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Overview

Dive into the realities of AI-assisted coding, the origins of modern fine-tuning,
and the cognitive science behind machine learning with fast.ai founder Jeremy
Howard. In this episode, we unpackwhyAImight be turning software engineer-
ing into a slot machine and how to maintain true technical intuition in the age
of large language models.
GTC is coming, the premier AI conference, great opportunity to learn about AI.
NVIDIA and partners will showcase breakthroughs in physical AI, AI factories,
agenticAI, and inference, exploring thenextwaveofAI innovation fordevelopers
and researchers. Register for virtual GTC for free, usingmy link andwin NVIDIA
DGX Spark (https://nvda.ws/4qQ0LMg)
Jeremy Howard is a renowned data scientist, researcher, entrepreneur, and edu-
cator. As the co-founder of fast.ai, former President of Kaggle, and the creator of
ULMFiT, Jeremyhas spent decades democratizing deep learning. His pioneering
work laid the foundation for modern transfer learning and the pre-training and
fine-tuning paradigm that powers today’s language models.
Key Topics andMain Insights Discussed
The Origins of ULMFiT and Fine-Tuning Jeremy shares the backstory of devel-
oping ULMFiT on a gaming GPU, proving that language models could be pre-
trained on a general corpus like Wikipedia and fine-tuned for specific tasks. He
explains the intuitionbehinddiscriminative learning rates, progressiveunfreez-
ing, and the critical importance of fine-tuning batch normalization layers to
prevent dead neurons.
The Vibe Coding Illusion and Software Engineering We critically examine the
current hype around AI-assisted software engineering. Jeremy highlights the
profound difference between merely typing syntax and actual software engi-
neering. He warns that AI coding tools often act like slot machines, exploiting
gambling psychology by offering intermittent rewards and an illusion of con-
trol, which can ultimately lead to a decline in real productivity.
Cognitive Science, Friction, and Learning Drawing on philosophy and cognitive
science, the conversation explores whether LLMs truly understand the world or
just cosplay intelligence. Jeremy emphasizes that human knowledge requires
friction to grow. By delegating too much cognitive load to AI, developers risk
skill atrophy and organizations risk losing their foundational capacity to evolve.
The Future ofDevelopers Jeremyoffers a starkwarning formid-level developers.
While AI tools are great for absolute beginners andhighly experienced architects
automating boilerplate, they actively remove the desirable difficulty necessary
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for developers to build deep mental models. We discuss a real-world example of
usingAI tofix complex IPykernel bugs, resulting inworking code that nohuman
actually understands, creating a dangerous new form of technical debt.
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Introduction & GTC Sponsor •

Jeremy Howard 00:00:00

It it it it literally disgusts me. Like, I literally think it’s it’s inhumane. My mis-
sion remains the same as it has been for, like, 20 years, which is to stop people
working like

Dr. Tim Scarfe 00:00:12

this. JeremyHoward, a deep learning pioneer, a Kaggle grandmaster, he is a huge
advocate for actually understandingwhatwe are building through an interactive
loop, a notebook, a REPL, the act of poking at a problem until it pushes back. He
argues this is where the real insight happens.

Jeremy Howard 00:00:35

And the funny thing is they’re both right. LLMs cosplay understanding things.
Like, they pretend to understand things. No one’s actually creating 50 times
more high quality software than they were before. So we’ve actually just done
a study of this and there’s a tiny uptick, tiny uptick in what people are actually
shipping. The thing about AI based coding is that it’s like a slotmachine and that
you you have an illusion of control, you know, you can get to craft your prompt,
and your list ofmcps, and your skills, andwhatever, and then but in the end, you
pull the lever. Right? Here’s a piece of code that no 1 understands. And am I
going to bet my company’s product on it? And I the answer is I don’t know. Be-
cause like I I don’t I don’t like, I I don’t know what to do now because no one’s,
like, been in this situation. They’re they’re really bad at software engineering.
And then I think that’s possibly always gonna be true. The idea that a human
can do a lot more with a computer when the human can, like, manipulate the
objects in inside that computer in real time, study them,move them around, and
combine them together. Whoever you listen to, you know, whether it be Feyn-
man or whatever, like, you always hear from the great scientists how they build
deeper intuition by by buildingmental models, which they get over time, by in-
teracting with the things that they’re learning about. A machine could kind of
build an effective hierarchy of abstractions about what the world is and how it
works entirely through looking at the statistical correlations of a huge corpus of
text using a deep learning model. That was my premise. This video is brought
to you by NVIDIA GTC. It’s running March 16 until the nineteenth in San Jose
and streaming free online. The key topics this year are agentic AI and reason-
ing, high performance inference and training, openmodels, and physical AI and
robotics. I’m so excited about the DGX Spark. I’ve been on the waiting list for
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over a year now. It’s a personal supercomputer that is about the size of a Mac
Mini. It’s the perfect adornment to a MacBook Pro by the way, and you can fine
tune a 70,000,000,000 parameter languagemodel with 1 of these things and I’m
giving 1 away for free. All you have to do is sign up to the conference and attend
1 of the sessions using the link in the description. As for the sessions, I’m in-
terested in attending Aman Sanger’s talk. So, he’s the co-founder of Cursor and
his session is codewith context build an agentic IDE that truly understands your
code base. Now, obviously Jensen’s keynote is on March 16. He said he’s going
to unveil a new chip that will surprise the world. Their next generation archi-
tecture Vera Rubin is already in full production and there’s speculationwemight
even get an early glimpse of their new Feynman architecture. So don’t forget
folks, the link is in the description. If you’re attending virtually, it’s completely
free. Don’t miss it.1

Dr. Tim Scarfe 00:03:57

Jeremy Howard, welcome to MLST.

