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Abstract

In designingMarkov DecisionProcesses(MDP), one must
de�ne the world, its dynamics,a set of actions,and a re-
ward function. MDPs areoften appliedin situationswhere
thereis a clearchoiceof rewardfunctionsandin thesecases
signi�cant caremust be taken to constructa reward func-
tion that inducesthedesiredbehavior. In this paper, we con-
siderananalogousdesignproblem:craftinga targetdistribu-
tion in TargetedTrajectoryDistributionMDPs(TTD-MDPs).
TTD-MDPsproduceprobabilisticpoliciesthatminimizedi-
vergencefrom atargetdistributionof trajectoriesfrom anun-
derlyingMDP. They arean extensionof MDPs that provide
variety of experienceduring repeatedexecution. Here, we
presenta brief overview of TTD-MDPswith approachesfor
constructingtargetdistributions.Thenwepresentanovel au-
thorial idiom for creatingtargetdistributionsusingprototype
trajectories.We evaluatetheseapproacheson a dramaman-
agerfor aninteractivegame.

Intr oduction
Frequentlyin the designof AI systems,a humanis faced
with thetaskof constructingrules,environments,or instruc-
tions that agentsuseas the basisfor their reasoningpro-
cess.For example,considerthetaskof building aninterac-
tive gamewith an AI subsystem.Moderngamesarerich,
complex systemsrequiringthesubsystemto take on a vari-
ety of roles: tacticalor strategic opponent,partner, support
character, andcommentator. Eachrolemustbespeci�edex-
actly, oftenby a designerunschooledin theart of AI. In the
largerclassof interactivedrama, the taskis evenmoredif-
�cult. A designermustcreateanenvironmentwherea user
canexploreandcreateherown storywhile at thesametime
ensureacoherentandentertainingexperience.Further, such
environmentsmustsupportrepeatedplay; that is, the user
shouldbeableto experiencethestoryagainandagainwith-
outthestorybecomingtoopredictable.In practice,theeffort
of authoringsuchan interactive gamecanbe monumental,
oftenrequiringyearsof development.

Onerecenttechniquefor approachingthisparticularprob-
lem is to think of interactive dramaasa Markov Decision
Process(MDP): plot events correspondto states;actions
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takenby acentralcoordinatoror dramamanager (DM) cor-
respondto MDP actions;playeractionsin the gameworld
aremodeledasprobabilistictransitionsbetweenstates;and
anauthor-suppliedevaluationfunctionoverstoriesis castas
therewardfunction.Thus,theproblemof building aninter-
activedramabecomes,in part,aproblemof de�ning eachof
thecomponentsof theMDP, especiallytherewardfunction.

Here we consider the dif�culties that arise when au-
thoring TargetedTrajectory Distribution Markov Decision
Processes(TTD-MDPs) (Robertset al. 2006; Bhat et al.
2007). TTD-MDPs are a classof Markov DecisionPro-
cesses(MDPs) speci�cally designedfor the agentcoordi-
nationproblemthat arisesin interactive dramaandsimilar
domains.TTD-MDPssupportvarietyof experience, allow-
ing for repeatedplay thatappearsunpredictableto theuser,
but adheresto the gamedesigner's aesthetics.In previous
work, anearlierreinforcementlearningapproachthatmax-
imizes the author's evaluationfunction hasbeenshown to
targeta smallsetof highly-ratedstoriesthatdo not provide
thevarietyof experiencewedesire.As weshallsee,in TTD-
MDPs, theproblemof de�ning a reward functionbecomes
insteadtheproblemof de�ning adistributionof trajectories
or possiblestories.

In thenext sections,wewill presentanoverview of TTD-
MDPs anddescribetwo idioms for authoringtarget distri-
butions. We will thenpresentexperimentsin a real-world
testdomain:a dramamanagementMDP for the interactive
�ction Anchorhead.

TTD-MDPs
A traditionalMDP is de�ned by a tuple(S; A ; P; R), where
S is a setof states,A is a setof actions,P : S � A � S !
[0; 1] is a transitionmodel, and R : S ! R is a reward
function. Thesolutionto anMDP is a policy � : S ! A .
An optimal policy ensuresthat the agentreceivesmaximal
long-termexpectedreward.

