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Abstract

In designingMarkov DecisionProcesse$MDP), one must
de ne the world, its dynamics,a set of actions,and a re-
ward function. MDPs are often appliedin situationswhere
thereis a clearchoiceof reward functionsandin thesecases
signi cant care must be taken to constructa reward func-
tion thatinducesthe desiredbehaior. In this paperwe con-
siderananalogouslesignproblem:craftingatargetdistribu-
tion in TamgetedTrajectoryDistribution MDPs(TTD-MDPs).
TTD-MDPs produceprobabilisticpoliciesthat minimize di-
vergencefrom atargetdistribution of trajectoriefrom anun-
derlying MDP. They arean extensionof MDPsthat provide
variety of experienceduring repeatedexecution. Here, we
presenta brief overview of TTD-MDPswith approache$or
constructingargetdistributions. Thenwe presentanovel au-
thorialidiom for creatingtargetdistributionsusingprototype
trajectories.We evaluatetheseapproachesn a dramaman-
agerfor aninteractive game.

Intr oduction

Frequentlyin the designof Al systemsa humanis faced
with thetaskof constructingules,ervironmentspr instruc-
tions that agentsuse as the basisfor their reasoningpro-
cess.For example,considerthe taskof building aninterac-
tive gamewith an Al subsystem.Moderngamesarerich,
compl systemgequiringthe subsystento take on a vari-
ety of roles: tacticalor stratgic opponentpartner support
characterandcommentatarEachrole mustbe speci edex-
actly, oftenby a designemunschooledn theartof Al. In the
larger classof interactivedrama the taskis even moredif-
cult. A designemustcreateanervironmentwherea user
canexploreandcreateherown storywhile atthe sametime
ensureacoherenandentertainingexperience Further such
ernvironmentsmust supportrepeatedlay; thatis, the user
shouldbeableto experiencethe storyagain andagain with-
outthestorybecomingoo predictableln practice theeffort
of authoringsuchan interactve gamecanbe monumental,
oftenrequiringyearsof development.
Onerecentiechniqudor approachinghis particularprob-
lem is to think of interactve dramaasa Markov Decision
Process(MDP): plot events correspondto states;actions
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takenby a centralcoordinatoror dramamanayer (DM) cor
respondto MDP actions;playeractionsin the gameworld
aremodeledasprobabilistictransitionsbetweenstates;and
anauthorsuppliedevaluationfunctionover storiesis castas
therewardfunction. Thus,the problemof building aninter-
active dramabecomesin part,aproblemof de ning eachof
thecomponent®f the MDP, especiallythe rewardfunction.

Here we considerthe dif culties that arise when au-
thoring Targeted Trajectory Distribution Markov Decision
ProcessegTTD-MDPs) (Robertset al. 2006; Bhat et al.
2007). TTD-MDPs are a classof Markov Decision Pro-
cesse{MDPs) speci cally designedfor the agentcoordi-
nationproblemthat arisesin interactve dramaand similar
domains. TTD-MDPs supportvariety of experience allow-
ing for repeateglay thatappearsinpredictabldo the user
but adheredo the gamedesigner$ aesthetics.In previous
work, an earlierreinforcementearningapproachthat max-
imizesthe authors evaluationfunction hasbeenshown to
targeta small setof highly-ratedstoriesthatdo not provide
thevarietyof experienceve desire Asweshallseejn TTD-
MDPs, the problemof de ning a reward function becomes
insteacthe problemof de ning adistribution of trajectories
or possiblestories.

In thenext sectionswe will presentanoverview of TTD-
MDPs and describetwo idioms for authoringtarget distri-
butions. We will then presentexperimentsin a real-world
testdomain: a dramamanagementDP for theinteractve
ction Anchorhead

TTD-MDPs

A traditionalMDP is de ned by atuple(S; A; P; R), where
S is asetof statesA is asetof actionsP : S A S!
[0; 1] is a transitionmodel,andR : S ! R is areward
function. The solutionto anMDP isapolicy :S! A.
An optimal policy ensureghatthe agentrecevves maximal
long-termexpectedreward.

