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An oversimplified visualization of how large language models work

I'm appearing on a panel on Al in a few weeks at the American Society of Law Medicine and
Ethics. One of the agenda items is a discussion of how Large Language Models work. | guess
there are a lot of people who don't know. And there are even more — including me — who don't
understand many of the complications. But | thought | would use Generative Al to build a
basic visual guide to how Generative Al works. (I'm treating Generative Al and Large
Language Models as synonyms here). Here is the result of about 30 minutes of collaboration
with Al. See the "how it was done" appendix if you are interested in the workflow as much as
the result. If you want just the visualizations in the form of a PowerPoint, those are also in the

Appendix.

How Modern LLMs Work: A Brief Tour for Law Professors

A large language model is, at bottom, a very large mathematical function that takes a stretch
of text and predicts what word is likely to come next. Run that prediction over and over,
feeding each new word back in, and you get the fluent prose you see in ChatGPT or Claude.
Everything else is engineering and scale.
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@1; LLMs at Bottom: Next-Word Prediction

At its core, a large language model (LLM) is a very large mathematical function.

It takes a stretch of text and predicts the next word.

LLM: a very large OUTPUT: next-word probabilities
INPUT: context (tokens) mathematical function (ranked)
\ 1. the NN 0.32
% predict select
the court held that” ; L L M next word 2. a I 0.18 (top word)
3. this [ 0.08
= —>| the
4. such 0.05
(billions of parameters) 5. it 0.04
UPDATED INPUT
(append selected word)
repeat
the court held that the the new word becomes part of the context; Fluent prose emerges
the model predicts again. one word at a time.

Everything else is engineering and scale. Better data, model architectures, training, and compute—

not a different objective.

The architecture doing the predicting is called a transformer. Its central trick is attention, and
specifically multi-headed attention. When the model processes a sentence, every word looks

at every other word and decides how much each one matters for understanding it. In "the
bank refused the loan," the word "bank" attends strongly to "loan" and decides it means a
financial institution, not a riverbank. "Multi-headed" means the model performs many such
comparisons in parallel — one head might track grammatical structure, another semantic

similarity, another which pronoun refers to which noun. The model does not know that these

are the jobs; the heads simply learn to specialize during training. Attention produces raw
numerical scores, which get converted into probabilities by a function called softmax.
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2. Transformers and Attention

™
How a transformer decides what matters in a sentence.

* “bank” attends most

strongly to “loan” —

financial institution.

(not riverbank)

1 2 3
[ the ] { bank ] [ refused ] [ ‘ [ loan ]4—
1 2 3 4 5
@ Head 1
ead 1: focuses on
O O syntactic roles
Multi-H'ead Head 2: o Sirn focuses on
Attention < semantic O —— O O—>O meaning
(examples of similarity relatedness
learned patterns) | J{
Head 3: | focuses on
reference / | Q O O M coreference
_ | relationships | & relations

Each word looks at
every other word.
Attention weights
indicate what matters.

L

Multiple attention
heads run in parallel.
During training, heads
learn to specialize.

‘ AE Attention is how transformers decide what matters—across many perspectives at once. Those signals

are combined to build rich, context-aware representations used for prediction.

Softmax takes any list of numbers and squashes them into weights that sum to one — a
probability distribution. It is how the model expresses "I'm 73% confident the next word is
‘court’, 12% 'judge’, 4% 'jury'..." Every word the model emits is a draw from a softmax

distribution.
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g. Softmax: From Scores to Probabilities

I

Turning raw scores into a probability distribution.

RAW SCORES
(logits)

r court 3.21
judge 1.24
jury 0.32
statute -0.45
order =372

J

-

SOFTMAX PROBABILITIES
(sum =1.00)
~
=
SOftmaJC(Z) 1. court [N 073
o ; 2. judge N 0.12 B
125 = T e 3. juy M 0.04 | { to
I 1.00
P 4. statute [ 0.03
Converts any real-valued 5. order 0.02 | J
scores into probabilities L

that sumto 1.

QE Every emitted word is a draw from this distribution.