Jeremy Howard 00:03:59

I mean, welcome to my home. Thanks for

Dr. Tim Scarfe 00:04:02

coming. Yeah. Well, where are we

Jeremy Howard 00:04:04

now? We are in beautiful Moreton Bay in Southeast Queensland. We are by the
sea in my backyard.

Dr. Tim Scarfe 00:04:12

Weather didn’t disappoint.

Jeremy Howard 00:04:13

It certainly didn’t. It doesn’t often but if you were here yesterday, it would have
been very different.

1fast.ai Blog: Self-Supervised Learning—Blog Post Referenced during the ULMFiT and fine-
tuning discussion, covering self-supervised learning foundations.
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Dr. Tim Scarfe 00:04:18

Well, don’t know where to start. I’ve been I’ve been a huge fan probably since
about 02/1718. Of course, you had the famous ULMFiT paper and when I was at
Microsoft I remember doing a presentation about that because it was actually, I
mean now we take it for granted that we fine tune language models on a corpus
of text and then we kind of like continue to train them and and specialize them.
But apparently this was not received wisdom.

ULMFiT & The Birth of Fine-Tuning •

Dr. Tim Scarfe 00:04:18

Well, don’t know where to start. I’ve been I’ve been a huge fan probably since
about 02/1718. Of course, you had the famous ULMFiT paper and when I was at
Microsoft I remember doing a presentation about that because it was actually, I
mean now we take it for granted that we fine tune language models on a corpus
of text and then we kind of like continue to train them and and specialize them.
But apparently this was not received wisdom.

Jeremy Howard 00:04:42

No. Thiswas thefirst time it happened. Yeah. Kind of thefirst or second. So,Mc-
Cann and Andrew Dai had done something a few years ago, but they hadmissed
the key point, which is the thing you pre train on has to be a general purpose
corpus. So no 1 quite realized this key thing, and maybe I had a bit of fortune
here thatmybackgroundwas in philosophy and cognitive science, and so I spent
some decades thinking about this.

Dr. Tim Scarfe 00:05:06

The technical architecture of of

Jeremy Howard 00:05:08

of ULMFiT,

Dr. Tim Scarfe 00:05:08

just just sketch that
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Jeremy Howard 00:05:10

out. I’m a huge fan of regularization. I’m a huge fan of taking a model that’s
incredibly flexible, and then making it more constrained, not by decreasing the
size of architecture, but by adding regularization. So even that at the time was
extremely controversial, but thatwas by nomeans a unique insight of of ours. So
what Stephen Merity had done is he’d taken the extreme flexibility of an LSTM,
a kind of the classic state for recurrent neural net towards which things are kind
of gradually heading back towards nowadays, added added 5 different types of
regularization. He added every type of regularization you can imagine, and then
that wasmy starting point, was to say, nowhave amassively flexible deep learn-
ing model that can be as powerful as I want it to be, and it can also be as con-
strained as I need it to be, and then I needed a really big corpus of text. Fun-
nily enough, this is also Steven. He had been at Common Crawl, and I think he
helped or made the Wikipedia dataset. Then I realized actually the Wikipedia
dataset made lots of assumptions. It had all these like, unk for unknown words,
because it all assumed classic NLP approaches. So I redid the whole thing, cre-
ated a new Wikipedia dataset. Now it’s my general corpus. And then I used an
AWD-LSTM, trained it so it’s actually overnight. So for 8 hours on a gaming
GPU, you know. Because I was at the University of San Francisco, we didn’t have
heaps of resources. Probably like a 20 80 TI or something, I suspect. And then
the next morning when I woke up, I then it’s the same 3 stage architecture that
we do today. You know, pre training, mid training, post training. Mhmm. So
then I figured, okay, now that I’ve trained something to predict the next word of
Wikipedia, it must know a lot about the world. I then figured if I then fine tune
it on a corpus specific, so what we could now call supervised fine tuning dataset,
which in this case was the dataset of movie reviews. It would become especially
good at predicting the nextword of those, so I’d learn a lot aboutmovies. Did that
for like an hour, and then like a fewminutes of fine tuning the downstream clas-
sifier, which was a classic academic data set. It’s kind of considered the hardest
1, which was to take like 5,000 word movie reviews and to say like, is this a pos-
itive or negative sentiment? Which today is considered easy. But at that time,
you know, the only things that did it quite well were highly specialized models
that people wrote their whole PhDs on, and I beat all of their results, you know,
5 minutes later when it fine tuning that model. It was

Dr. Tim Scarfe 00:08:03

amazing. And the other interesting thing is this kind of methodology around
how you do the fine tuning.
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Jeremy Howard 00:08:10

Yeah. So the howwe do the fine tuningwas something we had developed at Fast
AI. So this is kind of year 1 of Fast AI. So this is still in our very early days. And
1 of the extremely controversial things we did was we felt that we should focus
on fine tuning existing models, because we thought fine tuning was important.
Someother folkswere doingwork contemporaneouslywith that, so JasonYosin-
ski did some really great research. I think it’s during his PhD on how to fine tune
models, and how good they can be, and some other folks in the in the computer
vision world. We were, you know, amongst the first. There’s a bunch of us kind
of really investing in fine tuning. And so, yeah, we we felt that using a single
learning rate to fine tune the whole thing all at oncemade no sense, because the
different layers have different behaviors. This is 1 of the things Jason Yosinski’s
research also showed. We developed this idea of like, well, it’s also way faster
if you just train the last layer. Right? Because it only has to back prop the last
layer. And then once that’s pretty good, back prop the next the last 2 and then
the last 3. And then we use something called discriminative learning rates. So
different layers, wewould give different learning rates to. And then another crit-
ical insight that no 1 realized for years, even though we told everybody, was that
you actually have to fine tune every batch norm. So all the normalization layers,
you do actually have to fine tune, because that’s moving the whole thing up and
down, know, changing its scale. So yeah, when you do that, you can often just
fine tune the last layer or 2. And we found that actually with ULMFiT, although
we did end up unfreezing all the layers, only the last 2 were really needed to get
the close to state of the art result. So it like took like seconds.2