Likewise,aTTD-MDP is de ned by atuple(T ; A; P; p),
whereA andP arede ned asabove, T is the setof nite-
length trajectoriesof MDP states,andp : T ! [0;1] is
a taiget distribution over completetrajectories. The tamget
distributionin aTTD-MDP conceptuallyeplaceshereward
functionin atraditionalMDP. The solutionto a TTD-MDP
isapolicy : T A ! [0;1] providing a distribution
over actionsfor every trajectory An optimal policy results
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Figurel: Sample3 3 gridworld with deterministicactions

RightandUp, alongwith theresultingtrajectorytree.

in long-termbehaior ascloseto the target distribution as
possible.

Trajectoriegepresentotal historytracesof anonlinede-
cisionmakingprocessConsiderFigurel,a3 3 gridworld
wheretherearetwo deterministicactions: move right (R)
and move up (U). All legal trajectorieshave initial statel
andterminatingstate9. Theright sideof the gure depicts
the correspondindrajectorytree A trajectorytreeis sim-
ply a graphicalrepresentatiomf the valid trajectoriesand
thepre x relationshipthatgovernspartialtrajectories Con-
siderthe partialtrajectory1 ¥ 2, for instance.lt is apre x
of two immediatesubsequemartialtrajectorieq1 ¥ 2 ¥ 3
and1 T 2 Y s) aswell asthreeother partial trajectories
andthreecompletetrajectories A policy would providea
distribution over available actionsfor eachinternalnodein
thetree.

Unfortunatelyit is not alwayspossibleto nd a stochas-
tic policy thatexactly solvesa TTD-MDP (e.g., in thecase
wherethetransitionprobabilitiesleadto non-zeroprobabil-
ity masson a statewherewe desireto never go). Thus,
we mustconsiderapproximationgo the desireddistribution
of trajectories.The following approachwas rst presented
in (Bhatetal. 2007). The approachnvolves nding a pol-
icy thatminimizesthe Kullbadk-Leiblerdivemgencebetween
the desireddistribution of trajectoriesp andthe distribution
g thatis realizedthroughthe combinationof the policy and
thetransitionmodel:

X
Dic L (pka) o( )log L)

a( )
p( ) logp( )

p( )loga( )

K L-divergenceis not a distance asit is asymmetrichow-

ever, it is well-understoodvith severalimportantproperties.
In particular it is consistentalwaysnon-ngative andzero
only whenp andq areequal. For TTD-MDPs, p is given,
andqis de ned asfollows:

Y
a ) = w(t) 1)

Pta;it) (ta) (2
a
Here, representsompletetrajectoriest andt® represent
(partial or complete)trajectoriesandthe symbol is used
to denotethe pre x relationship.The probabilityw(t% rep-
resentghefrequeny with whicht®is targetedwhenthepro-
cessis att. It combinesnformationaboutthe probabilistic

where w(t9) =

policy andworld dynamicsatt. Thus,the productof these
one-stepiransitionfrequenciesw(t9, yieldsthe probability
of acompletetrajectory q( ).

Our objective functionfor optimizationnow becomes:

X Y
max p( )log  w(t)
X t
max  p( )

X
max  p( )logq( )

logw(t)

X X
max p( ) logw(t)
t

Note that a partial trajectoryt contritutesp( ) logw(t) to
the sum for eachcompletetrajectory for which it is a
pre X. We cande ne a function over completetrajecto-
ries sungnarizingthe factor of logw(t) thatt contritutes,
m(t)=, p(). Noteti&atthisde nition impliesthere-

cursive de nition m(t) = =, ,om(t9, i.e. the massof a
trajectoryt is the sumof the masse®f its childrent®in the
trajectorytree.Our objective functionis then:

X

max  m(t) logw(t) €))
t

Note that m(t) representghe total probability masscon-
tainedin the subtreerootedatt.

