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Adaptive reinforcement learning agents in RTS games

Abstract

Computer game Al nowadays still relies heavily on scripted behaviour. The resulting computer play
are therefore predictable anddemptive to the opponent. An approach to create challenging, learning
computer players, called Dynamic Scripting) pagposed by Pieter Spronck. Based on this work |
developed reinforcement learning agents-fona sti@tegy game called Bos Wars. These agents,
implemented using the 2apl platform, can autonomously reason on goals and world beliefs. Severa
approdes to acquire a winning striaéegybedasted, including Dynamic Scripting and Monte

Carlo methods. To better cope with opponents that switch strategies, implicit and explicit adaptatior
tried outDue to the integration of agent technologgfancereent learning, agents have proven to

be able to quickly and consistently learn to outperform thirextaptbdtrategy switchiagers.

It is shown thaicorporating opponent statistics into the learning process of a Monte Garlo agent give
the best learning results.
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1 Introduction

The document you are reading is theystemsult o
group of the Computer Science department of the Utrecht University, The Netherlands. It describes
p r o $metovdtiéns, design and implementation considerations and the results of the research. In tt
first chapter | will give an introdutttire main topics and explain how the project is organised.

1.1 Project lackgroundand motivation

As part of the Agent Technology master at the Utrecht Us@ranséaaes and Agents is

organised by.Frank Dignum. It was during this courseyeanmallgsiuring the talk of invited

speakddr. Pieter Spronck, theetame most interested in research on learning in computer games. It
seemed very obvious to apply the agent paradigm combined with reinforcement learning to virtual
characters compur-controllegblayers in games. Games offer an attractive, practical and challenging
Al research platform since complex aled¢liglecisions should be made whilst having a large set of
requirementscluding time constraints and an abundance rokeitsdicata

Of course, building realistic intelligent agents is a hard task in which many researchers worldwide
operate in a wide area of subfields. WhaiMesillthis project is the specific topic of learning top

level strategic decision madéngrentione@y. Pieter Spronck inspired me on this idea through his
Dynamic Scripting project. It uses a reinforcemenlikeatiechgiqubat generates flat, static

scriptgo create winning strategies for temptayers. He used-pdgyinggame s uch as Bal
Gate and Neverwinter Nights which are relatively short and straightfoGhaptefathes.

explains more about Dynamic Scilyimggition, which wasipportedy D. Frank Dignum, was

that longer and more complex games need a mamredrééréde learning technigeeems

reasonably to include environmental data on its own and isuagtatefor examplavill use
arealtimestrateggameo test this idea.

1.2 ReaHime strategy games

A realime strategy garhether abbreviated to RTS ,gamestrategic war ganvehichmultiple
players operateamirtual battlefielcbntrolling bases and armies of militanAcitions amsostly
tactical decisions which typicallyignthe destruction of éinemySome dhebest known RTS
gameareCommand and Conquer, Starcraft and Age of Empires.

RTS games provide an interesting platform for researcherson@gaffdyartially unknown
environments in whilkh main focus ishighlevel decisionakingStrategy selection is a complex
problemnwhichahuman may be very good but a computer is not. ltnsakarsioiand derivations

fromall the availalbdlata andlearn from past interactions quickly. This sets high requirements on the
learning capacities of the computer pheeyefore it is the perfect game type to use in this project.

1.3 Bos Wars

Like most commercial computer games, modern Rar€ gasexs source and can thus not be

changed, or at least not enough for our pMgpadleneed to extract game data from the engine and
take contr ol over tBosWashowmevertisean opgnlsaurcesgamnsedsimitaetd a
thewellknow cl assics of the genr e, devel oped by e
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complexity and graphic detail of modern RT8gérdess offer a suigatest environment for
this project.