Dr. Tim Scarfe 00:10:01

Yeah. Because the discriminative learning rate thing is interesting because I I
think the received wisdom at the time was when you fine tune a model, if the
learning rate is too high, you kind of blow out the representations. So I guess the
wisdomwas if if you don’t have a really low learning rate, you’ll just destroy the
representations. I mean,

2M. Chirimuuta: The Brain Abstracted—Book Book on abstraction and cognition referenced
during the learningmechanics discussion.
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Jeremy Howard 00:10:17

there there was no received wisdom because nobody talked about it. No 1 cared,
you know. It’s just this sort of like, nearly no 1 cared. Transfer learning was just
not something anybody thought about. AndRachel and I felt like itmattersmore
than anything, you know, because only 1 person has to train a really big model
once, and then the rest of us can all fine tune it. So we thought we just should
learn how to do that really well. So we spend a lot of time just trying lots of
things. But in the end, the intuition was pretty straightforward, and what intu-
itively seemed like it ought to work, basically always did work. Which is another
big difference between how people still today tend to do ML research, is I think
it’s all about ablations, and you can’t make any assumptions or guesses, and it’s
not at all true. I findnearly everything that I expect towork almost alwaysworks
first time, because I spend a lot of time building up those intuitions, that kind of
understanding of how gradients behave.

Dr. Tim Scarfe 00:11:27

I I think there’s a dichotomy though between continual learning, which is when
we want to keep training the thing but maintain generality, versus fine tuning
a thing to do something specific. So there’s always been this idea that, yes, you
can make a model specific. You can bend it to your will. But you lose generality,
and you kind of degrade the representation. So tell me about that.

Jeremy Howard 00:11:48

Yeah, there’s some truth in that, although not as much as you might think. On
the whole, the big problem is that people don’t actually look at their activations
and don’t actually look at their gradients. So something we do in our software,
in our fast AI software, is we have built into it this ability to to see in a glance
what your entire network looks like. And once you’ve done it a few times, it just
takes a couple of hours to learn, you can immediately see, oh, I I see. This is
over trained or under trained or this layer that something went wrong. It’s not a
mystery, you know. So basically what happens is, for example, you end up with
with deadneurons that go to a pointwhere they they’ve got 0 gradient regardless
ofwhatyoudowith them. Thatoftenhappens if they, youknow, headoff towards
infinity. You canalwaysfix that. So yeah, it’s it’s not as bad as people thinkby any
means. Something that trainswell for continuous learning, when done properly,
can also be done well to train well for a particular task, if you’re careful.
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Intuition & TheMechanics of Learning •

Jeremy Howard 00:11:48

Yeah, there’s some truth in that, although not as much as you might think. On
the whole, the big problem is that people don’t actually look at their activations
and don’t actually look at their gradients. So something we do in our software,
in our fast AI software, is we have built into it this ability to to see in a glance
what your entire network looks like. And once you’ve done it a few times, it just
takes a couple of hours to learn, you can immediately see, oh, I I see. This is
over trained or under trained or this layer that something went wrong. It’s not a
mystery, you know. So basically what happens is, for example, you end up with
with deadneurons that go to a pointwhere they they’ve got 0 gradient regardless
ofwhatyoudowith them. Thatoftenhappens if they, youknow, headoff towards
infinity. You canalwaysfix that. So yeah, it’s it’s not as bad as people thinkby any
means. Something that trainswell for continuous learning, when done properly,
can also be done well to train well for a particular task, if you’re careful.

Dr. Tim Scarfe 00:12:54

In a sense, you do want the neurons to die out. And I’ll explain why what I mean
by this. Like, we want to bend the behavior of models to introduce implicit con-
straints. Because without constraints, there is no creativity, there is no reason-
ing, and and so on and so forth. So so in a sense, actually want it to say, don’t do
that. You want it to do something else.

Jeremy Howard 00:13:16

I don’t think of it that way. Like, to me, it’s more like, I find thinking about hu-
mans extremely helpful when it comes to thinking about AI. I find they behave
more similarly than differently, andmy intuition about each tends to work quite
well. You know,with a human,when you learn somethingnew, it’s not about un-
learning something else. And so something I always found is when I got models
to try to learn to do 2 somewhat similar tasks, They almost always got better at
both of them than 1 that only learned 1 of them.345

3DeepMind Blog: Gemini Deep Think — Blog Post Referenced during the AI reasoning and
abstraction discussion.

4MLSTArchive: Why Creativity Cannot Be Interpolated—Archive ArticleMLST archive piece
on creativity and interpolation referenced in the abstraction discussion.

5Mathilde Caron et al.: Emerging Properties in Self-Supervised Vision Transformers (DINO)
— Research Paper Self-supervised Vision Transformer paper referenced at 13:54. Authored by
Mathilde Caron, Hugo Touvron, Ishan Misra, Hervé Jégou, Julien Mairal, Piotr Bojanowski, and
Armand Joulin at Facebook AI Research (not Yann LeCun, as stated in the episode).
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Dr. Tim Scarfe 00:13:52

I was reminded a little bit of, you know, the DINO paper fromLeCun’s lab. So this
whole kind of regime of self supervised learning with with Imean, that that was
that was a visionmodel. But the idea was, Okay, so we’re doing pre training. And
we want to maintain as much diversity and fidelity as possible so that when we
do the downstream task, we can kind of we’ve got more things that we can latch
on.

