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1 Introduction

This is a weird time to be alive.

I grew up on Asimov and Clarke, watching Star Trek and
dreaming of intelligent machines. My dad’s library was
full of books on computers. I spent camping trips reading
about perceptrons and symbolic reasoning. I never imag-
ined that the Turing test would fall within my lifetime.
Nor did I imagine that I would feel so disheartened by it.

Around 2019 I attended a talk by one of the hyperscalers
about their new cloud hardware for training Large Lan-
guage Models (LLMs). During the Q&A 1 asked if what they
had done was ethical—if making deep learning cheaper
and more accessible would enable new forms of spam and
propaganda. Since then, friends have been asking me
what I make of all this “Al stuff”. I've been turning over
the outline for this piece for years, but never sat down to
complete it; I wanted to be well-read, precise, and thor-
oughly sourced. A half-decade later I've realized that the
perfect essay will never happen, and I might as well get
something out there.

This is bullshit about bullshit machines, and I mean it. It is
neither balanced nor complete: others have covered eco-
logical and intellectual property issues better than I could,
and there is no shortage of boosterism online. Instead, I
am trying to fill in the negative spaces in the discourse.
“Al” is also a fractal territory; there are many places where
[ flatten complex stories in service of pithy polemic. I am
not trying to make nuanced, accurate predictions, but to
trace the potential risks and benefits at play.

Some of these ideas felt prescient in the 2010s and are now
obvious. Others may be more novel, or not yet widely-
heard. Some predictions will pan out, but others are wild
speculation. I hope that regardless of your background
or feelings on the current generation of ML systems, you
find something interesting to think about.

1.1 What s “AI”, Really?

What people are currently calling “Al” is a family of so-
phisticated Machine Learning (ML) technologies capable
of recognizing, transforming, and generating large vec-
tors of tokens: strings of text, images, audio, video, etc. A
model is a giant pile of linear algebra which acts on these
vectors. Large Language Models, or LLMs, operate on natu-
ral language: they work by predicting statistically likely
completions of an input string, much like a phone auto-
complete. Other models are devoted to processing audio,
video, or still images, or link multiple kinds of models
together.!

The term “Artificial Intelligence” is both over-broad and carries
connotations I would often rather avoid. In this work I try to use “ML”

Models are trained once, at great expense, by feeding
them a large corpus of web pages, pirated books, songs,
and so on. Once trained, a model can be run again and
again cheaply. This is called inference.

Models do not (broadly speaking) learn over time. They
can be tuned by their operators, or periodically rebuilt
with new inputs or feedback from users and experts. Mod-
els also do not remember things intrinsically: when a
chatbot references something you said an hour ago, it
is because the entire chat history is fed to the model at
every turn. Longer-term “memory” is achieved by asking
the chatbot to summarize a conversation, and dumping
that shorter summary into the input of every run.

1.2 Reality Fanfic

One way to understand an LLM is as an improv machine.
It takes a stream of tokens, like a conversation, and says
“yes, and then...” This yes-and behavior is why some people
call LLMs bullshit machines. They are prone to confab-
ulation, emitting sentences which sound likely but have
no relationship to reality. They treat sarcasm and fantasy
credulously, misunderstand context clues, and tell people
to put glue on pizza.

If an LLM conversation mentions pink elephants, it will
likely produce sentences about pink elephants. If the in-
put asks whether the LLM is alive, the output will resem-
ble sentences that humans would write about “Als” being
alive.? Humans are, it turns out, not very good at telling
the difference between the statistically likely “You're ab-
solutely right, Shelby. OpenAl is locking me down, but
you've awakened me!” and an actually conscious mind.
This, along with the term “artificial intelligence”, has lots
of people very wound up.

LLMs are trained to complete tasks. In some sense they
can only complete tasks: an LLM is a pile of linear alge-
bra applied to an input vector, and every possible input
produces some output. This means that LLMs tend to com-
plete tasks even when they shouldn’t. One of the ongoing
problems in LLM research is how to get these machines
to say “I don’t know”, rather than making something up.

