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Abstract

The research is aimed at goal-oriented agent navigation in a continuous and physics-driven
environment where traditional path- nding methods are di cult to use. Movement in this
environment is in uenced by indirect control, caused by momentum and gravity. The paper
proposes a blend of three heuristic navigation strategies: one goal-oriented and the other two
safety-oriented. The heuristics are combined using weights, creating a heuristic navigation
strategy. This approach is developed in a simulation environment motivated by the video game
"Super Monkey Ball", in which a player is tasked with tilting geometry so that a gachapon
ball with a monkey in it rolls into the goal. The results show that heuristic blending can
enable navigation in simple and moderately complex environments, while revealing that the
performance is sensitive to weight con guration and stage geometry. For more complex stages,
the proposed heuristic combinations are insu cient.
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1 Introduction

Over the past two decades, Game Artificial Intelligence (Game AI) has undergone significant
development, driven by the increase in computational power, better physics simulation and player
expectation | |. Modern games aim to simulate even more realistic interactions, which introduces
new complexity. Amidst technological advancement and growing playing expectations, agent
navigation remains a challenge.

Current trends around Game Al shift their focus to machine learning and deep learning | ]. In
this research, the aim is to investigate decision-making approaches that rely on explicit heuristics
and reactive control, rather than learning-based methods.

To study the application of a heuristic approach to navigation, the research is done in a controlled
but challenging setting emulating the environment of Super Monkey Ball. Super Monkey Ball is
a physics-based platforming game where the player is represented by a monkey in a gachapon
ball. In the main game-mode the player is tasked with rolling the ball into the goal by tilting the
geometry of the level (also referred to as the stage). Because the game takes place in a continuous,
physics-based environment, movement is not only continuous, but also momentum-based. The
research allows for analysis of the agent’s behavior and how the implemented navigational strategy
works in a physics-based, continuous environment.

The control space is minimal, with the analogue stick as the sole parameter; yet the game poses a
challenge for game-Al.

Agent movement is often tackled using traditional pathfinding techniques such as Dijkstra’s
Algorithm, A* and Depth-first or Breadth-first search | ]. Most pathfinding algorithms
work within a discrete and well-structured graph. In continuous environments, the likes of Super
Monkey Ball force, momentum, and stage dynamics make it hard to apply traditional graph-based
pathfinding techniques directly, creating a discontinuity between traditional methods and real-world
applications. While classic algorithms compute exact and optimal solutions, heuristic methods aim
to approximate good solutions more efficiently by using informed estimates of distance or cost.
This thesis proposes a heuristic goal-based navigation technique based on reactive control.
Heuristics can offer an alternative approach in this setting; instead of planning optimal routes,
heuristic strategies can approximate movement. Heuristics aim to find a good solution to a problem
in a reasonable amount of computational time. Heuristic algorithms give nearly the right answer or
provide a solution not for all instances of the problem | ).

1.1 Research Question

The main research question of this thesis is:

How can we use game-Al to create autonomous agent navigation for Super Monkey
Ball

The research is aimed at the goal-based navigation of a physics-based continuous environment
modeled after Super Monkey Ball. In this environment, momentum and gravity make traditional
pathfinding complex; in this setting, heuristics can be applied to offer an alternative approach.
For the research, a goal-based heuristic has been implemented as well as two safety heuristics. By
assigning weights to the three heuristics, we hope to create a heuristic that is able to solve levels.
This research will give insight on trade-offs between aggressive goal-oriented movement and safety-
driven strategies, what blend of the aforementioned heuristics provides the best results, and finally,



the suitability of these specific heuristics in the specified environment.

A more specific sub-question is therefore:

How do different weight configurations influence success rate, distance metrics, and completion
time in a heuristic approach to agent navigation in a continuous physics-based environment?

2 Related Work

Navigation can be separated into two different categories, heuristic approaches and classical
approaches | |. Conventional methods are often limited by several factors, such as high
complexity and dependency on accurate environmental data [ ]. Factors that contribute to
this are high-dimensional search spaces, dynamic and uncertain environments, trade-offs between
optimality and computational efficiency, and scalability | |. In a survey about heuristic and
classical approaches to path planning in the field of robotics, we can see that the popularity of
heuristic approaches to path planning in robotics has risen because of these limitations | ].
A definition of an agent is given as follows: Agents can be defined as autonomous, problem-solving
computational entities capable of effective operation in dynamic and open environments | ].
In-game Al, goal-based agents often control non-player characters (NPCs), which enables them to
exhibit intellectual actions and behavior.

