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• Procedural Content Generation (PCG)
• What is it?
• Why we need it?

• Constructive Approaches
• Search-Based PCG
• Machine Learning PCG
• PCG though QD
• PCG via RL
• PCG via LLM
• Mixed-Initiative PCG
• Experience-Driven PCG

• Experience-Driven PCG via RL

Overview



Chapter 7: Procedural Content Generation



“The creation of new game 
content automatically, 

through algorithmic means” 

What is Procedural Content Generation?



• Content can be:
– NPC behavior (aspects)
– Quest/story/narrative
– Camera profiles
– Audiovisual settings
– Levels/maps/tracks
– Items
– Game mechanics
– Reward schedules
– …
– Everything together?

• Content is the game context
• Content has differing quality (ability to 

player experience elicitation)

What is Game Content?



PCG in Industry



• Prior to 2005 or so: (crickets)
• After 2005, a steadily growing number of papers
• An IEEE Task Force
• Key venues: IEEE CoG, FDG, AIIDE, IEEE ToG, PCG Workshop
• A book: pcgbook.com
• Most papers are about level or map generation

• Also papers about generation of texture, music, rules, 
quests, items, weapons, bosses…

• Somewhat constrained by a lack of good testbed games
• A paradigm shift over the years: ML-based PCG (generative AI in 

games), Mixed-Initiative PCG, Experience-driven PCG, PCGRL, 
PCGQD,…

PCG in Academia



• Achieve a specific aesthetic
• AI-assistive tools
• Replayability through variation
• Making infinite or player-

adaptive games
• Surpassing human creativity
• Saving cost on content 

production
• Co-creativity
• Saving storage space

Why Generate Content?
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• Can we drastically cut game development costs by 
creating content automatically from designers’ 
intentions?

• Can we create games that adapt their game 
worlds to the preferences of the player?

• Can we create endless games?

• Can the computer circumvent or augment limited 
human creativity and create new types of games?

• Can we understand game design through 
formalizing the design process?

What Can PCG Do?



• Speed
Real-time? Or design-time?

• Reliability
Catastrophic failures break gameplay

• Controllability
Allow specification of constraints and goals

• Diversity
Content looks like variations on a theme

• Creativity
Content looks “computer-generated”

What Are the Trade-offs?



A PCG Taxonomy
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Computational Game Creativity

Experience-Driven PCG



Computational Creativity in and for Games!
Liapis, Yannakakis, Togelius: "Computational Game Creativity," in Proceedings of the Fifth International Conference on 
Computational Creativity, 2014.



“Computational Creativity is a recent area of creativity research that brings together 
academics and practitioners from diverse disciplines, genres and modalities, to 
explore the potential of computers to be autonomously creative or to collaborate as 
co-creators with humans.” 

-- PROSECCO Network of Excellence 

Computational Creativity



“The study of Computational Creativity within
and for digital games”

Within: Games as an ideal canvas for studying CC

For: Games benefit as products from artifacts of CC

Liapis, Yannakakis, Togelius: "Computational Game Creativity," in Proceedings of the Fifth International Conference on 
Computational Creativity, 2014.

Computational Game Creativity



Autonomous Mixed-Initiative
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Super Mario Bros 
(Pedersen et al., 2010)

Sonancia
(Lopes et al., 2015)

Sentient Sketchbook 
(Liapis et al., 2013)

SpeedTree (IDV, 2002)

StarCraft Maps 
(Togelius et al., 2013)

Garden of Eden Creation 
Kit (Bethesda, 2009)

Ropossum
(Shaker et al., 2013)

Tanagra
(Smith et al., 2010)





Procedural FPS Level Generation
W. Cachia, A. Liapis, and G. N. Yannakakis, “Multi-Level Evolution of Shooter Levels”, in Proceedings of AIIDE, 2015.



Togelius, Julian, Mike Preuss, Nicola Beume, Simon Wessing, J. Hagelback, and Georgios N. Yannakakis. "Multiobjective exploration 
of the Starcraft map space." In Computational Intelligence and Games (CIG), IEEE Conference on, pp. 265-272, 2010.



Exploration
Novelty Search

(NEAT)

Transformation
Deep Learning

(Stacked Autoencoders)

Content Generation (Training Data)

Search function

Deep Learning Meets Novelty Search
Liapis, Martínez, Togelius, and Yannakakis: "Transforming Exploratory Creativity with DeLeNoX," in Proceedings of the 
Fourth International Conference on Computational Creativity, 2013. 



Deep Learning Meets Novelty Search
Liapis, Martínez, Togelius, and Yannakakis: "Transforming Exploratory Creativity with DeLeNoX," in Proceedings of the Fourth 
International Conference on Computational Creativity, 2013. 



