
A. Dockhorn Generalisations of Simulation-Based Search 1 / 63

Generalisation of
Simulation-Based Search for
Autonomous Gameplaying

Alexander Dockhorn
dockhorn@ovgu.de

Otto-von-Guericke University of Magdeburg
Faculty of Computer Science

Institute for Intelligent Cooperating Systems

mailto:alexander.dockhorn@ovgu.de
http://www.is.ovgu.de/Team/Alexander+Dockhorn.html
http://www.ovgu.de/
http://www.fin.ovgu.de/
http://www.iks.ovgu.de/IKS.html


Short Introduction of Myself and My University

A. Dockhorn Generalisations of Simulation-Based Search 2 / 63

mailto:alexander.dockhorn@ovgu.de


Where Am I From?

A. Dockhorn Generalisations of Simulation-Based Search 3 / 63

mailto:alexander.dockhorn@ovgu.de


Where Am I From?

A. Dockhorn Generalisations of Simulation-Based Search 4 / 63

mailto:alexander.dockhorn@ovgu.de


Where Am I From?

A. Dockhorn Generalisations of Simulation-Based Search 5 / 63

mailto:alexander.dockhorn@ovgu.de


Where Am I From?

A. Dockhorn Generalisations of Simulation-Based Search 6 / 63

mailto:alexander.dockhorn@ovgu.de


Computational Intelligence Research Group
Research Topics:

• Multi-Objective Optimization and Decision Making
• Swarm Intelligence
• Swarm Robotics
• Computational Intelligence in Games
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Generalisation of
Simulation-based Search

A. Dockhorn Generalisations of Simulation-Based Search 10 / 63

overcoming classical constraints of simulation-based search
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Gameplaying
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Gameplaying
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Games and General Game Learning
Games can be simulations of real world tasks

• quantifiable goal, varying difficulty, popular (large data sets)
• digital games are fully accessible to computers

General Game Playing/Learning generalizes learning strategy across
games but ignores learning the game’s specific representation
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function needed

Problem:

• game model
unknown
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Restrictions of Simulation-Based Search
Simulation-Based search has two requirements:
1) the Forward Model needs to be known to the agent for forecasting

the outcome of its actions
2) the current gamestate needs to be known, such that the agent can

apply the forward model to it

Access to both is often assured in computer games.

What do we do in case the requirements are not fulfilled?
Do those scenarios exist?

Can simulation-based search still be applied?
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Unknown Forward Model
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What to do if the agent cannot acces a forward model?
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Problem Scenario 1) Unknown Forward Model

Differences of human and computer gameplaying:
• humans can learn to play multiple games
• most AI agents focus on playing a single game

Next Step: General Game Playing
• Requirements: unified state representation, unified forward model
• game definition languages offer both

But is this the same task?
• humans can learn to play games by playing them
• Can computers do the same?

Next Step: General Game Learning
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General Video Game AI (GVGAI) Competition

Competition framework including more than 100 games using Video
Game Definition Language providing :

• general rules of a game and its forward model
• multiple levels per game
• visual representation

Example game: Butterflies
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Comparison of GVGAI Tracks

Planning Track Learning Track

I forward model available,
10 trials for training

I no forward model,
5 minutes of training

I simulation-based search is
widely applied

I reinforcement learning and
heuristics are widely applied

I algorithm performance close
to or better than human

I algorithm performance on par
with random decision-making
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Proposal 1) Forward Model Approximation

Instead of learning a value function we try to learn a forward model.
I apply simulation-based search using the learned model

Idea:
In case the game fulfills the Markov Property the next state is only
dependent on the observation of the current state and our action.
Classification task:

• map the current state and an action to the upcoming state
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Part 1: Forward Model
Approximation
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Developing techniques for approximating a
game’s model from previous interactions.
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Components of a Game

states s0, . . . , st ,
actions a0, . . . , at

Game Model

Reward Function

state st+1

reward rt+1

state st perceived through multiple sensors (s(1)
t , s(2)

t , . . . , s(n)
t )

• state may not be fully accessible (partial information game)

reward rt is a performance signal
• how good do we perform in solving the task

game description as a probability distribution over possible outcomes

P(rt+1, st+1 | s0, a0, s1, a1, . . . , st , at)
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The Markov Property
Markov Property:

• the environments response at time t + 1 only depends on the state
st and the agent’s action at

P(rt+1, st+1 | s0, a0, s1, a1, . . . , st , at) = P(rt+1, st+1 | st , at)