Jeremy Howard 00:14:14

Yeah, yeah. And you know, semi supervised and self supervised learning was
such an unappreciated area. And, yeah, Yann LeCun was absolutely 1 of the guys
who was also working on it.

Dr. Tim Scarfe 00:14:27

Yeah.

Jeremy Howard 00:14:27

I actually did a post, because I was so annoyed at how few people cared about
semi supervised learning, did a whole post about it years ago. Jan LeCun looked
at it for me as well, and, you know, suggested a few other pieces of work that I’d
I’dmissed, and but I was kind of surprised at how, know, how incredibly useful it
is to basically say, like, basically come up with a pretext task, right? So envision
so we did this envision before ULM fit, so it was like, in medical imaging, you
know, take a histology slide and predict, you know, mask out a few squares, and
predict what used to be there. So some of my students at USF I had doing stuff
with that. It was basically entirely taking stuff that we and others had already
done in vision.

Dr. Tim Scarfe 00:15:16

Yep.
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Jeremy Howard 00:15:17

So like this idea of masking out squares. We didn’t invent it. Masking out words
was the obvious thing, you know, and this idea of gradually unfreezing layers,
we had done before in computer vision. The whole idea of starting with a pre
trainedmodel thatwas general purpose had been in computer vision. Therewas
a really classic paper, actually, in computer vision in might have been around
2015, was entirely an empirical paper saying, lookwhat happens whenwe take a
pre trained ImageNet model predicting what sculptor created this or predicting
what architecture style this is, and like in every task, it got the state of the art
result. And it really surprised me people didn’t look at that and think like, I bet
that ought to work in every other area as well, whether it be genome sequences,
or language, or whatever. But people have a bit of a lack of imagination, I find.
They tend to assume things only work in 1 particular field. That’s really true.

Dr. Tim Scarfe 00:16:15

Yeah. I mean, I guess there’s 2 things there. Mean, of all, we were kind of hinting
at this notion of almost Goodhart’s Law, the shortcut rule that you get exactly
what you optimize for at the cost of everything else. But that doesn’t seem to be
the case because we can optimize for perplexity in the case of language models.
And as you say, what seems to happen is we’re getting into the distributional
hypothesis here a little bit. So you know the word by the company it keeps. So
whenwe have an incredible amount of associative data, it might bemasked auto
prediction or any of these things like that, the model seems to build something
that wemight call an understanding.
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Jeremy Howard 00:16:49

Well, I I have always thought of it as a hierarchy of of abstractions, You know,
it it it needs if it’s gonna predict, you know, if the document is here was the,
you know, opening that, you know, that Bobby Fischer used, and has chess
notation to predict the next thing, it needs to know something about chess
notation, or at least openings. If it’s like, you know, and this was vetoed by
the 1956 US president, comma, you need to know it’s bit like, you don’t even
you don’t just need to knowwho the president was, but the idea that there are
presidents. And therefore, the idea that there are leaders, and therefore, the
idea that there are groups of people who have hierarchies, and therefore, that
there are people, and therefore, that there are objects, and like, you can’t pre-
dict the next word of a sentence well without knowing all of these things. So
that knowingmyhypothesis forwhy I createdULMFiTwas to say it would end
to to to compress that as well as possible to get that knowledge, it would have
to create these abstractions, thesehierarchies of abstractions somewheredeep
inside its model. Otherwise, how could it possibly do a good job of predicting
the next word? You know, and because deep learning models are universal
learningmachines, you know, andwe had a universal way to train them, I fig-
ured if if we get the data right and if the hardware is good enough, then in
theory, we ought to be able to build that next word predictingmachine, which
ought to implicitly build a hierarchical structural understanding of the things
that are being described by the text that it is learning to predict?

Abstraction Hierarchies & AI Creativity •

Jeremy Howard 00:16:49

Well, I I have always thought of it as a hierarchy of of abstractions, You know,
it it it needs if it’s gonna predict, you know, if the document is here was the,
you know, opening that, you know, that Bobby Fischer used, and has chess
notation to predict the next thing, it needs to know something about chess
notation, or at least openings. If it’s like, you know, and this was vetoed by
the 1956 US president, comma, you need to know it’s bit like, you don’t even
you don’t just need to knowwho the president was, but the idea that there are
presidents. And therefore, the idea that there are leaders, and therefore, the
idea that there are groups of people who have hierarchies, and therefore, that
there are people, and therefore, that there are objects, and like, you can’t pre-
dict the next word of a sentence well without knowing all of these things. So
that knowingmyhypothesis forwhy I createdULMFiTwas to say it would end
to to to compress that as well as possible to get that knowledge, it would have
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to create these abstractions, thesehierarchies of abstractions somewheredeep
inside its model. Otherwise, how could it possibly do a good job of predicting
the next word? You know, and because deep learning models are universal
learningmachines, you know, andwe had a universal way to train them, I fig-
ured if if we get the data right and if the hardware is good enough, then in
theory, we ought to be able to build that next word predictingmachine, which
ought to implicitly build a hierarchical structural understanding of the things
that are being described by the text that it is learning to predict?

Dr. Tim Scarfe 00:18:36

I think that they can know in quite a, you know, they they know in quite a su-
perficial way. So there’s a myriad of surface statistical relationships, and they
generalize extraordinarily well.

Jeremy Howard 00:18:47

It’s

Dr. Tim Scarfe 00:18:47

it’s miraculous.

Jeremy Howard 00:18:48

It is.

