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Abstract

Weexploreanapproachfor inferringplayerpreferencefunc-
tionsfor interactiveentertainment.Thegoalis to beadaptive
andscalableby extractingthefunctionthroughobservation,
andusinga vocabulary that canbe understoodby gameau-
thorsratherthandependuponthe quirks of individual play-
ers.We demonstrateour approachfor a numberof simulated
playersin two simulatedgameenvironmentsandpresentre-
sultsfrom aninitial feasibility study.

Intr oduction
Thereis a growing bodyof literatureon usingdramaman-
agers to guideplayersthroughgameenvironmentsin a nar-
ratively consistentway. Dramamanagementhaslargely fo-
cusedon the intent of the authorrather than the goalsof
players. In this paper, we considerevaluatingsatisfaction
by estimatinga functionof theplayer's preferencesthrough
observedbehavior. Wedonotcharacterizeaplayer'sbehav-
ior exactly, justestimatepreferencesbasedon thatbehavior.
Therearemany typesof gameplayers(Bartle1996);how-
ever, recognizingplayertypesandcharacterizingeachtype's
preferencesareorthogonalproblems.

De�ning the form of the preferencefunction is not
straightforward. Playersarenot typically familiar with for-
mal gameanalysisandaremorelikely to describetheir ex-
periencesin termsof the goals they were able to achieve
or the emotionalconnectionsthey felt with the characters.
Differentplayerswill alsochoosedifferentwaysto describe
their satisfaction. By contrast,gameauthorsare familiar
with analysisandgamerhetoric. Thus,we turn to the vo-
cabularyof theauthorasaunifying language.

We make two basic assumptions: (1) players have
speci�c—albeit tacit—preferencesthat guide their interac-
tion with thegameenvironment,and(2) playersatisfaction
correspondsto therealizationof thosepreferences.For the
purposesof our analysis,we furtherassumethat it is possi-
ble to observe theplayerinteractingwith agamerepeatedly.

Our basicgoal is to understandhow to modelplayersat-
isfactionusinganauthor's vocabulary andobservationsof a
player'sbehavior. If thiswork is successful,weplanto inte-
grateadaptive preferencemodelsinto existing dramaman-
agementtechniques.The result will be a dramamanager
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that guidesplayersaccordingto the author's intent but can
tailor thoseexperiencesto theplayer's speci�c preferences.

In thenext section,weprovideabriefoverview of Declar-
ative Optimization-BasedDrama Management. We then
presentdetailsof our approach,including player typeswe
considerandan algorithmfor estimatingplayerevaluation
functionsusinganauthor-centricvocabulary. Wepresentthe
resultsof anempiricalevaluationof our systemon a simu-
latedstoryenvironment.Finally, we situatethis work in the
literatureanddescribethechallengesthatremain.

Background

Declarative Optimization-based Drama Management
(DODM) is a formalismfor dramamanagementbasedon:
a setof importantplot eventswith precedenceconstraints;
a set of dramamanageractions that in�uence the game
environmentand/ortheplayer;a stochasticmodelof player
behavior and a speci�cation of authorial intent in the
form of an evaluation function (Nelson& Mateas2005a;
Nelsonetal. 2006a;2006b).

An evaluation function encodesthe author's story aes-
thetic. Theauthorsimply speci�esthecriteriausedto eval-
uatea givenstory, annotatesplot pointswith any necessary
information(suchas their locationor the subplotthey ad-
vance),andthe dramamanagertries to guidethe story to-
wardsonethatscoreswell accordingto thatfunction. In the
processof doing so, it makescomplex tradeoffs—dif�cult
for anauthorto manuallyspecifyin advance—amongpos-
sibly con�icting authorialgoals(asspeci�edby components
of theevaluationfunction), taking into accounttheplayer's
actionsandincorporatingtheminto thedevelopingstory.

Generallyspeaking,there is a commonvocabulary for
de�ning authorialgoalsusinga small setof story features
thatcanbeusedto describemostnarrativeexperiencesfrom
theauthor's perspective. To make weightingvariousautho-
rial goalsstraightforward,all featuresrangefrom 0.0to 1.0,
soanauthorcanspecifyanoverall evaluationfunctionasa
weightedcombinationof the features.Seven featureshave
beenstudiedin earlierwork (Nelsonetal. 2006a).

