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Learning How Large Language Models Work Through Games
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While artificial intelligence (AI) technology is becoming increasingly popular, its underlying mechanisms tend to remain opaque to
most people. To address this gap, the field of AI literacy aims to develop various resources to teach people how AI systems function.
Here we contribute to this line of work by proposing two games demonstrating some basic mechanisms behind large language models
(LLMs), a popular type of AI system. The first game, Learn Like an LLM, aims to convey that LLMs are trained to predict sequences of
text based on a particular dataset. The second game, Tag-Team Text Generation, focuses on teaching that LLMs generate text one word
at a time, using both probability and randomness. While these ideas proposed are still in early stages and would benefit greatly from
further discussion, we hope they can contribute to using game-based learning to teach about complex AI systems like LLMs.
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1 Introduction

As artificial intelligence (AI) technology becomes increasingly prevalent, there is a need for people to develop an
accurate understanding about these systems, including how they work and how to use them. Since ChatGPT released
in 2022, AI has affected many spheres of life, such as the economy [18, 41], politics and policy [3], and daily life
[5, 10, 28, 39]. Despite its growing presence, many people have limited access to the resources and training needed
to develop an accurate understanding about the AI technology. This gap is further widened by the common use of
anthropomorphic, or human-like, language used directly by AI systems or used to describe AI systems [15, 35]. While
this use of anthropomorphic language may make complex AI systems feel more approachable, it simultaneously masks
the technical and algorithmic nature of these systems. As a result, this can lead to increased risk of people developing
emotional attachments and overestimating the system’s capabilities [1, 11, 21].

To help people develop a better understanding about AI technology, the field of AI literacy seeks to develop educational
materials and resources that combat misleading anthropomorphic narratives about AI [23, 25, 30]. Building upon various
forms of literacy (e.g., digital, computational, scientific, and data literacy), AI literacy encompasses many aspects of
how people interact with and relate to AI systems, such as what it can do, how it works, how it should be used, and
how people perceive these systems [25]. Understanding how these systems work and what they can and cannot do
is important for making informed decisions, as AI now plays a role in areas ranging from financial investments to
regulation and policy to everyday use at work or in the home [17]. Familiarity with the technical components of AI
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2 Chen & Pu

systems can help reduce the sense of “mystery” surrounding AI technology and reduce people’s overreliance on these
systems [1, 40, 42]. Though much of the work on AI literacy for conveying technical concepts has focused primarily
on more formal academic classroom settings [8, 20, 37], a growing number of works are recognizing the value of
developing AI literacy materials for informal settings, such as museums or other public spaces [13, 14, 24, 33]. These
works recognize the benefit of informal learning, as such settings can be more engaging, allow parents and children to
learn together, and make the information more accessible.

In this work, we build upon existing works promoting AI literacy through informal learning settings by outlining
novel ideas for two games. These games aim to intuitively convey fundamental ideas behind how modern AI systems,
specifically large language models (LLMs), work. We chose to focus on LLMs because they are a popular AI system
and many people use them, either directly through chat interfaces or indirectly through other software products (e.g.,
Google search) [4, 22]. Prior AI literacy works tended to focus on foundational concepts like machine learning or
neural networks [7, 36], but it is becoming increasingly important to also develop materials about specific AI systems
that people may encounter frequently, such as LLMs [2, 27]. While there are a few works that focus on generative AI
systems like LLMs, these primarily aim to explain the behaviors or impact of the systems, not necessarily how they
work [6, 20, 27]. On the other hand, our proposal is centered around two games designed to convey technical concepts
about the mechanisms of LLMs produce text.

We decided to use games because they have been shown to be effective learning tools [32, 38] for adults as well
as children [9]. First, games can be motivating, engaging, and adaptive to different learning styles [32]. They further
provide low-stakes opportunities for experimentation and feedback, creating a safe space for failure that is important to
effective learning [12, 43]. Games also help foster autonomy and curiosity, making abstract or intimidating concepts
like AI more approachable through playful exploration and immediate feedback [19, 29, 34]. Specifically in AI literacy,
games have been increasingly employed and shown to effectively teach AI-related concepts [14, 16, 31, 33] while
additionally providing positive affective experiences [26, 31]. Here, we build upon game-based learning to develop AI
literacy materials regarding specifically how LLMs work.