Dr. Tim Scarfe 00:18:49

But the thing is, I want to contrast this with other comments you’vemade about
creativity. So I think knowledge is about constraints. And I think creativity is
the evolution of knowledge, respecting those constraints. Therefore, AI is not
creative. And you’ve said the same thing. You’ve said AI isn’t creative. So like,
on the 1 hand, how can you say that they know and not think that they can be
created?
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Jeremy Howard 00:19:10

I mean, I don’t think I’ve used that exact expression. You know, I know I’ve ac-
tually I remember chatting with Peter Norvig on camera, and both of us said,
well, actually, they kind of are creative, like, we just gotta be a bit careful about
our choices of words, I guess. So, you know, Piotr Wozniak, who’s a guy I really
really respect, who kind of rediscovered spaced repetition learning, built the Su-
perMemo system, and is themodern day guru ofmemory. The entire reasonhe’s
based his life around remembering things is because he believes that creativity
comes from having a lot of stuff remembered, which is to say putting together
stuff you’ve remembered in interesting ways is a great way to be creative. LLMs
are actually quite good at that, but there’s a kind of creativity they’re not at all
good at, which is, you know, moving outside the distribution. So which I think
is where you’re heading with your question. But I’m just kind of I’m framing it
this way to say, you have to be so nuanced about this stuff because if you say like
they’re not creative, it gives you the cangive you thewrong idea because they can
do very creative seeming things. But if it’s like, well, can they really extrapolate
outside the training distribution? The answer is no, they can’t. But the training
distribution is so big, and the number of ways to interpolate between them is so
vast, we don’t really know yet what the limitations of that is. But I see it every
day, you know, because I my my work is R and D. I’m constantly on the edge of
and outside the training data. I’m doing things that haven’t been done before.
And there’s this weird thing, I don’t know if you’ve ever seen it before, I see it but
I see itmultiple times every day, where the LMgoes from being incredibly clever
to like worse than stupid, like like not understanding themost basic fundamen-
tal premises about how the world works. Yeah.67

Dr. Tim Scarfe 00:21:14

Yeah.

Jeremy Howard 00:21:14

And it’s like, oh, whoops, I fell outside the training data distribution. It’s gone
dumb. And then, like, there’snopointhaving thatdiscussionany furtherbecause
Yes. You know, you’ve lost it at that point.

6Modular Blog: Claude C Compiler analysis— Blog Post Analysis of Claude Code’s C compiler
implementation discussed during the Claude Code section.

7Anthropic Engineering Blog: Building C Compiler—Blog Post Anthropic’s engineering blog
post about Claude Code’s C compiler implementation.
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Dr. Tim Scarfe 00:21:26

Yes. I mean, I love, you know, Margaret Boden. She had this kind of hierarchy
of creativity. So there’s like combinatorial, exploratory and transformative. And
the models can certainly do combinatorial creativity. But for me, it’s all about
constraints. That I mean, this is what Boden said. And even Leonardo da Vinci,
he said that creativity is all about constraints. And you’ve spoken about we’ll
talk about this dialogue engineering. But what happens is when we talk with
language models, it’s a specification acquisition problem. So we go back and
forth. And actually, when we think, the process of intelligence is about building
this imaginary Lego block in our mind and respecting various constraints. And
when you respect those constraints and you just continue to evolve, then those
things are said to be creative. So language models, when you add constraints
to them, so this could be via supervision, via critics, via verifiers, Then they are
creative. And AlphaEvolve, we’ve seen many examples of this. But the illusion
is, on their own, sans constraints obviously, they have this behavioral shaping
stuff that we’re talking about. They don’t have hard constraints. And that’s why
they can’t go outside their distribution.

Jeremy Howard 00:22:29

I mean, I think they can’t go outside their distribution because it’s just some-
thing that that type ofmathematical model can’t do. You know, Imean, it can do
it, but it won’t do it well. You know, when you look at the kind of 2 d case of fit-
ting a curve to data, once you go outside the area that the data covers, the curves
disappear off into space in wild directions, you know. And that’s all we’re doing,
but we’re doing it in multiple dimensions. Yep. I think Boden might be pretty
shocked at how far compositional creativity can go when you can compose the
entirety of the human knowledge corpus. And I think this is where people of-
ten get confused, because it’s like So for example, I was talking to Chris Latner
yesterday about how Claude Anthropic, you know, had had got Claude to write
the C compiler. And they were like, oh, this is a clean room C compiler. You can
tell it’s clean roombecause it was created in Rust, you know, and so Chris created
the kind of, you know, I guess it’s probably the topmost widely used c c plus plus
compiler nowadays playing on top of LLVM, which is the most widely used kind
of foundation for compilers. They’re like, Chris didn’t use rust. This is, youknow,
and we didn’t give it access to any compiler source code. So it’s a clean room im-
plementation. But that misunderstands how LLMs work. Right? Which is all of
Chris’s work was in the training data. Many many times LLVM is used widely
and lots and lots of things are built on it, including lots of c and c plus plus com-
pilers. Converting it converting it to Rust is an interpolation between parts of
the training data, you know. It’s a style transfer problem. So it’s definitely com-
positional creativity at most, if you can call it creative at all. And you actually
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see it when you look at the the repo that it created. It’s copied parts of the LLVM
code, which today Chris says like, oh, I made a mistake. I shouldn’t have done it
that way. Nobody else does it that way, You know? Oh, wow. Look. They’re the
only other 1 that did it that way. That doesn’t happen accidentally. That happens
because you’re not actually being creative. You’re actually just finding the kind
of nonlinear average point in your training data between, like, Rust things and
building compiler things?