"

&4

Figure 1: Screen shobf a Bos Wars game

Bos Wars has a futuristic feel and clear game setup. The playeninsiaitemhap Using

engineershey castart constructing a base with buildings such as vehicle factories, soldier training
camps, power stations, gun turrets and magmaeyenapslifferent typeunits may be trained to

use in defence or offense seiohimserassault soldiers, saakd rocket tanBecause all of these

units and buildings have costs, resources stzonidihedos Wars useeconomitike resource

model, disallowing storing of large quantities of resources, gutasttagiuiiiow should be

presered This can be done by harvesting them from trees and rocks usingy¢nijitiegs or

such as power plants and magnaTherpayer who destroys &ll t h ebuildimgs ang whiss

wins the game.

The tactical decision making in Bos Waesily @ontrolled by static scripts. It is expected of these

that they control the constructing of the buildings and training ofdeniis, Wigch to create

buildings and units, how attacking and defending groups aardvgaerstdwior something

to finistor attack the enemy base. They do not control the spot where buildings are placed, the plani
of paths that units take, spetifibuildingor units to attack or what resources will be gathered by
engi neer s t maluildiag3lasrstil teaves@ task that is camplex and challenging.
Hundreds of unique strategies may be used of which only a small percentage is strong enough to w
against most others. Although there are some known strong lines of attafikjtive Siolgigon

exists. For every tactic there is always ataotinitget some may be hard to find. The learning
computer players that | will introduce should be able to replace the existing scripts, handling all of it
current jobs.

As an alteringe to Bos Wars, the ORTS game environment has beefjBimosatet éairtak,
2003] This RTS game is open source as well and has been specifically designed for research purpc

2
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The main problem with this platform though is thefldgitusfctioning agent to start development
with and compare results to. Also, it features a very limited set of buildings and units, focussing mo
low-level tasks of pathfinding, resource gathering and the forming of attack and defence formations.

1.4 Agent technology

The new computdayerslevelopeid this project will lieeated astelligensoftware agents.

Agents are artificial and intelligent entities that act autonomaoashtyvahdipran environment. It

is easy to think of them as virtutd orbmmput@ontrolleéctorsAgent technology has been
widely research by computer scientists. It is a fundamentally different approach to software
developmentViththis design stance, it is the software agent that has the will to pé&itigrm a task.
are not scriptathd have figed execution plan. Rather, they have a taséttbatdecelya

parent prografhis has two benefits. First, they allow felezédligkfinition of the problem

without the need to explicitly state how to sdqliéetihn complex) problem. Secondly, agents are
better reusable and more robust than fixed programs.

4 ) )

AGENT
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Sensors -
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Figure2: Model of a simple reflex agent

Multiple typesf agenexist, includirgimple reflex agem®debased agents godidirected
agents. There is no strict language in which agents should be developed. Forleasedple a model
agent can effectively be programmed in amiebjedtlanguage.

This project however useshgsald agertso called rational agetish are build using an agent
programming language a8l architecturBDI stands for beliefs, desires and intensions. The

agents reason for themselbesihighlevel conce@sad operate an unknown environment. It

has the desire to sofyeldem (the task)d adopt a goal (has the intentiaoprtoplighis. To

solve how this may be done, it may use beliefs about the environment and itself as well as known p
The plangdtimately specify which actions it should take to agheyeBos Warhese are the

strategy actions such as constructing a building and attacking witeeanesamglogjbes to the

ones availablahe fixed scripts.

An agent in a computer game can thus work out how to perform a taskigsslhddifvead t

Plans may be layered into subplans and may consists of basic actions that operate into the environ
but can also use introspection or speech acts to communicate with other agents. New goals and be
may be adopted or droplpedg the execution. Alsanay know of several plans to use for one

3|
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single goal. If multiple plans are aviadhbidd decide which are best in the unique situation,
according to its beli&tsallyt can learn fromsown past expentes!f sucheflection is useddn
learn the best appra@athesthe original task.

