pattern φ1, ..., φk then
30: for all φi ∈ 〈φ1, ..., φk〉 do

if i > 1 then Eff(a) = Eff(a) ∪ {stagei−1
c � stagei

c}
32: else Eff(a) = Eff(a) ∪ {stage1

c}
end for

34: end if
end for

36: end for
// Part 3

38: G′ = G ∧ ∧

sometime a f ter φ,ψ∈ C
gotφ,ψ ∧ ∧

somteime φ∈ C
gotφ ∧ ∧

always next φ,ψ∈ C
¬requestψ

∧ ∧

c=pattern φ1...φk∈ C
stagek

c

40: return 〈F′, A′, I′, G′〉
Algorithm 1: Algorithm for converting PAC problem into classical planning problem
as proposed by Bonassi et al. [9]
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tion that uses AI planning algorithms with extended knowledge representations intended

to increase the expressive range [93] of these generative systems relative to conventional

planners. The approaches accomplish this by considering aspects such as tension [24], sus-

pense [17, 18, 66], character personality and affect [7, 25], intentionality [76, 97] and nested

belief [89] representations in the narrative planning process.

This section briefly introduces some of the earlier work in narrative planning. Section

2.2.2 discusses advances in narrative planning focused on character intent dynamics. In

Section 2.2.3, narrative planning approaches that consider character belief are described.

Finally, this section ends with a review of planners that allow for added narrative control

with additional constraints in Section 2.2.4.

2.2.1 Classical Narrative Generation Approaches

Early work in narrative planning considered two distinct approaches to narrative plan-

ning: one guided by authorial constraints, often called author-centric narrative planning,

and one guided by characters and character goals, referred to as character-centric narrative

planning [75, 78].

Tale-Spin [64] is a system that generates stories like those from Aesop’s Fables by

modeling characters in a story world. Tale-Spin is capable of character-centric narrative

planning, allowing for generation of stories where characters exhibit behavior that con-

tributes towards their goals. The Universe system [60] uses an author-centric narrative

planning approach to generate soap opera-like stories that meet authorial goals. Unlike

Tale-spin, Universe strictly considers the author’s goals when finding stories. Facade [62]

is a narrative generation system that takes an author-centric approach to narrative gen-

eration. In Facade, autonomous characters may form goals that are not relevant to the

unfolding of the story and perform actions to achieve them. Facade also uses a drama

manager that works at the scene level and sequences plot elements (called beats) into a

balanced narrative experience.

2.2.2 Intentionality-Based Planners

As narrative generation systems dived deeper into making believable stories, approaches

started considering character intent in addition to character goals [76, 97]. While a typical

author-centric narrative planner would consider adding any action to the story as long
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as it leads to the goal state, approaches in intentionality focus on whether the planner

selects actions that match up with the intent of characters in stories. In particular, it allows

characters only to perform actions that contribute to their own personal goals. These

approaches consider character goals in conjunction with authorial goals– characters have

their own goals, which may or may not match up with authorial goals. Moreover, not all

character goals may be achieved in the story, but the planner must ensure that all actions

performed in the produced stories are in pursuit of the characters’ goals.

The proposed work in this dissertation uses intentionality and the concept of intention

plans, plans that characters come up with to achieve their desires. In this model, au-

thors specify character goals as desires, a framing based on belief-desire-intention cognitive

reasoning [12, 22]. Desires include a (a) partial description of the world state that the

character prefers, and (b) context for when the desire could become an intention, called

motivations. When a character believes all motivations for a desire hold in the current

world, the character considers possible plans to fulfill the desire. If the character can find

a possible plan to achieve the desire, they commit to this plan, called an intention plan.

Intention plans are partial plans that are from the characters’ perspective and aimed at

achieving the specific goal defined in the desire for the character. Steps in the intention plan

may have causal links: characteristics about the world that must hold between steps for the

plan to be successful. When a causal link is violated, i.e., something in the world changes

that invalidates an action in their intention plan, characters are prompted to re-evaluate

and update their current intention plans.

The Intent-based Partial Order Causal Link (IPOCL) planner by Riedl and Young [76]

was the first narrative planning causal link planner focused on character intent. IPOCL’s

focus on intent was to link every action a character chooses to the relevant character

goal in the resulting story, i.e., every action was explainable. The IPOCL planner also

experimentally verified that the audience could successfully track the world state and

infer the intentionality of the characters via frames of commitment. IPOCL added an

explicit representation of intention frames, groupings of actions performed by a character

in furtherance of a single goal. Each frame is established by a motivating action whose

sole effect is the intended condition, and all character actions in plans produced by IPOCL

belong to at least one intention frame. While all character actions in IPOCL plans can be
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seen as motivated towards a character’s goals, characters in IPOCL plans never drop or

adapt their plans, and the rationale for the addition of motivating actions is not based on

character beliefs or desires.

The IMPRACTical (Intentional Multi-agent Planning with Relevant ACTions) system

was proposed by Teutenberg and Porteous [97] as a way of addressing run-time challenges

with planning systems such as IPOCL, especially when used in the context of interactive

storytelling. The IMPRACTical system delegates the task of reasoning about intentions

and narrative action relevance to narrative agents: the narrative agents are responsible for

determining actions that are relevant to the agent based on intentionality. Then, a single

narrative planner is used to generate narratives that satisfy the constraints obtained from

the relevant actions provided by the narrative agents. The IMPRACTical system is capable

of producing intentional plans where characters can cooperate, issue chains of command,

and predict other characters’ actions. The IMPRACTical planner is a forward-directed

state space search planner. It uses a modified version of the FastForward-based heuristic–

in which the relaxed plan graph also has arcs between relevant command actions and

relevant actions to represent causality from intent accurately.

The IRIS system uses intention revision in the narrative planning approach to create

narratives with suspense [30]. In this approach, characters are capable of updating as well

as dropping intentions if they violate working assumptions for the character’s intent. Our

model of intent is similar to the one adopted by the IRIS system. However, while the IRIS

system primarily focused on using intent revision in narrative planning to create suspense,

we use intentionality to further guide the behavior of agents upon action failure.

2.2.3 Planners that Reason About Character Belief

Narrative planning research has incorporated additional constructs into the planning

process to expand the expressive range of plan representations to support aspects of char-

acter decision-making beyond intent. Extending IPOCL, Ware and Young’s CPOCL [106]

adds a representation of conflict in story plans where one character might take actions that

interfere with or thwart the execution of actions taken by other characters. In the Mask

planning system, Bahamón and his collaborators [6, 7] incorporate a model of character

personality that is used to drive character choice for action that expresses character per-
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sonality traits.

These extensions to the classical planning approach have assumed two things. First,

they make no distinction between the knowledge held by characters and that held by

the planning system. Second, the algorithms are based on a long tradition of planning

research outside of narrative planning, where the soundness of planning algorithms is a

requirement. This is a highly desirable property when producing plans for robot execution,

for example, running robots executing tasks on a factory floor. The focus of classical

planning approaches on the representation of physical properties of the world and on

requirements that any plan produced by a planner must be sound limits the production

of plans to drive characters bumbling (by authorial design) through a story world.

The initial work addressing disparities of knowledge between agents in a planning

context was done by Pollack in her work on the Spirit plan inference system [68]. This

work motivated Geib’s [35] approach to formalizing intention in a plan generation system.

As part of the resulting ItPlanS planner, Geib and Webber [34] distinguish an action’s

preconditions and other conditions that are necessary for an action’s execution (but are

not established by the planner should they not hold). Geib also considers the importance

of reasoning about action failure in plan generation. Cavazza and his collaborators [15]

describe an approach to the generation of story sequences where characters are unaware

of some aspects of the world around them, including the harmful consequences of some

of their own actions.

Shirvani and their collaborators [89] propose an extension to state space planning mod-

els that represents character beliefs as well. In their model, agents also have beliefs about

the world, and their beliefs about the world may be different from the actual state of

the world. This model can also produce situations where agents act on incorrect beliefs.

The authors discuss the concept of “surprise actions,” where an agent is surprised by the

outcome of an action because they have different beliefs. However, their approach doesn’t

leverage these beliefs to extend the space of narrative plans that can be produced to include

ones where characters perform actions that can fail due to their flawed beliefs about the

world.

Recent work by Eger and Martens [26] discusses how character beliefs play a central

role in many narratives, but are often not represented in planning-based author-centered



23

narrative generation systems, or are only represented in ad-hoc ways. The authors propose

using Dynamic Epistemic Logic to represent actions that affect a story world and its char-

acters’ beliefs, in the context of narrative generation. This ensures that characters’ beliefs

are maintained in a logically consistent way. Eger, Martens, and Córdoba [27] also use this

epistemic logic in an innovative approach to developing artificial intelligence control for

the cooperative card game Hanabi.

An extension to IMPRACTical [98] enables balancing global plot-level planning with

local character intent-driven planning. The extended work also allows for separate belief

models for each agent in a story world. Using a combination of observation axioms and

operator annotations, their system can create disparities between the belief models of the

agents and the world state. Plan generation is directed based on actions supported by

beliefs of the enacting agent. This enables deceptive social actions involving manipulation of

the belief state of one agent by actions of another. Subsequently, the manipulated agent can

be induced to act against its interests because of its incorrect beliefs. However, for an action

to be included in a plan, the preconditions of the action itself must both be believed to be

true by the performing agent and must hold in the world when the action is attempted.

In situations where false beliefs of an agent suggest that an action be undertaken whose

preconditions do not hold in the world, the suggested action is disregarded. Their plan-

ning model prevents executable actions from occurring when characters lack the belief in

the actions’ preconditions. In contrast, the planning model described in this dissertation

enables attempts at actions where the actions are not executable, but characters believe that

they are.

2.2.4 Narrative Control with Additional Constraints

Work in this space is growing to produce stories with qualities that human authors may

find interesting. Character belief has been studied by various approaches, for instance,

those taking into account character beliefs and theory of mind [26, 105]. The previously

described Mask planning system allows for the specification of personality-related con-

straints to create stories where characters exhibit behavior that reflects their personali-

ties [6]. Recent work by Shirvani and Ware allows for planning with consideration for

character emotions [87].
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Computational approaches have attempted to create stories that are not only believable

but also perceived by human cognition in a manner consistent with human stories. For

this reason, there are several cognitive models and theories that serve as background for

understanding and evaluating computational narrative generation systems.

There is considerable evidence in cognitive psychology on how humans comprehend

narrative. Human cognition plays an active role when experiencing narrative, and humans

actively track intentionality and reasoning about the narrative world when experiencing

narrative [12]. Humans recollect various aspects of events differently depending on event

indices that are shared between a current event that they are exposed to and past events in

the story [115, 116]. Readers are problem-solving and finding solutions in the story world–

a cognitive activity that leads to the human experience of suspense [37].

Stein and Albro study how children tell and understand stories and propose the Goal-

Action-Outcome framework as an effective model to track comprehension of goal-directed

narrative [95]. They specifically study the extent to which children process both successful

and failed outcomes, and find that children as young as 3-year-olds can track unsuccessful

outcomes for characters in stories. Humans can track intent in narratives when a failed

outcome occurs, by searching for obstacles to goals, and also tracking intent dynamics

upon failure: reinstatement of goals, generation of new related goals, and unrelated goals.

Trabasso and Wiley [101], in their review on cognitive models for inferences during com-

prehension of narrative, provide an overview of models of comprehension of events. They

examine the role that causal inferences play in understanding narratives where characters

succeed or fail at achieving goals.

This section will now describe one specific narrative comprehension model designed

specifically to examine readers’ knowledge of human goals through question-answers,

called QUEST.

2.3.1 QUEST: A Model of Question-Answering

QUEST [41, 42] is a model of human question-answering in the context of stories. The

QUEST model relies on graphical representations of knowledge known as QUEST knowl-

edge structures (QKSs). These QKSs are built from story structure and have been experi-

mentally evaluated to correlate with aspects of human narrative comprehension. QUEST
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knowledge structures use nodes for events, goals and states. Edges represent causal,

intentional, temporal or other types of relationships between these nodes. Questions about

event nodes (e.g., why did an event happen, how did an event happen, what were the

consequences of an event happening) can potentially be answered by other nodes in the

graph (e.g., From ”What is the consequence of event A happening?” to ”State S is a conse-

quence of event A.”) Question-answer pairs can be generated from the knowledge graph

by selecting two nodes of the appropriate types: one node to serve as the source of the

question and another node to serve as the source of its potential answer. The QUEST model

defines how the arc-distance between the question and answer node is calculated from the

graph, starting from the question node as the source and finding possible target nodes as

answers. This arc distance acts as a predictor of how strongly a human reader will rate the

answer node as an effective answer to the question. The arc search procedures between

question nodes and answer nodes vary depending on question type, and are primarily

sensitive to arc direction and arc label.

As mentioned above, the QUEST knowledge structure consists of a directed graph with

labeled nodes and arcs. QUEST has four types of nodes: event, state, goal and style.

Nodes represent proposition-like expressions which can contain a predicate (i.e., verb or

adjective) and one or more arguments (nouns, embedded propositions). A state node

represents an ongoing characteristic which remains unchanged within the timeframe it

is presupposed. An event is a state change that occurs within the timeframe. A goal refers

to a state or an event that the agent desires. This work looks at QUEST graph structures

primarily in the context of goal hierarchies as defined by [41, 42] and hence style nodes are

not considered. There are also multiple types of arcs in QKSs: Table 2.1 provides a concise

definition of some of the arcs that are present within QKSs and are important in the context

of this work.

2.3.1.1 Arc Search Procedures in QUEST Knowledge Structures

For goal-oriented substructures, Graesser [42] defines the arc search procedures for

”Why,” ”How”, and ”What are the consequences of” questions. We describe the arc search

procedures for these questions and then use the arc search procedures on the proposed al-

gorithm to show that the QKS created is effective at finding possible answers to questions,
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and the arc search procedure rates them in a way consistent with human comprehension.

The ”Why” questions have four sets of nodes produced as answers when probed on a

goal node G. They are (1) superordinate goals via paths of forward reason and backward

manner arcs, (2) sibling goal nodes via paths of forward before-arcs, (3) goal initiators

connected to G or G’s superordinate goals by a backward initiate arc, and (4) causal an-

tecedents to each goal initiator which initiate from the goal initiator via backward conse-

quence arcs, implies arcs, backward outcome arcs, and backward initiate arcs.

The ”How” questions have likely answers on nodes that are found by traversing through

backward reason arcs and forward manner arcs.

”What are the consequences of” questions can be answered in two ways. The first

way involves traversing through forward Reason arcs and backward Manner arcs to find

achieved superordinate goals. The second involves finding causal consequences of the

queried node and the superordinate goals by following forward consequence, implies,

outcome, and initiate arcs.

2.3.1.2 Leveraging QUEST to Gauge Narrative Comprehension

QUEST has been extensively used to gauge narrative comprehension for plans pro-

duced by computational narrative generation approaches. Christian and Young [20] pro-

posed the first approach for translating a narrative plan generated by an AI planner into

a QUEST knowledge graph. Their process was automatic and was evaluated to show that

the approach was successful at predicting user comprehension in a story. Additionally,

Riedl and Young used QUEST as the cognitive model for evaluating the IPOCL plan-

ner [76]. Cardona-Rivera and their collaborators [14] studied the QUEST model with

respect to intention-based partial order causal link (POCL) plans, summarizing the ap-

proaches by Christian and Young [20] as well as Riedl and Young [76]. They proposed an-

other algorithm to generate QUEST knowledge structures based on previous approaches.

However, existing approaches that translate the output of narrative planning systems

into QKS structures are limited. Their source plans do not contain failed actions, and so

their translation processes do not address elements that are increasingly present in more

expressive narrative plan generators (e.g., those planners described in Section 2.2 above).

As we explain below, QUEST already has a methodology for representing failed actions;
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our work aims to provide a way to translate narrative planners into QUEST knowledge

graphs that can represent failed actions.

In order to incorporate failed actions in QUEST knowledge structures in a way that

can answer goal-related questions, we must ensure that the structure can appropriately

answer all three questions above: ”how”, ”why”, and ”what are the consequences”.

Christian and Young [20] defined the initial approach to generate QUEST knowledge

structures automatically from plans generated by narrative planners and used that method

to empirically evaluate viewers’ comprehension of a cinematic narrative. One limitation

of Christian and Young’s algorithm is that it did not consider failed actions and, therefore

would not produce a sensible QKS for a plan incorporating failed actions. Essentially,

the reason arcs from goals corresponding to failed actions within a QKS generated by

their algorithm would cause incorrect question answering for the failed action’s goal. For

example, if a story plan involved a character attempting to do action A and failing, with

the character proceeding to perform action B, the goal structure would read, ”the character

wanted to do A in order to do B”. If a character tried to open a door without knowing it

was locked, failed in its attempt, realized the door was locked, and then unlocked it, for

example, this would read as ”the character wanted to open the door in order to unlock

the door.” Instead, the question of ”why did the character try to open the door?” is better

asked through character intent, not by what happens next in the finished plan.

2.3.1.3 Failed Actions in QUEST Knowledge Structures

In this section, we describe those portions of the QUEST knowledge structure that

are related to failed actions and unachieved goals – both elements that have not been

previously used in QUEST-based evaluations of user experience in narrative generation

systems. Full definitions for the QUEST knowledge structures are provided in [41] along

with examples and definitions for the components of the graph structure that models

knowledge built from a human’s reading of a narrative text. In brief, an event is a primitive

that represents the change in state; an action is composed of an event paired with a goal

node using an outcome arc.

• Failed Events. Event nodes are one of the three types of nodes in the conceptual

graph structures defined by Graesser and Clark. These nodes are used to represent
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two types of actions. First and most commonly, they represent events that take place

in the world and cause the world to change in state. Second, the representation can

also be used to represent failed events in the QUEST graph structure. Failed events

represent an event where there was an unsuccessful attempt to change the world.

• Unachieved Goals. Unachieved goal nodes are used in QUEST to represent goals

that are not achieved in a story. We divide these goals into two categories. In the first,

goals could be unachieved because the characters never attempted to execute actions

that would have led to their achievement in the story segment. These unachieved

goals are represented as goal nodes with no outcome edges coming out of them.

In our second category, goals can be unachieved because, through the character’s

actions, they realize that it is impossible to achieve them (either by observation or

through a failed action). Graesser and Clark show one such example of this case in

a knowledge structure for REWARDING. This is shown in Figure 2.1. In this figure,

Node 2 is an example of a goal node that was unachieved because the event sequence

does not show any actions that would have led to its achievement. Node 2 is a

goal node for ”X wants to get a reward”, and the graph structure does not specify

whether it was achieved due to the outcome not being determinate. On the other

hand, Node 10 is an example of an unachieved goal node by attempting it. Node 10 is

a subordinate goal node that represents X’s goal of ”informing Z to stop threatening

Y”. The goal node has an outcome edge directed to a state node which depicts that,

due to the outcome node 11 (”It is impossible to inform Z to stop threatening Y”),

X’s goal of informing Z to stop threatening Y failed. In this particular example, upon

failing to achieve their sub-goal, X resorts to another plan to achieve their super-

ordinate goal (Goal 9: X wants to stop Z from threatening Y), which can be observed

in goal node 12 ”X wants to kill Z”.

• Failed Actions. There is no explicit definition for failed actions provided by Graesser

and Clark. Actions performed by an agent could fail due to many reasons. An action

could fail simply because of how it is performed (such as making a three-point shot

in basketball), fail because it has a probabilistic chance of success (such as rolling a

six on a dice), or fail because the actor had incorrect beliefs about the world (such
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as attempting to open a door when it is locked). Intentional actions are defined as

goal nodes linked to event nodes with a positive outcome arc. Based on this, we

determined that failed actions must be goal nodes connected to an event node with

a negative outcome arc, i.e., a character performed an event with a goal that did not

go as they intended it to.

• Negative Outcomes. Graesser and Clark define Negative Outcome arcs explicitly as

occurring when the outcome node directly clashes with the goal node. Outcome arcs

can link to both event and state nodes, so negative outcomes can lead to either events

or states. Graesser and Clark provide an example of a negative outcome to a state

node shown in the arc between Nodes 10 and 11 in Figure 2.1.

2.4 Authorial Support Tools
One of the goals of narrative planning technologies is to help human authors create

plots. AI can play the role of a co-creative agent- a human author can guide the AI

by providing them with a story world and authorial requirements about the narrative

experience and the AI can produce several stories for humans to experience that meet

the desired constraints. There has been a steady interest in integrating intelligent narrative

generation technologies into tools that authors can use to create stories [21, 54, 64, 110].

This section is interested in reviewing them to understand how computational narrative

systems allow for the expression of authorial expressivity in authorial support tools, and

how they have been evaluated.

One direct attempt at providing authorial support during the storywriting process is

LISA, the Lexically Intelligent Story Assistant [82]. LISA uses a knowledge representation

and reasoning approach to stories: the system compiles story events into subject-verb-

object triples and adds them to a logical programming database. LISA’s interface allowed

authors to ask questions to the system about the story, as well as for the system to point out

any rule-based logical inconsistencies within the text-editor itself. This work was further

expanded to apply to screenplays, as the strong textual structure of screenplays allowed for

reasoning about knowledge specific to characters in story [84]. The interfaces developed

for these tools were designed to work with the discourse (text of the story) rather than the

plot itself and were focused on allowing authors to interact with the story rather than get
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assistance with generating plot.

Storium, an online storytelling platform, uses a game-like approach to creating stories.

The Storium interface involves turn-taking among collaborators, where every collaborator

contributes to the story through a card-like interface that represents character actions and

outcomes of events. Figure 2.2 shows part of the user interface for Storium. Interestingly,

recent research studies have used this platform for story generation, studying how users

work with the generated stories and edit them to create final versions [1]. Figure 2.3 shows

an example outline of how the approach by Akoury et al. produces natural language story

excerpts for Storium using information from various segments of the story as input.

Goldfarb-Tarrant et al. use a web-based interface for their interactive story generation

system [39]. They use language models implemented using LSTM techniques to generate

stories and assist users, and their interface allows for interactivity where users could work

with the agent to create stories.

Loose Ends is a storytelling play experience that also features an interface for authors

to work with an AI system to build stories [58]. This system aimed to improve authors’

capability to keep track of multiple storylines and allow for suggestions of goals for char-

acters as well as actions that contribute towards the proposed goals. Loose Ends has

undergone preliminary evaluation using an approach where experts in creative writing

and research on intelligent narratives used the system and then responded to a survey

with both qualitative measures and quantitative metrics.

Wide Ruled is a story-generation tool where authors can use an interface to construct

a story domain and narrative generation problem [92]. Their interface allows an author

to construct a domain with characters, objects, environments, and more, along with a

specification of goals. The evaluation for Wide Ruled involved human participants using

the tool to create story worlds and plots. The experimental evaluation results found that

participants responded positively to the editor abilities for character and environment

editing in the user interface, but had trouble using complex aspects of the tool: operator

editing, plot fragment editing, and story structure components. We used these assessments

as guidance to design the user interface for the tool in Section 4.3: we attempted to use an

editing interface similar in design to Wide-Ruled, while minimizing editing of complex

features that did not directly contribute to our hypotheses, such as editing of operators or
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desires.

There is a body of tools that is focused on providing authors with creative ideas, such as

Creative Help [79]. The goal of the AI in Creative Help is that of a co-creative agent, which

when prompted, can collaborate on the story and act as a creative stimulant for the user.

In this scenario, the user interface is minimal– the author can call on the AI to suggest a

sentence with a simple text command. The evaluation for Creative Help involved studying

how much the AI’s contributed suggestions were edited, to gauge the tool’s helpfulness.

The evaluation outcome found statistical significance, albeit marginal, for users preferring

the AI’s suggestions over random suggestions.