Claude Code & The Interpolation Illusion •

Jeremy Howard 00:22:29

I mean, I think they can’t go outside their distribution because it’s just some-
thing that that type of mathematical model can’t do. You know, I mean, it can
do it, but it won’t do it well. You know, when you look at the kind of 2 d case
of fitting a curve to data, once you go outside the area that the data covers,
the curves disappear off into space in wild directions, you know. And that’s
all we’re doing, but we’re doing it in multiple dimensions. Yep. I think Boden
might be pretty shocked at how far compositional creativity can go when you
can compose the entirety of the human knowledge corpus. And I think this is
where people often get confused, because it’s like So for example, Iwas talking
to Chris Latner yesterday about how Claude Anthropic, you know, had had got
Claude to write the C compiler. And they were like, oh, this is a clean room C
compiler. You can tell it’s clean roombecause it was created in Rust, you know,
and so Chris created the kind of, you know, I guess it’s probably the top most
widely used c c plus plus compiler nowadays playing on top of LLVM, which
is the most widely used kind of foundation for compilers. They’re like, Chris
didn’t use rust. This is, you know, and we didn’t give it access to any compiler
source code. So it’s a clean room implementation. But that misunderstands
how LLMs work. Right? Which is all of Chris’s work was in the training data.
Manymany times LLVM is used widely and lots and lots of things are built on
it, including lots of c and c plus plus compilers. Converting it converting it to
Rust is an interpolation between parts of the training data, you know. It’s a
style transfer problem. So it’s definitely compositional creativity at most, if
you can call it creative at all. And you actually see it when you look at the the
repo that it created. It’s copied parts of the LLVM code, which today Chris says
like, oh, I made amistake. I shouldn’t have done it that way. Nobody else does
it that way, You know? Oh, wow. Look. They’re the only other 1 that did it that
way. That doesn’t happen accidentally. That happens because you’re not ac-
tually being creative. You’re actually just finding the kind of nonlinear average
point in your training data between, like, Rust things and building compiler
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things?8910

Dr. Tim Scarfe 00:25:09

All of that is true. Imean, first of all, I I thinkwe shouldn’t underestimate the size
of how big this combinatorial creativity is. So all of that is true. So the code is on
the Internet, but also, they had a whole bunch of tests which were scaffolded,
which meant that every single time some code was committed, they could run
the test and they basically had a critic. And they could then do this autonomous
feedback loop. So in a sense, it’s very similar to the recent research by OpenAI
andGemini, where you’re trying to solve a problem inmath and you alreadyhave
an evaluation function, the same on the ARC prize, right? You have an evalua-
tion function. And what people discount is even knowledge of what the eval-
uation function is, is partial knowledge of the problem. So you can then brute
force search. You can use the statistical pattern matching. Use the verifier as a
constraint, and you can actually

Jeremy Howard 00:25:58

they don’t even need to do that. Right? Like, they literally already know how to
pass those tests because there’s lots of software that already does it. Right. So it
just uses that and translates them to Rust. Like, that’s that’s all it did, which is
impressive.

Dr. Tim Scarfe 00:26:14

Yeah.

Jeremy Howard 00:26:14

And if you I’m much less familiar with math than I am computer science, but
from talking to mathematicians, they tell me that that’s also what’s happening
with like, Erdős’s problems and stuff. It’s some of them are newly solved.

Dr. Tim Scarfe 00:26:31

Yeah.
8METR Study: AI OS Development—Research Study Study on AI software engineering capa-

bilities referenced during the coding vs. engineering discussion.
9Fred Brooks: No Silver Bullet — Paper Classic software engineering essay on essential vs.

accidental complexity.
10Oxford VGG: Sculptor Identification Paper — Research Paper Computer vision paper on

sculptor identification, if referenced in the discussion.
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Jeremy Howard 00:26:34

But they are not sparks of insight. You know, they’re solving ones that you can
solve by meshing up together very closely related things that humans have al-
ready figured out.

Dr. Tim Scarfe 00:26:47

So on the subject of Claude code. Now I know you’ve spoken extensively about
vibe coding. Actually, Rachel had some interesting writeup. I mean, she she
quoted the theMETR study, which showed that productivity actually went down
when people were vibe coding. But I think

Jeremy Howard 00:27:00

And they thought that they went up, which is the

Dr. Tim Scarfe 00:27:02

most

Jeremy Howard 00:27:02

interesting And

Dr. Tim Scarfe 00:27:03

then also there was the Anthropic study. Mean, know, maybe we should rewind
a little bit. I mean, Dario had this essay out the other day. I think it’s called the
Adolescence of Technology or something like that. And then he was basically
saying, look, you know, we have all of these amazing software engineers at An-
thropic. And they are just so productive. Andhewas extrapolating to the average
software engineer. So there’s gonnabemassunemployment because soon,we’re
gonna be able to automate all of this with AI.

Jeremy Howard 00:27:26

I mean, it it doesn’t make any sense. Elon Musk said something a bit similar a
few days ago, saying like, oh, LLMs will just spit out the machine code directly.
We won’t need libraries, programming languages.
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Coding vs. Software Engineering •

Jeremy Howard 00:27:26

I mean, it it doesn’t make any sense. Elon Musk said something a bit similar a
few days ago, saying like, oh, LLMs will just spit out the machine code directly.
We won’t need libraries, programming languages.

Dr. Tim Scarfe 00:27:40

Yeah.

