Narrative Generation for Suspense: Modeling and
Evaluation

Yun-Gyung Cheongand R. Michael Yourfg

Graphics&OS Group, Software Labs, SAIT, CTO, Sargsttectronics CO., LTD.
Giheung-Gu, Gyeonggi-Do, South Kotea
Liquid Narrative Group, Computer Science, Northdliaa State University
Raleigh, North Carolina, USA
yuna.cheong AT samsung.com, young AT csc.ncsu.edu

Abstract. Although suspense contributes significantly to @mgoyment of a
narrative by its readers, there has been littleeareh on the automated
generation of stories that evoke specific cognitvel affective responses in
their readers. The goal of this research is to ldpvand evaluate a system that
produces a narrative designed specifically to evakgpense from the reader.
The system takes as input a plan data structunegsepting the goals of a
storyworld's characters and the actions they perfam pursuit of them.
Adapting theories developed by cognitive psychditsgi the system uses a
plan-based model of narrative comprehension torghte the final content of
the story in order to manipulate a reader's le¥eduspense in specific ways.
This paper outlines the various components of §sesn and describes an
empirical evaluation. The evaluation provides sgrenpport for the claim that
the system is effective in generating suspensédues.
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1 Introduction

Automated story generation has been extensiveljiesiu with applications ranging
from computer games to education and training 67;211]. While a majority of these
studies are on automatic generation of logicaliyfess content, the emotional aspect
of storytelling, which is an essential story eleméar the reader’s enjoyment, has
received less attention from the interactive slliyiy research community. While
the computational models of emotion in relationindividual agents have been
explored [13; 18], this paper focuses on a rareljiaed emotion—suspense—that
the audience would feel.

Suspense is the feeling of excitement or anxiety #udience members feel when
they are waiting for something to happen and areetain about a significant
outcome [17; 25; 28]. The significance of suspeimsstory appreciation has been
supported by several studies [1; 3]. In the Brewed Lichtenstein’s study, the
participants reported that suspense is cardinaldfecerning a story from a mere



series of events [3]. Furthermore, the study ofveis’ responses to commercials by
Alwitt [1] demonstrates that suspenseful commescialre favored over non-
suspenseful commercials. As an effort to explospsnose regarding story structure,
Brewer and Lichtenstein [3] claim that affectivatss in the reader are provoked by
arranging the temporal ordering of the events ugiohey a story world. Their theory
explains that suspense could be evoked by pregentie events of a story
chronologically to the reader while surprise andagity could be caused by hiding a
critical fact or event early in the story world agidclosing it later in the text.
This paper presents a computational model of sisgpexploring the concept that

a reader’s suspense level is affected by the nurobesolutions available to the
problems faced by a narrative’s protagonists [26;510; 11; 12; 28]. The reader’s
suspense is heightened when undesirable outcomdikely to happen over preferred
outcomes. It is not our intention, however, to dedh the type of suspense that is
evoked by visual stimulation such as car chaséfnin

Our approach attempts to manipulate the level spsnse experienced by a story’s
reader by determining what story elements to telthat can influence the reader’'s
narrative comprehension process. To this end, weemsae of a computational model
of that comprehension process based on evidengegrevious psychological studies
[2; 10; 12]. To generate suspenseful stories, weosea basic approach built on a
tripartite model, adapted from narrative theorgttimvolves the following elements:
the fabula, theguzhet, and the discourse [22]. fabula is a story world that includes
all the events, characters, and situations in gy.sta our approach, thé&bula is
represented as a plan structure generated by @wwssh hierarchical, partial-order
causal link planner based on the Longbow plannysgesn [26]. Ajuzhet is a series
of events selected from tHabula and an ordering over those events indicating the
order in which they are to be presented to readdws.final layer, a discourse, can be
thought of as the medium of presentation itsetf.(dext, film). Although not directly
discussed in this paper, discourse is importanthfereffective presentation of a story
for the reader [4]. Figure 1 presents our thregestaipelined architecture for story
generation as shown, in which Suspenser is situegesjuzhet generator.

