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Cameron Browne and Frederic Maire

Abstract—It is easy to create new combinatorial games but
more difficult to predict those that will interest human players.
We examine the concept of game quality, its automed
measurement through self-play simulations, and itause in the
evolutionary search for new high quality games. A gneral game
system called Ludi is described and experiments cduocted to test
its ability to synthesise and evaluate new games. eRullts
demonstrate the validity of the approach through tle automated
creation of novel, interesting and publishable ganse

Index Terms—Artificial intelligence (Al), combinatorial game,
aesthetics, game design, evolutionary search.

. INTRODUCTION

Pell [1] states:

If we could develop a program which, upon consitiena

of a particular game, declared the game to be
uninteresting, this would seem to be a true sign of
intelligence! So when this becomes an issue, weé wil
know that the field has certainly matured.

With this in mind, we describe a framework callaatLfor
the measurement and synthesis of combinatorial gaamd
three experiments designed to test the systemtandalidity
of the following hypotheses:

I. That there exist fundamental (and measurable) atdis
of game quality.

HILE games research has led to many important

Wartificial intelligence (Al) breakthroughs over thast
few decades, these have generally come throughkttioy of
classics such as Chess, Go and Checkers, and ssinia
yardstick for success the strength of the artifiplayer. Little
attention has been paid to measuring the qualithefgames
themselves or asking such questions as:

* What makes a game interesting to play?

e Can we tell if a game is likely to become a cla®sic

The emergence of the games industry as a commercial

phenomenon makes these questions increasingly iampeas
record numbers of designers produce record nunadigames
each year, but it can take years of play testimh@mmercial
enquiry to determine whether a game is likely toceed.

A tool for automatically measuring the quality ofgaven
game could be of significant benefit to both ganesighers
and the industry. It could reduce development topejuickly
detecting flaws, and reduce the need for exterdag-testing
which can require designers to prematurely revéuedirt
prototypes to external sources. Further, such lectndd direct
the automated search for new rule combinationd) wiview
to suggesting interesting avenues for designergutsue or
even to producing complete new games of meaningfality.
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Il. That these fundamental indicators may be harneksed
the directed search for new high quality games.

Il. DEFINING GAMES

Of the many ways to define a game, Salen & Zimmerma

make the following useful observatioA:game is a system in
which players engage in an artificial conflict, ohefd by rules,
that results in a quantifiable outconfig]. This definition was
condensed from the findings of many prior studi@sst of
which identified the following key elements:

rules,
e play, and
e outcome.

A game may therefore be expressed in terms ahéans

play andends These three aspects are central to the design of

Ludi and its underlying model of game analysis, amd
provide a recurring theme throughout this paper.

A. Combinatorial Games

We focus orcombinatorial gameswhich are:
* Finite: produce a well-defined outcome.
» Discrete turn-based.
» Deterministic chance plays no part.
» Perfect information no hidden information.
*  Two-player

The two-player requirement is debatable as sdditpuzzles
may constitute combinatorial games, in the sense the
puzzle solver competes against the null player iadatectly
the designer who set the challenge. Multiplayer emwith
three or more players fall outside the scope ofkinatorial
play due to the social aspect of coalitions thay arése.
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The term game shall henceforth refer to a two-player

combinatorial game throughout this paper. Such gaane an
ideal test bed for the experiments as they aredjlgideep but
described by simple, well defined rule sets.

Note that this is not a work icombinatorial game theory
(CGT), which is concerned with the analysis of gaméth a
view to solving them or at least finding optimalasegies [3]
and developing artificial players able to challenigegman
experts. Within the context of this study, thefaitil player is
of little interest except as a means for providsglf-play
simulations. While it must be of sufficient streimdb provide
meaningful playouts, we are concerned primarilyhwihe
guality of the game itself rather than the quadityhe player.

B. Ludemes

Just as anemeis a unit of information that replicates from
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Fig. 1. Games of: (a) Tic-Tac-Toe and (b) Tic-Tae (3D) won by White.

[7]. A more recent example is Chameleon, discovénetlew
Zealand and USA designers within a week of eacleroith
2003. Such cases may be examples of “memetic cgenee”

one person to another [4] Jwdemeis a game meme or unit of in action towards optimal designs.

game information. First coined by Borvo [5], thisrm
describes a fundamental unit of play often equivate a rule;
ludemes are the conceptual equivalent of a ganoe'onents
— both material and non-material — and are noténeheir
ability to pass from one game or game class tohang6].

Ludemes may be single units of information, suchttes
following items that describe aspects of the gawerd shown
in Fig. 1(a):

(tiling square)
(size 3 3)

Conceptually related items may be encapsulatedotm f
higher level compound ludemes as follows:

(board
(tiling square)
(size 3 3)

)

Collecting rules into such compound Iludemes is
convenient way to describe games. For examplegs$isence
of Tic-Tac-Toe may be succinctly described as fado
(assuming a two-player combinatorial model):

(ganme Tic-Tac-Toe

(board
(tiling square)
(size 3 3)

)

(win (in-a-row 3))

)

The concept of an entire game as an item of infoama
may seem odd but it is valid; there exist many gdam of
identical games being discovered, fully formed, sahilar
times. The most famous case is the independenb\disg of
Hex by mathematicians Piet Hein and John Nashenl8v0s

C. Recombination Games

Given a game in its ludemic form, it is a simpletteato
manipulate its rules to create variants and newegafor Tic-

Tac-Toe, such modifications might include the bosire:
(size 2 2)
or the target line length:

(win (in-a-row 2))

However, a moment’s reflection will reveal thatclkeaof
these changes break the game, by making it unwianalhe
first case and trivially winnable in the second.

Other manipulations might involve extending the ridoto
three dimensions, as shown in Fig. 1(b):

(size 3 3 3)

or inverting the end condition to givarasereversion:

(lose (in-a-row 3))

These variants are both more interesting but stilally
solvable, and are more notable for their noveltyedahan any
inherent value as games. There is much room forawgment
in this branch of th&l-in-a-row family.