Jeremy Howard 00:27:42

Yeah. Look, the thing is none of these guys have have been software engineers
recently. I’m not sure Dario’s ever been a software engineer at all. Software
engineering is a unusual discipline, and a lot of people mistake it for being
the same as typing code into an IDE. Coding is another 1 of these style transfer
problems. You take a specificationof theproblemto solve andyoucanuseyour
compositional creativity to find the parts of the training data which interpo-
lated between themsolve that problem, and interpolate thatwith syntax of the
target language, and you get code. There’s a very famous essay by Fred Brooks
written many decades ago, no silver bullet, and which it almost sounded like
he was talking about today. It it he was specifically saying something he was
just pointing something very similar, which is in those days it was all like,
oh, what about all these new fourth generation languages and stuff like that,
you know. We’re not gonna need any coders anymore, any software engineers
anymore, because software is now so easy to write, anybody can write it. And
he said, well, he guessed that you could get at maximum a 30% improvement.
He specifically said a 30% improvement in the next decade, but I don’t think
he needed to limit it thatmuch. Because the vastmajority of work in software
engineering isn’t typing in the code.

Dr. Tim Scarfe 00:29:12

Yep.
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Jeremy Howard 00:29:15

So in some sense, parts of what Dario said were right, just like for quite a few
people now, most of their code is being typed by a language model. That’s true
forme. Say, like, maybe 90%. But it hasn’tmademe thatmuchmore productive,
because that was never the slow bit. It’s also helpedmewith kind of the research
a lot and figuring out, you know, which files are gonna be touched. But anytime
I’ve made any attempt to getting an LLM to like design a solution to something
that hasn’t been designed lots of times before, it’s it’s horrible. Because what it
actually, every time, givesme is the design of something that looks on its surface
a bit similar. And often that’s gonna be an absolute disaster, because things that
look on the surface a bit similar and like I’m literally trying to create something
new to get away from the similar thing. It’s very misleading.11

Cosplaying Intelligence: Dennett vs. Searle •

Jeremy Howard 00:29:15

So in some sense, parts of what Dario said were right, just like for quite a few
people now, most of their code is being typed by a language model. That’s true
forme. Say, like, maybe 90%. But it hasn’tmademe thatmuchmore productive,
because that was never the slow bit. It’s also helpedmewith kind of the research
a lot and figuring out, you know, which files are gonna be touched. But anytime
I’ve made any attempt to getting an LLM to like design a solution to something
that hasn’t been designed lots of times before, it’s it’s horrible. Because what it
actually, every time, givesme is the design of something that looks on its surface
a bit similar. And often that’s gonna be an absolute disaster, because things that
look on the surface a bit similar and like I’m literally trying to create something
new to get away from the similar thing. It’s very misleading.1213

Dr. Tim Scarfe 00:30:23

First of all, I’m I’m exasperated by what I see as the tech bro predilection tomis-
understand cognitive science and philosophy and and what not. Because we’ve
we’ve spoken to so many really interesting people on MLST like for example
CésarHidalgo, hewrote this book, TheLawsofKnowledge. Andand evenMazvi-
ita Chirimuuta, she’s a a philosopher of neuroscience and she was talking all

11Daniel Dennett: Consciousness Explained — Book Dennett’s book referenced in the con-
sciousness and intelligence cosplaying discussion.

12Daniel Dennett: Consciousness Explained — Book Dennett’s book referenced in the con-
sciousness and intelligence cosplaying discussion.

13John Searle: Minds, Brains, and Programs— Paper The Chinese Room argument paper ref-
erenced in the AI consciousness debate.
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about, you know, like flipping basically that knowledge is protean. So yeah, I
think that knowledge is perspectival. I don’t think that knowledge can be this
abstract perspective free thing that can exist onWikipedia. And I also think that
knowledge is embodied and it’s alive. It’s something that exists in us. And the
purpose of an organization is to preserve and evolve knowledge. So when you
start delegating cognitive tasks to languagemodels, you actually have thisweird
paradoxical effect that you erode the knowledge inside the organization.

Jeremy Howard 00:31:16

Well, that’s true. And that’s terrifying. There’s often these these arguments
online betweenpeoplewho are like, LLMsdon’t understand anything. They’re
just pretending to understand. Mhmm. And then other people are like, don’t
be ridiculous. Lookwhat this LLM just did forme. Right? And the funny thing
is they’re both right. LLMs cosplay understanding things. Like, they pretend
to understand things. And this is the interesting thing about the early kind of
work with, like, cognitive science work with, like, Daniel Dennett. That’s ba-
sically what the Chinese room experiment is. Right? It is you’ve got a guy in a
roomwho can’t speakChinese at all, but he sure looks like he does because you
can feed in questions and he gives you back answers, but all he’s actually do-
ing is lookingup things in a huge array of books ormachines orwhatever. The
difference between pretending to be intelligent and actually being intelligent
is entirely unimportant, as long as you’re in the region inwhich the pretense is
actually effective, you know. So so it’s actually fine for a greatmany tasks that
LLMs only pretend to be intelligent, because for all intents and purposes, it it
it just doesn’tmatter until you get to the pointwhere it can’t pretend anymore.
And then you realize, like, ohmy god. This thing’s so stupid.

