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Abstract
In this work we explore an approach for creating personalized mi-
crogames, drawing inspiration from fill-in-the-blank stories such
as Mad Libs. In fill-in-the-blank stories, the reader is given a list
of word categories such as place, number, or adjective, and pro-
vides keywords to fill in the list. These keywords are then copied
into the blanks of a short story, with often humorous results. We
develop a similar process for generating microgames, where the
keywords are used to fill in the blanks of a Large Language Model
game generation prompt. Rather than extending the capabilities
of LLMs for game generation, part of our aim is using LLMs as-is
for generating unpolished, small-scale, personalized microgames
that can be played for a brief duration. We compare two template
prompting strategies, apply these across four genres, and evaluate
the generated games based on incorporation of keywords, variety,
and qualitative observations.
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1 Introduction
There has long been interest in reducing barriers to game develop-
ment through new tools and languages [10, 11, 18, 19, 26, 36, 38],
empowering players to create their own games personally rele-
vant to themselves [20]. However, game development remains a
challenging undertaking.

One existing approach to allowing novices to create their own
short stories is fill-in-the-blank stories such as Mad Libs [31]. In
fill-in-the-blank stories, the reader is given a list of word categories
such as place, number, or adjective; they then provide keywords to
fill in the list. These keywords are copied over into the blanks of a
template short story, oftentimes with humorous results due to the
incongruence of the various keywords and the story template.

Using categorized keywords to fill a template may also lend
itself well to the generation of short, personalized microgames.
Microgames sometimes exist in collections of social party games
such as WarioWare [23]. Such an application has previously been a
motivating application of automated game design [21].

This work is licensed under a Creative Commons Attribution 4.0 International License.
FDG ’26, Copenhagen, Denmark
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2495-4/26/08
https://doi.org/10.1145/3815598.3815713

One recent approach that has the potential to support this pro-
cess is applying Large Language Models (LLMs) to generating code
for microgames. In particular, the capabilities of LLMs may not cur-
rently handle fully creating the scale and complexity of an industry-
standard game. Rather than extending the capabilities of LLMs to
larger games, we instead focus on the types of games that small
language models, or current large models (such as LLMs or diffu-
sion models) may be able to generate: microgames, which are only
be played for a short time, and thus issues such as lack of polish or
coherence might be overlooked and potentially even humorous.

We take an approach inspired by fill-in-the-blank stories, using
prompt templates containing fill-in-the-blanks for specific cate-
gories of words: nouns, adjectives, numbers, etc. The player per-
sonalizes a template by providing concrete keywords for each of
the blanks in the template, which is then given to an LLM to create
the code for the game.

In this approach, we developed a technique for iteratively con-
structing detailed game prompt templates designed to be robust to
different keywords, and compared these to simple baseline game
prompt templates that simply list the game elements as keywords.
We developed and used these templates across four genres, gener-
ating a total of ninety-six games from two instantiations of each
genre and evaluating them for e.g. playability, noticeable presence
of keywords, and uniqueness.

We found that both the detailed and simple templates’ games
yielded similar results, although the simple prompts took more care
in including the specified keywords in a far more literal sense. The
simple prompts also appeared to have more variety in the generated
games. We also qualitatively analyzed properties of the generated
games.

This work contributes an exploration of fill-in-the-blank gener-
ation of microgames and prompting strategies using LLM-based
code generation.

2 Related Work
This work is related to a number of areas of research that look at
generating games or code.

Within the realm of procedural content generation [27], generat-
ing entire games has received interest using “classical” techniques.
Some early work, such as METAGAME [25] and Ludi [4] focused on
generating boardgames. Other early work looked atWarioWare-like
microgames, supported by existing knowledge bases, to generate
game mechanics capturing relationships between entities [21, 35].
Domain specific languages such as VGDL have been used to evolve
games [22]. Other work in game generation has explored it as
a co-evolution or search process partly guided by a human de-
signer [7, 8].

With the possibility of generating content, personalization of
content by generating or adapting content has also been explored.
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Tower Defense, Simple Tower Defense, Full Platformer, Simple Platformer, Full

Jigsaw, Simple Jigsaw, Full Reaction, Simple Reaction, Full

Figure 1: One simple and one full game from each genre.