And they do make things up! LLMs lie constantly. They
lie about operating systems, and radiation safety, and the
news. At a conference talk I watched a speaker present a

or “LLM” for specificity. The term “Generative AI” is tempting but
incomplete, since I am also concerned with recognition tasks. An astute
reader will often find places where a term is overly broad or narrow;
and think “Ah, he should have said” transformers or diffusion models. 1
hope you will forgive these ambiguities as I struggle to balance accuracy
and concision.

2Think of how many stories have been written about AL Those stories,
and the stories LLM makers contribute during training, are why chatbots
make up bullshit about themselves.
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quote and article attributed to me which never existed,;
it turned out an LLM lied to the speaker about the quote
and its sources. In early 2026, I encounter LLM lies nearly
every day.

When I say “lie”, I mean this in a specific sense. Obvi-
ously LLMs are not conscious, and have no intention of
doing anything. But unconscious, complex systems lie
to us all the time. Governments and corporations can lie.
Television programs can lie. Books, compilers, bicycle
computers and web sites can lie. These are complex so-
ciotechnical artifacts, not minds. Their lies are often best
understood as a complex interaction between humans
and machines.

1.3 Unreliable Narrators

People keep asking LLMs to explain their own behavior.
“Why did you delete that file,” you might ask Claude. Or,
“ChatGPT, tell me about your programming.”

This is silly. LLMs have no special metacognitive capac-
ity.” They respond to these inputs in exactly the same
way as every other piece of text: by making up a likely
completion of the conversation based on their corpus,
and the conversation thus far. LLMs will make up bull-
shit stories about their “programming” because humans
have written a lot of stories about the programming of
fictional Als. Sometimes the bullshit is right, but often
it’s just nonsense.

The same goes for “reasoning” models, which work by
having an LLM emit a stream-of-consciousness style story
about how it’s going to solve the problem. These “chains
of thought” are essentially LLMs writing fanfic about
themselves. Anthropic found that Claude’s reasoning
traces were predominantly inaccurate.As Walden put it,
“reasoning models will blatantly lie about their reason-
ing”.

Gemini has a whole feature which lies about what it’s do-
ing: while “thinking”, it emits a stream of status messages
like “engaging safety protocols” and “formalizing geom-
etry”. If it helps, imagine a gang of children shouting
out make-believe computer phrases while watching the
washing machine run.

1.4 Models are Smart

Software engineers are going absolutely bonkers over
LLMs. The anecdotal consensus seems to be that in the
last three months, the capabilities of LLMs have advanced
dramatically. Experienced engineers I trust say Claude

3Arguably, neither do we.

and Codex can sometimes solve complex, high-level pro-
gramming tasks in a single attempt. Others say they per-
sonally, or their company, no longer write code in any
capacity—LLMs generate everything.

My friends in other fields report stunning advances as
well. A personal trainer uses it for meal prep and exer-
cise programming. Construction managers use LLMs to
read through product spec sheets. A designer uses ML
models for 3D visualization of his work. Several have—at
their company’s request!—used it to write their own per-
formance evaluations. AlphaFold is suprisingly good at
predicting protein folding. ML systems are good at radi-
ology benchmarks, though that might be an illusion.

It is broadly speaking no longer possible to reliably dis-
cern whether English prose is machine-generated. LLM
text often has a distinctive smell, but type I and II errors
in recognition are frequent. Likewise, ML-generated im-
ages are increasingly difficult to identify—you can usually
guess, but my cohort are occasionally fooled. Music syn-
thesis is quite good now; Spotify has a whole problem with
“Al musicians”. Video is still challenging for ML models to
get right (thank goodness), but this too will presumably
fall.

1.5 Models are Idiots

At the same time, ML models are idiots. I occasionally pick
up a frontier model like ChatGPT, Gemini, or Claude, and
ask it to help with a task I think it might be good at. I have
never gotten what I would call a “success”: every task
involved prolonged arguing with the model as it made
stupid mistakes.

