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• Video Game Glitch Videos







Design Flaws
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Play Testing





Literature Survey

("game testing" OR "testing of games" OR 
"playtesting" OR "play-testing" OR "agent-
based testing") 
AND 
("test generation" OR "input generation" 
OR "oracle inference" OR "oracle 
generation" OR "bug detection" OR "glitch 
detection" OR "crash detection" OR "player 
experience")
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Imitation Learning

Gudmundsson et al. 2018



LLM-based Game Testing

• LAP: the Match-3 board is serialised to text; the LLM answers 
with the swap to play (blue boxes) [Yan Zhao and Tang 2025]


• Line coverage over iterations: the LLM (green) beats RL and 
random baselines on this game



LLM-based Game Testing



Model-based Testing



Model-based Testing

flap·peak·flap·flap·peak·[pipe passed]·flap …



Reinforcement Learning
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Q-Learning
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Deep Q-Learning
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Reinforcement Learning



Reinforcement Learning



Reinforcement Learning

Hand-crafted

Usually winning state

Sparse

Single objective

Focus on exploitation

Reward function



GUI-Testing vs. Game Testing

GUI Game

// display initial GUI screen
while (true)
{
  // poll for user input events
  // update internal variables based on input
  // update user interface
}

// display initial GUI screen
while (true)
{
  // process user input if any exists
  // update internal game simulation by one step
  // render current game screen
}









Cover these?
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Search-based Testing with

<TestCase> ::= <Input> <Input> <Input>

<Input> ::= <Click> | <Keypress> | <Wait>

<Click> ::= <Sprite 1> | <Sprite 2>

…

<Wait> ::= <Wait 2s> | …

Grammatical Evolution

event_whenthisspriteclicked:8X

data_changevariableby:Ra

Exit

event_when�agclicked:(7

data_setvariableto:(t

control_forever::L

control_if:/t

looks_sayforsecs:12

event_whenthisspriteclicked::R

data_changevariableby:dt

thisspriteclicked:Cat

�agclicked

thisspriteclicked:Bear

Entry

Interprocedural Approach Level +  
Branch Distance + CFG Distance Headless, Accelerated Execution

Many-Objective Search



<TestCase> ::= <Input> <Input> <Input> <Input> … 

<Input> ::= <Click> | <Keypress> | <Wait> …  

<Click> ::= <Click Sprite 1> | <Click Sprite 2> … 

… 

<Wait> ::= <Wait 2s> | …

Grammatical Evolution

4  3  5  2  2  1  4  6  3  8 







Grammatical Evolution

4  3  5  2  2  1  4  6  3  8 

<TestCase> ::= <Input1> <Input2> <Input3> … <Input10> 
<Input> ::= ClickSprite bear | ClickSprite cat | Wait 2s | Wait default 

4 mod 4 = 0 → ClickSprite bear 

3 mod 4 = 3 → Wait default 

5 mod 4 = 1 → ClickSprite cat  

...  

8 mod 4 = 0 → ClickSprite bear 



when clicked

if x > 50 then

if x > 60 then

change x by 1

move 10 steps

say Hello! for 2 seconds
if x > 60 then

then

if x > 50 then

change x by 1

move 10 steps

say Hello! for 2 seconds

when clicked

Entry

Exit

flagclicked?

if x > 60 then

if x > 50 then

change x by 1

move 10 steps

say Hello! for 2 seconds

when clicked

Entry Exitflagclicked?

Start

Fitness = Approach level + branch distance + control flow distance





















Reinforcement Learning

Hand-crafted

Usually winning state

Sparse 

Single objective

Focus on exploitation

Automatically generated

Based on coverage

Dense 

Many objectives

Focus on exploration

Reward function Fitness function

vs. SBST



Dynamic Test Suites

Learn to play

Validate behaviour

Neurevolution-based Testing with



Generating Network Suites Using Neuroevolution

Execute Networks

Fitness 
Function

Mutation & 
Crossover

Form New 
Generation



1. Select a target statement
➡ 

Generating Dynamic Test Suites



2. Optimise networks to cover the selected statement using Neuroevolution

Neuroevolution

➡ Fitness = distance to target statement 

Generating Dynamic Test Suites
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Send Event
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Neuroevolution

3. Validate and improve the robustness of networks
➡ Cover                         multiple times using different seeds

Generating Dynamic Test Suites



Selecting Target Statements



Start

Selecting Target Statements



• Select direct children of covered control nodes
Dynamic Test Suite

Start

Selecting Target Statements



• Select direct children of covered control nodes
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• Select direct children of covered control nodes
Dynamic Test Suite

➡Deep nodes require meaningful gameplay
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➡Deep nodes require meaningful gameplay
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• Select direct children of covered control nodes
Dynamic Test Suite

➡Deep nodes require meaningful gameplay
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➡Deep nodes require meaningful gameplay
• Select direct children of covered control nodes

Dynamic Test Suite

Start

Selecting Target Statements



Start

➡Deep nodes require meaningful gameplay

➡Build upon previously optimised networks

• Select direct children of covered control nodes
Dynamic Test Suite

Selecting Target Statements



Start

• Select direct children of covered control nodes
Dynamic Test Suite

➡Deep nodes require meaningful gameplay

➡Build upon previously optimised networks

Selecting Target Statements



• Dataset of 25 Scratch games with unique challenges and gameplay mechanics

Evaluation of Neatest



• Compares Neatest with random test generation baseline

• Statements are covered if generated test passes the robustness check 10 times

➡ Neatest wins games on average 20/30 times

Evaluation of Neatest



Neatest

Dynamic Test Suites

Learn to play

Validate behaviour
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Surprise-Adequacy Oracle Detects Faults Reliably