Training proceeds in three stages. Pretraining is brute force: the model reads a substantial
fraction of the internet, plus books, code, and academic writing, and is rewarded for predicting
the next word correctly. This takes months and produces something that has absorbed
enormous information but does not yet know how to be helpful — it will happily continue your
question with three more questions. Instruction tuning fixes this. Human contractors write
example prompts paired with good responses, and the model is fine-tuned on these to learn
the conversational form. The third stage is reinforcement learning from human feedback:
humans rate pairs of responses, a separate "reward model" learns to predict those
preferences, and the main model is trained to maximize predicted reward. This is what makes
Claude polite, ChatGPT cautious, and both reasonably resistant to producing slurs or bomb

recipes.
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4. Training in Three Stages

From raw prediction machine to helpful assistant.

o Pretraining

=

e Instruction Tuning

Train on vast amounts of text.

@ Internet

q Academic (billions of parameters)
i

writing

Train on example prompts
with good responses.

Prompt (example) Good response (example)

————————
Hearsay is an out-of-court |
statement offered to prove

the truth of the matter
asserted.

@® Explain the rule
@ ,gainst hearsay.

@ Draftamotionto Sure here is a draft
@B dismiss for lack of = | motion to dismiss for lack ‘

jurisdiction. of jurisdiction ..
@ Summarize this This clause limits liability
@ ontract clause. for indirect damages ...

Learns next-word prediction.
Absorbs enormous information

but is not yet helpful.

Learns the conversational form:
follows instructions and produces

helpful responses.

p 4

Reinforcement Learning
from Human Feedback (RLHF)

Humans compare responses.
The best is rewarded.

Response A

' Reward

ASB model
_» Hiimian \’ ResponseB %

rater

¥

| \" L% Main model
4’ (the LLM)
7

Optimized for helpfulness,
caution, and safety.

Learns from human preferences.
Improves helpfulness, honesty,

and safety.

Beyond these basics, models can be specialized through further fine-tuning — additional

training on a narrower corpus to produce, say, a model fluent in contract drafting or in medical
records. Distillation is the complementary move: a small "student" model is trained to imitate
the outputs of a large "teacher" model, inheriting much of its capability at a fraction of the size

and cost. Most cheap, fast models you encounter are distilled from larger siblings.
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5. Fine-Tuning and Distillation

Specialization and compression after the base model.

SR FINE-TUNING

Take a general-purpose base model and further
train it on a narrower, domain-specific corpus.

General-Purpose
Base Model

73

Further train on Specialized
domain-specific data Model

E Contract
Drafting
Medical
Records

(narrow, high-quality
domain corpus)

LLM

(broad knowledge)

(domain fluent)

* Result: The model becomes fluent and accurate
in the target domain.

oS

DISTILLATION

Transfer knowledge from a large teacher model
to a smaller student model via imitation.

Large Teacher

Knowledge
Model Teaneten Smaller Student
Model
imitation
— | &
soft targets,
predictions, L L M
(high capability) patterns (compact, efficient)

Lower Cost Faster Speed Smaller Size
cheaper to run = lower latency, fewer parameters,
and deploy

higher throughput less memory

* Result: Many cheap, fast models you use every day
are distilled from larger, more expensive siblings.

All of this is staggeringly compute-intensive. Training a frontier model consumes electricity on

the scale of a small city for months, which is why the major labs are now building or
contracting for dedicated power generation. The computations themselves are
overwhelmingly tensor operations — large matrix multiplications — and they run on

specialized chips, primarily Nvidia's GPUs and increasingly custom accelerators like Google's
TPUs, designed to perform thousands of such operations in parallel. Access to these chips

has become a strategic and geopolitical resource.
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6. Compute, Chips, and the Geopolitics of Scale

Why frontier models require enormous physical infrastructure.

POWER & ELECTRICITY DATA CENTER SCALE THE CORE COMPUTATION SPECIALIZED CHIPS
- Mostly large matrix multiplications Massive parallelism
NVIDIA GPUs
B (kxn) C(mxn) Thousands of cores
TR il for parallel compute m
I i TPUs (Google)
L3 s (Google]
I?I‘ Optimized for tensor E> :g\j::i;;
i
Enormous, reliable power e chipsis a
24/7 for months Hundreds of thousands of chips C=AxB Custom Accelerators strategic
connected at high bandwidth (performed billions of times) Designed for model resource.
®  training at scale =

Specialized chips perform
thousands of operations

in parallel.

Architecture drives performance.

Frontier training consumes The work is mostly large
vast electricity for months. matrix multiplications.
Power is a binding constraint. Math at scale.

A GEOPOLITICAL SUPPLY CHAIN
Chips and the infrastructure around them
span the globe—and intersect with
national security and industrial policy.

.

