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1. A short history of AI
AI IS NOT A TECHNOLOGICAL ARTIFACT; IT IS A CULTURAL ONE!



The classic age

§ 800BC – Homer – The Iliad 
(Book 18)

§ 16th century – The Golem of Prague

§ 1726 – Swift – Gulliver’s Travels
“The Engine”

§ 1872 – Butler – Eherewon
“The book of the machines”

“... Everyone knew how laborious the usual method is of attaining to 
arts and sciences; whereas, by his contrivance, the most ignorant 
person, at a reasonable charge, and with a little bodily labour, might 
write books in philosophy, poetry, politics, laws, mathematics, and 
theology, without the least assistance from genius or study.”

“… but there moved swiftly to support their lord handmaidens wrought 
of gold in the semblance of living maids. In them is understanding in 
their hearts, and in them speech and strength, and they know cunning 
handiwork by gift of the immortal god…”

“There is no security … against the ultimate development of 
mechanical consciousness”   … “ “



The modern age

§ 1950 – Asimov – I, Robot

§ 1950..present – Modern science fiction

§ Also: bits of scientific and technological progress.
 Computers,  Symbolic AI,  Perceptrons,  Language Modeling,
 Artificial Neural Networks, Statistical Machine Learning, …
  slowly setting the stage for a breakthrough moment.

“Well, then, a few thousand workers in 
Tientsin are temporarily out of a job.”



2022 – ChatGPT – Machines talk back.

“ Well, I got a motherf▪▪▪▪▪ AI right now that they did made for me. This n▪▪▪▪▪ could talk to me. 
I’m like, man this thing can hold a real conversa@on?  Like real for real?   Like it’s blowing my mind 
because I watched movies on this as a kid years ago.   […]   I’m like, are we in a f▪▪▪▪▪ movie right 

now, or what?  The f▪▪▪ man?   So do I need to invest in AI ?  ”

Snoop Dogg capturing the essence of the moment at the Milken insLtute.



Now – AI everywhere
§ “ Are we in a        movie, right now, or what ? ”

 Asimov’s word “robot” is Russian for “work” 
 and therefore means “business”.

§ Suddenly. bosses have a lot to say about AI.

 They certainly bet heavily and invest massive sums.
 Many talented engineers are working to make AI real,
 through extensive and methodical trial and error.

§ Expect surprises because a key question remains unanswered.

“Well, then, a few thousand workers in  

Tientsin are temporarily out of a job.”



The key question
Why should oversize versions of Shannon’s statistical language models meet 
expectations shaped by centuries of literature and decades of popular culture?

§ They tend to make up stories with an assured tone that often confounds their users)

§ Skeptics speak of stochastic parrots, able to fool a naive observer with mimicry, 
yet doomed to regurgitate the countless fallacies found in their training data.

§ Yet the many engineers working to make AI real are raking up successes.
Machines have acquired new capabilities (coding, maths, …)

§ But they keep making up stories at unexpected times.



The key question
Why should oversize versions of Shannon’s sta<s<cal language models meet 
expecta<ons shaped by centuries of literature and decades of popular culture?

§ They tend to make up stories with an assured tone that oWen confounds their users)

§ SkepLcs speak of stochas@c parrots, able to fool a naive observer with mimicry, 
yet doomed to regurgitate the countless fallacies found in their training data.

§ Yet the many engineers working to make AI real are raking up successes.
Machines have acquired new capabiliLes (coding, maths, …)

§ But they keep making up stories at unexpected Lmes.

Causal confounding alert

What  makes LLMs resemble mythical AI?
• their nature, or
• the acLvity of engineers seeking this goal?



2. Recipes

HOW TO BUILD A CHATBOT?



Deep learning

CAT

input

desired output func1on with many
adjustable parameters

DOG

training data

output

error

Adjust parameters so as
to lower the average error

compare



Statistical language modeling

Learning to predict the word that follows a text fragment.

“to be or not to 
be, that is” “the”

adjustable function with 
billions of parameters

terabytes of training data
~10,000,000,000,000 words



Statistical language modeling

Repeated applications of the function generates successive words.

“to be or not to 
be, that is the” “question”

adjustable func1on with 
billions of parameters

terabytes of training data
10,000,000,000,000 words



Talking to a pure language model

Why is the sky blue?
...