Thoughthe explanationis beyondthe scopeof this paper
theobjective functionin Equation3—encapsulatingsearch
over global policies —can be reformulatedin termsof a
seriesof independeniocal optimizationssearchingver lo-
cal policies {—onefor eachinternalnodein thetrajectory
tree. We achieve the globally K L -optimal solutionregard-
lessof the orderin which we performtheselocal optimiza-
tions; thus, the TTD-MDP canbe solved online. Onecan
startby processinghe root of the trajectorytree, thenpro-
cessthe childrenof theroot, andsoon, to computea policy
for eachnodein thetree. Better if m(t) canbe computed
ef ciently, we cansolve only thelocal optimizationghatwe
actuallyencounterinterleaving the local optimizationsteps
with taking actionsin the world. Thelocal policy : pro-
ducedby thelocal optimizationtells ushow to take the next
action,andthe actionplacesus at a nev nodein thetrajec-
tory tree.

Authoring TTD-MDPs

As with ary Al technique,one must specify the compo-
nentsof aTTD-MDP. We areinspiredby interactize dramas,
andthe mechanismdgor specifyinga goodstory, sowe fo-
cushereon the problemof authoringtarget distributionsin
TTD-MDPs. Thenumberof valid trajectorieds oftenlarge,
soonecannotsimply enumeratell possiblerajectoriesand
manuallyassigneachonea probabilityweight. To beautho-
rially feasible,theremustbe a compactway of specifying
thedistribution.

In the original formulation of dramamanagemenasan
optimizationproblem(prior to TTD-MDPSs), authorsof in-
teractve dramaswere expectedto provide an evaluation
function that encapsulatethe quality of a completestory.
Insofar as that is a reasonableequirement,it is possible



to usesuchan evaluationfunction to induce a reasonable
distribution over stories. For instance,we may wish that
storiesoccurwith a probability proportionatto their evalua-
tionscore:p( ) / R( ).! Unfortunately suchanapproach
still doesnot eliminatea dif cult hurdle: solvinga TTD-
MDP ef ciently andoptimallyrequiresm(t) to becomputed
quickly. Below, wewill describdwo techniqueshataddress
this dif culty .

Sampling

The rst authorialidiom we considerconstructanestimate
for p( ), from which we will computem(t). Whenan au-
thorhasde ned anevaluationfunction,we canuseit to con-
structadistribution p( ) asabove; however, thisapproachs
infeasiblefor largetrees.Insteadwe canapproximate( )
by samplinga subsebf trajectoriesTy T (via simulation
of gameplayfor instanceandthenusingp( ) asareplace-
mentfor p( ), wherep( )/ R( )for 2 Tsandp( )= 0
otherwise.We constructm(t) from this estimatetherewill
beanm(t) valuefor eachnodein thetrajectorytreeinduced
by Ts. Becauseve controlthesizeof Ts, we canadjustit to
t ourmemoryrequirements.

Thereareseveralchoicedor generatingsamplesFollow-
ing previouswork, we could rst selectuniformly from the
setof possibleactionsandthenselectuniformly from the set
of successotrajectoriesto generatea completetrajectory
An alternatve is Markov ChainMonteCarlo (MCMC) sam-
pling, arejectionsamplingechniquausedto draw i.i.d. sam-
plesfrom a distribution thatis dif cult to sampledirectly.
In our experiments,we usethe Metropolis-Hastingsalgo-
rithm (Metropolisetal. 1953;Hastings1970). The pseudo-
uniform samplingproceduredescribedabove is usedasthe
(unconditional)MCMC proposalistribution.

It is importantto includethe actionin the samplingpro-
cessasit constrainsthe setof statesthat can be reached.
Consideractionsa; and a, and partial trajectoriest; t;
and t,, wheret is parentof t; andt, in the trajectory
tree. If P(tyjas;t) = 0:2 and P (tyjas;t) = 0:8, then
botht; andt, arevalid successotrajectories;however, if
P(tijaz;t) = 0:0 andP(tyjay;t) = 1:0, thencaremust
betakenbecausé; cannever actuallyoccurwith actionas.
Further in somedomainsreward is basedon both the se-
guenceof statesand the actionstaken by the system. In
dramamanagementor example,the authorseekso avoid
theperceptiorby theplayerthatthedramamanageris overly
manipulatve, thereforepenalizinginstrusve actions.