Likewise,aTTD-MDP is de�ned by a tuple(T ; A ; P; p),
whereA andP arede�ned asabove, T is thesetof �nite-
length trajectoriesof MDP states,and p : T ! [0; 1] is
a target distribution over completetrajectories.The target
distributionin aTTD-MDPconceptuallyreplacesthereward
function in a traditionalMDP. Thesolutionto a TTD-MDP
is a policy � : T � A ! [0; 1] providing a distribution
over actionsfor every trajectory. An optimalpolicy results
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Figure1: Sample3� 3 gridworld with deterministicactions
RightandUp, alongwith theresultingtrajectorytree.

in long-termbehavior ascloseto the target distribution as
possible.

Trajectoriesrepresenttotal historytracesof anonlinede-
cisionmakingprocess.ConsiderFigure1, a3� 3 gridworld
wherethereare two deterministicactions: move right (R)
andmove up (U). All legal trajectorieshave initial state1
andterminatingstate9. Theright sideof the �gure depicts
the correspondingtrajectorytree. A trajectorytreeis sim-
ply a graphicalrepresentationof the valid trajectoriesand
thepre�x relationshipthatgovernspartialtrajectories.Con-
siderthepartial trajectory1

R
� ! 2, for instance.It is a pre�x

of two immediatesubsequentpartialtrajectories(1
R

� ! 2
R

� ! 3

and 1
R

� ! 2
U

� ! 5) aswell as threeotherpartial trajectories
andthreecompletetrajectories.A policy � would provide a
distribution over availableactionsfor eachinternalnodein
thetree.

Unfortunately, it 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,
wemustconsiderapproximationsto thedesireddistribution
of trajectories.The following approachwas�rst presented
in (Bhatet al. 2007). Theapproachinvolves�nding a pol-
icy thatminimizestheKullback-Leiblerdivergencebetween
thedesireddistribution of trajectoriesp andthedistribution
q that is realizedthroughthecombinationof thepolicy and
thetransitionmodel:

DK L (pkq) =
X

�

p(� ) log
p(� )
q(� )

=
X

�

p(� ) logp(� ) �
X

�

p(� ) logq(� )

K L-divergenceis not a distance,asit is asymmetric;how-
ever, it is well-understoodwith severalimportantproperties.
In particular, it is consistent,alwaysnon-negative andzero
only whenp andq areequal. For TTD-MDPs, p is given,
andq is de�ned asfollows:

q(� ) =
Y

t � �

w(t) (1)

where w(t0) =
X

a

P(t0ja; t) � � (t; a) (2)

Here,� representscompletetrajectories,t andt0 represent
(partialor complete)trajectories,andthesymbol� is used
to denotethepre�x relationship.Theprobabilityw(t0) rep-
resentsthefrequency with whicht0 is targetedwhenthepro-
cessis at t. It combinesinformationabouttheprobabilistic

policy andworld dynamicsat t. Thus,theproductof these
one-steptransitionfrequencies,w(t0), yieldstheprobability
of acompletetrajectory, q(� ).

Ourobjective functionfor optimizationnow becomes:

max
�

X

�

p(� ) logq(� ) = max
�

X

�

p(� ) log
Y

t � �

w(t)

= max
�

X

�

p(� )
X

t � �

logw(t)

= max
�

X

�

X

t � �

p(� ) logw(t)

Note that a partial trajectoryt contributesp(� ) logw(t) to
the sum for eachcompletetrajectory � for which it is a
pre�x. We can de�ne a function over completetrajecto-
ries summarizingthe factor of logw(t) that t contributes,
m(t) =

P
t � � p(� ). Notethatthis de�nition impliesthere-

cursive de�nition m(t) =
P

t ! t 0 m(t0), i.e. the massof a
trajectoryt is thesumof themassesof its childrent0 in the
trajectorytree.Ourobjective functionis then:

max
�

X

t

m(t) logw(t) (3)

Note that m(t) representsthe total probability masscon-
tainedin thesubtreerootedat t.

