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Abstract 

Computer game AI nowadays still relies heavily on scripted behaviour. The resulting computer players 

are therefore predictable and non-adaptive to the opponent. An approach to create challenging, learning 

computer players, called Dynamic Scripting, has been proposed by Pieter Spronck. Based on this work I 

developed reinforcement learning agents for a real-time strategy game called Bos Wars. These agents, 

implemented using the 2apl platform, can autonomously reason on goals and world beliefs. Several 

approaches to acquire a winning strategy have been tested, including Dynamic Scripting and Monte 

Carlo methods. To better cope with opponents that switch strategies, implicit and explicit adaptation is 

tried out. Due to the integration of agent technology and reinforcement learning, agents have proven to 

be able to quickly and consistently learn to outperform the scripted fixed and strategy switching players. 

It is shown that incorporating opponent statistics into the learning process of a Monte Carlo agent gives 

the best learning results. 
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1 Introduction 

The document you are reading is the result of my masterõs graduation project at the Intelligent Systems 

group of the Computer Science department of the Utrecht University, The Netherlands. It describes the 

projectõs motivations, design and implementation considerations and the results of the research. In this 

first chapter I will give an introduction to the main topics and explain how the project is organised. 

1.1 Project background and motivation 

As part of the Agent Technology master at the Utrecht University, a seminar Games and Agents is 

organised by Dr. Frank Dignum. It was during this course, and especially during the talk of invited 

speaker Dr. Pieter Spronck, that I became 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 or computer-controlled players in games. Games offer an attractive, practical and challenging 

AI research platform since complex and high-level decisions should be made whilst having a large set of 

requirements including time constraints and an abundance of environmental data. 

Of course, building realistic intelligent agents is a hard task in which many researchers worldwide 

operate in a wide area of subfields. What I will cover in this project is the specific topic of learning top-

level strategic decision making. As mentioned, Dr. Pieter Spronck inspired me on this idea through his 

Dynamic Scripting project. It uses a reinforcement learning-like technique that generates flat, static 

scripts to create winning strategies for computer players. He used role-playing games such as Baldurõs 

Gate and Neverwinter Nights which are relatively short and straightforward games. Chapter 3.2 

explains more about Dynamic Scripting. My intuition, which was supported by Dr. Frank Dignum, was 

that longer and more complex games need a more refined and flexible learning technique. It seems 

reasonably to include environmental data on its own and its opponent game state, for example. I will use 

a real-time strategy game to test this idea. 

1.2 Real-time strategy games 

A real-time strategy game, further abbreviated to RTS game, is a strategic war game in which multiple 

players operate on a virtual battlefield, controlling bases and armies of military units. Actions are mostly 

tactical decisions which typically end with the destruction of the enemy. Some of the best known RTS 

games are Command and Conquer, Starcraft and Age of Empires. 

RTS games provide an interesting platform for researchers. They offer complex and partially unknown 

environments in which the main focus is on high-level decision making. Strategy selection is a complex 

problem in which a human may be very good but a computer is not. It is hard to make sound derivations 

from all the available data and to learn from past interactions quickly. This sets high requirements on the 

learning capacities of the computer player. Therefore it is the perfect game type to use in this project. 

1.3 Bos Wars 

Like most commercial computer games, modern RTS games are closed source and can thus not be 

changed, or at least not enough for our purpose. We will need to extract game data from the engine and 

take control over the computer playersõ behaviour. Bos Wars however is an open source game similar to 

the well known classics of the genre, developed by enthusiastic volunteers. It doesnõt offer the 
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complexity and graphic detail of modern RTS games, but it does offer a suitable test environment for 

this project. 

 

Figure 1: Screen shot of a Bos Wars game 

Bos Wars has a futuristic feel and clear game setup. The players start on an uninhabited map. Using 

engineers, they can start constructing a base with buildings such as vehicle factories, soldier training 

camps, power stations, gun turrets and magma pumps. Several different types of units may be trained to 

use in defence or offense such as engineers, assault soldiers, tanks and rocket tanks. Because all of these 

units and buildings have costs, resources should be maintained. Bos Wars uses an economic-like resource 

model, disallowing storing of large quantities of resources, so a steady input and output flow should be 

preserved. This can be done by harvesting them from trees and rocks using engineers or by buildings 

such as power plants and magna pumps. The player who destroys all of the enemyõs buildings and units 

wins the game. 

