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Abstract It has been designed to “integrate Al systems with (e.qg., real-

. _ . time) gaming simulators, and to evaluate how well those sys-
Video and computer games provide a rich platform for test-  tems learn on selected simulation tasks” (Molineaux, 2004).
Ing adlapt"’.e decision SySteTS.S”Ch as value-based .re'”forche' For the integration experiment, NeuroEvolution of Aug-
ment learning and neuroevolution. However, integrating suc menting Topologies is used (NEAT: Stanley & Miikkulainen

systems into the game environment and evaluating their per- ; . . . -
formance in it is time and labor intensive. In this paper, an (20028)). NEAT is a genetic algorithm that evolves increas-

approach is developed for using general integration and eval- INgly complex artificial neural networks by applying muta-
uation software to alleviate these problems. In particular, the tion and crossover operators to their populations based on a
Testbed for Integrating and Evaluating Learning Techniques fitness function. A real time variant of NEAT, called rtNEAT,
(TIELT: Aha & Molineaux [2004)) is used to integrate a neu-  has been used successfully in the game NERO, produced by
roevolution learner with an off-the-shelf computer game Un-  the Digital Media Collaboratory at the University of Texas at
real Tournamerit'“. The resulting system is successfully used  Austin (Gold, 2005; Stanlegt al}, 2005).
to evoIvE arr]w artificialhneural netlwolrk c(:jontr(fjller Wlith basic nav-f The ‘Case ' study' uses Unre,al Tournarm¥nta popular
igation behavior. These results lead to formulating a set of :
requirements that make a general integration and evaluation first person Shooter (FPS) cqmputer game produced by I_Eplc
system such as TIELT a useful tool for benchmarking adaptive Games, Inc. in 1999 and winning a Ga”.‘e of t_he Year title
decision systems. fo_r that year. Unreal Tournamér“ﬂwas previously integrated
with the TIELT system and learning methods were tested
on it. However, exploration-based learning algorithms such
1 Introduction as value-function and evolution-based reinforcement learning

When a novel learning technique is proposed and impleha"e not been tested with TIELT before (Molineaux, 2004).

mented, it is necessary to compare it with other similar tech- 1h€ next section describes the state of Al in gaming, the
niques to gauge how it improves on previous results. In orl€@ming technique of neuroevolution, and the TIELT ap-
der to minimize the influence afata biasin the evaluation Proach to integration and evaluation. Section 3 gives an
process, new algorithms should be tested in as large a varRVerview of our system’s architecture, Section 4 summarizes
ety of domains as possible, especially when general claimexperiments performed an.d their results, and Section 5 anal-
about their performance are being made. However, integra.S€S the results and describes future work.

ing and evaluating multiple algorithms against multiple sim-
ulgtion domains igan exgensige and timgconsumingprocess. 2 Background
Moreover, any benchmarking results can also be skewed bg.1 Al in gaming

implementation bigsor intentional or unintentional disparity Vid technol id ich platf f |
in quality of implementation of the proposed approach vs. the ldec game technology can provide a rich piattorm for val-

: : ; : .~~Hdating and advancing theoretical Al research (Gold, 2005).
gulil[alg/sgtft;,mzpcl)%r;)e ntation of competing approachies (Ke’OgHOn the other hand, the video game industry stands to benefit

One potential way to alleviate these problems is to build rom the adapting artificial intelligence and machine learning

flexible software platform that provides a uniform interface e(gmlques mtodney;, more interactive gamels. dl .
for the learning system across multiple simulation domains, ©Omputer and video games constitute a large and lucrative

Such a system allows researchers to concentrate on impl§aarket (in the US, 7.3 billion dollars in 2004 ESA (2005)).
menting and optimizing their approach and to validate it im- _h|s allpws companies to develop a variety of high reall_sm
perically by comparing with other approaches. simulations for human-level control tasks, such as naviga-

One such system is the Testbed for Integrating and Evaluaflon: combat, team and individual tactics and strategy. The

ing Learning Techniques (TIELT: Aha & Molineaux (2004)). emergence of online multi-player and m_assively mul_ti-plgyer
- games offers unprecedented opportunities for real-time inter-