Thoughtheexplanationis beyondthescopeof thispaper,
theobjectivefunctionin Equation3—encapsulatingasearch
over global policies � —canbe reformulatedin termsof a
seriesof independentlocal optimizationssearchingover lo-
cal policies� t —onefor eachinternalnodein thetrajectory
tree. We achieve theglobally K L-optimalsolutionregard-
lessof theorderin which we performtheselocal optimiza-
tions; thus, the TTD-MDP canbe solved online. Onecan
startby processingthe root of the trajectorytree,thenpro-
cessthechildrenof theroot,andsoon, to computea policy
for eachnodein the tree. Better, if m(t) canbe computed
ef�ciently , wecansolveonly thelocaloptimizationsthatwe
actuallyencounter, interleaving thelocal optimizationsteps
with taking actionsin the world. The local policy � t pro-
ducedby thelocaloptimizationtellsushow to take thenext
action,andtheactionplacesusat a new nodein thetrajec-
tory tree.

Authoring TTD-MDPs
As with any AI technique,one must specify the compo-
nentsof aTTD-MDP. Weareinspiredby interactivedramas,
andthe mechanismsfor specifyinga goodstory, so we fo-
cushereon theproblemof authoringtargetdistributionsin
TTD-MDPs.Thenumberof valid trajectoriesis oftenlarge,
soonecannotsimplyenumerateall possibletrajectoriesand
manuallyassigneachoneaprobabilityweight.To beautho-
rially feasible,theremustbe a compactway of specifying
thedistribution.

In the original formulationof dramamanagementasan
optimizationproblem(prior to TTD-MDPs),authorsof in-
teractive dramaswere expectedto provide an evaluation
function that encapsulatedthe quality of a completestory.
Insofar as that is a reasonablerequirement,it is possible



to usesuchan evaluationfunction to inducea reasonable
distribution over stories. For instance,we may wish that
storiesoccurwith a probabilityproportionalto their evalua-
tion score:p(� ) / R(� ).1 Unfortunately, suchanapproach
still doesnot eliminatea dif�cult hurdle: solving a TTD-
MDPef�ciently andoptimallyrequiresm(t) tobecomputed
quickly. Below, wewill describetwo techniquesthataddress
thisdif�culty .

Sampling
The�rst authorialidiom we considerconstructsanestimate
for p(� ), from which we will computem(t). Whenanau-
thorhasde�nedanevaluationfunction,wecanuseit to con-
structadistributionp(� ) asabove;however, thisapproachis
infeasiblefor largetrees.Instead,we canapproximatep(� )
by samplinga subsetof trajectoriesTs � T (via simulation
of gameplay, for instance)andthenusingep(� ) asa replace-
mentfor p(� ), whereep(� ) / R(� ) for � 2 Ts andep(� ) = 0
otherwise.We constructm(t) from this estimate;therewill
beanm(t) valuefor eachnodein thetrajectorytreeinduced
by Ts. Becausewecontrolthesizeof Ts, wecanadjustit to
�t ourmemoryrequirements.

Thereareseveralchoicesfor generatingsamples.Follow-
ing previouswork, we could �rst selectuniformly from the
setof possibleactionsandthenselectuniformly from theset
of successortrajectories,to generatea completetrajectory.
An alternative is Markov ChainMonteCarlo (MCMC)sam-
pling,arejectionsamplingtechniqueusedto draw i.i.d. sam-
ples from a distribution that is dif�cult to sampledirectly.
In our experiments,we usethe Metropolis-Hastingsalgo-
rithm (Metropoliset al. 1953;Hastings1970).Thepseudo-
uniform samplingproceduredescribedabove is usedasthe
(unconditional)MCMC proposaldistribution.

It is importantto includetheactionin thesamplingpro-
cessas it constrainsthe set of statesthat can be reached.
Consideractionsa1 and a2, and partial trajectoriest; t1
and t2, where t is parentof t1 and t2 in the trajectory
tree. If P(t1ja1; t) = 0:2 and P(t2ja1; t) = 0:8, then
both t1 andt2 arevalid successortrajectories;however, if
P(t1ja2; t) = 0:0 and P(t2ja2; t) = 1:0, then caremust
betakenbecauset1 canneveractuallyoccurwith actiona2.
Further, in somedomainsreward is basedon both the se-
quenceof statesand the actionstaken by the system. In
dramamanagement,for example,theauthorseeksto avoid
theperceptionby theplayerthatthedramamanagerisoverly
manipulative, thereforepenalizinginstrusiveactions.