1.5 Reinforcement Learning

Allowing a computer to learn is called machine learning. Many learning techniques exist, being indL
(generalisations cveata setr deductivar(ferreddetails from known fadtéhilst many

approaches use a supervised apprvachnbgrocess control ledroimga large subset of data,

agents can only use their limited experiences femaisgenent interactidhsgloes not know if
thes@xperiences amadidrepresentative sampledearn in such an unknown environment, it may

use reinforcement learning.

Reinforcement learning, ortiak,a large proven base in computerHugeoaeceptual basics and

main classes of algorithmé&&andormally described and proven to coritaergpttmal solution

ofa taskt works much like human learning. Through trial ant@&yri@aitn what actions are

successful and which are nqirddedluries designed as a Markov Decision Riecagent

operates in a model that consigsraftlydentifiable states between which it can transit by selection
from a discrete set of available actions. Depending on the state, which is a representation of the un
place of the agent in thédwib may select different actuithsdifferent resulfsction execution

gives rewastb the agent. &g arenumerical indicatsmm how well the agsnperforming the

tasklf a learning algorithm converges to the optimal policy, the optimal action selection is known for
the task.

However, the agent has no prior knowledge on what the optimal actions are. To learn the best actic
selection it needs to explore thastatsearch space. From the rewards provided by the

environment, the agent can calculate the true expected reward when selecting an action from a sta
which is called the weight. It is algepicriic on how the weights obstata pairs are calcdlate

from a received reward.

The dilemma on when to explore the world for optimal actions and when to select the best, or greec
action is called the exploratxpioitation problem. If only greedy actions are chosen it may not learn

if there are more bénafl actions. Exploration is therefore needed, which can be done in multiple
ways. The main used approackegerdy selection, choasimgrgreedy actiam some

percentage of the cases, and Softmax action selection that uses a weigbteddangttatitiey

stateaction weight.

The main RL algorithms are Monte Carlo methods and Temporal Difference learning. Monte Carlo

methodsor MC, can be best understood by averaging over random samples. After each full episode
performing the task orficen each visited state the weight is updated by the total gathered reward by

averaging it over the existing weights and visits. For example in an action is selected from the base
tree times with rewards 1, 1 and 4 thacsianepair gets updabem weight of 2. Important is that

MC needs a full episode to finish before updating weights and it may directly update all visited state
actions pair in the episode.

Temporal Difference learning, or TD, is the main alternative to Monte Carlowuoeksools. TD
nonepisodic tasks as well because it uses bootstrapping. Weights get updated immediately after a

4
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reward was received. However, thadiate pair directly receiving the reward is the only one that
gets updated. It is not until a next \igietlzation previous to it will be updated to reflect this new
knowledge. This reflects a more realistic assignment of rewards to actions compared to MC, which
updates all actions in an episode directly.

1D (1-step) 2-step 3-step n-step Monte Carlo

i

Figure 3: Backup diagrans: TD learning updates directly aftereach step, MC not until the episode is terminated

In an RTS gantiee unknown environment is the game map in which the agent operates. When a gar
has been won or lost, a reward should be returned toTthiscagbatused tdjust theelected

stateaction weight8ecause the RL algorithm tries to optimize the reward, it will learn to optimize the
task of winning the game.

Intermediate approaches to MC and TD also exist, as well as many extensearsitwysggepe up |

with uncertainty in environments, integrate temporal aspects of actions, and many more. The apprc
however is to work with the basic, distinct algorithms to get an expectation on their applicability in tt
project.

1.6 Documentoverview

Bos Wars is not build as an agent platform. | will integrate the concept of agents into this game
environment and supply them with reinforcement learning capabilities. This will give rise to questior
such as how agents operate in games, what tloeglerdedearn winning strategies and if they can
adapt ttheiropponents.