We propose two games with the goal of filling the gap in the public’s familiarity with LLM systems and understanding
of how they actually work. The first game focuses on how LLMs learn to generate text via predicting sequences of
words from a dataset, and the second focuses on the how LLMs generate text one word at a time and by using both
probabilities and randomness. In first game, Learn Like an LLM, players are tasked with guessing sequences of shapes
that belong to a hidden set, similar to how LLMs are tasked to predict sequences of text from the training dataset. The
primary learning objective is for players to understand that the LLM training process is more analogous to pattern
recognition than it is to how people learn to use language to communicate ideas. In the second game, Tag-Team Text

Generation, players take turns with a “computer player” to generate text responses, one word at a time. Here, the primary
learning objective is for players to recognize that LLMs do not “think about ideas” then find the words to convey them
like people do. Rather, LLMs generate text by predicting one word1 at a time, based on both probability predictions
and randomness. We note that these games do not aim to provide people with a complete technical understanding of
LLMs. Rather, they aim to give players an intuition about specific aspects of LLMs that lead them to say “This isn’t how I

thought these technologies worked!” or “This is not so complicated, I can understand this!”

1Truly, it is a sub-word token, but for the purposes of our game, we do not go into this detail.
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Learning How Large Language Models Work Through Games 3

Previous Guesses Possible Shapes

Submit!

I need a hint!

Score: 0 

Previous Guesses Possible Shapes

Submit!

I need a hint!

Score: 3 

+3

Fig. 1. Two example interfaces of Game 1 (Learn Like an LLM). Top: This is the interface when the player starts. The set of possible
shapes is always at the top of the screen. Once the player selects at least 4 shapes, the Submit button becomes clickable. Bottom: A
possible interface after the player submits one sequence and is constructing the second. The submitted sequene is on the left side of
the screen. The points earned from the first sequence is to the left of the sequence, the color of the points denotes whether the shape
was in the hidden set, and the validity of each shape is denoted by the checkmarks and X’s under each shape.

2 Game 1: Learn Like an LLM

The main goal of Learn Like an LLM is to help people understand that LLMs are optimized to predict words that are likely
to come next given a sequence of text and it is heavily dependent on a particular dataset. To convey this idea, players
are given a “vocabulary” of 10-12 simple shapes of different colors. Then they are given the following instructions:

(1) There is a hidden set of sequences of shapes. Each sequence is between 4-8 shapes long, and they follow some
patterns or rules. Your goal is to guess as many sequences in the hidden set as possible!

(2) You can build a sequence by selecting one shape at a time, and you may submit your guess for a sequence once
you have selected at least 4 shapes. Or you may continue to build the sequence up to 8 shapes long.

(3) When the sequence is submitted, you may receive points for each shape in the sequence and for the whole
sequence. You will receive one point for each shape that is valid given the preceding shape (or if it is the first

Manuscript submitted to ACM
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4 Chen & Pu
Possible shapes

I

you

dog

ball

toy

food

like

see

and

this

that

a

Fig. 2. Possible mapping of shapes to words for Learn Like an LLM. Based on this mapping, the previously submitted sequence in
Fig. 1 (bottom) maps to “I see a and” and the sequence in progress maps to “I see a ball”.

shape, whether it is a valid first shape). Second, if all shapes are valid and the sequence was in the hidden set,
you will receive additional 3 points for guessing the sequence. Note, not all valid sequences are in the hidden
set, but this can still be helpful information to help you deduce the rules governing the sequences.

(4) If you get stuck, you may click on the “I need a hint!” button, and this will reveal a sequence from the hidden
set. However, this counts as one of your guesses and you will not receive any points from it.

(5) You have 10 tries to guess as many sequences as you can!