The Plan-Write-Revise system by Goldfarb-Tarrant et al. [39] is one recent approach

to understanding how humans can work with AI systems on story construction tasks. In

their work, the authors built various story construction models using LSTMs. The authors

also built a web interface for humans to interact with the models. In their intra-model

interface, users can select a model, provide a topic for generating stories, change the

diversity of content, collaborate on the planning for the story, and collaborate on the

story sentences. A range of participants on MTurk used the system. The study found

that all the human-computer collaborative models produced better-quality stories than

the computer-only versions. Moreover, the study found that allowing users to return to

a story to revise and improve it led to higher engagement. These insights informed out

design and construction of the tool described in Section 4.3.
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Figure 2.1. The conceptual graph structure for REWARDING, as depicted by Graesser and
Clark. Nodes 2 and 10 are examples of unachieved goal nodes. Arcs labeled with ”R” are
reason arcs, ”O” are outcome arcs, ”C” are consequence arcs, and ”I” is the initiate arc.
Yellow nodes denote states, blue nodes denote goals, and red nodes denote events.
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Figure 2.2. The Storium interface. Players use a card-like interface to “play” action cards
to change the story.
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Figure 2.3. An example outline of the approach by Akoury et al. Annotated Storium cards
such as character cards (shown in gray), strength cards (shown in purple), and challenge
cards (shown in red), are passed into the system along with other annotations by the player
(shown in blue). The system then produces natural language text (shown in the right
pane). Players may then edit the model output, by adding (green highlighted text) or
deleting text (red highlighted text), before publishing the entry. Source: Page 2 [1]
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Table 2.1: Selected set of arcs within the QUEST Knowledge structures as defined by
Graesser et al. [41]

Arc Type Definition Composition Rule

Consequence (C)
A causes or enables B
A precedes B in time

Event | State -C→ Event | State

Reason (R)
B is a reason or motive for A
B is a superordinate goal for A
A is achieved before B is achieved

Goal -R→ Goal

Outcome (O)
B specifies whether or not
the goal A is achieved

Goal -O→ Event | State

Initiate (I)
A initiates or triggers the goal in B
A precedes B in time

Event | State -I→ Goal



CHAPTER 3

GENERATION OF NARRATIVES

CONSISTING OF FAILED ACTIONS

Building on the review of literature in which this research is contextualized, this chap-

ter describes advances in generation of narratives consisting of failed actions. We introduce

the HEADSPACE planner, a narrative heuristic search planner [45] capable of producing

plot-lines consisting of failed actions due to incorrect beliefs [86]. The mechanics surround-

ing the action failure are grounded in character belief, leading to generation of stories

where the nature of the failed action is understandable to humans. This planner can also

construct plots with character behavior based on complex intention dynamics, incorporat-

ing existing work in narrative planning on character intent [76]. HEADSPACE also models

observability, allowing characters to observe complete or partial effects of actions. This is

based on a representation capable of reasoning about observability based on rules using

first-order logic. HEADSPACE allows authors to specify additional authorial constraints

about desired actions (successful or failed attempts) in the resulting plot, and desired

character behavior upon action failure. Finally, this chapter describes work in translat-

ing HEADSPACE generated stories into a representation that can be used for evaluating

comprehension of produced stories.

Figure 3.1 provides an overview of the HEADSPACE planner. The system operates by

first taking the input planning problem (with the enhanced authorial constraints) and

pre-compiling the specification using the Enhanced Authorial Constraints Precompiler,

described in Section 3.3.2. Then, the transformed problem specification is provided to the

planner: the top-level planner works with the character-level planner to produce intention

plans (representing the commitments to action for each character) and integrate them into

a single, global plan, which is provided as output.

This chapter is structured in a manner that reviews the key features of the planning
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algorithm incrementally. Section 3.1 focuses strictly on the representation and algorithm

within HEADSPACE that produces failed actions due to incorrect character beliefs. Defi-

nitions for HEADSPACE plans and plans with failed actions are provided to explain how

a failed action occurs in resulting plans, with the focus limited to authorial goals. Section

3.2 introduces intentionality and observability and describes the representation used for

desires, intentions, and observability in HEADSPACE. Section 3.3 introduces enhanced

authorial expressivity to HEADSPACE. Finally, Section 3.4 proposes a translation algorithm

capable of converting a plan produced by HEADSPACE into a graph-like model that can

be used to gauge comprehension of produced plots.

3.1 Generating Narratives with Failed Actions
In stories, characters commonly attempt to perform actions that fail [61]. For example,

when Thanos the Mad Titan attempts to remove half of the life in the universe by snapping

his fingers in Avengers: Endgame [80], he’s surprised when his finger snap has no effect. He

realizes too late that the Infinity Stones, which he had assumed were in place along the

back of the gauntlet he’s wearing, were missing, removing the gauntlet’s powers.

When authors include actions that fail in their stories, it is not simply due to emergent

properties of complex story worlds. Quite often, characters’ action failures are designed

intentionally by authors for narrative effect. They build tension, prolong efforts around

goal achievement, or highlight the disparities between the knowledge states of a story’s

characters. These functions played by action failure are central to many plot-level narrative

constructs. The work we describe here seeks to outline a principled means to generate

storylines with failed actions and advance a broader goal of automatically creating more

expressive, natural, and compelling narratives.

One of the strengths of recent planning-based narrative generation methods (e.g., [6,

23, 69, 97, 108, 113]) is that they retain many of the benefits of classical planning while also

increasing the expressive range [93] of narrative generators. One limitation of planning

approaches for storyline creation is their inability to generate plans containing actions that

fail. In this section, we provide the design of an algorithm for story generation that explic-

itly plans for character actions that fail. The algorithm uses a knowledge representation

that gives context for this failure based on the limitations of characters’ beliefs about the
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story world around them (e.g., Thanos’ false belief that all the Infinity Stones were in place

in his gauntlet and he had the resulting power to change the universe). The algorithm,

called HEADSPACE, produces story structure with many advantageous properties found

in other plan-based approaches and is more parsimonious than previous approaches to

story generation that also address character belief dynamics.

As we describe below, the HEADSPACE narrative planning algorithm can generate

stories where (a) agents may operate under mistaken beliefs that lead them to attempt

actions that fail, and these attempted actions do not produce the expected effects; (b)

agents performing actions observe the success or failure of their actions’ execution; (c)

agents revise their belief states in response to an observed failure as well as both passive

and active sensing actions.

3.1.1 Knowledge Representation

HEADSPACE uses a PDDL-like [38] syntax for representing schematized action types in

which actions are characterized in terms of preconditions – conditions that must obtain in

the world state for the action to execute – and effects – conditions in the world state that

change upon the action’s successful execution. For efficiency, we follow the approach of

Nebel and Hoffmann [65] and others and pre-compile schematized operators for a given

domain into a set of ground operators representing every valid ground instantiation of a

domain’s act-types. We further differentiate the knowledge representation by describing

both preconditions and effects related to the physical world and others that obtain in the

beliefs of the character performing the action.

In the HEADSPACE knowledge representation, the set O contains all the object con-

stants for a given domain. There is a distinguished type of object symbols called character,

character symbols are included in a set C where C ⊆ O. Characters are distinguished from

other objects by their ability to take action. The environment can also be represented as a

special character for environmental actions.

In HEADSPACE, a world frame captures the sets of ground literals that can be used to

characterize the world, as well as the set of symbols used to name the characters capable

of taking action in the world.

Definition 3 (World Frame). A world frame is a tuple W = 〈GL, C〉 where GL is a set of positive
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ground literals and C is a set of constants, each denoting a unique character.

A belief state characterizes the ground literals that a character believes to be true and

false, as well as those whose truth values are unknown to the character.

Definition 4 (Belief State). Given a world frame W = 〈GL, C〉, a belief state for some character

c ∈ C is a tuple BSc = 〈B+
c , B−

c , Uc〉 such that B+
c , B−

c and Uc together form a partition of GL,

whereB+
c designates all the ground literals that c believes to be true, B−

c includes all the ground

literals that c believes to be false and Uc designates all the ground literals that c does not believe to

be true and does not believe to be false.

A world state assigns truth values to every ground literal in a world frame and provides

belief state specifications for every character in a world frame.

Definition 5 (World State). Given a world frame W = 〈GL, C〉, a world state is a tuple w =

〈Tw, Fw, BSc1 , ...BScn〉 where Tw and Fw together form a partition of GL, where Tw designates all

the ground literals that are true at w, Fw includes all the ground literals that are false at w and each

BSci designates the belief state for character ci at w, where 1 ≤ i ≤ |C|.

The epistemic goal specification for a character represents the beliefs for the characters

that should hold at the end of the story, as desired by the author.

Definition 6 (Epistemic Goal Specification). Given a world frame W = 〈GL, C〉, an epistemic

goal specification for some character c ∈ C is a tuple EGc = 〈B+
c , B−

c , Uc〉 such that B+
c , B−

c and Uc

contain only elements from GL and have no common elements, where B+
c designates all the ground

literals that c should believe to be true, B−
c includes all the ground literals that c should believe to

be false and Uc designates all the ground literals that c should not believe to be true and should not

believe to be false.

Authors can specify the desired world and character beliefs at the end of the story in

the master goal specification.

Definition 7 (Master Goal Specification). Given a world frame W = 〈GL, C〉, a master goal

specification is a tuple MGS = 〈Tw, Fw, EGc1 , ...EGcn〉 where each element of the tuple is a set that

contains only elements from GL, Tw ∩ Fw = ∅, where Tw designates all the ground literals that
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must be true at some goal state, Fw includes all the ground literals that must be false at some goal

state and each EGci designates the epistemic goal specification that must hold for character ci at the

goal state, where 1 ≤ i ≤ |C|.

A ground operator is a complete specification of an action in terms of the character

performing the action, the conditions that must be true or false in the world for the action

to execute, what the character performing the action must believe about the world for them

to take the action, and how the action, once successfully executed, changes the world and

the beliefs of the performing character.

Definition 8 (Ground Operator). A ground operator GOP is a tuple GOP = 〈c,PRE-T,PRE-

F,PRE-B+,PRE-B−,PRE-U,EFF-T,EFF-F,EFF-B+,EFF-B−,EFF-U〉 such that

• PRE-T,PRE-F,PRE-B+,PRE-B−,PRE-U,EFF-T,EFF-F,

EFF-B+,EFF-B−,EFF-U ⊆ GL

• PRE-T ∩ PRE-F=PRE-B+ ∩ PRE-B− ∩ PRE-U=EFF-T∩ EFF-F ∩ EFF-B+ ∩ EFF-

B− ∩ EFF-U= ∅

• c ∈ C.

Informally, c designates the character initiating (or performing) the ground operator,

PRE-T and PRE-F indicate the conditions in the world that must be true or false in order

for the operator to execute, PRE-B+,PRE-B− and PRE-U indicate the conditions that c must

believe to be true, false or unknown in the world in order for c to consider the operator

executable; EFF-T, EFF-F indicate the conditions in the world that become true or false

upon the action’s successful execution, and EFF-B+, EFF-B−, EFF-U indicate the conditions

that c comes to believe are true, false or unknown in the world state resulting from the

operator’s successful execution.

• c designates the character initiating (or performing) the ground operator.

• PRE-T indicates the conditions in the world that must be true in order for the opera-

tor to execute.

• PRE-F indicates the conditions in the world that must be false in order for the opera-

tor to execute.
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• PRE-B+ indicates the conditions that c must believe to be true in the world in order

for c to consider the operator executable.

• PRE-B− indicates the conditions that c must believe to be false in the world in order

for c to consider the operator executable

• PRE-U indicates the conditions that c must neither believe to be true or false in the

world for c to consider the operator executable

• EFF-T indicates the conditions that become true in the world state resulting from the

operator’s successful execution

• EFF-F indicates the conditions that become false in the world state resulting from the

operator’s successful execution

• EFF-B+ indicates the conditions that c believes become true in the world state result-

ing from the operator’s successful execution

• EFF-B− indicates the conditions that c believes become false in the world state result-

ing from the operator’s successful execution

• EFF-U indicates the conditions that c neither believes are true nor are false in the

world state resulting from the operator’s successful execution

We call the preconditions and effects that refer to literals that are true or false in the

physical world material and those that specify beliefs of the character epistemic. In HEADSPACE,

beliefs are always held by a particular agent, and only about ground literals and their truth

values. There are no nested beliefs, no existential or universal quantification over beliefs,

and no implications defined over beliefs.

3.1.2 Algorithm for Generating Stories with Failed Actions

Typical planning representations include a set of schematized action operators charac-

terizing the classes of actions that can occur in a domain. In our approach, we take a set of

such operators and a set of object constants and generate a world frame and a set of ground

operators from them. This pre-processing is comparable to typical grounding processes

used by forward-state planning algorithms (e.g., those of Nebel and Hoffmann [65]).

A planning problem, then, is a tuple PP = 〈W, w0,MGS , GO〉 including a world frame

W describing all possible ground literals and characters in a domain, an initial world
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state w0 characterizing the truth values of all literals and the beliefs of all characters, a

goal specification MGS giving a partial description of a goal world and a set of ground

operators GO available for characters to execute in the domain.

An action, represented by a ground operator, is executable in some state w just when

all its material preconditions obtain in w. We say that a ground operator is unexecutable

in state w just when it is not executable in w. An action is apparently executable in some

state w for a character c just when c’s belief state in w supports all of the action’s epistemic

preconditions in w. We say that a ground operator is apparently unexecutable for c in state w

just when it is not apparently executable for c in w.

A plan for some planning problem PP = 〈W, w0,MGS , GO〉 is an ordered sequence

of tuples where, for each tuple 〈ai, wi〉, ai indicates the ith action in the plan (attempted in

world state wi−1) and wi the state that obtains after ai was attempted. A solution for some

planning problem PP = 〈WF, w0,MGS , GO〉 is a plan P for PP where, for every tuple

〈ai, wi〉 in P , ai is apparently executable in wi−1, wi is the world resulting from attempting

ai in wi−1, and for a plan of length k, wk supports MGS .

The HEADSPACE algorithm shown in Algorithm 2 is an author-centric version of

the planning algorithm. Search starts at a given initial state, and the transition from a

given state to its successor states is made through the ground operators that are apparently

executable by the characters in the given state. Given a world frame W = 〈GL, C〉 and a

world state wi = 〈Twi , Fwi , BSc1 , ...BScn〉, the planner generates successor states for wi in the

following manner. First, the planner generates the set of all apparently executable ground

operators at wi, designated AEwi , by taking the union of all actions that appear executable

in wi to each character ck, 1 ≤ k ≤ |C|.
For every executable action in AEwi , the algorithm finds the resulting world state from

executing the action at wi. The resultant world state is computed by applying all the effects

of the action. Both material effects (i.e., EFF-T,EFF-F) as well as the epistemic effects

(i.e., EFF-B+,EFF-B−,EFF-U), with the latter applied to the belief state of the character

performing the action.

For two adjacent tuples 〈ai, wi〉 and 〈ai+1, wi+1〉 in a plan P, when ai+1 is an executable

action, we say that ai+1 was executed by ci+1 in wi, resulting in wi+1. For two adjacent tuples

〈ai, wi〉 and 〈ai+1, wi+1〉 in a plan P, when ai+1 is an unexecutable action, we say that ai+1
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was attempted by ci+1 in wi, resulting in wi+1.

When unexecutable actions are attempted by a character, the actions fail. We call the

manner in which the planner manages this kind of action failure the planner’s failure

policy. In the current work, we define a relatively straightforward failure policy. First, with

regard to action occurrence, none of the attempted action’s effects obtain, and no material

conditions in the world change. In effect, the action does not execute. Second, with respect

to failure detection, the character executing the failed action immediately detects that it fails.

Third, with respect to local attribution, the character executing the failed action assumes

that the failure was due neither to an execution error nor to an error in the definition of the

ground operator. Rather, the character assumes that the failure was due to one or more of

the action’s epistemic preconditions not holding in the action’s world state.

Formally, an epistemic update occurs when an action is attempted but fails. The epistemic

update creates a new world state where the material state is unchanged, but the belief

states are modified: the character that attempted the action is now uncertain about the

preconditions of the attempted action holding, i.e., literals in PRE-B+,PRE-B−,PRE-U of

the attempted action are all added to the Uc belief state of the character. The character

does not attribute the cause of failure to the world, but rather, to their own beliefs being

inconsistent with the true state of the world. The character then becomes certain about the

conditions that can be verified by passive sensing (for example, that the character is still

holding the gun), but the character does not need to perform the active sensing actions

immediately. The character chooses to construct a plan with their current knowledge of

how they can achieve the goal. The steps that form the plan may include active sensing

actions. However, it is also important to note that these steps form a plan to achieve the

character’s goals, and the character already has an optimal result of the sensing action

along with the rest of the plan’s steps in their head.

HEADSPACE has a belief update policy upon action failure, specifying that upon failing

to attempt an action, the character becomes uncertain of all the preconditions of the action

they attempted. Through sensing actions, characters may then ascertain truth values for

these uncertain beliefs. In HEADSPACE, there are two types of sensing actions- passive

sensing actions update beliefs immediately, whereas active sensing requires intentional

commitment. The knowledge about the world that can be learned via passive sensing
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HEADSPACE(〈GL, C〉,H,Plans,MGS,GO)
2: Using heuristic ranking function H, rank all plans in Plans. Let P be the

highest-ranked plan in Plans.
if P is a solution then

4: Return P
else

6: Let w be wk, the world state in kth (final) tuple in the plan P
Let AE = ∅

8: for all c ∈ C do
Let AE = AE ∪ all apparently executable actions for c in wk

10: end for
for all a ∈ AE do

12: if a is executable by c in wk then
Let w′ be the world state resulting from c executing action a in world state w

14: else
Let w′ be the world state resulting from c attempting action a in world state w.

16: end if
Append 〈a, w′〉 to the end of P

18: Let Plans = Plans ∪ P
end for

20: Call HEADSPACE(WF, H, Plans, G, GO)
end if

Algorithm 2: HEADSPACE author-centric narrative planning algorithm. For Plan-
ning Problem PP = 〈WF, w0, G, GO〉 and plan heuristic ranking function H, call
HEADSPACE(WF, H, 〈〈⊥, w0〉〉, G, GO).
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is immediately updated, whereas beliefs that need to be verified by actively sensing the

world around them need the character to act in order to determine their beliefs. These

additions to the narrative planning algorithm allow for producing stories where characters

can potentially fail in their attempts to perform actions due to incorrect beliefs.

3.1.3 Adding a Heuristic to the HEADSPACE Planner

On line 2 of Algorithm 2, we mention using a heuristic ranking function. The heuristic

allows selecting the candidate plan from a list of potential candidate plans. A planning

algorithm requires a heuristic to guide its search process– approaches such as breadth-

first-search or depth-first-search are inefficient and cannot effectively guide the algorithm

to the solution in a large domain. We define below a heuristic for determining the next

step, which extends the FastForward heuristic by Hoffman and Nebel [45], taking into

account the context in HEADSPACE afforded by multiple characters, each holding distinct

beliefs about the state of the world. We developed a new heuristic for the planner because

of the knowledge representation that HEADSPACE uses and the ability for characters to fail

or succeed when performing an action.

The FF heuristic is a well-known heuristic used in AI planning and has also been

used in narrative planning [104] to get an estimated plan distance to the goal conditions

specified by the author. It is similar to the HSP heuristic [10], where a relaxed plan graph

approximates the distance to the goal. A search graph is a graph consisting of alternating

state and action layers and is used to compute a heuristic of how close the goal is given

an action choice. A relaxed plan graph is a search graph that only factors in the addition

effects of an action and ignores the delete effects. This leads the search space to consider

state layers that get larger with each level in the search process. HEADSPACE, like the FF

planner, uses enforced hill climbing on top of the relaxed search process to ensure that the

search is moving closer to the goal.

It is important to note that the heuristic described has previously been used in the

context of executable actions, i.e., actions that can be executed in the world based on the

state layer in the search process. Using the heuristic in the context of HEADSPACE directly

poses a challenge due to two reasons: (1) as described, the HEADSPACE representation

consists of separate individual spaces that represent each character’s current beliefs, along
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with the true state of the world, and (2) existing construction processes for relaxed graph

plan do not take into account the possibility of actions failing.

To address the challenges, we used the FF heuristic as a starting point and modi-

fied the relaxed plan graph construction and search process to align with the qualities of

HEADSPACE. The algorithm for relaxed plan graph construction is provided in Algorithm

2. There are two significant additions to the FastForward heuristic calculation. While

the algorithm constructs layers similar to the original FastForward algorithm, it stores

the world states and character states separately at each time step t. This allows for the

relaxed plan graph to track not only the changes in the world state and compare it with the

authorial goals for the world but also allows for tracking changes in character beliefs and

continuing the plan construction process until the authorial goals for material conditions

in the world, and the epistemic goal specifications for all characters are met (as seen in line

6). The second addition is that for any action that can possibly fail, the epistemic update

due to attempting to perform the action (and failing) is also added to the relaxed plan

graph (line 16). In other words, the heuristic allows a character to consider the possible

effects of failing and succeeding while performing an action.

This extended relaxed plan graph construction allows for constructing a graph that ex-

tends the world state towards the authorial goals for the world, and the various character

beliefs toward the authorial goals for character beliefs simultaneously, and also accounts

for the possible effects of actions failing at any point. Once this relaxed plan graph is

constructed, we calculate the depth of this graph. This heuristic (the max level heuristic)

is admissible and is provided to the HEADSPACE algorithm to determine the best action

from the possible steps. We call the heuristic described in this section the global heuristic,

as it considers authorial goals for the world and character beliefs.

3.1.4 Running Example: Drink Refill

To demonstrate the range of belief dynamics and the interaction between belief and ex-

ecution in HEADSPACE, we define a simple story domain we call the Drink Refill domain.

The Drink Refill domain is used as an example domain throughout this chapter and is also

one of the domains used for evaluation in 4. We describe seven operators that are

part of the domain:
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7. OBSERVE-HOLDING+, where a character passively observes what they are currently

holding in their hand.

The definitions for the operators are shown in Figure 3.2. While we only show the seven

operators here, these are the operators part of the particular plan we examine. Section 4.2

demonstrates that this example is part of a bigger domain that can produce other plots.

For example, consider a planning problem in this domain involving a bartender refill-

ing a thirsty customer’s drink glass. An informal sketch of the planning problem’s initial

state sets a character, Teddy, to serve as a bartender. The goal for the story is for the drink

to be refilled and served to the customer. The plan for the story is shown in Figure 3.3.

In the story plan, Teddy means to hold the bottle that he believes is filled with the drink,

pour a refill, and then serve it back to the customer. The plan in Figure 3.3 shows the actual

executed story actions. In world state w0, Teddy believes that Bottle 1 and 2 are not empty,

the drink needs to be refilled, and he is not holding anything. His beliefs at w0 are correct

except for the fact that Bottle 1 is actually empty. Teddy first holds Bottle 1, then attempts

to pour liquid into the glass, thus refilling the drink. However, because the bottle is empty,

the action fails. At this point, he realizes that the action failed, and becomes uncertain

about the beliefs involved in the failed action’s preconditions.

Thus, in the resulting state, w2, all epistemic preconditions for Teddy’s execution of

Action 2 (the first POUR-DRINK action) have been asserted as unknown in his belief model.

Teddy then passively senses his location (Action 3), the location of Bottle 1 (Action 4), and

the glass (Action 5). He then passively senses that he’s holding Bottle 1 in his hand (Action

6). He then actively seeks new beliefs about Bottle 1 by checking for liquid in the bottle

(Action 7). As a result of Action 7, Teddy comes to believe in w7 that Bottle 1 is empty. In

Action 8, he places Bottle 1 on the counter, and in Action 9, he picks up Bottle 2. In Action

10, he attempts to pour the drink from Bottle 2. Succeeding this time, the glass is now

refilled. Since Teddy believes correctly in w10 that the drink is refilled, he serves the drink

(Action 10).

3.2 Intentionality and Observability in HEADSPACE

The previous section introduced the HEADSPACE planning algorithm, a forward-directed

state space search algorithm that tracks both the world state and character beliefs to pro-
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duce stories that may have failed actions due to incorrect character beliefs. The algorithm

presented in Algorithm 2 is author-centric: only authorial goals are considered when

finding a plan. This section introduces intentionality to HEADSPACE and describes how

the planner considers character desires and character intent while still producing plots that

meet authorial goals. This section also introduces observability, which enables the planner

to create inconsistent beliefs for characters naturally.

