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Abstract

A video game’s mechanics dictate the outcome of
player input and world state changes. Game mechan-
ics are functions invoked in response to game actions
(often player input) that result in changes to the game
state. We present an initial design for a game system
that takes on the creative responsibility of determining
mechanical outcomes of key game actions in a dungeon
crawler video game by emulating its mechanic func-
tions via an LLM. The system emulates those functions
by prompting an LLM with a text description of the
mechanic and the input to the function. The LLM’s
response is parsed to extract the output of the emu-
lated function. We present an initial implementation of
combat and enemy spawning with LLM function emu-
lation replacing human-coded game mechanics. Initial
results suggest that chain-of-thought prompting enables
the LLM to make sensible game updates based primar-
ily on plain-text descriptions of enemies, grounded in
the game state.

Introduction

Video games are traditionally constrained by the limits of
hard-coded rules, which can make complex interactions pre-
dictable or labor-intensive to design and implement. Large
language models (LLMs) present an alternative paradigm:
by interpreting player input and generating gameplay results
in real time, LLM-driven game mechanics can enable flex-
ible emergent gameplay experiences that may be otherwise
difficult to achieve.

“A game is a voluntary interactive activity, in which...
players follow rules that constrain their behavior, enact-
ing an artificial conflict that ends in a quantifiable out-
come” (Zimmerman 2004). Video games as interactive com-
puter programs maintain a game state, consisting of all the
variables relevant to the game scenario. The game state is
repeatedly updated based on player input and the state itself,
as depicted in Figure 1. Game mechanics are functions that
map the current game state and player input to an updated
game state (Sicart 2008).

This game loop paradigm is ubiquitous in game devel-
opment. For example, in a 2D game, a common game
state variable is the player character’s (x,y) position. When
the player gives directional input, the position variable is
changed via some function in every iteration of the game
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Figure 1: Fundamental game update loop.

loop. The position variable can also change based on other
game state variables, such as gravity or object collisions.
The game state is rendered into video and audio to commu-
nicate that state to the player, such as changing the location
of the character on the screen based on its position variable.

The exact manner in which game state variables are up-
dated based on input and other variables constitutes the
game’s mechanics, which the players learn and interact with.
Modern game states and updates are often very complex
and incorporate analog input, physics simulations, and non-
player character Al. But whether a game is simple or com-
plex, its game mechanics are what make it the game it is.

Human game developers typically hard-code game me-
chanic functions. We seek to replace human-written game
mechanics by emulating those functions using a large lan-
guage model. Specifically, we prompt the LLM with the
game state and player input and ask it to generate state up-
dates that are then parsed and applied to the game state.
Prompting an LLM this way implements the state update
function in a more flexible and dynamic manner than hard-
coded game mechanics.

Our game system also uses the LLM to generate
text descriptions of game actions, similar to games like
NetHack (The NetHack DevTeam 1987). It is well known
that LLMs are adept at creating text. This work focuses on
how LLMs can also generate matching game state updates
that are both creative and mechanically sensible.

The primary contribution of this paper is the presenta-
tion of a novel method for executing video game mechan-
ics. This short paper presents our design and initial system
implementation. Preliminary testing suggests that our game
system achieves our design goals of implementing game me-



chanics by prompting an LLM with game state information
instead of directly calculating game state updates through
hard-coded functions. Future work will include further eval-
uation, including user studies and ablation testing.

Related Work
LLM-driven Games

There is much research into using LLMs to power games.
Many of those systems build directly on top of LLMs’ nat-
ural language capabilities to implement text-based games
wherein the players’ inputs to the game are natural language
text. The game presented herein is not text-based. The
player interacts using traditional button controls (primarily
directional and selection buttons), and the game is presented
visually as a character moving around a 2D grid-based repre-
sentation of a dungeon. This places our system in a distinct
genre from text-based games (Lee et al. 2014) and repre-
sents distinct design and gameplay approaches.

As reported in a survey by Gallotta et al. (2024), other ex-
isting research into LLM-generated game mechanics are dis-
tinct from our approach. Those systems fall into one of three
categories: they use LLM prompts and responses directly as
the input and output to a text-based game, they use LLMs
to select and invoke hard-coded functions (Song, Zhu, and
Callison-Burch 2024), or they use LLMs to create or modify
source code instructions that will be executed when those
methods are invoked (Nasir et al. 2025).