story fabula sjuzhet K .
request —'| Fabula Generator |—'| Suspenser |—'| Discourse Generator |—> media

Figure 1. Tripartite suspense generation model

In this paper, we present Suspenser, a framewatldtttermines narrative contents
(i.e., guzhet) from a given story world (i.efabula) intended to evoke high level of
suspense from the reader as illustrated in FiguWe assume in the work described
here that the stories we deal with all contain konfFor example, characters’
individual goals may be negations of each othensthe plans formed by characters
to achieve their goals may interfere with the plah®ther characters. While other
dramatic devices such as the prolonging of resmutire also useful in crating
suspense, we focus here on suspense that ariseesaslt of users’ consideration of
these conflicts and their consequence on the pootsts goals.



2 A Computational Model of Narrative Generation for Suspense

Suspenser takes three elements as ingabuba, a given point in the story plan that
corresponds to the point where the reader’s susgemseasured, and the story length
desired by the system user. The system then detesntiesjuzhet, the content of the
discourse to be used to convey the story uptdoa reader, which enables the reader
to infer a minimum number of complete plans for itetagonists’ goal, following
the psychological research on suspense [10; 12hdudition, we require that the
resultingguzhet shall be read as a coherent story that repretientaputfabula.

To produce &uzhet meeting these requirements, the framework compotésto
phases: a skeleton building step and an addit&toay element identification step. In
the skeleton building step, Suspenser identifiesskbleton of the fabula—a partial
plan that specifies its plan steps as a set of storg events that cannot be eliminated
without harming the understandability of a story—+aging each individual event’s
importance based on the event's causal relatiortehipe protagonists’ goals. In the
second phase, Suspenser finds actions that cantharprotagonist’'s goals and tests
if the addition of these actions intensifies thader suspense by modeling the
reader’s inference process and anticipation of glaagonists’ success. The core
story events together with harmful actions compbsefinal content of thguzhet.

In modeling the reader’s inference process antipation of the protagonists’
success, Suspenser uses Crossbow to model ther'seatsn-related reasoning
processes. Prior work has provided strong evidehaé human task reasoning is
closely related to partial-order planning algorithid9] and thatefinement search
[15], the type of plan construction process perfxy Crossbow, can be used as an
effective model of the plan reasoning process [27].

2.1 Building the Skeleton

The skeleton building phase determines importargntsv based on the user’s
knowledge. This step first extracts a series ofdrtgnt events of the story, i.e., a
skeleton, and then it tests the skeleton to ernbateits content can be understood as
an integral story. To generate a candidate skelétensystem rates the importance of
each event based on a method for extracting impiogetions that are likely to be
included in the story recall, devised by Trabassoale [23]. Their approach
approximates an individual story event's importarime counting the number of
causal relationships with other steps in the naeadnd by measuring each event's
importance by analyzing its role in a series oficas in a story that are causally
related. Adapting their approach, the system coegeach stepsnportance value

by counting the number of the step’s incoming antjoing causal links of the step
and taking into account its role in the plan. Festance, the first action in a story plan
and actions that establish the goal state areyhgjigible for inclusion in the skeleton.
Finally, the topN (the desired story length) events are selected.

Secondly, the system tests whether the skeletarolierent from the reader’s
perspective using an algorithm which is a cycle posed of two phases. The first
step uses the reasoning algorithm in the readeremind find complete plans to
achieve the protagonist's goals which are condistéth the skeleton candidate. If
such a plan is found, the story skeleton is cotlieaad the program exits. Otherwise,
an event in thefabula which was not selected as a skeleton with the dsigh
importance value is chosen and added to the candidate. Then, tepfiase begins
again.