3.2.1 Representing Beliefs, Desires, and Intentions

An enriched representation can be used to specify character desires and how they are

motivated. When a character believes that the motivations for a desire are met, they can

add it to their intent. The planning algorithm allows characters to construct intention

plans to achieve said desires. We connect HEADSPACE’s previously described capability to

manage character beliefs with this extended representation to manage dynamic intention

formation and revision driven by character beliefs. The resulting representation and the

algorithm that uses it are provided below.

In this work, a character’s desires describe how they want the world to be. Each

desire is defined relative to a given context – when character c believes that condition

p holds, then c will translate their desire into an intention to make p obtain. Formally,

HEADSPACE represents a desire as (a) a partial description of the world state that the

character prefers, along with (b) a contextual annotation indicating when the desire could

become an intention. Desires are defined in the belief space of a character. That is, the

desired conditions are expressed as desired beliefs, and the context for adopting a desire

as a goal is also relative to the characters’ beliefs rather than material descriptions of a

world state.

Definition 9 (Desire). A desire is a tuple D = 〈c, M, ϕ(g)〉 where c is a character, M contains a

set of mutually consistent epistemic literals called the motivations for ϕ(g) and ϕ(g) is a single

epistemic literal of the form B+
c (g), B−

c (g), or Uc(g).

HEADSPACE doesn’t require that a character’s desires are consistent. A character may

have inconsistent motivations for the same condition and/or may desire contradictory

conditions. That is, a character may have a desire 〈c, M1, B+
c (g)〉 and another desire 〈c, M2, B+

c (g)〉,
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where p ∈ M1 and ¬p ∈ M2. Further, a character may hold both the desire 〈c, M1, B+
c (g)〉

and the desire 〈c, M2, B−
c (g)〉.

Intentions are translations of desires into specific goals and plans to achieve them.

Definition 10 (Intention). An intention is a tuple Iϕ(g) = 〈c, w, M, ϕ(g), Pϕ(g)〉 where c is a

character, w is the world state where the intention is adopted, M is a set of conditions that motivated

the adoption of Iϕ(g), ϕ(g) is a single epistemic literal of the form B+
c (g), B−

c (g) or Uc(g) and Pϕ(g)

is an intention plan for achieving ϕ(g) that c believes is executable from w.

While the structure of the plans held by characters as part of an intention could take

many forms, we adopt a model where these plans are structured as ground partial-order,

causal link (POCL) data structures comparable to those produced by typical POCL plan-

ners (e.g., [109]). We call these plans intention plans, as they are specific to a character and

their intent.

Each intention plan has a set of steps, with an initial step s0 whose effects are just c’s

belief state at the world state where the intention was adopted, and a final step sn whose

preconditions are just ϕc(g). Each intention plan has a set of ordering constraints defining

a partial order on its steps and a set of causal links of the form

Definition 11 (Intention Plan). An intention plan is a tuple Pϕ(g) = 〈c, S, CL, O〉 where c is a

character, S is set of steps s1, ..., sn, CL is list of causal links of the form si
ϕ(p)−−→ sj, where ϕ(p)

indicates that c believes that si establishes condition ϕ(p) as an effect needed by sj as a precondition,

and O is list of pairwise orderings between the steps.

Each of those steps’ epistemic preconditions is satisfied by causal links within the plan

labeled with the epistemic effects on c’s beliefs contributed by steps in the plan. Each plan

P is an apparent solution for g by c. That is, c believes in the initial state of the plan that all

the literals that act as sources for causal links in P obtain, and for every step in the plan, c’s

epistemic preconditions for the step are satisfied by some causal link coming from either

the initial state or from a condition that c believes is an effect of some prior step in P,

linked to the precondition by a causal link. Finally, c believes that P establishes ϕ(g) as the

precondition to its final step via some casual link si
ϕ(p)−−→ sn.

Finally, because each intention plan P marks a plan that its character may have partially



52

enacted, each step in P is labeled as either executed or pending. For any given world state

w where the plan is intended, zero or more pending actions in P are apparently executable

for c in w. We call these steps the apparent frontier of the intention plan.

As we discuss below, intentions are always held by characters in particular world

states. Just as a belief state holds a character’s beliefs, an intention state is an element

of a world state used in HEADSPACE to collect a character’s intentions.

Definition 12 (Intention State). An intention state ISc for some character c is a set of intentions

of the form Iϕ(g) = 〈c, w, M, ϕ(g), Pg〉 such that, for each Iϕ(g), M and ϕ(g) are drawn from a

motivating desire 〈c, M, ϕ(g)〉 and Pϕ(g) is an intention plan for c with ϕ(g) as its only goal.

In the previous section, the characterization of a world state specifies the truth value of

all material literals and belief states for each character. We update the definition of world

state to also include, for each character, the intention state characterizing their current goals

and plans to achieve them.

Definition 13 (World State). Given a world frame W = 〈GL, C〉, a world state is a tuple w =

〈Tw, Fw, BSc1 , ...BScn , ISc1 , ...IScn〉 where Tw and Fw together form a partition of GL, where Tw

designates all the ground literals that are true at w, Fw includes all the ground literals that are

false at w, each BSci designates the belief state for character ci at w, and each ISci designates the

intention state for character ci at w, where 1 ≤ i ≤ |C|.

Following Grosz and Sidner’s [43] terminology, when 〈c, w, M, ϕ(g), Pϕ(g)〉 is in the

intention state for c at world state w, we say that c intends that ϕ(g), and that c intends to

perform each action a ∈ Pϕ(g). For any effect e of any action a, a ∈ Pϕ(g), when e is a label

on some causal link in Pϕ(g), we say that at w, c intends that e. Otherwise, we say that c

considers e a side-effect of a.

We require a simple notion of logical consistency for characters’ intentions. Specifically,

for any character c and material literal g, at most one of IB+
c (g), IB−

c (g) or IUc(g) can be in

an intention state IS for c. Further, in any given intention state for c, all of c’s character

plans must be internally consistent. Specifically, if PI is a plan that merges all of c current

character plans by (a) creating an initial state based on c’s beliefs in the intention state IS

at w, (b) creating a final step containing the union of all the goals of all the plans in IS and
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(c) creating causal links, orderings and steps from the corresponding components in each

of the plans in IS, then PI must be apparently executable for c at w.

3.2.1.1 Story Generation with Intention Maintenance

The plan generation algorithm for HEADSPACE shown in Algorithm 2 needs to be re-

vised to generate intention plans. For generation of intention plans, we make the following

additions and changes to HEADSPACE:

• Specifying Characters’ Desires. Desires in HEADSPACE are a part of a planning

problem specification. They’re used when adopting intentions, as described in the

next bullet item.

• Having Characters Adopt Intentions. Following the work of Riedl and Young [76],

intentions in HEADSPACE are adopted as the result of a motivating action, a step in

the plan that represents the mental act of adopting a character goal and the plan to

achieve it. In HEADSPACE, we extend the definition of enabled actions to include

apparently executable actions and motivating actions that mark the translation of

a desire into an intention. At the point where HEADSPACE considers all enabled

actions for inclusion as the next step in a plan under construction, all desires for each

character are checked. For each desire whose motivations are obtained in the current

world state, the planner considers the desire motivated.

For each motivated desire, the planner creates a new planning problem for a micro-

planner responsible for creating a plan to achieve the desired outcome. This work

limits a micro-planner to constructing plans where the character is the sole agent

performing actions. However, a more general approach would have the character

constructing plans that contract out parts or rely on anticipated actions by other

characters. The planning problem starts with a world state based on the character’s

current beliefs and commitment to the execution of all of their character plans. The

goal state of the planning problem is just the desired outcome. If the micro-planner

cannot find a solution plan for this problem, then the motivating action is not con-

sidered enabled. If a solution plan is found, then the motivating action is created and

considered enabled, along with any physical actions that characters believe they can
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execute in the current state.

• Having Characters Respond to Achieving Their Intentions. Whenever a character

c changes its beliefs in a new world state, the new belief state is compared to the goal

of each intention held by c. If the new belief state supports the goal of an intention,

then that intention is dropped (removed from the world state).

• Restricting Characters to Act only in Pursuit of Their Goal. As mentioned above,

in HEADSPACE, any actions apparently executable by a character are considered

potential actions. In HEADSPACE, we modify the process to include just those ap-

parently executable actions at the apparent frontier of one or more of a character’s

plans present in the current intention state.

• Having Characters Drop Unmotivated Intentions. Whenever a character c changes

its beliefs in a new world state, the new belief state is compared to the motivations

for each of c’s intentions. If the new belief state doesn’t support an intention’s moti-

vations, then that intention is dropped from the world state.

• Having Characters Revise Their Plans When They Realize They Are Broken. When-

ever a character c changes its beliefs in a new world state, each of c’s character plans

are checked. If a plan has a causal link that spans the current world state (i.e., a link

whose source step has already executed and whose destination step hasn’t) and the

link’s label is inconsistent with the new belief state, that indicates that the character

believes the link is threatened, making the step at the destination of the link appar-

ently unexecutable. At this point, the system uses the character’s micro-planner to

create a plan that achieves the intention but contains no threatened causal links. If

no such plan can be found, the system drops the intention from the world state.

3.2.2 Observability

The example described in Section 3.1 demonstrates a story where Teddy fails initially to

pour a drink from the bottle. In this example story, Teddy’s character has an incorrect belief

that the bottle was filled, whereas the world truth was that the bottle was empty. This was

part of the initial state of the problem, i.e., the story starts with Teddy having inconsistent

beliefs. However, in stories, we often observe that characters may also have correct beliefs
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that become inconsistent over the course of the narrative. For example, a character may

have initially correctly believed that they had money in their bag but missed observing

that another character took the money out of the bag, causing them to fail at an action in

the future.

In an environment where multiple characters act toward achieving their goals, it is

essential to add observability to allow characters to update their beliefs by observing

the effects of actions from other agents. Moreover, an action may not have all its effects

observable by other agents. For example, if a person shoots another person, only the

people in the room observe the victim being shot, but it is possible for other agents in

the vicinity to hear the gunshot and update some beliefs. To support observability, we

added the ability to add observation effects in the operator definition to each effect. The

implemented observability model supports direct specification of whether an effect is pub-

licly observable, locally observable, or private. The implemented model also supports

predefined axioms for observability, such as only Jedi characters can observe all shifts in

the Force.

3.2.3 Algorithm

Now that we have established a representation consisting of intentions and intention

plans, we describe how HEADSPACE integrates character intent with previously described

authorial goals. The HEADSPACE planner performs planning on two levels:

• a top-level planner manages the world, performs intention management, tracks au-

thorial goals, and tracks the solution to the planning problem; and

• a character-level micro-planner performs planning to compute an intention plan for

a single character.

The algorithm for the top-level planner is presented as a flow diagram in Figure 3.4.

The recursive algorithm accepts, as input, the planning problem. The algorithm first

checks if the goals are satisfied. Then, the algorithm checks desires to see if any of them

have motivations that are met in the world currently in the Extract Arising Desires step

(Box A). If they are met, they get added to the list of intentions to track. The algorithm then

updates these intentions with intentional plans in the Adopt Intentions step (Box B). Once all
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intentions are updated with relevant intention plans, the planner compiles possible actions

from the apparent frontier and executes one of them in the Select And Execute Action step

(Box C). Finally, the algorithm checks if the resulting plan was a dead end (no possible

actions), an endless plan (ended up in a duplicate world state), or previously generated

(by referring to previously generated plans for the same planning problem). This is done

by tracking worlds visited, two fringes for other possible actions, and plans previously

generated, which are all initialized to empty lists. If any of these are true, the algorithm

attempts to recover to an alternate path using the fringe. There are two fringes: one at

the planning problem level and one at the intention-plan level. The top-level fringe tracks

other possible actions across all the intention plans, and the intention-plan level fringe

tracks alternate approaches for the specific intention plan. The algorithm will recover the

planning problem and recursively call the top-level algorithm with the recovered planning

problem. The algorithm returns failure if the fringes are empty or no alternate plan was

found with the recursive call. If the resulting plan was not a dead end or endless plan or a

previously generated plan, the algorithm recursively calls the top-level planning algorithm

with the plan updated with the newly added action. While the rest of the algorithm is

straightforward, we describe three particular steps from Figure 3.4 in detail below.

3.2.3.1 Extraction of Arising Desires

The algorithm for extracting any desires that arise at a particular world state is pro-

vided in Algorithm 4. In this algorithm, we check that, for each possible desire, whether

the corresponding character believes that the motivations are satisfied. If true, then we

update the intention states by either creating a new intention, or adding the motivation to

an existing intention state if one already exists with the same goal (to support narrative

scenarios may multiple motivations exist for one goal).

3.2.3.2 Adoption of Intentions

The algorithm for the AdoptIntentions function is provided in Algorithm 5. In this step,

for every intention, the algorithm invokes the HEADSPACE algorithm defined in Section

3.1 to find a possible intention plan. If a plan is found, the intention plan is updated in

the world state. If it is not found, the intention is dropped from consideration since the

character could not find a plan to achieve the desire even though the motivations were
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1: ExtractArisingDesires(w, desires)
2: intentions ← {}
3: for all d ∈ desires do
4: character − belie f s ← all beliefs of character d.character inw
5: if d.motivations ∈ character − belie f s then
6: for all intention ∈ intentions do
7: if d ∈ intention then
8: intention.motivations ← intention.motivations ∪ d.motivations
9: else

10: intentions ← intentions ∪ 〈d.character, w, d.motivations, d.goals, φ〉
11: end if
12: end for
13: end if
14: end for
15: return intentions

Algorithm 4: Algorithm that extracts any desires that arise at a worldstate w given a
list of desires desires.

satisfied.

1: AdoptIntentions(plan,goal, groundedoperators,w, intentions)
2: for all i ∈ intentions do
3: pp ← Create PlanningProblem with w, i.goals, i.character, groundedoperators
4: Use character-level planner on pp to find Plan Pϕ(g)
5: if i ∈ w.intentions and p �= ∅ then
6: update the corresponding intention in w to have p as the plan
7: else if i ∈ w.intentions and p = ∅ then
8: w.intentions ← w.intentions − i
9: else if i /∈ w.intentions and p �= ∅ then

10: w.intentions ← w.intentions
⋃

i
11: end if
12: end for

Algorithm 5: The algorithm for AdoptIntentions. It takes, as input, the plan so far,
goals, grounded operator, current world state, and a list of intentions that arise at the
current world state.

3.2.3.3 Select and Execute Action

The algorithm for action selection and execution is provided in Algorithm 6. Once

the intention plans have been generated, the planner must compile the possible actions.

This is done by adding the first unexecuted step of each intention plan to a list of possible

steps. Then, the SelectAStep function decides a step to execute. Note that the current

approach does not have a heuristic at the top level on which action to pick among different
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intention plans. The current implementation for SelectAStep arbitrarily chooses a step.

Future work can consider using an authorial goal-focused decision mechanism. Once a

step is selected, the planner checks to see if that action was actually executable: if the action

is unexecutable, then the corresponding failed action is added to the plan. If there are any

intent constraints for the failed action, they are updated as well- Section 3.3 delves deeper

into this. The observability updates occur whenever the next world state is computed for

an action (such as line 18 in Algorithm 6).

1: SelectAndExecuteAction(plan, groundedoperators, w):
2: Let possibleSteps = ∅
3: for all Intention Iϕ(g) = 〈c, M, ϕ(g), Pϕ(g)〉 in w do
4: Let possibleSteps ← possibleSteps ∪ nextSteps(c, w, Pϕ(g)).
5: end for
6: if possibleSteps �= ∅ then
7: Let step be an action from possibleSteps
8: for all a ∈ possibleSteps that is not step do
9: fringe.Enqueue(current problem state a)

10: end for
11: if step is executable by c in w then
12: Let w′ be the world state resulting from c executing step in world state w
13: else
14: Let w′ be the world state resulting from c attempting but failing to
15: perform step in world state w.
16: end if
17: Append 〈step, w′〉 to the end of plan P
18: end if

Algorithm 6: The algorithm for SelectAndExecuteAction. This step selects an action
from the intention plans and adds the successful or failed version of the action to the
plan.

3.2.4 A Brief Example of Intention Dynamics

To demonstrate the range of intention dynamics and the interaction between belief,

intention and execution in HEADSPACE, we sketch a plan construction process for an ab-

stracted plan in Figure 3.5. In this example, the planning problem for HEADSPACE includes

an intention for character c to believe that g1 obtains. The intention is shown in the initial

state and the character plan for the intention is given in the breakout labeled Pg1 to the

right. In subfigure a, the plan is shown with its first step (the box labeled #1) and world

state (the box labeled #2) already added to the plan. In subfigure b, the second step (step
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#3) from plan Pg1 has been added to the plan. This step has the effect intended by c for Pg1,

and also unintentionally adds beliefs to c’s belief state so that a new desire is motivated

(all of the desire’s motivation conditions are supported in c’s belief state in world state

#4). As a result, an intention (for c to achieve B+
c (g2)) is created; world state #4 then

shows both intentions for c: intending B+
c (g1) and B+

c (g2). In subfigure c, step #5 has

been added to the plan. Here, step #5 is a step performed by some character other than c.

Step #5’s execution changes c’s beliefs in such a way that the motivations for c’s intention

to achieve B+
c (g1) is no longer supported. As a result, that intention is removed and no

longer appears in the resulting world state #6. In subfigure d, step #7 is added to the plan,

also a step executed by some other character. Step #7’s execution changes c’s beliefs so

that c believes their plan to achieve B+
c (g2) is no longer valid. Specifically, an effect of step

#7 asserts B+
c (x) threatening a causal link in Pg2. As a result, Pg2 is no longer apparently

executable for c in world state #7.

As a result, the micro-planner for c searches for and finds a new plan P
′
g2to achieve

B+
c (g2) from world state #7. This new plan is part of a replacement intention for c at world

state #7 to achieve B+
c (g2).

3.2.4.1 Example Using the Drink Refill Domain

Figure 3.6 shows the Drink Refill story from Section 3.1 along with the intention plans.

Passive sensing actions are not shown for brevity purposes. As mentioned earlier, the goal

for the story is for Teddy, the bartender, to refill the customer’s drink. We also add a desire

for Teddy to have the customer’s drink filled if it is empty.

In the story plan, Teddy intends to pick up Bottle 1, pour the drink, and serve it to the

customer (Intention Plan 1). In the world state before the start of the plan, Teddy believes

that Bottle 1 is not empty. His belief is incorrect: Bottle 1 is actually empty. Teddy picks

up Bottle 1 (Action 1), then attempts to pour the drink into the customer’s glass, expecting

it to succeed. Because Bottle 1 is actually empty, the action fails (Action 2). At this point,

Teddy realizes the action has failed.

In the world state resulting from Action 2, all epistemic preconditions for Teddy’s

execution of Action 2 have been asserted as unknown in his belief model. In HEADSPACE,

when a character attempts an action but fails, the character immediately updates the truth
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values of literals that can be passively sensed. Teddy verifies that he is indeed holding the

bottle and the glass is empty. Teddy now has an unknown belief about the precondition

that needs to be actively sensed: whether Bottle 1 is empty.

Teddy detects that these new beliefs are inconsistent with his intention plan IP1, caus-

ing him to drop IP1 and form a new intention plan first to confirm that Bottle 1 is filled.

Teddy then actively seeks new beliefs about Bottle 1’s status by checking the bottle (Action

3). In the world state resulting from Action 3, Teddy finds the bottle empty. Having

expected the bottle to be filled, Teddy detects that his belief is inconsistent with intention

plan IP2, causing him to drop IP2 and form a new intention plan to place Bottle 1 down

and use Bottle 2 instead. In Action 4, Teddy places Bottle 1 down, and in Action 5, he picks

up Bottle 2. In Action 6, Teddy attempts to pour the drink again, this time from Bottle 2.

Succeeding this time, the glass is now refilled. Since Teddy believes correctly that the glass

has been refilled, he serves the drink to the customer (Action 7).

3.3 Enhanced Authorial Expressivity for Narrative Planning
In this chapter, we have proposed novel knowledge representation and algorithms to

support the generation of plots that can consist of situations where characters fail when

attempting an action when they have incorrect beliefs about the world. This increases

the expressiveness and expands the space of narratives produced with computational

narrative generation approaches. However, with the added expressivity in generative

approaches, there is a need for enhancements in authorial expressivity to the narrative

planner. With the current representation of a planning problem, authors cannot specify

directly to the planner to create a story with failed actions.

To allow authors to direct the narrative planning technology to specifically construct

plans with desired properties, such as failed actions and behavior of characters with intent

when a failed action occurs, this section introduces enhanced authorial constraints in the

form of action-related and intent constraints. Section 3.3.1 further illustrates the need for

additional authorial constraints with an example. Once the motivation for this work has

been set, Section 3.3.2 introduces the constraints proposed and formally defines them.
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3.3.1 Motivating Example

As a motivating example, we revisit the Drink Refill domain provided in Section 3.1. In

the Drink Refill domain, Teddy is a bartender who intends to refill a customer’s drink using

a bottle. In the specific planning problem described earlier, Teddy believes that Bottle 1 is

not empty and can be used to refill the drink. However, Bottle 1 is empty. In the resulting

solution plan for the specific planning problem, Teddy attempts to pour the drink from

Bottle 1 and fails. This failed action leads to Teddy exhibiting behavior where he performs

plan repair. He checks Bottle 1, hoping to find it filled and retry his earlier attempt. When

he realizes that Bottle 1 is actually empty, he substitutes his initial strategy with a new

plan, now involving Bottle 2. He finally uses Bottle 2 to pour the refill for the customer.

Let us extend this domain to allow for multiple agents, observation dynamics, and

intents. We introduce an additional character, Joey, who intends to refill a different cus-

tomer’s drink. Consider that the action of the drink being poured cannot be publicly

observed, as the bar is dimly lit. In this extended domain, Teddy and Joey are bartenders

going around refilling drinks using the same set of bottles. The story’s beginning has both

Bottles 1 and 2 filled, and everyone has correct beliefs.

In this extended Drink Refill domain, multiple stories can be generated, shown in

Figure 3.7. As observed in the figure, one possible plot is that both Teddy and Joey suc-

cessfully refill their respective customers’ drinks without any failed actions using different

bottles (Story A). However, another possible story can involve Teddy using Bottle 1 to

pour his customer’s drink, with Joey not observing the action or its effects. Joey could also

choose Bottle 1 to pour his customer’s drink, failing in this attempt (Story B). Conversely,

Joey could succeed and Teddy could fail instead if Teddy picked the same bottle that Joey

did (Story C). Both the stories with failed actions are different, and the author may want a

specific character to fail or succeed.

With the current expressivity available to authors, they have limited control over the

stories the planner produces. The HEADSPACE planner uses an FF-based heuristic, which

prefers shorter plans. Story A would be the most optimal story and be the first one to

be generated. Authors may be interested in longer, more exciting stories, with specific

characters failing– the jump to hyperspace in a spaceship in Star Wars, or a crucial climactic

moment where the villain attempts a critical act but fails [80]. They either need to keep
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generating stories until the planner produces the desired one or use filtering techniques to

sift through the produced stories to find ones with the desired actions. Current narrative

planning techniques are unable to accept specifications about desired actions.

With the current expressivity available to authors, they do not possess direct control

over the intent dynamics exhibited by characters in the stories produced by the planner.

Consider the situation where an author wants a character to persistently try repairing

a failed action, doggedly trying different ways to capture a mouse (such as in popular

cartoon shorts [72, 74]). The tenacious behavior exhibited in those stories can differ from

intentional behavior, where a character gives up immediately after failing. When working

with automated narrative planners, authors are unable to express such requirements to

the planner directly and can only rely on specifying them indirectly through goal state

constraints. Moreover, current planning technologies do not reason about character per-

sonality through intent dynamics upon action failure, though there is related work on

exhibiting character personality traits and emotions [7, 88].

3.3.2 Enhanced Authorial Constraints

With the need to support additional authorial expressivity justified, we now consider

the kind of expressivity to supply authors with. In this section, we outline an extension

to action-related constraints proposed by Bonassi et al. [9], as well as intent-related con-

straints for authors to specify intent dynamics upon action failure.

3.3.2.1 Action Constraints from PAC-C

Recently, Bonassi et al.[9] proposed a PDDL-like representation to represent action

constraints to a planning problem. Their compiler, PAC-C, is capable of compiling action-

related constraints with operators such as always, sometime, at most once, sometime after,

sometime before, always next, and pattern into a new planning problem with updated world

frame, initial state, operators and goals. We use the PAC-C approach to expand the con-

straints for authoring further.