The samplingapproachhasits dravbacks. Due to non-
determinismin P (t9a; t) andthesheersizeof thetrajectory
space,it is quite likely that an unsampledpart of the full
trajectorytreewill be encounterediuring an episode.Pre-
sumablythis is morelikely in the low probability portions
of the tree, so one may have alreadybeendoing poorly to
have enterednto that part of the space.Further if thede-
viation occursnearthe leavesof the trees,it may be possi-

For easeof explanation,we have requiredm(t) to represent
the total probability masslocatedat the subtreerootedat t, but in
actualityonly arelativemeasurdw.r.t. thesiblingsof t) is needed,
soin practice normalizationof the probabilitiesis unnecessary

ble to performonline resamplingto recover. In the drama
managemerdomain,it appearshatgoodstoriesoftenhave
commonpre xes(Nelsonetal. 2006),soit maybethatone
is mostlik ely to deviate only afteronehasalreadyensuredch
goodstory.

Prototypes

The secondauthorialidiom we considercomputesn(t) di-
rectly (whichinducesatamgetdistribution p( ) thatis never
representedxplicitly) andis basedon (i) asetof prototypi-
cal“good” trajectoriesand(ii) a distancemetricovertrajec-
tories. Combiningthe distancemetric with the prototypes
caninducea probabilitydistribution over all possiblerajec-
tories. Onesuchmethodis to constructa Gaussiamixture
model(GMM) overthesetof prototypes:

m(t) = w( i) N(t ;i) (4)
i=1

where 1
N(t; : ): _pTe d(t, )?=2 2; (5)

i is a prototypeand the centroid of a Gaussiardistribu-
tion with variance 2, w( ;) is the prior weight given to
eachcentroid,andd is somedistancemeasureon trajecto-
ries. Therearea numberof choicesone could make for a
distancemetric. We explorethreeclasses.

The rst is Levenshteindistanceor edit distance(Lev-
enshtein1966). The edit distanceis a computationallyef-
cient generalizatiorof the Hammingdistance(Hamming
1950)thatis de ned over stringsof unequalengthandhan-
dlesinsertions deletions,andsubstitutions.Considerthree
trajectories:t; = 1 F 2 Y 5t, =1 Y 4 Y 5 and
ts3 =1 Y 2 Y 5 Theeditdistancebetweent; andts is
de (t1;t2) = 2 becausehey differ in the rst actionand
secondstate.By contrastdg (t1;t3) = 1.

Thereare several variationsof edit distance.Let I(t) be
the length of a trajectoryt and (t; n) be the pre x of t
with lengthn; if I(t) < n, wedene (t;n) = t. Using

(t; n), we canbagin to constructmeasuresf distancethat
are bettersuitedto differentdomains. For example,in the
dramamanagementiomain,deviationsfrom desirabletra-
jectoriesnearthe root of the trajectorytree are potentially
more costly than deviations later  Thus, we may wish to
considera scalededit distancebetweertrajectories and :
dse(t; )= 1+ji(t) 1C )i de(t; (; I(1)).

A secondclassof distancemeasuregnvolves variations
of the longestcommonsubsequenceA subsequencef a
trajectoryis anothertrajectoryformedby deletingsomeof
theelement®f theoriginal trajectorywithout disturbingthe
relative position of the states(and actions). The longest
commonsubsequendeetweertwo trajectoriess thelongest
subsequencinatappearsn bothstrings.

A third classof distancemeasuresisesthe evaluation
functiondirectly whenit is available. Typically, suchfunc-
tions are implementedaga linear combinationof features
aboutthestory: R(t) = |, wx fi(t) (werefertheinter
estedreaderto (Weyhrauch1997; Nelson& Mateas2005)



for details). Here, distancefrom a prototypeis simply de-
ned asdr (t; ) = jR(t) R( )j, whichwe shallcall the
feature distance We couldalsoconstructa vectorrepresen-
tation of thesefeaturesR(t) = [wy fi(t);wy fa(t);::1]
andusethosevectorsin a multivariate GMM. The weights
onthefeatureshave aneffect similarto changinghecovari-
ancematrix of the GMM, providing aninterestingprospect
for authorialcontrol.