Talking to a pure language model

The machine is fluent but has no compulsion to answer questions or even to stop talking.
Both problems can be fixed easily by post-training (as opposed to pre-training).

Why is the sky blue?
 Why is the grass green?
 Why are the flowers pretty?
 These questions no longer worry me because your eyes are green.
 My sweet sweet sweet sweet sweet sweet sweet sweet sweet sweet swee



Post-training a responsive chatbot

§  Collect a training set with conversaLons.

§  Fine-tune the model using this new training data.

§  This is comparaLvely very easy.
 100k training conversaLons are enough to turn
 a raw language model into a responsive chatbot.

§ Training directly on such a task would not work.
The magic is in the pre-training.

[USER]
Why is the sky blue?
[MACHINE]
The sky is blue because 
the scattered light...   
[END]

100,000 conversations



Alignment through post-training

Chatbot engineers use post-training to make the machine
resemble what people think artificial intelligence should be.

§ Make the machine prefer responses highly rated by users
 ⊕ Users like answers that are factual, polite, and safe.
 ⊝ Users also reward sycophancy and consensual corporate speech
 ⊙ Sometimes the judges are themselves language models…

§Make the machine reason their answer with bullet points.
 ⊕ Usually improves the quality of the answers.
 ⊝ Providers often hide the “thinking” outputs (but they still charge for it).

The trickiest part of this is making sure post-training does not move the weights too far away.



Post-training for everything

Chatbot engineers use post-training to make the machine
resemble what people think artificial intelligence should be.

§ Make the machine prefer responses highly rated by users
 ⊕ Users like factual and polite answers. 
 ⊝ Sycophantic answers or consensual corporate speech
 ⊙ What happens when the judges are themselves language models?

§Make the machine reason their answer with bullet points.
 ⊕ Usually improves the quality of the answers.
 ⊝ Providers often hide the “thinking” outputs (but they still charge for it).

However:

1) None of this would work without the pre-training step.

  (not enough data to train something like this)

2) Pre-training makes the model fluent 100% of the Ame.

Post-training is hit-and-miss.

  (models s<ll hallucinate answers, reason stupidly, etc.)



3. Sta:s:cal ?

THE CHALLENGES OF POST-TRAINING



Once upon a time.

§ Deep learning check amount reading system
Has processed billions of checks every year for 15 years.
AT&T Bell Labs + NCR, 1996

§ End-to-end differentiable model for the whole task,
trained by optimizing a suitable cost function.

§ Not a general reading machine

§ The testing data and the final training data came directly 
from the check processing machines installed in the check 
processing facilities. Therefore, the data was following the 
intended distribution for this specific application, and our 
benchmarking protocols were sound.



Statistical machine learning

Training and testing samples are assumed
independent and identically distributed (i.i.d.)

§ Therefore, we can rely on statistics.

This led to the training set / testing set paradigm à 

§  Machine learning as an empirical science
§ Modeling hypotheses can be tested using experiments.

§ This single experimental paradigm has driven ML progress for decades. 



Statistical language modeling
Shannon (1948)
§ Shannon models “sources”.

§ Shannon speaks later about modeling “language”, but remains cauLous…

A pragma1cally well-defined 

source of sentences

Different sources 
different statistics.



Statistical language modeling and AI
Large language modeling folklore
§ “With a good model of the (general) distribution of English, 

  a machine can accurately reproduce what a human could have said,
  and, therefore, appear as intelligent as a human.”

Reasons to doubt:
§ The general distribution of English?  Which mix of sources?

§ An important function of language is to occasionally express new ideas!



Distributions for everyone

§ Multistep sampling?  Multiple chains?  Surely a big silicon valley company can do this.

§ However, it does not matter because the users will not do this. 

 Everyone sees a different apparent distribution!

TEXT
URN ?

Sampling pieces of text
§ Pieces of text do not come from an urn.

§ They are obtained by following graphs (internet, citaLons, etc.)

§ Example: Books about love or about war

§ Markov chain sampling with poor mixing properLes.

(see also: Max Nickel, “No Free Delivery Service”, NeurIPS 2024)



How far can statistics take us?

A “perfect” statistical machine
§ A statistical model trained using an “adequately weighted” 

mixture previously written or spoken English.