We extended the PAC-C algorithm for precompilation with belief-based precompila-

tions to be compatible with the knowledge representation used by the HEADSPACE plan-

ner. The precompilation approach implemented introduces the action-constraint atoms to

character beliefs in addition to true and false world knowledge. An example precompila-
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tion is demonstrated in Figure 3.8.

3.3.2.2 Failed Action Constraints

We advanced the approach by Bonassi et al. to also consider failed action constraints.

The author can specify a failed action in combination with any of the action constraints

mentioned above. The approach by Bonassi et al. strictly requires action formulae to be in

a disjunctive non-negative form (NNF). To comply with the requirements for PAC-C, the

HEADSPACE algorithm compiles a failed action specification into an or sequence of all the

possible combinations in which an action can fail.

Definition 14 (Failed Action Constraint). A failed action constraint over an action a, where

the set of failed actions AF = aF1, ..., aFn represent all the possible ways the action a can fail, is

compiled into an action constraint over a disjunction of actions in AF, i.e., an action constraint

over aF1 ∨ ... ∨ aFn.

3.3.2.3 Intentionality-Related Constraints

As mentioned earlier, in addition to specifying these failed actions, authors often may

want to specify the underlying intention plan the character is attempting. Authors may

have desires for how the failed action impacts the character’s intent – should the Big Bad

Wolf keep pursuing the Three Little Pigs even though it keeps on failing, or should it

give up upon failing the first time [50]? Should the villain keep pursuing the McGuffin to

achieve their intention, or should they give up on the McGuffin and find another approach

to achieve their goal instead?

Such intent dynamics are interesting for human authoring from an expressivity per-

spective. We enable authors to specify the intent dynamics when specifying a failed action–

describing how the failed action should influence character intent. There are three possible

ways to handle intent upon a failed action:

• plan repair, where the character performs plan repair to fix the reason for the failed

action, and continues with the rest of the intention plan (termed in short as PERSIST),

• accommodation, where the character finds another plan to achieve their intention

(termed as SUBSTITUTE),

• abandoning the intention entirely, where the character gives up the intention (termed
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as DROP).

Each of the three is formally defined below.

Definition 15 (PERSIST Intent). A persistent intent on a failed action constraint for a failed action

sF defines that, for an intention plan Pϕ(g) = 〈c, S, CL, O〉 where S is set of steps s1, ..., si, ..., sn

and si is the successful version of sF, when character c encounters the failed action sF, they strictly

consider updated intention plans such that the set of steps S′ for the updated intention plan includes

all actions from si to sn, i.e., {si, ..., sn} ⊆ S′.

Definition 16 (SUBSTITUTE Intent). A substitute intent on a failed action constraint for a failed

action sF defines that, for an intention plan Pϕ(g) = 〈c, S, CL, O〉 where S is a set of steps s1, ..., si, ..., sn

and si is the successful version of sF, when character c encounters the failed action sF, they strictly

consider updated intention plans where the set of steps S′ for the updated plan does not include si,

i.e si /∈ S′.

Definition 17 (DROP Intent). A drop intent on a failed action constraint for a failed action sF

defines that, for an intention plan Pϕ(g) = 〈c, S, CL, O〉 where S is a set of steps s1, ..., si, ..., sn and

si is the successful version of sF, when character c encounters the failed action sF, they no longer

work towards achieving the corresponding desire ϕ(g) for the intent.

The above-mentioned intention constraints only get invoked when a failed action oc-

curs in the plan. In Algorithm 6, on line 19, the action constraints get updated when a

failed action gets added to the plan. The algorithm for the UpdateFailedActionConstraints

function is provided below, in Algorithm 7. The algorithm first checks if a failed action that

occurred was part of a constraint. It then retrieves the particular constraint and checks if

it has any intent constraints attached to it. The algorithm then tags the respective desire

and intention plan with the intent constraint, which can be used by the plan generation

mechanism in Algorithm 2 to limit the plan search accordingly. The DROP constraint is

specifically added to the respective desire to prevent the desire from activating once again.

Once a character gives up on an intent, HEADSPACE ignores the desire and prevents them

from pursuing the desire again.

Definition 18 (Planning Problem with Enhanced Authorial Constraints). A planning prob-
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1: UpdateFailedActionConstraints(res, failedop, constraints, desires)
2: actionLiteral ← ∅
3: for all c ∈ constraints do
4: actionLiteral ← actionLiteral ∨ c.GetMatchingActionLiteralIfExists(failedop)
5: end for
6: if actionLiteral �= ∅ and actionLiteral.Intents.Count > 0 then
7: if actionLiteral.Intent = PERSIST then
8: for all intention ∈ res.Item2.intentions do
9: if step.Item1 ∈ intention.plan.steps then

10: Update intention.constraint to PERSIST

11: end if
12: end for
13: else if actionLiteral.Intent = SUB then
14: for all intention ∈ res.Item2.intentions do
15: if step.Item1 ∈ intention.plan.steps then
16: Update intention.constraint to SUB

17: end if
18: end for
19: else
20: for all intention ∈ res.Item2.intentions do
21: if step.Item1 ∈ intention.plan.steps then
22: Update intention.constraint to DROP

23: for all d ∈ desires do
24: if d.character = (intention.character) and d.goals = intention.goals then
25: Add the DROP constraint to d
26: end if
27: end for
28: end if
29: end for
30: end if
31: end if

Algorithm 7: UpdateFailedActionConstraints
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beliefs and desires to generate plans where characters behave in accordance with their

intents and knowledge, and (c) the action constraints specified in the planning problem.

The current implementation, when deciding which action to select, assigns actions

priority in the following order:

• An action is part of an action constraint that has not yet been satisfied,

• If no actions are part of an action constraint, a version of the A∗ heuristic function is

used: f = g + (hC + hG)/2, where g is the cost so far, hC is the character max-level

FF heuristic, and hG is the global max-level FF heuristic,

• If the heuristic function values are equal, then the action with a lower cost g is

preferred,

• If there are multiple actions with the same g as well, the action with a lower character

heuristic hC is preferred.

The above decision mechanism ensures that action constraints are prioritized, followed

by a heuristic that factors in weighting all the heuristics. If the weighting is equal, shorter

plans are preferred, followed by a preference for what a character might consider the most

reasonable action to perform.

The reasoning behind prioritizing an action with an action constraint is that, in the

current approach, action constraints are not considered in relation to desires. Without

prioritization, actions with action constraints are not prioritized if other candidate actions

have better heuristics: the planner saves the action constraints for later. At a later stage,

the character may have already achieved the desire and may no longer want to pursue the

specific action even though it is only X steps away. To overcome this challenge, the current

algorithm for HEADSPACE prefers adding actions with action constraints to the plan. For

a discussion on this limitation with an example, see Chapter 5.

Differences between character and global heuristics may lead to interesting behavior

where a character may decide to “change their mind” and perform actions later to undo

them– this happens when the global heuristic takes preference and prevents dead ends from

occurring: a character may perform a sequence of actions that are guided by the character

heuristic until the global heuristic prevails and leads to a change of plan.
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The updated HEADSPACE algorithm, which considers action constraints for intention

plan generation and prefers actions in the above-described manner, is provided in Algo-

rithm 8.

1: FFApparentSolution(w, G, CG, GO, mode)
2: if w = G then
3: return null
4: end if
5: while solutionPlan is null do
6: tmp ← 0
7: if best candidate == null then
8: best candidate ← null
9: best candidate character heuristic ← ∞

10: best candidate global heuristic ← ∞
11: best candidate cost ← ∞
12: n ← all apparently executable next actions and resulting states in w
13: for all op, next state ∈ n do
14: current node character heuristic ← compute RPG using next state and CG and

calculate the FFmax heuristic
15: if op is executable at w then
16: current node global heuristic ← compute RPG using next state and G and

calculate the FFmax heuristic
17: else
18: failedop ← appropriate failed version of op in GO
19: next state ← resulting worldstate on attempting f ailedop at w∪ resulting

character beliefs on executing op at w
20: current node global heuristic ← compute RPG using next state and G and

calculate the FFmax heuristic
21: end if
22: if current node character heuristic �= ∞ then
23: Compare best candidate and next state and select action
24: if next state is selected then
25: Create a fringe element as a tuple containing best candidate
26: Enqueue fringe element into character fringe with a priority tuple of

(best candidate character heuristic, best candidate global heuristic, best candidate cost)
27: best candidate← next state
28: best candidate global heuristic ← current node global heuristic
29: best candidate character heuristic ← current node character heuristic
30: best candidate cost ← current cost
31: end if
32: end if
33: end for
34: end if

Algorithm 8: FFApparentSolution Function
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35: if dead end, endless plan, or plan previously generated then
36: recover from character fringe and continue to the next iteration
37: end if
38: Add 〈op, best candidate〉 to intention plan
39: best candidate ← null
40: if best candidate = G then
41: if (mode = PERSIST || mode = SUBSTITUTE) then
42: Check actions of intention plan to see if they match the respective intent

constraint conditions
43: Recover from fringe if plan does not meet constraints
44: end if
45: if (mode equals REGENERATE) then
46: Check plan to ensure new plan is different from previous plans
47: else
48: Recover from fringe
49: end if
50: solutionPlan ← current
51: return solutionPlan
52: end if
53: end while
54: return solutionPlan

into QUEST Knowledge Structures
In this chapter, so far we have proposed a narrative planning process that can generate

stories where characters can fail when attempting an action if they have incorrect beliefs.

The narrative planning process has been integrated into a model that also considers char-

acter intent, observability, and enhanced authorial constraints when generating plots.

Before we consider how the added expressivity provided by HEADSPACE can be

used by authors to produce stories, it is important to evaluate human comprehension of

the stories produced themselves. Cognitive model evaluations in the narrative planning

community have been widely used to gauge comprehension of computationally gener-

ated narratives [14, 51]. These evaluation approaches usually involve humans watching,

playing through, or reading a narrative, with the hypotheses focused on comparing the

generated story with the mental model of the story story built by the study participants.

One such cognitive model, called QUEST [41, 42], has been developed and validated as

a cognitive model of human question answering in the context of stories. The model uses a

graph-form knowledge representation – called a QUEST Knowledge Structure, or QKS – to

3.4 Translating Stories with Failed Actions
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characterize the relationships between events, goals and intentions that underlie a story. In

the QUEST model, the arc distance between any two nodes in a QKS predicts how well the

second node serves as an answer for why, how, or in-order-to questions about the first node.

The model has been used by the narrative planning community to evaluate their planning

approaches [6, 20, 75, 106]. In these methods, plan data structures are translated into the

data structures representing a cognitive model of narrative comprehension. Experiments

compare the way humans process the generated stories to the predictions made by the

cognitive models.

One limitation of existing translation algorithms used to generate QUEST graph struc-

tures from narrative planning output is that they have only focused on positive actions

in the plan [14, 20] (e.g., actions that are attempted by characters and execute correctly in

the story world). New algorithms, such as HEADSPACE, that create narratives with greater

expressive range, have prompted consideration of adapting or extending evaluation meth-

ods, including those centered around user experience. In particular, a need has arisen

because of increased expressivity around failed actions and mistaken beliefs [71, 100], two

narrative elements not accounted for in prior evaluative methods. Evaluation methods

that adopt a cognitive stance require new knowledge representations that include failed

actions in their model.

While not used by previous approaches of evaluation, the original QUEST Knowledge

Structure (QKS) theories consider the possibility of failed events and unachieved goals

appearing in the story discourse. To date, however, no evaluative approaches that leverage

QKSs have taken advantage of these elements to gauge the effectiveness of stories with

failed actions. This section builds upon the character of QKSs containing failed actions and

their semantics as defined by the original QUEST work, which were described in Section

2.3.1. We present an automatic translation algorithm to translate from a modified Planning

Domain Definition Language (PDDL) representation [32] into QKS that can be applied in

evaluation strategies. We also provide a walkthrough using an example translation of a

narrative plan to its corresponding QKS.
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Structures from Plans that Include Failed Actions

Our proposed algorithm, shown in Algorithm 9, addresses the above issues and allows

for the generation of new types of QKS structures that are both faithful to Graesser and

Clark’s definitions and also incorporate failed actions effectively.1 When generating a

QKS with failed events, the proposed algorithm requires a knowledge representation that

includes both the story plan and various intention plans for each character.

Our translation algorithm incorporates the intention plan of the character as a chain

of goals with reason arcs so that forward goal relationships are maintained from failed

actions. The intention plan incorporated in this algorithm does not stop when a goal

is not achieved because of a failed action. This is consistent with Graesser’s system,

as questions such as “what are the consequences of” solely look at achieved goals, not

unachieved goals, while questions like “why” can traverse reason arcs of both achieved

and unachieved goals.

Examples of how candidate answers for specific questions can be computed using the

output from our algorithm can be found in Section 3.4.2.2.

3.4.2 Example Translation: Escape Scenario

The escape scenario is a simple domain and problem constructed to help describe how

the QKS generation algorithm works. In the escape scenario, there is an agent in a room

with two doors: the west door and the east door. The agent is on the west side of the

room. The agent believes that both doors are unlocked, but in reality only the east door is

unlocked. The agent is trying to escape from the room and either door is suitable for the

escape. The agent only has three actions: moving from one side of the room to the other,

opening unlocked doors, and escaping through an open exit door. The full story plan and

all intention plans are shown in Figure 3.9.

When the planner constructs the agent’s first intention plan, it creates the simple plan

of opening the west door and then escaping through the door. This is consistent with

the agent’s (mistaken) beliefs indicating the west door is unlocked. Steps from this plan

1Our worked example shows a plan where characters’ actions fail due to incorrect beliefs.In this plan, the
characters’ beliefs are automatically updated when they observe their own action failures. This is consistent
with plans produced by HEADSPACE, but is not a required aspect of the translation algorithm we present here.

3.4.1 Towards the Automatic Creation of QUEST Knowledge
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Data: A plan P (s, B,≺, L, I)
Result: A QUEST Knowledge Graph

1 Create a total ordering for all the steps in P;
2 for every step si in P do
3 Create event node ε i for si;
4 for each effect ej in si do
5 Create a State node σej ;

6 Link it to ε i with a Consequence arc ε i
c−→ σj;

7 end
8 end
9 k ← −1;

10 for each Intention Plan ϕi in I do
11 active ← true;
12 for each step sj in ϕi do
13 Create a goal node Υij;
14 if active then

15 Link Υij to event node εk using an Outcome arc Υij
O−→ εk;

16 if εk was a failed event then
17 active ← f alse;
18 end
19 k ← k + 1;
20 end
21 end

22 for each causal link sl
p−→ sm in ϕi do

23 Link the corresponding goal nodes with a Reason arc Υil
R−→ Υim;

24 end
25 end
26 for each failed event ε i do
27 if there exists a causal link si

p−→ sj then
28 Connect the state node for p σp to the goal node connected to ε j with an

Initiate arc σp
I−→ Υxj;

29 end
30 else
31 Connect ε i to the event node ε j for the agent’s next step based on the total

ordering with an Initiate arc ε i
I−→ ε j;

32 end
33 end

34 For each causal link si
p−→ sj in P, link the corresponding state node σp to the event

node ε j with a Consequence arc σp
c−→ ε j;

Algorithm 9: Translation algorithm for creating a QKS from a Plan
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are added to the story plan up to the point where the first action fails (in this case, at the

agent’s first action, Step 8). At this point, the agent’s mistaken beliefs are updated and its

inconsistent intention plan is discarded in favor of a new one consistent with its updated

beliefs. Because that intention plan has no failed actions, all its steps are added to the story

plan. The final plan has four steps: the agent attempts to open the west door and fails, the

agent moves to the east location, the agent opens the east door, and then the agent escapes.

3.4.2.1 Constructing a QKS

To create a QKS corresponding to the plan in Figure 3.9, the translation algorithm

begins by creating an event node for every step in the story plan. This results in four

events corresponding to the four steps described above (line 3). The next part of the

algorithm (lines 4–7) generates a state node for every effect of each event along with a

consequence link from the event to the generated state node. For example, the event of

the agent moving to the east side is linked with a consequence arc to a new state node

for At(agent, east-loc). Similarly, the event for failing to open the west door causes a

belief update of Locked(west-door) for the agent, so a state node is created for that belief

update and it is linked from the event node via a consequence arc.

Once all events are added and their effects are represented by state nodes connected

from consequence arcs, the algorithm iterates through every intention plan in order that

was used to generate the story plan (line 10) while considering each event node that it had

added on line 3. The first intention plan was to open the west door and then escape. The

algorithm creates a goal for opening the west door (line 13). It then links this goal with an

outcome to the event of failing to open the west door (line 15). This intention plan is then

flagged as having a failing outcome (line 17), so the remaining steps in the intention plan

(in this case, just the escape through the west door) are only added as goals. Once all goals

for the intention plan are added, causal links between the steps in the intention plan are

translated as reason arcs between goals (line 23). In this case, the ”Open West Door” goal

links with a reason arc to the ”Escape West” goal.

The algorithm proceeds to the next intention plan: to move to the east door, open the

east door, and then escape through the east door. For each of these steps it creates a goal

and then links the goal with an outcome link to the corresponding event in the final plan.
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Afterward, it translates any causal links in the intention plan into reason arcs for the goal

nodes.

The next step of the translation is to create initiate arcs from failed actions to the first

goal of the next intention plan (lines 26–33). These initiate arcs make it clear that the next

goal was a product of what happened previously (the observation by a character of a failed

action), not a necessary step based on the previous goal, which is why the new intention

plan’s goal does not have a reason arc from the previous goal corresponding to the failed

action. Instead, if the failed step has a causal link to the next step, an initiate arc is created

from the failed step’s condition that the causal link depends on to the goal of the next step.

If no such causal link exists, the goal of the failed event points to the goal of the next step

with an initiate arc. In this example, failing to open the west door initiates the goal of

moving to the east, as there is no causal link from the failing step to the next step in the

plan.

Finally, all causal links in the final plan are represented by adding consequence arcs

from the effect of the event that was derived from the source step of the causal link to the

event that was derived from the sink step of the causal link (line 34). In our example, one

instance of this is the consequence arc from the state At(agent, east-loc) to the event

corresponding to opening the east door.

The final QKS for this example is presented in Figure 3.10.

3.4.2.2 Escape Scenario Goal Questions

As described in Section 3.4.1, The QUEST model is capable of taking a QKS and a node

from that QKS and returning sets of logically appropriate nodes that can serve as answers

to ”Why,” ”How,” or ”What are the consequences of” questions about the input node. It

can also provide relative rankings of goodness of answer within each set. We provide short

descriptions below for the processes used in QUEST to determine these sets, including for

QKSs that contain failed actions.

• Why: ”Why” questions about goals start with a goal and traverse reason arcs for-

ward, manner arcs backward, sibling nodes from forward before-arcs, goal initiator

arcs backwards, and consequence arcs from the start of those initiator arcs back-

wards. Among these arcs, we solely include reason arcs, initiator arcs, and conse-
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quence arcs; manner arcs do not exist in our system. Our QKS can provide goodness

of answer ratings for ”why” questions such as:

– Why does the character want to open the west door? The character wants to open the

west door in order to escape to the west.

– Why does the character move to the east door? The character moves to the east door

because they failed to open the west door. The character failed to open the west

door because they believed the west door was unlocked.

• How: ”How” questions traverse backward through reason arcs and forward through

manner arcs using achieved goals. Since our translation algorithm doesn’t generate

manner arcs, we solely rely on reason arcs. The main benefit of our translation

algorithm is in avoiding invalid answers to ”How” questions. Namely, by ensuring

there is no reason arc from the ”Open West Door” goal to the ”Move to East Door”

goal, we avoid including an answer like ”The character wants to open the west door

in order to move to the east door” for a question like How does the character want

to move to the east door? Such a ”how” question response would be included if, for

example, we used Christian and Young’s [20] algorithm on a plan with failed actions.

• What are the consequences of: The arc search procedure for these types of questions

can only progress through achieved goals and are answered by traversing through

forward reason arcs, backward manner arcs, forward consequence arcs, forward

implies arcs, forward outcome arcs, and forward initiate arcs. In our system, the

only arcs of relevance are the forward reason, consequence, outcome, and initiate

arcs. This allows the QKS to generate sets of answers for questions like:

– What are the consequences of the character failing to open the west door? The character

wants to move to the east door because they fail to open the west door.

As the expressive range of narrative generation systems increases, existing evaluation

methods can be expanded to account for novel plot/plan structures with minimal im-

pact on previous well-founded experimental designs. This section highlights previously

unused aspects of the QUEST cognitive model that align with novel features of stories
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(i.e., failed actions) being generated in recently developed planning systems. We define a

translation algorithm that takes as input a story plan containing failed actions and creates

a knowledge structure consistent with QUEST’s QKS definitions. These knowledge struc-

tures can then be integrated into human subjects experiments comparing user experience

during plan comprehension with the plan structures service as the plot line’s source. This

translation algorithm is used as part of the experimental evaluation described in Section

4.2.
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Figure 3.1. An overview of the HEADSPACE planner. Box A, the Enhanced Authorial
Constraints Precompiler, is described in Section 3.3.2. Box B, which includes the top-level
planner and the character-level planner, is described in Section 3.2.

Hold(T, B1) Serve-Drink(T, G) Pour-Drink(T, B1) Pour-Drink(T, B2)
PRE-F holding(T, B1) PRE-F empty(G) PRE-T holding(T, B1) PRE-T holding(T, B2)

holding(T, B2) served(G) empty(G) empty(G)
PRE-B- holding(T, B1) PRE-B- empty(G) PRE-F empty(B1) PRE-F empty(B2)

holding(T, B2) served(G) PRE-B+ holding(T, B1) PRE-B+ holding(T, B2)
EFF-T holding(T, B1) EFF-T served(G) empty(G) empty(G)
EFF-B+ holding(T, B1) EFF-B+ served(G) PRE-B- empty(B1) PRE-B- empty(B2)

EFF-T empty(B1) EFF-T empty(B2)
Place-Down(T, B1) *Observe-Local+(T, G, B) EFF-F empty(G) EFF-F empty(G)
PRE-T holding(T, B1) PRE-T at(T, B) EFF-B+ empty(B1) EFF-B+ empty(B2)
PRE-B+ holding(T, B1) at(G, B) EFF-B- empty(G) EFF-B- empty(G)
EFF-F holding(T, B1) PRE-B+ at(T, B)
PRE-B- holding(T, B1 PRE-U at(G, B) Hold(T, B2)

EFF-B+ at(G, B) PRE-F holding(T, B1) Check-Bottle-Empty(T, B1)
*Observe-Local+(T, B1, B) holding(T, B2) PRE-T holding(T, B1)
PRE-T at(T, B) *Observe-Local+(T, T, B) PRE-B- holding(T, B1) PRE-F empty(B1)

at(B1, B) PRE-T at(T, B) holding(T, B2) PRE-B+ holding(T, B1)
PRE-B+ at(T, B) PRE-U at(T, B) EFF-T holding(T, B2) PRE-U empty(B1)
PRE-U at(B1, B) EFF-B+ at(T, B) EFF-B+ holding(T, B2) EFF-B- empty(B1)
EFF-B+ at(B1, B)

Figure 3.2. Ground operators used in the Drink Refill domain. Here, object constants have
been abbreviated to preserve space. Throughout, we use T for Teddy, B for Bar, B1 for
Bottle 1, B2 for Bottle 2, and G for the glass.
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5. Observe-Local+(Teddy, Glass, Bar)

W11

Figure 3.3. A solution plan for the Drink Refill domain’s planning problem. Green actions
are successfully performed actions. Red actions are ones that are attempted but that fail
because their material preconditions are not all met in the world state where they are
attempted.