If the markov property holds, the environment dynamics can be defined
by specifying:

P(st+1 | st , at) and P(rt+1 | st , at)
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Forward Model Approximation Implementations
Association Rule Learning[1]

• learning an understandandable ruleset of an unknown game
• special handling of termination rules

Hierarchical Knowledge Bases[2]
• rule learning through reinforcement learning
• repair mechanism for existing rules that were wrong

Composite Model of Decision Trees[3]
• modelling sensor values individually
• speeds up model learning and increases model accuracy

[1] Alexander Dockhorn, Chris Saxton, and Rudolf Kruse; Association Rule Mining for Unknown Video Games, A fuzzy
dictionary of fuzzy modelling. Common concepts and perspectives (tentative title), accepted, 2019

[2] Alexander Dockhorn and Daan Apeldoorn; Forward Model Approximation for General Video Game Learning, 2018
IEEE Conference on Computational Intelligence and Games (CIG), IEEE, August 2018, pp. 425-432
[3] Alexander Dockhorn, Tim Tippelt, and Rudolf Kruse; Model Decomposition for Forward Model Approximation, IEEE
Symposium Series on Computational Intelligence (SSCI), IEEE, November 2018, pp. 1751–1757
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Characteristics of the Forward Model

Model the state change as a single
transition, considering the history of:

• previous game states,
• player actions,
• and rewards

Markov property (order 1):
• only consider the last interaction

Problem:
• the state can be arbitrarily complex

Can we further reduce the number of
possible models?
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Composite Model using Background Knowledge

Inherent constraint of the VGDL:
• model components individually and

combine the result model
• simple component models are

combined to a complex game model

• merge similar models

Idea:

• reduce the number of considered
sensors to an interesting subset

• predict the change of all
components/sensors individually
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Evaluation of Prediction Accuracy
General Video Game AI Framework:

• similar state representation for ~100 games with 5 levels each
• object based sensor values (e.g. positions)

Procedure:
• Play the first three levels

• store each interaction as: st , at → st+1

• Generate a composite model using all previous interactions
• train a decision tree for each sensor value

• Evaluate the composite model on unseen levels
• model accuracy ranging from 60%-95%

[1] Alexander Dockhorn, Tim Tippelt, and Rudolf Kruse; Model Decomposition for Forward Model Approximation, IEEE
Symposium Series on Computational Intelligence (SSCI), IEEE, November 2018, pp. 1751–1757
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Evaluation of Playing Performance
General Video Game AI Competition:

• 6 agents entered in 2017/2018
• evaluation is based on a set of 10 games
• Formula-1 scoring system

[1] Alexander Dockhorn and Daan Apeldoorn; Forward Model Approximation for General Video Game Learning, 2018
IEEE Conference on Computational Intelligence and Games (CIG), IEEE, August 2018, pp. 425-432
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Comparison of Agents
→ Analysis of game model characteristics

→ Game models can be learned using supervised learning

→ The proposed model is able to outperform other agents

Reinforcement Learning Proposed Solution
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Composite Models
Benefits

• reduces size of generated models

• speeds up induction process
• reduces training time and amount of necessary training data

• drastically improves performance of naive Forward Model
Approximation

Problem

• needs background knowledge (Work in progress)
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Finding a Composite Model (Work in Progress!)

Can we somehow build composite models?

Modelling the complete state transition is
very complex for a lot of applications

• ... because of a lot of variables
• ... that are dependent on each other

Use dependency analysis to find groups of
dependent variables.
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Finding a Composite Model (Work in Progress!)

Can we somehow build composite models?

Modelling the complete state transition is
very complex for a lot of applications

• ... because of a lot of variables
• ... that are dependent on each other

Use dependency analysis to find groups of
dependent variables.

• filter unrelevant variables
• speeds up model building
• reduces noise in each submodel
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Dependency Analysis
Goal:

• predict the change of each sensor variable
• using a simple model

To build a simple model for a single variable
• we want to find all non-independent variables
• to describe its change

We can do this for all variables at once by learning a belief net structure.
• it encodes the necessary independencies for all involved nodes
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Generating a Data Set
Forward Model Approximation is an iterative framework

• our data set of observations grows over time
• model building needs to be repeated in case of errors

For testing purposes we collect a dataset using a random agent
• the player’s actions will be independent from the game state

Each time frame we store all observable variables.
• contains an object’s position, neighbors, movement and death
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Results I/II

Found substructures contain:
• position changes

Player
Action

Player
Pos X

Player
Pos Y

• explanations for an component’s death

Butterfly 
Death

Player
Action

Butterfly 
Neighbor
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Results II/II

Some patterns evolve over time when new data becomes available
• e.g. neighboring relations
• starting without any connection

• adding edges dependencies over time
• and hopefully converge
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Limitations and Open Research Questions
Can we merge similar sub-structures?