Hikarpov,kstanley ristp@cs.utexas.edu action between human players and artificially intelligent ele-
%tdsilva@mail.utexas.edu ments. Because of these factors, computer and video games
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However, machine learning algorithms have been adopteihg language that allows scripting of game behavior and up-
into the industrial setting only recently. Most popular video date rules.
games on the market today use scripted non-player charactersTIELT provides the ability to connect environments and
to add interactivity to their games, and as a result game artiearners with arbitrary interfaces and rules into a cohesive
ficial intelligence almost never includes learning as one of itdearning system and to automate the evaluation of this sys-
components (Gold, 2005). Part of the reason may be that it i'em’s performance. This paper explores how well these fea-
difficult to adopt results from academic Al to real-world engi- tures support neuroevolution.
neering applications because they are not built and tested with .
these applications directly in mind. Software such as TIELT 3 System architecture

can allow researchers and engineers to more easily integrafg the highest level, the system consists of three parts: the
and test new learning algorithms with games, benefitting bothynreal TournameAY server, the TIELT integration platform,
academic Al research and commercial game development. and the decision system based on NEAT. The game server
. simulates the environment for the learning agent. TIELT
2.2 Neuroevolution communicates with the environment and accumulates a state,
Neuroevolution is a powerful technique for solving non- Which is then communicated to the decision system. The de-
linear, non-Markovian control tasks (Gomaz, 2003). In neu-<ision system selects an action in the environment and com-
roevolution, a genetic algorithm is used to evolve artificialMunicates it back through TIELT. The decision system con-
neural networks. NeuroEvolution of Augmenting Topologiestinually adopts its behavior by evolving artificial neural net-
(NEAT) is a particularly efficient method of this kind built Work controllers to perform the task.
on evolving both network weights and topologies (Stanley. :
& Miikkulainen, 2002b). NEAT starts with a population of 3.1 Game engme. . .
minimal networks and complexifies when necessary to solvéJnreal Tournament'is a real-time first person shooter
the problem at hand. NEAT is able to protects innovation(FPS) computer game in which a player navigates a three-
through a speciation mechanism, and has an effective encoélimensional space. The player can walk, run, jump, turn,
ing scheme that allows it to perform mutation and recombi-shoot and interact with objects in the game such as armor,
nation operations efficiently. doors and health vials. The goal of one variant of the game
Neuroevolution and NEAT in particular have been shown(the tournament) is to be the first to destroy a certain number
to ouperform other methods on a number of benchmark learrf2f Opponents. Up to 16 players can play the game concur-
ing tasks. For example, neuroevolution has been successful¢ntly in a single level. A player can be controlled either by a
used in a number of game-playing domains (Agogino, Stanfuman player con.ne.cted over a network or an automated bot
ley, & Miikkulainen, 2000/ Stanley, Bryant, & Milkkulainen, controlled by a built-in script. N
2005). It is therefore important to show that methods such,_The Gamebots API from the University of Southern Cal-
as NEAT can benefit from general integration and evaluatiotfoia modifies the orginal game to allow players to be

tools such as TIELT. controlled via sockets connected to other programs such as
an adaptive decision system (Kaminka al, 2002). The

2.3 Testbed for Integration and Evaluation of communication protocol consists of synchronous and asyn-

Learning Techniques (TIELT) chronous sensory messages sent from the server to all the

clients and of commands sent from the clients back to the

The Testbed for Integration and Evaluation of Learning Techserver. The server has all the information about player lo-
niques, or TIELT, is a Java application intended to connect @ations, interactions and status. The synchronous updates
game engine to a decision system that learns about the garagcur about every 100 milliseconds, and include updates to
(Aha & Molineaux, 2004). The goal of the system is to pro- the player’s view of the game state. Asynchronous events in-
vide the researcher with a tool that simplifies the task of testclude collisions with objects, players and projectiles, results
ing a general learner in several different environments. of queries by the player and game over events.

The application consists of filenowledge basesr mod- .
ules which correspond to different areas of TIELT's function-3.2  Integration System
ality. The Game Modekncapsulates the information about TIELT communicates with the GameBots API using TCP/IP
the game from a single player’s perspective. TGame In-  sockets. The game interface model defines a subset of the
terface Modeldescribes how TIELT communicates with the GameBots protocol which is used to update the game model
game. TheDecision System Interfaaescribes interactions and trigger agent actions.
with the decision system. Th&gent Descriptiordescribes The Game Modelrepresents the knowledge that a player
tasks performed by the system in order to play the game, anidlas about the game at any given time. It includes the locations
the Experimental Methodologyodule is used as an evalua- and types of objects encountered in the game, the objects that
tion platform for particular games and learning techniques. are currently visible or reachable, the location and heading of

During integration, TIELT is connected with the game en-players, health, armor and other player status indicators. Ad-
vironment and with the learning system using the appropriatéitionally, the game model holds an array of eight Boolean
knowledge bases. The software allows the user to define eariables that correspond to whether the locations radially
communication protocols between TIELT, the game engineround the player's most recent position are reachable. This
and the learning system. TIELT also includes a visual scriptgame model allows the information from synchronous and
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asynchronous updates to be combined into a single state that
can then be used by the decision system to generate appro-
priate actions. However, lack of functionality in the TIELT
scripting language does not allow the final sensor values to
be available in this part of the system.