The tactical decision making in Bos Wars is currently controlled by static scripts. It is expected of these 

that they control the constructing of the buildings and training of units, the order in which to create 

buildings and units, how attacking and defending groups are organised and when to wait for something 

to finish or attack the enemy base. They do not control the spot where buildings are placed, the planning 

of paths that units take, what specific buildings or units to attack or what resources will be gathered by 

engineers that arenõt constructing buildings. This still leaves a task that is complex and challenging. 

Hundreds of unique strategies may be used of which only a small percentage is strong enough to win 

against most others. Although there are some known strong lines of attack, no single definitive solution 

exists. For every tactic there is always a counter-tactic, yet some may be hard to find. The learning 

computer players that I will introduce should be able to replace the existing scripts, handling all of its 

current jobs. 

As an alternative to Bos Wars, the ORTS game environment has been considered [Buro and Furtak, 

2003]. This RTS game is open source as well and has been specifically designed for research purposes. 
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The main problem with this platform though is the lack of a fully functioning agent to start development 

with and compare results to. Also, it features a very limited set of buildings and units, focussing more on 

low-level tasks of pathfinding, resource gathering and the forming of attack and defence formations. 

1.4 Agent technology 

The new computer players developed in this project will be treated as intelligent software agents. 

Agents are artificial and intelligent entities that act autonomously and pro-actively in an environment. It 

is easy to think of them as virtual robots or computer-controlled actors. Agent technology has been 

widely research by computer scientists. It is a fundamentally different approach to software 

development. With this design stance, it is the software agent that has the will to perform a task. They 

are not scripted and have no fixed execution plan. Rather, they have a task that is not enforced by a 

parent program. This has two benefits. First, they allow for a high-level definition of the problem 

without the need to explicitly state how to solve the (often complex) problem. Secondly, agents are 

better reusable and more robust than fixed programs. 

 

Figure 2: Model of a simple reflex agent 

Multiple types of agents exist, including simple reflex agents, model-based agents and goal-directed 

agents. There is no strict language in which agents should be developed. For example a model-based 

agent can effectively be programmed in an object-oriented language.  

This project however uses goal-based agents, also called rational agents, which are build using an agent 

programming language with a BDI architecture. BDI stands for beliefs, desires and intensions. The 

agents reason for themselves on these high-level concepts and operate in an unknown environment. It 

has the desire to solve a problem (the task) and adopt a goal (has the intention) to accomplish this. To 

solve how this may be done, it may use beliefs about the environment and itself as well as known plans. 

The plans ultimately specify which actions it should take to achieve the goal. In Bos Wars these are the 

strategy actions such as constructing a building and attacking with an army. These are analogous to the 

ones available to the fixed scripts. 

An agent in a computer game can thus work out how to perform a task itself. Often this is not trivial. 

Plans may be layered into subplans and may consists of basic actions that operate into the environment, 

but can also use introspection or speech acts to communicate with other agents. New goals and beliefs 

may be adopted or dropped during the execution. Also, it may know of several plans to use for one 
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single goal. If multiple plans are available it should decide which are best in the unique situation, 

according to its beliefs. Ideally it can learn from its own past experiences. If such reflection is used it can 

learn the best approach achieve the original task. 

1.5 Reinforcement Learning 

Allowing a computer to learn is called machine learning. Many learning techniques exist, being inductive 

(generalisations over a data set) or deductive (inferred details from known facts). Whilst many 

approaches use a supervised approach, having one process control learning from a large subset of data, 

agents can only use their limited experiences from agent-environment interactions. It does not know if 

these experiences are valid representative samples. To learn in such an unknown environment, it may 

use reinforcement learning. 

