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Abstract

We exploreanapproactor inferring playerpreferencéunc-
tionsfor interactve entertainmentThegoalis to beadaptive
and scalableby extractingthe functionthroughobsenation,
andusinga vocalulary that canbe understoocby gameau-
thorsratherthandependuponthe quirks of individual play-
ers.We demonstrateur approactor a numberof simulated
playersin two simulatedgameervironmentsand presentre-
sultsfrom aninitial feasibility study

Intr oduction

Thereis a growing body of literatureon usingdramaman-
agers to guideplayersthroughgameervironmentsin a nar
ratively consistentvay. Dramamanagemerhaslargely fo-
cusedon the intent of the authorratherthan the goals of
players. In this paper we considerevaluating satisaction
by estimatinga functionof the player's prefeenceshrough
observedehavior We donotcharacteriza playersbeha-
ior exactly, just estimatepreferencebasednthatbehaior.
Therearemary typesof gameplayers(Bartle 1996); how-
ever, recognizingplayertypesandcharacterizingachtype's
preferenceareorthogonalproblems.

De ning the form of the preferencefunction is not
straightforvard. Playersarenot typically familiar with for-
mal gameanalysisandaremorelikely to describetheir ex-
periencesn termsof the goalsthey were able to achieve
or the emotionalconnectionghey felt with the characters.
Differentplayerswill alsochoosdlifferentwaysto describe
their satishction. By contrast,game authorsare familiar
with analysisand gamerhetoric. Thus,we turn to the vo-
calulary of theauthorasa unifying language.

We malke two basic assumptions: (1) players have
speci c—albeit tacit—preferencethat guide their interac-
tion with the gameenvironment,and(2) playersatisfction
correspondso the realizationof thosepreferencesFor the
purpose®f our analysiswe furtherassumehatit is possi-
ble to obsenre theplayerinteractingwith agamerepeatedly

Our basicgoalis to understandhow to modelplayersat-
isfactionusinganauthors vocalulary andobsenationsof a
playersbehaior. If thiswork is successfulywe planto inte-
grateadaptve preferencemodelsinto existing dramaman-
agementechniques. The resultwill be a dramamanager
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that guidesplayersaccordingto the authors intent but can
tailor thoseexperiencedo the player's speci c preferences.
In thenext sectionwe provide abrief overview of Declar
ative Optimization-Basedrama Management We then
presentdetailsof our approachjncluding playertypeswe
considerand an algorithmfor estimatingplayer evaluation
functionsusinganauthorcentricvocahulary. We presenthe
resultsof an empiricalevaluationof our systemon a simu-
latedstory ervironment.Finally, we situatethis work in the
literatureanddescribethe challengeghatremain.

Background

Declaratve Optimization-based Drama Management
(DODM) is a formalismfor dramamanagemenbasedon:
a setof importantplot eventswith precedenceonstraints;
a set of dramamanageractionsthat in uence the game
ervironmentand/orthe player;a stochastianodelof player
behaior and a speci cation of authorial intent in the
form of an evaluationfunction (Nelson& Mateas2005a;
Nelsonetal. 2006a;2006b).

An evaluation function encodesthe authors story aes-
thetic. The authorsimply speci esthe criteriausedto eval-
uatea given story, annotateplot pointswith ary necessary
information (suchastheir location or the subplotthey ad-
vance),andthe dramamanageitries to guide the story to-
wardsonethatscoresvell accordingo thatfunction. In the
processof doing so, it makes complex tradeofs—dif cult
for anauthorto manuallyspecifyin advance—amongos-
sibly con icting authorialgoals(asspeci edby components
of the evaluationfunction), taking into accountthe players
actionsandincorporatinggheminto thedevelopingstory.