Dynamic difficulty adjustment has been applied in a range of games [13,
17], though games can be personalized for other player experi-
ences [39, 40]. This has included searching or evolving to generate
content toward specific player experience [28, 29], or training rein-
forcement learning agents to generate personalized content [3, 30].
Some recent work has also explored using “generative AI” to create
personalized card games [20].

More recently, generative AI based on large language models
has been explored for generating code [6, 9]. This has also led to
applications of generative AI different aspects of game develop-
ment [12, 32], such as generating code in game description lan-
guages [16, 34] or level generation [33], or even entire Unity game
prototypes [15].

Another recently explored approach to generating games, or
interactive environments, isworld models [14].World models for the
most part may be considered interactive movies that are generated
at the pixel level frame-by-frame and incorporate user input.

Such interactive diffusion models could be used as game en-
gines [37]. While initial world models could be trained for specific
applications, more recent approaches such as Genie [5, 24] can be
more general and incorporate an initial prompt to generate the
environment. However, these approaches can often only be played
for a short time before ending, and may also lack common game
elements such as a goal or puzzles.

3 Approach
The overall goal of this experiment was to explore supporting the
creation of personalized microgames in a simplified and approach-
able way for those with little-to-no experience designing games.
The approach we explored was using an LLM to generate code
for the games. For a game development environment, we used the
Pygame library in Python [1]. The games were code-based and did
not incorporate additional assets, and thus only code using Pygame
was necessary to be generated. The model used for this experiment
was Claude Sonnet 4.5 [2]. The web version was used in the earlier

stages of template development, while the API was called in the
Python code for the actual generation of the games analyzed in the
experiment. This model was used during the months of July 2025
through November 2025.

For a particular type of game to be generated (e.g. in a specific
genre), a prompt template is created. The prompt template has
blanks associated with different categories of word (e.g. noun, verb,
number, etc), to be filled in by keywords (e.g. cat, run, 67, etc).
These mappings from category to keyword are provided by the user
separately from the template. The current system implementation
takes the category to keyword mapping as a JSON file, which we
filled out manually, and used to complete the prompt template.

When developing the templates, the approach stemmed from
multiple previous development sessions with Claude, in which the
user was heavily involved in the creation and debugging process.
A simple pattern was noticed — more detailed and specific prompts
commonly yielded more complex games and fewer bugs to fix.

The initial approach after this discovery was to make the ini-
tial prompt given to Claude as detailed and intricate as possible,
containing information about the gameplay, the objectives, specific
game values (such as health), and more. The goal was to simplify
user-AI interaction by reducing the chat duration required to make
a functional game. Next, it was observed that having all this game
information in one place is similar to what a game design document
is used for. Thus, the approach became to create a simple design
document for the desired game and feed it into Claude, rather than
trying to fit as much information as possible into a single message.

As the goals were to simplify interactions as well as make sim-
ple game development approachable, requiring the user to think
critically about game systems and user experience seemed rather
complex from a beginner’s standpoint. Due to this, the idea was
developed to create design document templates that corresponded
to a certain genre of game, such as a platformer or a jigsaw puzzle
game. The template would outline the core gameplay and detail
common bugs to avoid, while input spaces were left throughout
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Genre TD Platform Reaction Jigsaw Overall (%)
Playability (game counts)

Runs? 12 : 12 12 : 12 12 : 12 12 : 11 100 : 98
Playable? 12 : 12 12 : 12 11 : 9 12 : 11 98 : 92

Completable? 12 : 6 5 : 3 4 : 8 3 : 6 50 : 48
Fun? 0 : 5 3 : 3 7 : 5 5 : 4 31 : 35

Keywords (average keyword counts per game - rounded)
Possible 13 17 10 12 –
Title 1 : 1 1 : 1 1 : 1 1 : 1 8 : 8
Text 3 : 5 4 : 7 4 : 8 3 : 8 28 : 57
Other 1 : 2 2 : 6 3 : 4 2 : 1 17 : 25
Unique 5 : 6 6 : 11 5 : 8 5 : 8 41 : 64

Game distinctness (game counts)
Distinct 4 : 5 8 : 11 10 : 11 7 : 9 60 : 75

Table 1: Values for different measures given as comparisons
between Full : Simple. Overall percentages for game counts
are out of the 96 games. Overall percentages for keywords
are average percentage of keywords used averaged across the
four genres.

each template for the user to decide game themes and designs as
well as game values, such as how many levels are in the game or
how long the game would last. This “fill-in-the-blank” style of de-
velopment is what resulted from an attempt to make this process
more fun for the user, hiding the details of the template from the
user and giving them just the JSON file with only the categories
and asking them to input the keywords.