Reinforcement learning, or RL, has a large proven base in computer science. The conceptual basics and 

main classes of algorithms have been formally described and proven to converge to the optimal solution 

of a task. It works much like human learning. Through trial and error it may learn what actions are 

successful and which are not. The procedure is designed as a Markov Decision Process. The agent 

operates in a model that consists of distinctly identifiable 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 unique 

place of the agent in the world, it may select different actions with different results. Action execution 

gives rewards to the agent. These are numerical indications on how well the agent is performing the 

task. If 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 action 

selection it needs to explore the state-action search space. From the rewards provided by the 

environment, the agent can calculate the true expected reward when selecting an action from a state, 

which is called the weight. It is algorithm-specific on how the weights of state-action pairs are calculated 

from a received reward. 

The dilemma on when to explore the world for optimal actions and when to select the best, or greedy, 

action is called the exploration-exploitation problem. If only greedy actions are chosen it may not learn 

if there are more beneficial actions. Exploration is therefore needed, which can be done in multiple 

ways. The main used approaches are ʀ-greedy selection, choosing a non-greedy action in some 

percentage of the cases, and Softmax action selection that uses a weighted probability according to the 

state-action weight. 

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

methods, or MC, can be best understood by averaging over random samples. After each full episode, 

performing the task once, from 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 state 

tree times with rewards 1, 1 and 4 the state-action pair gets updated to a 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 Carlo methods. TD works on 

non-episodic tasks as well because it uses bootstrapping. Weights get updated immediately after a 
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reward was received. However, the state-action pair directly receiving the reward is the only one that 

gets updated. It is not until a next visit that the action 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. 

 

Figure 3: Backup diagrams: TD learning updates directly after each step, MC not until the episode is terminated 

In an RTS game, the unknown environment is the game map in which the agent operates. When a game 

has been won or lost, a reward should be returned to the agent. This can be used to adjust the selected 

state-action weights. Because 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 extensions to speed up learning, cope 

with uncertainty in environments, integrate temporal aspects of actions, and many more. The approach 

however is to work with the basic, distinct algorithms to get an expectation on their applicability in this 

project. 

1.6 Document overview 

Bos Wars is not build as an agent platform. I will integrate the concept of agents into this game 

environment and supply them with reinforcement learning capabilities. This will give rise to questions 

such as how agents operate in games, what they need in order to learn winning strategies and if they can 

adapt to their opponents. 

In this document I will first formalize the research topic in chapter 2. What are the challenges and how 

to we approach the problems in this project?  I will discuss the problems with static scripts and what 

project approach is to solving this. A study of the existing research, found in chapter 3, provides the 

starting point for development on learning agents. 

The second part, chapters 4 to 7, explains how reinforcement learning was applied in Bos Wars to learn 

winning strategies. First we model Bos Wars players as agents and use basic learning techniques. Later it 

is shown how they can be optimized to better meet the set requirements. Also, I will examine if we can 

adapt our strategy to that of the opponent. 
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In the last part I will oversee the results and importance of the project. Chapter 8 makes the conclusions 

based on the formal work and the experiments ran. Have we succeeded in creating sufficiently 

intelligent and interesting RTS game playing agents? Finally, chapter 9 shows how future research into 

this topic may be directed. 
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2 Motivation and research approach 

Having more intelligent and interesting computer players in RTS games seems like an obvious objective 

However, it is important to see what the actual goals are in creating such players. This chapter explains 

what the problem is with the existing approach and how this project aims to solve this. 

2.1 Challenges in RTS game AI 

Computer games are becoming increasingly more popular to use in computer science. However, most 

of the research is still either immature or very specialized. On the other hand game developers are 

investing enormous amount of time and money into the development of new techniques and play-

testing. Games are traditionally above all focused on storytelling and graphics, but nowadays ôthe AIõ is 

becoming more important as well. ôThe AIõ in the game developerõs view is not what we consider here. 

It often includes things like path finding, character animation, finite state machines and static player 

scripts. Online learning of high-level strategies, without user direction or help, has not yet been used in 

commercial products.  

Playing Bos Wars as a human is fun and challenging. The game compels you to think of astute and novel 

strategies to defeat the computer opponent. This compels you to reason on many specific and more 

general aspects of the game simultaneously. Decisions that need to be made during a game include: 

¶ What kind of army will I need to defeat the opponent? 

