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Abstract Zimmerman 2006], and it is improvement of experience

Computer and videogames have been described using that 1S th_e main 906\| of player mo_delllng. T_hergfore our
several formal systenisin this paper we consider them as goal in this paper is to advance the investigation into player
Information Systems. In particular, we use a Decision ~ Mmodelling using reductionist formal methods.
Theoretic appach to model and analyse -ifie, data from
Pacmaf" players. Our method attempts to calculate the Predictive Player Modelling
optimal choices available to a player based on key utilities . . L
for a given game state. Our hypothesis in this approach is  Predictive fayer modelling works by considering the
that obser vi ngframthelogiyat chdices d e Wil a Y &®-gaine goals as equivalent to some target
predicted can reveal their play preferences and skill, and  function of the game state and calculating this function
thus form a basic player classifier. The method described  using ingame playerelated data (similar to [Thue &
builds on work done in [Cowlegt al 2006], increasing the Bulitko 2006]).Our overall aim is develop this meithinto
scope and sophistication of the model by decreasirnce a player classifier, with validation based on the
on supervision. The downside is a consequent performance Demographic Game Design (DGD) [Bateman & Boon
h:t' VY’tE'Ch lprteh\{ents redime et>|<_ecuttr|]onbof_the_mgc:ellnrfnggh 2005] typology of players. If successful, Decision
algorithm. In this paper we outline the basic principle of the . . ; T
Dgcision TheoretiF(): gpproach and discuss thpe resIl)JIts of our Theoretic modelling would provide 'a lelevel building
evolution tavard datadriven classification. block to be used so that a game's play stractmay
automatically adapt to the preferences and skills of each
individual player.
Introduction The authors developed this approach inspired by
considering games as Information Theory systems,
The approach described herein is grounded in a body of especially the principle that Decision Theory
research on games as formal systems (systems ofiGmytrasiewicz & Lisetti 200] can be used to model the
information), and we can summarise this as follows. There choices that p|ayers make on the basis of available
are several definitions of games and gaming the information. This decision theoretic approackiéscriptive
literature, from a Variety of sources such as |UdO|OgiStS rather thanprescriptive because a|though one can quite
[Wolf & Perron 2003], game designers [Crawford 2002] accurately calculate the optimal choices that a player
and game studies researchers [Salen & Zimmerman 2003].shoud take given the current game state and the most
However, the academic study of commercial computer and obvious and observable utilities, players generally do not
video games (hereafter calledrges) is still a very new  pjay in an optimal way. This may be due to their lack of
area, especially as regards understanding and systematisingxperience or their personal playing style.
the relationship between games and players. In particular  previously, the authors implemented predietiplayer
more study is required into gamgynamicsi i.e. the modelling in [Cowleyet al 2006], using a prelefined set
i nteraction that arises betoweesn aga el FYoar camEGsgamaeds i oqr n
system. A formal system (or ganmeechanick defines a  the disadvantage of having a low granularity. This resulted
gameplay logic which can be expressed as a mathematicai n poor accuracy when classif)
model. Game play in such a model occurs as a (usually) increased the uncertainty in the prediction function. The
deterministic, emergent process of action sequences current implementation follows a different approdcio
belonging to one or more players. Asstprocess equates  take account of all relevant features of the current state, so
to the playeros expl or ati onhattlity dalButatio®igbig éhs wdlghtedSdatbré Jedtor. Y S |
it also correlates Stl’ongly to their overall eXperience. In This reduces the |p'act of arbitrary design ChoiceS, 0]
other words, often how mechanics give rise to dynamics is classification of state is more unsupervised and data

the biggest influence on adrid The enki® &m of hiP Saper Beh GsQo irlveStydtee N ¢
whether such a switch from pdefined states to data
Copyright © 2007, American Association for Artificial Intelligence driven utility calculation improves the predictivevper of
(www.aaai.org). All rights reserved. the Decision Theoretic method when the weighted features

are themselves predefined.