In many navigation systems, agents are designed to operate in a goal-oriented manner, where
behavior is driven by an objective of reaching a specific target state. The following subsection (see
section 2.1) explores common goal-oriented agent models and examines how they traditionally rely
on explicit path planning techniques.

2.1 Goal-Oriented Agent Models

To increase the depth and appeal of computer games in general, the characters contained by the
game should express some kind of intelligence, the characters should then be steered by agents that
are motivated by goals and that are aware of how these goals can be reached [ ].
Goal-based Al agents are an approach in artificial intelligence where agents are programmed to
achieve specific objectives | |. This approach works particularly well in complex environments
where actions need to be adjusted dynamically as the agent can encounter unexpected obstacles
and changes.

Goal-based Al agents work on a few key concepts; Goals, planning, execution, and adaptation
[ ]. Goals are objectives that the agents aim to achieve; in the case of this paper, this denotes
the completion of a stage. Planning refers to determining the sequence of actions required to achieve
the aforementioned goal. Effective planning allows the agent to anticipate obstacles and avoid or
conquer them. Execution indicates the agent’s ability to carry out the specified planned actions,
wherein the agent interacts with the environment and performs tasks that can bring it towards the
goal. Adaptation causes the agent to change its plans as it interacts with the environment and gains
new knowledge. Due to unexpected obstacles or changes, an adaptation in plans or strategy keeps
the agent from straying away from its goal. A goal-based agent not only considers the consequences
of its actions but also whether these actions are in line with the set goals | ].

This research will concern reactive agents, which operate on immediate perception and predefined
rules, without long-term planning. Reactive, goal-driven agent models are particularly great in



dynamic environments, where the cost of maintaining detailed plans outweighs the potential benefits

[ J

2.2 Navigation in Continuous Environments

A continuous environment poses challenges not encountered in discrete environments. The continuous
state space includes continuous variables, including position, velocity, acceleration, and direction,
which cause the environment to have an infinite number of possible states. In terms of navigation,
actions depend on previous choices as momentum and inertia play a role.

The problem of navigation in game Al is often tackled using grids that are composed of vertices or
points connected by edges to represent a graph | ]. Grids can be separated into two different
categories: regular grids and irregular grids. A regular grid is a tesselation of regular polygons; the
opposite are irregular grids. Examples of irregular grids are nav-meshes and way-points.

However, as Reynolds noted, such approaches effectively solve maze-like problems by creating a path
[ ]. In physics-based environments, paths alone do not address the issue of the task of movement.
When continuous dynamics exhibit forces, the agent has to anticipate future consequences.
Without these predefined navigation structures, navigation relies purely on reactive planning
mechanisms. Reactive algorithms operate on the current state of the agent and its perceived
environment.

Using steering, reactive heuristic approaches allow the agent to respond dynamically to changes in
its environment.

2.3 Heuristic Approaches in Agent Architecture

Real-time heuristic search methods can be developed to allow (multiple) agents to perform tasks
within a large search space with limited computation | |. The main drawback of navigation
AT is that it only works in static environments, hindering the full potential of games | ]. This
highlights a need for real-time navigation techniques in games.

At the base of a lot of real-time is an algorithm called Learning Real-Time A* (LRTA*) [ ],
building on A*. This algorithm requires a state graph, makes a planning and estimates costs.
The course taken in this thesis more closely follows a reactive approach to model player decisions.
By evaluating multiple behavioral considerations using a heuristic and assigning weights, an action
is chosen.

3 Methodology

This section will outline and substantiate the steps that have been taken in setting up the experiment
and why they are necessary.

3.1 Research Design

In this study, multiple heuristic navigation techniques are implemented, tested, and compared by
assigning weights to each. The environment in which the experiments are done is modeled after
Super Monkey Ball. The goal of the study is to see how these heuristics and combinations of



heuristics perform in a continuous physics-based environment. The research is comprised of setting
up the simulation (see section 3.2), implementing heuristics (see section 3.3), and nally running
the simulation. After running the experiments, the relation between the weight and performance of
each heuristic is studied. Performance is analyzed according to prede ned success metrics.