Barthet, Liapis, and Yannakakis. Open-Ended Evolution for Minecraft Building Generation IEEE Transactions on Games (2022)



Autonomous Mixed-Initiative
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Tanagra: Constraint Solver for MI-PCG



Physics-based puzzle “cut the rope”
• evolutionary grammars for creating new puzzles

• playability module for testing how (if?) to solve a puzzle

• using the designer’s input in complete or partial designs

M. Shaker, M. H. Sarhan, O. A. Naameh, N. Shaker, and J. Togelius. Automatic generation and analysis of physics-based puzzle 
games. In Computational Intelligence in Games (CIG), 2013 IEEE Conference on.

Ropossum



Ropossum



Ropossum



R. Abela, A. Liapis, G. N. Yannakakis: "A Constructive Approach for the Generation of Underwater Environments," in 
Proceedings of FDG, 2015.









Gallotta, Liapis, Yannakakis, LLMaker: A Game Level Design 
Interface Using (Only) Natural Language, in Proc. of IEEE CoG, 2024



Gallotta, Liapis, Yannakakis, LLMaker: A Game Level Design Interface 
Using (Only) Natural Language, in Proc. of IEEE CoG, 2024

LLMaker



LLMaker

Gallotta, Liapis, Yannakakis, LLMaker: 
A Game Level Design Interface Using 
(Only) Natural Language, in Proc. of 
IEEE CoG, 2024
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Game 
AI

Model you!
Design 
your 

Game!

Yannakakis and Togelius, Experience-driven Procedural Content Generation, IEEE Transactions on 
Affective Computing, 2011. 



• Content is the building block of player 
experience

• Search-based PCG: use optimization 
algorithms (such as evolutionary 
algorithms) to search the space of 
content

• Experience-driven PCG: base evaluation 
function on player experience models

A General PCG Framework



“A framework for 
personalised generation of 
content in human computer 
interaction (in particular in 

games). It views (game) 
content as the building block
of user (player) experience”

Yannakakis, G. N., & Togelius, J. (2011). Experience-driven procedural content generation. IEEE Transactions on 
Affective Computing, 2(3), 147-161.

EDPCG: What is it?



Experience
Elicitation

Experience
Detection/Modelling

Adaptation and Emotion Expression

Game Content

Manifestations

Game parameter spaceEmotion stimuli

Game Agents

EDPCG Best Realizes the Affective Loop
Yannakakis and Paiva, Emotion in Games, in Handbook of Affective Computing, 2013



“… collection of affective patterns 
elicited, cognitive processes 

emerged and behavioral traits 
observed during interaction 

(gameplay)”

Experience-Driven 
Procedural Content Generation



Key Components
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• Content evaluation functions could 
(should?) be based on player experience 
models

• Predict player experience from 
behavior/cognition/affect and/or game 
content

• Derived from empirical measurements of 
player experience

Yannakakis, G. N., & Togelius, J. (2011). Experience-driven procedural content generation. Affective Computing, IEEE Transactions on, 
2(3), 147-161.

Player Experience Modeling
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→ Grid

→ Position and orientation of walls

→ Patterns of walls and floor

→ Number of rooms and doors

→ Random seed

C
o

st

C
o

n
tr

o
l



Player 

Experience 

Model

Content 

Representation

Content 

Generator

Content

Quality



Player 

Experience 

Model

Content 

Representation

Content 

Generator

Content

Quality



Player
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Georgios

Map



Player Experience
(Engagement, frustration, challenge)

Level features and playing behavior

• Model-free, gameplay-based PEM 
(pairwise preferences as outputs)

• Direct (data-driven) evaluation 
function

• Indirect content representation (a 
few parameters)

• Search for good content via 
exhaustive search!

Shaker, N., Yannakakis, G. N., & Togelius, J. (2010, October). 
Towards Automatic Personalized Content Generation for Platform 
Games. In AIIDE.

A Super Mario Bros Example

http://gameai.itu.dk/games/marioPrediction.jar




Other EDPCG Examples



Sonancia
Lopes, Liapis, and Yannakakis: "Sonancia: Sonification of Procedurally Generated Game Levels," in Proceedings of the 
ICCC workshop on Computational Creativity & Games, 2015



EDPCG for Serious Games: Village Voices 
Khaled and Yannakakis “Village Voices: An adaptive game for conflict resolution”, in Proc. of FDG, pp. 425-426



Sentient World: 
Hybridizing Evolution and Gradient Search
Liapis et al. "Sentient World: Human-Based Procedural Cartography,“ EvoMusArt, 2013.