Location �ow is a measureof spatiallocality of action:
Themorepairsof plot pointsthatoccurin thesamelocation,
thehigherthescore.Thisfeatureis basedonajudgmentthat
wanderingconstantlyaroundtheworld is undesirable.



Thought �ow measurescontinuity of the player's (as-
sumed)thoughts,asspeci�ed by anoptionalthoughtanno-
tationonplot points.Thisfeatureprefersveryshortsnippets
of coherent“sub-subplots”; for example, get safecombo
anddiscover safearebothannotatedwith the thoughtsafe,
so the thought-�ow featurewould preferplots in which the
player�nds thesafeandthenlooksfor thecombination(or
viceversa),ratherthan�nding thesafe,gettingdistractedby
somethingelse,andthen�nding thecombinationlater.

Motivationmeasureswhetherplot pointshappenedapro-
pos of nothing, or happenedafter other motivating plot
points.For example,�rst �nding theobservatoryandnotic-
ing that the telescopeis missinga lenswould make open-
ing thepuzzlebox and�nding a lenswell-motivated,while
openingthe puzzlebox without having found the observa-
tory wouldmake thediscoveryof thelensun-motivated.

Plot mixing measureshow much the initial part of the
storyincludesplot pointsfrom multiplesubplots.Onemight
wanttheplayerto exploretheworld in thebeginning,rather
than�nding oneof theplot sequencesandgoingstraightto
oneof theendings.

Plot homingis a counterpartto plot mixing. It measures
to whatextentthelatterpartof thestoryincludesplot points
from thesamesubplot.While wemaynotwanttheplayerto
movedirectly to onesubplotand�nish thegameright away,
we probablydo want her to eventually follow a coherent
story, rather than continually oscillating betweensubplots
andthenstumblingupononeof theendings.

Choicesis ameasureof how muchfreedomtheplayerhas
to affect what thenext plot point will be. Thegoal is to al-
low theplayerasmany choicesof actionat any given time
aspossible,ratherthanachieving ahighly-ratedstorysimply
by forcing theplayerinto one.Without this feature,adrama
managermight linearizethestory, makingthebeststoryas
judgedby theotherfeaturestheonly possiblestory, defeat-
ing the purposeof an interactive experience. This feature
canbeseenasa way of tradingoff just how muchguidance
thedramamanagershouldgive theplayer.

Manipulativity is a measureof how obvious the drama
manager's changesin the world are. The authorspeci�es
amanipulativity scorefor eachDM action,encodinga judg-
mentof how likely thatactionis to benoticedby theplayer
assomethingdrivenby themanager. A hint to go througha
door(e.g., by having theplayerhearsomeonetalking in the
next room) might be judgedlessmanipulative thanforcing
theplayerto enteradoor(e.g., by lockingall otherdoors).

Although thesefeaturessometimerefer to the stateof
mind of theplayer, they have not beenusedto describedi-
rectly a story from a player's perspective. Part of our goal
is to determineif thesefeaturescanbe usedto estimatea
player's preferencefunction.

Our Approach
In this section,we describeour approachto characterizing
playersatisfaction. Recall that we make two assumptions.
First, we assumethat playershave preferencesthat guide
their interactionwith the environment (even though they
may not be able to articulatethosepreferences).Second,

weassumethatthemorepreferencestheplayersatis�es,the
moreenjoymentthey derivedfrom theexperience.

Eliciting preferencesfrom humanscanbe very dif�cult,
sowe insteadtry to observe playerpreferences.We have a
languagefor describingstory quality in termsof story fea-
tures, so we attemptto constructan estimateby learning
weightsof a linear evaluationfunction over thosefeatures.
Othermodelsarepossible,but a linear function is simple.
We leavemorecomplicatedmodelsfor futureinvestigation.

