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1. INTRODUCTION
The goal of this paper is to give a window into some real-world application of automata,
and to wonder how our beloved models are actually used in some specific contexts. I took
the example of how Non-Player Characters (NPCs) are controlled in video games. To some
extent, this also applies to the field of robotics.

When designing and studying automata, we are interested in properties such as expres-
sivity of various formalisms, and performing some operations at minimum cost. We will
investigate here what properties are prioritized for models describing NPC behaviors. The
reader must keep in mind that the role of automata here will be different from the one they
play in formal language theory. Instead of being used to represent regular languages, they
will serve as abstractions of program architectures.

This article will mainly be a very partial history of how this field evolved in the last
few decades, and how practical considerations affected design choices, stabilizing into spe-
cific architectures that are widely used today. Pointers to more extensive literature will be
provided as we go.

Although the field was historically named “Artificial Intelligence”, it is almost entirely
disconnected from the current use of the term, as we will see in Section 4.

2. AUTOMATA FOR BEHAVIOR DESCRIPTION
2.1. What are NPCs
Let me first describe the problem at hand, in particular for those not familiar with electronic
gaming. In a variety of video games, especially those where you control a character evolving
in a populated world, you will encounter characters that you may interact with in various
manners (fighting, conversations, trade. . . ). The generic name for these characters is “Non-
Player Characters” (NPCs), by contrast with your character or those controlled by other
humans in multiplayer online games. This term of NPC encompasses enemies in shooting
games, peaceful villagers in role-playing games, opponents in racing games, etc.

Since the beginning1 of commercial video games in the 1970s, a major challenge of the
industry has been to make these NPCs as realistic as possible, in order to provide immersion
and challenge to the player.

1The first commercial video game is Computer Space (1971).
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Let us see how automata offer a natural way to model NPC behaviors, and how they
were actually used in early examples.

2.2. Pac-Man
Although not the first appearance of NPCs, the 1980 Pac-Man game is an emblematic
example that will likely sound familiar to most readers.

In this game, as described in [Pittman 2009], you control Pac-Man, a round yellow char-
acter that must eat dots in a maze, while avoiding four ghosts chasing him. The ghosts
alternate between a Scatter behavior where they randomly explore the maze, and a Chase
behavior where they actively move towards you2. This alternation is predefined, with fixed
time intervals for each behavior. When Pac-Man eats one of the bonuses present on the
level, he becomes able to eat the ghosts for a fixed period of time.

Fig. 1: Pac-Man screenshot
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Fig. 2: Ghost automaton

We can thus represent the behavior of each ghost with the simple 4-state automaton from
Figure 2, where each state is a possible behavior.

We see how natural the automaton model is in this case. Since we can consider that the
automaton also outputs the wanted behavior, we can rather consider it a Mealy Machine.
To comply with the terminology used in the industry, let us stick to the more agnostic term
of Finite State Machine (FSM).

2.3. Next generation FSMs: Doom and Goldeneye
Let us advance a bit to two other emblematic examples: Doom (1993) and Goldeneye 007
(1997). Both games are First-Person-Shooters: they let you adopt the point of view of your
character in a 3D environment, and the primary goal is to kill enemies, usually with various
types of guns.

Both games became landmarks for what can be achieved with FSM-controlled NPCs, and
were acclaimed for the immersive behaviors of the enemies. The goal of this section is not
to give a thorough description of the details, but rather to give a feel of the complexity of
NPC behaviors in these games. If you wish to know more about the specifics, see [Thompson
2022; Thompson 2019].

Let me reproduce the FSM used in Doom, taken from [Thompson 2022]:

2Each ghost has a specific way of doing that, but these details are not necessary for the current exposition.
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Fig. 3: Doom (1993) Fig. 4: Goldeneye 007 (1997)

Fig. 5: Doom FSM

We will not expand here on the behaviors corresponding to these states, the idea is just
to give a feeling of the shape of the FSM. Of course, as in Pac-Man, this FSM alone does
not contain all the information about NPC behavior, as each state actually contains a
specific subroutine, and transitions between states are triggered by various events. We can
for example see that the state XDIE, representing a particular way for the NPC to die,
appears to be disconnected from the rest. This is because this state is entered upon specific
external conditions, which are independent of the current state and usual triggers. This
FSM is thus only a rough abstraction of the actual specification.