The difficulty of deriving an interesting game frofic-Tac-
Toe does not just stem from the fact that it islitBawed (it is
drawish if played correctly). There is the seripusblem that
rule sets for combinatorial games tend to be higigtimised
and fragile; authors strive for the simplest rutgssthat give
the deepest playing experience, and the slightemtge will
generally break a game. As in most creative figtds,easy to
generate artificial content but much more diffictdtgenerate
artificial content of human expert quality.
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Fig. 2. Framework of the Ludi system.

Given that the rule sets of most existing gameshagbly
optimised — certainly the well known ones — it idikely that
such simple manipulations of a game’s degreeseefiiom will
produce a better game in isolation. The designeddvasually
have tested such obvious variants and discardenh the
inferior. Instead, a more promising approach isewombine
the game’s rules with rules from other games ao#t for the

emergence[8] of interesting, new rule combinations not
idea that there pretexds

previously considered. The
multitude of games in the form of optimal rule condtions
waiting to be discovered resonates strongly with Patonist
view of mathematics [9]. The question then becomas to
search this potentially huge design space effdgtive

D. Game Distance

It can be useful to measure the distance betweestirgx
games and a newly derived rule set, in order t@rdehe
whether it constitutes a duplicate, variant, or ptately new
game.

The distinction between a variant and a new gansellitle,
but may be achieved by representing both gamesladrees
(based on their ludemic descriptions introducedvepand
accumulating the total weighted difference betwiderse two
trees. Differences between rule parameters aremezidightly
whereas structural differences between the rulessklves
are weighted more heavily, in inverse proportiothiir depth
of nesting; higher level rules generally have widpplicability
and are therefore generally more important. If togal

threshold value then the two games are considesebet
distinct.

E. General Game Players

Given the possibility of creating a large numberwé sets,
it would be desirable to test them automaticallptigh self-
play. General game players (GGPs) — software system
playing a range of games well rather than any caréiqular
game expertly — are ideal for this purpose.

GGPs were first proposed several decades ago [k0jdve
recently enjoyed a resurgence of interest as relseer come
to realise their potential value to the gaming &ndader Al
communities. This includes GGP competitions runraeeent
years in conjunction with international Al confeces [11].

F. Game Description Languages

Central to any GGP is the game description lang&dpL)
that defines the scope of games understood by ybiers.
There is a delicate balance between defining a @it is
powerful and extensible enough to encompass a rsidge of
known and not-yet-known games, yet also efficiedggant
and comprehensible to human authors.

The most widely used GDL is probably the commdiscia
available Zillions of Games ZRF rule language [1ZRF
authors define games in a Lisp-like syntax usingdpfined
keywords, and may programmatically create complebe r
structures through macros. More recently, the $tanGDL
used for the AAAI GGP competitions [13] is a lowewel

difference between the two rule sets exceeds aaioertlanguage that defines games using first order logic
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Fig. 3. The basic game model.

II.
Ludi is a system for playing, measuring and synies

games within the scope of its GDL (Fig. 2). The mai
components of the system are:
GDL: defines the scope of games.
GGP: interprets games and coordinates play.
Strategy modute informs move planning.
Criticism module measures game quality.
Synthesis modulegenerates new games.

THE LUDI SYSTEM

A. Ludi GDL

The Ludi GDL is a high level game description laage
based on the ludemic understanding of games odtline
Section Il. It is structured to follow the basieans-play-ends
model of games, extended to include the relatignbkiween
the game and its players (Fig. 3).

& Ludi - Ninniach

Fie Game Tools View Help

DEEd S0V &8 #
Phase 0

M« <«

» 1. [] White (Human)
2.l Black [Computer]

1.@ A3

17437.5 evaluations per second. | =

Fig. 4. The Ludi user interface.

This game (Tic-Tac-Toe) is played between White and
Black on a 3x3 square grid with orthogonal and oied
adjacency, and is won by the player to make a dihthree
pieces of their colour (if any). Unless otherwidated, it is
assumed that players take turns placing a piectkeeaf colour
on an empty board cell each move.

Ludi GDL definitions closely correspond to a game’s
ludemic description, which is how a human desigweuld
typically conceptualise the game. A more detailedcdiption

The Ludi GDL was devised with Kernighan and Pike’?f the language is given in Appendix | and furtbgamples of

principles of good software design [14] in mind:
simplicity,

clarity,

generality, and

automation.

It is a higher level language than the Stanford Gdid
Zillions ZRF, and although concise and conducivehtionan
authoring and machine manipulation it lacks theversal
generality of the Stanford GDL in particular. Howey its
hierarchical and well-defined nature makes it id&al the
intended experiments, as it is much more likelyt tha
structured tree-based language will evolve sensible sets
than an unstructured logic-based one. The Ludi (pbived
sufficiently rich for this intended purpose thas Bomewhat
limited scope was not an issue.

The following example conveys the essence of thguage:

(gane Tic-Tac-Toe
(pl ayers Wiite Bl ack)

(board
(tiling square i-nbors)
(size 3 3)

)

(end (Al win (in-a-row 3)))

games defined in the GDL can be found in Appendix |

B. Ludi GGP
The core of the Ludi system is its general gamgeplaas
shown in Fig. 2. The Ludi GGP is implemented in Cand
provides the following functionality:
rules parser,
game object,
user interface, and
play manager.

The rules parser loads and parses games defirtad ludi
GDL. If a definition is valid according to the gramar, then
the corresponding ludeme tree is constructed aadsiigle
game object initialised. The game object maintaimscord of
the current board state and handles tasks sutie aeheration
of legal moves and testing for terminal conditions.

The user interface (Fig. 4) presents games uniformnid
anonymously so that quality judgments are madeéhemterits
of the games themselves rather than their visti@ctiveness.
The interface provides a plain English translatioh the
current rule set and a tutorial mode to help playerderstand
new games. In tutorial mode, legal placementavaked ‘+'
and legal destination cells for movable pieces singilarly
marked ‘+’ when those pieces are clicked on.
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Fig. 5. Advisor model.