¶ What is needed to train such an army? 

¶ How will I cope with counter attacks? 

¶ What do I know of the opponent and can I use this to my benefit? 

Combining all information from this and previous games is challenging for a human player. For a 

computer, it is even harder. Even if (which might not be true) all the information is present, it is not 

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

a player that keeps hitting me with small groups of soldiers? Can I adapt my strategy during the game if I 

know he has a training camp but no vehicle factory? 

Besides being complex, the decisions also need to be taken in real-time. Because RTS games use 

continuous time, as opposed to for example chess or turn-based strategy games, the players have very 

limited time to calculate new best actions. Therefore strategy selection should be efficient and 

computationally feasible. In practice this means high-level decisions such as described above can only 

consume about 15% of the CPU time available [Buro and Furtak, 2003]. 

2.2 Problems with game AI scripts 

Currently, computer games almost exclusively use static, linear scripts. Their behaviour is thus fixed 

and predictable. This is a major advantage for the game developer perspective. Especially in modern 

games where most effort goes into the graphics, animations and sounds and where high-level strategy 

control structures are mostly added afterwards. For example in RTS games 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 experience, 

the computer should be able to challenge a human and introduce more variety. At this point in time, it is 
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hard to build in more intelligent, reasoning computer controlled players or characters. To make higher 

level decisions we need a lot of information on the environment, including all opponents. But even 

simple statistics of the player itself are often hard to come by during this stage of development; nicely 

packed away into the object-oriented classes. At this stage simple scripting behaviour can still be 

employed since it needs no such (complex) data. 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 non-programmers [Tozour, 2002]. 

However, scripts cannot be used to create complex and flexible behaviour. The human is confronted 

with repetitive tactics that are predictable and thus easy to beat. The game experience is limited to the 

preset and linear actions provided by the game developers which are fixed after a game release. 

Weaknesses in the game AI can be exploited by a human since it cannot be solved without patching a 

game. Play testing for AI weaknesses is a very money and time consuming task. Also, it is unable to 

adapt to the human player, which would give a boost to the feel of intelligence [Buro and Furtak, 2003]. 

2.3 Problem statement 

Considering the shortcomings as described in the previous section, we can define the problem 

statement: 

Existing RTS game AI is fixed, repetitive and predictable. A feasible approach to model 

intelligent and flexible opponents does not exist. To cope with all types of players, to 

reduce behavioural errors after a game release and to provide a more fun and 

challenging game experience, computer players should learn to optimize and adapt their 

strategies after a game has been released.  

2.4 Project approach to better RTS game AI 

In this project I will introduce flexible and learning high-level strategy decision making computer 

players. The resulting agent should outperform both static scripts as well as strategy-changing opponents 

through adaptation. This agent is: 

¶ More fun to play against; its strategy isnõt static so the game provides varied and interesting new 

perspectives, which prolongs ôhalf-lifeõ (the time it takes for players to lose interest in the game, 

[Fogel et. al., 2004]) 

¶ More challenging; it can exploit human weaknesses [Manslow, 2002], is less predictable and 

come up with novel new tactics to challenge the human 

¶ Less error-prone; it can fix its own design flaws by learning what is poor behaviour and avoiding 

this [Manslow, 2002], potentially decreasing the need for expensive play testing 

A learning BDI agent will be coupled to the Bos Wars RTS game and extended with reinforcement 

learning capabilities. To prove the effectiveness of the learning agents, experiments will be run. Because 

Dynamic Scripting is the most promising existing technique, this will be the reference point. If this can 

be effectively used, different RL algorithms will be tested and compared to DS. 



 Adaptive reinforcement learning agents in RTS games 

 

9  

 

2.5 Requirements on online strategy learning 

It is possible to define the requirements that an online strategy learning algorithm should meet. All these 

are directly related to the real-time, competitive and entertaining nature of RTS games. The 

computational requirements are: 

¶ Speed; learning should take little CPU time, having modest impact on the game-play [Manslow, 

2002]. 

