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Abstract
Large Language Models (LLMs) are everywhere, yet many learners

lack a concrete mental model of how they generate text. This paper

presents LLMs Unplugged, an unplugged set of activities that teaches
the training-to-generation loop (and beyond) using hand-built n-

gram models and simple weighted sampling. Workshops based

on these resources have been delivered to over 400 participants

across secondary, tertiary, and executive-education contexts, and

participants report that the activities demystify LLMs by reframing

them as probabilistic "next word generation" at scale. All resources

are freely available under a Creative Commons license at www.

llmsunplugged.org, with a modular design that supports anything

from a one hour crash course to a several-day intensive workshop.

CCS Concepts
• Social and professional topics → Computing education; •
Computing methodologies → Natural language processing; •
Applied computing→ Interactive learning environments.
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1 Introduction
For over two decades CS Unplugged has shown that core com-

puting concepts can be taught effectively without computers [1].

Through carefully designed hands-on activities, learners from pri-

mary school to adult education have learned about algorithms, data

structures, and computational thinking. The approach strips away

the distractions of syntax and tooling, allowing learners to focus on

underlying principles. It works [3], and makes learning this stuff

fun.
As Machine Learning (in the 2010s) and Artificial Intelligence

(in the 2020s) have become more prominent in public discourse,

educators have naturally extended the unplugged approach to these

CS subfields [11]. There are unplugged activities for teaching clas-

sification, clustering, computer vision and artificial neural network
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(ANN) concepts, showing that even sophisticated AI ideas can be

made tangible through physical activities [26].

However, the public release of ChatGPT in November 2022 [18]

shifted what “AI” means to most people. Large language models

(LLMs) moved from research curiosity to ubiquitous tool almost

overnight.Withinmonths, knowledgeworkers across every domain

were using LLMs daily [10], most of whom had no real mental model

of how the text they typed into the ChatGPT prompt box produced

the text they received as a response.

The existing collections of CS and AI unplugged activities [4]

[17, 22] do not contain many resources specifically about language

models or text generation. [17] has one “Large Language Mad Libs”

activity, but it involves students actually using ChatGPT. [5] has a

“cut sentences into words/tokens” activity, but the text generation

involves drawing the cut-up words from the bag at random—not a

process conducive to high-quality text generation. CS In Schools [29]
has one activity on Generative AI that uses a “counting bigrams”

approach to analysing text, but doesn’t show how to generate new

text.

This gap is particularly acute because LLMs have become per-

vasive far beyond traditional computing education contexts [30].

School-age students certainly need to understand these tools, but

so do public servants, executives, journalists, and anyone else who

interacts with the world around them via an LLM interface (which

increasingly looks like most of us, whether we like it or not). The

unplugged approach—building understanding through hands-on

activities rather than abstract explanation—seems ideally suited to

this broad audience.

This practitioner paper presents LLMs Unplugged, a ready-to-

use unplugged teaching resource for teaching LLM fundamentals,

including:

• a curriculum covering the complete training-to-generation

pipeline for language models through hands-on activities

• amodular lesson structure: two Fundamentals lessons (Train-
ing and Generation) and Extensions for deeper exploration

• open materials (CC BY-NC-SA): an online portal at www.

llmsunplugged.org with lessons with printable handouts

(see Figure 1), instructor notes, and software tools (either

web-based or CLI, MIT-licensed) to produce domain-specific

n-gram booklets

• practitioner insights from approximately 400 participants

across diverse audiences, summarising qualitative reception

and delivery patterns

2 What might “LLMs unplugged” look like?
Language modelling has deep historical roots. Andrey Markov’s

1913 work on stochastic processes applied to letter sequences in

Pushkin’s Eugene Onegin [12] established the mathematical foun-

dation for modelling language as sequences of dependent random
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variables. Markov’s interest was purely mathematical—proving

properties of dependent random variables through empirical text

analysis—but his work established that language has statistical

structure that can be quantified.