The play manager coordinates play for one to digiman
and artificial players, although only two are u$edthis study.
This includes move scheduling, input handlikg,repetition
testing to avoid infinite loops, all players pagsiand so on.

Moves for artificial players are planned using gt alpha
beta adversarial search with move ordering, beamithwi
reduction and iterative deepening [16]. Estimatetles for
non-terminal board positions are provided by theat8gy
module, as follows.

C. Strategy Module

The Strategy module provides value estimates foergi
board positions relative to each player. This idieed
through a set of advisors working within certairigies.

Advisors

Advisors are evaluation functions that represent some

narrow but rational view of the board position [14nd
express whether a player’s position is favorablardavorable
within this perspective [18].

Ludi defines 20 such advisors for aspects such ctsility,
proximity to goal, attacking potential, connectipetential,
and so on. Each advisor takes as input a board, stad
condition and player colour (Fig. 5) and has thecfionality
to return both an estimate of that player’s posaiovalue and
whether the end condition has been achieved, asreel

Policies

The contributions from each advisor are combinadgua
weighted linear function [15] to provide an ovenedllue E(s)
for board state:

E(9) = W9 +W (9 +.. kW (9 = YW (9

wherew is a vector of weights andf{(s), ... , f.(9)} the set of
advisor functions. The weight vectarconstitutes golicy that
describes the relative importance of each advigor tiiat
game.

)

Policy Optimisation

For efficiency, it is important that only those &ibrs
relevant to the game have non-zero weight. Theesyst able
to derive a default policy for each game based utorules
and to optimise that policy through self-play usihgo-
membered evolutionary search (1+1)-ES [19].

Policy optimisation threw up some surprising emstge
strategies, such as a small negative weightingtack sheight

to disincline repetitive cycles in stacking gamesich was
later incorporated into default policies where ajppiate. A
null “fight or flight” policy is used for any playewith no
specified end conditions, in which pieces are mowedards
enemy pieces to encourage engagement while marignizi
their movement potential to allow escape if necgssa

Although a high level of play cannot be claimed il
games, this advisor/policy approach proved sufficiéor
exercising rule sets defined in the GDL and prowdi
meaningful self-play simulations. All players — hamand
artificial — are beginners at any newly created gam

IV. GAME EVALUATION

The Criticism module measures games for qualitpubh
self-play simulations, based on certain aestheiier@.

A. Game Quality
The termquality in this context refers to the likelihood that
a given game will be of interest to human playahtile
players generally know whether they enjoy a gameodr few
can articulate the reasons in concrete terms. Thom20]
took a significant step towards formalising sucimezpts by
defining four key attributes that a game shouldspes:
» Depth games should hold lasting interest.
e  Clarity: their mechanics should not be confusing.
Drama hope of recovery from bad positions.
Decisivenessend quickly once a winner is certain.

Thompson also points out that games may be vievged a

sequences of logic puzzles that players pose to eher, and
hence a good game should readily yield such pyxzitions.
Key attributes defined by other authors includeriestingness
[21], uncertainty [22], interaction [23] and tensid24].
Originality in design is also of paramount impoan

Just as mathematicians strive for beautiful, a¢istilby
meaningful abstractions [25], we are concernedwitit the
sensual beauty of games but their intellectual alppine
elegance of the rules, how well they complement eztber,
and the quality of the competition they produceni€ary to
Ellis [26], the absence of flaws is a preconditionbeauty.

B. Aesthetic Model

Birkhoff [27] describes the evaluation of visuat asing
functions of certainaesthetic criteria an approach later
extended to a completdgorithmic aestheticsystem for the
design and criticism of aesthetically meaningfidual objects
by Stiny and Gips [28]. Similar principles can bgpked to
the aesthetic measurement of games; in this cdse,
interpretation of an object (game) will be a setaekthetic
measurements derived through self-play, and theubwif the
algorithm will be a single predicted aesthetic ealu
Importantly, Stiny and Gips distinguish betwesmstructive
andevocativemodes for the understanding of objects within
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Fig. 6. Player-centric aesthetic model of games.

this system. In constructive mode objects are gtded by
the rules of their construction, and in evocativedm they are
understood by the associations, ideas or emoti@ysedvoke.

Figure 6 shows the player-centric aesthetic mofiglames
devised for this study. It is based on the basieganodel of
Fig. 3 with the “play” component expanded to digtiish the
players’ strategic plans from their eventual movess these
plans that we would ideally like to measure asnafication of
the players’ engagement with the game, but thisfisourse
impossible. However, we can measure the resultiogesithat
represent tangible realisations of those plansPAgis [29]
states: “We measure our understanding (and coribsolihe
extent to which we can mathematize an activity.”

Aesthetic Criteria

The model is divided intantrinsic and extrinsic aspects,
with the latter further divided intquality andviability. These
define the three main categories of aestheticr@ite

e Intrinsic: based on rules and equipment.

* Viability: based on game outcomes.

e Quality: based on trends in play.

Intrinsic criteria are the easiest to measure dmat less
useful for indicating game quality than they are $pecifying
personal feature preferences. Viability criteriacts as those
proposed by Althéfer [21], are robust and useful daickly
detecting flaws in games. Quality criteria are thest subtle
and difficult to measure, but are the key to ediingathe
potential worth of games that have proven viable.

Preferred Game Length
It is useful to define a preferred game lenthe: which is
the move number at which the current game will ligeaach

a natural conclusion. It might seem sensible tastdhis value
on a game-by-game basis according to the estimated
complexity of the game based on board size, pienetc
branching factor and so on, but this has the uralasi effect
of rewarding very short games on smaller boards and
excessively long games on larger boards. Insteadyish to
reward deep, involved passages of play emerging fionpler
rule sets and piece configurations; this followsrenolosely
the spirit of combinatorial game design and willuee the
running time for the experiments while still allawgi complex,
elegant and (hopefully) interesting games to emerge

We therefore standardised the preferred game lemgth
all games taM,.s = 60 moves, based on the observation that
two human opponents taking 30 seconds per movererage
will complete such a game in 30 minutes on averadeure
that experience suggests is reasonable (notehi&GP plays
much faster than this for most games).