U.S. Design Taiwan South Korea Netherlands / Japan Global
(Innovation) (Fabrication) (Memory) (Equipment) (Data Centers)

z =

* Compute is power. Who controls advanced chips—and the infrastructure to use them—shapes economic leadership and national security.

The newest development is reasoning models and inference-time compute. Until recently, a
model's intelligence was fixed at training time. Reasoning models — OpenAl's o-series,
Anthropic's extended thinking, DeepSeek's R1 — are trained, often through reinforcement
learning on problems with checkable answers like math and code, to produce long internal
chains of thought before responding. Performance scales with how long you let them think;
compute spent at inference is partially substitutable for compute spent at training. For legal
work this matters because reasoning models are markedly better at tasks with structure —
statutory interpretation, multi-step argument, spotting inconsistencies across a record — while
ordinary models remain faster and cheaper for drafting and summarization. The practical
question for any task is no longer just which model but how much thinking to buy.
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7. Reasoning Models and Legal Work

Inference-time compute changes what you are buying.

7=

THE SAME REASONING MODEL, DIFFERENT THINKING BUDGETS WHERE REASONING MODELS SHINE

IN LEGAL WORK
§ = / BT Sta.tutory interpretation
; 3 _’ | — = — —> 0 —’ (accuracy) @ | % Weigh text, context, canons,
seconds i 2 > == legislative history, and policy.
- | Generate Check partial Backtrack Arrive at 3
Short thinking | initial thoughts work once answer | ~55%
budget :

©—  Multi-step legal argument
0-0-0 Bui o
o uild layered arguments, anticipate
(=] counterarguments, and refine.
+ Wy

o — / Performance — Spot inconsistencies
- @ — -5 gl — ! )= ;—!—} (@) b S e record
seconds 3 :

i ™ Tt I Reconcile statements, timelines,
i Generate Check and Explore Backtrack  Validate Arrive at | ~90%+ exhibits, and testimony.
Long thinking | rnarwyfpt.lf.ms verify steps  alternatives multiple tlmes"" conclusion answer
budget

WHERE ORDINARY MODELS EXCEL

, Drafting & summarization
Fast, inexpensive, and good enough
for routine first drafts and summaries.

@ Speed and cost matter

Lower latency and cost for high-volume,
time-sensitive tasks.

Q More thinking time - more exploration, verification, and self-correction - better answers.
L

Examples: OpenAl o-series (01, 03), Anthropic extended thinking, DeepSeek R1

* The practical question is no longer just which model, but how much thinking to buy.

Appendix: How This Post Was Created

This post serves two purposes. First is the obvious one: explain how large language models
(Al) works to a non-technical audience. The second is more meta. If you think the post is kind
of cool — particularly the visualizations — you might be interested in how to generalize, how to

create posts on different topics with a similar visualization-heavy style. This appendix
addresses both issues.

First, | just gave Claude (Opus 4.7) a basic question. | probably should have done this in
Claude for Word, but habit took me to the regular web interface. It took a little bit of domain
knowledge but, as you can see, the prompt was very basic.

Come up with a very high level description of how modern transformer LLMs work and
how they are trained. The audience is non-technical law professors. | do think we need
the vocabulary of multi-headed attention and softmax and reinforcement learning and
instruction tuning but we can't be going through block diagrams. We also need to

discuss the newer development of reasoning models and inference time compute. | am
thinking 600 words is about right.

Claude produced something decent but on reading it, | realized it needed a bit more to
capture some issues relevant to many law professors.
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https://legaled.ai/claude-for-word-is-ridiculously-useful/

Could we add a paragraph on other forms of fine tuning and distillation. Could you also
a very brief mention of where the energy costs fit in and the importance of specialized
chips to do the computations — mostly tensor calculations — at speed.

Here is Claude's response. I've wrapped it in a bit of HTML code so that it is more attractive
when viewed in this blog.

How Modern LLMs Work: A Brief Tour for Law Professors

A large language model is, at bottom, a very large mathematical function that takes a stretch
of text and predicts what word is likely to come next. Run that prediction over and over,
feeding each new word back in, and you get the fluent prose you see in ChatGPT or Claude.
Everything else is engineering and scale.

The architecture doing the predicting is called a transformer. Its central trick is attention, and
specifically multi-headed attention. WWhen the model processes a sentence, every word
looks at every other word and decides how much each one matters for understanding it. In
"the bank refused the loan," the word "bank" attends strongly to "loan" and decides it means a
financial institution, not a riverbank. "Multi-headed" means the model performs many such
comparisons in parallel — one head might track grammatical structure, another semantic
similarity, another which pronoun refers to which noun. The model does not know these are
the jobs; the heads simply learn to specialize during training.