Algorithm 1 detailsthis approach.All features,weights,
and functionsassociatedwith the authorwill be given an
“a” superscript;all features,weights,and functions,asso-
ciatedwith the playerwill be given a “p” superscript;and
all estimatedweights and functions will be marked with
a “~”. For example,an estimatedplayer evaluation func-
tion de�ned over authorfeatureswould be representedas:
~ep(t) =

P F
i =1 ~wp

i � f a
i (t) (asin Line 5 of Algorithm 1).

Algorithm 1 Comparingactualto estimatedplayerevalua-
tionsandto authorsevaluations.
1: Fix aplayerevaluationfunctionep (t) =

P F
i =1 wp

i � f p
i (t).

2: Convert the evaluation function ep (t) to a player model
P (t0ja; t) by consideringlocally greedybehavior.

3: Samplea setof completegametracesT p without the useof
thedramamanager.

4: Converteachtracein T p to its featurevectorrepresentation.
5: Estimatethe weightsof a playerevaluationfunction de�ned

overauthorfeatures~ep (t) =
P F

i =1 ~wp
i � f a

i (t) usingthestories
in T p .

6: Plot a histogramof story evaluationquality to frequency for
every t 2 T p usingea (t), ep (t), and~ep (t).

7: Learna DM policy for P (t0ja; t) andsamplea setT of com-
pletegametracesusingit.

8: Plot a secondhistogramof story evaluation quality to fre-
quency for every t 2 T usingea (t), ep (t), and~ep (t).

To runourexperiments,we �rst chooseaplayertypeand
useit to constructa player model (detailsof this process
arepresentedin thenext section).Oncetheplayermodelis
�x ed, it is usedto samplea setof storieswithout a drama
manager. Becausethe player is allowed to act on her own
without any in�uence from a dramamanager, we assume
thatthissetof sampledstoriesis arepresentationof how the
playerwishesto behave in thegame.Thesestoriesarethen
convertedto a featurerepresentationand the frequency of
eachinstantiationof a featurevectoris usedasthemeasure
of its desirability. In otherwords,we assumethat themore
oftena certaincombinationof featuresoccurs,themorede-
sirableit is to the player. Thus,we usethe featurevector
instantiationsandfrequenciesasinput for aregressionprob-
lem. Then,a DM policy is learnedfor the speci�c player
modelandwesampleanothersetof storiesusingtheDM to
determinehow well theplayerwould besatis�ed underthe
DM thatoptimally representstheauthor's intent.1

1We solve for this stochasticpolicy usingTargetedTrajectory
DistributionMDPs(TTD-MDPs).A completediscussionof TTD-
MDPsis well beyondthescopeof thispaper. Theinterestedreader
is referredto (Robertsetal. 2006;Bhatetal. 2007).



Player Modelsand Evaluation Functions
In this work, we considerthreebasicplayertypes: (1) the
fully cooperative playerwho hasthesameevaluationfunc-
tion asthe author;(2) the partially cooperative playerwho
sharesthe samesetof featureswith the author, but hasher
own setof weights;and(3) theindependentplayerwho has
herown setof featuresandweights.

The independentplayerhasmany subtypes:an explorer
who likesto visit asmuchof thestoryworld aspossible;a
non-explorer who doesnot; a habitualplayerwho tendsto
preferthesamesubsetof plot pointsstrongly;asocialplayer
who prefersplot pointscenteredaroundothercharacters;a
non-socialplayerwho doesnot; anda playerwho likesto
accumulateobjectsandprefersplot pointsbasedonobjects.

Eachindependentplayertypede�nesasetof weightsover
player-speci�c storyfeatures.Someof theseplayerspeci�c
featuresaresimilar to thoseof theauthor. For example,the
author's Choicesfeaturecanbe adaptedto the player that
enjoys exploring the gameworld. We have selecteda set
of featuresfor this evaluationthatwe feel areusefulin de-
scribingthebehavior of someintuitiveplayertypes.It is not
intendedto beanexhaustivesetof features.Yannakakisand
Hallmanhave worked on measuringplayersatisfactionby
observingandextractingfeaturesof their behavior external
to the game(like heartrate)(Yannakakis& Hallam 2007).
In contrastto thatwork, we usefeaturesthatareinternalto
the game. Here,we de�ne the playerspeci�c featuresthat
donotcorrelatewell with theauthor's features.