Claude Shannon built directly on this foundation three decades

later [24]. Between 1948 and 1951, Shannon applied his new infor-

mation theory to written English, using n-gram models to measure

entropy and redundancy in language. Crucially, Shannon was the

first to systematically generate synthetic text using these models,

starting with random letters (0-gram), then letter frequencies (1-

gram), then letter pairs (2-gram), and progressively higher orders.

This generative approach revealed how increasing context length

produces increasingly realistic text—a finding that remains central

to modern language models.

Markov and Shannon’s work was itself “unplugged”: counting

transitions by hand, calculating probabilities manually, and even

generating synthetic text by creating hand-drawn tables and se-

lecting letters based on their frequencies. Modern LLMs use the

same fundamental approach—modelling language as weighted dis-

tributions over sequences—but at vastly greater scale and with

learned rather than hand-crafted statistics. This historical work

was influential in the design of LLMs Unplugged.
When considering how to teach the fundamental concepts of

language models in an unplugged style, several design constraints

emerged from CS Unplugged design patterns [16] and the specific

characteristics of language models.

• End-to-end generation: cover the complete training→ gen-

eration pipeline. Language models are fundamentally gener-

ative; preserving this quality keeps activities engaging and

directly relevant to how people use LLM tools.

• Modular and low-friction: each activity should stand alone

in a short session, need minimal materials, work for various

group sizes, and be easy to adapt. Lessons should build on

each other but also be independently useful.

• Broad accessibility: it needs to work for audiences beyond

computing students. No programming assumed and minimal

mathematics; rely on hands-on activities and plain language.

3 LLMs Unplugged
The LLMs Unplugged suite of unplugged activities is available

under a Creative Commons license (CC-BY-NC-SA) from www.

llmsunplugged.org.

The core mechanic is simple: students build their own n-gram

language models (from scratch) using a children’s book such as

Dick and Jane [6] or Dear Zoo [2] as the training text. In the train-

ing phase students fill out this grid by hand, tracking which words

follow which other words through simple tally marks. In the gener-

ation phase they use their newly trained “model grid” to iteratively

generate text by looking up all possible next words (and their rela-

tive frequencies) and selecting one at random with a dice roll.

The primary learning outcome is straightforward: students un-

derstand that language models—whether ChatGPT or their hand-

built version—work the same way. LLMs work by keeping track of

the patterns in existing text, then generate new text by repeatedly

making random choices weighted by what they’ve seen before.

The LLMs Unplugged website linked above has three main com-

ponents:

(1) The lessons are the core content: each is a self-contained

activity which establishes the context (what you’ll need,

your goal, the key idea), describes the algorithm/procedure,

and gives a worked example. Printable handouts are also

available for classroom use. See the lesson progression in

Section 3.1 for a full list of the concepts covered in each

lesson.

(2) The instructor notes provide the pedagogical scaffolding.
For each lesson, they explain the connection between the

activity and modern LLMs, suggest discussion questions to

deepen understanding, and provide historical or technical

context. These notes help educators without deep AI exper-

tise deliver the material effectively.

(3) (Optional) The resources include an open-source (MIT Li-

censed) software tool to allow educators to create custom

n-gram booklets from any text corpus. The tool is written

in Rust [13] and uses Typst [15] for typesetting, but there is

also a web-based version at www.llmsunplugged.org/tools.

For any input text/pdf/docx file the tool will tokenise it,

compute n-gram statistics, and create a formatted n-gram

booklet. This means educators can pre-train models on

domain-relevant text—medical case studies, legal documents,

poetry, student essays; whatever best connects with their

participants—which can then be used in (almost) all of the

lesson activities. Using these software tools is optional; the

activities work perfectly well when hand-trained on short

texts. But they enable scaling the approach to longer texts

and larger vocabularies without requiring students to spend

hours tallyingword pairs, while still allowing for “unplugged”

text generation.

Example lesson handouts for the Training, Generation and Pre-
trained model generation are included in an Appendix at the end

of this paper; all other handouts are available from the LLMs Un-

plugged website.

3.1 Lesson progression
The LLMs Unplugged lessons are organised into Fundamentals—

which should be completed in order—and Extensions that can be

selected based on interest and available time.