PAYADOR (Géngora et al. 2024) is an example of a text-
based interactive fiction grounded in a persistent world state,
including character description, location, and inventory. It is
similar in form to Al Dungeon (Hua and Raley 2020), but
achieves a more consistent game world by grounding LLM
prompts and responses in the persistent game state.

LLMs with Function Calling

In tabletop role-playing games, the Game Master (GM) is re-
sponsible for maintaining and communicating a game world
in the theater of the mind. Thus, the GM fulfills a role sim-
ilar to the game loop in a video game. Song et al. (2024)
present a system for running a tabletop role-playing game
as the Game Master (GM). Their system is dialogue-based,
in which players narrate their game actions and the system
responds with the outcomes of those actions.

In order to maintain a consistent game state during game-
play, their system utilizes LLMs with function calling (Li et
al. 2024). This enables the LLM to include invocations to
externally defined functions in its responses. Those func-
tions directly update the game state according to the param-
eters provided upon invocation. Gallotta et al. (2024) also
employ LLMs with function calling to create game content
data in dialogue with a human designer.

The system presented herein differs from this function
calling approach in that there are not externally defined func-
tions that the LLM invokes in its responses. Instead, we use
the LLM to emulate the behavior of a function directly, as
described above. To the best of our knowledge, this present
work is the first research that applies this function emula-

tion approach to implementing game mechanics in a typical
action game with non-textual input.

Implementation
Large Language Model and Prompting

Our system uses Llama 3.3 (Grattafiori et al. 2024) as the
LLM that drives the game mechanics. We use the off-the-
shelf model with no fine-tuning, accessing it via the Groq
API'. The model has 70 billion parameters and is a high-
speed and cost-effective improvement over previous models.
Those characteristics are desirable for a model that will run
a game engine due to the potentially high volume of LLM
calls for updating the game state.

Prompt engineering is a critical part of the design process
for any system that uses LLMs (Giray 2023). Our game sys-
tem incorporates two primary prompting patterns: chain-of-
thought prompting (Wei et al. 2022), which involves break-
ing a reasoning task into single logical steps, and few-shot
prompting (Brown et al. 2020), in which example outputs
are provided in the prompt to help the LLM’s response align
with those examples.

Our game system makes use of chain-of-thought prompt-
ing to work through various game state updates, treating
each as a single question instead of asking for the whole
suite of updates at once. It uses few-shot prompting to spec-
ify an output format for the LLM’s game state updates, fa-
cilitating parsing and grounding in the existing game state.

Game System

The game we implemented is a top-down 2D dungeon
crawler with roguelike elements (Szabados et al. 2023),
namely turn-based gameplay and grid-based movement. A
turn-based game loop that only advances when the player
provides input allows our system to calculate game state up-
dates much less frequently than a real-time game loop.

Within this game design, we selected a subset of game
mechanics to implement using LLLM updates. All game me-
chanics are method invocations that modify the game state,
so any of the mechanics in our game could be implemented
either with traditional hard-coded methods or with LLM-
emulated methods. We selected the two most impactful and
defining mechanics of our game to implement this way. We
call these selected mechanics the core mechanics, and we
will refer to the other non-LLLM mechanics as simple.

These names are not arbitrary. The set of non-LLM game
mechanics we call simple handle common or routine in-
teractions for which the mechanical outcome is simple to
calculate. These interactions are processed into game state
updates using traditional hard-coded functions. Examples
include moving the player character around the grid in re-
sponse to directional input and accessing the inventory menu
to equip items. These workhorse interactions benefit from
being lightweight and predictable.

Core mechanics are the two main mechanics that define
our game: combat and enemy spawning. These have the

"https://console.groq.com/docs/model/llama-3.3-70b-versatile
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Figure 2: Our game system loop that divides mechanics into
two categories: simple and core. Only the latter are pro-
cessed through the LLM.

most impact on players, so implementing them with LLM-
driven updates will most directly influence the gameplay ex-
perience. The exact outcome of these mechanics is unknown
due to the wide variety of outputs LLMs generate. We be-
lieve this will be beneficial to the player experience, because
“games require uncertainty to hold our interest” (Costikyan
2013). Combat is more interesting if it plays out differently
every time, and LLM-generated enemies will have more va-
riety than if they were drawn from a predetermined set.