In this document | will first formalize the reseainlchages 2. What are the challenges and how
to we approach the problems in this preyéladiscuss the problems with static scripts and what
project approach is to solvinghtetady of the existing resegfanahd in chapt®&rmrovides the
starting point for developmoeriearning agents

The second pachaptersto 7, expairshow reinforcement learning was apfies Wate learn
winningstrategies. First medel Bos Wars players as agards badic learning technicatest
isshow how they can be optimized to better meet the set requirenhenteexdsund we can
adapt our stratégyhat of thepponent.

5|
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In the last pdnvill oversee the results and importance of theCpiagée® makes the conclusions
based on the formal work and the experiméfaseave succeeded in craafiingjently

intelligent and interesting RTS game plagisiaally, chapt@shows how future research into
this topic may be directed.
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2 Motivation and research approach

Having more intelligent and interestingteopiayers in RTS games seems like apnlgbeioues

However, it is important to see what the actual goals are in creating such players. This chapter expl
what th@roblem is with the existing appaoddmow this project aims to solve this

2.1 Chalenges in RTS game Al

Computer games are becoming increasingly more popular to use in computer science. However, m
of the research is still either immature or very specialized. On the other hand game developers are
investing enormous amount of timeoaryg mto the development of new teclamid ysy

testing Games are traditionally above all focuse
becoming more i mpaorthet game wethvhaeweadqhddedhed | i e w
It often includes things like path finding, character animation, finite state machines and static player
scrpts. Onlingearning of higével strategjesithout user direction or help, has not yet been used in
commercial products.

Playing Bos Wassa human isdmd challengirihe game compels you to think of astute and novel
strategies to defeat the computer opponeosimpkigou to reason on mspycific amdore
general aspects of the game simulfaBPenisibns that need to bedoadg a game include:

What kind of army will | need to defeat the opponent?
What is needed to train such an army?

How will lcope witlcounter attacks?

1 What do | know of the opponent and can ltoseytbsnefit?

= =4 =

Combining all information from thigeevious games is challenging for a human player. For a
computer, it is even harder. Ey@hich might not be trak}he information is present, it is not

clear what is most important and how to make sound derivations from past experizttaels. How do

a player that keeps hitting me with small groups of soldiers? Can | adapt my strategy during the gar
know he has a training camp but no vehicle factory?

Besides being complex, the decisions also need to betiakerBacaase RTi@amuse

continuous timas opposedfts example chess or-based strategy games, the players have very
limited time to calculate new best actions. Therefore strategy selection should be efficient and
computationally feasible. In practoeetinsighlevel decisions such as describechabmvg
consume about 15% of the CPU time available [Buro and Furtak, 2003]

2.2 Problems with game Al scripts

Currently, computer games almost exclusistiiajisear scripts. Their behaviour is thus fixed
and predictable. This is a radpMantader the game developer perspeEsipecially in modern
games where most effort goes into the graphics, animationsrahdtsenenkiggvel strategy
control structures are mostly added afterwards. f@ireRarBpyames the computer opponent
behaviour is added after the actual game play and graphics have been realised.

However, the need for more challenging and interesting players rises. To enrich the game experien
the computer should be able to ghadlélman and introduce more varidgig. point in time, it is

7
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hard to build in more intelligent, reasoning computer controlled players or characters. To make higt
level decisions we need a lot of information on the environment, including; &Lbppene

simple statistics of the player itself are often hard to come by derwigditve lsament; nicely
packedway into the objeciented classes. At this stage simple scripting behaviour can still be
employed since it needs no sugiigxpdata. Also, scripts are easy to implement, give very
predictable results as the individual steps and their outcomes can be monitored and they are
understandable by-poygrammers [Tozour, 2002].

However, scripts cannot be used to create aotfiplerlebehaviouihe human is confronted

with repetitive tactics that are predictable and thus easy to beat. The game experience is limited to
preset and linear actions provided by the game developers which are fixed after a game release.
Weaknessiesthe game Al can be exploited by a human since it cannot be solved without patching a
game. Play testing for Al weaknesses is a very money and titdslkcAsyinmgnable

adapto the human playehichwould give a boost tofdedofintelligencBuro and Furtak, 2003].