3.1.1 Fundamentals. These two lessons build on each other and

form the core of any LLMs Unplugged workshop.

• Training: students process text by hand—converting to low-

ercase, treating punctuation as tokens, then counting word

pairs and recording tallies in a grid. This mirrors the core of

LLM training: learning is counting patterns in text, and the

resulting grid is the model.

• Generation: students use dice rolls weighted by their grid’s

counts to sample next words one at a time. The randomness

explains why LLMs give different responses to the same

prompt—and why the output is often predictable, but some-

times surprising.

These Fundamentals lessons are available in two variants: grid
and bucket. The grid version described above uses paper grids and

www.llmsunplugged.org
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dice rolls for weighted sampling, connecting well to probability

concepts in the maths curriculum. The bucket version is simpler

and more tactile—students cut up the input text (printed on paper)

using scissors and organise them into buckets, making it suitable for

younger learners or when dice maths would be a distraction. Both

variants teach the same core concepts. The www.llmsunplugged.org

website has a "toggle" for these lessons to switch between the grid

and bucket versions of the activities.

3.1.2 Extensions. These lessons can be done in any order after

completing the Fundamentals. Each explores a different aspect of

how modern language models work. Most of them require a model

that was created as part of the Training lesson, and students can use

the one they created earlier or swap models amongst themselves.

Scaling up.

• Pre-trained Generation: students use a provided booklet (gen-
erated via a website widget for any uploaded text) containing

a model trained on a larger corpus, generating text without

having trained the model themselves. This demonstrates the

LLM-as-a-service model: most users never train their own

models, they just use ones provided by others.

• Trigram: students train a model tracking two-word contexts

instead of one (this lesson has both grid and bucket variants).

The generated text is “better”, but this comes at a cost—

significantly more grid rows or buckets to keep track of—

illustrating the fundamental context-length tradeoff.

Controlling output.

• Sampling: students experiment with temperature (dividing

counts before rolling) and truncation strategies (e.g. greedy,

no-repeat, alliteration). The same model produces noticeably

different outputs, showing that generation control matters

as much as training data [7].

• Beam Search: multiple students track parallel generation

paths on separate papers, pruning to the top candidates after

each step. This group activity shows why search strategies

matter: beam search finds more coherent sequences than

single-path sampling.

• Tool Use: students designate people or objects as “tools” with
trigger words. When the model generates a trigger, gen-

eration pauses while the tool returns a result. This shows

that LLMs don’t contain all knowledge—they learn when to

delegate to external sources [21].

Context and meaning.

• Context Columns: students add columns for grammatical cat-

egories (e.g. after verb, after pronoun, after preposition) and

combine these counts with word-specific counts (the stan-

dard Generation procedure) during generation. This hand-

crafted attention mechanism previews how transformers

learn to weight relevant context [28].

• Word Embeddings: students treat each word’s row as a vector

and calculate distances between rows to build a similarity

matrix. Words that behave alike cluster together, revealing

that meaning emerges from patterns of usage [14, 20].

Model tuning.

• LoRA: students train a small “adaptation grid” (a smaller grid

with only a subset of the rows) on new domain text and

add its counts to their base model during generation. This

shows how one foundation model can spawn thousands of

specialised versions through lightweight add-on layers [8].

• RLHF : students generate multiple candidate outputs, vote on

preferences, then adjust counts (+1 for preferred transitions,

−1 for rejected ones). This shifts what “good” means from

“matches training data” in the direction of “matches human

preferences” [19].

• Synthetic Data: students generate synthetic text from their

model, train a new model on it, and compare. Patterns de-

grade across generations as rare words vanish and com-

mon phrases dominate, demonstrating why training on AI-

generated content risks model collapse [25].

This progression covers key ideas used in frontier LLMs like

ChatGPT, Claude or Gemini, albeit at smaller scale. The limited

vocabulary and repetitive nature of the children’s books makes it

feasible to explore all these concepts in an unplugged fashion.