Attention produces raw numerical scores, which get converted into probabilities by a function
called softmax. Softmax takes any list of numbers and squashes them into weights that sum
to one — a probability distribution. It is how the model expresses "I'm 73% confident the next
word is court, 12% judge, 4% jury..." Every word the model emits is a draw from a softmax
distribution.

Training proceeds in three stages. Pretraining is brute force: the model reads a substantial
fraction of the internet, plus books, code, and academic writing, and is rewarded for predicting
the next word correctly. This takes months and produces something that has absorbed
enormous information but does not yet know how to be helpful — it will happily continue your
question with three more questions. Instruction tuning fixes this. Human contractors write
example prompts paired with good responses, and the model is fine-tuned on these to learn
the conversational form. The third stage is reinforcement learning from human feedback:
humans rate pairs of responses, a separate "reward model" learns to predict those
preferences, and the main model is trained to maximize predicted reward. This is what makes
Claude polite, ChatGPT cautious, and both reasonably resistant to producing slurs or bomb
recipes.
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Beyond these basics, models can be specialized through further fine-tuning — additional
training on a narrower corpus to produce, say, a model fluent in contract drafting or in medical
records. Distillation is the complementary move: a small "student" model is trained to imitate
the outputs of a large "teacher" model, inheriting much of its capability at a fraction of the size
and cost. Most cheap, fast models you encounter are distilled from larger siblings.

All of this is staggeringly compute-intensive. Training a frontier model consumes electricity on
the scale of a small city for months, which is why the major labs are now building or
contracting for dedicated power generation. The computations themselves are
overwhelmingly tensor operations — large matrix multiplications — and they run on
specialized chips, primarily Nvidia's GPUs and increasingly custom accelerators like Google's
TPUs, designed to perform thousands of such operations in parallel. Access to these chips
has become a strategic and geopolitical resource.

The newest development is reasoning models and inference-time compute. Until recently,
a model's intelligence was fixed at training time. Reasoning models — OpenAl's o-series,
Anthropic's extended thinking, DeepSeek's R1 — are trained, often through reinforcement
learning on problems with checkable answers like math and code, to produce long internal
chains of thought before responding. Performance scales with how long you let them think;
compute spent at inference is partially substitutable for compute spent at training.

For legal work this matters because reasoning models are markedly better at tasks with
structure — statutory interpretation, multi-step argument, spotting inconsistencies across a
record — while ordinary models remain faster and cheaper for drafting and summarization.
The practical question for any task is no longer just which model but how much thinking to
buy.

That's a fine lecture but a lot of people are visual learners. Claude doesn't have an image
model (yet), so | hopped over to ChatGPT, which now has a fabulous vision model. The
prompt was again simple.

Take this essay and for each paragraph create a graphic explaining what is being
discussed. The audience is law professors. Try to capture the ideas involved as much
as the details. Each image should have a 16 x 10 aspect ratio. % %% [insert Claude's

last response here]

ChatGPT then produced a lovely collage for me.
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LLMs at Bottom: Transformers and Attention
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Unfortunately, | wanted separate images and ChatGPT had responded to the first Claude
response, the one that had not included the discussion of electricity use. | thus revised the
prompt.

That's good but we need separate images, not a composite image. Let's try this again. |
need 7 16 x 10 images one for each major section of this slightly revised essay.

ChatGPT then responded with the seven images you see shown above. And, basically, that's
it. To produce the PowerPoint | just went back to Claude, gave it the seven image files |
downloaded from ChatGPT, and told it to make a PowerPoint out of it. (Claude is better than
ChatGPT at PowerPoint).

And one final step. Perhaps mistakenly, | originally drafted the blog post inside the ghost
editor instead of Microsoft Word. When | was done drafting, however, | just cut and pasted my
work into Word (three cheers for Control-a, Control-c), launched the Claude for Word add-in,
and used its /copy-edit command to spot typos, grammar errors and the like. It found seven
minor errors, none of which my dear readers will now ever see.

And that's pretty much it: about 30 minutes of work, most of which was waiting for ChatGPT to
create the seven images. Maybe someone should automate the process with a lecture-to-
visualizations skill? Remember, skill files generally work in ChatGPT as well as in Claude.
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