§ This machine estimates
𝑃 𝑤!. . 𝑤" = 𝑃 𝑤! 𝑃 𝑤# 𝑤! 𝑃 𝑤$ 𝑤!, 𝑤# 	… 	𝑃(𝑤"|𝑤!…)

Having the right training 

mixture is indeed one the 

best kept LLM secrets.

Because the training data is finite, many of

these conditional probabilities cannot be counted exactly. 

The more tokens they span, the worse they get.
Each of these conditional probabilities 

predicts a word given a sequence of 
previous words.



The distant tail

Imagine a text that describes a new physics theory, 
yet unknown to mankind. 
§ Because our distribuLon only represents English up to today, 

this text has near-zero probability for our target distribuLon.

§ The probability goes like 𝑒%&'(,  
quickly much smaller than what our finite training set can describe, 1/(𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔_𝑑𝑎𝑡𝑎_𝑠𝑖𝑧𝑒).

§ This text lies in the distant tail of our target distribuLon,
far from any informaLve training example.



Completions in the distant tail

Given a leading piece of this text, the model can still generate completions…

	𝑃 𝑤0 𝑤012, 𝑤013, 𝑤014, … 	= 	
𝑃(𝑤0, 𝑤012, 𝑤013, 𝑤014, … )
𝑃(𝑤012, 𝑤013, 𝑤014, … )

	 ≅
0
0
	

If we only rely on the fact that the model estimates 
probability distributions, then we cannot say much about 

the model completions in the distant tail.



Completions in the distant tail

Given a leading piece of this text, the model can still generate completions…

	𝑃 𝑤0 𝑤012, 𝑤013, 𝑤014, … 	= 	
𝑃(𝑤0, 𝑤012, 𝑤013, 𝑤014, … )
𝑃(𝑤012, 𝑤013, 𝑤014, … )

	 ≅
0
0
	

If we only rely on the fact that the model estimates 
probability distributions, then we cannot say much about 

the model completions in the distant tail.

Yet we preSy much know what a real LLM would do because 

we have seen them complete scien<fic texts with:

§ gramma%cally correct sentences,

§ arguments that superficially make sense,

§ the assured tone of a respected scien%st,

§ unreliable facts and erroneous conclusions.

What our LLM generates cannot be 
right because our theory might 

discuss facts that are sLll unknown.
This can only be ficLon.



Writing fiction with a machine
Jack calls his mother to tell her about his discussion with Lucy. 
Rewrite in the past tense.

Jack called his mother to tell her about his discussion with Lucy.
Add that the topic was Lucy's good-looking jacket.

Jack called his mother to tell her about his discussion with Lucy 
regarding her good-looking jacket.

You can even say it was stunning!
Jack called his mother to tell her about his discussion with Lucy 
regarding her stunning good-looking jacket.

Ok. So now replace Jack by Mary.
Mary called her mother to tell her about her discussion with Lucy 
regarding her stunning good-looking jacket.

In German now?
Mary rief ihre Mutter an, um ihr von ihrem Gespräch mit Lucy über ihre 
beeindruckend gut aussehende Jacke zu erzählen.
.



Writing fiction with a machine
Jack calls his mother to tell her about his discussion with Lucy. 
Rewrite in the past tense.

Jack called his mother to tell her about his discussion with Lucy.
Add that the topic was Lucy's good-looking jacket.

Jack called his mother to tell her about his discussion with Lucy 
regarding her good-looking jacket.

You can even say it was stunning!
Jack called his mother to tell her about his discussion with Lucy 
regarding her stunning good-looking jacket.

Ok. So now replace Jack by Mary.
Mary called her mother to tell her about her discussion with Lucy 
regarding her stunning good-looking jacket.

In German now?
Mary rief ihre Mutter an, um ihr von ihrem Gespräch mit Lucy über ihre 
beeindruckend gut aussehende Jacke zu erzählen.
.

§ Such manipulations can be used to generate stories 
that can be arbitrarily far away from the training data. 
You can name new characters fresh from your fancy, 
evolving in imaginary worlds…



Conversation with a machine
Jack calls his mother to tell her about his discussion with Lucy. 
Rewrite in the past tense.

Jack called his mother to tell her about his discussion with Lucy.
Add that the topic was Lucy's good-looking jacket.

Jack called his mother to tell her about his discussion with Lucy 
regarding her good-looking jacket.