C. Aesthetic Measurement

Aesthetic measurements are made for each gamegdarin
number of self-play trial&. The first few moves of each game
are made randomly (but legally) to encourage a rtiaeugh
exploration of the move search space; random maxeshot
included in the aesthetic measurements. Self-piays tthat
exceed twice the preferred game length are abaddese
draws.

Intrinsic criteria are measured before the trigisrtsand
viability criteria measured by the outcome of edcial.
Quality criteria measure trends in play duringttiies through
the use ofead historiesas shown in Figs. 7 and 8. The white
and black dots indicate the relative positionasgths of both
players following each move, while the thick linegpresent
the current difference between the eventual wiamerloser.
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Fig. 7. Lead history of a dramatic game.

A total of 57 aesthetic criteria were implemented Kudi,
consisting of:

» 16 x intrinsic criteria.

e 11 x viability criteria, and

« 30 x quality criteria.

We do not claim that this is a universal or canahget of
features with which all games may be measured. eRathe
define a large number of measurements based omvalisa,
experience and prior work, and experimentally detee
which of these are most relevant for the task atlha

As it is not possible to describe all 57 measuremeiithin
the space of this paper, we present a selectiawbgy way of
example. For complete descriptions of all critega [15].

Completion (Viability)

Games should produce more victories than draws. Tlf“@r
completion criterionAg,m, Simply measures the total sum of

games won by either player as a ratio of all gaptegedG:
Ao = Wins/ G (2)

A low completion rate indicates a flawed game thatither
drawish or tends to exceed the maximum move limit.

Duration (Viability)

+14 +14
thr4 thr4 ~

E E
0W@@ 456 78 9101112131415 01@@ 456 7 8 91011121314 1€
(@)

Fig. 8. Lead histories of (a) an uncertain game @) a certain game.

Drama (Quality)

Players should have at least a hope of recoverom bad
positions if they are to maintain a vested interasa game.
For example, Fig. 7 shows a game in which the emnt
winner spends several moves in a negative (lostugjtion
before recovering to win.

The drama criterio\y;,y Measures the degree to which the
winner of each game suffers a negative lead:

3 E(m)<E (m){\' E(m) ; E.(m) @
1G

count (E,(m,) <& (m))

[Mg +12nsM -

G

Ay, = n=Mg, +1
rav

g=1

whereE,(m,) represents the board evaluation for the eventual
winner at moven and E(m,) represents the board evaluation
the eventual loser at movwe This equation therefore
measures the average number of moves that the uavent
winner of each game spends in a negative positiad, the
severity of each such position.

Uncertainty (Quality)

The outcome of each game should remain as uncddain
as long as possible if all players are to main@ivested
interest in it. For example, Fig. 8(a) shows aneutain game
in which neither player develops a strong advantag# its

Games should neither be too short nor too long. THe®nclusion, while Fig. 8(b) shows a certain gamw/iiich the
duration criterion Aq., Measures the average discrepancgventual winner takes a strong early lead and kieetbss will
between the total moves made per gameand the preferred probably be a very unsatisfying game for the logitayer.

game lengttMpr, which is set to 60:

=i Mo Ml ®
g=1

M pref

This measurement is useful for detecting pathokddiaws
in both directions, that is, trivial games that ewithin a few
moves, and excessively long games that are diffical
conclude. Game length is also one of Althofer'secia [21].

Completion and duration are typical viability crite they
are simple, robust, fast to measure, and good atalis of
whether a game works at a fundamental level. We owtline
two quality criteria for comparison.

The uncertainty criterioA,, measures the degree to which
the estimated lead value for each move falls almvbelow
the expected average:

A = f(min(l,t —(i Eco(My, )J/GD/ S ()

s=0

The amount of uncertainty is indicated by the aeeosed
by the lead history plot and an imaginary line drawom (O,
0) to (M, 1). A number of samples= 100 are made at regular
intervalst across the completed game history, and the average
distance measured between this interpolation lime a
Eco(mwmg) the estimated lead value at timeSamples that fall
below the interpolation line indicate greater utaiaity.
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Fig. 9. The game life cycle.
It can be seen that quality criteria such as drame V. GAME SYNTHESIS

uncertainty are more subtle, abstract and diffitmlineasure  The Synthesis module creates new games through the
than the viability criteria; however, they are usefor eyolution of rule sets using genetic programminghoes.
estimating the quality of viable games. Pell has previously demonstrated the automatedrgtoe
of Chess-like games using a methoctofistrained stochastic
D. Criteria Efficiency context-free generatigrin which the user specifies_ a n_uml:_;er
) of parameters and games are created by makingtistali
Some of the criteria not discussed here are sagmtly choices at each decision point in the grammar aaegrto
slower to measure than others and require addittoairuns  these parameters [18]. Similarly, Rolle’s Morphliakpws the
in different modes. These “slow” criteria includeuser to interactively experiment with rule variagoof a game
measurements related to puzzle detection, deptmat&in according to certain rules [30].
and robustness to random, overly defensive andriattiste Games created by these systems fall withincthrestructive
players. Full details of these modes are gived#}.[ mode of understanding described by Stiny and Gips,hay t
are directly constructed according to certain r{&3. On the
i . other hand, we wish to create games usingtlreative mode
E. Aesthetic Coefficients of understanding and search for those games thmtilate
The weighted sum of all 57 criteria gives an estéda interest in human players without having to malsuamptions
aesthetic scoreAs, which is the output of the aestheticabout any rules necessary for their constructioor fhis
measurement process for each game: purpose we chose an evolutionary approach to sé¢iaeaflame
design space, which balances #eploration of the design
space with thexploitationof existing knowledge [31].