Sentient World: 
Hybridizing Evolution and Gradient Search
Liapis et al. "Sentient World: Human-Based Procedural Cartography,“ EvoMusArt, 2013.



Constrained Novelty Search for PCG
Liapis, Yannakakis and Togelius, Constrained Novelty Search: A Study on Game Content Generation, Evolutionary Computation, 21(1), 2015, 
pp. 101-129 



Constrained Novelty Search for PCG
Liapis, Yannakakis and Togelius, Constrained Novelty Search: A Study on Game Content Generation, Evolutionary Computation, 21(1), 2015, 
pp. 101-129 



• Map Sketches (strategy game, dungeon, FPS level)
• Multiple solutions evolved & shown in real-time
• Fitnesses on area influence, exploration and balance… 

and novelty
• Constraints on playability handled with FI-2pop GA

Sentient Sketchbook
Georgios N. Yannakakis, Antonios Liapis and Constantine Alexopoulos: 
"Mixed-Initiative Co-Creativity," in Proc. of the ACM Conference on Foundations of Digital Games, 2014. 



Georgios N. Yannakakis, Antonios Liapis and Constantine Alexopoulos: "Mixed-Initiative Co-Creativity," in Proc. of the 
ACM Conference on Foundations of Digital Games, 2014. 



• Mostly constructive, stochastic, non-
controllable, random seed, online

• Mostly optional (non-vital) content such as 
decoration and redundant items

• Interesting examples from classic games:
• Elite (deterministic, offline)
• Rogue (online, crucial content)

• Techniques: L-trees, Fractals, …

“Classical” PCG Approaches



Chapter 8: Methods For Generating Content



• Good old PCG:

• Constructive methods (cellular automata, noise, fractals, 
templates, ad-hoc methods)

• Solver-based

• Grammar-based

• Search-based

• “Generative AI”

• Self-supervised learning on pixels/tiles

• Self-supervised learning on strings (LLMs)

• Reinforcement learning

PCG Methods



Constructive Methods



Grammar-Based Methods



• Basic computer science 
concept, used in theory of 
computation

• Define a grammar and an 
alphabet and then watch 
an axiom unfold into ever 
more complex strings

• Commonly used for 
generating e.g. plants

Grammar-Based Methods



• Nature has obviously thought out some clever 
way of representing complex organisms using a 
compact description...

• ...permitting individual variation...
• ...why is this relevant for us?

Self-Similarity



Self-Similarity



Self-Similarity



could give...

Grammars for Adventure Level Design



• Introduced by Aristid Lindenmeyer 1968, to model 
plant development

• Creates strings (text) from an alphabet based on a 
grammar and an axiom

• Closely related to Chomsky grammars (but 
productions carried out in parallel, not 
sequentially)

L-systems



• Alphabet: {a, b}

• Production rules (grammar):
a>ab
b>a

• Axiom: b

b

|

a

└

a b

┘ │

a b  a

┘ │ └

a b a a b

_/  /  ┘ └  \

a b a a b a b a

Example of a derivation in a 

DOL-System

An Example L-system



Context
• Context-free: production rules refer only to an 

individual symbol
• Context-sensitive: productions can depend on the 

symbol’s neighbors

Determinism
• Deterministic: there is exactly one production for each 

symbol
• Non-deterministic: several productions for a symbol

Types of L-systems



• Invented/popularized by Prusinkiewicz in 1986
• Core idea: interpret generated strings as 

instructions for a turtle in turtle graphics
• Read the string from left to right, changing the 

state of the turtle (x, y, heading)

A Graphical Interpretation of L-systems



• Alphabet: {F, f, +, -}
• F: move the turtle forward (drawing a line)
• f: move the turtle forward (don’t draw)
• +/-: turn right/left (by some angle)

Example Graphical Systems



• Axiom: F+F+F+F
• Grammar:

F>F+F-F-FF+F+F-F
• Turning angle: 90o

n=0

n=1

n=2

Graphical L-system



What’s the limit of these systems?

Graphical L-systems



• Alphabet: {F, f, +, -, [, ]}
• [: push the current state (x, y, heading of the 

turtle) onto a pushdown stack
• ]: pop the current state of the turtle and move the 

turtle there without drawing
• Enables branching structures!

Bracketed L-systems



Axiom: F
Grammar: F>F[-F]F[+F][F]
Turning angle: 30o

n=1,…,5

Bracketed L-systems



• Turtle graphics L-system interpretation can be 
extended to 3D space:

• Represent state as x, y, z and pitch, roll, yaw
• +, -: turn (yaw) left/right
• &, ^: pitch down/up
• \, /: roll left/right (counterclockwise/clockwise)

3D Graphics



3D Interpretation of L-systems



3D Interpretation of Bracketed L-systems



Coralize: 3D Corals in Unity
Abela, R., Liapis, A. and Yannakakis, G.N., 2015. A constructive approach for the generation of underwater 
environments. In Proceedings of the FDG workshop on Procedural Content Generation in Games.