2.3 Problem statement
Considering the shortconaiagiescribed in the previous seaioan define the problem
statement:

Existing RTS game Al is fixedepetitive and predictable. Afeasibleapproach to model
intelligent and flexible opponents does not exist. To cope with all types of playerso
reduce behavioural errorsafter a game releasand to provide a morefun and

challenging game experience, computer players should learn to optimize and adapt their
strategiesafter a game has been released

2.4 Project approach to better RTS game Al

In this project | will introdflegibleandearnindgpighlevel stratgglecision makiogmputer
playersThe resulting agent should outperform both static scripsssrategihanging opponents
through adaptatidis agens

T Morefuntoplagainst i ts strategy | svariédtandsetestinginev s o t
perspectives,| iwtha & h( tphreo | toinnges i6thnahledhanees f or
[Fogeét. al.2004])

1 More challenging; it can exploit human wefiaestew, 2002% less predictaihel
come up with novel new tatctickallenge the human

1 Less errgorone; it can fix its own design flaws by learning whathapoaaria avoiding
this[Manslow, 20QZjotentially decreasing the need for expensive play testing

Alearnin@Dlagent will beoupld tothe Bos Wars RTS game andexktgth reinforcement
learning capabiliti€s.prove the effectiveness oftimenig agentexperiments will berBecause
Dynamic Scripting is the most promising existing technique, this will be the réfénencampoint.
be effectively used, different RL algorithms will be tested and compared to DS.
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2.5 Requirements on onlinestrategy learning

It is possible to define the requirements that an online strategy learning algorithm should meet. All t
are directly related to thetrerwd, competitive and entertaining nature of RTS games. The
computational requirements are:

1 Speé; learning should take little CPU time, having modest impact-@tathfMgmsow,
2002].

1 Effectiveness; learning Al should create strategies at least as effective as static scripts and r
not generate defective or unrealistic behaviour [Béutesasd2002].

1 Robustness; it should be able to deal with unexpected game situations and rahdomness [Ch
al, 2004].

1 Efficiency; the learning speed should be high so it takes little episodes (or encounters) to lea
effective strategies [Spr@oflg].

The functional requirements are:

1 Clarity; the method should be easily understandable, epevgiammoiers, to fidtable
for use iactuatomputer games [Spronck, 2005].

1 Variety; strategies genesdteuld be divers and interesting, apcadiictable, static
behaviour [Spronck, 2005], but refraining from seemingly random behaviour as well.

1 Consistency; the learning rate and results should be predictable, without strange exceptions
such as learning taking exceptionally long [Spronck, 2005].

1 Scalability; the algorithm should work well on all possible opponents [Liden, 2004]

The learning algorithms tekiedg this project will be checked on these requirements. For example,
to prove a decent learning speesisteneynd scalability, esipents will be executed against
multiple opponents and on multiple game maps.

2.6 Formalisation of the research topic

How does an agent acquire a winning RTS game strategy? An agent needs information from its
environment to make decisions. Therefore helsaplolied with (or have access to) this information

to reason about. During the reasoning it should decide what actions to take in &melemvironment
what ordeiThe available actions and when and how to apply them are part of the agesy program. It
use information from past experiences as well. Finally, the agent executes the actions in the
environment, queuing the strategic commands in Bos Wars.

Figure4: A learning agent in Bos Wars should map the game sttteappropriate actions

o
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Commands that are processed in the environment have results. During a game the results are not
immediately clear, but at the end of the game the agent knows if it has won or lost. This information
should be used to update its own bélieds snake better decisions in the future. If it successfully
reflects on its own effectiveness over multiple games, it will eventually find a strategy that will win tt
game.