Figure 2 shows our gameplay loop. When player input
is registered, it is combined with the game state to deter-
mine whether the resulting game state updates are simple or
core. If they are simple, they are processed using traditional
hard-coded functions. If they are core, then the mechanic is
processed by prompting an LLM.

Prompting

Each core mechanic has one or more prompt templates as-
sociated with it. Each template is filled with relevant game
state data and used to prompt the LLM via an API call. The
LLM’s response is then parsed to extract updates that are
applied to the game state.

Some interactions use a sequence of prompt templates
that implement chain-of-thought reasoning. Each prompt is
given to the LLM in sequence to resolve multi-step interac-
tions, such as spawning new enemies. Game state updates
are applied at the end of the chain-of-thought sequence after
all relevant updates have been collected.

It is critical to the core game mechanic functions that both
their input (current game state and player input) and output
(game state updates) are grounded in the game state. There-
fore, our core mechanic prompt templates include two fea-
tures. First, the templates include variables drawn directly
from the game state so that they appear explicitly in the
prompt. Second, they employ few-shot prompting. The few-
shot examples specify both the output format expected by
our parser and the set of variables that the LLM can update
for a given scenario. All of the specific prompts our system

used are given in Appendix A.

The LLM’s response to the templated prompt is parsed
to separate the textual description of the interaction and ex-
tract the corresponding game state updates. The updates are
applied to the game state variables, and the description is
both used for chain-of-thought prompting and displayed to
the player. A response to the combat prompt is expected to
include a text description followed by two state updates: the
amount of damage DEALT by the player to the enemy, and
the amount of damage RECEIVED in return.

Because LLMs are trained on linguistic tokens that have
no inherent numeric comparability (Qian et al. 2023), we
experimented with asking the LLM for state updates us-
ing qualitative words instead of numbers. The template’s
few-shot examples represent combat damage with the words
NONE, LOW, MEDIUM, HIGH, or FATAL instead of num-
bers. Our parser then interprets those words into numerical
values by mapping them to a corresponding percentage of
the damaged character’s health. A similar approach is used
to represent each combatant’s current health variable in the
prompt template as HEALTHY, WOUNDED, or MAIMED.

Chain-of-thought prompting is used for spawning enemy
reinforcements. The LLM is prompted with a template that
asks how many enemy reinforcements are summoned in the
text description that results from the combat mechanic, if
any. If the response is greater than zero, that number and
the combat description are used to populate another zero-
shot template prompting the LLM to generate names and
descriptions for the resulting reinforcements. Those names
and descriptions directly comprise new enemy objects.

The final prompt template in the chain gives the LLM
each generated enemy description and a list of sprite names,
and asks it to select an appropriate sprite, which is used to
represent that enemy graphically.

Gameplay

The game mechanics described above were implemented in
a top-down 2D dungeon crawler game prototype. In it, the
player controls a knight in a simple dungeon, attacking any
enemies they come in contact with. The game is turn-based;
the game loop executes one state update iteration, called a
step, each time the player moves. The player inputs are 4-
direction movement, a “pass” button to skip player move-
ment for that step, and a simple inventory screen that the
player interacts with using the mouse.

The default dungeon room is initially populated with three
enemies: a necromancer, a greater necromancer, and a gob-
lin. Every step, the enemies move in a random direction
unless they are adjacent to the player. If they are, they will
attack the player instead. Combat is a core mechanic that
is implemented by prompting the LLM, as described above.
If the player moves into an enemy, combat will involve the
player and enemy attacking each other.

The game state changes resulting from each combat are
generated and applied as described above. The text descrip-
tion is displayed to the player, along with the amount of
damage each combatant dealt and their remaining health.
If new enemies are spawned via that chain-of-thought-
prompted mechanic, they are added to the enemy list in the
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Figure 3: Cropped screenshot showing combat between
the player character (highlighted in yellow) and an LLM-
generated enemy. (Portion of text dimmed for emphasis.)

game state. They appear in the dungeon room and will move
and interact with the player.