Generallyspeaking,thereis a commonvocahulary for
de ning authorialgoalsusinga small setof story features
thatcanbeusedto describemostnarratize experiencegrom
the author’s perspectie. To make weightingvariousautho-
rial goalsstraightforvard,all featuresangefrom 0.0to 1.0,
soanauthorcanspecifyan overall evaluationfunctionasa
weightedcombinationof the features.Seven featureshave
beenstudiedin earlierwork (Nelsonetal. 2006a).

Location ow is a measureof spatiallocality of action:
Themorepairsof plot pointsthatoccurin thesamedocation,
thehigherthescore.Thisfeatureis basednajudgmenthat
wanderingconstantlyaroundthe world is undesirable.



Thought ow measurescontinuity of the players (as-
sumed)thoughts,asspeci ed by an optionalthoughtanno-
tationon plot points. Thisfeatureprefersvery shortsnippets
of coherent“sub-subplots”; for example, get safecombo
anddiscover_safeare both annotatedvith the thoughtsafe
sothethought- ow featurewould preferplotsin which the
player nds the safeandthenlooksfor the combination(or
viceversa) ratherthan nding thesafe,gettingdistractedy
somethingelse,andthen nding thecombinationater

Motivation measuresvhetherplot pointshappenepro-
pos of nothing, or happenedafter other motivating plot
points. For example, rst nding the obsenatoryandnotic-
ing that the telescopéds missinga lenswould make open-
ing the puzzlebox and nding alenswell-motivated,while
openingthe puzzlebox without having found the obsena-
tory would make thediscovery of thelensun-motiated.

Plot mixing measureshov much the initial part of the
storyincludesplot pointsfrom multiple subplots.Onemight
wanttheplayerto exploretheworld in thebeginning, rather
than nding oneof the plot sequenceandgoing straightto
oneof theendings.

Plot homingis a counterparto plot mixing. It measures
to whatextentthelatter partof thestoryincludesplot points
from thesamesubplot.While we maynotwanttheplayerto
move directly to onesubplotand nish thegameright away,
we probably do want her to eventually follow a coherent
story, ratherthan continually oscillating betweensubplots
andthenstumblingupononeof theendings.

Choiceds ameasuref how muchfreedomthe playerhas
to affect whatthe next plot pointwill be. The goalis to al-
low the playerasmary choicesof actionat ary giventime
aspossibleratherthanachiezing ahighly-ratedstorysimply
by forcing the playerinto one.Withoutthis feature,adrama
managemight linearizethe story, makingthe beststory as
judgedby the otherfeatureshe only possiblestory, defeat-
ing the purposeof an interactve experience. This feature
canbeseenmasaway of tradingoff justhow muchguidance
thedramamanageshouldgive the player

Manipulativity is a measureof how obvious the drama
manages changedsn the world are. The authorspeci es
amanipulatvity scorefor eachDM action,encodingajudg-
mentof how likely thatactionis to be noticedby the player
assomethingdriven by the managerA hint to go througha
door(e.g., by having the playerhearsomeonealking in the
next room) might be judgedlessmanipulatve thanforcing
theplayerto enteradoor(e.g., by locking all otherdoors).

Although thesefeaturessometimerefer to the state of
mind of the player they have not beenusedto describedi-
rectly a story from a player's perspectie. Part of our goal
is to determineif thesefeaturescanbe usedto estimatea
players preferencdunction.

Our Approach

In this section,we describeour approachto characterizing
playersatishction. Recallthat we make two assumptions.
First, we assumethat playershave preferenceghat guide
their interactionwith the ervironment (even though they
may not be able to articulatethosepreferences).Second,

we assumehatthemorepreferencetheplayersatis es,the
moreenjoymentthey derivedfrom theexperience.

Eliciting preferencesrom humanscanbe very dif cult,
sowe insteadtry to obsere playerpreferencesWe have a
languagefor describingstory quality in termsof story fea-
tures, so we attemptto constructan estimateby learning
weightsof a linear evaluationfunction over thosefeatures.
Othermodelsare possible,but a linear function is simple.
We leave morecomplicatednodelsfor futureinvestigation.