The samplingapproachhasits drawbacks. Due to non-
determinismin P(t0ja; t) andthesheersizeof thetrajectory
space,it is quite likely that an unsampledpart of the full
trajectorytreewill be encounteredduring an episode.Pre-
sumablythis is morelikely in the low probability portions
of the tree,so onemay have alreadybeendoing poorly to
have enteredinto that part of the space.Further, if the de-
viation occursnearthe leavesof the trees,it maybepossi-

1For easeof explanation,we have requiredm(t) to represent
the total probabilitymasslocatedat thesubtreerootedat t, but in
actualityonly a relativemeasure(w.r.t. thesiblingsof t) is needed,
soin practice,normalizationof theprobabilitiesis unnecessary.

ble to performonline resamplingto recover. In the drama
managementdomain,it appearsthatgoodstoriesoftenhave
commonpre�xes(Nelsonetal. 2006),soit maybethatone
is mostlikely to deviateonly afteronehasalreadyensureda
goodstory.

Prototypes
Thesecondauthorialidiom we considercomputesm(t) di-
rectly (which inducesa targetdistribution p(� ) that is never
representedexplicitly) andis basedon (i) a setof prototypi-
cal “good” trajectoriesand(ii ) adistancemetricover trajec-
tories. Combiningthe distancemetric with the prototypes
caninduceaprobabilitydistributionoverall possibletrajec-
tories. Onesuchmethodis to constructa Gaussianmixture
model(GMM) over thesetof prototypes:

m(t) =
NX

i =1

w(� i ) � N (t; � i ; � i ) (4)

where

N (t; �; � ) =
1

�
p

2�
e� d( t;� )2 =2� 2

; (5)

� i is a prototypeand the centroidof a Gaussiandistribu-
tion with variance� 2

i , w(� i ) is the prior weight given to
eachcentroid,andd is somedistancemeasureon trajecto-
ries. Therearea numberof choicesonecould make for a
distancemetric.Weexplorethreeclasses.

The �rst is Levenshteindistanceor edit distance(Lev-
enshtein1966). The edit distanceis a computationallyef-
�cient generalizationof the Hammingdistance(Hamming
1950)thatis de�ned overstringsof unequallengthandhan-
dlesinsertions,deletions,andsubstitutions.Considerthree
trajectories: t1 = 1

R
� ! 2

U
� ! 5, t2 = 1

U
� ! 4

U
� ! 5, and

t3 = 1
U

� ! 2
U

� ! 5. The edit distancebetweent1 andt2 is
dE (t1; t2) = 2 becausethey differ in the �rst action and
secondstate.By contrast,dE (t1; t3) = 1.

Thereareseveral variationsof edit distance.Let l(t) be
the length of a trajectory t and � (t; n) be the pre�x of t
with lengthn; if l (t) < n, we de�ne � (t; n) = t. Using
� (t; n), we canbegin to constructmeasuresof distancethat
arebettersuitedto differentdomains.For example,in the
dramamanagementdomain,deviationsfrom desirabletra-
jectoriesnearthe root of the trajectorytreearepotentially
more costly than deviations later. Thus, we may wish to
considera scalededit distancebetweentrajectoriest and� :
dSE (t; � ) = 1 + jl (t) � l (� )j � dE (t; � (�; l (t))) .

A secondclassof distancemeasuresinvolvesvariations
of the longest commonsubsequence. A subsequenceof a
trajectoryis anothertrajectoryformedby deletingsomeof
theelementsof theoriginal trajectorywithoutdisturbingthe
relative position of the states(and actions). The longest
commonsubsequencebetweentwo trajectoriesis thelongest
subsequencethatappearsin bothstrings.