Oneproblemwith this approacthis thatstory featuresare
not necessarilywell de ned over partial stories. We over
comethis by de ning a blendedfeature distancefunction:

dor(t )=min L0 d@ (;Im) (6)
I(t)

1)
0 de(t; (5 1(1)) (7)

+max 0; 1
wheredr is afunctionbasednthefeaturesandd, is some
form of the edit distance. Equation6 representsncreas-
ing contributions of the dramamanagemenfieaturesasthe
lengthof trajectoryt approachethatof . Similarly, Equa-
tion 7 representslecreasingontritutionsfrom the edit dis-
tanceasthelengthof thetrajectoriesbecomesimilar.

Using prototypesprovides a numberof distinct advan-
tagesover sampling-basedpproachedn comparisorto au-
thoringarewardfunctionfor anMDP, handselectingasmall
numberof prototypesmay be signi cantly easier Further
the prototypeapproach—especiallysing GMMs—allowvs
efcient computationof m(t) for partial trajectories.Even
betterthisapproactprovidesasmoothdistribution suchthat
no trajectoryhaszeromass. Thus, it is not possibleto fall
out of thesampledspace.

On the otherhand,the problemof authoringhasbecome
the problemof choosingan appropriatedistancefunction.
When an evaluationfunction is available we canuseit to
capturesubtletiesn thevaluesof stateshowever, whensuch
functionsaredif cult to construct,it is not clearhow well
methoddik e editdistance€ando. Finally, prototypesmust
comefrom someavhere. They may be provided by the au-
thor, but they couldalsobegeneratedby a samplingprocess
similar to the onesdescribedbove ?

Results

We report on experimentsdesignedto illustrate the over
all performancecharacteristicef the two authorialidioms
discussedabore aswell as shav hov someof the varia-
tions perform. As TTD-MDPs were originally developed
for dramamanagementye evaluatethe approachesn the
two dramamanagemenETD-MDPsdescribedy Robertset
al. (2006),namely AnchorheadindAlphabetCity. Because
existing work hasalreadyindicatedthe potentialfor sam-
pling approacheso be effective, we chooseto simply high-
light therelationshigbetweerMCMC anduniformsampling
(ratherthan provide a detailedstudy of samplingperfor
mance),and we insteadfocusthe bulk of our attentionon

2TherearesubtletiesIn the uniform samplingcasetheevalua-
tion functionprovidestheprior probability of eachcentroid.In the
caseof MCMC, the setof prototypesarealreadychoseraccording
to the correctprobability sothe priors shouldbe uniform.

Uniform and MCMC Sampling on Alphabet City

" nodm’
N=1000000.meme
N=1000000.uni -

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

Figure2: A comparisorof uniform and MCMC sampling
on AlphabetCity.

Comparison of Uniform and MCMC Sampling with and without SAS+ on Anchorhead

Figure3: A comparisorof uniform and MCMC sampling
with andwithout SAS+recorery on Anchorhead.

experimentsn the prototype-distancaliom. In thosecases
wherewe evaluatethe prototype-basedpproacheswe ig-
norehand-authoredhodelsto avoid skewing theresultstoo
muchby our particularchoiceof prototypes.

Comparison of Sampling Approaches

In Figures2 & 3, we presentesultson boththe Anchorhead
and AlphabetCity domainsin the form of a story quality
histogram. Suchhistogramshave beenusedfor qualitative
analysisof dramamanagemensystemsn earlierwork. In
these gures, we examinethreedifferenttechniques:uni-
form sampling MCMC sampling,andsamplingwith SAS+
recovery (Robertset al. 2006). The key nodm refersto
storiesfor which no dramamanagemenwasappliedandis
usedasabaselindor assessinthe effect of applyingdrama
managementOf interestin theseplotsis the relative shape
of thehistogramcurves. Qualitatively, thegoal of thedrama
manageis to shift thedistribution“right andup” (increasing
thequality of stories)while preservingts “width” (ensuring
thevariety of stories).