Input <t, k, F, W, GS, Ty, R, P, L> where

— tis the step where the reader’s suspense is meg&usean integer

— Aninputfabula F=(SP, B, CL, O) where SP={ss, ..., §} wheres is a step,
B={b,, b,, ..., b} such thatb; is a tuple of <s, p;, v;> wheres ISP, which
means that the plan stgpbinds the parametgy; to a literalvy, CL={c, ¢, ...,
¢} such thatg is a causal link information represented as aetufd, $, $>
wheree is a condition, and;[1SP ands,[1SP, which means that plan step
enables the preconditianof s,, O={ 04, 0,, ..., @, } such that pis a temporal
constraints represented as a tuplepgs wheres LI SP ands L] SP

- W={iy, i ..., i} such that jis a tuple of <sw> wheres L] SP when wis the
importance value of s

- Gis the protagonist’'s goal$;, is a real number that represents a threshold

- S is the portion of the skeleton preceding

- Ris an integer representing the reader’s rescusoed

- Pis aplanning algorithm, L is a plan library déng the reader’'s knowledge

1 Initialization
*  SetSr =&, BSP = the portion ofSP preceding
*  SetS=BSP-S;,NZ={},PZ={}

2 (Construct Sr.) Repeat this step fok times
2.1 If Sis empty, returtsr and exit, otherwise
o Pick the actioresin Sgenerating the highebtes, F). If several candidates are
found, non-deterministically select an action vilie greatest importance valug.
o |If h(es, F) <T,, returnS; and exit, otherwise
0 RemoveesfromS
o Pick the actiorg in Sy with the lowest importance value. If several cdatks
are found, non-deterministically select an action.
0 Replaceg with eg
o If h(ex, F) <h(es F)
= Construct a partial plaNZ that only contains information in F which
has s wherelsl(S; —e¢ + e9).
= Construct a partial plaRZ that only contains information in F which
has s whereld S;.
= Ifsl(G, Nz, L,P,R) >d(G, PZL,P,R
" S=S-ectes

= AddectoS
= Gotostep 2.1
0 AddestoS

o Goto step 2.

Figure 2. Content selection for suspenseful stories

2.2 Finding the Additional Story Elements for Suspense

The additional story element identification stepnstoucts thesjuzhet (content)
evoking the intended suspense level from the reatlerthe target step when the
reader's suspense level is measured. The algofithRigure 2 first selectsg the
action with the greategbtential suspense, from the events in the inpfabula that are

not included in the currerg;, whereS; is a series of events to be presented to the
reader. If thepotential suspense of e5 is lower than a predefined threshdig then the
program exits and creates a partial flacomposed of the steps $a. If the potential
suspense of e5 passes the threshold, the system chooses theitgasitant actioreg



in S, and replaces it with the acti@g Then the system computes tuspense level

of the newly updatedjuzhet. If this substitution lowers thsuspense level produced
from the previousguzhet, the system brings back the previous valugpbtherwise,
the update is maintained. This process repeatkthatie is no candidate is found or
for a specified times. When it terminates, the esystspecifies the content of the
output guzhet asS;. The next two subsections describe a heuristictfon that
computes thesuspense level of a given partial plan, and two heuristics tragether
compute theotential suspense of an action in a plan.

2.2.1 MeasuringSuspense Level

In measuring the suspense level on the readerts thar system follows the notion
articulated by Gerrig and Bernardo [12], in whitley view an audience as problem-
solvers: an audience will feel an increased meastirsuspense as the number of
options for the protagonist’s successful outcomeésyreases. Adopting these models,
we devise Heuristic Function 1 for measuring kel of suspense; the function
computesthe reader’s suspense level as the inverse of theber of planned
solutions for the protagonists’ goal using her oaésg algorithm and her plan library
within her reasoning limit. The function sets thmimum level of suspense when no
usable solutions are found in her plan space.

Heuristic Function 1 (Level of suspense) In the Suspense level functi®h(G, Z, L,

P, R), G is a set of literals representing the goal of aate’s protagonistZ is a
partial planL is a plan libraryP is a planning algorithnR is an integer representing
a reasoning bound, arsdccess(G, Z, L, P, R) returns the number of paths to make
true with givenZ andR. 9L(G, Z, L, P, R) is set to (13uccess(G, Z, L, P, R)) when
success(G, Z, L, P, R) returns a non-zero value and zero whatess(G, Z, L, P, R)
returns 0.