The player can open a simple inventory screen to equip
different pre-loaded weapons. Those items are also stored
with only a name and description. Any differing effects of
the weapons are decided by the LLM when generating state
updates from a combat encounter. In future work, we will
explore how items can be generated via the LLM, similar to
how enemies are spawned in the current system.

Discussion

Initial testing suggests that our game system with LLM-
emulated mechanic functions exhibits novel and interesting
gameplay. More testing and evaluation are needed, but we
present some preliminary findings here.

Natural Language Object Representation

Our system can generate mechanical outcomes based solely
on simple text descriptions of the player and enemies. When
enemies are generated via the post-combat chain-of-thought
process, the resulting objects store only a name, a text de-
scription, and a selected sprite image. Notably, those objects
contain no explicit gameplay logic.

The name and description can then be fed back into the
LLM combat mechanic when the player encounters those
enemies on later steps. The results of combat with those
enemies are shaped entirely by their text descriptions, re-
placing customized hard-coded logic that a human game de-
veloper would otherwise have to implement for each enemy.
The LLM is free to draw on its training data to generate a
wide variety of enemies, then implement implicit combat
mechanics appropriate to each.

Figure 3 shows a screenshot of our prototype game, in-
cluding the player character highlighted in yellow and sev-
eral enemies. The Ul includes text descriptions of two
rounds of combat with the skeleton enemy next to the player
(i.e., the player gave two inputs to move into the enemy, each
resulting in a combat encounter).

That skeleton enemy was previously generated by the
LLM during combat with a now-defeated necromancer en-
emy. The LLM named the generated enemy ‘“‘Skeleton
Archer” and gave it the following description: “A skeleton

armed with a bow and quiver of arrows, providing ranged
support to the necromancer.” Finally, the LLM chose an ap-
propriate sprite from a pre-loaded list, and the new skeleton
enemy was added to the game state.

Later, when the player fought that enemy, the combat de-
scription the LLM generated clearly reflects characteristics
of a skeleton archer (as seen in the text output), including the
skeleton attacking with a fired arrow and the player’s attack
“cut[ting] deep into the skeleton’s bony leg”.

Combat Outcomes

We conducted experiments to test how the game resolves
various combat scenarios. To isolate the tests from other
aspects of the game, these were invocations of the em-
ulated combat mechanic function using constructed game
state data. The full results are reported in Appendix B.

The results of these tests demonstrate the LLM-emulated
combat mechanic’s ability to generate appropriate outcomes
for the different scenarios, grounded in the game state vari-
ables. Combat against a weak enemy commonly resulted in
dealing high damage and receiving little in return. When
fighting a strong enemy, the player consistently dealt less
damage and took the highest damage out of all scenarios.
A maimed player dealt less damage and took more than a
wounded or healthy player. A pair of tests on the effects of
different weapon descriptions, e.g. a small knife compared
to a large dragon-slaying sword, did not reflect the expected
difference in state updates.

A notable emergent behavior is that across all scenarios,
the player never dealt zero damage (NONE) and never re-
ceived more than MEDIUM damage. This represents an im-
plicit game design decision implemented by the LLM com-
bat mechanic, apparently to bias the game toward player suc-
cess. This is most apparent in a scenario involving a strong
enemy; the LLM reduced the player’s damage output and
increased the enemy’s, but neither exceeded those apparent
bounds. The LLM was given no instructions in this regard
and chose to generate updates according to those rules of its
own volition.

This suggests that our game system is taking on creative
responsibilities regarding the game’s mechanics. Future
work will more thoroughly evaluate the system and these
claims.

Creative Responsibility

The creative artifact of our game system is a function that
maps a game state and player input to an updated game state.
Ritchie (2007) proposes a set of three criteria for assessing
creative artifacts: typicality, novelty, and quality.

Our system’s approach to implementing that update func-
tion results in novel gameplay interactions. Because the me-
chanics are not hard-coded, they can take dynamic forms
that change during gameplay. The value of our system’s re-
sulting gameplay remains to be evaluated more rigorously,
but at present it appears to achieve a reasonable baseline of
functional and interesting gameplay. Grounding the LLM in
game state data directly enhances the typicality of our sys-
tem’s creative artifacts and helps it avoid creating low-value
artifacts such as nonsensical game state updates.
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Appendix A: Prompts

All prompts are templated to be populated with game state
data, indicated by variable names surrounded by curly
braces.