A third classof distancemeasuresusesthe evaluation
functiondirectly whenit is available. Typically, suchfunc-
tions are implementedas a linear combinationof features
aboutthestory: R(t) =

P
k wk � f k (t) (we refer the inter-

estedreaderto (Weyhrauch1997;Nelson& Mateas2005)



for details). Here,distancefrom a prototypeis simply de-
�ned asdF (t; � ) = jR(t) � R(� )j, which we shallcall the
feature distance. We couldalsoconstructa vectorrepresen-
tation of thesefeatures~R(t) = [w1 � f 1(t); w2 � f 2(t); : : :]
andusethosevectorsin a multivariateGMM. Theweights
onthefeatureshaveaneffectsimilar to changingthecovari-
ancematrix of theGMM, providing aninterestingprospect
for authorialcontrol.

Oneproblemwith this approachis thatstoryfeaturesare
not necessarilywell de�ned over partial stories. We over-
comethisby de�ning ablendedfeaturedistancefunction:

dB F (t; � ) = min
�
1;

l (t)
l (� )

�
� dF (t; � (�; l (t))) (6)

+ max
�
0;

�
1 �

l (t)
l (� )

��
� deE (t; � (�; l (t))) (7)

wheredF is a functionbasedonthefeaturesandd eE is some
form of the edit distance. Equation6 representsincreas-
ing contributionsof the dramamanagementfeaturesasthe
lengthof trajectoryt approachesthatof � . Similarly, Equa-
tion 7 representsdecreasingcontributionsfrom theedit dis-
tanceasthelengthof thetrajectoriesbecomesimilar.

Using prototypesprovides a numberof distinct advan-
tagesoversampling-basedapproaches.In comparisonto au-
thoringarewardfunctionfor anMDP, handselectingasmall
numberof prototypesmay be signi�cantly easier. Further,
the prototypeapproach—especiallyusing GMMs—allows
ef�cient computationof m(t) for partial trajectories.Even
better, thisapproachprovidesasmoothdistributionsuchthat
no trajectoryhaszeromass.Thus,it is not possibleto fall
outof thesampledspace.

On theotherhand,theproblemof authoringhasbecome
the problemof choosingan appropriatedistancefunction.
When an evaluationfunction is available we can useit to
capturesubtletiesin thevaluesof states;however, whensuch
functionsaredif�cult to construct,it is not clearhow well
methodslike edit distancescando. Finally, prototypesmust
comefrom somewhere. They may be provided by the au-
thor, but they couldalsobegeneratedby asamplingprocess
similar to theonesdescribedabove.2

Results
We report on experimentsdesignedto illustrate the over-
all performancecharacteristicsof the two authorialidioms
discussedabove as well as show how someof the varia-
tions perform. As TTD-MDPs were originally developed
for dramamanagement,we evaluatethe approacheson the
twodramamanagementTTD-MDPsdescribedbyRobertset
al. (2006),namely, AnchorheadandAlphabetCity. Because
existing work hasalreadyindicatedthe potentialfor sam-
pling approachesto beeffective,we chooseto simply high-
light therelationshipbetweenMCMC anduniformsampling
(rather than provide a detailedstudy of samplingperfor-
mance),andwe insteadfocus the bulk of our attentionon

2Therearesubtleties.In theuniformsamplingcase,theevalua-
tion functionprovidestheprior probabilityof eachcentroid.In the
caseof MCMC, thesetof prototypesarealreadychosenaccording
to thecorrectprobabilitysothepriorsshouldbeuniform.
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experimentsin theprototype-distanceidiom. In thosecases
wherewe evaluatethe prototype-basedapproaches,we ig-
norehand-authoredmodelsto avoid skewing theresultstoo
muchby ourparticularchoiceof prototypes.

Comparisonof SamplingApproaches
In Figures2 & 3, wepresentresultsonboththeAnchorhead
and AlphabetCity domainsin the form of a story quality
histogram.Suchhistogramshave beenusedfor qualitative
analysisof dramamanagementsystemsin earlierwork. In
these�gures, we examinethreedifferent techniques:uni-
form sampling,MCMC sampling,andsamplingwith SAS+
recovery (Robertset al. 2006). The key nodm refers to
storiesfor which no dramamanagementwasappliedandis
usedasabaselinefor assessingtheeffectof applyingdrama
management.Of interestin theseplots is therelative shape
of thehistogramcurves.Qualitatively, thegoalof thedrama
manageris to shift thedistribution“right andup” (increasing
thequalityof stories)while preservingits “width” (ensuring
thevarietyof stories).