Algorithm 1 detailsthis approach.All featuresweights,
and functionsassociatedvith the authorwill be given an
“a” superscriptall featuresweights,and functions,asso-
ciatedwith the playerwill be givena“p” superscriptand
all estimatedweights and functionswill be marked with
a“~. For example,an estimatedplayer evaluation func-
tion de rlyad over authorfeatureswould be representeas:

e(t) = iF:l wP f2(t) (asin Line 5 of Algorithm 1).

Algorithm 1 Comparingactualto estimatedblayerevalua-
tionsandto authorsevaluations. _
1: Fix aplayerevaluationfunctione® (t) = " FowP fR(t).
2: Corvert the evaluation function e°(t) to a player model
P (t%a; t) by consideringocally greedybehaior.
3: Samplea setof completegametracesT® without the useof
thedramamanager
4: Converteachtracein TP to its featurevectorrepresentation.
5: Estimatethe weightsof a plsyer evaluationfunction de ned
overauthorfeature®®(t) = T_, w’ f2(t) usingthestories
inTP,
6: Plot a histogramof story evaluationquality to frequeng for
everyt 2 TP usinge®(t), €°(t), ande®(t).
7: Learna DM policy for P (t%a;t) andsamplea setT of com-
pletegametracesusingit.
8: Plot a secondhistogramof story evaluation quality to fre-
gueng for everyt 2 T usinge?(t), €°(t), ande(t).

To runour experimentswe rst choosea playertypeand
useit to constructa player model (details of this process
arepresentedn the next section).Oncethe playermodelis
X ed, it is usedto samplea setof storieswithout a drama
manager Becausehe playeris allowed to acton herown
without ary in uence from a dramamanagerwe assume
thatthis setof sampledstoriesis arepresentationf how the
playerwishesto behae in the game. Thesestoriesarethen
corvertedto a featurerepresentatiomnd the frequeng of
eachinstantiationof a featurevectoris usedasthe measure
of its desirability In otherwords,we assumehatthe more
oftena certaincombinationof featuresoccurs the morede-
sirableit is to the player Thus, we usethe featurevector
instantiationandfrequenciegsinput for aregressiorprob-
lem. Then,a DM policy is learnedfor the speci c player
modelandwe sampleanothersetof storiesusingthe DM to
determinehow well the playerwould be satis ed underthe
DM thatoptimally representshe authors intent?

1We solve for this stochastigoolicy using Targeted Trajectory
Distribution MDPs(TTD-MDPs). A completediscussiorof TTD-
MDPsis well beyondthescopeof this paper Theinterestedeader
is referredto (Robertsetal. 2006;Bhatetal. 2007).



Player Models and Evaluation Functions

In this work, we considerthreebasicplayertypes: (1) the
fully cooperatie playerwho hasthe sameevaluationfunc-
tion asthe author;(2) the partially cooperatre playerwho
shareghe samesetof featureswith the author but hasher
own setof weights;and(3) theindependenplayerwho has
herown setof featuresandweights.

The independenplayerhasmary subtypes:an explorer
who likesto visit asmuchof the story world aspossible;a
non-eplorer who doesnot; a habitualplayerwho tendsto
preferthesamesubsebdf plot pointsstrongly;asocialplayer
who prefersplot points centerecaroundothercharactersa
non-socialplayerwho doesnot; anda playerwho likesto
accumulatebjectsandprefersplot pointsbasedn objects.

Eachindependenplayertypede nesasetof weightsover
playerspeci c storyfeatures.Someof theseplayerspeci ¢
featuresaresimilar to thoseof the author For example,the
authors Choicesfeaturecan be adaptedo the playerthat
enjoys exploring the gameworld. We have selecteda set
of featuredfor this evaluationthatwe feel areusefulin de-
scribingthebehavior of someintuitive playertypes.lt is not
intendedo beanexhaustve setof features.Yannakakisand
Hallman have worked on measuringplayer satishction by
observingandextractingfeaturesof their behaior external
to the game(like heartrate) (Yannakakis& Hallam 2007).
In contrastto thatwork, we usefeatureghatareinternalto
the game. Here,we de ne the playerspeci c featuresthat
do notcorrelatewell with the authors features.