Strictly put, the agents in Bos Wars should map the input (environrgamntedsgaldis)l to

correct output (select strategic aclibas)neans it should select the right actions in the right order.

If the mapping of this is effective, it has learned a winning RTS game strategy. In the next chapter v
will see how tleradbn between the environment and agedelied.

10
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3 Existing research

Online learning of higlhel strategies, without human intervention, is never used in a commercial
game. Esting research into machine learning in computeslgespasésiowevera strong

starting point is needed for this project. This offers a working development base and provides a
reference point to compare new approaches.

3.1 Adaptive game Al using Dynamic Scripting

As explained Dynamic Scripting waspinatiofor this prejct. This technique is developed by Dr.

Pieter Spronck at the Maastricht Univenatyfirst describefSpronckt. al.2003]n which the

idea was tested in the role playing game Bal

Dynamic Scripting is a reinforcement lgaspireg algorithm to generate scripts for computer

pl ayers that maxromplayeuniuewe bastomrsigtiag obkaowh usefuh e s s .
actons (basic actions as well as more compleklstiegscript is generated. The computer

linearly follows this script which results in an episodéditnesss is, as in reinforcement

learning, an indication on the effectiveness of the last actions in relation to the task we want to learr
Thef i t ness value is calculated back into the
generated according to the new weight values.

compurer- y human-
controlled i controlled

i e e i E
generate scripted | - i _— human

script Generated control | ! control

Il

Rulebase for
computer-

.. 3
L—"
>

compurer-
controlled

update weights by encounter results

controlled
opponent A

Combat
between the
tWo reams

Tuman

| player
Generated [ i
R}llebase t:or cenerate script for scripted | > B T—
compurer- script computer- control | i control
controlled serp controlled i i
opponent B opponent B HH HH

Figure 5: Dynamic Scripting process moddISpronck et. al, 2003]

Forexamplatk e t he Bal dur 6s Gate role playing game
each other. Classic scripted computer players follow a linear fixed script so they cannot change the
behaviour. This is predictable and easy to beat. Dynanageusptowgever can adjust themselves

by using another script, based on the previous experience. The very first episode it has none, so it

randomly selects a fixed number of rules from its rule base. The rule base contains all rules that the
player may usea fight. The selected rules are combined into a script, order as predefined by the gar
developer. This script will be used to actually play the game, just like a classic script. At the end the
fitness of the player is determined. This value igpdaszlttee weights in the rule base. Rules that

were used will thus get higher or lower weights assigned. This will determine the probability that the
get selected again next time. Allsaohrules get updated as well to compensate for the increased or

11
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decreased total weight of the whole rule base. For example the randomly chosmicogssfuvere

and received a negative fitness. All the rules that were not selected in the script will now get higher
rewards. The next game, or encounter, aptaw @enerated. Again it selects a fixed number of

rules from the rulesbabut thistimet has a better i ndication on
Linear Softmax selection is used to weight the rule selection probability. After sevevallencounter
be clear which rules are effective and since they get chosen (mush) more often, the player will
outperform a natynamic opponent.

The generated scripts are easy to understarsg they resemble classic static Sifigedn

most mdern computer games. From the expettilsesitewn that it allows computer players to

|l earn a winning strategy fairy efficiently,
and Neverwinter Nights [Sprenek.2003. However, it nyastill need many episodes (up to 50) to
defeat certain strategies on aversgencluded that in actiorptaigng games such as MiniGate

this is feasible since many encounters with the same opponent type may be expected.

The strength of DS cleaatybe attributed to the way it reduces the search space of finding winning
strategies enormously. This, although not explicitly stated in the articles, can be explained through 1
characteristics:

Rules in the rule base toatkarge amnt of domain knowledge
Rules are explicitly ordened may only be used once in a script
The script is of a fixed length

The script is static during the game execution

1 There is no differentiation batwmique environmental states

= =2 =4 A

Aside fsm these clear differences between reinforcement learning and DS, it still ldas the same act
reward update weights lotiactually resembles ACtitic Temporal Difference Learning, but

with the ompisodend updating of weights (like Monte &uatlthe translation of the result

difference (TD error) is done via the generated script.