The Decision System Interfacaises Java Reflection com-
munication to dynamically initialize and use custom Java
classes. These classes implement the NEAT learning system,
as described in more detail in the next subsection.

The Agent Descriptionis a script that sends sensor infor-
mation from the Game Model to the Decision System and ex- )
ecutes the resulting action on each synchronous update from Current heading {}
the Unreal TournameHhYserver. This process is performed
many times to evaluate a single individual. Because of the
limited capabilities of the scripting language, the agent de-
scription does very little computation. For example, the comigure 1: Agent sensors and actions.Each neural network has
putation of sensor values for the neural network is done in thé1 sensory inputs: 8 radial Boolean obstacle sensors and 3 forward-
decision system implementation. facing “radar” sensors, whose values are derived from the distance

The Experimental Framework in TIELT allows the user ]Ei(;lrjl?gigation points visible in each of the three sectors shown on the
to specify which Game Model, Decision System, and Agent '
Description are to be used in an experiment and how many
repetitions of the experiment have to be run. In our systemgensors: Each neural network has 11 sensor inputs: eight
asingle TIELT experiment corresponds to the evaluation of &oolean obstacle sensafs.. S, with a small radius (in rela-
single individual's fitness, and must be repeatedp times,  tive scale of the game they are roughly equivalent to stretch-
wheree is the number of epochs apds the population size. ing out the bot's arms in 8 directions) and three forward-
The state of the NEAT algorithm is persisted in the systemiirected 60-degree “radar” valuég..R, (Figure 7). In ad-
across TIELT experiments. The Experimental Frameworkdition to these 11 sensors, each network has a bias input
module is one area where TIELT can be made more com(a constant 0.3 value found appropriate in previous NEAT
patible with evolutionary algorithms. experiments). Each radar valug is computed ask; =
. > zen, d(x)/C whereN; is the collection of navigation land-
3.3 Decision System marks visible in sectot, d(x) is the distance to each land-
The output of the decision system is controlled by evolvingmark, and C is a constant scaling factor. Thus, Fhecan
neural networks. Each static neural network in a populatiorbe interpreted as the amount of free space in the direction;
performs a number of decisions during a predefined lifetimewith higher activations corresponding to more visible naviga-
The resulting behavior is analyzed to compute a fitness scomgon landmarks and to landmarks that are visible further away
(section 4). The Unreal TournaméWwvorld is then resetand  (Figure ).
a new network is used for decision-making. The decision sys- . .
tem keeps track of individuals, their fitness functions, evaiuActions: Ateach update, the decision system scales the sin-
ation times, populations and epochs. The resulting algorithnd!€ output of the network to a relative yaw anglex in the
is an “unrolled” neuroevolution, which evaluates each indi-fange of —, z]. TIELT then sends a command to the Unreal
vidual in turn (Algorithm 2). game server to move towards a pdint+ s cos(a+Aa), y +
ssin(a + Aay), z) wheres is the step size parameter.

Obstacle sensor

Radar sector )
Step size

New target

Action angle

4 Experiments

Algorithm 1: Agent description tasks executed by TIELT N . .
gor g 't xecu y A number of validation experiments were conducted to verify

Population — RandomPopulation() that the learning system design is effective. The testing was
for each epocle do done on an Intel Pentium 4 machine with a 2.4GHz clock
for each individual do rate and 1GB of RAM running Windows XP under light load.
while time not expiredio TIELT version 0.7 alpha and a Java implementation of NEAT
s « SensorValues() /| TIELT to NEAT were running on Sun JRE 1.5. An off-the-shelf copy of Un-

a + Action(i, s) [/ NEAT to TIELT real Tournament Game of the Year Edition was used in con-
Act(a) I/ TIELT to Unreal junction with a June 8, 2001 build of GameBots API. The
end while following parameters were used:

Fitness(i, e) < C - MinDistanceToTarget o Number of epochs:100 generations were used due to time
end for constraints. This number of epochs was sufficient to evolve
Population «— NextPopulation(P,Fitness) networks that were able to approach a static target.

end for

e Population size and target speciation: The population
size was set to 50, 100 and 200 individuals with the target
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Figure 2: Example of a path to target task. Three traces of the Figure 3: Average population fitness with epochs.Average fit-

best neural network navigating from the starting position to the endness of 100 individuals per epoch, calculated as a mean of 3 10-

ing position in an Unreal Tournaméffievel. The network shown second evaluations of the target navigation task in Figure 2. The

is the result of 33 generations of evolution and has the fitness sconealues shown are averages over 6 26-epoch runs with the standard
of 3518 out of 4000. deviations shown by error bars.