A =(SAw |, ®)
” A. Mating Games

The aesthetic weightings provide an aesthetic profile for Ludi uses a standard evolutionary approach [32¢reate
each game, and were determined empirically in Hwxmat I games, except that all surviving offspring are medd to the
(described shortly) which involved correlating &esic population and never culled from generation to getien.
measurements for a number of games with human mplaygtness determines order rather than survivalntmerage the
rankings of those games. The bias teny improves the emergence of novel rule combinations.

accuracy of the correlation. Criteria with a O weigg for a  EVvolution continues until a given time limit is w#ged or the
given game are not invoked for that game, for ifficy. desired _numt_)er _of new games _created. The _basmesp_ms
summarised in Fig. 9 and explained below. It isttvaroting
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that the aim of this process is to produce a numdfer Speed Test

interesting individuals rather than a single optimdividual.

Population

The population is initialised with a number of knogames
in order to encourage well-formed offspring, a&cHyr random
rule combinations are most unlikely to produce laagpames.

The child is timed at search plies of 1, 2, 3 andndl
discarded if move planning exceeds 15 seconds pee nT his
somewhat draconian measure ensures that slowersgdoné
unduly hold up the evolutionary process.

One concern is that the imposed speed limit wiléfiout
more complex games, typically those on larger bmawith

Members of the population each have a unique namde adnore pieces and greater branching factors, andorsttucing

remain sorted by estimated aesthetic value ainadist

Parent Selection

For each iteration, two parents are selected frovm t

population usingstochastic universal sampling33]. This
method draws samples from the entire range buttsefitter
individuals more often, encouraging genetic diwgrsihile
maintaining a reasonable standard of fitness.

Recombination

The ludeme trees of the two parents are thiessed oveto
produce a child game using standard genetic pragmagn
techniques [34]. One of the parents is chosenratara to act
as a template [35] and elements crossed over fhensecond
parent with 10% likelihood. Elements are only cemkssver to
elements with which they are compatible, giving ealvform

simple children only. However, it was our specifitention to
produce elegant games in which simple rules combine
harmoniously to produce complex move decisionserathan
seeking complexity in sheer volume of numbers;viddality of

this approach was born out in the experimentallt®su

Policy Choice

Perfunctory policy choice is achieved by comparily
combinations of the child’s default policy with boparents’
policies in round-robin matches and choosing thestmo
successful hybrid. The child is discarded if magelmes take
too long or more than half fail to produce a winner

Inbreeding
The child is measured for distance from each merobtre
population and culled if an overly close relatigdaund.

of strong typing[36] that encourages the creation of well

formed children. The Ludi GDL description of ganashigh
level, hierarchical ludeme trees is ideal for fhispose.

Mutation

Elements of the child game are then visited amdated
with 10% likelihood. This may involve adding, chamgy or
removing elements and/or attributes within the fodetree.
Context-dependent constraints are again employeehsoire
that changes are compatible with element type, tvad
deleted items are replaced with default values s/meeded.
Some repair functions [37] are used to correctalwvierrors.

Baptism

Each child is given a short hame unique to the [adijoun,
using a Markov chain algorithm based upon lettenlmination
frequencies found within a list of source words][14idi uses
as its input a list of Tolkien-style names fromublic domain
computer game [38] to produce names such as: OGatlalal,
Etherond, Kemeneth, Valindor, Bered, Mor, and so on

B. Validity Checks
Each child game then undergoes a series of valitiigks.

Rule Safety

The child is tested foule safety[35] by invoking the GGP
to instantiate the corresponding game object, ideworto
exploit its rigorous error checking systems.

Some rule optimisation would typically be performadhis
stage, such as trimming impossible or irrelevastigal rules
[39], but Ludi forgoes this step for reasons giahortly. As
Perlis [29] observes: “Optimization hinders evaut!’

C. Repopulation

All children that survive to this point are measurfor
quality and inserted back into the population adtay to their
predicted aesthetic score. These scores are ogliynprary at
this stage but sufficient for ordering purposes.

A by-product of the aesthetic measurementvgaaility test
that identifies games as non-viable if they:

» result in draws more often than not,

« are very unbalanced towards either player,

* have a serious first or second move advantage, or
* do not end within a reasonable number of moves.

Viable offspring have their policies optimised awde
remeasured for quality as a post-processing stegy @re the
successful products of the evolutionary process tgpitally
represent around 1% of all non-culled children.

Emergence

Since no rule optimisation is performed and allvisting
offspring are returned to the gene pool, the pdjprawill be
rife with flawed rules and broken games. This seainsdds
with the general wisdom that decries the presefidatmns
and bloat in the population [40] but proved neces$ar the
success of this project.

Sanitising the population had the effect of prodgci
offspring that were mostly just slight variation$ their
original ancestors, as it is highly unlikely thatot given rule
sets will recombine and mutate to produce a viathistinct
and superior child, due to rule fragility. Insteé&dyroved more
effective to flood the population with flawed geinematerial
that would act as recessive genes and recombimeexpected
and hopefully serendipitous ways over many geranatithis
was where true innovation emerged during the erparis.
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TABLE |
CORRELATION BY CRITERIA TYPE

Criteria corr,

All (57) 0.426
Intrinsic (16) 0.115
Quality (30) 0.437
Viability (11) 0.609
Best set (17) 0.828
Best set (16) 0.799

VI. EXPERIMENTS

Three experiments involving game ranking, measunéme

and synthesis were then conducted to test the hgpes.

A. Experiment I: Game Ranking

In order to distinguish good games from bad, iffiist
necessary to determine which games interest hurtiamerp.
The aim of the first experiment was to set a yaksif human
player rankings for a database of 79 predefinecokagames.

Method

Experimental subjects were presented with survétyvace
that randomly selected two games from the datalb&se9,
then required them to play both games against ¢imepater
and nominate which of the two they found more igéng.
Paired comparisons were automatically emailedéatithors.

Subjects
57 subjects participated in the survey, recruitedhfonline
board gaming groups. All were at least 18 yealagef

Results

0% 10% 20% 30% 40% 50%

Criteria

5. Goal (group)
6. Goal (stack)
8. Goal (block)
13. Piece capture

17. Convergence
21. Clarity (variance

25. Uncertainty (late
26. Drama (average
28. Killer moves
29. Permanence
30. Lead change
32. Decisiveness th
36. Momentum (1)
39. Correction (1)
45. Puzzle quality

46. Completion

Baseline (all 17 : :

0% 10% 20% 30%
Error

]
40% 50%

Fig. 10. Relative contributions of the best 17dctors.