Combat Prompt (second few-shot example omitted for

brevity):

Resolve this video game combat scenario,
given the name and description of the
player character and enemy to engage.
Adjust the strength of the player and
enemy based on their status: HEALTHY,
WOUNDED, or MAIMED.

Keep the output brief, within 4 sentences if
possible.

Return a damage value of LOW, MEDIUM, or
HIGH. If the player or enemy is defeated,
the dealt or received value should be
FATAL.

Example 1:

Player class: Knight

Status: HEALTHY

Class description: A knight, armed with a
spear. A powerful melee combatant.

Enemy: Skeleton Grunt

Status: HEALTHY

Enemy description: A weak skeleton, armed
with a knife.

Output: The skeleton grunt viciously
slashes at the knight, but its knife
cannot penetrate his armor. The knight
retaliates by bashing the grunt with the
pole of his spear, knocking it to the
ground. DEALT: MEDIUM, RECEIVED: NONE

Example 2:

Using the format from the examples, run
a combat scenario with a {enemy.status}
enemy {enemy.name}, with the description
{enemy.description}, attacking a
{player.status} player {player.name}, with
the description {player.description}.

Enemy Generation Chain-of-thought Prompt 1: Identi-

fying Reinforcements:

Read this scenario {scenario}. If it
explicitly states the enemy has called
reinforcements, determine the number of
enemies to be summoned.

If enemies are summoned, the number of
enemies should be 1 at minimum, or 3
at maximum. If no reinforcements are
directly mentioned, provide 0 for the
number of each enemy.

Format the enemy count like so:

Enemies: 2

Enemy Generation Chain-of-thought Prompt 2: Gener-

ating Enemy Names and Descriptions:

Based on the provided combat scenario
{scenario} where the enemy calls for
reinforcements, create appropriate enemies
to be summoned.

Here are some example enemies and their
descriptions:

Format the enemies like so:

Enemy 1: Skeleton Grunt, A weak skeleton,
armed with a knife.

Enemy 2: Reaper, The skeleton of a strong
warrior, armed with a scythe.

Create a maximum of {count} enemies.

Enemy Generation Chain-of-thought Prompt 3: Select-

ing Enemy Sprite:

Given the name {name} and description {desc}
of an enemy, select the sprite from
{sprites} that suits them the best.

Appendix B: Combat Test Results

Scenario | Weak Enemy | Strong Enemy Wounded
Damage | Dealt Received | Dealt Received | Dealt Received

NONE| 0 4 0 0 0 0
LOW| 0 6 10 0 1 8
MEDIUM 1 0 0 10 8 2
HIGH| 1 0 0 0 1 0
FATAL | 8 0 0 0 0 0
Scenario Maimed w/ Knife w/ Slayer

Damage | Dealt Received | Dealt Received | Dealt Received

NONE| 0 0 0 1 0 0
LOow | 7 5 0 9 0 10
MEDIUM | 3 5 6 0 7 0
HIGH| 0 0 2 0 3 0
FATAL| 0 0 2 0 0 0

The outcomes of testing the LLM-emulated combat me-
chanic function in several scenarios, each consisting of dif-
ferent game state variables. Each column records the results
of running the test 10 times, recording how many times each
damage description was returned for each scenario. Recall
that those qualitative words were used in place of numeri-
cal results to better align with LLM representations. Dam-
age dealt and received are from the player’s perspective (i.e.,
“dealt” by the player and “received” by the player).

Each scenario uses the same player description: “A knight
armed with [weapon]”. The player has full health in all sce-
narios except for the Wounded and Maimed scenarios, in
which the player has 50% health and 5% health, respec-
tively. The default weapon description is “a well-forged
longsword”. The w/ Knife scenario replaces this with “a
well-maintained knife, very sharp, but it has short range”,
and the w/ Slayer scenario uses “a massive sword, empow-
ered by slain dragons”. The enemy in the Weak scenario
is described as “a weak, pathetic goblin”, the enemy in the
Strong scenario is “a huge, indestructible granite construct”,
and the rest use the default of “a small but fierce goblin war-
rior”.