¶ Effectiveness; learning AI should create strategies at least as effective as static scripts and may 

not generate defective or unrealistic behaviour [Barnes and Hutchens, 2002]. 

¶ Robustness; it should be able to deal with unexpected game situations and randomness [Chan et. 

al., 2004]. 

¶ Efficiency; the learning speed should be high so it takes little episodes (or encounters) to learn 

effective strategies [Spronck, 2005]. 

The functional requirements are: 

¶ Clarity; the method should be easily understandable, even for non-programmers, to be suitable 

for use in actual computer games [Spronck, 2005]. 

¶ Variety; strategies generated should be divers and interesting, avoiding predictable, static 

behaviour [Spronck, 2005], but refraining from seemingly random behaviour as well. 

¶ Consistency; the learning rate and results should be predictable, without strange exceptions 

such as learning taking exceptionally long [Spronck, 2005]. 

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

The learning algorithms tested during this project will be checked on these requirements. For example, 

to prove a decent learning speed, consistency and scalability, experiments 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 it should be supplied with (or have access to) this information 

to reason about. During the reasoning it should decide what actions to take in the environment and in 

what order. The available actions and when and how to apply them are part of the agent program. It may 

use information from past experiences as well. Finally, the agent executes the actions in the 

environment, queuing the strategic commands in Bos Wars. 

 

Figure 4: A learning agent in Bos Wars should map the game states to appropriate actions 

Agentgame state action

ǎŜƭŜŎǘǎ ǘƘŜ ΨǘǊŀƛƴ 
у ǎƻƭŘƛŜǊǎΩ ŀŎǘƛƻƴ
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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 beliefs so it can make 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 the 

game. 

Strictly put, the agents in Bos Wars should map the input (environment data and game results) to 

correct output (select strategic actions). That means 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 we 

will see how the interaction between the environment and agent is modelled. 
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3 Existing research 

Online learning of high-level strategies, without human intervention, is never used in a commercial 

game. Existing research into machine learning in computer games is also sparse. However, a 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 AI using Dynamic Scripting 

As explained Dynamic Scripting was the inspiration for this project. This technique is developed by Dr. 

Pieter Spronck at the Maastricht University. It was first described in [Spronck et. al., 2003] in which the 

idea was tested in the role playing game Baldurõs Gate. 

Dynamic Scripting is a reinforcement learning-inspired algorithm to generate scripts for computer 

players that maximize the playerõs fitness. From a player-unique rule base consisting of known useful 

actions (basic actions as well as more complex strategy blocks) a script is generated. The computer 

linearly follows this script which results in an episode fitness. The fitness is, as in reinforcement 

learning, an indication on the effectiveness of the last actions in relation to the task we want to learn. 

The fitness value is calculated back into the available actionsõ weights. The next episode a new script is 

generated according to the new weight values. 

 

Figure 5: Dynamic Scripting process model [Spronck et. al., 2003] 

For example take the Baldurõs Gate role playing game where two teams of two characters battle against 

each other. Classic scripted computer players follow a linear fixed script so they cannot change the 

behaviour. This is predictable and easy to beat. Dynamic Scripting agents however 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 use in a fight. The selected rules are combined into a script, order as predefined by the game 

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 is used to update the weights in the rule base. Rules that 

were used will thus get higher or lower weights assigned. This will determine the probability that they 

get selected again next time. All non-used rules get updated as well to compensate for the increased or 
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decreased total weight of the whole rule base. For example the randomly chosen rules were unsuccessful 

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, a new script is generated. Again it selects a fixed number of 

rules from the rule base, but this time it has a better indication on the rulesõ realistic effectiveness. 

Linear Softmax selection is used to weight the rule selection probability. After several encounters it will 

be clear which rules are effective and since they get chosen (mush) more often, the player will 

outperform a non-dynamic opponent. 