Results

The aesthetic measurements were correlated wikepl
rankings using linear regression and standard {eaeeout
cross-validation, to giveorr, the correlation between ranking
and aesthetic score. A set of 17 aesthetic criterée
identified as the best combination of predictormgisanother
CE method due to the second author [15].

Table | shows a baseline ranking correlation 4£6.with a
95% confidence interval of 0.435 [0.176 to 0.614ihg all 57
criteria as predictors. It can be seen that thinsit criteria in
isolation are poor predictors of game ranking (8)1ut that
the quality criteria perform relatively well (0.48&nd viability
criteria even better (0.609) as predictors of gaaning.

The best set of predictors involved 17 criteriavdrdrom
all three categories and proved to be an excefleedictor of

Rankings were induced from 628 paired comparisgna b game ranking, with a 0.828 correlation and 95% iciemice
cross-entropyCE) method due to the second author [15]. Thigterval of 0.371 [0.562 to 0.933]. The “puzzle tjya

79 sample games were ranked from most preferreléatst
preferred with a classification rate of 0.8997 {(@ace =
0.000318), indicating that the derived game rarkingere
consistent with almost 90% reliability.

B. Experiment Il: Game Measurement

The purpose of experiment Il was to determine wérethe
player rankings induced for the 79 sample gameddcba
correlated with aesthetic measurements of thosegam

Method

Each of the 57 aesthetic criteria were measuredhi®r79
sample games through automated self-play trialsdwected on
two Windows desktop machines over a period of tvemke.
Some supervision was required to narrow the bearcisdor
slower games, in order to finish within the givendframe.

criterion was later removed to produce a best detltd
predictors with a significant speed advantage kmgligible
loss of accuracy (Table I).

The relative importance of each predictor is intlidain
Fig. 10, based on the increase in error when eacénoved
from the set. Six of these criteria stand out astrimportant:

* uncertainty,

* |ead change (negative correlation),
e permanence,

»  killer moves,

* completion, and

* duration.

The survey participants appear to prefer stableegawith
uncertain outcomes that end within a reasonablebeurof
moves, and in which strong moves are reasonabingreent.
Lead change is distinct from drama as it referleém change
frequency.
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Fig. 11. Predicted score versus player rankingynthesised games.

These results support hypothesis That there exist Fig. 12. Yavalath puzzle: White to play and foacein.
fundamental (and measurable) indicators of gamelityaat
least for this group of subjects and this set ahloimatorial
games. These results support hypothesisTihat these fundamental
indicators may be harnessed for the directed sedochmew
. . high quality games at least in the search for new
C. Experiment lll: Game Synthesis combinatorial games that this group of subjectsd fin
Experiment Il was designed to test whether newpl interesting.
games may be evolved from existing games, and wheth
aesthetic measurements may be used to reliablytineni VIl. DISCUSSION

The first thing to note is the general succeshefapproach;

Method the system was able to correlate aesthetic measutsnof
Using the database of 79 sample games from Expetime games with human player rankings and hence idettibge
as the initial population, a number of evolutionamys were evolved games of most interest. Several of thd fiSagames
conducted on three Windows desktop machines over ogxhibit novel and interesting rule combinationsd ahose
week. The coefficients of the best 16 predictorsewesed to ranked #1 and #2 by human players — Ndengrod andlxih

predict aesthetic scores for new games, which whesm — have proven to be of exceptional quality and aoev

ranked and a follow-up survey, similar in formatttat of commercially published [41].

Experiment |, conducted to evaluate these predictekings. Ndengrod combines Go-like surround capture withia-&-
row goal. This combination works well, but is aisedvery of

Subjects an existing game (Irensei) translated to the hexalggrid.

27 subjects participated in the follow-up surveggruited ~ Yavalath, however, features an innovative rule tie not
mostly from the 57 participants of Experiment I. previously been published: win by making 4-in-a-rout lose
by making 3-in-a-row before doing so. Bearing imdithe
assertion that good games should yield interestingzles
[20], Fig. 12 shows a Yavalath puzzle that demeanst its
depth.Hint: Black can force a win with either move ‘X', so
White must make a counter forcing move to avoid.thi

Results
A total of 1,389 new games were evolved from thiéain
population of 79 sample games and 19 deemed vidble.

desoriptions and analyses of he evolved games. | Analysis of Yavalats ancestry reveals tha tisovative
127 paired comparisons were received for the 1®leia winning condition came ?bOUF fr.om the serendipitmaiing
games, and human player rankings were induced as [Eé;ufs that \;\'/er'e |:jnpo§[s(|jblg n Liolatmnl. ,:f suawed (r:tjrlles
Experiment | with a classification rate of 0.8283. szalaetinw%ﬂlgmsrgba%llj neL,-J\r/Ienrghavee i\r/r?eL: |ce)gary geacthen
vorigure 11 shows a plot of the predicted aejﬂiﬁrﬁt Teiglith (#4), Elrostr (45, Gorodru (#7)gana Vi@t (#16)
pay g 9 demonstrate the approach’s usefulness even withegaoh

correlation of -0.6491 and 95% confidence intenfad.577 |- average or below average appeal. While not ovestgessful
0.851 to -0.274]. The relationship is negative ighér scores 9 . ge appeal. .
as games, each involve interesting rule mechanisatggyame

generally correspond to lower (i.e. better) rankings authors might use as inspiration for future desig8se

expected. This indicates a significant linear tréetiveen the . T 2
aesthetic measurements made by the system andr pla&%iggﬁ;g for GDL descriptions of the games menéd In

rankings for the 19 new games.
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Curiously, 63% of the final games (12 out of 19QtéeedN- upper case symbols indicate data types, capitabyetbols
in-a-row goals, as opposed to 29% (23 out of 7Iéninitial  indicate record types, and square brackets [] @eoptional
data set. This may be a reflection of the prevalesicsuch items. Approximately 200 keywords and 20 recordetypre
games in the initial data set, the superiorityh& N-in-a-row  defined and implemented for the language.
advisor over other advisors, or simply indicatet ttigs is a The root of each rule tree is the mgine ludeme:
robust rule that thrives in more contexts than hén any

event, it shows that interesting games can indeedédrived game — (game NAME [ par ans]

from Tic-Tac-Toe. pl ayers
boar d
VIIl.  CONCLUSION rul es

We demonstrate both the Ludi system’s ability to ) [ support]

automatically measure games for their potentialinte@rest

human players, and its ability to create new highality

games. This is the first known demonstration ofomated

combinatorial game design at a successful (pulilishdevel.