The paper continues in the next section with a Pacman and Decision Theory
description of our Pacman tdstd implementation, while

section 3 explains the Decision Theoretic formula used, To see why we use Decision Theory, consider the situation
and how it can be applied to Pacman in a data driven where Pacman is unconstrained in a lévér exampleif
fashion. In Section 4 we present results from a series of there were no GhostsTime is never a constraint in
experiments run on game data collected from gamers with Pacman, so without GBts the path chosen by the player

a broad crossection of experience, and this leads the would be unimportant, as any explorative path would result
reader to the conclusions and finaémarks on the  in the same utilityi collecting all the dots. There would be
applicability of the method and possible future work. no unforeseeable or surprising events, no challenge.
Pacman could follow any path through the lexaid the

bed | . level would end when the path does. In this game, there are
Pacman Test-bed Implementation no meaningful choices to be made, which by some

The Pacman implementation used was created by thedefinitions [Salen & Zimmerman 2003] would mean this
authors and represents an interpretation of the original Was no longer even a game. Gameplay is created by
Namco game, rather than a clone. Thus we prowide Cchoosing between utilities e.g. sae lives by evading (or
description of the game mechanics below. Pacman is aincrease points by hunting) Ghosts.

linear and relatively simple game when compared to In fact, in most games the mechanics of play are
modern computer games, yet its possibility space is still far concerned with choosing the action which maximises a
too Comp|ex to search without heuristics. Below we Uti"ty function, from a set of actions situated in an
describe how the game was broken dowrio its evolving possibilityspace. This explation of gameplay is
constitutive elements and fitted into the utility calculation Very evident in the literature, both before and after the
formula (Initial Caps are used to describe game entities and advent of computer games:

their actions; 6t he playerQ gaa”nﬁje 6 Racgmand, mar8 Lnter,
changeable). This enabled our implementation of the  gecisions in order to manage resources through game
formula within the éstbed code. tokens in pursuit of a goal. [Costikyan 1994]

A The game world is a 2D graph where the nodes of the

graph can be Pill, Dot or empty. This constitutes a level.  Indeedmost formal work on games playing, whether it be

A Pacman and t hyame G Mave  ( Céaﬁng Th@rlo [yon Neumann & Morgensltlern 12947]I.or
between nodes along two axes, horizontal and vertical. gﬁar rgeazjri]:;?inp aytll?g ng?;gegsprg?r%mso[ﬁsm ;ng)a]éég Ie§n
A Ghosts mo statingriraa cbmtrai lbgx area. b 9 bp

Random movement was chose nestimation of their %trwté TrLe groblem inntr¢ r. fhils "
a on oveme . for %Sderﬁ E'oﬁ]put g mes 15 that ?irgtly, he ossibl‘ﬁty
o mak_e it simpler to calculate _the probability of future space is often very large and states and features cannot be
states in the lockhead tree (since random movement ‘<elv defined q A ¢ turbased
gives an even probability distribution to all future state grhe_msey_ enned, an seconc_ﬂyps are not turtbase

IE} last invalidates many optimisations & heuristics from

A Pacman Eats Dots & Pills Wh&dmdhBoaM §ahs Nayifshddrams Bl Th72).

A - Pacman only Eats Ghosts whaunmeth& follows [Griyrdsiewicz & Lisetti 20bo] iwi t h i
the lastt game cycles, otherwise Ghosts Eat Pacman and formulating gameplay in terms of Decision Theory.

he loses a Life. Information Theory, and by extension Decision Theory,

A Eat en-smpnrat the sriginalestart node, unless can be viewed as a formulation of the uncertainty of
Pacman s run out of lives, then the game is over. making nontrivial choices, and so can be used to describe

A - Pacman must Eat all Pil | gheaahqicesD thats craate dameplays hrhus wih eotire u p «
the level ends whether or not the player was still within implementation the current information, from the game
thet cycles started from recently Eating a Pill. state and the heuristics on player utility, is used to make

A Ghosts are per meathiDets a n d Prefligtions ¢f the cnaicesf whighates {fis possible for
Pills or obstruct each other. Pacman to move to. We can fit the choices, and their utility