Locationis ameasuref thenumberof uniquelocationsa
playerhasvisited. Thisallows explorersto discoverasmary
new placesaspossible.

Social Interaction measureshe amountof interactiona
playerhaswith non-playercharacters.

Habitsindicatethata playerprefersa speci ¢ setof plot
points. This is annotatedn theplot pointsthemseles.

ObjectDiscoverymeasurethenumberof objectsaplayer
hasdiscovered.Objectsincludeonesthe playercanpick up
andthosepermanentlyx edin aspeci c location.

Note that thesefeaturesare not mutually exclusive even
for our basicplayers. For example,the social player may
still apply weightto ObjectDiscovery becauséaving cer
tain object may provoke discussionwith a character As
mentionedbove, this setof featuress notintendedo beex-
haustve; however, it is intendedasa startingpoint by which
we canjudgethefeasibility of this approach.

In orderto turntheplayerevaluationfunctioninto aplayer
model,P (t9a;t), weassumeheplayeractsin agreedyway.
At everydecisionpoint, theplayerevaluateshepartial story
thatconsistsf the plot pointsencounteredhusfar andone
of thepossiblenext plot pointsto obtaina score.Scoresare
thencornvertedto a distribution andthe playerchooseghe
subsequenplot pointaccordingto thatdistribution.

Estimation

As notedabove, we areinterestedn estimatingthe weights
of a linear evaluationfunction using a setof stories. Un-
fortunatelytherearea superexponentialnumberof possible
stories.Evenwith thousand®f sampleswe areunlikely to
seeeachstorymorethanonceor twice.

Recallthattheauthorde nesasetof featuredor describ-
ing stories. Therefore we canconsidera storyt to be rep-
resentedoy a vectory(t) = [fP(t);f5(t);::;f ()] To
overcomethe sparsityproblem,we optto con&derstonesas
avectorof featuregatherthanastrajectorief plot points.
Thus, multiple storiesare representedby the samefeature
vector giving usmoreapparensamples.

In practice thisis nota completesolution. We foundthat
therewerestill arelatively large numberof featurevectors
thatappearednly afew times.Thus,wefurtherabstracte@
storyinto a“binned” featurevector Speci cally, if we want
bbinsandtheevaluationof aparticularfeatureis f (t), then

the binnedvalueis ®“)® For the experimentgresented
belav, we usel0 bins. The systemof equationss:

" & .y 4
r(v1) Pt 12t F(tl) wg
r(v2) - fi(t2) f5(t2) fe(t2) w; (1)
r(vn) f2(th)  f2(tn) 2 (tn) wh

Wherer(\f) is the numberof occurrence®f featurevector
v, f2(tj) is the featureevaluationof a story tj that pro-
ducesfeaturevectorv; , andw? is the weight of featurei.

Rewriting Equationl asR = F W thebestweightsare:
W=(F"F) ¥R

Characterizing Success

In existing work using this drama managemenformal-
ism, one presentsresults as histogramsover story qual-
ity (Weyhrauch1997;Lamstein& Mateas2004;Nelson&
Mateas2005b;2005a;Nelsonet al. 2006a;2006b). A set
of storiesare evaluatedaccordingto the authors evaluation
functionandtheresultsareplottedwith theevaluationresult
astheindependentariableandthefrequeny of evaluation
asthedependentariable.Comparinghe histogramof non-
dramamanagedstoriesto the histogramof dramamanaged
storiesshouldresultin a shift up andto theright.