However, we do not claim to have defined a candrget of

aesthetic features with which all games can be uoneds

rather, our results pertain to a selection of imtiimls for Flayers Ludeme o

which a particular set of aesthetic measuremenpeapto Specifies the player names and directions (mangator

resonate for a subset of combinatorial games dadéinia the

Ludi GDL. Our main contribution is to demonstratpractical players - (players

approach to the problems of automated game measntemd { NAME| (NAME ConpassDirection)}s

content (rule) generation; no doubt many more faedthetic )

features will be discovered in the future over acmwider ) _ ) _

range of games. Each player has a unique name and is optionallyczged
Future work might also include expanding the GDL tdvith a compass direction indicating direction oyl All

increase its scope and to seed the generative gsogith ~games in this study involved two players “WhitetidiBlack”.

larger data sets of games, such as the thousarsdsilse

online at [42]. Monte Carlo tree search methodhaag UCT Board Ludeme

rules - { [pieces] [start] [play] end }

These main ludeme types are now briefly described.

[43] could overcome some shortcomings of the adipsticy Specifies the board topology (mandatory).
approach during move planning to further increake t
generality of the system. It would also be inteéngsto extend board - (board [phase]
the system to perform not only game measurement and (tiling TilingType [i-nbors])
synthesis, but the detection of flaws such as symyme (shape ShapeType)
strategies [23] and their correction. (size U NTs)
Finally, we hope that game designers do not sesystems [ (regi ons Regi onRecords)]

such as Ludi a threat to this very human endedYesigners
can benefit tremendously from such tools and wiforthe

foreseeable future — hold the edge in unconstrainestivity. Board cells may bephased to alternate colour with
neighbours, such as the light and dark cells ohas€ board.

Trivalent tilings require three phase colours, lasws in Fig.

APPENDIXI| 4. The following tilings are supported:
THE LuDI GDL e tri,
e square,

This Appendix provides a functional descriptiontioé key * hex,
elements of the Ludi game description language (GDBL * trunc-squar e (4.8.8 semiregular tiling).
complete formal definition of the grammar is beydhe scope

of this paper, but can be found in [15]. Adjacency is assumed between orthogonal neighbours,
Games are defined as recursive trees of elementieof while the optional - nbor s flag indicates adjacency between
following form: indirect (diagonal) neighbours. The following boatthpes are
supported:
(element [attributes] [(element ...)s]) e tri,
e square,

The first item of each element is its name whichsirie + hex,
unique within its current scope. Each element namet be « rhonbus,
either a predefined keyword or a user-defined égiasuch as
a named piece type, that has been previously testivithin
the game’s rule set. ltalicised symbols indicatgwards,

e trapezium
boar dl ess.
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Fig. 14. A complex move.

Fig. 13. Some board types of size 4. The pr e clause specifies preconditions that must exist for

the move to occur, and takes the form of a trekegfvords
combined with logical operators that may describenflex
The user defines one or more board dimensions d@men conditions. Theact i on clause defines the move itself which
on tiling and shape, and may optionally defineidigtregions may involve passing, adding a piece or moving aceie
of cells for special purposes such as goal areasngtion possibly to stack. Theost clause specifies postconditions
zones or connection targets. Figure 13 shows so@e@es that are exercised after the move, including:
of supported board types of size 4. « captures,

e conversions,

 rotations,

« displacement of neighbours,
e piece state updates,

« cell state updates,

pi ece_defn - (NAME Pl ayer Type * piece flag updates,
[ (1 abel STRING ] e score updates, and so on.
[ (value INT)]
[(state State)]
[(flags Flags)]
(noves nove_def ns)

) (nove

(pre
nove_defn - (nove (and

[(priority U NT)] (owner from
[ mandat ory] (enpty to)
[(label STRING] (line)
[(dirn Direction)] (or

[ (owner Pl ayer Type) ] (not (> (num between enpty) 0))

[ (pre bool _function)] (= (num bet ween eneny) 1)
(action {pass|actions}) )

[ (post post_conditions)] )

Pieces Ludeme
Specifies piece types and movement (optional)

pi eces - (pieces piece_defns [ NAVE] )

The following example shows how complex move
descriptions may be constructed from these simpdigates.

)

)
(action (pop) (push))
Defining piece behavior is the core of the langimge (post

complexity and where most of its 200 predefinedwayls are
used. Each piece is identified by a uniqgue namesasdciated
with one or more players, and may optionally beegia label

(capture
(if (>= (height current) 2)) d-nbors

(inc-state)

for display purposes, a value, a state and a f&tgs.

Each piece must have one or more move definitions,)
optionally marked as mandatory and/or ordered lgripy if
more than one are provided. Moves may also be ddbfelr This movement rule states that the piece may besthdhvit
display purposes, for example when the currentgrlagust belongs to the current player and is moved to aptetmoard
choose from among a choice of moves, may be asedaidth cell along a line that contains either no emptycegaor a
a direction (absolute or relative to the piece’srrent single enemy piece (or both). The piece is poppeth fits
orientation) and may be optionally marked with amer. current position and pushed to its new positioe. (it is

moved), possibly to stack. Following the move, all
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orthogonally adjacent stacks of height 2 or more(ey stacks end - (end

by default) are captured and the piece’s statedsemented.
The piece’s state may be relevant to another mype for this
piece or even other pieces. Figure 14 shows snobve being )
executed.