You can even say it was stunning!
Jack called his mother to tell her about his discussion with Lucy 
regarding her stunning good-looking jacket.

Ok. So now replace Jack by Mary.
Mary called her mother to tell her about her discussion with Lucy 
regarding her stunning good-looking jacket.

In German now?
Mary rief ihre Mutter an, um ihr von ihrem Gespräch mit Lucy über ihre 
beeindruckend gut aussehende Jacke zu erzählen.
.

§ Such manipula@ons can be used to generate stories 
that can be arbitrarily far away from the training data. 
You can name new characters fresh from your fancy, 
evolving in imaginary worlds…

§ The number of possible stories grows quickly.

Soon to exceed the size of any training set!

§ The machine does not just repeat fallacies found in the 

training set,   It can make new ones!



The last Structuralist

Zellig S. Harris
(1909-1992)

Structural linguistics
§ Each language is a set of discourses.

§ This set is shaped with regular structures
  that can be discovered from examples.

Later linguistics (e.g., Chomsky’s minimal program)
§ Strict separation of grammar vs semantics.
§ Great advances in formal grammar theory.
§ Large Language Modeling is not one of them!

Language is 
designed to be 

learnable

汉语 ?



The structure of the set of discourses 

§ The set of discourses
is described by basic forms 
and successive sentence 
transformaLons.

§ Harris describes procedures to 
discover them, and uses them 
to construct a grammar of English
(“operator grammar”).

Change 
tense

Rename 
subject

Change 
place

Change 
a word

1968



The structure of the set of discourses 

§ The set of discourses
is described by basic forms 
and successive sentence 
transformaLons.

§ Harris describes procedures to 
discover them, and uses them 
to construct a grammar of English
(“operator grammar”).

Change 
tense

Rename 
subject

Change 
place

Change 
a word

1968

Transformations are not just 
syntactic constructs. They 

impinge on semantics.



Learning compositional models

§We have unsuccessfully tried to learn composi<onal models for decades. 

§The transformer architecture used in these 
achieves the feat, not by design but by chance.
They s<ll need inhuman amounts of training data.

§We are barely star<ng to understand why and how this is happening.
Yet this is something important to understand.

* (Zhang et al., Memory Mosaics, 2024)  + exci4ng work in progress

This is my highest priority research goal  



Learning compositional models
Classical perspective

§ Every text fragment follows a same 
distribution conditioned on the preceding 
text.

§ Therefore, we can construct a general 
statistical language model by minimizing a 
token prediction cost (entropy) on the right 
mix of sources.

§ We hope that the model will discover 
representations that will help giving good 
predictions in the distant tail.  

New perspective

§ Every piece of text follows its own distribution, 
conditioned by possibly unknown factors. 
However, we also assume that these text 
distributions share a common structure

§ We seek models than quickly adapt to new text 
distributions and therefore can predict the 
remaining text more accurately.

§ Learning to adapt quickly means discovering all 
that these distributions have in common.

* (Zhang et al., Memory Mosaics, 2024)  + exciting work in progress



4. The Fiction Machine

UNDERSTANDING PRE-TRAINING



“The garden of forking paths” (Borges, 1941)

"Fang, let us say, has a secret. A stranger knocks at his door. Fang makes 
up his mind to kill him. Naturally, there are various possible outcomes. 
Fang can kill the intruder, the intruder can kill Fang, both can be saved, 
both can die and so on and so on. In Ts'ui Pen's work, all the possible 
solutions occur, each one being the point of departure for other 
bifurcations. Sometimes the pathways of this labyrinth converge. For 
example, you come to this house; but in other possible pasts you are my 
enemy; in others my friend.”

Bottou and Schoelkopf (2023) : Borges and AI.   arXiv 2310.1425



The garden of all texts

The set of all texts
§Not just all texts that have been written, 

but all texts that “make sense”. 

§This set is obviously infinite.
But we can represent approximations
because it has a structure.



An idealized language model

1. Find an occurrence of the words printed on 
the tape in the garden of all texts.

2. Read the word that follows that occurrence 
and prints it on the tape aOer the other ones.

3. Repeat.



An idealized language model

1. Find an occurrence of the words printed on 
the tape in the garden of all texts.

2. Read the word that follows that occurrence 
and prints it on the tape after the other ones.

3. Repeat.

Always generate text that “makes sense”.