Figure 3.4. The algorithm for the HEADSPACE planner that integrates intentionality and
observability.
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Figure 3.5. A schematic representation of the planning process for a problem in
HEADSPACE. In the figures above, squares with white backgrounds indicate actions in the
plan, while squares with gray backgrounds indicate world states in the plan. Rectangles
indicate character plans that are held as part of intentions in some world states. Insets
show additional plan structure for character plans labeled Pg1, Pg2, and P

′
g2

Figure 3.6. The Drink Refill plan with Teddy’s intention plans shown. The red action was
attempted but failed because the non-belief preconditions are not all met in the world state
where they are attempted. Passive sensing actions are not shown for brevity.
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Story C: Teddy FailsStory B: Sloppy Joey

Hold(Teddy, Bottle 1)

Pour-Drink(Joey, Bottle 1)

Check-Bottle-Empty(Teddy, Bottle 2)

Place-Down(Teddy, Bottle 2)

Hold(Teddy, Bottle 2)
Pour-Drink(Teddy, Bottle 1)

Serve-Drink(Teddy, Drink1)

Hold(Joey, Bottle 2)

Check-Bottle-Empty(Joey, Bottle 1)

Place-Down(Joey, Bottle 1)

Hold(Joey, Bottle 2)

Pour-Drink(Joey, Bottle 2)

Serve-Drink(Joey, Drink2)

Pour-Drink(Joey, Bottle 2)

Serve-Drink(Joey, Drink2)

Hold(Teddy, Bottle 1)

Pour-Drink(Teddy, Bottle 1)

Serve-Drink(Teddy, Drink1)

Hold(Joey, Bottle 1)

Pour-Drink(Joey, Bottle 2)

Story A: Everyone Succeeds

Pour-Drink(Teddy, Bottle 2)

Story C: Teddy FailsStory B: Sloppy Joey

Hold(Teddy, Bottle 1)

Pour-Drink(Joey, Bottle 1)

Check-Bottle-Empty(Teddy, Bottle 2)

Place-Down(Teddy, Bottle 2)

Hold(Teddy, Bottle 2)
Pour-Drink(Teddy, Bottle 1)

Serve-Drink(Teddy, Drink1)

Hold(Joey, Bottle 2)

Check-Bottle-Empty(Joey, Bottle 1)

Place-Down(Joey, Bottle 1)

Hold(Joey, Bottle 2)

Pour-Drink(Joey, Bottle 2)

Serve-Drink(Joey, Drink2)

Pour-Drink(Joey, Bottle 2)

Serve-Drink(Joey, Drink2)

Hold(Teddy, Bottle 1)

Pour-Drink(Teddy, Bottle 1)

Serve-Drink(Teddy, Drink1)

Hold(Joey, Bottle 1)

Pour-Drink(Joey, Bottle 2)

Story A: Everyone Succeeds

Pour-Drink(Teddy, Bottle 2)

Serve-Drink(Joey, Drink2)

Hold(Teddy, Bottle 1)

Pour-Drink(Teddy, Bottle 1)

Serve-Drink(Teddy, Drink1)

Hold(Joey, Bottle 2)

Figure 3.7. The various stories that satisfy the planning problem for the extended Drink
Refill domain. Blue actions are executed by Joey; green actions are executed by Teddy.
Actions in red are failed actions. Story A is the shortest story that can be produced, Story
B has Joey failing to pour from Bottle 1, and Story C demonstrates Teddy failing to pour
from Bottle 2.

Figure 3.8. An example compilation for a planning problem with the “sometime after”
action constraint, based on the approach proposed by Bonassi et al. [9]. In this example,
the “sometime-after” constraint gets compiled away with updated operators to include
new literals as preconditions and effects, and updated goal to also include the new literals.
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Figure 3.9. The character’s intention plans and the final story plan for the ”Escape”
scenario. Steps are indicated using rounded rectangles and arcs between steps indicate
causal links, with labels on those links indicating the condition connecting the source
and sink steps. Preconditions for each action are showing immediately below the action,
and preconditions that match a character’s mistaken beliefs are shown in red. Intention
plans, those plans formed by characters indicating their intended courses of action, are
shown above with gray backgrounds. The story plan is shown below. Arrows from
the boundaries of the intention plans into the story plan indicate the span of the story
during which the Agent character holds the intention plans. Numbers in each step are for
reference, and story plan steps contain both reference numbers and parenthetical numbers
linking each step to its origin in an intention plan. Once Step 8 in the story plan fails, the
character’s beliefs about the West Door being locked are revised, the character’s intentions
are replanned, and Intention Plan 2 is adopted and added to the story plan.
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Figure 3.10. The QKS generated for the escape scenario. As in Figure 2.1, arcs labeled with
”R” are reason arcs, ”O” are outcome arcs, ”C” are consequence arcs, and ”I” is the initiate
arc. The initial states are included to provide consequence arcs for causal links relying on
the initial state of the domain and are shown in dotted lines solely to aid in making the
diagram easier to read.



CHAPTER 4

EVALUATION

In the previous chapter, we described the HEADSPACE planner, which can produce

plots where characters fail when attempting an action with an incorrect belief. The plan-

ner’s representation uses the physical world state and the character’s beliefs to produce

stories that account for intentionality and observability. The HEADSPACE planner can also

accept a planning problem with additional constraints about actions, failed actions, and

intent and leverage them to further constrain the stories generated.

In this chapter, we provide an evaluation of the work proposed. We first consider

an analytic evaluation in Section 4.1. In this section, we briefly provide an analytical

assessment of the claim that HEADSPACE produces stories with failed actions and increases

the expressive range of narrative planning algorithms. Sections 4.2 and 4.3 describe two

empirical evaluations, which are more comprehensive and are intended to address our

research questions more directly.

The first empirical evaluation considers the comprehension aspect of stories produced

by HEADSPACE. It concerns the research question: how can a narrative planner generate

stories where characters exhibit expressive behavior surrounding failed actions, and how

do humans comprehend them? It focuses on the plots produced by HEADSPACE and a

reader’s ability to understand the intent dynamics surrounding failed actions correctly.

This evaluation relies on the QUEST cognitive model to evaluate comprehension of the

stories produced by HEADSPACEand is described in Section 4.2.

The second empirical evaluation considers how the enhanced authorial expressivity

impacts the authoring process. It is centered around the research question: how does the

added expressivity impact the ability of authors to create plots using narrative planning

technologies? This evaluation approach studies the authorial effort required to create

stories with failed actions using an ablative study design: comparing how participants
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with access to different levels of authorial expressivity perform on a task to construct plots

with specific properties. This evaluation has been described in Section 4.3.

4.1 Analytical Evaluation
In this dissertation, we propose an approach for narrative planning capable of pro-

ducing plot-level structures that current narrative planners do not generate. Specifically,

HEADSPACE can generate plans that allow for characters’ actions to fail, and those failures

can prompt belief revision as characters seek new ways to achieve their goals.

While there have been narrative planning approaches that use metrics drawn from

conventional planning evaluation (e.g., minimum plan length and plan cost [98]), we

argue that such metrics, used alone or as the over-riding indicator of the strength of an

algorithm, would be inappropriate. Plot lines and the plan-based structures that can be

used to characterize them are commonly not optimal or cost efficient, partly due to the

limitations of the characters performing the plot’s actions. HEADSPACE features plans

that incorporate failed actions, where characters have incorrect beliefs that might lead

them to perform actions that are not optimal for their goals. This could lead to narra-

tives that are longer than ones where the least amount of actions lead to the goal state

being achieved. Moreover, in scenes such as the example from Avengers: Endgame, metrics

such as plan length and minimum cost would not lead to such narratives. Hence, while

plan efficiency metrics are important contributors to the design of appropriate story plan

generation methods, there is value in narrative planning approaches that generate plans

with properties that would not conventionally be considered ideal.

A significant contribution of HEADSPACE is its ability to produce plans that no other

planning approach currently generates: plans where actions fail because of incorrect be-

liefs and characters subsequently correct those incorrect beliefs where possible and carry

on in pursuit of their goals. Our work differs from related efforts in several ways.

Teutenberg and Porteous [98] propose an approach that focuses on characters holding

distinct sets of beliefs to support deception. In their work, however, their planner can-

not produce plans containing action failure. Similarly, the Glaive planner [107] supports

characters holding distinct sets of beliefs about the world, and Glaive does form plans

where characters pursue subplans that, if fully executed, would not succeed (due to unan-
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ticipated conflict with other characters’ subplans). However, Glaive plans also contain no

failed actions. Plans produced by VST [96] contain subplans built using mistaken character

beliefs. Like Glaive, however, characters in VST plans always detect their mistaken beliefs

prior to attempting actions that would otherwise fail, and so they update their plans to

avoid action failure. Much like the plans produced by HEADSPACE, the plans produced

by the method defined by Christensen, Nelson, and Cardona-Rivera [19] contain failed

actions. However, their approach cannot produce plans where a character’s belief about

a proposition changes to ignorance (as happens in HEADSPACE when an action fails). As

a result, their method cannot produce plans where information-seeking behavior arises

because of action failure and subsequent actions take that plan repair into account.

While these other systems address aspects of character belief and plan/action failure,

none of them provide an integrated model producing narratives that involve characters

that have incorrect beliefs about the world, plan to take actions that they perceive to

be executable, attempt but fail at those actions, and as a result, become ignorant about

conditions in the world related to their failed action’s execution. Furthermore, while

our approach demonstrates this increased expressivity, it also generates narratives where

characters do not have distinct sets of beliefs (e.g., where all characters have complete

knowledge of the world) and, as a result, actions do not fail. This is achieved in our

approach by assigning all characters full, correct belief in the initial state and restricting the

syntax of our operators to have identical epistemic and material preconditions and effects.

In this way, a character would never have incorrect beliefs and would never include in

their plan an action whose preconditions were not materially satisfied at execution.

4.2 Empirical Evaluation 1
This section sets out an experimental methodology for evaluating plan-based story

generation that includes failed actions, and uses that methodology to evaluate a spe-

cific narrative planning knowledge representation, particularly the plans produced by the

HEADSPACE planning algorithm. In this evaluation, plan data structures are translated

into text examples and cognitive models of stories defined by cognitive psychologists.

The cognitive models support the generation of story-related question-answer pairs with

predictions on how well humans will correlate the answer and question statements. Hu-
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man participants are asked to rate pairs of questions and answers about stories based on

their comprehension, and their ratings are compared to predictions made by the cognitive

models to gauge the participants’ understanding of the underlying story structure. The

experiment demonstrates that the descriptions produced from HEADSPACE plans are un-

derstandable and effectively convey stories’ structure to readers when actions fail due to

characters’ mistaken beliefs.

To gauge reader comprehension of plan-based stories containing failed actions, we

designed an experiment that followed prior approaches used to evaluate reader compre-

hension of stories generated by planning systems [6, 75, 106]. As described above, the

experimental design borrows from cognitive psychologists’ approach to modeling nar-

rative comprehension using QUEST [40]. The QUEST cognitive model uses a representa-

tion called QUEST knowledge structures. QUEST knowledge structures (QKS) are graph

structures consisting of nodes and edges. Nodes can represent either a goal, an event,

or a state. Generated direct edges are one of four types: outcome, initiate, reason and

consequence. The QUEST cognitive model describes an evaluation approach based on

the arc distance between nodes in the graph. An arc search procedure measures the arc

distance between two nodes. The arc distance represents the degree to which people

would connect the two nodes to be related. The evaluation approach involves forming

a question-answer pair between the two nodes. Evaluation of comprehension is done by

asking study participants to rate the question-answer pair presented based on how good of

an answer the answer statement is to the question presented. The Goodness of Answer(GOA)

rating for that QA pair is calculated based on these responses, and user comprehension is

evaluated by correlating the GOA ratings and the arc distance between the QA pairs.

For the evaluation, the following hypothesis is being tested:

Hypothesis 1. If readers can comprehend the role of failed actions in stories generated by a planner,

they will rate correct answers higher than incorrect answers for comprehension questions about the

belief and intent dynamics behind failed actions in the story.

Specifically, we hypothesized that if readers were able to comprehend the role of failed

actions in stories generated by our approach, then, for questions related to those failed

actions, readers’ mean GOA ratings for Question-Answer pairs identified by QUEST as
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“better” would be higher than their mean GOA ratings for Question-Answer pairs identi-

fied by QUEST as ”worse.”

4.2.1 Example Plan and Corresponding QKS and Story Text

To demonstrate the character of belief dynamics and failed actions in HEADSPACE and

to show the connection between a HEADSPACE plan, a QKS data structure, and a textual

representation of the story they define, we used two stories in the experiment– both stories

drawn from the same Western-themed planning domain. The first problem is the Drink

Refill problem introduced in Chapter 3. The second problem, which we call the Breakout

problem, is an updated version of the example domain first described by Thorne and

Young [100]. In this section, we describe the Breakout problem: the plan we describe is

shown in Figure 4.1, the corresponding QKS is shown in Figure 4.2, and the text based on

the plan is shown in Example Text 1.

The Breakout example makes use of the following operators:

1. PICKUP, where a character picks up an object from the floor,

2. SHOOT-AT-DOOR, where a character fires a gun they’re holding at the lock of a door

to break (and unlock) the door’s lock,

3. CHECK-GUN-LOADED-F/CHECK-GUN-LOADED-T, where a character opens the cylin-

der of a revolver that they’re holding in their hand, then learns whether the revolver

is unloaded,

4. LOAD-GUN, where a character takes bullets that they’re holding and loads a gun

that’s in their hand,

5. ESCAPE, where a character opens an unlocked jail cell door and walks through it to

freedom.

For the example below, an informal sketch of the planning problem’s initial state sets

a character, Dolores, locked in a jail cell with only one exit: a locked door. Fortunately,

a deputy has foolishly left a gun and some bullets on the floor just outside Dolores’ cell,

within her reach. The goal for the story is for Dolores to be in the hallway outside her cell.
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Dolores desires to escape and be free, with the motivation for the desire being that she is

in the jail cell.

The plan for the story is shown in Figure 4.1. In the story plan, Dolores intends to shoot

the door’s lock to damage it, then open the door and escape her cell. The plan in Figure 4.1

shows the actual executed story actions, the actions that are attempted but fail, and the

actions that were intended by Dolores throughout the plan’s execution. In the world state

before the start of the plan, Dolores believes that a gun is loaded and on the floor within

her reach, bullets are also next to the gun, and the door to her jail cell is locked and closed.

Her beliefs at that time are correct except for the fact that the gun is actually unloaded.

Dolores first picks up the gun (Action 1), then pulls the trigger, intending to shoot the

door’s lock, thus unlocking it (Action 2). Because the gun isn’t loaded, the action fails. At

this point, Dolores realizes that the action failed and becomes uncertain about the beliefs

involved in the failed action’s preconditions.

In the world state after Action 2, all of the epistemic preconditions for Dolores’ exe-

cution of Action 2 have been asserted as unknown in her belief model. In HEADSPACE,

when a character attempts an action but fails, the character automatically comes to doubt

its belief in each of the failed action’s preconditions. Through sensing actions, Dolores

passively verifies that she is indeed in the jail cell, holding the gun, and the jail door is in

front of her. However, she becomes uncertain whether the gun is loaded. Dolores detects

that these new beliefs are inconsistent with her intention plan IP1, causing her to drop IP1

and form a new intention plan to first confirm that her gun is loaded and then proceed to

use it to escape. Dolores then actively seeks new beliefs about the gun’s ammo status by

checking the gun’s cylinder (Action 3). In the world state resulting from Action 3, Dolores

believes that her gun is unloaded. Having expected the gun to be loaded, Dolores detects

that her new belief is inconsistent with intention plan IP2, causing her to drop IP2 and

form a new intention plan to load her gun and then use it to escape. In Action 4, she takes

bullets from the floor; in Action 5, she uses them to load her gun. In Action 6, she fires

at the lock again. Succeeding this time, the door is now unlocked. Since Dolores believes

correctly at that point that the door is unlocked, she opens the door (Action 7) and escapes

her cell.

The example plan was used to generate a simple text-based story using a semi-automated
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process. For each action of the plan, we created a simple sentence based on a pre-defined

template for that action’s type and filled references in the template with proper names of

characters and objects used in the action. Boilerplate text describing the initial state and the

goal of the character was added to the beginning of the story. The automatically generated

story elements were then edited by hand to replace proper nouns with pronoun references

and combine independent clauses using conjunctions to increase readability. The text in

Text Example 1 shows the example story sequence generated for the Breakout story.

Example Text 1. Dolores is imprisoned inside a jail cell. She wants to escape from the jail. Just

outside of the jail cell, there lies a revolver and some bullets within her reach. Dolores walks over

and picks up the gun. She walks over to the jail door. Dolores attempts to shoot at the jail door lock

but fails. Dolores checks the revolver to see if it is loaded, and finds it unloaded. She walks over and

picks up the bullets. Dolores loads the bullets into the gun and fires again, this time successfully

breaking open the jail door. She then walks out of the jail cell and exits the jail.

In addition to generating text from the plan, the plan data structures are also used to

create a QUEST knowledge structure (QKS) for the story. The translation algorithm pro-

posed in Section 3.4 was used to accomplish this. We extended the approach by Christian

and Young [20], adapted to HEADSPACE plans by adding goal nodes characterizing the

elements of unfulfilled intention plans and the addition of failed outcome arcs for failed

events. The generated QKS for the plan in Figure 4.1 is depicted in Figure 4.2.

4.2.2 Study Design

The design of our experiment is similar to previous QUEST-based evaluation methods

but made use of HEADSPACE plans and related stories that contained action failures. In our

experiment, we first generated HEADSPACE plans that contained action failures. We then

used the translation approach described in Section 3.4 to translate the plans into QKSes. We

also converted the plans into text-based stories using a template-based approach. Using

QUEST’s arc search procedure, question-answer pairs for “Why”, “How,” and “What are

the consequences of” were generated for pairs of nodes in the QKSs. Human participants

read the stories and then answered questions requiring them to provide GOA ratings on a

4-point Likert Scale for the question-answer pairs. For this study, we focused on just those
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Why questions that involved a failed action as either the question node or the answer node

in the QKS. An example question-answer pair is provided in Example Text 2.

Example Text 2. Why did Dolores want to check the revolver? Because she failed to shoot at the

jail door lock.

We compared participant GOA ratings for nodes that QUEST rated as better answers

to participant GOA ratings for nodes that QUEST rated as worse answers. If participants

understood the relationships between the events in the stories, we would expect to see

higher participant GOA ratings for the better answers than for the worse answers.

We generated plans, stories, and QUEST representations in two different planning

problems drawn from a common Western-themed domain: the Drink Refill and the Break-

out problems. Figure 4.3 shows the ground operators used in the Breakout or Drink

Refill plans. Both problems and resulting solution plans were designed to be similar in

structure, with an identical number of actions, the second action failing, an intermediate

set of sensing/recovery actions, and then successful plan completion. Participants were

randomly assigned to one of the two generated story contexts.

4.2.3 Recruitment

Participants for this experiment were recruited using Amazon Mechanical Turk. Out

of 42 participants who completed the survey, we discarded responses from 33 participants

because they did not pass simple pre-defined comprehension check questions (provided in

Appendix B). Data from the nine remaining participants was used for this study. Mechan-

ical Turk is known for producing noisy results, as observed from other studies that have

recruited participants using MTurk for story comprehension-related tasks (e.g., [29]). For

this study, we were able to report significant results even with a relatively small number

of participants with high confidence, which was verified by a power analysis done before

running the study.

4.2.4 Results

A standard one-tailed t-test was used to compare the mean GOA rating of question-

answer pairs with an arc distance of 1 (identified as the better answers) to the mean GOA

rating of question-answer pairs with an arc distance of 3 (identified as the worse answers).
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The t-test result with 11 degrees of freedom yields t = 1.7959 with a p-value of 0.0065

(p < 0.01). The responses to question-answer pairs with an arc distance of 1 (”better”) were

rated significantly higher than responses to question-answer pairs with an arc distance of

3 (”worse”).

To provide a more fine-grained analysis, a standard one-tailed t-test was used to com-

pare mean GOA ratings for question-answer pairs with an arc distance of 1 or 2 (identified

as ”better” answers) with the mean GOA rating of question-answer pairs with an arc

distance of 3 (identified as ”worse” answers). The t-test result with 10 degrees of freedom

yields t = 1.8124 with a p-value of 0.0092 (p < 0.01). The responses to question-answer

pairs with an arc distance of 1 or 2 (”better”) were rated significantly higher than responses

to question-answer pairs with an arc distance of 3 (”worse”). The means and variances for

the conditions are reported in Table 4.1. T-tests performed to compare responses for an arc

distance of 2 against an arc distance of 3 and an arc distance of 1 against an arc distance of

2 or 3 also found some evidence (p < 0.05) of significance.

4.2.5 Discussion

The above-mentioned experiment focused on measuring readers’ comprehension of

underlying HEADSPACE plan structure. Specifically, we focused on comparing readers’

GOA ratings with QUEST ratings specifically for Why questions relating to node pairs

involving failed actions.1 The analysis clearly shows that readers rated node pairs closer

together in the QKS as better answers and node pairs farther apart as worse answers – as

predicted by the QUEST arc search procedure. These results provide strong support for

the claim that readers could understand the role of failed actions in the unfolding events

of each story, and that the corresponding HEADSPACE plan structures served as the basis

for readers’ comprehension. The results of this experiment support Hypothesis 1.

One limitation of the current study is that it only considers stories where actions fail

and then characters modify the world state to allow the failed action to be performed

successfully. In many stories with failed actions, characters drop their intentions when

actions fail and adopt new courses of action rather than repairing the world to re-attempt

1Because there is already a long history of work leveraging QUEST to evaluate plan-based plot generation,
we focused our evaluation specifically on comprehension indicators for HEADSPACE’s novel contribution:
failed actions.
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the failed action. Work by Amos-Binks [4] has shown that readers engage more in plan-

based stories where characters change their intentions. In future work, we will evaluate the

connection between reader comprehension of story structure, intention revision, mistaken

beliefs and failed actions.

Future work could also consider similarities and differences in user comprehension

in stories with no failed actions versus stories with failed actions. This could be done

by having the same planner produce two similar stories, except that one has a character

achieve their goal immediately, and one has them fail at some point, correct their failure

and then achieve the goal. If the mean QUEST goodness of answer ratings for both cases

are similar, results of such a study would strongly support that people track intentionality

in stories with failed actions in a similar fashion as they perceive stories without failed

actions.

4.3 Empirical Evaluation 2
The second research question of this dissertation focuses on understanding how effec-

tive it is for authors to create stories with failed actions. Specifically, it is imperative to

evaluate whether the added expressivity resulting from this new representational capacity

helps authors generate stories with failed actions when using a system that leverages the

HEADSPACE narrative planner.

This section describes an experiment that was conducted to understand the impact of

added expressivity on the authoring of computational narratives. The following hypothe-

sis is being tested:

Hypothesis 2. If a narrative planner that creates stories consisting of failed actions can support

authorial expressivity related to failed action constraints, then authors who use the enhanced au-

thorial expressivity can create desired stories with failed actions with lesser authorial effort than

authors who do not.

4.3.1 Example Domain: The Kitchen Domain

For this experiment, we created a new planning problem domain that people can use

for authoring multiple stories in the world. The previous domains (the Drink Refill and the

Breakout problems) were limited in the narrative choices available to a character to achieve
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their desires. We identified the following desired characteristics for the new domain:

• presence of two characters, each with a different desire,

• the two characters’ desires and respective intention plans may conflict with one

another,

• it is possible for characters to miss out on observing certain effects of actions, leading

to the formation of incorrect beliefs during the plot (in contrast to being specified in

the planning problem directly),

• characters can achieve their goal through multiple possible paths: stick to the initial

sequence, or try a different approach,

• the domain is easily understandable to participants (in contrast to the Breakout do-

main, which was Western-themed and could create ambiguities due to cultural un-

familiarity),

• the reason for the action failure is easily understandable to participants due to the

failure being something potentially common in real-life situations.

We designed a narrative planning domain that meets the above desiderata, which we

call the Kitchen domain. This domain centers around an apartment with two rooms: a

kitchen and a living room. Characters may traverse freely between the two rooms. The

kitchen has typical appliances such as a stove, refrigerator, toaster, and microwave. How-

ever, the toaster and microwave share a power outlet, and only one can simultaneously

connect to power. Two characters, Teddy and Poppy, share this space. Teddy’s desire is to

heat up and eat soup, which can be heated up using the microwave or the stove. Poppy’s

desire is to heat up and eat bread, which can only be heated using the toaster.