First, we discussthe resultspresentedin Figure2. The
threecurvesin this �gure correspondto thenodm baseline
as well as uniform and MCMC samplingwith 1,000,000
samples(and a burn-in of 1,000 in the caseof MCMC).
The nodm baselineis relatively higher toward the bottom
endof theevaluationscaleandlower towardthetop endof
thescalethanthe othertwo curves. This nodm baselineis
obtainedby simulatinggameplaywithout any DM actions
taken,so this resultis consistentwith our expectations.On



the other hand,we found that MCMC performedslightly
worsethanuniform sampling,asevidencedby the MCMC
quality curve beingmostlybetweennodm anduniform (i.e.
below nodm but above uniform at the bottomof the scale
andabovenodmbut below uniformatthetopend).Uniform
samplingperformingbetterthanMCMC will becommonto
mostof theexperimentalresultspresentedin this paper. We
believe this relative performancegap occursasa result of
MCMC samplingtendingto “hang around” good partsof
thespacewhereasuniformexploresmorethoroughly.

In Figure 3, the resultsof experimentson Anchorhead
similar to thoseperformedon AlphabetCity arepresented.
First, we point out that the nodm caseslightly beatsthe
performanceof uniformandMCMC sampledTTD policies.
This is in contrastto theresultsobtainedon AlphabetCity.
Thereis, however, a simpleexplanationfor this difference
in performance.Although not presentedin detail, the set
of actionsavailable to the DM in both story worlds have
slightly different characteristics.Most notableis the use
of a temp denies actionin Anchorhead,wherethe DM
cantake anactionto temporarilydeny a plot point from oc-
curring in the game. At somepoint later in the game,the
DM mustreenablethatplot point with anotheraction. This
would not be a problemfor the DM if we could guaran-
teethat the policy is completelyspeci�ed for every partial
story; however, becausewe constructthepolicy basedon a
sampledtrajectorytree,therearefrequentlydeviationsfrom
thattreebeforethereenableactioncanbetakenby theDM.

For example,theAlphabetCity storyworld hasanaver-
agestorylengthof roughly9 plot pointswhereastheaverage
storylengthin Anchorheadis approaching30. In bothcases,
the averagedepthof deviation (i.e. numberof plot events
thatoccurduringanepisodebeforeanunsampledpartof the
trajectoryspaceis encountered)is approximately� ve. Thus,
theAnchorheaddomainis at a disadvantagefor thefollow-
ing reason:whena plot event is temporarilydeniedby the
�rst few DM actions,if it is not reenabledbeforedeviation
from thetreeoccurs,thenit cannotoccurin thestory.

To morefully characterizetheeffectof falling off thetree,
weadditionallyshow theresultof usingWeyhrauch'sSAS+
onlinesamplingsearch(Weyhrauch1997).Therearetwo in-
terestingthingsto notice.First, theadditionof SAS+signif-
icantly improvesthestoryqualities,comparedto thenodm
baselineandtheTTD policieswithout a recovery strategy.3

Second,the curvesarenearly identical, indicatingthat the
deterministicsearchof SAS+is ableto realizeits goalswith
high probability. This structurein the quality histogram(a
steep,impulse-like curve) indicatespotentialissuesfor re-
playability.

Comparisonof Prototype-DistanceModels
To examinethe performanceof variousprototype-distance
models,weconductedanumberof experimentsto testsome
of the many free parametersof the system. In particular,
we looked at differentdistancemetrics,differentGaussian
widths anddifferentnumbersof prototypes.Due to space

3Earlierwork hasshown thatSAS+alonedoesnotperformwell
onAnchorhead(Nelsonetal. 2006).
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Figure4: A comparisonof modelsbuilt with 100prototypes
generatedby MCMC samplingwith variousstandarddevia-
tions.

constraints,we opt to presenta selectionof the results,
which areintendedto be representative of the otherexper-
imentswe conductedaswell asto provide insight into the
characteristicsof theapproach.