Remark that these FSMs are not explicitly encoded as data structures in the game pro-
grams, they rather describe the structure of function calls. In Goldeneye 007, a scripting
language with custom high-level commands was created for this purpose [Knorr 2022], in-
cluding functions such as:

aiKneel()
aiLookAtBond() // Look towards Bond then return to stand
aiSurprisedByBond() // Act surprised by seeing Bond
aiOpenDoor(special) // Open the door (even if locked)

The scripting language combines roughly 250 custom commands [kholdfuzion 2026], giv-
ing rise to elaborate behaviors. These commands include actions (Kneel, PointAtBond,
LookSurprised, Sidestep, . . . ) as well as triggers (IFISeeBond, IFIHeardBond,
IFISeeSomeoneShot, IF_GAS_IS_LEAKING, . . . ).
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Thus, in this context, FSMs are essentially the relevant abstraction of GoTo programs.
And as GoTo programs in general, the industry realized that it was not an ideal architecture.

Although games such as Doom and Goldeneye set a new standard for NPC behavior, the
industry soon began to explore new paradigms that were better suited to the task.

3. THE NEW STANDARD: BEHAVIOR TREES
In order to address the specific needs of NPC behavior design, and later robotics, the
structure of Behavior Trees (BTs) started to emerge in the early 2000’s [Isla 2005], and
progressively became the new standard [Colledanchise and Ögren 2018].

We will start by defining formally these behavior trees, and then explore the reasons why
they advantageously replaced FSMs in this context.

The book “Behavior Trees in Robotics and AI: An Introduction” [Colledanchise and
Ögren 2018] provides a detailed exposition of BTs, destined to a wide audience.

3.1. What is a Behavior Tree?
This is only intended as brief introduction to the model. For a more thorough account of
the history of use of BTs, the interested reader is encouraged to consult the survey [Iovino
et al. 2022] or the book [Colledanchise and Ögren 2018].

A behavior tree (BT) is a tree with the following types of nodes:
Condition nodes, labelled with events that can be detected.
Action nodes, labelled with instructions that can be sent to the agent.
Control nodes that come in two kinds: Fallback (?) and Sequence (→).
Only control nodes can have children, conditions and actions are leaves of the tree. The

children of a control node are ordered from left to right.
Here is a simple example of a BT describing how an academic researcher might go about

his day:

?

Urgent deadline? Finish it Celebrate Time to leave? Go home

Write Latex

Think hardActive research?

Redaction stage?

Drink Coffee

Fig. 6: A toy BT example

Each node can be executed, and may return three different reports: Running, Success,
Failure. The report is sent to the parent node.

When a node is executed (this is often phrased as receiving a “tick”), the following is
performed, depending on the nature of the node. In all cases, Running is returned while
waiting for Success or Failure to be returned.

Condition: The condition label is checked, and Success or Failure is returned depending on the truth
value of the condition.

Action: The action label is performed, and Success or Failure is returned depending on whether
the action was successful. This is assumed to be part of the interface of possible actions.
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Fallback (?): Children from left to right are executed while they return Failure, and the node returns
Success when one of the children has returned Success, or Failure after the last child failed.

Sequence (→): Children from left to right are executed while they return Success, and the node returns
Failure when one of the children has returned Failure, or Success after the last child
succeeded.

For simplicity of the exposition, parallel nodes were omitted here. These nodes are able to
execute all children in parallel, returning Success when enough of them succeeded.

3.2. Advantages
Let us now describe the many advantages of BTs compared to the FSMs of the previous
section.

First of all, the fixed interface Running/Success/Failure allows for modularity. Each action
node can be replaced with a more detailed BT refining the behavior, without having to touch
the outer structure. For instance the node "Think hard" from Figure 6 could be replaced by
Fallback(Try option 1, Try option 2, Try option 3). The tree structure therefore naturally
allows for splitting a task into subtasks, with a level of detail that can be later adjusted if
needed.

Moreover, the type of nodes (Condition, Sequence, Fallback) carry very natural ideas
that will be present in almost any high-level behavior description. In particular this allows
to natively implement priorisation of tasks: the more to the left a child is, the higher its
priority.

The model also allows easy maintainability and updating. Consider a new feature added
to an NPC, such as being able to help another neighbouring NPC. This new behavior can
simply be added at the wanted level of priority as a child of a Fallback or Sequence node,
while in a FSM, you would need to add edges from many unrelated nodes to implement a
specific priority level, and it would be very hard to make sense of the resulting structure.

Coming back to the analogy of FSMs as GoTo programs, the Fallback and Sequence nodes
of BTs can be compared to replacing arbitrary GoTo statements with for and while loops,
greatly helping the intelligibility of programs. In another direction, the modular aspect
of BTs with a clear interface (Running/Success/Failure) gives them an Oriented-Object
flavour. We can therefore observe that the innovations of BTs share similarities with the
paradigm shifts that occurred in programming languages.