A Points are scored as folmgaig}gts,toalfgmuﬁe#ﬁjngBe§i§ionT Y- lésrwei?;‘\qll,

i (2~ Num of Ghosts)) for each Ghost Eaten after a Pill. predict quite accurately th_e behaviour o a.ra_ti naI,. util
maximising player. The list of these prediction.(ithe

The above is a description of Constituative rules [Salen & actions of a rational player) will give an example of a near
Zimmerman 2003]’ the formal rules thacomprise the optimal path.

game mechanics [Hunicket al 2004]. Our approach uses A rational player formulates its decision making
descriptive Decision Theory to model the Constituative sijtuation in terms of a finite sef), of the alternative
rules, and by this method approximately model the game courses of action, or plans, it can execute. A membgy of
dynamicsi i.e. how the player interacts with the game (as saya;, can be thought of as a plan consisting of consecutive
described by Opative rules [Salen & Zimmerman 2003]).  actions extending to the future ting (see sectiorTree



Search. An action plan occurs in a stadelimited world,
formalised as the set of all possible states of the wérld,
In Pacman, the currénstate is known, and thus our
probability function represents the uncertainty of the player
as we project forward in timé resulting in a probability
distribution P(S) over the state spac& This projection
function is expressegroj : S x A Y P(S), so that
projecting the results of actica given the current stat®
gives the probability of the projected statesj( S &) =
Pi(9). Our Utility functionU encodes the desirability of the
projected states to the play&r.maps a state to nwerical
output,U : SY R. Thus by calculating (Formula 1) we
predict a plara* that a player should perform to maximise
their utility:

a* = ArgMax_, ,a proj’u(s’) 1
A tds
Where Proj! is the probability assigned by(8 to the
stateS' . We can derive from this formula the algorithm for
dynamic predictions of optimal utility actions in a game.
Our definition here is closely related to that of stochastic
processes, and in particular to Markov dexisprocesses
[Boutilier, Dean, & Hanks 1999], but it makes explicit the
decision problem the agent is facing by enumerating the
alternative action sequences the agent is choosing among.

Data Driven Decision Theory

Tree Search. The goal of implementing (Fowla 1) is to
search the utilityweighted futuremoves tree. This tree is
built by finding all possible combinations of positions
which the ingame actors, Pacman and four Ghosts, can
occupy when they move one step; and then iterating that
calculation fora computationally tractable number of steps.
The tree will branch by a factor corresponding to the
number of nodes adjacent to each actor. Outbiedtgame
map has 187 navigable nodésof these 150 have 2
adjacent nodes, 30 have 3 adjacent nodes, anav@ 4
adjacent nodes. Thus the average branching factor will be
roughly®Y,5.2° + 5.3 + Y/,5.4° & 2.54.

Look-ahead is done by building the tree of possible
future states up to a ply depth congruent to the number of
moves Pacman might need in order tomplete a
meaningful action. In other wordslagers make plans with

3i 3 grid. This grid division is significant because, in 8 of 9
grid squares, there is an attractor for the activity of the in
game actors. There are the 4 Pills, the 8p@awn points,

and the 2 teleport gates (all standard elements of Pacman).
Whenthedisr i buti on of each

depth of 6 produces an intractably large computation under
the current implementation and was scaled back to a depth
of 3 pending algorithmic optimédion (seeFuture Work
Section).

In building the tree the
possibility space, ranking each possible state by calculating
the utility to the player of a set of features (as defined
bel ow) , and can teldi nuesb
space is the playerds move.
of a chreode [Kieret al 2002] of optimal play, defining
optimality as the maximal of a utility function.

Feature Specification. Ultimately, utility in (Formula 1) is

for a proces$ e.g. the process of collecting all the Dots in
an area, or getting a Pill then Eating Ghosts. Process utility
must be calculated by summing state utility, and the utility
of a state is judged by global features.