2.2.2 Measuring Potential Suspense for an Action

In computing the potential suspense of an actieffect, we consider the action’s
possible causal relationship to accomplishing tteeggonist’s goal from the reader’s
point of view. For example, in a scene in the fldack to the Future directed by
Robert Zemeckis, the protagonist Marty McFly whatjeame back to 1985 from
1955 saw Dr. Brown being shot by terrorists. A momkater, however, it was
revealed that Dr. Brown was still alive becauseMas wearing a bullet-proof vest.
Although Dr. Brown survived from the shooting afteil, the viewers would
experience suspense in the shooting scene bedaegeate ignorant of the bullet-
proof vest.

In a similar fashion, Heuristic Function 2 computbepotential suspense for an
action by counting the number of its effects thegate the protagonist’'s goal and the
number of its effects that unify the goal underakssumption of the audience’s partial
knowledge. As an illustration, Figure 3 shows thia actionA has an effect g;
which is the negation of the goal lite@lWe call this type of a temporary threat as a
threatening link, referring to an action’s effect negating anotstep’s precondition in
the plan. In contrast, the suspense creator est@slissupporting link when an effect
of an action unifies with a precondition of an antin the plan. One effect can have
multiple threatening links or supporting links irsiagle plan. Theotential suspense
of an effect is computed as the supporting link mation subtracted from the
threatening link summation as formalized in HeigiSunction 3.



e e T
c
# I N

- /31 a‘g

p/ T .
g S N

- -
T =—ZZ=—"mT

Figure 3. Threatening links in a story plan. A box represeah action, with its
preconditions on the left and effects on the ri@ulid arrows denote causal links.
Dotted arrows are threatening links which represamtaction’s effect negates a
precondition of other actions.

Heuristic Function 2 (Potential Suspense of an act) h(a, p) returns the
summation ops(e, a, p) whereps(e, a, p) is the potential suspense of the effectf
the actiorain theplanp.

h(a’ p) = Zet]eﬁects(a) pS(e’ a, p)

Heuristic Function 3 (Potential Suspense of an eff§ ps(e, a, p) returns potential
suspense of an effeetof an actiona in a planp, which is the summation of the
potential threat of the's supporting links subtracted from the summatidnthe
potential threat of the's threatening links as formalized as the followaguation.

W, W,

— t S
ps(e, a p) ZtDTIink(e) diSt(dt , p) ZS]Sink(e) diSt(dS, p)

WhereTlink(e) returns all the threatening links of an effectdink(e) returns all
the supporting links o, w; andws are coefficientsg denotes the destination step of
the link I, anddist(s, p) returns a value associated with the causal dist@etween
step a and the goal step of plap. All scaling factors are constrained to be
nonnegative real numbers. In this studist(a, p) returnedd x (d + 1) whered
denotes the distance from an action to the gaal, fhe minimum number of causal
links that relate an action to the goal in a plam)e scaling factorsy, and ws were
assigned 7.0 and 2.0 respectively, and the valubeopredefined thresholf, in the
algorithm shown in Figure 2 is assigned 0.07 i ttudy, determined empirically
from some informal experiments.

3  Evaluation

A number of informal experiments and pilot studiese been carried out to evaluate
partial implementations of the Suspenser frame@®r9]. This section describes the

experiment that we carried out to evaluate thecéffeness of stories that a complete
implementation of Suspenser produces in terms gpemse. The hypothesis for our

study was to test if there was any association &etwthe story generator type

(independent variable) and the suspense leveleoktibries (dependent variable). To
test this hypothesis, the suspense levels amongtthiees produced by a) Suspenser
in high-suspense mode, b) a human author intermledeite high suspense, and c) a
human author intended to create low suspense wenpared to detect a significant

difference among them.



Background
Sykes is the owner of the Hollywood Theater, whiehs once prosperous but has n
become dilapidated and is in need of major renomati Sykes has accrued a sizal

gambling debt, and with his theater in shambledgeno means with which to pay it bag!