3.2 Example lesson plan
This 90-minute outline covers the two Fundamentals lessons (Train-
ing and Generation) plus the Pre-trained Generation extension, and

has been successfully delivered to groups from high-school age up

and from 5 to 50 participants. The printed handouts associated with

these three lesson plans are included in an Appendix, although

we encourage educators to visit the website to see all the lesson

materials and instructor notes. If we have an additional 30 minutes

(2 hours total) then we often add the Sampling lesson at the end.

Introduction (15 minutes). Icebreaker: ask participants to consider
what it means to “model language”, followed by a show-of-hands

poll revealing how recently they’ve used ChatGPT.

Training (20 minutes). The educator demonstrates building a

bigram model by reading a few sentences from a children’s book

and filling in a grid with tally marks showing which words follow

which other words. Participants then work in small groups (2–3

people) to train their own models on different pages of text, ex-

periencing firsthand how training means counting patterns. The

activity concludes by introducing key terminology (training, model,

token, vocabulary) and connecting the hands-on activity to the

training of “real” LLMs, giving a sense of the differences in scale

between the two processes.

Generation (20 minutes). Using a completed bigram grid the ed-

ucator demonstrates text generation by looking up possible next

words, converting tally counts to dice ranges, and rolling a die to

make weighted random selections. Groups then use their newly-

trained models to generate sentences, producing (sometimes) sur-

prisingly coherent and/or delightfully nonsensical outputs. Discus-

sion introduces terminology (prompt, completion, prediction) and

emphasises that real LLMs generate text through the same iterative

sampling process.

www.llmsunplugged.org
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Pre-trained Generation (20 minutes). Participants receive printed
booklets containing bigram models pre-trained on larger text cor-

pora (typically 5000–10000 words). These booklets allow immedi-

ate text generation without manual training. Groups experiment

with generating longer passages and compare outputs from models

trained on different genres (a fun variation is to not tell partici-

pants what the training text was and have them guess). This lesson

introduces the concepts of pre-training and foundation models,

connecting to how LLMs are trained once on massive corpora then

made available for immediate use.

Closing (15 minutes). Summary and reflections: how has this

workshop changed how you think about language models? How

has this changed how you will use language models?

4 Reception: notes from the field
Over the past year at the Australian National University we have

run these LLMs Unplugged activities with approximately 400 partici-

pants acrossmany sessions in groups of five to fifty. The participants

have ranged from school-age to undergraduate students (from all

across campus) to senior executives in “executive education” short

courses. Interestingly, the majority of participants have been senior

leaders in the Australian Public Service—with a range of different

expertise and significant interest in understanding AI tools they

are being asked to use and evaluate.

This is a practitioner paper rather than a controlled pedagogical

study. We have not (yet) conducted pre/post testing of conceptual

understanding, run control groups without the intervention, or

gathered quantitative learning outcome data. What we can report

is qualitative reception across these diverse contexts.

The material is engaging and overwhelmingly well received. Par-

ticipants consistently report that the hands-on activity helps them

to build a new mental model of how LLMs work. The most common

insight people articulate is that LLMs are “just” doing probability

and randomness at scale—not reasoning, not understanding, but

sophisticated pattern matching and weighted sampling. This demys-

tification seems particularly valuable for non-technical participants

who may have heard LLMs described in almost magical terms.

The generative aspect matters. People are genuinely delighted

when their hand-built model produces a sentence that is both gram-

matical and surprising. This is not just pedagogically useful—it

is emotionally engaging in a way that classification tasks are not.

Several learners have reported taking their models home to recreate

the activity that evening with their own teenage children. When

your bigram model trained on The Cat in the Hat [23] generates
“fish fish fish red one fish two fish”, people laugh and immediately

want to generate more text to see what else might emerge.

One consistent observation about delivering this material is that

there is an inflection point after the first “shareback” of the newly-

generated text. The Training lesson is necessary set-up, but the

room really starts to buzz during Generation when we go around

the room and people get to share what came out of their new model.

Getting each group to do a “dramatic reading” of their generated

text helps here too; the more they ham it up the better. From this

point on there are laughs and general good vibes, and the questions

they ask about LLMs are often more incisive too. If possible, we

recommend facilitators leave enough space for an engaging and

playful “shareback” time when conducting the session.