Ideally, features of a Pacman state woudddefined by
(ideally, unsupervised) Machine Learning (ML) of the
patterns in gameplay logic through observation of play.
The problem with this approach, as with any attempt at
learning through observation of play, is that it is difficult to
obtain a sufftiently large corpus of state data from
observed games. So in substitution for this method we look
to expert opinion to specify our features, which luckily in
Pacman are not too numerous.

In simple terms, features would be things like: the A* or
Manhattan distance between Pacman and each Ghost;
number of Pills, Lives or Points. Each of these features will
have a relatively simple numerical representation
describing its state in the context of the game engine.

The conceptual form of most of the state feesuis that
of a vector of opportunity for Pacman, determined by the
capacity for meaningful action and weighted by the
consequent risk/reward ratio. Definitions of heuristics for
the calculation of utility of state features begin with the
primary utility i Score. Since the scoring function of Dot
collection is a ong¢o-one mapping between potential and

t ohfe

strategic goals, but each plan also equates to a sequence cdctual Points, the major deciding feature of a state
pl ay e r-lével cHoicest Decision Theory considers associated with scoring is the potential for Hunting Ghosts.
these sets of choices thus a plan produced by our The antecedent for Ghost Hunting is for Pat to Eat a
prediction functim should be bounded by what is a Pill, so unless Pacman has just done this, the weight
reasonable number of moves ahead that the player couldassociated with Ghost Hunting will be inversely
consider. Since players do not know the Ghost movement proportional to the A* distance from Pacman to the nearest
control functions, which here are in any case random, it Pill.

will be difficult for them to predict Ghost movement yer This serves to balance off this weighted feature against
far in the future (at least until they become quite expert). that of Ghost avaiance and Dot collection, so that
This means that we have a boundary constraint (beyond aggressive tactics are only predicted if a Pill is sufficiently
computational limitations) on how many moves of the cl ose t hat the distance to
playerds plan we shoul d
that the ideal tree depth is&s that is the width of one grid
square when our tebed game map is partitioned into a

A Ghost
ithese

proximity
correlate to

actor 6
peaks can be seen around these attractors. Unfortunately, a

g

th
p

i1

t r yayoff af aggressiod. Same heuristie featurasvused weeres i t e

d Wlistribionme a s u
Pacmanés



reward when he has just Eaten a Pill and is invulnerable. | - >Read new game state
A I'ndividual dots are wei ght-eRuidppssiblefugrg stafegtreet he di st i buti

density of adjacent dots, and by the inverse of their - >For each direction open to Pacman
distance to Bcman. - >Calculate utility of child states
: . - »Update Pagman pgsition = direction
A Risk or the number of ||ivles cgrregsforidingfto igi?gsf”‘uﬁlitgpa n-

- lterate up to max tree depth

Utility Calculation. The ideal metric for the calculation of A~ Iterate for all game states

feature utility weights in any game would be the difference
between the value of some metric for the current state and
the absolute value fothis metric in the final state. The Data Driven Analysis Experiment
final state is the winning state (maximum utility in a non
binary outcome game). Knowing this final state, one must The aim of this paper was to investigate the potential of
simply calculate which next state decreases the differenceour data driven Decision Theoi®t approach as the
by the greatest amouinti.e. maximises plagr utility. In foundation for a player classifier, based on comparative
practice, obtaining this final state metric requires the analysis of predicted and actual behaviour. The manner in
calculation of the entire game possibility space, which is which this would work is as follows.
almost always an intractable calculation. Even TicTacToe, Feature weights can be specified for individuals to
(i.e. noughts and crosses), has a possibility space on thematch patterns observed in thplay/associated with their
order 0f10,000 moves and courteroves. type. This allows a form of player classification
Therefore,it is necessary to specify metrics that only corresponding to observed play styles [Bateman & Boon
look ahead a few steps, and instead of taking as their target2005]. As play progresses, wehosen features should be
the final state utility these metrics use heuristic measures reflecting the play decisions that the player needs to make.
of utility. Such measures reflect the twoajor utility If their decisions are all potentially equally likely, then
indices, Points and Lives, and variables which affect them. whatever they decide to do indicates what thalimy
Calculating potentiality of scoring is important, since it can preferenceis. The weights of those features that reflect
cut down on the amount of lookahead necessary. For play decisions will therefore correspond to these same play
example if, when moving in one direction Pacman comes preference$ in future work,adjusting weights to maintain
closer to soméshosts, his utility will be higher if he also  high accuracy of predictions could allow the method to be