He is constantly threatened by his crooked debfiaiset is a famous actress with dream
winning an Oscar, an acting award. She is jealdushe actress Agatha, who is h
contender for the Oscar this year and also is kedwn for her active involvement i
charity. Janet knows a number of scoundrels inolyd guy named Kent, a bomb deal
and the theater owner Sykes. Agatha is in love Bith who serves as a lieutenant in t
Los Angeles Police Department's Serious Crime sqlemtet knows that Agatha is planni
to go to the Charity Bazaar for the Poor to be leldollywood Theater. To ensure that §
will win the Oscar, Janet plans to kill Agatha egrithe charity event.

Storywriter's selection for high suspense effect
Janet and Sykes plan to burn down Sykes' theatggttthe insurance money and kill Agat|
during the charity bazaar. Janet gives Kent's abritdormation to Sykes and informs hi
of Kent's expertise with firebombs. Kent takes anbdo the Hollywood Theater and mee
with Sykes. Sykes purchases the firebomb. Sykdslisighe firebomb. Kent informs BIl
that Sykes is planning to firebomb his own thedigiing the charity event. Agatha goes

the theater for the charity event. Sykes setsithertof the firebomb to explode during the

charity event. Sykes switches on the firebomb. &#hrches for the firebomb in the theat
Bill defuses the firebomb.

The system’s selection for high suspense effect
Kent takes a bomb to the Hollywood Theater and seéth Sykes. Sykes purchases t
firebomb. Sykes installs the firebomb. Bill arrestsnt. Kent informs Bill that Sykes i
planning to firebomb his own theater during therithiaevent. Bill releases Kent for hi
cooperation. Agatha goes to the theater for theitghavent. Sykes sets the timer of t
firebomb to explode during the charity event. Sykestiches on the firebomb. Bill search
for the firebomb in the theateBill defuses the firebomb. Agatha participates in the charity
event.

Storywriter’s selection for low suspense effect
Janet convinces Sykes to participate in her plakilté\gatha by convincing him that if h
participates, he will be able pay off his gamblohgbts. Sykes borrows some money fr
the bank by mortgaging his theater. Sykes buysramae to cover his loss in case of a fi
Janet gives Kent's contact information to Sykes iafmrms him of Kent's expertise wit
firebombs. Kent takes a bomb to the Hollywood Theatnd meets with Sykes. Syk
purchases the firebomb. The lieutenant, Bill, issaevarrant permitting the arrest of Ke
for his illegal weapons dealing. Bill coaxes Kent give information in exchange fa
releasing him. Bill releases Kent for his coopematiAgatha participates in the charity
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Figure 4. Three Juzhets produced fronmFabula C: ltalicized sentences are the portion after

suspense was measu red.

3.1 Method

Participants and design

A total of 98 unpaid subjects voluntarily took partthe experiment, ranging in age

from 20 to more than 50 years old (42 males, 57afes and one no response)
recruited from NCSU communities including recentlyaduated under/gradu

172
ate

students across different departments and 26 froterriet female technical



communities (e.g., Systers.org). All subjects weative-speakers of English. The
study utilized a repeated measured between grosgrdesubjects were randomly

assigned to one of nine subject groups. Thesegraere arranged according to a 3
x 3 Latin Square design to counter-balance theference from different orderings

of stories. From this design, a subject was shoma wersion of each of the three
fabulas.

Materials and apparatus

To obtain an input to Suspenser, we ran CrossbqMatothredabulas. The resulting
plans consisted of partially ordered 18-20 stepghvivere manually linearized, and
each plan was realized as text using a simple &eyphatching technique that
mapped one plan step into a single sentence. Eattidy, we prepared a total of nine
guzhets, by generating threguzhets for eachfabula—one by Suspenser in high
suspense mode and two stories by a human auther.oOtmefabulas and its three
guzhets used in this study are shown in Figure 4. To obt@iman generated stories,
we recruited one Master's student majoring in Esiglat North Carolina State
University, a freelancer writer who had her shtot\ys published in a local newspaper.
She was presented with texts on sheets that desthi threefabulas and their
corresponding measurement points. She then wadl askeselect two series of
sentences for eadlabula: one to arouse high suspense and the other tsalow
suspense from the reader when his suspense lewdd Wwe measured at a given point
in the story. For this study we did not constrdie number of sentences that she
selected. As a result, her two versions of a gidfgred in size within a margin of 2.