The generated scripts are easy to understand, because they resemble classic static scripts as still used in 

most modern computer games. From the experiments it is shown that it allows computer players to 

learn a winning strategy fairy efficiently, for the Baldurõs Gate game as well as for the games MiniGate 

and Neverwinter Nights [Spronck et. al., 2003]. However, it may still need many episodes (up to 50) to 

defeat certain strategies on average. It is concluded that in action role-playing games such as MiniGate 

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

The strength of DS clearly can be 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 these 

characteristics: 

¶ Rules in the rule base contain a large amount of domain knowledge 

¶ Rules are explicitly ordered and may only be used once in a script 

¶ The script is of a fixed length 

¶ The script is static during the game execution 

¶ There is no differentiation between unique environmental states 

Aside from these clear differences between reinforcement learning and DS, it still has the same act ð 

reward ð update weights loop. It actually resembles Actor-Critic Temporal Difference Learning, but 

with the on-episode-end updating of weights (like Monte Carlo) and the translation of the result 

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

 

Figure 6: Dynamic Scriptingõs policy update architecture [Spronck et. al., 2006] 
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Spronck argues that applying regular reinforcement learning such as Monte Carlo methods may be 

infeasible. The search space is huge if we have all basic actions to try and it is unclear what 

environmental information should be put in the state vector. In this project we will try to overcome 

these problems by combining agent technology, reinforcement learning and Dynamic Scripting 

strengths. 

The research that led to the Dynamic Scripting technique was part of Dr. Pieter Spronckõs PhD-thesis 

[Spronck, 2005]. This thesis includes an experiment with a real-time strategy game called Stratagus, 

which actually is the predecessor of Bos Wars used in this project. Spronck reasons that RTS games as 

opposed to role-playing games need a state representation of the world, corresponding to the state in 

reinforcement learning. He uses states defined by the owned buildings and each state has a unique rule 

base that should be learned. The dynamic player was able to find winning strategies against balanced 

static opponents within 50 game episodes on average. 

Dynamic scripting 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, I believe the algorithm does have some downsides: 

¶ No discrimination between unique world states may be used (except in the RTS game 

experiment). For example it cannot switch strategies when it received new opponent 

information such as what the actual type of opponent it is fighting. 

¶ Rule ordering is pre-set which may be non-optimal and requires tweaking at development time. 

In rare cases this might even prevent the algorithm to find certain best counter tactics. An 

attempt at solving this was made in [Timuri, 2007] which unfortunately complicates the 

algorithm.  

¶ Rules may not be used multiple times in one script. For example it cannot use a ôbuild vehicle 

factoryõ rule more than once. If needed, a rule should be added to the rule base to build another 

(or two, or more). This prevents loops but severely limits the script possibilities. 

¶ There is a fixed script size. If chosen too small it may end up having no more rules to execute. If 

chosen too large it may need to include unbeneficial rules to get to the size (especially in small 

rule bases). Preliminary experiments were needed for all games and game characters to 

determine a useful script length, which requires a lot of time. 

¶ The algorithm depends highly on the actual numbers set for the possible game results whilst 

ideally you want the environment to handle this. Also, the experiments use complex fitness 

functions to calculate scores. It is unclear whether this speeds up the learning process or is 

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

¶ DS only works on short episodic tasks; if an agent deals with a continuous task the episode will 

never end and with long episodes the script might run out of actions. 

¶ Learned weights are specific to that rule base; if multiple rule bases are used for different game 

opponents, the learned weights of one character may not be used with another. Learning speed 

and effectiveness would be greatly increased if such parallel learning would be possible. 

Overall Dynamic Scripting is an original and useful approach into making more intelligent and adaptive 

game AI though the introduction of machine learning. It is a solid base for this projectsõ work on the 
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creation of flexible learning RTS game playing agents. It is highly interesting to see if DS can feasibly be 

employed in Bos Wars to generate winning strategies against both static and strategy-switching 

opponents. 

3.2 Other related work 

 The reference and starting point of this project, Dynamic Scripting, is the predominant example on 

scientific game AI research. However, there have been several other approaches including some specific 

on high-level real-time strategy game tactics learning. The most relevant papers are discussed here. 

3.2.1 Generating Game Tactics via Evolutionary Learning 

Ponsen and Spronck [2004] proposed a new method to search for winning RTS game tactics in Wargus. 