Locationis ameasureof thenumberof uniquelocationsa
playerhasvisited.Thisallowsexplorersto discoverasmany
new placesaspossible.

Social Interaction measuresthe amountof interactiona
playerhaswith non-playercharacters.

Habits indicatethata playerprefersa speci�c setof plot
points.This is annotatedin theplot pointsthemselves.

ObjectDiscoverymeasuresthenumberof objectsaplayer
hasdiscovered.Objectsincludeonestheplayercanpick up
andthosepermanently�x edin aspeci�c location.

Note that thesefeaturesarenot mutually exclusive even
for our basicplayers. For example,the socialplayermay
still apply weight to ObjectDiscovery becausehaving cer-
tain object may provoke discussionwith a character. As
mentionedabove,thissetof featuresis notintendedto beex-
haustive;however, it is intendedasastartingpointby which
wecanjudgethefeasibilityof thisapproach.

In orderto turntheplayerevaluationfunctionintoaplayer
model,P(t0ja; t), weassumetheplayeractsin agreedyway.
At everydecisionpoint,theplayerevaluatesthepartialstory
thatconsistsof theplot pointsencounteredthusfar andone
of thepossiblenext plot pointsto obtaina score.Scoresare
thenconvertedto a distribution andthe playerchoosesthe
subsequentplot pointaccordingto thatdistribution.

Estimation
As notedabove,we areinterestedin estimatingtheweights
of a linear evaluationfunction using a set of stories. Un-
fortunatelythereareasuper-exponentialnumberof possible
stories.Evenwith thousandsof samples,we areunlikely to
seeeachstorymorethanonceor twice.

Recallthattheauthorde�nesasetof featuresfor describ-
ing stories.Therefore,we canconsidera story t to be rep-
resentedby a vector~v(t) = [f p

1 (t); f p
2 (t); : : : ; f p

F (t)]. To
overcomethesparsityproblem,weopt to considerstoriesas
a vectorof featuresratherthanastrajectoriesof plot points.
Thus,multiple storiesare representedby the samefeature
vector, giving usmoreapparentsamples.

In practice,this is nota completesolution.We foundthat
therewerestill a relatively large numberof featurevectors
thatappearedonly afew times.Thus,wefurtherabstracteda
storyinto a “binned” featurevector. Speci�cally, if wewant
bbinsandtheevaluationof aparticularfeatureis f p

i (t), then

thebinnedvalueis bf p
i ( t ) �bc

b . For theexperimentspresented
below, weuse10bins.Thesystemof equationsis:

"
r ( ~v1 )
r ( ~v2 )

� � �
r ( ~vn )

#

=

"
f a

1 ( t 1 ) f a
2 ( t 1 ) � � � f a

F ( t 1 )
f a

1 ( t 2 ) f a
2 ( t 2 ) � � � f a

F ( t 2 )
� � � � � � � � � � � �

f a
1 ( t n ) f a

2 ( t n ) � � � f a
F ( t n )

#

�

"
w p

1
w p

2
� � �
w p

n

#

(1)

wherer (~vi ) is thenumberof occurrencesof featurevector
~vi , f a

i (t j ) is the featureevaluationof a story t j that pro-
ducesfeaturevector ~vj , andwp

i is the weight of featurei .
Rewriting Equation1 as ~R = ~F � ~W thebestweightsare:

fW = ( ~F T ~F ) � 1 ~F T ~R

Characterizing Success
In existing work using this drama managementformal-
ism, one presentsresults as histogramsover story qual-
ity (Weyhrauch1997;Lamstein& Mateas2004;Nelson&
Mateas2005b;2005a;Nelsonet al. 2006a;2006b). A set
of storiesareevaluatedaccordingto theauthor's evaluation
functionandtheresultsareplottedwith theevaluationresult
astheindependentvariableandthefrequency of evaluation
asthedependentvariable.Comparingthehistogramof non-
dramamanagedstoriesto thehistogramof dramamanaged
storiesshouldresultin ashift upandto theright.