Procedure

Each subject individually participated in the stuoly accessing a web site. Each
subject was presented with three stories and waedae rate his suspense levels at
one point in his reading each of the stories. Estony was presented to the subject
sentence by sentence; one page contained onlyemtense and a button click led to
the next page. After reading the portion precedig measurement point displayed
on separate pages, the subject was asked to debisiBuspense level on a five-point
scale basis ranging from “no suspense” to “extrgrsabpenseful.” After responding

to the question, the subject was presented withs¢toend part of the story sentence
by sentence, followed by a page asking generictiumssabout story coherence and
enjoyment on a five-scale basis ranging from “ricléi to “strongly agree.”

3.2 Results

The collected data contained 294 responses frosuBfects. To detect a significant
difference between three story generators, we pagd a one-way ANOVA on the
collected data using SAS version 9.1.3 SP4. Indhilysis, two main effects were
examined: the story generator type andf#ibela type. Each type has three levels.

As shown in Table 1, the data indicated that tbeysgenerator type had an effect
on the suspense level (F(2, 285)=4.27, p value®).0lhe result also shows that the
fabula type had no effect on suspense. No interactioaceffias found between the
fabula type and the story generator type (F(4, 285)=06é&lue=0.622). Despite the
short sample stories, the subjects rated their reequee of suspense is “moderate”



(Mean=2.571/5.0, SD=1.059) on a five-point Likecale. The system performance
was superior to the other story generators in #tegories ofabula B (Mean=2.727,
SD=1.126) andabula C (Mean=2.939, SD=1.088).

A series of standard one-tailed t-tests were tzetmpare the performance of the
three story generators. The results indicate thatstories produced by the system
(Mean=2.704) and the human author intended for biggpense (Mean=2.694) were
rated as more suspenseful than the version productte human author intended for
low suspense (Mean=2.316) with a 99% of confidef®espenser vs. Human-LS
1(194)=2.56, p value=0.006; Human-HS vs. Human{194)=2.50, p value=0.007).

Table.1. Data for Suspense

Means and standard deviations for suspense ingtaghgenerator type (N=98)

Suspenser in the highy  Human author for high | Human author for low
suspense mode suspense suspense
M SD M SD M SD
2.704 1.057 2.694 1.049 2.316 1.060

Means and standard deviations for suspense ingtaghand story generator

Story Generator N M SD

Suspenser 32 2.438 0.914

Fabula A Human-HS 33 2.667 0.890
Human-LS 33 2.303 1.104
Suspenser 33 2.727 1.126

Fabula B Human-HS 32 2.656 1.096
Human-LS 33 2.394 1.144
Suspenser 33 2.939 1.088

Fabula C Human-HS 33 2.758 1.173
Human-LS 32 2.250 0.950

NOTE: Human-HS denotes the human author’s seleati@mded to create high suspense and
Human-LS denotes the human author’s selection die@ho create low suspense.

ANOVA summary table for Suspense

Source DF SS Mean Square| F Value Pr>F
Fabula 2 1.712 0.857 0.76 0.467
Generator| 2 9.571 4.786 4.27 0.015
Fabu|a*Generator 4 2.954 0.738 0.66 0.622
Error 285 319760 1.122




3.3 Discussion

The data clearly show that the story generatorsdmadhfluence on the amount of
suspense that the subjects felt. In particularstbges produced by Suspenser created
stories comparable in suspense to those producédrgn authors intended for high
suspense effect (Suspenser Mean = 2.704; Humanraatended for high suspense
Mean = 2.694). The results also show that the miffee between the suspense levels
felt by the subjects from Suspenser’s story fohksgspense and the human author’s
story for low-suspense was significant with a 99%éanfidence.