This method uses an offline evolutionary algorithm. Chromosomes define the full strategy and the best 

chromosomes in an experimental session are mutated to ultimately come up with a chromosome that has 

a fitness that meets the target value. Experiments showed that the algorithm is able to find strong 

strategies that outperformed the used rush-type static scripts. 

 

Figure 7: Screen shot of a Wargus game 

Although the approach was able to generate strategies with surprisingly high fitness values, it has a 

limited use. Since it uses an offline evolutionary algorithm it needs many experimental games to test the 

large number of possible chromosomes. The learning wasnõt halted until a minimal threshold fitness 

value was found or 250 solutions (750 games played) had been tried. This makes the approach useful in 

optimizing static scripts and finding useful rule base rules (to be used by Dynamic Scripting) [Ponsen et. 

al., 2006] during development time, when it doesnõt need to quickly react to new experiences. 

However it is far too slow to feasibly use in the online learning to be able to adapt to human players 

during a game experience. This makes the generation of tactics via evolutionary algorithms unsuitable 

for use in this project. 
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3.2.2 Case-Based Plan Selection 

A learning approach to better cope with changing opponents has been introduced by Aha et. al. [2005]. It 

praises the Dynamic Scripting approachõs efficiency and simplicity but criticizes its inability to cope well 

with different opponents because no knowledge can be transferred between rule bases. Instead a Case-

based Tactician (CaT) is implemented which can learn even from games with random consecutive 

opponents. 

CaT uses three sources of domain knowledge; the abstract world state and available strategy actions 

from [Ponsen and Spronck, 2004] (which however include opponent statistics) and a mapping of specific 

game situations to known tactics and their performance. During a game, it evaluates taken actions such 

as unit training to reflect on the performance according to the Wargus game score before the action was 

executed, right thereafter and at the end of the game. This resembles a reinforcement learning approach 

towards action effectiveness measurement and resembles hierarchical task network (HTN) planning 

towards the use of sub-tasks to speed up learning as well as allowing for the transfer of knowledge on 

action performance between game states. 

The implementation uses TIELT (a general framework for the testing and comparison of learning 

techniques) to attach CaT to Wargus. This middleware supplies CaT with a generalized game model as 

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 my own project. Also, 

TIELT introduces an unwanted degree of non-determinism which makes experimenting harder. 

Experiments show CaT outperforms the static opponents (a combination of rush-like scripts and strong 

student contributions). On average it wins 80% of the games after around 75 played episodes. The most 

notable difference with Dynamic Scripting being that it is able to learn against multiple different 

opponents against which it can differentiate whilst still using learned knowledge between different 

opponent scripts. Unfortunately the experimental results are unclear about performance differences 

between opponents that actually switch during a series of episodes. This might show exactly to what 

degree it is beneficial to do this. 

3.2.3 Concurrent Hierarchical Reinforcement Learning  

Marthi et. al. [2005] aim to use concurrent hierarchical reinforcement learning to play an RTS game. 

This approach uses reinforcement learning augmented with prior knowledge about the high-level 

structure of behaviour. This constrains the possibilities of the learning agent and may thus greatly reduce 

the search space. 

The actions to learn are not only high-level abstract actions (ôtrain army of 4 soldiers and attackõ) but it 

also attempts to learn lower level actions (ômove northõ in order to come to a gold mine, where they can 

ôpick goldõ). The experiment on the higher-level strategy domain still includes more low-level decisions 

than used by the previously discussed papers. It shows it is still able to learn to train multiple peasants 

(for resources), handle resource management, construct barracks and train footman. Most notably, this 

is a task that couldnõt be well learned by classic single-threaded reinforcement learning. Rather, it 

effectively distributes the learning over small subtasks. 
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Figure 8: The resource-gathering subgame within Stratagus 

However, the focus in the paper is on the ability to learn rather than to quickly online react to changes 

on the opponent. Therefore it is interesting to see that such complex tasks can be learned by mere trial 

and error, but this approach is infeasible when we want to online learn full RTS game strategies that can 

adapt to the (human) opponent. 
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