Here,we would like similar results;however, we arenot
necessarilylooking for the samepositive shift. Instead,
we seekto showv that the changein the shapeof the his-
togramfor the estimatecevaluationfunction mirrorsthat of
thechangen shapeof theplayers actualevaluation,regard-
lessof the directionof thatchange.

Results

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

First we considerexperimentsconductedon Alphabet
City wherethe playershareghe samesetof featuresasthe
author In Figure 1, we plot the quality distribution for a
playerthatis completelycooperatre with the author(e.g.
hasthe sameexact evaluationfunction). We have addedan
offsetto theplayer's curvesto distinguishthemfrom the au-
thor's curves astheir shapesare identical. Notice how in
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Figure 1: Comparisonof the authors, players, and estimated
quality distribution for a playerwith the sameevaluationfunction

astheauthorin AlphabetCity. Notethatanoffsethasbeenadded
betweerthe playerandauthorcurvesto distinguishthem.

The Player with the Same Set of Features in Alphabet City
0.3

" NoDM:author ——
DM:author
025 NcDM:player estimate-»
DM:player estimate &
NoDM:player actual

02t DM:player actual

Frequency
o
o
&

005 /\Y) /\

PRI T L. B
.[.&wg‘i * aﬁﬂ,; B ey 4
nawd . . . .

o
w88 Xo,

0 01 02 03 04 05 06 07 08 09 1
Evaluation

Figure 2: Comparisonof the authors, players, and estimated
quality distribution for a playerwith the samesetof featuresbut
adifferentsetof weightsthanthe authoron AlphabetCity.

this casethereis a cleardifferencein the estimatecturves:
the curve with dramamanagemeris noticeablylower than
the curve without dramamanagemenin the high endof the
evaluationrangeand vice versein the low end. Unfortu-

nately this pointsout that even whenthe playershareghe
evaluationfunction of the author the estimateis not par

ticularly accuratehowever, the magnitudeof thedifference
betweerthecurvesis signi cant. As we shallseebelow, this

is arecurringaspecbf thismodel.

In Figure2, we presentesultsfor a playerwith the same
setof featuresasthe author but a differentsetof weights.
In this case the distribution accordingto the player's actual
evaluationbeardittle resemblancéo the authors; addition-
ally, noticethat, althoughlesspronouncedhanin Figurel,
a similar “positive” shift is obserable in the distribution
of authorevaluationswith andwithout the dramamanager
On the otherhand, the changebetweenthe players distri-
bution of evaluationswith andwithout dramamanagement
is almostimperceptible.In this experiment,we found that
thedifferencebetweerthedistribution over estimatedlayer
quality with andwithout the dramamanageis actuallysig-
ni cantly closerthanbefore. This is encouragingpecause
theplayers actualevaluationchangewery little aswell.

Next, we considerthe resultsof experimentsconducted
on Anchorhead.Figure 3 shavs the histogramdor experi-
mentsusingthe non-ploring player Note thatthe useof

The Non-Exploring Player in Anchorhead
0.3

" NoDM:author ——
DM:author

0.25 | NoDM:player estimate--»

DM:player estimate &

NoDM:player actual

02t DM:player actual

Frequency
o
i
o

b
ea CRex
e g ek =iy,

- £\

H agah o %,
Flannnnnapnsesnesneaguinase R
0 01 02 03 04 05 06 07 08 09 1
Evaluation

X

Figure 3: Comparisonof the authors, players, and estimated
quality distributionfor thenon-exploring playeronthe Anchorhead
“god” subplot.
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Figure 4: Comparisonof the authors, players, and estimated
quality distribution for a playerwith the samefeaturesut different
weightsthanthe authoronthe Anchorheadgod” subplot.

the dramamanageilin this caseactually producesa “nega-
tive shift” in thedistributionsaccordingo theauthors eval-
uation function. This behaior is not unexpected. It can
be explainedby the “falling off” phenomenouliscussedy
Robertsetal. (2006).1t is alsointerestingo notethattherel-
ative shapeof the distributionsaccordingto the authorand
playerarevery similar despitethe fact that their evaluation
functionsarede ned over a differentsetof features.