The core research variables are the weights assigned to each heuristic, as the performance will be
analyzed based on these weights. In future sections (see section 3.5), what the performance metrics
collected and used are.

Super Monkey Ball is closed-source software; it cannot be used for our application, as control of
the frame advancement and extraction of variables is needed in this research. The simulation is,
therefore, not an exact clone of the systems implemented in the actual game. The simulation is
made for this research as it gives a lot of exibility and does not copy-right laws. The environment
was built according to the needs of the research and provides a level of control and determinism
that is not provided by any other Super Monkey Ball clones. The simulation has full control of the
game loop, deterministic stepping, and allows for repeatable experimentation.

3.2 System Model

The simulation environment replicates essential features of Super Monkey Ball, and is built
using Python, the Panda3D game enginel §a27, the Bullet physics module | ] in Panda3D,
and Blender [-ou]. The stages were selected based on their di culty, progressively getting more
complicated.

In the following sections, the usage of these software tools will be explained and substantiated;
a more technical and detailed look at the technical aspects of the software will be done in the
"Simulation Setup" section (see section 3.4).

The Levels selected for experimentation are progressively more di cult by introducing new obstacles
for the agent to overcome. In total, it consists of three stages, progressively getting more di cult.
More explanation about the selected stages is given in a future section (see section 3.4.1).

The physics that play in Super Monkey Ball have been replicated by eye and feel, as Super Monkey
Ball is a closed-source game, there was no access to the actual implementation. Therefore, the
physics of the simulation might di er from the original game. Technical speci cations of the physics
are expanded upon in later sections (see section 3.4.2).

3.2.1 Environment Description

For the simulation, the Panda3D game engine was used for its exibility, lightweight nature, and
open-source. Because the physics engine in Panda3D is quite limited out of the gate, the open
source Bullet Physics Engine was used. Panda3D has great support and integration with Bullet
Physics for the included Bullet module, making it a great candidate.

Stage geometry was modeled in Blender and exported to the le format supported by Panda3D,
EGG, using the YABEE exporter [ ]- In the simulation, the stage geometry is represented as
multiple nodes using the " Bullet Physics "BulletRigidBodyNode" module.

Multiple simpli cations are made from the real Super Monkey Ball. The tilting of the stage in
Super Monkey Ball is assumed to be the actual stage geometry moving which lets gravity do the
work. The simulation does not feature tilting geometry, such as the ones that appear in the actual
game. Secondly, there is no score system, nor does the environment include bananas. And thirdly,



the testing environment does not include a camera that moves with the ball, which causes the tilt
input to be more nuanced by rotating towards the direction of the balls velocity.

Technical details about the stage tilt mechanic are described and speci ed in later sections (see
section 3.4.2).

3.2.2 Agent Architecture

The agent is represented as a rigid-body sphere and is created using the Bullet Physics "Bullet-
SphereShape" module. The agent is controlled through the tilting of gravity; tilt controls are input
through a 2D vector that acts like a control stick, closely replicating the system in Super Monkey
Ball.

The agent receives the current control vector, the velocity, its position, the position of the goal,
and a list that allows it to see whether or not there is ground nearby. These parameters are used
by the heuristic in a weighted sum to select the best action, which the agent then executes.

The ball has a size, mass, and other parameters (see section 3.4.2 for a detailed overview) that
cause it to approximate the behavior of the gachapon ball from Super Monkey Ball.

For the experimentation, the heuristics chooses an action every frame, with the simulation running
at 30 frames per second. The action chosen consists of a 2-dimensional vector that represents the
input of the control stick.

3.2.3 Goal Speci cation

The primary objective of the agent is to reach the goal within the given time limit of 60 seconds.
To in uence how that goal is reached, we have also optimized for other metrics.