The input spaces in the template documents were formatted
as {{WORD}}, The WORD in the brackets would correspond to a key
in the JSON files. For example, if a template prompt contains It
should give the feeling of {{VERB_1}} in a {{PLACE}}.,
then the key-value pairs in the JSON file VERB_1: "running" and
PLACE: "house" would become It should give the feeling
of running in a house. When the program runs, the entire
chosen template document gets converted into a string and any
instances are replaced. After doing this for all key-value pairs, the
entire string would get sent to the API.

4 Experiment and Analysis
To explore the kinds of games generated by this approach, and the
impact of different kinds of prompt templates on the generated
games, we generated games using both the more extensive “design
document templates” described above, referred to as the full tem-
plates, and straightforward simple templates that contained only
the genre of game desired, the keywords found in the JSON, and a
directive to include the keywords in the game. The addition of a
simplified prompt allowed us to test whether more detailed, robust
prompts yielded better generated games.

We looked at 4 genres of game (and thus 4 templates of each
type, full and basic): Tower Defense, Platformer, Reaction Timing,
and Jigsaw Puzzle.

The experiment began with both authors creating 8 JSON files
each, split equally between the 4 template design documents. Each
author created 2 JSON files per genre.

The program was given all of the 8 JSON files created by a single
author — 8 game ideas that each had 2 versions generated. One of

these versions was generated using the full template and one with
the simple template. Additionally, the program created 3 variants of
each version to observe differences between games generated with
the exact same prompt. This came to a total of 48 games generated
from the 8 JSON files constructed by a single author. These 48
games were then given to the other author for analysis, aiming to
reduce bias from prior expectations of the keywords. The genre and
template type were also hidden during analysis of playability and
keyword usage. The content of the prompt templates themselves
was hidden from one of the authors, although the other author
developed the templates and was familiar with them. Each author
thus analyzed the 48 games from the other author, resulting in a
total of 96 games that were analyzed and from which data was
collected. Some screenshots of the generated games are shown in
Figure 1.

The games were analyzed through multiple lenses. First, the
authors analyzed the overall playability through four questions,
each building on the last. The first question was simply if the game
ran. Perhaps it would be due to bugs in the code or some other
issue, but if the game cannot run, the other questions cannot be
asked, as the game cannot be analyzed further. Some games required
minor cleanup such as deleting extraneous text at the end of the
code, which still counted as running. The second question was
if the game is playable. This was a test to see if the player could
reasonably interact with the game through input of some kind,
such as keyboard or mouse. The third question was if the game was
completable. This meant the game would need to have a defined
state where the game was declared to be over, and in which the
player could achieve a winning state or adjacent result, such as a
high score in a never-ending game such as Tetris. The fourth and
final question was if the game is fun. This question is the most
subjective part of this experiment and was mostly left up to the
personal tastes of the author analyzing a game.

The next lens through which the games were analyzed were the
usage of the keywords included in the JSON files used to generate
the games. This was, once again, analyzed through four categories.
These were: how many keywords were used in the title, how many
keywords were used in textual elements, how many keywords were
used in any other elements, and finally howmany unique keywords
were used in the entire game. This was done to analyze how well
Claude could include specific elements of the prompt. Although this
was somewhat subjective, we aimed to consistently count keywords
when clearly apparent in the game, such as in text, numbers, or
images appearing.

We also kept rough notes on observations when playing the
game for later discussion and synthesis.

The final lens of analysis, which was game distinctness — evalu-
ating how many games had a great enough degree of uniqueness to
be considered a unique game and not simply a variant of another.
To be unique from one another, games had to be noticeably distinct
in either gameplay or visual design. For example, two tower defense
games made from the same simplified prompt may have a similar
path that enemies follow and similar units to purchase and place,
but one becomes distinct from the other by having enemy speed
increase with each wave and displaying the attacking range of each
placed unit. The experience is enhanced, and is therefore distinct.
This uniqueness analysis was done by the first author only looking
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at groups of six games for each individual JSON file, although while
knowing the genre and template type.