2D L-systems



• Each group of four letters is interpreted as 
instructions for lowering or raising the 
corners of a square

• E.g. A=+0.5, B=-0.5

A B

B A

Terrain Interpretation of 2D L-systems



• In next iteration, the 2D L-system is rewritten 
once, and each square is divided into two

• “Doubling the resolution”

A B

B A

A B

B A
A B

B A

A B

B A

Terrain Interpretation of 2D L-systems



Six rewritings of A>ABBA, B>AABB

Terrain Interpretation of 2D L-systems



Cellular Automata



• Computational paradigm based on local interaction 

• Used in artificial life and complexity studies

• The value of each cell in iteration n+1 is based on the value 
of neighboring cells in iteration n and some rule

Cellular Automata



2D Cellular Automata



Cellular automata for real-time 
generation of infinite cave levels

Lawrence Johnson, Georgios N. Yannakakis and Julian Togelius

FDG PCG Workshop 2010

An Example



A CA-based algorithm for 
generating infinite 2D caves

• simple
• real-time
• looks good
• somewhat controllable

This…



• Cave Crawler : a cooperative abusive dungeon 
crawler

• Never ends – therefore needs to produce infinite 
caves...

The Motivation



• Start with a square grid (e.g. 50*50) – all floor
• Randomly switch a proportion of cells from floor to rock
• Run a CA n times, where each cell is set to:

• Rock: if at least T neighbors are rock
• Floor: otherwise

• Fill in the interior of rock formations

CA Cave Generation



Core CA Mechanic

3x3
Moore 

Neighbourhood



• r : initial proportion of rock cells (0.5)
• n : CA iterations (4)
• T : neighborhood value threshold that 

defines a rock (5)
• M : Moore neighbourhood size (1)

CA Parameters





• The infinite cave needs to be contiguous - and you 
need to be able to turn back! (Visited rooms stored 
as random seeds)

• Generate all four neighbors of a new room
• Dig tunnels from the central room to the new 

rooms at the shortest points
• Run the CA m times (2) on all five rooms together

to smooth out edges

Adjacent Rooms





Parameters can be varied…
…but what do they mean?

Controllable?





3D L-systems + CA



Noise and Fractals



• Noise algorithms (often fractal) → fast, easy, 
scale-invariant; limited controllability.

• Common representation: 2D matrix of real 
numbers.

• Textures → intensity maps (values = pixel brightness).
• Terrains → heightmaps (values = elevation over baseline).

• Interpolation: fills in details when render 
resolution → heightmap resolution.

• Voxel representation: 3D grid (e.g., Minecraft) 
→ allows caves, overhangs; needs more 
storage.

• Midpoint displacement algorithm (figure):
generates landscapes via recursive subdivision 
& random displacement, reducing variation 
each step.

Noise and Fractals



Noise and Fractals

Diamond-Square Algorithm
• Extension of midpoint displacement to 2D (aka cloud fractal or plasma fractal)
• Works on a square matrix

Initialization: all cells = 0; corners = random values (e.g., [−1,1]).

Algorithmic steps:
1.Diamond step – midpoint of four corners = average + random offset.
2.Square step – edge midpoints = average of neighbours + random offset.

Recursion: repeat for 4 sub-squares until minimum size (3×3); reduce randomness each 
recursion for smoother terrain.



Wave Function Collapse



• Popular in the indie space

• A constraint-solving method that 
learns constraints from limited 
examples

• Alternative interpretation: self-
supervised learning from small 
samples

Wave Function Collapse



Evolutionary Algorithms and Search-Based PCG
Togelius, J., Yannakakis, G.N., Stanley, K.O. and Browne, C., 2011. Search-based procedural content generation: A taxonomy 
and survey. IEEE Transactions on Computational Intelligence and AI in Games, 3(3), pp.172-186.