N

——————® Policy ———

Actor

seript

™D

Critic error

7

state 9 Va]u.e action
Function
/

/

reward

_[ Environment j«

Figure 6: Dynamic Scriptingd golicy update architecture [Spronck et. al, 2006]
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Spronck argubatapplying regular reinforcement learning such as Monte Carlo methods may be
infeasible. The search space ifsweipave all basic actions to try and it is unclear what
environmental information should be put in the state vector. In this projetd axevatime

these problems by combagegt technologginforcement learning and Dynamic Scripting
strengths.

The

research that | ed to the DynamiteesiScri pti

[Spronck, 2005]. This thesis iscudexperiment with atiead strategy game called Stratagus,

which actually is the predecessor of Bos Wars used in this project. Spronck reasons that RTS gam
opposed to rghtaying games need a state representation of the world, corréspstadenon to
reinforcement learnikig. uses states defined by the owned buildings and each state has a unique rul
base that should be learned. The dynamic player was able to find winning strategies against balanc
static opponents within 50 game spscalerage.

Dynamiscripting is a very interesting technique that arguably may be used in actual commercial
computer games. In learning situations with sufficient similar encounters it may online learn winning
strategies. However, | believe the atgdo#s have some downsides:

T

No discrimination between unique world states may be used (except in the RTS game
experimentfor example it cannot switch strategies when it received new opponent
information such as what the actual type of opponeinigit is figh

Rule ordering is getwhich may be noptimal and requires tweaking at development time.

In rare cases this might even prevent the algorithm to find certain best éounter tactics.
attempt at solving this was made in [Timuri, 2007] whicatelyfedmplicates the

algorithm.

Rules may not be used multiple times in one script. For exammpen not use a 0|
factoryd rule more than onc basetdbuildaneteed e d ,
(or two, or moje Thigporevents loops but severelg lingtscriptossitities

There is a fixed script size. If chosen too small it may end up having no more rules to execut
chosen too large it may need to include unbeneficial rules to get to the sizegkspecially in sm
rule basedjreliminary experiments were needed for all ggaresharhcters to

determine a useful script lewjilch requires a lot of time.

The algorithm depends highly on the actual numbers set for the possible game results whilst
ideally yo want the environment to handle this. Also, the experiments use complex fitness
functions to calculate scores. It is unclear whether tipsh&ple@dsingrocessr is

needed at all. At least it may be hard to construct the complex functions.

DS oly works on short episodic tasks; if an agent deals with a continuous task the episode w
never end and with long episodes thaigtiiptin out of actions.

Learned weights are specific to that rule base; if multiple rule bases are ugath®r different
opponents, the learned weights of one character may not be used with another. Learning sp
and effectiveness would be greatly increased if such parallel learning would be possible.

Overall Dynamic Scriptirap@iginabnd useful approach intonganore intelligent and adaptive
game Al though the introduction of machine ledarning.s a sol i d base for t

13



Adaptive reinforcement learning agents in RTS games

creation of flexible learning RTS game playing agents. It is highly interesting to see if DS can feasik
employeth Bos Wars to generate winning strategies against both statis\aiichstigtegy
opponents.

3.2 Other related work

Thereference and starpomt of this project, Dynamic Scripting, is the predominamrexample
scientific game Al reseatolvever, #irehavéeen several other approaches including some specific
on highevel reaime strategy game tactics learning. The most relevant papers are discussed here.