The idealized language model

1. Find an occurrence of the words printed on 
the tape in the garden of all texts.

2. Read the word that follows that occurrence 
and prints it on the tape after the other ones.

3. Repeat.

Each word added on this tape narrows the subset of possible 

continuations in our collection. Like Ts’ui Pen’s forking paths, 

each addition constrains the story, the characters, their roles, 

their ideas, their future, and at the same time serves as a starting 

point for an infinite sequence of forks.



Narrative necessity

At any instant, our imagined apparatus is about to continue a story 
that is solely constrained by the narrative demands of the text 

already printed on the tape. 

Neither truth nor intentions matter to the operation of this machine.
Only narrative necessity !



NarraOve necessity
The ability to recognize the demands of a narrative 
is a flavor of knowledge distinct from the truth.

§ What is true in the world of the story need not be true in our world. 
§As new words are printed on the tape, the machine borrows facts from 

the training data (not always true) and fills the gaps with plausible 
inventions (not always false).

§Not hallucinations but confabulations.*

(*see also, B. Millidge, 2023, https://www.beren.io/2023-03-19-LLMs-confabulate-not-hallucinate  )
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Truth in fiction
True or False:  “Sherlock Holmes lives on 221B Baker Street?” 
§ Sherlock does not exist
§ Yet this is better than claiming he lives in Italy. 

Lewis proposes to consider truth in multiple worlds:
 “In the fictional world of the Sherlock Holmes books, …”

Things get interesting when assertions spans several worlds
 “If kangaroos had no tails, they would topple over.”
§ Meaning: “in worlds that resembles ours except for this fact…”
§ This leads to modal logics, richer than Boolean logic.

David K. Lewis 
(1941-2001)

(David Lewis: “Truth in Fiction” 1978;  “Counterfactuals”, 1973)



The fic'on machine
A perfect language model is a machine that prints fic@on on a tape.
§Neither truth nor inten<on are relevant to its opera<on.

The machine only knows narra<ve necessity.

§Pre-training builds an approxima<on of the fic<on machine.
This is possible because the set of all texts has a strong structure!

(Bottou & Schölkopf, Borges and AI, 2023)



The fiction machine
A perfect language model is a machine that prints fiction on a tape.
§Neither truth nor intention are relevant to its operation.

The machine only knows narrative necessity.

§Current LLMs are still crude approximations of the fiction machine

Bait and switch alert
§We have been sold an artificial intelligence worthy of science-fiction, 

soon with perfect reasoning abilities, encyclopedic knowledge,

urbane manners, and guaranteed reliability.



Bait and switch?
We can already dis@nguish two different kind of AI applica@ons.
§ The crea<ve assistant, writes passable poetry, job applica<on leSers, dungeons 

and dragons’ scenarios, cool looking pictures, computer code proposi<ons, 
nice looking plots and presenta<ons, etc.  
 à Users save <me but must check the result (they’re responsible).

§ The talking encyclopedia, in essence a search engine on steroids, able to 
reliably give useful informa<on about anything, solve high school math 
problems, make reliable travel plans, handles consumer rela<ons, etc.  
 à Users must be able to trust the result.



Bait and switch?
We can already distinguish two different kind of AI applications.
§ The creative assistant, writes passable poetry, job application letters, dungeons 

and dragons’ scenarios, cool looking pictures, computer code propositions, 
nice looking plots and presentations.  
 à Users save time but should check the result.

§ The talking encyclopedia, in essence a search engine on steroids, able to 
reliably give useful information about anything, solve high school math 
problems, make reliable travel plans, handles consumer relations, etc.  
 à Users must be able to trust the result.

Suitable for
 the fiction machine?

Can we align
the fiction machine?



5. Alignment

THE CHALLENGES OF POST-TRAINING



?

The factual machine

The garden of all factual texts
§Not just all texts that have been written, 

but all texts that make sense 
are true in our world.

§What about its compositional structure?

§What about the distant tail?



Truth in the distant tail

Sentence manipulations do not usually preserve truth
  “During the 1955 robbery of the Agloe general store,
   the robbers left with a powerful yellow car.”
 à “… The robbers left with a powerful red car.” 

Only one of these assertions is useful to the police.

A priori, nothing tells us which one is true.

The model just needs to know countless facts.