The modular design has proven essential in practice. Most of our

deliveries are groups of five to fifty people and cover the Fundamen-

tals lessons plus Pre-trained Generation, with Sampling added on to

the end if we have two hours instead of 90 minutes. We have run

all of the Extensions at least once, although some are less “battle-

tested” in different classroom settings—something we are planning

to rectify in the near future. The ability to scale the content up or

down based on available time and audience sophistication has been

crucial for the material’s adaptability.

5 Next steps
The current material represents the beginning of an LLMs Un-
plugged resource pool, but there is plenty of room for more. As

noted above, most delivery focuses on the Fundamentals lessons

(Training and Generation) plus the Pre-trained Generation and Sam-
pling extensions. These have been successfully run with groups

from five to fifty people in a tight 90-minute session (as per example

lesson plan above), covering the essential training-to-generation

pipeline.

The Extension lessons go deeper, moving progressively closer

to how real transformer models work while remaining unplugged.

These lessons raise interesting questions about depth in unplugged

activities. The CS Unplugged approach excels at providing intuitive

introductions to complex concepts—“aha” moments that establish

foundational understanding [1]. But there is tension between the

constraints of unplugged activities (manual computation, limited

scale, short timeframe) and exploring concepts in depth. At some

point, does meaningful engagement with the ideas require moving

beyond the unplugged format?

Looking forward, we will continue to develop and deliver these

lessons, especially through teacher training. The entire project—

lessons, printable handouts, instructor notes, and software tools—

will remain freely available under a Creative Commons BY-NC-SA

4.0 license at www.llmsunplugged.org. We encourage educators

to use, adapt, and improve the material, and we are interested in

hearing about implementations in different contexts.

Developing amentalmodel of howLLMswork should not require

a computer science degree or months of study. These unplugged ac-

tivities demonstrate that the core concepts are accessible to anyone

willing to spend an afternoon with pen, paper, and dice or scissors.

As LLMs become increasingly central to howwe work with text and

interact with digital systems, this kind of hands-on understanding

becomes not just pedagogically valuable but practically necessary.

LLMs Unplugged is not on its own going to save us from the

impending epistemological polycrisis [27] or stop people falling

in love with chatbots [9]. Still, better and more widespread un-

derstanding of what LLMs are (and aren’t) is critical if we want

people to make better informed decisions about appropriate use

and critical evaluation of their outputs.
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Appendix: lesson cards
The following pages show printable lesson handouts for the lesson

plan described in Section 3.2. Each card is designed to be printed

on double-sided A4 paper and includes the lesson goal, required

materials, step-by-step procedure, and a worked example. The full

set of handouts (as well as instructor notes, interactive demo wid-

gets, and tools for making custom "pre-trained language model"

booklets) can be found on the www.llmsunplugged.org website.
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Training

Build a bigram language model that tracks which words follow which other words 

in text.

You will need

• some text (e.g. a few pages from a kids book, but can be anything)

• pen, pencil and grid paper

Your goal

To produce a grid that captures the patterns in your input text data. This grid is 

your bigram language model. Stretch goal: keep training your model on more 

input text.

Key idea

Language models learn by counting patterns in text. “Training” means building/

constructing a model (i.e. filling out the grid) to track which words follow other 

words.
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Algorithm

1. preprocess your text:

• convert everything to lowercase

• treat words, commas and full stops as separate “words” (and 

ignore all other punctuation and whitespace)

2. set up your grid:

• take the first word from your text

• write it in both the first row header and first column header of 

your grid

3. fill in the grid one word pair at a time:

• find the row for the first word (in your training text) and the 

column for the second word

• add a tally mark in that cell (if the word isn’t in the grid yet, add 

a new row and column for it)

• shift along by one word (so the second word becomes your 

“first” word)

• repeat until you’ve gone through the entire text

Example

Original text: “See Spot run. See Spot jump. Run, Spot, run. Jump, Spot, 

jump.”

Preprocessed text: see  spot  run  .  see  spot  jump  .  run  ,  spot  

,  run  .  jump  ,  spot  ,  jump  .