The domain uses ten operators, with the definitions provided in Figure 4.4.:

• WALK, where a character walks from one room to another,

• DISCONNECT, where a character disconnects either the microwave or the toaster

from the power outlet,

• CONNECT, where a character connects either the microwave or the toaster to the

power outlet,
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• TOAST, where a character uses the toaster to heat the bread,

• HEAT-WITH-MICROWAVE, where a character uses the microwave to heat the soup,

• HEAT-WITH-STOVE, where a character uses the stove to heat the soup,

• CHECK-OUTLET, where a character checks the status of the power outlet to see what

is plugged in,

• EAT, where a character eats the heated food,

• SWITCH-CONTAINER, where a character transfers the soup between a microwave-

safe bowl and a cooking pot, and

• REMOVE-FROM-FRIDGE, where a character can remove the food item from the refrig-

erator if it is stored in the refrigerator.

In this domain, the characters can passively sense everything about the world except

for the appliance being powered by the power outlet, which needs to be actively sensed by

performing the CHECK-OUTLET action. Moreover, characters can develop incorrect beliefs

about the appliance connected to the power outlet if they are not in the room when a

different character connects/disconnects an appliance during the story. Due to this, it is

possible to craft narratives in this world, where, for example, while both Teddy and Poppy

have correct beliefs initially, if one of them is not in the kitchen when the other changes

the appliance plugged into the power outlet, and then one of them can fail in their attempt

to heat the food through the appliance of their preference due to their incorrect beliefs.

There are multiple failed actions possible in the planning problem, and in this experiment,

we allow users to modify parts of the planning problem to play with the constraints and

generate different stories.

4.3.2 Plot Construction Tool

The HEADSPACE planner described in this dissertation uses a PDDL-like syntax for

problem specification. To allow participants to use the planner easily, there was a need

for an interface that allowed them to easily express their constraints, run the planner, and

view the generated plans without working with the technical PDDL-like syntax. For the

purpose of the experiment described here, we built a plot construction tool.
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This plot construction tool was built as a React app [28], allowing people to interact

with the problem domain and the HEADSPACE planner in a web browser using a simplistic

yet familiar design. This tool lets users specify beginning, ending and enhanced authorial

constraints through tabs and various dropdowns. To streamline the tutorial and focus on

evaluating the hypothesis, we decided to limit users’ expressivity over the domain. Users

of the tool cannot modify the world frame, operators, or character desires of the planning

problem. Users can specify the initial state and authorial goals. They also have access to

the specification of beliefs for characters. They can also specify any enhanced authorial

constraints. Users can click a button to send the constraints to the planner– the planner

uses this new planning problem to generate a plan, which is displayed in a list form in

the tool. Users can ask the system to generate more stories for the same planning problem

or change the constraints to restart the planning process. Since the experiment uses an

ablative study design, users may see different levels of functionality available to them

depending on the study group they are assigned to.

The plot construction tool also guides users on the tasks during the experiment. The

task description can include tips on new features and several task objectives with true/-

false feedback on whether they satisfied each objective of a task.

Based on an informal pilot study of 8 participants, we made many changes to the tool

iteratively to tweak elements of the interface and the tasks for clarity to the users. Some of

these changes are described below:

• We reduced the number of dropdowns available to users by combining logically

connected literals [5]. For example, instead of having users work with two separate

literals “at Teddy Kitchen” and “at Teddy LivingRoom,” which could lead to incon-

sistencies, we condensed them into one dropdown representing Teddy’s location.

• Some users unfamiliar with working with computational logic found the True/ False

specification difficult. Based on feedback, we simplified the terminology to Yes/No.

Similarly, we changed the vocabulary used throughout the tool for simplification

(e.g., changing wording from “Generate Story” to “Create Story,” and more minor

changes).

• Users tended to skip or gloss over reading the task description and focus on the task
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objectives. Based on feedback from the pilot study, we introduced tips in the tasks

when necessary, with visual cues to guide their attention to new features they may

have glossed over.

• We limited the action constraints to sometime and sometime after to streamline the

process of allowing users to specify constraints without overloading them with too

many choices. We also renamed sometime to at some point based on feedback.

Figure 4.5 shows the final version of the user interface of the plot construction tool.

Figure 4.6 demonstrates the process of specifying an action constraint in the tool.

4.3.3 Study Design

The study design uses various quantitative measures to capture aspects of “authorial

effort” in a specific plot construction task. Participants used the narrative planner to create

a story where characters start with correct beliefs and fail when attempting an action. In

this experiment, participants were provided with a user interface tool for plan creation

that had the planning algorithm in the back end. Participants were trained to work with

a narrative planner to create stories. After teaching them about the domain, the user

interface, and all the features available, they were asked to use the tool in specific ways to

create stories with particular properties. The complete study process is described below.

At the beginning of the study, participants were assigned to one of three groups, with

each group representing a level of expressivity available to them:

• Highly limited expressivity: Participants will only be able to specify beginning and

ending constraints, and ask the planner to regenerate different plans

• Limited expressivity: Participants have the expressivity in the above condition, with

the added ability to specify actions they would like to see in the final plan, and

pairwise orderings for the actions

• Full expressivity: Participants have access to all features from the above conditions,

but also added the ability to specify failed actions and intent dynamics surrounding

failed actions

Once participants are assigned a group, they watch a 3-minute video that provides an

overview of the model of narratives used in narrative planning and a description of how
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to use the tool. The participants then read a domain description and perform training

tasks. Each task involves participants creating stories with certain beginnings, endings, or

actions during the story– similar to plot construction tasks in Storyteller [8]. Participants

are allotted up to five minutes per training task and can ask for assistance at any time if

they are confused. Moreover, to keep them on track to progress, for any training task that

took the participant more than three minutes, the PI would give them a hint or if needed,

guide them with the knowledge that the particular task was trying to convey.

The learning outcomes that were the focus of the various training tasks are briefly sum-

marized in Table 4.2. The purpose of the training tasks was to ensure that all participants’

familiarity with the user interface and the planning domain were on the same baseline. The

study design for the evaluation assumes that participants have some degree of familiarity

with the story domain and working with a narrative planning tool, which is done using

the training tasks. An example training task is provided below for reference:

Example Text 3. (Task 1) Stories have a beginning and ending. Find a story where Teddy starts

in LivingRoom, goes to the Kitchen, heats up the soup, and eats the soup.

Task Objectives:

• Teddy starts in the Living Room.

• Soup is not heated up initially.

• Teddy heats up the soup in the created story.

• Teddy eats the soup in the created story.

After completing all the training tasks in their study group, participants were instructed

to perform the final task and informed that they had up to 15 minutes to complete it. The

description for the task, along with the task objectives, are provided below (the same text

was used across all three groups):

Example Text 4. (Task 11) Use all you have learnt to create a story with both Poppy and Teddy

achieving their goals, and Teddy failing to use the Microwave at some point. Teddy and Poppy

cannot start with incorrect beliefs. Specifically, create a story where Teddy enters the Kitchen after
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Poppy disconnects the microwave and fails to use the microwave initially because he still believed

the microwave was plugged in.

• Everyone correctly believes the Microwave is powered initially.

• Both Soup and Bread are not heated up initially.

• Teddy is not in the Kitchen in the beginning of the story.

• Poppy eats the Bread in the story.

• In the story, Teddy (initially) attempts and fails to heat the Soup using the Microwave.

• Teddy finally eats the soup in the story.

For the final task, we controlled PI intervention to a fixed statement, reminding them to

consider all the elements of the interface and informing them about how much time they

had.

Upon finishing the final task, participants answered a set of survey questions provided

in Table 4.3. The wording of the text is based on the evaluation surveys used in related

work [57, 58]. The first question, Q1, is an open-ended question, allowing participants

to reflect on the tool and express their thoughts qualitatively. Questions Q2 through Q5

are designed to gauge their experience with the tool. These questions are not part of

the research question being studied but allow participants to specifically focus on their

experience during the final task when answering questions Q6 through Q8. We consider

questions Q6 through Q8 as questions aimed at understanding authorial effort: Q6 con-

siders the perceived difficulty of the authoring task, Q7 considers perceived effort, and Q8

considers the perceived level of authorial control over the planner. Finally, questions Q9

and Q10 are demographic questions to understand further the population used for this

experiment.

4.3.3.1 Recruitment

The hypothesis focuses on narrative authoring tasks. Hence, we considered novice

storytellers as a criterion for inclusion. Participants were recruited from a pool of students

at the University of Utah enrolled in a class titled “Storycrafting for Games,” which had a

class size of roughly 60 students. All students had some exposure to working with stories
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as part of the course (although all participants did not have experience with creating stories

specifically). Students participated in the study for credit in the course. However, stu-

dents had a choice between participating in the research study or performing another task

equivalent in terms of time spent to receive credit. The study was conducted in-person:

students could sign up to participate over three weeks. A preliminary power analysis led

us to aim to recruit at least thirty subjects for the study: we received thirty-six participants.

However, we discarded data from four participants due to language barriers and learning

impairments we could not support during the experiment.

4.3.4 Results

For this study, the independent variable was the condition that users were assigned to,

i.e., the degree of expressivity authors had when using a computational narrative planning

approach. The dependent variables were metrics that measure authorial effort in perform-

ing the task. To capture “authorial effort,” we decided to use multiple measures that can

capture aspects of what can be considered as authorial effort in a narrative planning task:

1. We used task completion time as one possible metric of gauging efficiency in an

authoring task [2].

2. We also tracked participant actions in the tool during the task, and considered the

number of story generation requests made as another measure of effort: if an author

needs to make more edits or requests to get to a story with specific properties, there

is more authorial effort.

3. Finally, we also considered self-reporting measures: participants’ perception of how

much effort it took to produce the story in the task.

4.3.4.1 Task Completion Data

Table 4.4 provides an overview of the participant numbers. In the Highly Limited

Expressivity group, 4 out of 12 participants could not complete the task within the time

limit, and their data was not used in the analyses. We believe it is challenging to produce

stories that meet the objectives when it is not possible to specify constraints about the

actions desired in the stories. Moreover, we designed this task specifically so that the story

was not the first-generated plan produced by the planner unless the action constraints
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guided the planner to do so. In other words, participants in this group could only generate

the desired story by asking the planner for more stories with the same specifications using

the “Create Another Story” button. The qualitative data suggests that participants tended

to think they had incorrect specifications rather than consider that the system failed to

produce a story of their choice on its first attempt.

In the Limited Expressivity group, 2 out of 10 participants could not complete the task.

Upon looking at the data, there are multiple possible factors in play. First, without the

ability to specify failed actions directly, participants in the Limited Expressivity group

still need to explicitly specify actions in an order that leads to inconsistent beliefs and

the resulting failed action. Participants need to mentally track how they will produce

the inconsistent belief, which could be challenging depending on the complexity of the

domain. Second, the most direct way to produce the story involves using the sometime

after action constraint. Participants in this group only had one training task that intro-

duced action constraints to them, and they were not required to use the sometime after

constraint specifically in that task. The task design could have contributed to them being

less comfortable with the action constraints than the participants in the Full Expressivity

Group. Finally, when enhanced authorial constraints are provided, the planner takes

significant time to compute a plan. Looking at the computation time shows multiple

instances where, cumulatively, the planner spent 6 minutes computing plans. With the

inability to directly specify the failed action constraint, the participants in this constraint

had to make more requests to the planner for a plan, and had less time to work on the task

given the significant time spent waiting for a story to generate.

For the participants that completed the final task, we now perform analyses on various

measures to find if there was a statistically significant correlation between the level of au-

thorial expressivity and the authorial effort to produce plots with failed actions. Table 4.5

provides an overview of the measures considered, the mean values for each measure by

group, and the statistical tests used. We define each measure and describe the results

below.
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4.3.4.2 Task Completion Time

The task completion time was computed using telemetry data. This is the time the

participant took to perform the final task, from the point they clicked on the task button

to the point that they clicked on the “Create Story” button that resulted in a story that met

the task objectives.

A one-way ANOVA was performed to compare the effect of authorial expressivity

on the task completion time. It revealed a statistically significant difference in the task

completion time between at least two groups (F(2, 23) = 6.599, p = 0.005).

Tukey-Kramer’s Test for multiple comparisons found that the mean values of task

completion time were significantly different between Highly Limited Expressivity and Full

Expressivity (p = 0.008, 95% C.I. = [8.339E-4,5.887E-3]), and Limited Expressivity and Full

Expressivity (p=0.0277, 95% C.I. = [2.769E-3,5.33E-3]).

There was no statistically significant difference between Highly Limited Expressivity

and Limited Expressivity (p=0.8605).

4.3.4.3 Task Completion Time Without Computation

The above metric for task completion time includes computation time for stories that

did not meet task objectives. During these time segments, participants can still change the

constraints or think about the task, but cannot request a story with the updated constraints

until the planner completes computing a story. Hence, while the above metric accounts

for time that participants may have spent thinking about the task, it overlooks that the

computation time was not something the participants had control over.

We consider an additional metric, which we call Task Completion Time Without Com-

putation. This metric deducts all computation time from the task completion time using

the telemetry data.

A one-way ANOVA was performed to compare the effect of authorial expressivity

on the task completion time without computation. It revealed a statistically significant

difference in the task completion time between at least two groups (F(2, 23) = 8.378, p =

0.00184).

Tukey-Kramer’s Test for multiple comparisons found that the mean value of task com-

pletion time was significantly different between Highly Limited Expressivity and Full
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Expressivity (p = 0.00126, 95% C.I. = [9.911E-4, 4.122E-3]).

There were no statistically significant differences between Highly Limited Expressivity

and Limited Expressivity (p=0.078), and Limited and Full Expressivity (p=0.236).

4.3.4.4 Number of Story Generation Attempts

In addition to capturing time for the task, a measure to understand authorial effort can

also be gauged from the number of interactions they make with the planner. We consider

the number of times participants clicked on the “Create Story” button as another measure

of gauging effort to produce a desired plot.

As alluded to earlier, participants in the Highly Limited Expressivity group cannot

generate the desired story in one attempt due to the design of the task. Participants in

the other groups are capable of generating the desired story in one attempt, but may not

necessarily be successful if they are unable to use the enhanced expressivity effectively.

While one may argue that measuring the difference in the number of story generation

attempts is tautological, we attempt to experimentally verify this by performing a test for

statistical significance.

The variances for the three groups for this measure were not equal, violating the as-

sumption of equal variance made by the ANOVA test. Due to this, we performed a

Kruskal-Wallis test, a non-parametric version of the one-way ANOVA test. The Kruskal-

Wallis test is robust to different sample sizes and unequal variances.

The Kruskal-Wallis Test revealed that the number of story generation attempts was

statistically different among the three groups(H=14.632, p = 5.062E-4, df = 2).

Nemenyi’s Test for multiple comparisons found that the mean value of the number of

story generation attempts significantly differed between Highly Limited Expressivity and

Full Expressivity (p = 4.786E-4).

4.3.4.5 Self-Reported Measures

Participants self-reported their perceived difficulty, effort, and level of control for the

final task in a survey after completing it. We report results for the three survey questions in

Table 4.5. For all these measures, since the survey responses were Likert-scale responses,

we use a ranked ANOVA test to check for statistical significance, which is recommended

when working with ordinal data.
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• Perceived difficulty. This measure relates to how strongly participants agree with

the statement “I found it easy to create the story for the final task”. We used the

ranked ANOVA test with this measure because the data is ordinal.

A one-way ranked ANOVA test revealed no statistically significant differences among

the three groups on how they rated the difficulty of the final task (p = 0.189).

• Perceived authorial effort. This measure relates to how strongly participants agree

with the statement “I was able to create stories for the final task without unnecessary

effort.”

A one-way ranked ANOVA test revealed statistically significant differences among

the perceived authorial effort for participants between at least two groups (p = 0.036).

A ranked pairwise test found that the mean value of perceived authorial effort sig-

nificantly differed between Highly Limited Expressivity and Full Expressivity (p =

0.03).

There were no statistically significant differences between Highly Limited Expressiv-

ity and Limited Expressivity (p=0.87), and Limited and Full Expressivity (p=0.22).

• Perceived authorial control. This measure relates to how strongly participants agree

with the statement “I felt a sense of control over the stories created for the final task.”

A one-way ranked ANOVA test revealed no statistically significant differences among

the three groups on how they rated the difficulty of the final task (p = 0.464).

4.3.4.6 Additional Data Collected

We asked the participants questions about their experience using the tool for two pri-

mary reasons: (1) to allow them to distinguish between their impressions of the tool and

their experience with plot construction in the final task, and (2) to ensure that the general

experience with the tool was positive enough for the tool to not cause any bias in the

results. We present the means for their responses on Q2 through Q5 in Table 4.6. It is

important to note that the means for all the questions across all groups are more than 3,

which corresponds to the Neutral option in the Likert scale. This data shows that the

plot construction tool did not hamper the participants’ experience in using the narrative

planner.
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As part of the survey, we also collected demographic information from the participants

to gain a deeper level of understanding about their experience with storywriting and their

interests. We present a report of their experience with creating stories in Figure 4.7. The

participants were all registered for the Storycrafting for Games course, a class taught in the

Games department of the university. We also asked them about their interests in game

development roles, which has been reported in Table 4.7.

4.3.5 Discussion

Table 4.8 summarizes the statistically significant results for each pairwise compari-

son. From the data collected, evidence strongly suggests that participants with access

to the complete set of expressivity features could complete the final plot construction

task with less authorial effort than participants with limited access to the expressivity

features. This evidence suggests that, if we provide the users of narrative planning al-

gorithms with enhanced authorial expressivity abilities, they are much more effective at

using the HEADSPACE planning system to create stories with failed actions. This supports

Hypothesis 2.

We believe that the effect size for the Limited Expressivity could have been signifi-

cant with more training for participants. The current study design yielded statistically

significant differences surrounding the Limited Expressivity group in only one measure:

task completion time. Upon looking at the telemetry data and the qualitative responses

to Q1, we observe that the Limited Expressivity group participants did not have enough

time to acquaint themselves well enough with the action constraint abilities available to

them. They only had one tutorial task that allowed them to access the enhanced authorial

constraints, compared to three tutorial tasks for the Full Expressivity group. Moreover,

the tutorial tasks did not explicitly force them to learn all the action constraints (“At some

point” and “Sometime after”). However, one of the logical approaches to the final task

for this group involved using the “Sometime after” constraint to force the planner to find

stories where Teddy enters the kitchen after Poppy disconnects the microwave from the

power outlet. The participants in this group did not have the ability to directly specify

the planner to find a story with the failed action using the “At some point” constraint. We

believe it is possible to have seen a more significant effect size if we had designed more
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tutorial tasks to train participants to use the “Sometime after” action constraint separately.

One limitation of this experiment is that, while the Full Expressivity group had access

to the expression of intent-related constraints on action failure, the final task did not ex-

plicitly require them to use them. Upon looking at the telemetry data for the final task,

we observed that 2 participants used intent constraints in the final task. We believe that

a comprehensive evaluation of intent-related constraints might be needed to understand

how they can be used effectively to guide automated planning techniques to produce

stories where characters exhibit specific behaviors upon failing an action. Moreover, we

believe that the tutorial tasks were unable to communicate the mechanics of intent con-

straints to participants elaborately. A significant proportion of participants in the Full

Expressivity condition had questions about the intent constraints, especially their presence

only concerning failed actions. We believe that intent constraints might require a deeper

understanding of the narrative model used by computational models of narrative.

4.4 Summary
In this chapter, we evaluated the dissertation’s contributions in three ways. First,

we provided a brief analytic evaluation showcasing how HEADSPACE expands upon

the expressive range of stories that current narrative planning technologies can generate.

Second, we studied user comprehension of the produced stories with failed actions to

evaluate whether readers can comprehend the intentionality behind the failed actions

accurately. The study found that people accurately track the beliefs and intentions of char-

acters in computationally produced stories and can effectively comprehend the belief and

intent dynamics surrounding failed actions. Finally, we evaluated whether the enhanced

authorial expressivity contributions of the HEADSPACE planner influence the authoring

process for creating plots with failed actions. The results of this experiment validated that

novice storytellers are able to use action constraints effectively and failed action constraints

to guide the HEADSPACE planner to create stories with failed actions.
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Figure 4.1. The HEADSPACE plan from the Breakout domain. In this figure, time flows
from left to right. Actions attempted by the character in the story are shown across the
bottom of the figure using rounded rectangles and numbered 1 to 7. For preconditions
and effects of each action, refer to Figure 4.3. Action 2, shown in red, is attempted but fails
because its non-belief preconditions are not all met in the world state where it is attempted.
The three intention plans held by the character during the course of the story are shown in
gray rectangles above the plan’s actions, along with an indicator showing the interval of
story actions during which they are held.
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Figure 4.2. The QKS corresponding to the plan in Figure 4.1. Rounded rectangle indicate
event nodes. Skewed rectangles indicate state nodes. Diamonds indicate goal nodes. Arcs
from one node to another are labeled with one of the QUEST relationship types showing
in Table 2.1.



108

Pickup(?character, ?item, ?loc) Place-Down(?character, ?item, ?loc) Check-Bottle-Empty-T(?character, ?bottle) Escape(?character, cell, street)
PRE-T at(?character, ?loc) PRE-T holding(?character, ?item) PRE-T holding(?character, ?bottle) PRE-T at(?char, cell)

in(?item, ?loc) at(?character, ?loc) empty(?bottle) PRE-F locked(door)
PRE-F has(?character, ?item) PRE-F in(?item, ?loc) PRE-B+ holding(?character, ?bottle) PRE-B+ at(?char, cell)
PRE-B+ at(?character, ?loc) PRE-B+ holding(?character, ?item) PRE-U empty(?bottle) PRE-B- locked(door)

in(?item, ?loc) at(?character, ?loc) EFF-B+ empty(?bottle) EFF-T at(?char, street)
PRE-B- has(?character, ?item) PRE-B- in(?item, ?loc) EFF-F at(?char, cell)
EFF-T has(?character, ?item) EFF-T in(?item, ?loc) Check-Bottle-Empty-F(?character, ?bottle) EFF-B+ at(?char, street)
EFF-F in(?item, ?loc) EFF-F holding(?character, *) PRE-T holding(?character, ?bottle) EFF-B- at(?char, cell)
EFF-B+ has(?character, ?item) EFF-B+ in(?item, ?loc) PRE-F empty(?bottle)
EFF-B- in(?item, ?loc) EFF-B- holding(?character, *) PRE-B+ holding(?character, ?bottle) Shoot-at-Door(?character, ?loc)

PRE-U empty(?bottle) PRE-T at(?character, ?loc)
Load-Gun(?character, bullets) Hold(?character, ?item, ?loc) EFF-B- empty(?bottle) has(?character, gun)
PRE-T has(?character, gun) PRE-T at(?character, ?loc) loaded(gun)

has(?character, bullets) in(?item, ?loc) Pour-Drink(?character, ?bottle, ?glass) in(door, ?loc)
PRE-F loaded(gun) PRE-F holding(?character, *) PRE-T holding(?character, ?bottle) PRE-B+ at(?character, ?loc)
PRE-B+ has(?character, gun) PRE-B+ at(?character, ?loc) empty(?glass) has(?character, gun)

has(?character, bullets) in(?item, ?loc) PRE-F empty(?bottle) loaded(gun)
PRE-B- loaded(gun) PRE-B- holding(?character, *) PRE-B+ holding(?character, ?bottle) in(door, ?loc)
EFF-T loaded(gun) EFF-T holding(?character, ?item) empty(?glass) EFF-F locked(door)
EFF-B+ loaded(gun) EFF-B+ holding(?character, ?item) PRE-B- empty(?bottle) EFF-B- locked(door)

EFF-T empty(?bottle)
Check-Gun-Loaded-T(?character) Check-Gun-Loaded-F(?character) EFF-F empty(?glass)
PRE-T has(?character, gun) PRE-T has(?character, gun) EFF-B+ empty(?bottle)

loaded(gun) PRE-F loaded(gun) EFF-B- empty(?glass)
PRE-B+ has(?character, gun) PRE-B+ has(?character, gun)
PRE-U loaded(gun) PRE-U loaded(gun)
EFF-B+ loaded(gun) EFF-B- loaded(gun)

Figure 4.3. Operators that were part of the Western Domain. These operators form the
plan for the Breakout and Drink Refill problems within the domain.