The curse of alignment
The set of the factual texts has a much weaker structure than the set of all texts.
In the distant tail, the aligned machine can no longer rely on the rich 
compositionality of language. 

§ The aligned machine only gives what it has been trained on.

      à This is not a catastrophe. With suitable engineering and investment,
 we can build aligned machines that can address valuable verticals
 e.g., automated travel agent, and other subsets of the talking encyclopedia, …

§ The fiction machine gives more than what it has been trained on.

       à This makes the fiction machine the more interesting object of study.

* (Alison Gopnik, Stone Soup AI, 2024, https://simons.berkeley.edu/news/stone-soup-ai )
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The curse of alignment
The set of the factual texts has a much weaker structure than the set of all texts.
In the distant tail, the aligned machine can no longer rely on the rich 
composi<onality of language. 

§ The aligned machine only gives what it has trained on.

      à This is not catastrophe. With suitable engineering and investment,
 we can build aligned machines that can address valuable verLcals
 e.g., automated travel agent, and other subsets of the talking encyclopedia, …

§ The fic<on machine gives more than what it has trained on.

       à This makes the ficLon machine the more interesLng object of study.

* (Alison Gopnik, Stone Soup AI, 2024, https://simons.berkeley.edu/news/stone-soup-ai )

Not so fast!
Can’t we use deductive logic to expand known facts into new facts?

https://simons.berkeley.edu/news/stone-soup-ai
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Laundry reasoning (2022)
Successful application of 
the wrong reasoning 
template.
§ What about replacing the

word “dry” with “iron” ?

§ Easily fixed by post-training. 
Today machines tend to babble 
about laundry tasks that are 
parallel (drying) or sequential 
(ironing). A vestigial discussion.



Laundry reasoning (2022)
Successful application of 
the wrong reasoning 
template.
§ What about replacing the

word “dry” with “iron” ?

§ The question does not specify 
the size of the drying line.

§ In general, we can let clothes 
dry in parallel, but we iron them 
sequentially. However, if the 
drying line can only fit one piece 
of clothing…

Good news: this model can apply a 
reasoning pafern to a problem.

Even if wrong..

Incomplete specifica1on
undermines informal logic.



The world of mathematical objects
“In pure mathematics, actual objects in the world of existence will never be in 
question, but only hypothetical objects having those general properties upon 
which depends whatever deduction is being considered.”  (Bertrand Russel)

The world of mathematical objects is a fiction. 
§ It is a special world in which truth follows clear rules:
  If the premises of a theorem are true, its conclusions are also true.

§ The challenge is to correctly map things that exist in our world 
  to things that exist in the ideal world of mathematics and logic.



6. Understanding the
 world with fiction
WE ARE FICTION MACHINES



The storytelling computer
“I think Turing and Minsky were wrong.” 
“We forgive them because they were smart mathematicians, 
but like most mathematicians, they thought reasoning is the 
key, not the byproduct.” 
“My belief is the distinguishing characteristic of humanity is 
this keystone ability to have descriptions with which we 
construct stories. I think stories are what make us different 
from chimpanzees and Neanderthals. And if story-
understanding is really where it’s at, we can’t understand 
our intelligence until we understand that aspect of it.”

Patrick Winston
(1943-2019)

(Thanks to Max Nickel for poin1ng out Winston’s view)



The storytelling computer
“I think Turing and Minsky were wrong.” 
“We forgive them because they were smart mathematicians, 
but like most mathematicians, they thought reasoning is the 
key, not the byproduct.” 
“My belief is the distinguishing characteristic of humanity is 
this keystone ability to have descriptions with which we 
construct stories. I think stories are what make us different 
from chimpanzees and Neanderthals. And if story-
understanding is really where it’s at, we can’t understand 
our intelligence until we understand that aspect of it.”

Patrick Winston
(1943-2019)

(Thanks to Max Nickel for pointing out Winston’s view)

This is not just about machines.
This is about us too.



Borges’ views on Ome
The Garden of Forking Paths is an enormous guessing game, or parable, in which 
the subject is time. [...]  Differing from Newton and Schopenhauer, your ancestor 
[…] believed in an infinite series of times, in a dizzily growing, ever spreading 
network of diverging, converging, and parallel times..  (Borges, 1941)

§ When we operate a language model, we can rewind the tape and 
pick another path as if nothing had happened. 