Figure 3 aloneis interesting; however, consideredto-
getherwith Figure 4 wherethe resultsof the experiments
conductedusingthe playerwith the samesetof featuresn
Anchorheadarepresentedye begin to seesomeinteresting
behaior. First, noticein Figure4 thattheshapeandrelative
positionof the authors curvesaresimilar. Additionally, in
contrastto the previous gure, noticethatthe differencein
shapeandpositionof the player's actualevaluationcurvesis
muchmoresigni cant thanin previous experiments.Bear
ing thatin mind, comparehe shapeandrelative positionsof
the estimatedcurves with and without dramamanagement
in Figures3 & 4. In Figure3, wherethe differencebetween
the playercurvesis lessnoticeablethe differencein the es-
timatedcurwvesis alsoslightly lessnoticeable.On the other
hand,in Figure4, wherethe differencebetweenthe player
curvesis more noticeable the differencebetweenthe esti-
matedcurvesis alsoslightly morenoticeable.

To explore this relationshipfurther, we comparethe es-
timatedcurvesfor the non-eploring playerandthe player
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but a differentsetof weightsthanthe authorin Anchorhead.

with the samefeaturesin Anchorheadn Figure5. This is
a moredetailedcomparisorof the estimatedcurvesin Fig-
ures3 & 4. As notedbefore, the differencebetweenthe
players curvesis more pronouncedor the playerwith the
samesetof featureghanit is for thenon-eploringplayer In
comparingtheassociate@stimatedturvesin this gure, we
seethatthis more pronouncedlifferenceis alsoobsenable
in theestimatecturves.

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 sureys.

With respectto incorporating player preferencesin a
dramamanagemengystem therehasbeensomerecentef-
forts, suchasthat of Sharmaet al. (2007). In that work,
a case-baseteasoningapproach is usedto model“player
preferencé. Theauthorssettheirmodelapartfrom themod-
elsof “playerbehaior” thatarethebasisof work onDODM
and TTD-MDPs. During gameplay, they identify relevant
preferenceamodelsin their “casebase”by consideringthe
sequencef plot pointsthat have occurred. Eachof these
modelshasa preferencescorethat is usedto characterize
quality from the player's perspectie. This preferencescore
is obtainedthroughactualplayer evaluation performedaf-
teranepisodeof gameplay. Additionally, the quality of the
matchbetweenthe currentplayer and the model from the
casebaseis usedto skew the dramamanages decisionto
includebothauthorialintentandplayerevaluation.

This approachto dramamanagemenappeardo be the
only onethatexplicitly targetsplayerpreference Although
promising,it hasseveral dravbacks.Accurateelicitation of
player preferencethrough questionscan be tricky at best.
Further playerpreferencamay be non-stationaryand non-
transferable(e.g., the player may changeher preferences
acrosepisodesaindoneplayer’s preferencesnay not accu-
rately modelanothers). Lastly, evaluatingthe approachs

2Case-baserkasonings a“lazy” methodfor functionapprox-
imation. It storespreviously seenexamplesandusesthoseto con-
structestimatedor new ones. The interestedreaderis directedto
Kolodner& Leake'stutorialfor amorethoroughdiscussior{1996).