3.2.1 Generating Game Tactics via Evolutionary Learning

Ponseand Spron{k004 proposednewmethod to search for winRii§ game tactics in Wargus
This method usemfflineevolutionary algorith@hromosomes define the full strategy and the best
chromosomesan experimental sess®mutated ttimatelgome up with a chromosome that has
a fitness that etgthe target valuexperiments showed that the algorithm is able to find strong
strategies that outperformed the uségprustatic scripts.

| 11721

Supply,

Figure 7: Screen shobf a Wagus game

Although the approach was able to generate strategies with surprisingly high fitness values, it has &
limited use. Since it uses an offline evolutionary algorithm it needs many experimental games to tes
large number of possible chromo3omes. | ear ni ng wasndt halted un-
value was found or 250 solutions (750 games played) had been tried. This makes the approach us
optimizingtaticscripts and finding useful rule base rules (to be used by DynafifHor&sapiing
al,2006puring devel opment time, when it doesndt
However it is far too slow to feasibly use in the online learning to be able to adapt to human players
during a gamgperiencdhis makes the gatnof tactics via evolutionary algorithms unsuitable

for use in this project.
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3.2.2 CaseBased Plan Selection

A learning approach to better cope with changingbppdresnt introdubgédhaet. al[2005]. It
praises the Dynamic Scripting approachodos eff
with different opponents because no knowledge can be transferred between rule bases. Instead a (
based Tactician (CaT) is implermdnitddcan learn efrem games witdindontonsecutive

opponents.

CaT usesrte sources of domain knowlddgabhstract world state and available strategy actions
from[Ponsen and Spronck, Z@@4¢h however include opponent statistiesinapping of specific

game situations to known tactics and their performance. During a game, it evaluates taken actions
as unit training to reflect on the performance according to the Wargus game score before the actior
executed, right thétenand at the end of the game. This resembles a reinforcement learning approac
towards action effectiveness measurement and resembles hierarchical task network (HTN) plannin
towards the use of-tadks to speed up learning as well as allowimgrfsiethef knowledge
actiorperformance between game states.

The implementation uses TIELT (a general framework for the testing and comparison of learning
techniquégso attach Cad Wargus. This middleware supplies CaT with a generalized game model a
input and handles the proper executes of actions in the Wargus environment. Unfortunately it is no
longer actively supported and was therefore not a viable platform to use for Mysown project.

TIELT introducesunwanted degree of-determinismivich makes experimenting harder.

Experiments show CaT outperforstaticsopponents (a combination-tikeustripts and strong

student contributions). On average it wins 80% of the games after around 75 played episodes. The
notable differencghnDynamic Scripting being that it is able to learn against multiple different
opponentsgainst which it can differentiate whilst still using learned knowledge between different
opponent scripts. Unfortunately the experimental results are unetéannadooed differences

between opponents that actually switch during a series of episodes. This might show exactly to wh
degree it is beneficial to do this.

3.2.3 Concurrent Hierarchical Reinforcement Learning

Marthiet. al[2005] aim to usencurrent higchicateinforcement learninghy an RTS game.
This approach uses reinforcement learning augmented with prior knowledgdeabut the high
structure of behaviour. This constrains the possibilities of the learning thyspteaily mealyice
the search space.

The actions to learn ar@nlghighl e v e | abstract actions i{6train

also attemptsto ldara we r | erwceM e arcaritomd (0 order to come

O0pi ck gol dron.the highmvel strategy domairestill includes mdesdbaecisions

than used by the previously discussed papers. It shows it is still able to learn to train multiple peasa
(for resoureg handle resource management, construct barracksoatichan. Most notably, this

is a task that coul dtmrdaded reieforcementllearhing.&Ratmeeitt by c
effectively distributes larning over small subtasks.
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forest—>
<—— gold mine
T peasants
-
base—

Figure 8: Theresource-gathering subgame within Stratagus

However, the focus in the paper is on the ability to learn rather than to quickly online react to chang
on the opponent. Therefore it is interesting to see that sutdsksmplex learned by mere trial
and error, but thapproach is infeasible when we want to online learn full RTS game strategies that ¢

adapt to the (human) opponent.
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