First, we discussthe resultspresentedn Figure2. The
threecurvesin this gure correspondo the nodm baseline
aswell as uniform and MCMC samplingwith 1,000,000
samples(and a burn-in of 1,000in the caseof MCMC).
The nodm baselineis relatively highertoward the bottom
endof the evaluationscaleandlower toward the top end of
the scalethanthe othertwo curwves. This nodm baselineis
obtainedby simulatinggameplaywithout ary DM actions
taken, sothis resultis consistentvith our expectations.On



the other hand, we found that MCMC performedslightly
worsethanuniform sampling,asevidencedby the MCMC
guality curve beingmostly betweemodm anduniform (i.e.
belov nodm but above uniform at the bottom of the scale
andabore nodmbut below uniformatthetop end).Uniform
samplingperformingbetterthanMCMC will becommonto
mostof the experimentakesultspresentedhn this paper We
believe this relative performancegap occursas a result of
MCMC samplingtendingto “hang around” good parts of
the spacewvhereasiniform exploresmorethoroughly

In Figure 3, the resultsof experimentson Anchorhead
similar to thoseperformedon AlphabetCity arepresented.
First, we point out that the nodm caseslightly beatsthe
performancef uniformandMCMC sampledT TD policies.
Thisis in contrastto the resultsobtainedon AlphabetCity.
Thereis, however, a simple explanationfor this difference
in performance. Although not presentedn detail, the set
of actionsavailable to the DM in both story worlds have
slightly different characteristics. Most notableis the use
of atemp _denies actionin Anchorheadwherethe DM
cantake anactionto temporarilydery aplot point from oc-
curring in the game. At somepoint later in the game,the
DM mustreenablehat plot point with anotheraction. This
would not be a problemfor the DM if we could guaran-
teethatthe policy is completelyspeci ed for every partial
story; however, becausave constructthe policy basedon a
sampledrajectorytree,therearefrequentlydeviationsfrom
thattreebeforethereenableactioncanbetakenby the DM.

For example,the AlphabetCity story world hasan aver
agestorylengthof roughly9 plot pointswhereasheaverage
storylengthin Anchorheads approachingO0. In bothcases,
the averagedepthof deviation (i.e. numberof plot events
thatoccurduringanepisodebeforeanunsamplegbartof the
trajectoryspacds encounteredy approximately ve. Thus,
the Anchorheaddomainis at a disadantagefor the follow-
ing reason:whena plot eventis temporarilydeniedby the
rst few DM actions,if it is not reenabledeforedeviation
from thetreeoccursthenit cannotoccurin thestory,

Tomorefully characteriz¢heeffectof falling off thetree,
we additionallyshav theresultof usingWeyhrauchs SAS+
onlinesamplingsearci{Weyhrauchl1997). Therearetwo in-
terestinghingsto notice.First, theadditionof SAS+signif-
icantly improvesthe story qualities,comparedo the nodm
baselineandthe TTD policieswithout a recovery stratey.>
Secondthe curves are nearlyidentical, indicating that the
deterministicsearchof SAS+is ableto realizeits goalswith
high probability This structurein the quality histogram(a
steep,impulse-like curve) indicatespotentialissuesfor re-
playability.

Comparison of Prototype-DistanceModels

To examinethe performanceof variousprototype-distance
modelswe conductedh numberof experimentdo testsome
of the mary free parameterf the system. In particular
we looked at differentdistancemetrics, different Gaussian
widths and differentnumbersof prototypes. Dueto space

SEarlierwork hasshavn thatSAS+alonedoesnotperformwell
on AnchorheadNelsonetal. 2006).

100 MCMC Sampled Prototypes in Anchorhead

Stddev=0.25 —+—
stddev=10

tddev:
016 |  stddev=20 -

Figure4: A comparisorof modelsbuilt with 100prototypes
generatedy MCMC samplingwith variousstandardievia-
tions.

constraints,we opt to presenta selectionof the results,
which areintendedto be representatie of the otherexper
imentswe conductedaswell asto provide insightinto the
characteristicef theapproach.