After reading the instructions, the player will see the game interface shown in Fig. 1 (top) where they can guess which
sequences of shapes belong to the hidden set. The current sequence will be built on the dashed lines and the “Submit!”
button is valid once there is a minimum of four shapes selected. When the player submits a sequence, it will appear on
the left hand side with the points received, as shown in Fig. 1 (bottom). The “+3” denotes the player earned 3 points from
that sequence, one for each shape with a green checkmark under it indicating that it was valid. The red color of the “+3”
indicates that the sequence was not in the hidden set. The game ends after the player submits 10 guesses. Unbeknownst
to the player, each shape actually represents an English word and the sequences are based on grammatically correct
sentences2. An example shape-to-word mapping can be found in Fig. 2. Because the sequences mirror English grammar,
the goal is that players will pick up on patterns, such as how certain shapes tend to follow others.

After the game ends, this shape-to-word mapping will be revealed and the player will receive a debriefing on how the
game mirrors the way LLMs are trained. Primarily, the hidden set reflects LLM training data where LLMs are trained
by predicting the next word given a sequence of text. Similarly, in this game, the players have a sequence of shapes
that they have to predict one shape at a time. Further, at the start of the game, the shapes had no semantic meaning or
relation to one another for the player. However, over the course of receiving feedback for correct and incorrect guesses,
the player may learn associations between certain shapes without necessarily ascribing meaning to the shapes. This
mirrors how before training, words do not carry semantic meanings to LLMs, but the LLM can model statistical patterns
between specific words. We hope this point raises the question for the player to ponder and discuss: even if LLMs can
robustly model the statistical relations of words, does this mean it knows the words’ meaning? Lastly, the hidden set
of sequences did not contain all grammatically correct combinations of the shapes, which meant that the player is
penalized for valid English sequences beyond those in the set. This is similar to how LLMs have non-exhaustive training
datasets and can be constrained by their training data. Practically, this can lead LLMs to pick up biases in the training
data. In summary, Learn Like an LLM aims to players how LLMs are trained to generate text by predicting sequences of
text in a particular dataset and are penalized for wrong predictions and rewarded for correct predictions.

2Barring conjugations for tense and plurality.
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Learning How Large Language Models Work Through Games 5

3 Game 2: Tag-Team Text Generation

The second game, Tag-Team Text Generation, is a creative and non-competitive activity that aims to convey how LLMs
generate text one word at a time3 and how prediction utilizes both probabilities and randomness. In this game, the
player will alternate with the computer to simulate how LLMs generate responses: one word at a time and through a
two-step process using probabilities and randomness.

The player starts by selecting a fun prompt to answer, such as one of the following:

• What would Cinderella’s godmother give her if she lived in 2026?
• Describe a sunset on the beach from the perspective of a baby turtle who just hatched.
• Create your own fantasy creature, describing what it looks like and what it likes to do.
• Where is the best place to live—real or imaginary—and why?
• If you were a ruler of a country, what would be your national food and why?

Alternatively, players can also submit their own prompt. Then to build the response, the player and computer will
alternate between generating a set of probable words and selecting a word from the generated set.

To start, the computer will generate and display a set of 5 possible words with their corresponding probabilities, such
as shown in Fig. 3 (top). The probabilities do not necessarily need to add up to 100% as these words only represent a subset
of all possible options. The player then selects any word they like—it could be random, based on what they think is funny,
etc. They do not need to choose the one that is most probable, and in fact, varying their selections will likely be more
entertaining. Once the player selects the word, it is added to the response as shown in Fig. 3 for the word “Magnificent!”

To generate the next word, the roles are flipped. Now, the player will provide the computer with a small set of
possible words that the computer will randomly select from. To do so, the player can either choose to come up with
three words they think are most probable or select three from a larger pool of possible words if they feel this is too
cumbersome. If they select the latter option, the player is presented with 10 possible words (without any probabilities),
as shown in Fig. 3 (bottom). The computer will then take the three submitted words and randomly select one of them
as the next word in the response.

These two steps—where the player selects a final word or creates a pool of probable words—repeats until the player
is satisfied with their response and can submit it. Upon submitting, the player can see other people’s responses to the
same prompt; this will be especially conducive for an online setting as well as in museums and public spaces. As an
additional reward, we can add the option for players to submit their prompt and generated response to a text-to-image
generation model and print out the resulting image.