speciation of 5, 10 and 20 species, respectively. new decision system and the additional specifications for the

future evolution of such systems. The project discussed in

fhis paper consumed three academic hours of time for one un-

gergraduate and two graduate students during the course of a

semester, with regular consultation by the developer of TIELT

and by the authors of NEAT. TIELT made the work of apply-

e Evaluation time: Each individual was evaluated for 10, ing neuroevolution to Unreal Tournament simpler in several
20 and 30 seconds, which translates to about 100, 200 arwiays. Above all, the communication layer between Unreal
300 consequtive actions. and TIELT was already implemented and required only mi-

) ) o o nor adjustments to integrate with the NEAT decision system

e Fitness function: Throughout the lifetime of an individ- system.
ual, the system tracks the minimum distantg;,, to a At the end of the semester, the system had basic functional-
static target. The fitness functighfor the individual is ity o evolve agents as single actors in the environment. How-
computed a) — d,,.;, where D is a constant greater than eyer, because TIELT was designed primarily with relational
the largest measurement of the game level suchfthiab.  |earming methods in mind, it was found to be somewhat dif-

The task in the experiment was to navigate through the erficult to use with neuroevolution learning and lacking in the
vironment to a static target (Figure 2). At the beginning of caPability to run long scripted experiments and to take ad-

an evaluation, the bot is placed at the origin and performé’amage of distributed computing environments. As a result,

actions for the duration of the evaluation. The minimal dis-& 12rg€ portion of the functionality that can be taken care of
n the middle layer had to be implemented in the decision

n ; h r is m r ver th nchron . . i
tanced,yn to the target is measured over the synchronoug stem. This makes the decision system specific to the Un-

updates received by the learning system. The fitness functio -
C — d,m Grows to a maximum value af when the bot is real Tournament application and reduces the advantages of
mn

the middle layer.
able to approach the target. . .
In our initial experiments, we are able to reliably evolve  _'here are several ways in which the TIELT system could

controllers for the simple “go to target” task (Figure 3). Start-P€ modified or other similar integration platforms be built in
ing from initially random behavior, the record population fit- the future to better support exploration-based learning. In par-
ness improved from 3080 to 3350 in 20 generations. At thaficular, the system could be made more efficient, better able
time the best agent was able to navigate reliably to withirt® SUPPOrt scripted and distributed experiments, easier to use,
650 distance units, and further evolution produced better codn°re flexible and more open.
trollers. Efficiency: Because the integration, evaluation and deci-
. sion systems are implemented as Java applications, they can

5 Evaluation and Future Work incur a/nexpected galrabage collection dela)?spand are reIatK/er
An important result of our work is an estimate of time and slower than native implementations. Also, the extra layers of
effort required when using TIELT to integrate and evaluate a@ndirection between the environment and the decision system

e Number of repeated evaluationdn order to improve con-
troller robustness in the presense of latency and noise, i
dividual evaluations were repeated 1, 3 and 5 times and th
average was used as the fitness function.
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add computational cost to the process of making a decision. 6 Conclusion

These factors can add up to create variable latency, which infhe results in this paper show that a generic framework such
troduces new challenges into learning a task in a simulategls TIELT can be used to integrate and evaluate adaptive de-
real-time environment. A system such as TIELT can solvegjsion systems with rich computer game environments. Basic
this by providing a more efficient implementation or by using target-seeking behavior was evolved with NEAT neuroevo-
background garbage collection techniques. _ lution method for an agent in the Unreal Tournament video
TIELT is currently designed for evaluation of a single game. However, in order to make such frameworks practical
player learning agent, against an external or a human opp@nd their use more widespread, progress needs to be made in
nent, and there is no clear way to combine evaluations of se\several aspects. They must be designed and implemented as
eral individuals in parallel into a single learning system, evermigh-performance and lightweight applications, better utilize
though such evaluation is possible in the environment (Unstandard interfaces and existing scripting languages, and pro-
real supports up to 16 simultaneous players). Adding multivide support for distributed and scripted operation for batch
agent functionality to TIELT would greatly increase the time computational experiments. With these extensions, it may be
efficiency of evaluating evolutionary learning systems likepossible to use sophisticated game playing domains in devel-
NEAT. oping better exploration-based learning methods, as well as

Support for scripted and distributed experiments: The develop more interesting adoptive elements for future games.
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