• Use evolutionary computation to search the design 
space for good artifacts (e.g. levels)
• Technically, we could use other stochastic search / 

optimization algorithms

• Major issues:
• Representing the content
• Devising a good evaluation / fitness function

Search-Based PCG



• Lots of different types of evolutionary 
algorithms: Genetic Algorithms, Evolution 
Strategies, Evolutionary Programming

• And evolution-like algorithms: Particle Swarm 
Optimization, Differential Evolution

• Keep It Simple, Stupid!
• Often, simple μ+λ ES with no crossover and no self-

adaptation works well enough

The Algorithm



• Directly: grid

• More indirectly: position and orientation of 
walls

• Even more indirectly: patterns of walls and 
floor

• Very Indirectly: number of rooms and doors

• Indirectly: random seed

Representing Content (e.g. a dungeon)



• Directly

– A direct mapping between content and quality; e.g. 

number of jumps in a platform game 

• Simulation-based

– An AI (maybe a human imitator) plays the game for a 

while and content is evaluated

• Interactively

– Real-time evaluation via a player (or players)

Togelius, J., Yannakakis, G. N., Stanley, K. O., & Browne, C. (2011). Search-based procedural content generation: A taxonomy and survey. 
Computational Intelligence and AI in Games, IEEE Transactions on, 3(3), 172-186.

How to Evaluate Content Quality



• Directly
– Theory-driven: evaluation function is based on a theoretical model –

e.g. Koster’s theory of fun
– Data-driven: evaluation function is derived via gameplay (or other 

modalities of) data
• Simulation-based

– Static: evaluation function does not change over time
– Dynamic: evaluation function is affected as time goes by

• Interactively
– Implicit: game behavior gives value to content (e.g. preference over a 

weapon) 
– Explicit: ask players to score content

Togelius, J., Yannakakis, G. N., Stanley, K. O., & Browne, C. (2011). Search-based procedural content generation: A taxonomy and survey. 
Computational Intelligence and AI in Games, IEEE Transactions on, 3(3), 172-186.

How to Evaluate Content Quality





Search-Based PCG Example #1
How would we generate levels for Super Mario Bros?



• Reasonably 
faithful clone of 
SMB 1/3

• APIs for level 
generators and AI 
controllers

Steve Dahlskog and Julian Togelius: Patterns as Objectives for Level Generation. PCG Workshop 2013

The Mario AI Benchmark



• A number of “vertical slices” 
are identified from the 
original SMB levels

• Levels are represented as 
strings, where each character 
correspond to a pattern

Steve Dahlskog and Julian Togelius: Patterns as Objectives for Level Generation. PCG Workshop 2013

Representation



• 25 patterns are identified in the 
original SMB levels

• e.g. enemy hordes, pipe valleys, 3-
paths…

• The fitness function counts the 
number of patterns found in the 
level

Steve Dahlskog and Julian Togelius: Patterns as Objectives for Level Generation. PCG Workshop 2013

Evaluation



Steve Dahlskog and Julian Togelius: Patterns as Objectives for Level Generation. PCG Workshop 2013



Steve Dahlskog and Julian Togelius: Patterns as Objectives for Level Generation. PCG Workshop 2013



Search-Based PCG Example #2
How would we create new game rules?



• Rules are also content…
• Will need simulation-based evaluation - you can 

only judge game rules by playing the game
• Has been attempted for simple Pac-Man-like 

games (Togelius 2008), GVGAI games (Nielsen et al 
2015)

• Perhaps most convincingly for board games 
(Browne 2008)

Creating Game Rules





Yavalath



Yavalath





From Ludi to Ludii



From Ludi to Ludii



Search-Based PCG Example #3
How would we design L-systems?



How can we combine L-systems with evolutionary 
computation?

Evolving L-systems



• Evolving the axiom

• Evolving the grammar:

• Change the shape of one or more production rules, or

• Add/remove/replace productions

• Evolving the interpretation:

• Evolve production probabilities

• Evolve other aspects (e.g. turning angles)

Evolving L-systems



• One example: Ochoa evolved the consequent of a 
single production rule
• starting from F>F[-F]F[+F]F

• Mutation: replace single symbols, or blocks of a few 
symbols

• Crossover: swap complete “sub-trees”
(like in genetic programming)

Evolving L-systems



• Phototropism
• Bilateral symmetry
• Proportion of branching points

Fitness Functions



Branching
points

Symmetry

Phototropism +
Symmetry

Phototropism

All 3

Evolved Systems



Evolved Systems



Evolved Systems



…and this was an extremely simple L-system!



Evolved 2D L-system Terrains



Very short specification, yet infinite resolution!

Evolved 2D L-system Terrains



Quality-Diversity Methods



• Generating many diverse good solutions

• Needs a fitness function, and one or several behavioral 
characteristics (or simply metrics)

• Very useful for search-based PCG!