• multiple game components can have the same behavior
• e.g. instances of the same character type (butterflies)

What happens if the (1st order) Markov Property is not fulfilled?
• The number of variables to consider grows exponentially with the

number of time-steps to consider.
• Theoretically the system would work, but. . .
• . . . the amount of data for model building grows with increasing

the order

How good is Forward Model Approximation if the approximation does
not completly fit the distribution?

• it depends!
• some games can be played even without “understanding” all

dependencies
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Part 2: Game State
Approximation

A. Dockhorn Generalisations of Simulation-Based Search 40 / 63

Developing techniques for approximating the current state
by using knowledge of previous gameplays

mailto:alexander.dockhorn@ovgu.de


Scenario 2) Partially Unknown Game State

Simulation-based search can be applied to full information games.
• What to do in partial information games?

Each sensor value provides information on the current state of the game.
• the actual gamestate is unknown

Popular example: simple card games like Uno, MauMau
• our own hand cards are known
• the opponent’s cards are hidden
• the card draw is random
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Proposal 2) State Induction

Use information from replays to guess a probable state during run-time.
I apply simulation-based search with the estimated state

Idea:
Can observable sensor variables be used to guess the gamestate?
Dependency analysis:

• find dependencies between observable and unobservable variables

A. Dockhorn Generalisations of Simulation-Based Search 42 / 63

mailto:alexander.dockhorn@ovgu.de


Proposal 2) State Induction

Use information from replays to guess a probable state during run-time.
I apply simulation-based search with the estimated state

Idea:
Can observable sensor variables be used to guess the gamestate?
Dependency analysis:

• find dependencies between observable and unobservable variables

A. Dockhorn Generalisations of Simulation-Based Search 42 / 63

mailto:alexander.dockhorn@ovgu.de


Proposal 2) State Induction

Use information from replays to guess a probable state during run-time.
I apply simulation-based search with the estimated state

Idea:
Can observable sensor variables be used to guess the gamestate?
Dependency analysis:

• find dependencies between observable and unobservable variables

A. Dockhorn Generalisations of Simulation-Based Search 42 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 43 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 44 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 45 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 46 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 47 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 48 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 49 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 50 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 51 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 52 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 53 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 54 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 55 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 56 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 57 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 58 / 63

mailto:alexander.dockhorn@ovgu.de


A. Dockhorn Generalisations of Simulation-Based Search 59 / 63

mailto:alexander.dockhorn@ovgu.de


Hearthstone AI Competition
Interested in trying it yourself? Check out our Hearthstone Competition:

http://www.is.ovgu.de/Research/HearthstoneAI.html
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My Related Publications I/II
Book Chapters
Alexander Dockhorn, Chris Saxton, and Rudolf Kruse; Association Rule Mining for
Unknown Video Games, A fuzzy dictionary of fuzzy modelling. Common concepts
and perspectives (tentative title), accepted, 2019

Conference Papers
Alexander Dockhorn, Tim Tippelt, and Rudolf Kruse; Model Decomposition for
Forward Model Approximation, IEEE Symposium Series on Computational Intelligence
(SSCI), IEEE, November 2018, pp. 1751–1757
Alexander Dockhorn and Daan Apeldoorn; Forward Model Approximation for General
Video Game Learning, 2018 IEEE Conference on Computational Intelligence and Games
(CIG), IEEE, August 2018, pp. 425-432
Alexander Dockhorn, Max Frick, Ünal Akkaya, and Rudolf Kruse; Predicting Op-
ponent Moves for Improving Hearthstone AI, 17th International Conference on In-
formation Processing and Management of Uncertainty in Knowledge-Based Systems
(IPMU), Springer International Publishing, May 2018, pp. 621-632
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My Related Publications II/II
Conference Papers
Alexander Dockhorn, Christoph Doell, Matthias Hewelt, and Rudolf Kruse; A decision
heuristic for Monte Carlo tree search doppelkopf agents, IEEE Symposium Series on
Computational Intelligence (SSCI), IEEE, November 2017, pp. 51-58
Alexander Dockhorn and Rudolf Kruse; Combining cooperative and adversarial
coevolution in the context of pac-man, 2017 IEEE Conference on Computational
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