dif cult. If aplayerreportsagoodexperienceijt is dif cult
to tell if the causes the dramamanagerthe authorhaving
speci ed a good narrative, or the player just being overly
nice. In our work, we seekto avoid this complicationby
providing a computationabpproacho evaluatingquality.
As for evaluation,therehasbeenlittle work donewith
respecto dramamanagementOne approachndependent
of a dramamanagetis that of Sweetse& Wyeth (2005).
They proposea framawvork for modelingplayersatisfction
in gameghatis basedn“game o w." Theirmodelhaseight
corefeaturedrom gamerhetoricliteraturethatareintended
to characterizglayerexperiencesconcentrationghallenge,
playerskills, control, cleargoals,feedbackjmmersion,and
socialinteraction. While this modelis compatiblewith our
approacho evaluation,it is designedspeci cally for game
analysis. In otherwords, it is designedo be a subjectve
criteria for expertsto useas an evaluation framework for
games.In thatsenseit is a predictive modelof playersatis-
faction,notadescriptve modelaswe seekto build. Still, the
featuresusedin thatwork couldbeusedto estimatea player
evaluationfunctioninsteaddf theauthorde nedfeaturesve
usedhere. It remainsto be seenhow to provide a computa-
tionalrepresentationf someof theirfeaturessuchasplayer
skills. In additionto thiswork, Malonehasproposed setof
heuristicsfor designing‘fun” instructionalgames(1980).
In herthesis,Federof (2002)providesa broadsuney of
other approacheso designinggame experienceso maxi-
mize player satishction. Sheclassi es the literature into
threecategories: (1) interfacecontrolsanddisplay;(2) game
mechanicandinteraction;and(3) gameplay problemsand
challenges.Eachof thesecateyoriesis focusedon system
design,andnot authorialquality. In this work, asin that of
Sweetse& Wyeth, we seekto describethe satishctionthe
playerderivesfrom the narratve quality of the game.

Discussionand Futur e Work

Onepotentialproblemwith this work is the needto have a
large numberof samplego performregressionaccurately
This canbe especiallydif cult whenthesesamplesnustbe
obtainedfrom an actualhumanplayer Fortunately there
aresomestratgiesfor addressingheseconcerns First, we
wouldliketo conductexperimentgo determinghe sensitv-
ity of this approachto the numberof sampledstoriesused
asinputfor regression Additionally, we believe we canfur-
ther reducethis burdenby consideringthe local decisions
of the player; thatis, we could look at the individual plot
points, ratherthanstories,andtry to estimatea function of
their featurevaluesbasedon the frequeny of occurrences.
As it is asimplermodel,it requiresfewer sampledstories.
Using frequeng asthe target for regressionrevealsthat
the useof the DM steersthe player away from their nor
mal habits. Unfortunately this approachdoesnot allow us
to characterizeéhe quality of that shift. In the casewhere
the player hasthe sameevaluationfunction as the author
onecanseea large shift in quality; however, the direction
of thatshift appearso be oppositeof whatwe would expect
becauseary in uence exertedby the DM will appearto be
negative in termsof the estimatedcurve, asit will change
the frequeng of featureoccurrencesn a setof stories. In



future work, we planto examinetechniqueghatwill allow
usto overcomethis limitation. Speci cally, ratherthanlook
atthefrequeny of completestories,we planto leveragein-
formationfrom local decisions.For example,if the player
frequentlytakes transitionsto plot pointsthat presere lo-
cation ow, we cantry to learna model of the playerthat
weightsthatfeaturemoreheavily.

As notedbefore playerpreferencesanbenon-stationary
For example,oncethe playerhasfully exploredthe game
ervironment,shemay honein on certainpartsof the game
experiencehatsheliked. Thus,ary attemptto take userbe-
havior into account—especiallgcrosgepeateglay—must
usesomeform of onlineadaption We believe thatconsider
ing local decisionswill beimportantin realizingthis goal.

In addition, oncewe have honedour approachand are
betterableto mirror the qualitative shift in the player's ac-
tual evaluationfunctionusingour estimatedvaluationfunc-
tion, we planto incorporatethis into the dramamanages
decisionmaking.Consideringa combinationof theauthors
evaluationandtheplayersevaluationin xing thetargetdis-
tribution for TTD-MDPs will allow a policy to be learned
thatcanmalke thetrade-of betweerauthorialintentandthe
players autonomyto pursueherown goals.

Finally, weintendto runaseriesof userstudiego validate
theassumptionsve have madeaboutplayerpreferenceand
playersatishction.
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