Daniele Gravina, Ahmed Khalifa, Antonios Liapis, Julian Togelius and Georgios N. 
Yannakakis. Procedural Content Generation through Quality Diversity. IEEE CoG 2019

PCG through Quality Diversity



Map-Elites



PCGQD Examples: CMA-ME



PCGQD Examples: CMA-ME



PCGQD Examples: Super Mario



PCGQD Examples: Super Mario



PCGQD Examples: Talakat



PCGQD Examples: Talakat



• A* agent

• Dexterity Metric: measured with an 

agent with impaired maneuvering 

• Strategy Metric: measured with an 

agent with limited planning ahead

www.akhalifa.com/talakat/@amidos2006

PCGQD Examples: Talakat
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Strategy

PCGQD Examples: Talakat



Sfikas, Liapis and Yannakakis: “Monte Carlo Elites: Quality-Diversity Selection as a Multi-Armed 
Bandit Problem” in Proceedings of the Genetic and Evolutionary Computation Conference, 2021

PCGQD Examples: Maze Generation



Galanos, Liapis, Yannakakis, 
ARCH-Elites: Quality-Diversity 
for Urban Design, GECCO, 2021

Sfikas, Liapis, Yannakakis A General-Purpose 
Expressive Algorithm for Room-based 
Environments, in Proceedings of FDG, 2022

PCGQD on Architecture & Urban Design



Solver-Based Methods



• Instead of using evolutionary algorithms, 
use constraint solvers and specify 
constraints

• Example: Answer Set Programming (ASP)

• Declarative programming for search problems

• Based on logic programming (syntax very 
similar to Prolog)

• Finding an answer set is equivalent to solving a 
satisfiability problem

Solver-Based Methods



PCG via Machine Learning



• Basic idea of Procedural Content Generation via 
Machine Learning (PCGML): train machine learning 
models on corpuses of existing content, then 
generate new content

• Many methods useful, including n-grams, Markov 
chains, and… yes, even deep learning and LLMs

• Reference: Summerville et al. (2018): Procedural 
Content Generation via Machine Learning (PCGML)

PCG via Machine Learning



N-Grams



• Capture the statistic co-occurrence of sequential 
characters

• n: number of previous characters a new character 
depends on

• Commonly used for predictive text
• Can also be used for linear game content

N-Grams



• 1-D generation technique
• Learn to generate next character based on the previous ones
• Used in Language Modeling

NULL > O (0.2), A (0.2), B (0.4), E (0.1), END (0.1)

A > B (1.0)

B > E (0.5), O (0.1), A (0.1), END (0.3)

E > B (0.3), END (0.7)

O > O (0.5), B (0.5)

Unigram Model

Bigram Model

AB > B (1.0)

BE > E (0.5), O (0.1), A (0.1), END (0.3)

Trigram Model

N-Grams



Mario level viewed as a group of slices

N-Grams in Super Mario



Unigram: Count each slice and convert to probability
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?/15 ?/15 ?/15 ?/15 ?/15

N-Grams in Super Mario
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9/15 2/15 1/15 1/15 1/15

Unigram: Count each slice and convert to probability

N-Grams in Super Mario



Bigram: For every slice, count the next upcoming different slice and 
convert to probability

178

Input

?/9 ?/9 ?/9

Input

N-Grams in Super Mario
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Input

7/9 1/9 1/9

Input

1/2 1/2

Bigram: For every slice, count the next upcoming different slice and 
convert to probability

N-Grams in Super Mario



• Mario level is a group of 
slices

• Train unigram, bigram, and 
trigram over all 15 Mario 
levels

• Use trained N-Grams to 
generate new levels

180

Why?

N-Grams in Super Mario



Steve Dahlskog, Julian Togelius, and Mark J. Nelson (2014): Linear levels through n-grams. In proceedings of MindTrek  



Neural Networks



• Evolving the weights of neural networks, either 
interactively or according to some automatic fitness 
function

• Can be used for PCG: predicting some aspect of a 
level (e.g. enemies in Super Mario Bros) from other 
aspects (e.g. bricks and question mark blocks)

• Analogically: The different layers of a level are akin 
to different instruments in a song

Neuroevolution



Neuroevolution for Mario



Amy K. Hoover, Julian Togelius and Georgios N. Yannakakis (2015): Composing Video Game Levels with Music Metaphors 
through Functional Scaffolding. ICCC Workshop on Computational Creativity and Games. 



• Commonly used for classification and prediction 
from high dimensional matrices, such as images

• Makes use of the convolution operation to find 
recurring features in images while minimizing the 
number of parameters

• Can be used for PCG: predicting level features from 
other features (e.g. resources from base locations)

Convolutional Neural Nets



Scott Lee, Aaron Isaksen, Christoffer Holmgård and Julian Togelius (2016): Predicting Resource Locations in Game Maps 

Using Deep Convolutional Neural Networks. EXAG.