comes in proximity to a Pill. This is because pwentid used to a learn a player model in rgaie.
for scoring was raised, whatever thetual future state of To see how the weights of gameplay features could
the game. reflect player preferences, we can examine some of the

As each possible state at a thstep is ranked by its  common play actities in Pacman with reference to the
utility contribution tothe path to which its parent belongs, DGD typology. Dot collection is the default activity, and
we navigate the tree of states along the path of highestunless the player is in a hurry to finish, should be of quite
utility inupédeéhetpr édiacki wwelit compaied tb Pills @ Ghosts. How the player
Pacman move is optimal. In concept, this is a similar regards Ghoshunting has asubstantialeffect on their
met hodol ogy to [ Samue which 95 @Bhpi€es incrhost cskuatiorss. 1P hoa Yoe rinterested in
specifies a polynomial of weighted feature vectors. achievement, they may play through the whole level as a

Our utility function was implemented as a static mon dot <cl earing exercise, Crossi i
| earning) evalwuation of Pannmhe ways cosespondingntg a Wandergtylet of pldy.. T hu
each feature would be weighted by a combination of its Next is more mderate hunting behaviour, the Manager
contribution to the Score, ants ipotentiality of occurrence.  style, where the player waits for a few Ghosts before
If Pacman were in proximity to a Pill, and all four Ghosts, Eating a Pill, but no risks are taken by chasing all four.
this would have the utility of the potential score gainedby Then t hereds the Conquerords
eating all four Ghosts, reduced by some constant factor of each Pill until all four Ghosts are in proximitooking for
the distance to, first the Pill, and then thkosts. However the maximum 1550 points that would be gained from
if Pacman had already eaten a Pill, the algorithm would not Eating one Pill and four Ghosts. These styles are taken
reduce the utility of Eating all four Ghosts by the distance from playertypological researcfBateman & Boon 2005].
to the nearest Pill. Of course, there is a risk factor involved  Such activities are naturally arising out of the mechanics
with this hunting behaviour, since the timer on thieafof of game play, andsasuch represent an inherent dynamic of
the Pill wears off after a fixed period. It is unlikely thata t he ga me. This is why the p
player would be exactly awarcea iof tilkiss wlaismerhdss ethu rtaot i def, i
in chasing all the Ghosts they risk switching back to firstimplementation of Decision Theoretic Pacniiayet as

vulnerability right beside a Ghost. was reported, such an approach failed to dieeurate
With implementations of features @nutility as results. Instead of abandoning or ignoring the observed

described above, our current implementation of (Formula existence of such states, we would look to find

1) can be described with the following psetwbule: classification of states arising from the more sophisticated

data driven Decision Theoretic approach described herein,



as opposed to definingpgm ourselves. In other words, we magnitude of 19 consecutive correct predictions. The
envision a classifier, built on top of the new data driven feature most associated ithigh frequency of correct

approach, which can translate data from a gtate look predictions is that where Pacman Hunts Ghosts. In a state
ahead model into analogues of player typologies for use in where this feature has a high utility, Pacman will have just
reasoning about player behaviour. eaten a Pill and will be relatively close to one or more

Ghostsi a situation which presents an obvious high
Experimental Design. To create this type of classifier, we  scoring opportunity to the player and generates a clearly
first need to test the validity of predicting the actions of a defined highutility path within the prediction function.
single type of player. Setting up the choice of features and
balancing weights was done by hand, guided by expert Predictions
opinion and the player type deiptions of the DGD
[Bateman & Boon 2005]. This was thought to be
sufficiently accurate as the Pacman feature set and the
player type under investigation are both relatively simple. .
i i i tates
galrr;eplsat(;tr;g dtgtz, avr\lgﬁés\,;t\?v%a?rggenﬁ”l% Leecoazdsgal C;hart 1: First 250 game states, correct predigtiqns =
component of player modelling the ability to react in incorrect predictions =1, black lines are predictions
reattime to the learning curve of the player. However, in .
order to validate the method, the authors consider it a 1 Predictions
worthwhile first step to take the most complex gastede @
data, and analyse it using the least parsimonious g
=
1

Matches —

'
=

methodology. This serves several ends.