Slow Progress of Neatest



Search-based Testing Reinforcement Learning Illumination Search

Neatest

?
Ongoing Work: Overcoming Limitations of Neatest



Search-based Testing Reinforcement Learning Illumination Search

Neatest

?
Ongoing Work: Overcoming Limitations of Neatest



No

CDG

Yes

Neatest is a Single-Objective Algorithm 

single-objective

NEAT



Single-Objective Algorithms are Inefficient
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// …
if touching orange colour:
    // go to next level

Script: Next Level

// …
if touching coin:
    // increase score

Script: Coin

// …
if touching orange colour:
    // go to next level

Script: Next Level

// …
if touching coin:
    // increase score

Script: Coin

Single-Objective Algorithms are Inefficient



No

CDG

Yes

Cast Neatest to a Many-Objective Algorithm

single-objective

NEAT

many-objective



MOSA-Neatest

NEAT

Pareto Dominance

0 1 2 3



…1 2 3 N

N objectives

MIO-Neatest

NEAT



Evaluation of MO-Neatest on 20 Games



MO-Search Improves Neatest
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Search-based Testing Reinforcement Learning Illumination Search

Neatest

?
Ongoing Work: Overcoming Limitations of Neatest



Search-based Testing Reinforcement Learning Illumination Search

Neatest

?
Ongoing Work: Overcoming Limitations of Neatest



Slow Progress of Stochastic Weight Mutation



Slow Progress of Stochastic Weight Mutation



Slow Progress of Stochastic Weight Mutation



Slow Progress of Stochastic Weight Mutation



Slow Progress of Stochastic Weight Mutation



Slow Progress of Stochastic Weight Mutation



Slow Progress of Stochastic Weight Mutation



Slow Progress of Stochastic Weight Mutation



Gradient-Descent as Systematic Optimiser



Gradient-Descent as Systematic Optimiser



Label

Training Example

Human Gameplay Traces as Training Set



Human Gameplay Traces as Training Set



Human Gameplay Traces as Training Set



Weight 
Mutation

Evolutionary Gradient 
Descent

Apply Gradient-Descent with Varying Probabilities

(0%, 30%, 60%, 100%)



Significant Speedups through Gradient-Descent
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Search-based Testing Reinforcement Learning Illumination Search

Neatest

?
Ongoing Work: Overcoming Limitations of Neatest



Search-based Testing Reinforcement Learning Illumination Search

Neatest

?
Ongoing Work: Overcoming Limitations of Neatest



Fitness Based on Distance Towards Target Statement



Fitness Based on Distance Towards Target Statement



Deceiving Fitness Landscapes in Mazes



Fitness Landscapes Without Guidance

❓



Illumination Algorithms: Integrating Novelty into the Search



Novel

Known

Illumination Algorithms: Integrating Novelty into the Search



Novel

Known

Illumination Algorithms: Integrating Novelty into the Search



Deriving Novelty from Observed Behaviours

Execute Networks

[xP, yP, α, dPO]
[0.4,0.5,0.25,0.6]
[0.3,0.85,0,0.7]

[0.3,0.25,0.5,0.65]

Behaviour Archive



Comparing Behaviours Using Cosine Similarity

Execute Network

[0.4,0.5,0.25,0.6]
[0.3,0.85,0,0.7]

[0.3,0.25,0.5,0.65]

Behaviour Archive

[0.8,0.1,0.7,0.3]
Cosine Similarity



Novelty Adds Guidance to Challenging Landscapes
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Guidance Helps Discover More Game States

Neatest Neatest + Novelty



Novelty Helps Overcome Local Optima
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Overcoming Local Optima Helps Reaching More Levels

Neatest Neatest + Novelty



Search-based Testing Reinforcement Learning Illumination Search

Neatest

?
Ongoing Work: Overcoming Limitations of Neatest



��� ��� ��� ��� ���

���
���,�����,���,�����,&���,�����%,���
��,-,�����,�����'

�����	���������
����
��
��
���

	
������
��	������
�

Literature Survey



��
�������
���
��
���
������

��
�	�

������

����8�����88##9

 %9
����8	�����8	����88 "9

�!9
����	����8���������88�#9

� 9

�����������8�����88� 9

�$9

Literature Survey



��

��	
�������

�� 

��

��	
������
����

�� 

��

�
���������

�� 

44% of all papers generate inputs with no automated oracle

Literature Survey



Dynamic Test Suites

Learn to play

Validate behaviour

Neurevolution-based Testing with

Search-based Testing Reinforcement Learning Illumination Search

Neatest

?
Ongoing Work: Overcoming Limitations of Neatest

Literature Survey

("game testing" OR "testing of games" OR 
"playtesting" OR "play-testing" OR "agent-
based testing") 
AND 
("test generation" OR "input generation" 
OR "oracle inference" OR "oracle 
generation" OR "bug detection" OR "glitch 
detection" OR "crash detection" OR "player 
experience")