CNNs for StarCraft Resources 



• Commonly used for sequence recognition and 
prediction, for example for audio or text

• Often used for generative text, through predicting 
the next word or letter based on some training set

• Can be used for PCG: predicting the next element in 
a sequence, e.g. a level segment or a word in a 
description

Long Short-Term Memory



LSTM for Mario



LSTM for Magic Cards

Summerville and Mateas 2016: Mystical tutor: A magic: The gathering design assistant via denoising sequence-to-sequence learning



Generative Adversarial Networks



• Train two networks intermittently: a generator and a 
discriminator

• The discriminator is trained to distinguish real 
artifacts from fake (generated) ones

• The generator is trained to generate artifacts that 
fool the discriminator

• Essentially the same idea as competitive coevolution

Generative Adversarial Networks



Generative Adversarial Networks



• Train a GAN on a Mario level, so that it can produce level 
segments

• Search the latent space of the trained GAN for level segments 
with particular properties

• Approach called Latent Variable Evolution

GANs for Mario Level Generation





GANs for Mario Level Generation



GANs for Mario Level Generation



GANs for Mario Level Generation



GANs for Mario Level Generation



LLMs



•Text-to-image, text-to-text, text-to-music, text-to-code etc
works well…

•Can we use text-conditioning in our content generation?

•Could we simply ask a model to create a new game for us?

LLMs



Large Language Models (LLMs) have demonstrated impressive capabilities for a 

variety of tasks, from chatting to generating computer code. But what about 

generating working game levels?

Todd, Earle, Nasir, Togelius (2023): Level Generation Through Large Language Models. PCG Workshop at FDG.

LLMs



“Give me a challenging 
level with 7 boxes”

Controllability

“Give me a level for 
Sokoban and another level 
for Super Mario Bros”

Generalizability

Opportunities and Challenges



Valid, playable, novel Sokoban levels sampled from GPT-2

(Ancient) LLMs Can Make Sokoban Levels



MarioGPT



● Previous controllable level generators are controlled via domain-specific
computable metrics (e.g. solution length, number of enemies, 
symmetry).

● Could we allow for more open-ended control via natural language?
● Can we leverage a model trained with knowledge over many domains?

generative model

“Super Mario 

Bros level in 

Minecraft”

Text-Guided 3D Minecraft Generation

Earle et al. (2024). Dreamcraft: Text-guided generation of functional 3D environments in Minecraft.
In Proceedings of the 19th International Conference on the Foundations of Digital Games (pp. 1-15).



NeRF parametrizes a 3D grid, predicting block types

Discretize grid using “straight through” trick → discrete blocks

Project the one-hot grid into a point cloud comprising in-game textures

Differentiably render resultant voxel grid.

Text-Guided 3D Minecraft Generation



large medieval ship

old wizards tree mansion series 2 build 1read description

unconstrained w = 50 w = 100 in-game, w = 100

Text-Guided 3D Minecraft Generation



Merino, Romanov, Charity, Rajesh, Togelius (2023): The 5 dollar model: 
Generating Game Maps and Sprites from Sentence Embeddings

The $5 Model



Merino, Romanov, Charity, Rajesh, Togelius (2023): The 5 dollar model: 
Generating Game Maps and Sprites from Sentence Embeddings

The $5 Model



The $5 Model



Galanos, T., Liapis, A., & Yannakakis, G. N. (2023). Architext: Language-

Driven Generative Architecture Design. arXiv preprint arXiv:2303.07519.

ArchiText: Text to Architecture



CrawLLM Zammit, Liapis, Yannakakis (2024) CrawLLM: Theming Games with Large 
Language Models. Proceedings of IEEE CoG 2024.



Fewshot-prompt LLM with existing games, feed back parse/compile issues.

Feed back results from tree search-based solver agent.

ScriptDoctor Earle et al, “Automatic Generation of PuzzleScript Games
via Large Language Models and Tree Search”, arxiv 2025



• Most generated games were 
mazes, or sokoban-likes.

• A few were actually interesting 
and (seemingly) novel.

ScriptDoctor Earle et al, “Automatic Generation of PuzzleScript Games
via Large Language Models and Tree Search”, arxiv 2025



AI People
Gallotta, Todd, Zammit, Earle, Liapis, Togelius & Yannakakis.
Large Language Models and Games: A Survey and Roadmap
IEEE Transactions on Games, 2024.





Reinforcement Learning



Khalifa, A., Bontrager, P., Earle, S., & Togelius, J. (2020). PCGRL: Procedural content generation via 
reinforcement learning. In Proceedings of the AAAI Conference on Artificial Intelligence and Interactive 

Digital Entertainment.