Here,we would like similar results;however, we arenot
necessarilylooking for the samepositive shift. Instead,
we seekto show that the changein the shapeof the his-
togramfor theestimatedevaluationfunctionmirrorsthatof
thechangein shapeof theplayer'sactualevaluation,regard-
lessof thedirectionof thatchange.

Results
We conducteda numberof experimentson two different
story worlds. First, we consideredthe simulatedstory Al-
phabetCity originally studiedby Robertsetal. (2006).Sec-
ond, we examinedan abstractionof a subsetof the text-
basedinteractive �ction Anchorhead. For eachof theexper-
iments,we used5,000storiesfor evaluation. Additionally,
theresultswepresentareanaverageover 10 trials.

First we considerexperimentsconductedon Alphabet
City wheretheplayersharesthesamesetof featuresasthe
author. In Figure 1, we plot the quality distribution for a
player that is completelycooperative with the author(e.g.
hasthesameexactevaluationfunction). We have addedan
offsetto theplayer'scurvesto distinguishthemfrom theau-
thor's curves as their shapesare identical. Notice how in



 0

 0.02

 0.04

 0.06

 0.08

 0.1

 0.12

 0.14

 0.16

 0.18

 0.2

 0  0.1  0.2  0.3  0.4  0.5  0.6  0.7  0.8  0.9  1

F
re

qu
en

cy

Evaluation

The Cooperative Player in Alphabet City

NoDM:author
DM:author

NoDM:player estimate
DM:player estimate
NoDM:player actual

DM:player actual

Figure 1: Comparisonof the author's, player's, and estimated
quality distribution for a playerwith thesameevaluationfunction
astheauthorin AlphabetCity. Notethatanoffsethasbeenadded
betweentheplayerandauthorcurvesto distinguishthem.
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Figure 2: Comparisonof the author's, player's, and estimated
quality distribution for a playerwith the samesetof featuresbut
adifferentsetof weightsthantheauthoronAlphabetCity.

this case,thereis a cleardifferencein theestimatedcurves:
thecurve with dramamanagementis noticeablylower than
thecurve without dramamanagementin thehigh endof the
evaluationrangeand vice versein the low end. Unfortu-
nately, this pointsout that even whenthe playersharesthe
evaluationfunction of the author, the estimateis not par-
ticularly accurate;however, themagnitudeof thedifference
betweenthecurvesis signi�cant. As weshallseebelow, this
is a recurringaspectof thismodel.

In Figure2, we presentresultsfor a playerwith thesame
setof featuresasthe author, but a differentsetof weights.
In this case,thedistribution accordingto theplayer's actual
evaluationbearslittle resemblanceto theauthor's; addition-
ally, noticethat,althoughlesspronouncedthanin Figure1,
a similar “positive” shift is observable in the distribution
of authorevaluationswith andwithout thedramamanager.
On the otherhand,the changebetweenthe player's distri-
bution of evaluationswith andwithout dramamanagement
is almostimperceptible.In this experiment,we found that
thedifferencebetweenthedistributionoverestimatedplayer
quality with andwithout thedramamanageris actuallysig-
ni�cantly closerthanbefore. This is encouragingbecause
theplayer's actualevaluationchangesvery little aswell.

Next, we considerthe resultsof experimentsconducted
on Anchorhead.Figure3 shows thehistogramsfor experi-
mentsusingthe non-exploring player. Note that the useof
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Figure 3: Comparisonof the author's, player's, and estimated
qualitydistributionfor thenon-exploringplayerontheAnchorhead
“god” subplot.
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Figure 4: Comparisonof the author's, player's, and estimated
qualitydistributionfor aplayerwith thesamefeaturesbut different
weightsthantheauthoron theAnchorhead“god” subplot.

the dramamanagerin this caseactuallyproducesa “nega-
tiveshift” in thedistributionsaccordingto theauthor'seval-
uation function. This behavior is not unexpected. It can
beexplainedby the“f alling off ” phenomenondiscussedby
Robertsetal. (2006).It is alsointerestingtonotethattherel-
ative shapeof the distributionsaccordingto theauthorand
playerarevery similar despitethe fact that their evaluation
functionsarede�ned overadifferentsetof features.