Non-linear move paths, such as knight moves, may be

end_cl auses
[ mover - wi ns| nover -1 oses| dr aw]

end_clause - (PlayerType ResultType

Tree<end_condi ti on>

defined in thepr e clause by relating the movd'® andf r om )

cells using a sequence of turtle directions, redatd either the

piece’s current orientation or a global direction: Theend ludeme specifies a numberexfid_cl auses and
» f=forwards, optionally how to handle the case of a move triggeend
* b=back, clauses for both playersrover - wi ns, nover -1 oses or
o | =left, drawn game. Eachend_cl ause specifies a player
1 =right. (White, Bl ack or Al'l players), a result typeM n, | ose

or draw) and tree of logical operators relating one or enor
If no pi eces ludeme is defined then players add a piece @&nd conditions of the following types:

their colour at an empty cell each turn by default.

e connect:
Start Ludeme
Specifies the initial board state (optional).
e group:
start - (
[ pl ace_cl ause] s
[in_hand_cl ause] s
)

The optionalpl ace_cl auses specify pieces to be placed

on the board before the game starts. Numbers ofifepe reach:
pieces may be placed at particular cells or regionselative
to each player’'s home row, including specifiers dell phase

e capture:

and some symmetry operations.
The optionali n_hand_cl auses specify the number of

Connect two or more target regions of the
board, according to optional piece,

adjacency and stacking constraints.

Form a single connected group of a given
size, according to optional piece, adjacency
and stacking constraints.

e in-a-row.Form a consecutive line oN pieces,

according to optional piece and adjacency
constraints.

Reach the specified goal (cell, region or
board side) with the specified number of the
specified piece.

Capture the specified number of the
specified pieces.

particular pieces held in-hand and off the boardéach  * ©lim nate: Eliminate the specified player.

player, which may be entered into play as the garogresses. * SCOre:
If nostart ludeme in specified, then the board is initially * Stack:
empty and players hold an infinite number of eate type

Reach the specified score.
Achieve the specified stack size under
certain constraints.

in hand. e state: Achieve the specified cell or piece state.
e no-nove: The current player has no moves.
Play Ludeme
Specifies other constraints on play (optional). The game ends as soon as any end condition is etetypl
met, and the specified player is awarded the Specifesult
play - ([can-pass]) (Wi n, | ose ordr aw).
For example, the following game ends either whent&/h

Thepl ay ludeme specifies whether players may voluntariljoses by forming a group of size 5 or when eitHaygr wins
pass or not. This was the only constraint on ptaglémented by having no moves and either connecting theirssiolethe
for the experiments, but other constraints of tigige might board or forming a stack of height 4:

include first move equaliser, progressive move tquplay

order, and so on. (end
If no play ludeme is specified then players may not (Wite |ose (group 5))
voluntarily pass. However, they may be forced tespi& they (Al win
have no valid moves on a given turn, unlessnirenove end (and
condition is specified. ((rg)(?- move)
(connect own-regions)
End Ludeme (stack 4)

Specifies terminating conditions (mandatory).
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Support Ludeme

YAVALATH (#2)

Specifies additional metadata for the game (optjona (gane Yaval ath

(pl ayers Wite Bl ack)
(board (tiling hex) (shape hex) (size 5))

support - { _ (end

[ advi sor s] (Al win (in-a-row 4))

[ descri ption] (All lose (and (in-a-row 3) (not (in-a-row 4))))

[aim )

[ancestry] )

[ ranki ng]

[ vi abl e] TEIGLITH (#4)

[ score] (game Teiglith

} (pl ayers Wite Bl ack)
(board (tiling square) (size 7 7))
. . . (pi eces
These items fulfill the following roles: (Stone All
(nmoves

« advi sors: Defines the policy for the game as a (”?‘F’er

list of relevant advisors and their (and

relative weightings. (> (QFOUP;jSi ze to) (phase to))
e descri ption: Includes a text description of the game (connect ed)

for help manual purposes. )
e aim Includes a text description of the aim ) (action (pop) (push))

of the game, which, together with the )

GGP’s tutorial mode, should help new ) )

players learn the game quickly. (start (place (Stone Wite) hone))

e ancestry:

Contains information on the game’s, (end (Al wn (no-nove)))

evolutionary history including its

immediate parents, generation number, ELROSTIR (#5)

and average distances from its parentﬁ, .
C . game Elrostir

members of the initial population and "~ (p| ayers wite Bl ack)

members of the final population. (board (tiling square i-nbors) (size 5 5))
(end (Al lose (or (no-nobve) (in-a-row 3))))

e ranking: Contains an estimated ranking of the)
game within its population.
* viable: Contains the estimated viability of the GORODRUI(#7)
game according to the viability test(game Gorodrui
described in Section V. (players Vhite Bl ack) _
e score: Specifies the game’s estimated (b?:::gs(t' ling hex) (shape hex) (size 3))
aesthetic score as measured by the (Stone AIl (state 1)
process described in Section IV. (m("r"gf/e (pre (empty to)) (action (push)))
(nove
(pre
APPENDIXII (a?gne from (empty to)
GDL DESCRIPTIONS OFSYNTHESISEDGAMES (= (Ey(pi ece_stgfegl 1) (distance))
NDENGROD(#1) zacti on (pop) (push))

(gane Ndengr od

(post (inc-state))

(players Wite Bl ack)

(board (tiling hex) (shape trapeziun) (size 7 7)) )
(pi eces ) )
(P'(f‘%f,e/;" (start (in-hand (Stone All) 5))
(nove (end (Al lose (no-nove)))
(pre (enpty to))
(action (push))
(post (capture surround)) VALION (#16)
) (ganme Valion
) (pl ayers Wite Bl ack)
(board (tiling square i-nbors) (size 4 4))
(end (Al win (in-a-row 5))) (pieces

(Stone All
(nmoves
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)

(nove
(pre (>= (numnbors to eneny) 1))
(action (push))

(nove
(pre (and (enpty to) (connected)))
(action (push))
)
)
)

(start

(place (Stone Wite) Al)

(place (Stone Bl ack) D4)
)
(end

(Al win (in-a-row 3))

(Al lose (or (in-a-row 4) (group)))
)

)
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