Procedural Content Generation via 
Reinforcement  Learning (PCGRL)



Earle, S., Edwards, M., Khalifa, A., Bontrager, P., & Togelius, J. (2021). 

Learning controllable content generators. IEEE CoG

PCGRL



Controllable PCGRL



Maximize diameter Maximize path-length

Dungeon: maximize path-length Max. diameter w/ NCAs

Jiang, Z., Earle, S., Green, M., & Togelius, J. (2022). Learning Controllable 3D Level Generators. In 
Proceedings of the 17th International Conference on the Foundations of Digital Games.

3D PCGRL



Diffusion Models



•Can we learn iterative generators from data?

•Approach: destroy the level in a myriad ways, use the 
reverse of the destruction steps as a dataset to train on

•Basically, learn to repair, and see creativity as repair from a 
random state

Matthew Siper, Ahmed Khalifa, Julian Togelius (2022): Path of Destruction: 
Learning an Iterative Level Generator from a Small Dataset. IEEE SSCI

The Path of Destruction



PoD Agents Generating Levels



A PoD Agent Building a Car in Lego



Combining ED(PCG)RL: EDRL

Shu, Liu and Yannakakis, Experience-Driven PCG via Reinforcement Learning: A Super Mario Bros Study, IEEE Conference on 
Games, 2021



(Moderate diversity 
over time)



Wang, Liu and 
Yannakakis, The Fun 
Facets of Mario: 
Multifaceted 
Experience-Driven 
PCG via 
Reinforcement 
Learning, In Proc. of 
FDG, 2022



Chapter 9: PCG By Content Type



Liapis, Yannakakis, Togelius: "Computational Game Creativity," in Proceedings of the Fifth International Conference on 
Computational Creativity, 2014.

Visuals

Audio

Narrative

Levels Gameplay

Rules



Level
design



Complete Game Generation – Orchestration
Antonios Liapis, Georgios N. Yannakakis, Mark J. Nelson, Mike Preuss and Rafael Bidarra: "Orchestrating Game Generation" in Transactions on 
Games, 2019.



Visuals



Brown, Daniel. "Mezzo: An adaptive, real-time composition program for game soundtracks." 
Proceedings of the AIIDE Workshop on Musical Metacreativity. 2012.

Audio



Narrative



Orkin, J., and Roy, D. 2007. The restaurant game: Learning social behavior and language from 

thousands of players online. Journal of Game Development 3(1):39–60.

Narrative



Game

design
Browne, Cameron. "Yavalath." Evolutionary 

Game Design. Springer London, 2011. 75-85.

Rules



Gameplay



Gameplay



Denzinger, J.; Loose, K.; Gates, D.; and Buchanan, J. 2005. Dealing with parameterized actions in 

behavior testing of commercial computer games. In Proc. of the IEEE Symposium on 

Computational Intelligence and Games , 37–43.

Gameplay



G. N. Yannakakis, and J. Hallam, “Evolving Opponents for Interesting Interactive Computer Games,” 

in Proceedings of the 8th International Conference on the Simulation of Adaptive Behavior (SAB’04); 

From Animals to Animats 8, pp. 499-508, Los Angeles, CA, USA, July 13-17, 2004. The MIT Press. 

Gameplay



From Novelty Search to Surprise Search
From Novelty Search to Surprise Search
Gravina, Liapis, and Yannakakis: “Surprise Search: beyond Novelty and Objectives" in Proceedings of GECCO, 2016



Surprising Weapons!
Gravina, Liapis and Yannakakis: "Constrained Surprise Search for Content Generation," in Proceedings of the IEEE 
Conference on Computational Intelligence and Games (CIG). 2016.

Visuals

Gameplay



Cook, Michael, and Simon Colton. "Multi-faceted evolution of simple arcade 
games." In IEEE CIG, pp. 289-296. 2011.

Audio

Visuals

Level
design

Rules



Level
design

Audio

Visuals

AudioInSpace: From Music to Weapons!
Hoover, Cachia,  Liapis, Yannakakis, "AudioInSpace: A Proof-of-Concept Exploring the Creative Fusion of Generative Audio, 
Visuals and Gameplay," in EvoMusArt, 2015



Level
design

Rules

Orchestrating Level and Game Design
Karavolos, Liapis, and Yannakakis: “Learning Patterns of Balance in a Multi-Player Shooter Game," in Proceedings of the 
Foundations on Digital Games, 2017. 



Evaluating Content Generators



How Can we Evaluate a Content Generator?

Generally speaking, there are 
three ways:
• Visualization (e.g. expressive 

range)
• AI players (playtesting / personas)
• Human players (testing, QA, 

annotations)



Readings: Part III
gameaibook.org
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