To test if Suspenser selects appropriate contanthie effect of suspense, we
investigated the contents of the sjyzhets, and the result indicates that the set of
stories for high suspense effect differed in contenm the set for low suspense effect.
The story created by the system overlapped thatexeby the human author intended
for high suspense in 50%-80% of the total numbestofy sentencegapula A 50%,
fabula B 60%, fabula C 80%). In contrast, the stories created for hégispense
overlapped the story created by the author interfdedow suspense in 20%-30%
(fabula A 20%, fabula B 20%, fabula C 30%). This means that the story event sets
targeting high suspense and the set intended fersispense tend to be mutually
exclusive. The story events that the author salefttelow suspense were not related
to the protagonist’s goals.

To test if the text quality affected the readetsry comprehension, the subjects’
responses to story coherency were also analyzed.d8fa suggest that the text
quality was good enough for the subjects to undaedsthe stories. The participants
evaluated the given stories as relatively cohgifdettn=2.938/5.0, SD=1.031).

4  Conclusion and Future Work

The generation of stories by computers has been folces of research by
computational linguists and Al researchers for svéecades. Although a number of
approaches have shown promise in their abilityenegate narrative, there has been
little research on creating stories for an intendeubtion.

To address this problem, we present a computdtioodel that takes a complete
story world and elaborates a story structure—contéimat can manipulate reader
suspense at a specific point in its telling. In stancting the story structure, this
approach gauges the suspense level that a readét feel by modeling the reader’s
narrative comprehension using a planning technigbés approach takes as input a
partial plan indicating the portion of a story thas been conveyed so far and
computes the reader’s anticipated suspense legeldban the inverse of the number
of solution plans that can be found to the protégtngoals in the space of plans she
can consider within her reasoning resources.

To generate a partial plan that maximizes theeeadguspense, the system takes a
plan as input and selects a set of core eventshthat high causal connectivity and
that also play an important role in the story asidauilding blocks. The partial plan
then is supplemented by harmful actions (e.g., éhdisat conflict with the
protagonist’s goals) that intensify the reader'spainse level. The model has been
implemented and formally evaluated. The data frbenéxperiments have shown this
system to be successful in selecting content thgtsehigh suspense. In particular,
the data show that, in the context of our experisehis model was as effective as a
human author in generating suspenseful stories.



While the results of this study show that Suspengzs effective in generating
suspenseful stories, the design of the experimems dnot allow us to point
conclusively at single reason for its effectivenedsor instance, the plan
representation used in this study did not alloween po have conflicting goals; a plan
structure used in this research was considereduadseolution plan only when it
contains no conflicts. In order to create conffigtisituations—critical conditions for
suspense—the characters’ goals were manually spe¢difoster a compelling story.
As a result, protagonist's and antagonist’s plarerewoften related via causal
relationships. A redesign of the experiment to asmore conflict-expressive plan
representation is needed to better characterizedh@&ibution of the system in the
readers’ level of suspense.

We plan to extend this model to interactive enwinents by expanding previous
related work on narrative replanning techniques; [2@]. Our future work also
includes bidirectional interactions among fabkula, suzhet, and discourse layers. For
example, the technique of postponing story resmutias often been employed for
the effect of suspense in human-authored narratiMas is also computerized in the
MINSTREL system by inserting additional events ttdsetail the protagonist’s
struggles in between the story’s climax and itohgfon [24]. With a bidirectional
interaction model, Suspenser could reviseftthela to include auxiliary events that
situate the protagonist in a seemingly dangerows#tipo upon the request from the
guzhet generator. Likewise, thiabula and thesjuzhet could be adjusted upon request
from the discourse generator. For instance, inifigma scene, the discourse generator
may find no spots to capture a specified shot aefatters due to the physical setting
that the currenfabula provides. Bidirectional interaction would allowetfabula to be
replaced with a nevabula to fix this problem.
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