Walk(?character, ?from, ?to) Toast(?character) Disconnect(?character, ?appliance) Connect(?character, ?appliance)
PRE-T at(?character, ?from) PRE-T at(?character, Kitchen) PRE-T at(?character, Kitchen) PRE-T at(?character, Kitchen)
PRE-F at(?character, ?to) plugged-in(Toaster) plugged-in(?appliance) outlet-empty
PRE-B+ at(?character, ?from) PRE-F heated(Bread) PRE-F outlet-empty PRE-F plugged-in(Microwave)
PRE-B- at(?character, ?to) eaten(Bread,*) PRE-B+ at(?character, Kitchen) plugged-in(Toaster)
EFF-T at(?character, ?to) in-fridge(Bread) plugged-in(?appliance) PRE-B+ at(?character, Kitchen)
EFF-F at(?character, ?from) PRE-B+ at(?character, Kitchen) PRE-B- outlet-empty outlet-empty
EFF-B+ at(?character, ?to) plugged-in(Toaster) EFF-T outlet-empty PRE-B- plugged-in(Microwave)
EFF-B- at(?character, ?from) PRE-B- heated(Bread) EFF-F plugged-in(?appliance) plugged-in(Toaster)

eaten(Bread,*) EFF-B+ outlet-empty EFF-T plugged-in(?appliance)
HeatWithMicrowave(?character, ?bowl) in-fridge(Bread) EFF-B- plugged-in(?appliance) EFF-F outlet-empty
PRE-T at(?character, Kitchen) EFF-T heated(Bread) EFF-B+ plugged-in(?appliance)

plugged-in(Microwave) EFF-B+ heated(Bread) SwitchContainer(?character, ?container1, ?container2) EFF-B- outlet-empty
contained(Soup, ?bowl) PRE-T contained(Soup, ?container1)

PRE-F heated(Soup) CheckOutletMicrowave-T(?character) PRE-F contained(Soup, ?container2) HeatWithStove(?character, ?pot)
eaten(Soup, *) PRE-T plugged-in(Microwave) eaten(Soup,*) PRE-T at(?character, Kitchen)
in-fridge(Soup) PRE-U plugged-in(Microwave) PRE-B+ contained(Soup, ?container1) contained(Soup, ?pot)

PRE-B+ at(?character, Kitchen) EFF-B+ plugged-in(Microwave) PRE-B- contained(Soup, ?container2) PRE-F heated(Soup)
plugged-in(Microwave) EFF-B- plugged-in(Toaster) eaten(Soup,*) eaten(Soup, *)
contained(Soup, ?bowl) outlet-empty EFF-T contained(Soup, ?container2) in-fridge(Soup)

PRE-B- heated(Soup) EFF-F contained(Soup, ?container1) PRE-B+ at(?character, Kitchen)
eaten(Soup, *) CheckOutletMicrowave-F1(?character) EFF-B+ contained(Soup, ?container2) contained(Soup, ?pot)
in-fridge(Soup) PRE-T plugged-in(Toaster) EFF-B- contained(Soup, ?container1) PRE-B- heated(Soup)

EFF-T heated(Soup) PRE-U plugged-in(Microwave) eaten(Soup, *)
EFF-B+ heated(Soup) EFF-B+ plugged-in(Toaster) RemoveFromFridge(?character, ?food) in-fridge(Soup)

EFF-B- plugged-in(Microwave) PRE-T at(?character, Kitchen) EFF-T heated(Soup)
Eat(?character, ?food) outlet-empty in-fridge(?food) EFF-B+ heated(Soup)
PRE-T heated(?food) PRE-B+ at(?character, Kitchen)
PRE-F eaten(?food, *) CheckOutletMicrowave-F2(?character) in-fridge(?food)

in-fridge(?food) PRE-T outlet-empty EFF-F in-fridge(?food)
PRE-B+ heated(?food) PRE-U plugged-in(Microwave) EFF-B+ in-fridge(?food)
PRE-B- eaten(?food, *) EFF-B+ outlet-empty

in-fridge(?food) EFF-B- plugged-in(Microwave)
EFF-T eaten(?food, ?character) plugged-in(Toaster)
EFF-B+ eaten(?food, ?character)

Figure 4.4. The operators that are defined as part of the Kitchen domain. Note that some
literals have been condensed: for example, the literal eaten(Soup, *) uses the * as a wildcard
to signify all possible values in its place. Also note that observability and failed actions are
not displayed in the operator definitions presented above.
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Figure 4.5. A screenshot of the plot construction tool. Task objectives are visible in the top
right. Users can specify constraints in the left pane with Beginning/Actions/Ending tabs.
They can click on the blue Create Story button and the generated plot is visible as a list in
the right pane.
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Figure 4.6. A screenshot demonstrating the interface for action constraints. Users can
specify the kind of constraint (At some point or Sometime After), and then can select an
action from the dropdown menu. Users can also type to search for a specific action. Users
can click on the settings icon to add an intent constraint.
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Figure 4.7. Distribution of self-reported demographic information about participants
regarding their experience with creating stories.
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Table 4.1: Mean Goodness of Answer (GOA) ratings (and standard deviations) for
Question/Answer pairs containing action failures.

Responses with
arc distance
of 1

Responses with
arc distance
of 1 or 2

Responses with
arc distance
of 3

3.1111 (0.673) 3.0377 (0.6908) 2.1111 (0.861)

Table 4.2: Learning outcomes for the tutorial tasks that participants performed as part of
training. Tasks 1-7 were completed by all groups. Task 8 was completed by the limited
and full expressivity groups, since only these groups can specify action constraints. Tasks
9 and 10 were only completed by participants in the Full Expressivity group.

Task Number Learning Outcomes for Tutorial Task Groups
1 Beginning and Ending Constraints,

Teddy’s desires
All groups

2 Poppy’s desires distinct from Teddy’s
desires

All groups

3 Alternate plans to achieve same goals,
Generating multiple stories for same
problem

All groups

4 Generating multiple stories for same
problem

All groups

5 Specifying character beliefs, Generating
stories with failed actions

All groups

6 Generating stories with different behav-
iors upon failed action (persist/substi-
tute)

All groups

7 Changing ending constraints to create
story where character does not pursue
goal after failing an action (drop)

All groups

8 Specifying action constraints Limited + Full Expressivity
9 Specifying failed action constraints Full Expressivity
10 Specifying intent constraints Full Expressivity
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Table 4.3: Survey questions used for the experiment described in Section 4.3. Question
Q1 is open-ended and questions Q2 through Q8 are 5-point Likert-Scale questions.

Code Question Text
Q1 What was your overall impression of this tool?
Q2 I found this tool easy to use to create stories.
Q3 I was able to use this tool to create stories without

unnecessary effort.
Q4 I felt a sense of control over the stories created using

the tool.
Q5 I found the tool fun to use.
Q6 I found it easy to create the story for the final task.
Q7 I was able to create stories for the final task without

unnecessary effort.
Q8 I felt a sense of control over the stories created for the

final task.
Q9 How much experience do you have with creating sto-

ries?
Q10 What game development role(s) do you identify with?

Table 4.4: Participant task completion data by group.

Group Total number
of participants

Participants that
completed the final task

Highly Limited Expressiv-
ity

12 8

Limited Expressivity 10 8
Full Expressivity 10 10
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Table 4.5: Measures and tests used for gauging if authorial expressivity was correlated
with authorial effort. The bolded measures represent that they produced statistically
significant results.

Measure
Means

Statistical Test
Used

Highly
limited
expres-
sivity
(n=8)

Limited
expres-
sivity
(n=8)

Full
Expres-
sivity
(n=10)

Task Completion Time
(sec)

472 424 181
One-way
ANOVA

Task Completion Time
without all computation
time (sec)

395 265 175
One-way
ANOVA

Number of story genera-
tion attempts

10 5.124 1.4
Kruskal-Wallis
Test

Perceived Difficulty (Q6) 3.43 3.78 4.3
Ranked
ANOVA

Perceived Authorial Ef-
fort (Q7)

3.71 3.78 4.44
Ranked
ANOVA

Perceived Authorial Con-
trol (Q8)

3.57 4 4.2
Ranked
ANOVA

Table 4.6: Mean values by study group for the survey questions that were related to
participants’ experience with the plot construction tool.

Highly Limited Limited Full Expressivity
Q2 I found this tool easy to use to
create stories.

4 4.22 3.8

Q3 I was able to use this tool to cre-
ate stories without unnecessary ef-
fort.

3.86 3.77 3.8

Q4 I felt a sense of control over the
stories created using the tool.

4 4.22 3.6

Q5 I found the tool fun to use. 4.43 4 4
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Table 4.7: Participant responses to Q10, a demographic question to capture participant’s
interests.

Q10 What game development
role(s) do you identify with?

Number of participants (N=26)

Game Designer 15
Narrative Designer 11
Producer 11
Artist 8
Level Designer 7
Tech Artist 3
Animator 2
Engineer 2
Games User Researcher 2
Other 2

Table 4.8: Table summarizing the results of the statistical analyses for each pairwise
combination of the three study groups.

Highly Limited
vs Limited

Limited vs Full Highly Limited
vs Full

Task Completion
Time

No Yes (p <0.05) Yes (p <0.01)

Task Completion
Time without
Computation

No No Yes (p <0.01)

Number of story gen-
eration attempts

No No Yes (p <0.01)

Q6 Perceived Diffi-
culty

No No No

Q7 Perceived Autho-
rial Effort

No No Yes (p <0.05)

Q8 Perceived Control No No No



CHAPTER 5

CONCLUSION

This dissertation described work in computational narrative generation that focused

on how narrative planning approaches can be used to produce stories consisting of belief-

based failed actions. In this chapter, we summarize our contributions in Section 5.1, and

then discuss limitations and possible directions for future work in Section 5.2

5.1 Contributions
In this dissertation, we contributed to narrative planning related to the construction of

stories where characters fail at an action when they have incorrect beliefs about the world.

First, we proposed a novel algorithm that operates on a knowledge representation consist-

ing of a world model alongside character beliefs about that world. The HEADSPACE plan-

ning algorithm generates plots where a character-level planner ensures that characters act

with intent on possibly incorrect beliefs, and a global-level planner is guided by a search

process to meet authorial goals. We then contributed to using the QUEST cognitive model

to create representations for narratives to also consider plans consisting of failed actions.

We evaluated these contributions by performing a user study that supports the claim

that readers can accurately track and comprehend the computationally generated plans

consisting of failed actions. While the planning algorithm expands the expressive range of

computational narrative generation approaches, we also considered the current limitations

of authorial expressivity when working with narrative planners. We developed support

for authors to express additional constraints about desired properties in stories: constraints

about successful or failed attempts at actions and character intent behavior surrounding

failed actions. This was evaluated by measuring the ability of novice storywriters to work

with the enhanced authorial expressivity proposed by this work to guide the narrative

planner to produce stories consisting of failed actions.

To contextualize our contributions with the research questions, methods, and hypothe-
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ses, Table 5.1 provides a Blumenfeld chart that summarizes the research questions and

hypotheses this dissertation covers.

5.2 Limitations and Areas for Future Work
5.2.1 Narrative Planning with Machine Learning Approaches

Machine learning techniques have found their use in creative systems to produce sto-

ries and assist in authoring [21, 79]. Moreover, recent advances and the success of large

language models like ChatGPT have shown to perform competitively against human-

authored stories [114]. While ML approaches are not in scope of the work in this disser-

tation, future work can be directed to consider how ML approaches can benefit the work

described in this dissertation.

There has been a body of work that focuses on using ML techniques with PDDL plan-

ning systems in many ways: building domains and creating action models, assisting with

search control by creating domain-specific strategies and heuristics, all of which are com-

plex tasks for humans [52]. Future work can consider how ML techniques can reason about

stories with complex belief and intent dynamics for failed actions as well.

Large language models (LLMs) have also been used alongside planning approaches

to construct stories. The Tattletale system [91], for example, uses a hybrid approach:

it uses planning to create narrative plans, which are then used as input to an LLM to

produce natural language stories. However, recent approaches have also warned that

LLMs are not currently capable of solving planning problems independently but can solve

some nontrivial problems [90]. However, the future of machine learning holds promise at

tackling many of the bottlenecks that are part of approaches that only use planning.

5.2.2 Authorial Heuristics

The current implementation for the action selection mechanism when selecting the next

action from multiple intention plans (line 7 in Algorithm 6) uses the plan’s current cost as

a heuristic, i.e., is effectively a breadth-first-search. While the algorithm uses a fringe to

recover from undesired paths, it is an efficient approach. With the addition of action con-

straints, existing heuristics are unable to effectively determine the most “natural” location

to insert an author-specified action into the plan. We believe that a planner must be capable

to reason about determining the intended intention plan that an action constraint may be
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related to, and then use that also to guide the authorial heuristic appropriately. Future

work will be directed to considering how heuristics can be improved to attend to authorial

goals while considering the intent behind an enhanced authorial constraint specification.

5.2.3 Limitations on the Type of Action Failure

The work described in this dissertation focused on the production of narratives with

a specific kind of failed action: an action that fails when the character attempting it has

incorrect beliefs about the world. However, in human-generated plots, characters fail

when attempting actions for a myriad of reasons, and belief-based failed actions are just

one of many ways in which they can fail.

An action that fails due to chance are not modeled by HEADSPACE. For example, an

action for winning the lottery has a non-zero probability of failing. Additionally, actions

that fail because the character had incorrect beliefs about the conditions for successful

action execution itself are outside of the scope of this work. Consider stories such as Wizard

of Oz, where it is possible for characters to have completely beliefs about how an action can

be executed, which could also lead to failure. HEADSPACE cannot produce failed actions

of this nature- the knowledge representation does not currently support character’s beliefs

about how actions work.

5.2.4 Authorial Expressivity for Intent Constraints

We believe that further study is necessary about authorial expressivity concerning in-

tent constraints. The current representation for intent constraints surrounding failed ac-

tions is limited in use: for example, what happens when an author might have two specific

action constraints for the same action, but they want a character to persist in their goal for

one instance but drop their goal in the other instance? Another consideration: should

these constraints be associated with desires (since authors might think along the lines of

I want X to be rigid about pursuing goal A but be fickle when pursuing goal B), or whether

their current association with failed actions is more appropriate. Such boundary cases

are out of the scope of the current representation used for representing intent constraints.

While the algorithms described in this work are capable of using intent constraints to guide

the planner, the representation currently used is limited in accessibility and robustness.

Future work will further study how intent constraints can be effectively leveraged for
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computational narrative generation.

5.2.5 Model of Intent

Cohen and Levesque [22] describe principles on rational agent actions and describe

properties for a model that characterizes intent. The plans generated by HEADSPACE align

well with many of the properties put forward by Cohen and Levesque:

• When intentions arise, characters work to form plans to achieve them through the

invocation of a character-specific micro-planner. The plans are formed in the belief

space of the intending character, so that each character believes their intentions are

achievable. When an intention is motivated but no character plan can be formed,

that intention is never adopted.

• Character plans are formed in the context of the character’s existing plans. Character

plans formed for new intentions are a) consistent with the character’s beliefs and

intentions and b) can leverage existing commitments to action to achieve the new

goals.

• If characters act at all, they work to follow the plans that they form.

• The conditions under which characters believe they will bring about their intentions

are explicitly represented in their plans, through the motivating conditions for the

intentions and the causal structure of the character plans.

• The distinction between conditions that characters intend and those that are side

effects is made clear in the plan structures formed by characters’ micro-planners.

• When characters detect that some aspect of their plans has failed, they review those

plans and are able to either a) revise their plans in light of their new beliefs or b) drop

the intention altogether.

Work by Rao and Georgeff [73] provided categories of agent commitment characteriz-

ing the contexts in which types of agents would drop intentions. They identify three types

of commitment: blind, single-minded, and open-minded. In blind commitment, an agent

(a) only considers new plans that are consistent with its current goals, (b) doesn’t adopt
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new beliefs that conflict with its current intentions and (c) doesn’t entertain any changes

to goals that are inconsistent with its current intentions. In single-minded commitment,

agents operate with comparable commitment to blind commitment agents except that they

allow new beliefs that might invalidate the plans they already hold to achieve their goals.

When adopting these new beliefs, single-minded agents drop their now inconsistent plans

but maintain their old goals. In open-minded commitment, characters may also adopt

new goals that are inconsistent with their old goals, causing them to drop both their old

goals and the plans intended to achieve them. In HEADSPACE , characters currently use

single-minded commitment. That is, they only consider new plans that are consistent with

their current goals and don’t adopt goals that are inconsistent with already adopted goals.

However, characters in HEADSPACE always adopt new beliefs, overriding any inconsis-

tent old beliefs and causing plan revision or goal dropping when characters new beliefs

invalidate current plans. The single-mindedness of HEADSPACE characters is not meant to

be the final and defining characterization for all characters in the stories it produces. This

approach is the initial behavior defined here, but clearly stories see a wide range of goal

and plan commitment in characters, and our approach will require extension to be able to

support that range of behavior on a per character basis.

Additionally, intent dynamics upon action failure in HEADSPACE plans do not align

with the dynamics proposed by the Goal-Action-Outcome cognitive model [95]. The Goal-

Action-Outcome model proposes that characters may even drop the current goal to find

adjacent goals that can be satisfied, and character may end up pursuing other desires upon

a failed outcome of an action. The intent dynamics supported by HEADSPACE are limited

compared to this model. While the Goal-Action-Outcome model is just one example of

increasing expressivity around character plans, future work will consider this model and

others reflecting more complex intent dynamics in addition to existing ones.

The structures produced by HEADSPACE have clear parallels to existing work [30, 76,

105, 108]. However, HEADSPACE structures lack certain complex intention-driven features

present in other planners, such as theory of mind and characters acting based on other

characters’ beliefs and intents. Future work will seek to explore additions of those features

in context with how they can work with the HEADSPACE model of belief-based action

failure.
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5.2.6 Evaluation of Intent Dynamics in HEADSPACE

The two empirical evaluations conducted in this dissertation do not comprehensively

evaluate the intent dynamics that are possible in stories generated using the HEADSPACE plan-

ner. The evaluation for comprehension of stories with failed actions uses a story where the

character performs plan repair and sticks to the initial plan upon action failure (PERSIST).

Future work will consider a comprehensive evaluation of the possible intent dynamics

surrounding action failure and how effectively readers can comprehend them in compu-

tationally generated stories. The final task used for the evaluation of enhanced authorial

expressivity did not have any specific behaviors as part of the task: it did not evaluate

the effectiveness of authors being able to specify intent constraints when working with

narrative planning approaches. Future work will study these complex intent dynamics to

understand better how people comprehend and use them.
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Table 5.1: Blumenfeld Chart depicting the research questions and how they relate to the
proposed work and evaluation. We have added a section to the Blumenfeld Chart that
describes the approach used.

Research
Question

Approach Experiment Analysis Hypothesis

How can a
narrative planner
be used to
generate stories
with characters
exhibiting
expressive
behavior
surrounding
failed actions?

- Build
algorithms and
knowledge
representation
that support
failed actions,
- Extend
evaluation
methods for
story com-
prehension
(QUEST) to
support stories
containing
failed actions.

Generate
stories
containing
failed actions
and their
respective
cognitive
models using
QUEST.
Generate
question-
answer pairs
for people to
rate as good
or bad.

Standard
one-
tailed
t-test
compar-
ing mean
ratings
for QA
pairs
with
the arc
distance
calcu-
lated by
QUEST.

If readers are able
to comprehend the
role of failed actions
in stories generated
by a planner, they
will rate correct
answers higher than
incorrect answers
for comprehension
questions about the
belief and intent
dynamics behind
failed actions in the
story.

How does the
addition of added
expressivity for
specification
of authorial
constraints
surrounding
actions, failed
actions and
intent dynamics
surrounding
failed actions
impact the
ability to create
stories using a
computational
narrative
planner?

- Build
algorithm
that support
authors to
specify actions,
failed actions
and intent
dynamics
surrounding
failed actions
in desired
stories,
- A user
interface that
allows authors
to specify
constraints
and generate
plans.

Provide
authors with
a task to
generate
stories with
certain
qualities in
conditions
where
they have
different
levels of
expressivity
on specifica-
tions to the
planner.

ANOVA
tests
compar-
ing story
gener-
ation
effort
over
three
condi-
tions.

If a narrative planner
that creates stories
consisting of failed
actions can support
authorial expressivity
related to failed action
constraints, then
authors who use the
enhanced authorial
expressivity can create
desired stories with
failed actions with
lesser authorial effort
than authors who do
not.
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THE HEADSPACE ALGORITHM

In this appendix chapter, we provide the pseudocode for other HEADSPACE functions.

Algorithm 11 describes the algorithm used to compute the next worldstate given a world-

state and a grounded operator. Algorithm 11 is the pseudocode version of the top-level

algorithm, which was provided as a flow diagram in Figure 3.4.
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1: getNextState(current, ground)
2: newState ← current
3: for all lit ∈ ground.effT do
4: if lit ∈ newState.F then
5: newState.F ← newState.F − lit
6: end if
7: if lit /∈ newState.T then
8: newState.T ← newState.T ∪ lit
9: end if

10: end for
11: for all lit ∈ ground.effF do
12: if lit ∈ newState.T then
13: newState.T ← newState.T − lit
14: end if
15: if lit /∈ newState.F then
16: newState.F ← newState.F ∪ lit
17: end if
18: end for
19: c ← get character beliefs in newstate for ground.character
20: for all lit ∈ ground.effBPlus do
21: chars ← all characters that can observe lit
22: for all ch ∈ chars do
23: character ← get character beliefs in newstate for ch
24: if lit ∈ character.bMinus then
25: character.bMinus ← character.bMinus −lit
26: end if
27: if lit ∈ character.unsure then
28: character.unsure ← character.unsure −lit
29: end if
30: if lit /∈ character.bPlus then
31: character.bPlus ← character.bPlus ∪ lit
32: end if
33: end for
34: c.bPlus ← c.bPlus ∪ lit
35: end for
36: ...............
37: // similarly, repeat for effBMinus and effUnsure
38: return newState

Algorithm 10: The getNextState function computes the resulting world state when an
action ground is executed at worldstate current.
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Data: desires, plan, goal, groundedoperators, fringe, worldsVisited
Result: A plan

1 w ← Last WorldState in plan;
2 intentions ← Extract Arising Desires(w, desires);
3 if w is a Goal State for goal then
4 return plan;
5 end
6 Execute the AdoptIntentions step using plan, goal, grounded operators, w and

intentions;
7 Execute the SelectAndExecuteAction step using plan, grounded operators, fringe,

w, possible steps, worldsVisited, and desires;
8 if plan is Dead End, & Endless Plan, or Previously Generated Plan then
9 Attempt recovery from fringe if possible;

10 end
11 Recursively call this function using desires, the new plan, goal, grounded

operators, fringe, and worldsVisited;
Algorithm 11: HeadSpace top-level planning algorithm.



APPENDIX B

AUXILIARY DATA FOR EVALUATION 1

In this appendix, we provide additional material that was used in Evaluation 1 de-

scribed in Section 4.2.

As described, the experiments we ran made use of 2 distinct plans and corresponding

QKSs and text realizations.

The plan in Figure B.1 was selected because, while the actions in it are distinct from

those in the experimental plan shown in Figure 4.1, its structure is nearly identical. As a

result, the two QKSs (shown in Figs 4.2 and B.2) are also similar. This similarity between

the experimental materials was intentional to prevent any confounding variables between

the two conditions. Both stories have the same number of actions, with the same structure.

The character has three possible intention plans in both stories, with the intention plans

being adopted and invalidated at the same points in the sequence of actions. This allows

for keeping the conditions about the planning problem the same and reducing the bias

from one of the “settings” of the stories on results.

B.1 Drink Refill Plan
Figure B.1 shows the second example plan used in our experiment, and Figure B.2

shows the corresponding QKS. Example Text 4 shows the corresponding story realized as

text. Some of the QA pairs used in the Drink Refill problem are reported below. Texts 5-10

were used to filter out participants (5-7 are examples of good or very-good QA pairs, and

texts 8-10 are examples of bad or very bad pairs). Example Texts 10-15 are QA pairs used

in the analysis. Texts 11 through 13 have a calculated arc distance of 1, texts 14-15 have an

arc distance of 2, and text 16 has an arc distance of 3.