After the player is done, they will receive a debriefing of how this game reflects the text generation mechanisms of
LLMs. First, players experienced needing to generate only one word at a time; this limits how much they could “plan
ahead” on what to write because they were limited by the computer’s estimates of which words were most probable or
by the computer’s random selection. The players may have experienced hoping to take the response in one direction
but the computer’s selection was incompatible with their plan. Similarly, LLMs do not “think ahead” about what text to
generate. Second, players experienced a two-step process: selecting a pool of possible words based on probabilities and
choosing a word from that pool. LLMs undergo a similar process when they generate words: they first output how
probable each word is, then employ an algorithm that employs randomness to select the final prediction for each word.
This randomness is what allows for diverse responses to the same prompt. Conveying that randomness is a part of the

3As mentioned in the introduction, in practice, LLMs generate text one token at a time where tokens can be sub-words or full words, but we omit this
detail in the game for brevity.
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6 Chen & Pu

Describe a sunset on the beach from the perspective of a baby turtle who just hatched.

Generated Response

Select a word to go next:

Wow
17%

The
16%

Magnificent!
13%

It’s
13%

Oh
8%

You Com

…

Iteration: 1

Describe a sunset on the beach from the perspective of a baby turtle who just hatched.

Generated Response

Select your top three probable words:

This The I It’s Oh

Has Can What Do Beauty

Magnificent! …

You ComIteration: 2

Fig. 3. Interface for Tag-Team Text Generation. Top: Interface when it is the player’s turn to make the final word selection from a set
of 5 words with their estimated probabilities. Here they select one. Bottom: Interface when it is the player’s turn to generate a set of
probable words. In this example, the player opted to select three from a pool of 10, rather than submitting their own. The computer
will select one of the three selected words to add to the response.

text generation process further emphasizes the idea from Learn Like an LLM that LLMs do not generate text by coming
up with ideas to then convey through text. In summary, Tag-Team Text Generation aims to demonstrate to players that
LLMs predict text one word at a time through a process that involved both probabilities and randomness.

4 Discussion

4.1 Summary

In this work, we propose two games, Learn Like an LLM and Tag-Team Text Generation that aim to convey technical
ideas about how LLMs work, specifically about the training procedure and text generation process respectively. In
Learn Like an LLM, players are taught that LLMs are trained to produce text much like one can predict sequences of
shapes through pattern recognition. The game is meant to reinforce that LLMs do not learn to generate text the same
Manuscript submitted to ACM
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way people learn to use words to communicate ideas, but rather that LLMs operate based on pattern recognition and
modeling. In the second game, Tag-Team Text Generation, players learn that the LLM text generation process can be
broken down into two steps: using probabilities to select a subset of words that are likely to come next and selecting
one of them, perhaps randomly but importantly, not necessarily by selecting the word with the highest probability.
This game is meant to reveal that the generation procedure is not as sophisticated as companies may suggest, but is
based on probabilities and randomness.

4.2 Limitations

While these games aim to shed light on some aspects of how LLMs work, we acknowledge a few limitations. First, the
games still abstract away certain details and are not perfect reflections of how LLMs are trained and predict text. For
example, LLMs are provided a sequence of text as an input and are tasked to generate one word, but in Learn Like

an LLM, players are building up sequences from scratch. With Tag-Team Text Generation, it seems that LLMs output
only a few words that are probable, but in reality, they output a probability distribution over the entire vocabulary. A
second limitation is that there are many aspects of LLMs that these games do not touch on. For example, they do not
shed light on how words are represented as vectors, how text gets split up into units called tokens, or how, in practice,
many LLMs are likely to use more sophisticated sampling techniques to select the final word. We hope that future
work can focus on developing games and activities to address these topics. Lastly, it is possible for people to play these
games without ever connecting them to LLMs. While this may still provide a fun and engaging experience, we hope to
improve the games by highlighting how they are connected to LLMs before the debriefing at the end.

4.3 Conclusion

In this work, we outline early stage ideas for two games conveying how LLMs work: one focused on the training
procedure and the other on text generation. We hope that the CHI 2026 Workshop on Data Literacy will be a helpful
opportunity to receive feedback and actively iterate on these ideas to address the aforementioned limitations, better
convey intuitions about how LLMs work, and improve the gameplay experience overall. We additionally hope that this
work will open up conversations for novel and engaging ways of using games to teach people—children and adults
alike—about how LLMs and other modern AI systems work through engaging and fun activities!
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