We can however notice that even though FSMs were not retained as a model of program
architecture for NPCs, techniques stemming from automata theory can still be used to
analyze BTs, for instance [Biggar and Zamani 2020] uses Linear Temporal Logic to verify
properties of BTs.

3.3. Examples from the industry
Interestingly, although there is a consensus that BTs are now the standard for NPC control,
it is very difficult to find a publicly available example to illustrate this, i.e. a BT that
was used in a commercial game. Even when BTs are shown in game developer conferences
or papers, such as in [De Pascale and Vehkala 2013] (Figure 7), they are usually toy BTs
whose purpose is to illustrate principles, rather than revealing actual implementations. This
is probably mainly due to the proprietary nature of the game industry.
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Fig. 7: Toy BT in a talk about the game Hitman: Absolution (2012)

3.4. Expressivity
The initial idea for this article was to compare formally the expressivity of this model with
usual automata. Indeed, at first glance, it seems that BTs are losing some expressivity. For
instance it looks like asking the NPC to oscillate between two behaviors is not possible.

This is indeed the case if we take BTs as a rigid model with no interactions with an
outside environment except receiving the truth values of conditional tests and performing
actions that have no impact on the future value of such tests. However, as soon as this
last statement is violated, and an action can e.g. write on a variable that will be read in a
condition, it is trivial to recover the expressivity of FSMs. Comparing the expressivity of
FSMs, BTs, and other classical frameworks such as decision trees and teleoreactive programs
(particular cases of BTs, introduced in [Nilsson 1994]) was done e.g. in [Biggar et al. 2021],
but such comparisons amount to trivial reductions, that do not convey the relative merits
of each approach. Notice that in the formalism chosen in [Biggar et al. 2021], “pure BT”
with no external memory have the same expressivity as so-called “Reactive FSM”, whose
output only depends on the last letter of the input word.

4. WHY NOT NEURAL NETWORKS?
It might be puzzling why BTs are still very popular for NPC control today, in the age of
neural networks capable of handling nearly any task thrown at them. To understand this,
it is important to realize what problem we are trying to solve when designing such systems
[Michael 2026].

4.1. Clarifying our goal
It would be natural to think that we want to optimize the performance of an NPC at
a specific task: being a worthy fighting opponent, finding the optimal route from A to
B, reacting efficiently when detecting an intruder, etc. But the ultimate goal that game
developers are aiming at is not how good the NPCs are at such tasks, but how enjoyable it is
for the player to play the game. We can anticipate that playing against “optimal” opponents
that have superhuman capabilities would not constitute a pleasant game experience. Instead,
the main quality that we look for in NPCs is their intelligibility. Their behavior must appear
human-like, the reasons behind NPC actions should be easily interpretable, for different
reasons:
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— It contributes to the immersive feeling of the game.
— It allows the player to anticipate behaviors and plan strategies.
— It permits better control of the difficulty, by switching on or off certain elaborate behaviors.

In most cases, behavior trees are better suited to these goals than machine learning.
By their nature, BTs resemble how human take decisions, and so they will lead to easily
interpretable behaviors, while NPCs controlled by neural networks could exhibit mysterious
behaviors that optimize the task at hand but fail to provide the user with a good game
experience.

4.2. Exceptions: use of neural networks for NPCs
Some exceptions can however occur, e.g. in a racing game, minimizing the time to complete
the race can be considered the only aspect of the game, both for the player and the NPC
opponents, so it might be suitable to use machine learning with varying parameters to
build opponents at all difficulty levels, and in particular to oppose champion players in
competitive settings. This has been done for instance for the racing game Gran Turismo
[Wurman et al. 2022].

Another instance where machine learning algorithms, in particular LLMs, have found a
use is when NPCs are allowed to dialog freely with the player, without much of a relevance
to the scenario. On the contrary, when dialog is important to the scenario, it must usually
be scripted.

Some games also gave center stage to machine learning technologies, for example:
— Creatures (1996) is an interesting experiment where the learning ability of NPCs via basic

neural networks is the main gameplay mechanism. It is credited as the first application of
machine learning in an interactive simulation.

— AI Dungeon (2019) took advantage of the first generation of LLMs, here GPT-2, to propose
a game primarily based on dialog.
Finally, let us mention that while a large part of this exposition applies as well to the

field of robotics, this last section is more focused on the video game side. Indeed, the goals
and challenges in robotics have allowed for larger adoption of machine learning techniques
[Tang et al. 2025].
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