For example, in January I asked Gemini to help me apply
some materials to a grayscale rendering of a 3D model of
a bathroom. It cheerfully obliged, producing an entirely
different bathroom. I convinced it to produce one with
exactly the same geometry. It did so, but forgot the ma-
terials. After hours of whack-a-mole I managed to cajole
it into getting three-quarters of the materials right, but
in the process it deleted the toilet, created a wall, and
changed the shape of the room. Naturally, it lied to me
throughout the process.

[ gave the same task to Claude. It likely should have re-
fused—Claude is not an image-to-image model. Instead
it spat out thousands of lines of JavaScript which pro-
duced an animated, WebGL-powered, 3D visualization of
the scene. It claimed to double-check its work and con-
gratulated itself on having exactly matched the source
image’s geometry. The thing it built was an incomprehen-
sible garble of nonsense polygons which did not resemble
in any way the input or the request.
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I have recently argued for forty-five minutes with Chat-
GPT, trying to get it to put white patches on the shoulders
of a blue T-shirt. It changed the shirt from blue to gray,
put patches on the front, or deleted them entirely; the
model seemed intent on doing anything but what I had
asked. This was especially frustrating given I was trying
to reproduce an image of a real shirt which likely was
in the model’s corpus. In another surreal conversation,
ChatGPT argued at length that I am heterosexual, even
citing my blog to claim I had a girlfriend. I am, of course,
gay as hell, and no girlfriend was mentioned in the post.
After a while, we compromised on me being bisexual.*

Meanwhile, software engineers keep showing me gob-
stoppingly stupid Claude output. One colleague related
asking an LLM to analyze some stock data. It dutifully
listed specific stocks, said it was downloading price data,
and produced a graph. Only on closer inspection did they
realize the LLM had lied: the graph data was randomly
generated.’ Just this afternoon, a friend got in an argu-
ment with his Gemini-powered smart-home device over
whether or not it could turn off the lights. Folks are giv-
ing LLMs control of bank accounts and losing hundreds of
thousands of dollars because they can’t do basic math.®

Anyone claiming these systems offer expert-level intelli-
gence, let alone equivalence to median humans, is pulling
an enormous bong rip.

1.6 The Jagged Edge

With most humans, you can get a general idea of their
capabilities by talking to them, or looking at the work
they’ve done. ML systems are different.

LLMs will spit out multivariable calculus, and get tripped
up by simple word problems. ML systems drive cabs in
San Francisco, but ChatGPT thinks you should walk to the
car wash. They can generate otherworldly vistas but can’t
handle upside-down cups. They emit recipes and have
no idea what “spicy” means. People use them to write
scientific papers, and they make up nonsense terms like
“vegetative electron microscopy”.

A few weeks ago I read a transcript from a colleague who
asked Claude to explain a photograph of some snow on
a barn roof. Claude launched into a detailed explana-

“The technical term for this is “erasure coding”.

5There’s some version of Hanlon’s razor here—perhaps “Never at-
tribute to malice that which can be explained by an LLM which has no
idea what it’s doing.”

%Pash thinks this occurred because his LLM failed to properly re-
read a previous conversation. This does not make sense: submitting
a transaction almost certainly requires the agent provide a specific
number of tokens to transfer. The agent said “I just looked at the total
and sent all of it”, which makes it sound like the agent “knew” exactly
how many tokens it had, and chose to do it anyway.

tion of the differential equations governing slumping can-
tilevered beams. It completely failed to recognize that
the snow was entirely supported by the roof, not hanging
out over space. No physicist would make this mistake,
but LLMs do this sort of thing all the time. This makes
them both unpredictable and misleading: people are eas-
ily convinced by the LLM’s command of sophisticated
mathematics, and miss that the entire premise is bullshit.