Example Text 5. Teddy is a bartender working in a bar. He wants to serve a customer their drink.

There are bottles of beverage on the shelf. Teddy walks over to the shelf and picks up a bottle. He
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then attempts to pour a drink from it but fails. He checks the bottle and sees that the bottle is empty.

Teddy then places the first bottle back on the shelf and picks up a new bottle. He attempts to pour a

drink again and is successful. Teddy then serves the drink to the customer.

Example Text 6. What was the consequence of Teddy failing pouring the drink from the first

bottle? He checked the first bottle and saw that it was empty.

Example Text 7. What was the consequence of Teddy failing pouring the drink from the first

bottle? He wanted to check the first bottle.

Example Text 8. Why did Teddy want to pick up the first bottle? Because he wanted to pour a

drink from the first bottle.

Example Text 9. What was the consequence of Teddy serving the drink to the customer? Teddy

was unsure whether the first bottle was empty.

Example Text 10. What was the consequence of Teddy failing pouring the drink from the first

bottle? He wanted to pick up the first bottle.

Example Text 11. What was the consequence of Teddy pouring the new drink successfully? He

failed to pour the drink from the first bottle.

Example Text 12. Why did Teddy attempt to (unsuccessfully) pour the drink from the first bottle?

Because the customer’s glass was empty.

Example Text 13. Why did Teddy attempt to (unsuccessfully) pour the drink from the first bottle?

Because Teddy was holding the first bottle.

Example Text 14. Why did Teddy attempt to (unsuccessfully) pour the drink from the first bottle?

Because he wanted to pour a drink from the first bottle.

Example Text 15. Why did Teddy attempt to (unsuccessfully) pour the drink from the first bottle?

Because he picked up the first bottle.

Example Text 16. Why did Teddy attempt to (unsuccessfully) pour the drink from the first bot-

tle?In order to refill the customer’s drink.
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Example Text 17. Why did Teddy attempt to (unsuccessfully) pour the drink from the first bottle?

Because he wanted to pick up the first bottle.

B.2 Breakout Plan
This section provides the question-answer pairs used as part of the experiment with the

Breakout plan. Example Texts 17 through 22 are QA pairs that were used as comprehension

check questions (17 is a good QA pair and 18-22 are bad QA pairs). Example Texts 23

through 31 are used in the analysis. Texts 23 through 29 have a calculated arc distance of

1. Text 28 has a calculated arc distance of 2, and Text 29 has a calculated arc distance of 3.

Example Text 18. What was the consequence of Dolores failing when shooting at the door lock?

She checked the revolver and found that it was unloaded.

Example Text 19. What was the consequence of Dolores loading the revolver? She failed shooting

at the door lock.

Example Text 20. What was the consequence of Dolores successfully shooting the jail door open?

She failed shooting at the door lock.

Example Text 21. What was the consequence of Dolores picking up the bullets? She failed shooting

at the door lock.

Example Text 22. What was the consequence of Dolores loading the revolver? She wanted to load

the revolver.

Example Text 23. What was the consequence of Dolores checking the revolver and finding it

unloaded? She failed shooting at the door lock.

Example Text 24. Why did Dolores try to (unsuccessfully) shoot at the door lock? Because Dolores

believed that the revolver was loaded.

Example Text 25. Why did Dolores try to (unsuccessfully) shoot at the door lock? Because she

wanted to shoot at the jail door lock.

Example Text 26. Why did Dolores’ attempt to shoot fail? Because the revolver was not loaded.
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Example Text 27. Why did Dolores try to (unsuccessfully) shoot at the door lock? Because Dolores

had the gun.

Example Text 28. Why did Dolores try to (unsuccessfully) shoot at the door lock? Because the jail

door was locked.

Example Text 29. Why did Dolores try to (unsuccessfully) shoot at the door lock? In order to

escape from prison.

Example Text 30. Why did Dolores try to (unsuccessfully) shoot at the door lock? Because she

wanted to pick up the revolver.
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Figure B.1. The plan used in the second experimental domain. The red action was
attempted but failed because the non-belief preconditions are not all met in the world
state where they are attempted.
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Figure B.2. The QKS corresponding to the plan from Figure B.1. Rounded rectangle
indicate event nodes. Skewed rectangles indicate state nodes. Diamonds indicate goal
nodes. Arcs from one node to another are labeled with one of the QUEST relationship
types showing in Table 2.1.
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AUXILIARY DATA FOR EVALUATION 2

In Listing C.1, we provide a PDDL-like JSON representation of the Kitchen domain.

We describe the typed heirarchies in the types, all the objects in the domain in instances,

the character desires in desires, and all the operator definitions in operators.

We provide the text used in each task during the study. Tasks 1 through 7 were per-

formed by all groups, Task 8 was performed by participants in the Limited Expressivity

and Full Expressivity groups, and Tasks 9 and 10 were performed by participants in the

Full Expressivity group. Task 11 is the final task that all groups were measured on.

Example Text 31. (Task 1) Stories have a beginning and ending. Find a story where Teddy starts

in LivingRoom, goes to the Kitchen, heats up the soup, and eats the soup.

Task Objectives:

• Teddy starts in the Living Room.

• Soup is not heated up initially.

• Teddy heats up the soup in the created story.

• Teddy eats the soup in the created story.

Example Text 32. (Task 2) Different characters have different desires. While Teddy will always

have soup, Poppy will always have bread. Bread needs to be heated using the Toaster. Find a story

where Poppy starts in the LivingRoom, goes to the Kitchem, heats the Bread and then eats it.

Task Objectives:

• Poppy starts in the Living Room.

• Bread is not heated up initially.

• Poppy heats up the Bread in the created story.
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• Poppy eats the Bread in the created story.

Example Text 33. (Task 3) Now back to Teddy. Teddy can take different plans to achieve his goal.

Try creating a story where Teddy uses an alternate approach.

• You can click the Create Story button again to create other stories with the same beginning

and ending.

Task Objectives:

• Soup is not heated up initially.

• Teddy heats up the soup without using the microwave in the created story.

Example Text 34. (Task 4) For this task, do not change details in the Beginning/Ending

tabs except the ones specified. Keep generating different stories until you find one where Teddy

disconnects the Microwave and uses the stove to heat the soup.

• You can click the Create Story button again to create other stories with the same beginning

and ending.

Task Objectives:

• Beginning Tab: Soup has been heated is set to No.

• Ending Tab: The Soup has been eaten by Teddy.

• No other changes made in the Beginning/Ending tabs.

• Teddy disconnects the Microwave in the story.

• Teddy heats up the soup without using the microwave in the story.

• Teddy eats the soup in the story.

Example Text 35. (Task 5) In this story world, characters can have beliefs about what is powered

by the power outlet, which can be different from what is actually being powered. Characters can fail

when they attempt an action with incorrect beliefs. If Teddy believes the Microwave is plugged in
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but it isn’t plugged in, he will fail. Try creating a story where he fails.

• To fail an action, the character must have incorrect belief related to the action!

Task Objectives:

• In the beginning, the outlet is not powering the Microwave.

• In the beginning, Teddy believes the Microwave is plugged in.

• In the story, Teddy (initially) attempts and fails to heat the Soup using the Microwave.

• Teddy eventually heats up the soup in the story.

• Teddy still eats the soup in the story.

Example Text 36. (Task 6) Upon failing, characters can choose an alternate plan, or repair the

initial plan. Try creating multiple stories where Teddy fails to use the Microwave initially to explore

different outcomes.

• Remember, you can click on Create Story multiple times to find more stories.

Task Objectives:

• In the story, Teddy (initially) attempts and fails to heat the Soup using the Microwave.

• Create a story where Teddy heats up the soup over the stove.

• Create a story where Teddy heats up the soup using the microwave.

Example Text 37. (Task 7) By changing the goals, you can explore different endings of a story

when a character fails. For example, create a story where Teddy ends up not eating the Soup.

• You can also add beliefs as goals in the Ending tab.

Task Objectives:

• In the story, Teddy attempts and fails to heat the Soup using the Microwave.
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• The soup has not been eaten in the end of the story.

Example Text 38. (Task 8) Using action constraints in the Actions tab, you can directly specify

what actions you’d like to see in the story. Try using action constraints to specifically guide Teddy

to use the stovetop to heat up the Soup.

• Action constraints help you specify what actions you would like to see in the story.

Task Objectives:

• Soup is not heated up initially.

• An action constraint specifies that Teddy heats up the soup using the stove.

• Teddy eats the soup in the story.

Example Text 39. (Task 9) You can also specify failed actions in action constraints. Create (any)

story where Teddy fails to use the microwave by specifying the failed attempt to use the microwave.

• Action constraints can also include a failed action attempt.

Task Objectives:

• In the story, Teddy attempts and fails to heat the Soup using the Microwave.

• An action constraint specifies that Teddy attempts and fails to use the Microwave.

Example Text 40. (Task 10)In an action constraint, you can also specify how you want the

character to behave when they fail an action. Characters can either persist with their initial plan,

substitute it, or drop their goal entirely.

• Specify an intent constraint with an action constraint by clicking on the settings icon.

Task Objectives:

• An action constraint specifies that Teddy attempts and fails to use the Microwave.

• An action constraint also has an intent specified.
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Listing C.1. The Kitchen Domain
{

"types": [

{

"name": "Character",

"type": "Object"

},

{

"name": "Location",

"type": "Object"

},

{

"name": "Appliance",

"type": "Object"

},

{

"name": "Container",

"type": "Object"

},

{

"name": "CookableContainer",

"type": "Container"

},

{

"name": "MicrowaveSafeContainer",

"type": "Container"

},

{

"name": "Food",

"type": "Object"

},

{

"name": "ToastableFood",

"type": "Food"

},

{

"name": "CookableFood",

"type": "Food"

}

],

"instances ": [

{

"name": "Teddy",

"type": "Character"

},

{

"name": "Poppy",

"type": "Character"

},

{

"name": "Microwave",

"type": "Appliance"

},

{
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"name": "Toaster",

"type": "Appliance"

},

{

"name": "Kitchen",

"type": "Location"

},

{

"name": "LivingRoom",

"type": "Location"

},

{

"name": "Bread",

"type": "ToastableFood"

},

{

"name": "Soup",

"type": "CookableFood"

},

{

"name": "Pot",

"type": "CookableContainer"

},

{

"name": "Bowl",

"type": "MicrowaveSafeContainer"

}

],

"desires ": [

{

"character ": "Teddy",

"motivations ": {

"bplus": [

],

"bminus ": [

],

"unknown ": []

},

"goal": {

"bplus": [

"(eaten Soup Teddy)"

],

"bminus ": [],

"unknown ": []

}

},

{

"character ": "Poppy",

"motivations ": {

"bplus": [

],

"bminus ": [

],

"unknown ": []
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},

"goal": {

"bplus ": [

"(eaten Bread Poppy)"

],

"bminus ": [],

"unknown ": []

}

}

],

"operators ": [

{

"name": "walk",

"args": [

{

"name": "?char",

"type": "Character"

},

{

"name": "? fromLoc",

"type": "Location"

},

{

"name": "? toLoc",

"type": "Location"

}

],

"char": "?char",

"loc": "? fromLoc",

"pre -t": [

"(at ?char ?fromLoc)"

],

"pre -f": [

"(at ?char ?toLoc)"

],

"eff -t": [

"(at ?char ?toLoc)"

],

"eff -f": [

"(at ?char ?fromLoc)"

],

"pre -bplus ": [

"(at ?char ?fromLoc)"

],

"pre -bminus ": [

"(at ?char ?toLoc)"

],

"pre -u": [],

"eff -bplus ": [

{

"effect ": "(at ?char ?toLoc)",

"observability ": [

"localObs (? toLoc)",

"localObs (? fromLoc)"
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]

}

],

"eff -bminus ": [

{

"effect ": "(at ?char ?fromLoc)",

"observability ": [

"localObs (?toLoc)",

"localObs (? fromLoc)"

]

}

],

"eff -u": []

},

{

"name": "connect -true",

"args": [

{

"name": "? appliance",

"type": "Appliance"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"(outlet -empty)"

],

"pre -f": [

"( plugged ?appliance)"

],

"eff -t": [

"( plugged ?appliance)"

],

"eff -f": [

"(outlet -empty)"

],

"pre -bplus ": [

"(at ?char Kitchen)",

"(outlet -empty)"

],

"pre -bminus ": [

"( plugged ?appliance)"

],

"pre -u": [],

"eff -bplus ": [

{

"effect ": "( plugged ?appliance)",

"observability ": [

"localObs(Kitchen)"



140

]

}

],

"eff -bminus ": [

{

"effect ": "(outlet -empty)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "connect -false1",

"args": [

{

"name": "? appliance",

"type": "Appliance"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)"

],

"pre -f": [

"( plugged ?appliance)",

"(outlet -empty)"

],

"eff -t": [

],

"eff -f": [

],

"pre -bplus ": [

"(at ?char Kitchen)",

"(outlet -empty)"

],

"pre -bminus ": [

"( plugged ?appliance)"

],

"pre -u": [],

"eff -bplus ": [

],

"eff -bminus ": [

{

"effect ": "(outlet -empty)",

"observability ": [

"localObs(Kitchen)"

]
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}

],

"eff -u": [

{

"effect ": "( plugged Toaster)",

"observability ": [

"localObs(Kitchen)"

]

},

{

"effect ": "( plugged Microwave)",

"observability ": [

"localObs(Kitchen)"

]

}

]

},

{

"name": "connect -false2",

"args": [

{

"name": "? appliance",

"type": "Appliance"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( plugged ?appliance)"

],

"pre -f": [

"(outlet -empty)"

],

"eff -t": [

],

"eff -f": [

],

"pre -bplus ": [

"(at ?char Kitchen)",

"(outlet -empty)"

],

"pre -bminus ": [

"( plugged ?appliance)"

],

"pre -u": [],

"eff -bplus ": [

{

"effect ": "( plugged ?appliance)",

"observability ": [
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"localObs(Kitchen)"

]

}

],

"eff -bminus ": [

{

"effect ": "(outlet -empty)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -u": [

]

},

{

"name": "disconnect -true",

"args": [

{

"name": "? appliance",

"type": "Appliance"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( plugged ?appliance)"

],

"pre -f": [

"(outlet -empty)"

],

"eff -t": [

"(outlet -empty)"

],

"eff -f": [

"( plugged ?appliance)"

],

"pre -bplus ": [

"(at ?char Kitchen)",

"( plugged ?appliance)"

],

"pre -bminus ": [

"(outlet -empty)"

],

"pre -u": [],

"eff -bplus ": [

{

"effect ": "(outlet -empty)",

"observability ": [
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"localObs(Kitchen)"

]

}

],

"eff -bminus ": [

{

"effect ": "( plugged Toaster)",

"observability ": [

"localObs(Kitchen)"

]

},

{

"effect ": "( plugged Microwave)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "disconnect -false1",

"args": [

{

"name": "? appliance",

"type": "Appliance"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"(outlet -empty)"

],

"pre -f": [

"( plugged ?appliance)"

],

"eff -t": [

],

"eff -f": [

],

"pre -bplus ": [

"(at ?char Kitchen)",

"( plugged ?appliance)"

],

"pre -bminus ": [

"(outlet -empty)"

],

"pre -u": [],

"eff -bplus ": [
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{

"effect ": "(outlet -empty)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -bminus ": [

{

"effect ": "( plugged ?appliance)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "disconnect -false2",

"args": [

{

"name": "? appliance",

"type": "Appliance"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( plugged Microwave)"

],

"pre -f": [

"( plugged ?appliance)",

"( plugged Toaster)",

"(outlet -empty)"

],

"eff -t": [

],

"eff -f": [

],

"pre -bplus ": [

"(at ?char Kitchen)",

"( plugged ?appliance)"

],

"pre -bminus ": [

"(outlet -empty)"

],

"pre -u": [],

"eff -bplus ": [

{
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"effect ": "( plugged Microwave)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -bminus ": [

{

"effect ": "( plugged ?appliance)",

"observability ": [

"localObs(Kitchen)"

]

},

{

"effect ": "(outlet -empty)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "disconnect -false3",

"args": [

{

"name": "? appliance",

"type": "Appliance"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( plugged Toaster)"

],

"pre -f": [

"( plugged ?appliance)",

"( plugged Microwave)",

"(outlet -empty)"

],

"eff -t": [

],

"eff -f": [

],

"pre -bplus ": [

"(at ?char Kitchen)",

"( plugged ?appliance)"

],

"pre -bminus ": [
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"(outlet -empty)"

],

"pre -u": [],

"eff -bplus": [

{

"effect ": "( plugged Toaster)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -bminus ": [

{

"effect ": "( plugged ?appliance)",

"observability ": [

"localObs(Kitchen)"

]

},

{

"effect ": "(outlet -empty)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "toast -true",

"args": [

{

"name": "?food",

"type": "ToastableFood"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( plugged Toaster)"

],

"pre -f": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)"

],

"eff -t": [

"( heated ?food)"

],
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"eff -f": [

],

"pre -bplus": [

"(at ?char Kitchen)",

"( plugged Toaster)"

],

"pre -bminus ": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)"

],

"pre -u": [],

"eff -bplus": [

{

"effect ": "( heated ?food)",

"observability ": [

"publicObs(Kitchen)"

]

}

],

"eff -bminus ": [

],

"eff -u": []

},

{

"name": "toast -false",

"args": [

{

"name": "?food",

"type": "ToastableFood"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)"

],

"pre -f": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)",

"( plugged Toaster)"

],

"eff -t": [

],

"eff -f": [

],

"pre -bplus ": [
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"(at ?char Kitchen)",

"( plugged Toaster)"

],

"pre -bminus ": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)"

],

"pre -u": [],

"eff -bplus": [

],

"eff -bminus ": [

],

"eff -u": [

{

"effect ": "( plugged Toaster)",

"observability ": [

"localObs(Kitchen)"

]

}

]

},

{

"name": "heatWithMicrowave -true",

"args": [

{

"name": "?food",

"type": "CookableFood"

},

{

"name": "? container",

"type": "MicrowaveSafeContainer"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( plugged Microwave)",

"(contained -in ?food ?container)"

],

"pre -f": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)"

],

"eff -t": [

"( heated ?food)"
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],

"eff -f": [

],

"pre -bplus": [

"(at ?char Kitchen)",

"( plugged Microwave)",

"(contained -in ?food ?container)"

],

"pre -bminus ": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)"

],

"pre -u": [],

"eff -bplus": [

{

"effect ": "( heated ?food)",

"observability ": [

"publicObs(Kitchen)"

]

}

],

"eff -bminus ": [

],

"eff -u": []

},

{

"name": "heatWithMicrowave -false",

"args": [

{

"name": "?food",

"type": "CookableFood"

},

{

"name": "? container",

"type": "MicrowaveSafeContainer"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"(contained -in ?food ?container)"

],

"pre -f": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)",
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"( plugged Microwave)"

],

"eff -t": [

],

"eff -f": [

],

"pre -bplus": [

"(at ?char Kitchen)",

"( plugged Microwave)",

"(contained -in ?food ?container)"

],

"pre -bminus ": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)"

],

"pre -u": [],

"eff -bplus": [

],

"eff -bminus ": [

],

"eff -u": [

{

"effect ": "( plugged Microwave)",

"observability ": [

"localObs(Kitchen)"

]

}

]

},

{

"name": "heatWithStove",

"args": [

{

"name": "?food",

"type": "CookableFood"

},

{

"name": "? container",

"type": "CookableContainer"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"(contained -in ?food ?container)"

],

"pre -f": [
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"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)"

],

"eff -t": [

"( heated ?food)"

],

"eff -f": [

],

"pre -bplus": [

"(at ?char Kitchen)",

"(contained -in ?food ?container)"

],

"pre -bminus ": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( heated ?food)",

"( infridge ?food)"

],

"pre -u": [],

"eff -bplus": [

{

"effect ": "( heated ?food)",

"observability ": [

"publicObs(Kitchen)"

]

}

],

"eff -bminus ": [

],

"eff -u": []

},

{

"name": "switchContainer",

"args": [

{

"name": "?food",

"type": "CookableFood"

},

{

"name": "? fromContainer",

"type": "Container"

},

{

"name": "? toContainer",

"type": "Container"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",
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"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"(contained -in ?food ?fromContainer)"

],

"pre -f": [

"(contained -in ?food ?toContainer)",

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( infridge ?food)"

],

"eff -t": [

"(contained -in ?food ?toContainer)"

],

"eff -f": [

"(contained -in ?food ?fromContainer)"

],

"pre -bplus": [

"(at ?char Kitchen)",

"(contained -in ?food ?fromContainer)"

],

"pre -bminus ": [

"(contained -in ?food ?toContainer)",

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( infridge ?food)"

],

"pre -u": [],

"eff -bplus": [

{

"effect ": "(contained -in ?food ?toContainer)",

"observability ": [

"publicObs(Kitchen)"

]

}

],

"eff -bminus ": [

{

"effect ": "(contained -in ?food ?fromContainer)",

"observability ": [

"publicObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "checkOutlet -true",

"args": [

{

"name": "?char",

"type": "Character"

}

],
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"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( plugged Microwave)"

],

"pre -f": [],

"eff -t": [],

"eff -f": [],

"pre -bplus": [

"(at ?char Kitchen)"

],

"pre -bminus ": [],

"pre -u": [

"( plugged Microwave)"

],

"eff -bplus": [

{

"effect ": "( plugged Microwave)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -bminus ": [],

"eff -u": []

},

{

"name": "checkOutlet -false1",

"args": [

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( plugged Toaster)"

],

"pre -f": [

"( plugged Microwave)",

"(outlet -empty)"

],

"eff -t": [],

"eff -f": [],

"pre -bplus ": [

"(at ?char Kitchen)"

],

"pre -bminus ": [],

"pre -u": [

"( plugged Microwave)"

],
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"eff -bplus": [

{

"effect ": "( plugged Toaster)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -bminus ": [

{

"effect ": "( plugged Microwave)",

"observability ": [

"localObs(Kitchen)"

]

},

{

"effect ": "(outlet -empty)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "checkOutlet -false2",

"args": [

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"(outlet -empty)"

],

"pre -f": [

"( plugged Microwave)",

"( plugged Toaster)"

],

"eff -t": [],

"eff -f": [],

"pre -bplus ": [

"(at ?char Kitchen)"

],

"pre -bminus ": [],

"pre -u": [

"( plugged Microwave)"

],

"eff -bplus ": [

{

"effect ": "(outlet -empty)",
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"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -bminus ": [

{

"effect ": "( plugged Microwave)",

"observability ": [

"localObs(Kitchen)"

]

},

{

"effect ": "( plugged Toaster)",

"observability ": [

"localObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "removeFromFridge",

"args": [

{

"name": "?food",

"type": "Food"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( infridge ?food)"

],

"pre -f": [

],

"eff -t": [],

"eff -f": [

"( infridge ?food)"

],

"pre -bplus ": [

"(at ?char Kitchen)",

"( infridge ?food)"

],

"pre -bminus ": [

],

"pre -u": [

],

"eff -bplus ": [],
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"eff -bminus ": [

{

"effect ": "( infridge ?food)",

"observability ": [

"publicObs(Kitchen)"

]

}

],

"eff -u": []

},

{

"name": "eat",

"args": [

{

"name": "?food",

"type": "Food"

},

{

"name": "?char",

"type": "Character"

}

],

"char": "?char",

"loc": "Kitchen",

"pre -t": [

"(at ?char Kitchen)",

"( heated ?food)"

],

"pre -f": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( infridge ?food)"

],

"eff -t": [

"( eaten ?food ?char)"

],

"eff -f": [

],

"pre -bplus ": [

"(at ?char Kitchen)",

"( heated ?food)"

],

"pre -bminus ": [

"( eaten ?food Teddy)",

"( eaten ?food Poppy)",

"( infridge ?food)"

],

"pre -u": [],

"eff -bplus ": [

{

"effect ": "( eaten ?food ?char)",

"observability ": [

"publicObs (?loc)"

]
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}

],

"eff -bminus ": [

],

"eff -u": []

}

]

...

}
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