Becauseve aremostinterestedn understandindpow the
modelsreactto changesn parameterge.g. changesn how
the authorspeci esthe TTD-MDP), we will focusthe bulk
of our analysisin this sectionon the drama-management-
speci c distancegfeatuie distanceandblendedfeature dis-
tance describedbefore. Although not presentechere,we
have identi ed similar characteristicén othertestdomains
wherethemoregenericvariantsof Levenshteirdistanceand
longestcommonsubsequencaremoreapplicable.

In Figure4 we plot quality histogramdor threedifferent
prototypemodelson the Anchorheaddomain. The models
wereconstructedvith 100MCMC sampledorototypesafter
a 1,000stepburn-in andusedthe featuredistancemeasure.
We testedthree different standarddeviations: 0:25, 1:0,
and2:0. Theresultswe obtainedwere somavhat counter
intuitive. Speci cally, we found that as the width of the
Gaussiangncreasedthe width of the resultingquality his-
togramdecreasedWe believe the reasorfor this is related
to theideaof a“plateau”in optimizationproblems.Specif-
ically, with narrov mixture componentsn the GMM, it is
likely thatthespacebetweerthemwill haverelatively stable
andlow probability mass;however, asthe width increases,
onewould nd thatthetails of theGaussiantendto overlap,
forming a nice neighborhoodf trajectoriesthat are com-
monto a numberof centroids.Thus,duringanepisodewith
small-width Gaussiansif the nondeterminisnin the ervi-
ronmentcauseghe currentepisodeto enterthe at space
betweencentroidstheresultis likely to endup resembling
a randomwalk throughthe space. Thus, the quality his-
togramfor experimentswith small standarddeviation tend
to have moremassat the tails. Larger standarddeviations
do notseento suffer from this effect.

Next, we considerthe effect that the numberof proto-
typeshason the resultingquality distribution. In Figure5,
we presenttwo prototypemodels. The prototypemodels
usedfor this plot wereconstructedising 100 prototypesaf-
ter 1,000sampleburn-in and usedthe blendedfeaturedis-
tancemeasure.

We found that the rejection step of the MCMC sam-



MCMC vs. Uniformly Generated Prototypes in Alphabet City

meme,N=100 ——
uniN=100
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Figure5: A comparisorof modelsbuilt with 100 prototypes
generatedby uniformandMCMC sampling.

MCMC vs. Uniformly Generated Prototypes in Alphabet City

Figure6: A comparisorof prototypemodelsbuilt from 100
uniformly sampledprototypesand 2000 MCMC sampled
prototypes.

pling procedureftenleadsto clustersof samplesespecially
whenfewer samplesare usedas prototypes. For example,
considerFigure5. The quality of the MCMC-samplecdpro-
totypemodelis substantiallylower thanthatof the uniform
sampledmodel. Now considerFigure 6, wherethe same
100-samplauniform modelis comparedo a 1,000-sample
MCMC model as well as a 2,000-sampleMCMC model.
The quality of the 1,000-sampleViICMC modelis roughly
equivalentto thatof the 100-samplainiform model—arnor-
derof magnitudancreasen the numberof prototypess re-
quiredfor the performanceof MCMC samplingprototypes
to matchthat of uniform sampledprototypes.Further no-
tice how the additionalincreasen performancebtainedby
doubling the numberof prototypesto 2,000is noticeable,
but not particularlypronounced.

Concluding Thoughts

In this paperwe have discussedhe powver andperformance
of two authorial idioms for target distributions in TTD-
MDPs. Our discussiorandanalysisis rmly entrenchedn
the domainof interactive narrative. Ourfocuson interactive
narrative is motivatedby the uniquechallengest provides
to designersof Al technologiesas well as the challenges
providedto theauthor We have shawvn the effectivenessof
theseauthorialidiomsthroughan empiricalanalysisof two
interactve narratve domaingreviously studiedn thelitera-
ture. Speci cally, we have shavn thatour novel approacto
MCMC samplingof trajectorytreesperformsapproximately

aswell asthe previous uniform samplingapproach.In ad-
dition, we have shaowvn thatthe novel prototype-distancap-
proachandthedistancemetricswe de ne, whenconstructed
usinga setof sampledorototypesshov promisefor contin-
ueddevelopment.
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