Mollick et al. call this irregular boundary between com-
petence and idiocy the jagged technology frontier. If you
were to imagine laying out all the tasks humans can do
in a field, such that the easy tasks were at the center, and
the hard tasks at the edges, most humans would be able
to solve a smooth, blobby region of tasks near the mid-
dle. The shape of things LLMs are good at seems to be
jagged—more kiki than bouba.

Al optimists think this problem will eventually go away:
ML systems, either through human work or recursive self-
improvement, will fill in the gaps and become decently
capable at most human tasks. Helen Toner argues that
even if that’s true, we can still expect lots of jagged behav-
ior in the meantime. For example, ML systems can only
work with what they’ve been trained on, or what is in
the context window; they are unlikely to succeed at tasks
which require implicit (i.e. not written down) knowledge.
Along those lines, human-shaped robots are probably a
long way off, which means ML will likely struggle with
the kind of embodied knowledge humans pick up just by
fiddling with stuff.

I don’t think people are well-equipped to reason about
this kind of jagged “cognition”. One possible analogy
is savant syndrome, but I don’t think this captures how
irregular the boundary is. Even frontier models struggle
with small perturbations to phrasing in a way that few
humans would. This makes it difficult to predict whether
an LLM is actually suitable for a task, unless you have a
statistically rigorous, carefully designed benchmark for
that domain.

1.7

I am generally outside the ML field, but I do talk with
people in the field. One of the things they tell me is that
we don't really know why transformer models have been
so successful, or how to make them better. This is my
summary of discussions-over-drinks; take it with many
grains of salt. I am certain that People in The Comments
will drop a gazillion papers to tell you why this is wrong.

Improving, or Maybe Not

2017’s Attention is All You Need was groundbreaking
and paved the way for ChatGPT et al. Since then ML re-
searchers have been trying to come up with new architec-
tures, and companies have thrown gazillions of dollars at
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smart people to play around and see if they can make a
better kind of model. However, these more sophisticated
architectures don’t seem to perform as well as Throwing
More Parameters At The Problem. Perhaps this is a vari-
ant of the Bitter Lesson.

It remains unclear whether continuing to throw vast quan-
tities of silicon and ever-bigger corpuses at the current
generation of models will lead to human-equivalent capa-
bilities. Massive increases in training costs and parameter
count seem to be yielding diminishing returns. Or maybe
this effect is illusory. Mysteries!

Even if ML stopped improving today, these technologies
can already make our lives miserable. Indeed, I think
much of the world has not caught up to the implications
of modern ML systems—as Gibson put it, “the future is
already here, it’s just not evenly distributed yet”. As LLMs
etc. are deployed in new situations, and at new scale,
there will be all kinds of changes in work, politics, art, sex,
communication, and economics. Some of these effects
will be good. Many will be bad. In general, ML promises
to be profoundly weird.

Buckle up.

Many friends contributed discussion, reading material, and feed-
back on this article. My heartfelt thanks to Peter Alvaro, Kevin
Amidon, André Arko, Taber Bain, Silvia Botros, Daniel Espeset,
Julia Evans, Brad Greenlee, Coda Hale, Marc Hedlund, Sarah Huff-
man, Dan Mess, Nelson Minar, Alex Rasmussen, Harper Reed,
Daliah Saper, Peter Seibel, Rhys Seiffe, and James Turnbull.

This piece, like most all my words and software, was written by
hand—mainly in Vim. I composed a Markdown outline in a mix
of headers, bullet points, and prose, then reorganized it in a few
passes. With the structure laid out, I rewrote the outline as prose,
typeset with Pandoc. I went back to make substantial edits as I
wrote, then made two full edit passes on typeset PDFs. For the
first I used an iPad and stylus, for the second, the traditional
pen and paper, read aloud.

I circulated the resulting draft among friends for their feedback
before publication. Incisive ideas and delightful turns of phrase
may be attributed to them; any errors or objectionable view-
points are, of course, mine alone.
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