Figure 3 alone is interesting; however, consideredto-
getherwith Figure 4 wherethe resultsof the experiments
conductedusingtheplayerwith thesamesetof featuresin
Anchorheadarepresented,webegin to seesomeinteresting
behavior. First,noticein Figure4 thattheshapeandrelative
positionof theauthor's curvesaresimilar. Additionally, in
contrastto the previous �gure, noticethat the differencein
shapeandpositionof theplayer'sactualevaluationcurvesis
muchmoresigni�cant thanin previousexperiments.Bear-
ing thatin mind,comparetheshapeandrelativepositionsof
the estimatedcurveswith andwithout dramamanagement
in Figures3 & 4. In Figure3, wherethedifferencebetween
theplayercurvesis lessnoticeable,thedifferencein thees-
timatedcurvesis alsoslightly lessnoticeable.On theother
hand,in Figure4, wherethe differencebetweenthe player
curves is morenoticeable,the differencebetweenthe esti-
matedcurvesis alsoslightly morenoticeable.

To explore this relationshipfurther, we comparethe es-
timatedcurvesfor the non-exploring playerandthe player
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Figure5: Comparisonof theestimatedqualitydistribution for the
non-exploring playerandthe playerwith the samesetof features
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with the samefeaturesin Anchorheadin Figure5. This is
a moredetailedcomparisonof theestimatedcurvesin Fig-
ures3 & 4. As notedbefore, the differencebetweenthe
player's curvesis morepronouncedfor the playerwith the
samesetof featuresthanit is for thenon-exploringplayer. In
comparingtheassociatedestimatedcurvesin this �gure, we
seethat this morepronounceddifferenceis alsoobservable
in theestimatedcurves.

RelatedWork
Spacedoesnot permit a thoroughreview of the growing
body of literature on dramamanagement.We direct the
readerto the cited work on DODM or TTD-MDPs, andto
Mateas(1999)andRoberts& Isbell (2007)for surveys.

With respectto incorporatingplayer preferencesin a
dramamanagementsystem,therehasbeensomerecentef-
forts, suchas that of Sharmaet al. (2007). In that work,
a case-basedreasoningapproach2 is usedto model“player
preference.” Theauthorssettheirmodelapartfrom themod-
elsof “playerbehavior” thatarethebasisof work onDODM
andTTD-MDPs. During gameplay, they identify relevant
preferencemodelsin their “casebase”by consideringthe
sequenceof plot points that have occurred. Eachof these
modelshasa preferencescorethat is usedto characterize
quality from theplayer's perspective. This preferencescore
is obtainedthroughactualplayerevaluationperformedaf-
ter anepisodeof gameplay. Additionally, thequality of the
matchbetweenthe currentplayerand the model from the
casebaseis usedto skew the dramamanager's decisionto
includebothauthorialintentandplayerevaluation.

This approachto dramamanagementappearsto be the
only onethatexplicitly targetsplayerpreference.Although
promising,it hasseveraldrawbacks.Accurateelicitationof
player preferencethroughquestionscan be tricky at best.
Further, playerpreferencemay be non-stationaryandnon-
transferable(e.g., the player may changeher preferences
acrossepisodesandoneplayer's preferencesmaynot accu-
rately modelanother's). Lastly, evaluatingthe approachis

2Case-basedreasoningis a “lazy” methodfor functionapprox-
imation. It storespreviously seenexamplesandusesthoseto con-
structestimatesfor new ones.The interestedreaderis directedto
Kolodner& Leake'stutorialfor amorethoroughdiscussion(1996).

dif�cult. If a playerreportsa goodexperience,it is dif�cult
to tell if thecauseis thedramamanager, theauthorhaving
speci�ed a good narrative, or the player just being overly
nice. In our work, we seekto avoid this complicationby
providing acomputationalapproachto evaluatingquality.