Firstly, we can establish a worshse scenario
estimation of computational time and resource cpart 2: Another 290am e
consumption in the current tdséd. Algorithm analysis
can thenexplore in detail the most computationally . . . .
expensive suboutines for the process of optimisation. ©On further analysis an interesting correlation becomes
Secondly, basing the method on a higher dimensional data@PParentPatternsof moves, or the frequency with which
space will help prevent getting a balance of feature weights diréctions are followed and changed, can be seen to match
that is ovefitted to our training da set. across a significantly higher proportion of the tesdults

Given these considerations, testing the method involved than had actual values. This is illustrated best by
using data sets from fufeatured, complete oHevel con5|de.r|ng smaller portions of the data so that the
games of a single player typed as Conqueror under the COrrélations can be more clearly seen (Chart 3). .
DGD player typology. That is, one player aimed for high _ I this chart, we can see that the black line, representing
scores in one complete ldvaith four Ghosts and four ~ Predictions, has a similar prigfito the grey line (actual
Pills. Look ahead was set at 3, so that state trees thatMOVeS), but is slightly offset in time. In other words, the

branch on the order of Zimes at each node would have a 9€cision theory function predicts the same behavioural

states, wher

magnitude (or courtf-leaves) of approximately'2 Data patterns but is not getting the timing right. In graphs of the
sets averaged around 300 states, the number of moves iCther results sets (which we have not space tovstere),
took our normally skilled player to complete a level. a similar pattern arises. This suggests the Prediction

Player movement is enabled by mapping the keyboard f UnNct i on wasnot wor ki sagadwi t h
ar ryo w keys [V, Z y \% ,p% ]g t o Y i ntUeg e corefatiog ghovg ing (ghar%3) imgligsptha the; o |
Thus the function which implements the Decision Theory [OW" accuracy of predictions can be explained as a
formula above, and whose domain is the set of game statesConsequence of insufficienefinement of weights under
has the range [0..3]. A ofie-one comparison between circumstances where two or more features compete closely
prediction function output and actual moves made in the N terms of utility. In these cases, final choice of direction
training data produced the results in (Chart 1 and 2). will be almost arbitrary as the utility calculation it comes

from is based on insufficiently refined weights a toe

Results. The results show that prediction accuracy Shallowlookahead tree and cannot cl
averages at 39%, and the duration of consecutive of the data space (the action sequence of highest utility).
predictions (a sign foaccurate classification of activity R
sequences) averages 2.33 with standard deviation of 2.35.Future Work. The ~aut horso6 initial co
The latter figures imply that our method is not predicting the performance of the method. Since calculation of '_[he .

l ong sequences of Pacmanos og@headypee gonsyume itdrepdijodd s
the significant occurrence (10%) of longdanery long time, we plan to a_pply a form of the alphata heurl_stlc to
sequences (over 6) of correct predictions. Overall, the PrYn€ th.e tree in m+bU|Iq. Of COUrse, the simplest

picture that emerges is thabme features exist which optimisation is often the bestreduction of the data space

facilitate precise prediction modelling, even to the dimensionality. In considering games 3 or less Ghosts,
we reduce tree branching by a power of 2 for every Ghost.



Move Pattern Analysis won  2s — Preds facilitating iterative refinement of feature weights. With
goo TR B E2 s 6 Moves some promising trends apparent in the current results, it is
hoped that optimisation of the prediction algorithm and
learned balacing of feature weights can produce a
workable player classification method.
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