§ But we do not go back in time ourselves. We merely follow a time 
trajectory that includes rewinding the tape and observing the 
machine continue as if time had been briefly reverted.
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§ Just like the characters of a story, we cannot rewind our own time and 

explore other paths, but we can sometimes discern in their forking 

timelines a warped version of our reality. 

§ Like sentences in a language model, our own story might just be

a few transformations away from their stories. 



Understanding facts with ficOon
Imagine the story of a historical ba3le.
à Knowing the sequence of events is not enough.

Understanding means being able to imagine
how events could have unrolled 
under different condi%ons or decisions.

à To understand the factual story, 
we must formulate stories that are not true.

à We formulate such alterna%ve %melines using common sense and knowledge.
Few of us took part in historical baQles, but we read about baQles.
Most of what we read was fic%on…



Understanding facts with fiction
Imagine the story of a historical battle.
à Knowing the sequence of events is not enough.

Understanding means being able to imagine
how events could have unrolled 
under different conditions or decisions.

à To understand the factual story, 
we must formulate stories that are not true.

à We formulate such alternative timelines using common sense and knowledge.
Few of us took part in historical battles, but we read about battles.
Most of what we read was fiction…

We are fiction machines!Remember the last thing you thought about.Was it a raw fact or a story about what could be?



Weather stories

The weather as an expression 
of the moods of the gods.
§ “There is thunder because Zeus is angry.
    There is a small ray of sun because Hera just arrived.
    Zeus’ anger will soon subside, and the fair weather will return.” 

§ “Of course, there is only so much we can predict 
   because the moods of the gods are ever changing.”



Weather stories
The weather as a dynamical system
obeying some flavor of Navier Stokes 
(with water phase changes, etc.)

§ “Finite element simulaTon tells us why
    the thunderstorm will subside and
    when the fair weather will return.”

§ “Of course, there is only so much we can predict
   because this is a chaoTc dynamic system.”
  



Weather stories

The weather according to the tv anchor.
§ “ A mass of warm air coming from the south
    met a mass of cold air from Canada.
    This encounter caused nasty thunderstorms.
    Fair weather will return in the afternoon
    as the weather system moves west.” 

§ “Of course, we can only predict the effects
    of weather systems visible on the radar map.”



Validating theories
How to decide which “mythology” offers 
the best way to reason about the weather?

§ With the scientific method:
  comparing predictions and facts
  in well designed experiments!

§If we use the fiction machine to construct theories,
  do we need a separate machine to design experiments
  and reason about their outcomes? 



The machine within the machine

Imagine a machine that tells a story about a machine that tells stories.

§ The outer machine can produce a story that names certain facts and decides which of 
the inner machine stories best predicts theses facts.

§ The outer machine “facts” may or may not 
pertain to our world.

§ The outer machine and the inner machine 
are in fact the same machine: they have the 
same capabili%es and knowledge.



The machine within the machine

Imagine a machine that tells a story about a machine that tells stories.

§ The outer machine can produce a story that names certain facts and decides which of 
the inner machine stories best predicts theses facts.

§ The outer machine “facts” may or may not 
pertain to our world.

§ The outer machine and the inner machine 
are in fact the same machine: they have the 
same capabili%es and knowledge.

Cogito ergo sum?



Anecdotal evidence

DeepSeek R1 – Does this behavior arises because of RL only?  Or was it in the training data?



7. Conclusions



Messages

1) Not super-intelligences in the making, just fic<on machines.
 No truth, no intenLon, only narraLve necessity

2) We grasp our world through fic<on.
 We must imagine before we can reason

3) AI is oeen sold as a tool to relieve yourself from the burden of thinking.
 If you use AI in this way, bad things will happen to you.
AI is most useful when it makes you smarter.
 Always cross-check, verify, discuss, debate, challenge, and learn.
 Never accept a soluLon without making your brain work.
 >> Privacy concerns <<



Meta-message

This talk itself is only a story:
§  A story that maybe tells something useful about AI and about intelligence.

 For instance, suggesting potentially interesting research avenues, etc.

§  How does it compare with competing stories about AI?
 I find it richer than the singularity cult or the terminator apocalypse.

§  Wait and see how it endures the facts?
 But if you’re using its framework to judge this story, you’re already convinced!