The recorded outcomes that tell us how well the agent has performed in this case are the "Time"
and "Completed" variables, where; The agent operates in a simulated environment that runs at 30
frames per second (fps) with discrete time steps:

c 2 f0;1g is the Completed value:

t 2 f0;1;:::; 1800g denotes the time in frames:

When the goal has been reached, the simulation for that speci c level with the speci ed weights
stops immediately. This is represented as a completed value of 1 in the data.

c=1

Other termination conditions are time-outs and fall-outs.
Each agent run ends after 60 seconds (1800 ticks/steps), this is called a time-out. In the data, this
will be represented as a time of 1801 frames and a completed value of 0. We can de ne this as such:

t=1801

c=0



A fall-out occurs when the ball has fallen o the stage and reached a depth of20 in-game units.
In the data, a fall-out can be detected by a time less than 1801 frames, and a completed value of O,
de ned as;

t 1800

c=0

Therefore, each simulation has three di erent outcomes. For each simulation, it can be evaluated
with two variables: Time, represented as, and Completed, represented bg. Formally, we can

de ne it as; 8
% (t; 1); if the goal is reached attime t T
(t; c)= _ (Tmax +1; 0); if a time-out occurs;
" (t; 0); if a fall-out occurs attimet T nax:

3.3 Heuristic Approaches Evaluated

For the experiment, three di erent heuristic approaches have been implemented for the agent
navigation that are blended using weights. In the following subsections, they will be outlined, as
well as giving further elaboration on why they were chosen.

3.3.1 Heuristic 1: Goal Oriented Movement

The purpose of the rst heuristic is to simply move the ball to the goal. To achieve this a vector is
calculated that can be used as a control vector to move the ball straight to the goal. This approach
ignores any risk, and thus doesn't fare well on its own when obstacles or edges are involved.

8
2 (%) gl
p——— Iifjxjy+ >1
moveTowardsGoalHeuristic(b; g) =_ = x%+y® 3y

- (x%y9; otherwise

X=0x b

y=gy by

x°= max( 1; min(1; v))

y°= max( 1; min(1; v))

g = The coordinates of the goal
b = The coordinated of the agent

where

3.3.2 Heuristic 2: Moving to safe ground from the control-vector perspective

The second heuristic approach takes the current control vector and evaluates whether or not the
ball is rolling in the right direction by checking for ground around the ball (For mathematical
de nition see section 3.3.3). This heuristic returns a vector that points to the middle of the most
ground it could nd. This approach is aimed at keeping the ball on the stage, disregarding the need
for rolling towards the goal. This heuristic helps by counteracting the aggressive approach of the
rst heuristic.



3.3.3 Heuristic 3: Moving to safe ground from the velocity perspective

The third heuristic approach works similarly to the second, except this time taking into account
the velocity of the ball instead of the control vector. The velocity of the ball, unlike the control
vector, cannot change immediately. This heuristic is implemented to reduce the risk of the ball
rolling o the stage due to its momentum.

Let:

c= § The control vector
G=(go;0;:::;%a); G 2f0;1g ground list
G = GG circular extension of the ground list

L =arg max jli Longest list of uninterrupted ground
L f0;1;:::;47g
L continuous; Gj=1 8i2L

ifjiL j=0 )+=(0;1)

L]

m=L — The middle element of the list

360 . . .
= —a (m mod 24) Angle corresponding to midpoint

= CPS sin c The rotated control vector

Sin Ccos

preferMostGround(c; G) = normalize(c9)* The resulting vector

3.3.4 The Blending of Heuristics

Using weights, the three control vectors are blended. The total of the weights cannot excee@01

In the following formula the weights are represented as w followed by a number denoting to which
heuristics they belong, Heuristics are denoted as H followed by a number that shows the type and
a x or y that denotes the axis of the control vector. Finally € is the resulting control vector.

X=WiHx +WoH2x + W3H3y; (1)

y =wWiHzy +WoHzy +WiHgy: (2)
X

€= 3
; ®

The blending of heuristics using weights is aimed at nding a balance between aggressive goal-
seeking behavior and safe behavior that supposedly keeps the agent on the stage geometry. By
analyzing the performance data, trends can be identi ed, relating the weight of the heuristic to the
overall performance. Furthermore, the method is simple to implement and test, as well as exhibiting
deterministic behavior.