Templates used for this work and analysis of the games is avail-
able at https://osf.io/yr73h/.
Data: A summary of the data is given in Table 1. In terms of playa-
bility, both template types are similar, suggesting that more robust
prompts do not necessarily yield better games. The simple templates
appear to have an advantage in number of keywords incorporated
into the game and the distinctness of the games generated.

This disparity in keyword usage is best seen in the Jigsaw Puz-
zle games. The games with the full prompt featured puzzles that
depicted the actual objects or things specified in the JSON files,
while the focus of the puzzles from the simple games was to cram
as many keywords as possible, always resulting in the puzzle being
a panel with all the keywords written on it rather than an image of
any sort.
General Observations: After playing and discussing the games,
the authors noted some patterns in the generated games. These
are preliminary and were synthesized from informal discussions
between the authors rather than a full formal analysis.

In terms of number keywords, we found that it was important
to stay in reasonable ranges for what they represent (e.g. time,
collectibles), which could be difficult when filling in a blank dis-
connected from its context. Sometimes, numbers appeared in a
game but seemed disconnected from their actual use; for example,
a number on screen might imply that there are five coins to collect
in a level, when in fact there are only two.

Additionally, games could be challenging due to ambiguity in the
generated game elements. For example, sometimes puzzles would
have multiple pieces that were just blank spaces, requiring the
player to blindly guess where they might be placed. If the number
of blank spaces was high enough, a puzzle game would be deemed
not completable due to the number of combinations.

Expanding on this, we noticed that while the vast majority of
games had a system of controls that allowed them to be playable,
nearly half of all games either made it impossible or unreasonably
difficult to reach a completed state, usually from a lack of tuning
and balance. Examples include the aforementioned blank spaces,
reaction games spawning points to be clicked at a rate faster than
the authors could react, and platformer games containing platforms
that are too high to be jumped on.

Often keywords would be incorporated using what we termed
shape pictures: pictures of the keyword assembled using geometric
shapes and colors. For example, glasses, tomatoes, or stars. In some
cases it appeared that just colors were used on simple rectangles;
for example blue water, yellow lard, or green mucus.

To some extent, the generated games may have captured key-
word emotion. Primarily, anger could be associated with rapidly
moving red objects.

Unsurprisingly, we found that keywords being on the screen
as text helped to reinforce a sense that they had been incorpo-
rated (even if they were incorporated in some other way — e.g. a
shape picture, emotion, or counter). Simply having the keyword
text on-screen may be a straightforward strategy to make the game
personalization clear.

5 Discussion & Conclusion
In this experiment, we explored the concept of fill-in-the-blank
microgames using LLMs, and compared games generated with
detailed and simplified prompts. We learned that games generated
in either manner showed generally comparable results, with slight
variation based on the genre of game generated, suggesting that
one method is not necessarily superior to the other, and simple
prompts may work well enough for microgames.

There are a few limitations with this experiment. First and fore-
most, only Claude Sonnet 4.5 was used in the generation of games.
A single model is not representative of the overall capabilities of
all generative AI models accessible to the general public, let alone
those with more exclusive accessibility and more capabilities. It is
vital to compare these results across multiple LLM models to gauge
the average capabilities of the available AI generation tools. Mov-
ing forward it may be worth it to explore, and produce template
documents that contain far greater detail to determine if is capable
of scaling its design accordingly. We are also interested in applying
world models to generate interactive games directly rather that
using LLM code generators.

Another limitation is the informal nature of the analysis per-
formed by the authors. While we attempted to reduce bias in the
analysis, both authors are experienced in game design and develop-
ment, and are related to the development of the experiment itself.
An experiment using an unrelated, random selection of people to
negate bias as much as possible was not conducted. This also means
the only people analyzing the games were the two authors, and
each game could only be analyzed by one author. Although not
as subjective as determining whether a game was fun, the other
questions asked to determine playability may show inconsistent
results based on how the authors determined their answers.

While the observations made during this experiment support
the idea that a moderately detailed prompt may end up limiting
the capabilities of a generative AI model, it does not imply that a
massively detailed and specific prompt would yield better results.

There are other potential concerns to consider. We hope that
approaches such as we have presented open up new avenues where
games can be applied and who can create them, rather than taking
the place of existing game development approaches. We also hope
that this approach will be amenable to smaller models, specifically
for microgames, that can be run locally. There is also the possi-
bility to generate offensive content, which should be taken into
consideration.

Finally, player studies would help establish what players think
of the games, for example if they find them enjoyable or humorous.
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