Becausewe aremostinterestedin understandinghow the
modelsreactto changesin parameters(e.g. changesin how
theauthorspeci�estheTTD-MDP), we will focusthebulk
of our analysisin this sectionon the drama-management-
speci�c distances(feature distanceandblendedfeature dis-
tance) describedbefore. Although not presentedhere,we
have identi�ed similar characteristicsin othertestdomains
wherethemoregenericvariantsof Levenshteindistanceand
longestcommonsubsequencearemoreapplicable.

In Figure4 we plot quality histogramsfor threedifferent
prototypemodelson the Anchorheaddomain. The models
wereconstructedwith 100MCMC sampledprototypesafter
a 1,000stepburn-in andusedthefeaturedistancemeasure.
We testedthree different standarddeviations: 0:25, 1:0,
and2:0. The resultswe obtainedweresomewhat counter-
intuitive. Speci�cally, we found that as the width of the
Gaussiansincreased,the width of the resultingquality his-
togramdecreased.We believe the reasonfor this is related
to theideaof a “plateau”in optimizationproblems.Specif-
ically, with narrow mixture componentsin the GMM, it is
likely thatthespacebetweenthemwill haverelatively stable
andlow probabilitymass;however, asthewidth increases,
onewould�nd thatthetailsof theGaussianstendto overlap,
forming a nice neighborhoodof trajectoriesthat are com-
monto anumberof centroids.Thus,duringanepisodewith
small-widthGaussians,if the nondeterminismin the envi-
ronmentcausesthe currentepisodeto enterthe �at space
betweencentroids,theresultis likely to endup resembling
a randomwalk throughthe space. Thus, the quality his-
togramfor experimentswith small standarddeviation tend
to have moremassat the tails. Larger standarddeviations
donotseemto suffer from thiseffect.

Next, we considerthe effect that the numberof proto-
typeshason the resultingquality distribution. In Figure5,
we presenttwo prototypemodels. The prototypemodels
usedfor this plot wereconstructedusing100prototypesaf-
ter 1,000sampleburn-in andusedthe blendedfeaturedis-
tancemeasure.

We found that the rejection step of the MCMC sam-
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Figure6: A comparisonof prototypemodelsbuilt from 100
uniformly sampledprototypesand 2000 MCMC sampled
prototypes.

pling procedureoftenleadsto clustersof samples,especially
whenfewer samplesareusedasprototypes.For example,
considerFigure5. Thequality of theMCMC-sampledpro-
totypemodelis substantiallylower thanthatof theuniform
sampledmodel. Now considerFigure 6, wherethe same
100-sampleuniform model is comparedto a 1,000-sample
MCMC model as well as a 2,000-sampleMCMC model.
The quality of the 1,000-sampleMCMC model is roughly
equivalentto thatof the100-sampleuniformmodel—anor-
derof magnitudeincreasein thenumberof prototypesis re-
quiredfor theperformanceof MCMC samplingprototypes
to matchthat of uniform sampledprototypes.Further, no-
tice how theadditionalincreasein performanceobtainedby
doubling the numberof prototypesto 2,000 is noticeable,
but notparticularlypronounced.

Concluding Thoughts
In thispaper, wehavediscussedthepowerandperformance
of two authorial idioms for target distributions in TTD-
MDPs. Our discussionandanalysisis �rmly entrenchedin
thedomainof interactivenarrative. Our focuson interactive
narrative is motivatedby the uniquechallengesit provides
to designersof AI technologiesas well as the challenges
providedto theauthor. We have shown theeffectivenessof
theseauthorialidiomsthroughanempiricalanalysisof two
interactivenarrativedomainspreviouslystudiedin thelitera-
ture.Speci�cally, wehaveshown thatournovel approachto
MCMC samplingof trajectorytreesperformsapproximately

aswell asthe previous uniform samplingapproach.In ad-
dition, we have shown thatthenovel prototype-distanceap-
proachandthedistancemetricswede�ne, whenconstructed
usinga setof sampledprototypes,show promisefor contin-
ueddevelopment.
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