After the first two words (see  spot ) the model looks like:

see spot

see |

spot

After the full text the model looks like:

see spot run . jump ,

see ||

spot | | ||

run || |

. | | |

jump || |

, || | |
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Generation

Use a pre-trained model to generate new text through weighted random 

sampling.

You will need

• your completed bigram model (i.e. your filled-out grid) from Grid Training

• d10 (or similar) for weighted sampling

• pen & paper for writing down the generated “output text”

Your goal

To generate new text from your bigram language model. Stretch goal: keep 

going, generating as much text as possible. Write a whole book!

Key idea

Language models generate text by predicting one word at a time based on 

learned patterns. Your trained model provides the “next word” options and their 

relative probabilities; dice rolls provide the randomness to choose one of those 

options (and this process can be repeated indefinitely).
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Algorithm

1. choose a starting word—pick any word from the first column of 

your grid

2. look at that word’s row to identify all possible next words and 

their counts

3. roll dice weighted by the counts (see the Weighted Randomness 

lesson)

4. write down the chosen word and use that as your next starting 

word

5. repeat from step 2 until you reach the desired length or a natural 

stopping point (e.g. a full stop . )

Example

Using the same bigram model from the example in Grid Training:

see spot run . jump ,

see ||

spot | | ||

run || |

. | | |

jump || |

, || | |

• choose (for example) see  as your starting word

• see  (row) → spot  (column); it’s the only option, so write down 

spot  as next word

• spot  → run  (25%), jump  (25%) or ,  (50%); roll dice to choose

• let’s say dice picks run ; write it down

• run  → .  (67%) or ,  (33%); roll dice to choose

• let’s say dice picks . ; write it down

• .  → see  (33%), run  (33%) or jump  (33%); roll dice to choose

• let’s say dice picks see ; write it down

• see  → spot ; it’s the only option, so write down spot… and so on

After the above steps, the generated text is “see spot run. see spot”
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Pre-trained Model Generation

Use a (slightly larger) pre-trained model to generate new text through weighted 

random sampling.

You will need

• a pre-trained model booklet

• d10 for weighted sampling

• pen & paper for writing down the generated “output text”

Your goal

To generate new text using a pre-trained language model without having to train 

it yourself. Stretch goal: without looking at the title, try and guess which text the 

booklet model was trained on.

Key idea

You don’t need to train your own model to use one. Pre-trained models capture 

patterns from large amounts of text and can be used to generate new text just 

like your “hand-trained” model from Grid Training.
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Algorithm

Full instructions are at the front of the pre-trained model booklet, 

but here’s a quick summary:

1. choose a starting word—pick any bold word from the booklet 

and write it down

2. look up the word’s entry (i.e. use the booklet like a dictionary) to 

find all possible next words according to the model

3. roll your d10s (if required): check for diamonds next to the word

—this shows how many d10s to roll (e.g. ♦♦♦ means roll 3 d10s). If 

there are no diamonds, there’s only one possible next word—skip 

to step 5. Read the dice from left to right as a single number (e.g. 

rolling 2, 1 and 7 means your roll is 217)

4. find your next word: scan through the followers until you find the 

first number ≥ your roll, or just use the single word if no dice were 

rolled (write it down)

5. repeat from step 2 using this word as your new word, continuing 

this loop until you reach a natural stopping point (like a period) or 

reach your desired text length

Example 1: single d10

Your current word is “cat” and its entry shows:

cat ♦ 4|sat 7|ran 10|slept

• one diamond (♦) means roll 1 d10

• roll your dice: roll a 6

• find the next word: first number ≥ 6 is 7|ran, so next word is “ran”

• write it down, look it up and continue the process

Example 2: multiple d10s

Your current word is “the” and its entry shows:

the ♦♦ 33|cat 66|dog 99|end

• two diamonds (♦♦) means roll 2 d10s

• roll your dice: roll 5 and 8 → combine them to get 58

• find the next word: first number ≥ 58 is 66|dog, so next word is 

“dog”

• write it down, look it up and continue the process
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