As for evaluation, therehasbeenlittle work donewith
respectto dramamanagement.Oneapproachindependent
of a dramamanageris that of Sweetser& Wyeth (2005).
They proposea framework for modelingplayersatisfaction
in gamesthatis basedon“game�o w.” Theirmodelhaseight
corefeaturesfrom gamerhetoricliteraturethatareintended
tocharacterizeplayerexperiences:concentration,challenge,
playerskills, control,cleargoals,feedback,immersion,and
socialinteraction.While this modelis compatiblewith our
approachto evaluation,it is designedspeci�cally for game
analysis. In otherwords, it is designedto be a subjective
criteria for experts to useas an evaluationframework for
games.In thatsense,it is apredictive modelof playersatis-
faction,notadescriptivemodelasweseekto build. Still, the
featuresusedin thatwork couldbeusedto estimateaplayer
evaluationfunctioninsteadof theauthor-de�nedfeatureswe
usedhere.It remainsto beseenhow to provide a computa-
tionalrepresentationof someof theirfeatures,suchasplayer
skills. In additionto thiswork, Malonehasproposedasetof
heuristicsfor designing“fun” instructionalgames(1980).

In her thesis,Federoff (2002)providesa broadsurvey of
other approachesto designinggameexperiencesto maxi-
mize player satisfaction. Sheclassi�es the literature into
threecategories:(1) interfacecontrolsanddisplay;(2) game
mechanicsandinteraction;and(3) gameplay problemsand
challenges.Eachof thesecategoriesis focusedon system
design,andnot authorialquality. In this work, asin thatof
Sweetser& Wyeth,we seekto describethesatisfactionthe
playerderivesfrom thenarrative qualityof thegame.

Discussionand Futur eWork
Onepotentialproblemwith this work is theneedto have a
large numberof samplesto performregressionaccurately.
This canbeespeciallydif�cult whenthesesamplesmustbe
obtainedfrom an actualhumanplayer. Fortunately, there
aresomestrategiesfor addressingtheseconcerns.First,we
would liketo conductexperimentsto determinethesensitiv-
ity of this approachto the numberof sampledstoriesused
asinput for regression.Additionally, webelievewecanfur-
ther reducethis burdenby consideringthe local decisions
of the player; that is, we could look at the individual plot
points,ratherthanstories,andtry to estimatea functionof
their featurevaluesbasedon the frequency of occurrences.
As it is asimplermodel,it requiresfewersampledstories.

Using frequency asthe target for regressionrevealsthat
the useof the DM steersthe player away from their nor-
mal habits. Unfortunately, this approachdoesnot allow us
to characterizethe quality of that shift. In the casewhere
the player hasthe sameevaluationfunction as the author,
onecanseea large shift in quality; however, the direction
of thatshift appearsto beoppositeof whatwewouldexpect
becauseany in�uence exertedby theDM will appearto be
negative in termsof the estimatedcurve, as it will change
the frequency of featureoccurrencesin a setof stories. In



futurework, we plan to examinetechniquesthatwill allow
usto overcomethis limitation. Speci�cally, ratherthanlook
at thefrequency of completestories,weplanto leveragein-
formationfrom local decisions.For example,if the player
frequentlytakes transitionsto plot points that preserve lo-
cation �o w, we cantry to learna modelof the player that
weightsthatfeaturemoreheavily.

As notedbefore,playerpreferencescanbenon-stationary.
For example,oncethe playerhasfully explored the game
environment,shemayhonein on certainpartsof thegame
experiencethatsheliked.Thus,any attemptto takeuserbe-
havior into account—especiallyacrossrepeatedplay—must
usesomeform of onlineadaption.Webelieve thatconsider-
ing localdecisionswill beimportantin realizingthisgoal.

In addition, oncewe have honedour approachand are
betterableto mirror the qualitative shift in the player's ac-
tualevaluationfunctionusingourestimatedevaluationfunc-
tion, we plan to incorporatethis into the dramamanager's
decisionmaking.Consideringacombinationof theauthor's
evaluationandtheplayer'sevaluationin �xing thetargetdis-
tribution for TTD-MDPs will allow a policy to be learned
thatcanmake thetrade-off betweenauthorialintentandthe
player's autonomyto pursueherown goals.

Finally, weintendto runaseriesof userstudiesto validate
theassumptionswehavemadeaboutplayerpreferencesand
playersatisfaction.
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