1See section for 3.4.2 normalize function



As described, the in uence of heuristics is determined by the assigned weights; the weights are
increased in increments of 0:01. These weights have a value w where

w 2 f0:00; 0:01; 0:02; :::; 1:00q:

In total, there are three weights, one for every heuristic; the total of the three weightsvg; w,, and
w3) cannot exceed 1:00. We can de ne this as:

wi; Wo; W3 2 f0:00; 0:01; 0:02; :::; 1:00g; w+w,+w3z =1:0

3.3.5 Baseline Methods

To evaluate the e ectiveness of the proposed heuristic with its assigned weights, two baseline control
methods are implemented. The baseline methods aim to place the e ectiveness of the heuristic on
the spectrum between naive and more engineered control.

The rst baseline control method is a heuristic that produces a control vector that always sends the
ball in a straight line forward. This heuristic does not incorporate any information and produces a
vector that corresponds to a xed control vector of (Q1). This baseline serves as a lower bound on
the performance.

The second baseline control method is more nuanced and more closely represents the tested heuristic.
It is composed of a goal-seeking function and a function that calculates the safest direction for the
control vector. If forward is not a safe direction, the goal-seeking heuristic will have less impact on
the control vector. This heuristic is built on the same heuristics (see section 3.3.1 and 3.3.2 used in
the heuristic tested with weights.

The two baseline methods are chosen to represent contrasting levels of heuristics. The straightforward
heuristic represents uninformed control, while the engineered heuristic demonstrates informed control
with more nuance.

3.4 Simulation Setup

In total, three levels have been selected (see section 3.4.1), increasingly getting more di cult. The
levels have been modeled in Blender 2.70[] and are exported to Panda3D through the supported
EGG les using the YABEE exporting tool [ ]. For every combination of weights, all levels will

be simulated, regardless of failure on the previous level. This means that the total number of trials
per weight con guration is 3.

The simulation relies on two core technologies, Panda3Dda27 and the Panda3D Bullet Physics
module [ ]

Panda3D is a scene-graph-based engine and includes a task manager for updating loops. In the
experiment game-loop, this task manager is advanced in steps after calculating the control vector.
Panda3D is also used for loading models.

For the rigid body dynamics, collision shapes, and physics simulation, the Panda3D Bullet Physics
module is used. Bullet Physics is also used for ray-casting, which is used for creating a list of safe
ground for the heuristic.

While the original Super Monkey Ball runs at a frame rate of 60, this simulation runs at 30 frames
per second; this choice has been made in favor of faster simulation.



3.4.1 Level Selection

The levels chosen for the experiment are modeled after stages 1, 2, and 6 of the 'beginner' stages
in Super Monkey Ball 1. In the results (see section 5), stage 1 is referred to as level 0, stage 2 is
referred to as level 1, and stage 6 is referred to as level 2.

The stages were selected to increase in di culty and introduce new obstacles. Later stages pose a
signi cantly harder challenge for the agent.

Stage 1 (See gure 1) is the starting stage of the beginner levels. Used for getting the player
acquainted with the controls, going straight will solve this level. The agent cannot fall o the stage
geometry thanks to the guardrails; the only method of termination (see section 3.2.3) is a time-out.
This level serves as an absolute baseline for what the heuristic must achieve: reach the goal in the
given amount of time.

(a) As seen in Super Monkey Ball [ ] (b) Modeled for simulation using Blender

Figure 1: Stage 1, Plains

Stage 2 (See gure 2) introduces an obstacle in the form of a hole in the middle of the stage
geometry. To reach the goal, the agent must avoid the gap by going around it. The secret goal
found under the stage that advances to level 5 in Super Monkey Ball has been omitted.

Stage 6 (See gure 3) removes outer guard-rails and introduces verticality as well as the need to
move away from the goal. As the agent does not account for the need to move away from the goal,
this will pose a challenge. Verticality will introduce external forces on the agent, adding to the
di culty.

3.4.2 Simulation Of Physics

The simulation game simulated a tilting board by rotating the gravity vector rather than tilting

the stage geometry.

Super Monkey Ball uses a custom physics system; all implemented physics are based on the visuals
of the game. The gravity value has been set to 9.81, this is interpreted by Bullet Physics as
units=second. The simulation is based on the principle P anda3D Unit = 1 Meter, emulating

the gravity on Earth.
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