Dr. Tim Scarfe 00:32:41

I’m a fan of Searle, by the way. So, know, he said that understanding is causally
reducible but ontologically irreducible. And he was saying there was a phenom-
enal component to understanding. You don’t even need to go there. Like the
interesting thing about knowledge being protean is this idea that, you know, it’s
basically this Kantian idea. The world is a complex place. None of us understand
it. It’s like the blind men and the elephant. We all have different perspectives.
It’s a very complex thing. And so we all we all do this kind of modeling. But the
the interesting thing is that the language model, sometimes they seem to un-
derstand. And they understand because the supervisor places them in a frame.
So inside that frame, so when you have that perspective of the elephants, they’re
actually surprisingly coherent. But we discount the supervisor placing themod-
els in that frame.
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Jeremy Howard 00:33:25

Yeah. Yeah. So that so Searle versus Dennett, or is it versus Searle and Dennett,
was what everybody was talking about back when I was doing my undergrad
in philosophy, you know, so and Consciousness Explained came out about then,
probably Chinese Room a little bit before. That’s interesting because the discus-
sions were the same discussions we’re having now, but they’ve gone from being
abstract discussions to being real discussions. It’s helpful if people go back to
the abstract discussions, because it helps you get out of your you know, it’s very
distracting at the moment to look at something that’s cosplaying intelligence
so well, and go back to the fundamental question. So anyway, I just wanted to
mention that’s kind of it’s it’s this interesting situation we’re now in, where it’s
very easy to really get the wrong idea about what AI can do. Particularly when
you don’t understand the difference between coding and software engineering.
Yeah. Which then takesme to your point or your question about the implications
of that for organizations.

Dr. Tim Scarfe 00:34:40

Yep.

Jeremy Howard 00:34:41

You know, a lot of organizations are basically betting their futures on a spec-
ulative premise, which is that AI is gonna be able to do everything better than
humans, or at least everything in coding better than humans. I I worry about
this a lot, both for the organizations and for the humans, you know. For the hu-
mans, when you’re not actively using your design and engineering and coding
muscles, you don’t grow. You might even wither. But you at least don’t grow.
And, you know, speaking of the CEO of an r and d startup, you know, if if my
staff aren’t growing, then we’re gonna fail. You know? We that we can’t let that
happen. And getting better at the particular prompting skills, whatever details
of the current generation of AI, CLI frameworks isn’t growing. You know, that’s
that’s like that’s as helpful as learning about the details of some AWS API when
you don’t actually understand how the Internet works, you know. It’s not it’s not
reusable knowledge. It’s ephemeral knowledge. So like, if you wanted to, you
can actually use it as a learning superpower. But also, it can do the opposite. You
know, the natural thing it’s gonna do is remove your confidence over time.
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Dr. Tim Scarfe 00:36:15

I agree that that’s the natural thing. And this this is especially pertinent for you
because your your career has been around basically educating people to to get,
you know, technology and AI literacy. So the default behavior is very similar to
a self driving car. But there’s this tipping point where at some point, you’re not
engaged anymore. You’re not paying attention. And you get this delegation of
competence. And you get understanding debt. That’s the default thing. So this
study from Anthropic a couple of weeks ago, it contradicted Dario completely
because it even said that, yeah, there were a few people in the study that were
asking conceptual questions that are actually kind of keeping on top of things.
And they had a gradient of learning, but most people didn’t. And my hypothe-
sis about that is that the ideal situation for Gen AI coding is that like us, we’ve
beenwriting software for decades. We already have this abstract understanding.
We’re using it in domains that we knowwell. Andwe can specify, we can remove
loads of ambiguity, we can track andwe can go back and forth andwe canwe can
stay in touchwith the process. But what happens is that the the default attractor
is for people to just go into this autopilot mode and they’ve got no idea what’s
happening and it’s actually making them dumber.14

Automation, Radiology & Desirable Difficulty •

Dr. Tim Scarfe 00:36:15

I agree that that’s the natural thing. And this this is especially pertinent for you
because your your career has been around basically educating people to to get,
you know, technology and AI literacy. So the default behavior is very similar to
a self driving car. But there’s this tipping point where at some point, you’re not
engaged anymore. You’re not paying attention. And you get this delegation of
competence. And you get understanding debt. That’s the default thing. So this
study from Anthropic a couple of weeks ago, it contradicted Dario completely
because it even said that, yeah, there were a few people in the study that were
asking conceptual questions that are actually kind of keeping on top of things.
And they had a gradient of learning, but most people didn’t. And my hypothe-
sis about that is that the ideal situation for Gen AI coding is that like us, we’ve
beenwriting software for decades. We already have this abstract understanding.
We’re using it in domains that we knowwell. Andwe can specify, we can remove
loads of ambiguity, we can track andwe can go back and forth andwe canwe can
stay in touchwith the process. But what happens is that the the default attractor

14Anthropic Paper: AI Skill Formation—Research Paper Paper on AI learning and skill forma-
tion referenced during the automation discussion.
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is for people to just go into this autopilot mode and they’ve got no idea what’s
happening and it’s actually making them dumber.1516

Jeremy Howard 00:37:19

I I created a the the first deep learning for medicine company called Enlitic back
in, what was that, like, ’14. And our initial focus was on radiology, and a lot of
people were worried that this would cause radiologists to become less effective
at radiology. And I strongly felt the opposite, which is and I did quite a bit of
research into this, of like what happens when there’s like fly bywire in airplanes
or anti lock brakes in cars or whatever. If you can successfully automate parts
of a task that really are automatable, you can allow the expert to focus on the
things that they need to focus on. And we saw this happen. So in radiology we
found ifwe could automate identifying thepossible nodules in a lungCT scan,we
were actually good at it, which we were, and then we’ve the radiologist then can
focus on looking at the nodules and trying to decide if they’remalignant orwhat
to do about it. So again, it’s 1 of these subtle things. So if there’s things which
you can fully automate effectively in a way that you can remove that cognitive
burden fromahuman, so that they can focuson things that theyneed to focuson,
that can be good, you know. I don’t knowwhere we sit in software development
because, you know, I’ve been coding for 40 ish years. So I’ve written a lot of code
and I can glance at a screen of code and then, you know, unless it’s something
quite weird or sophisticated, I can immediately tell youwhat it does andwhether
itworks andwhatever. I cankindof see intuitively things that couldbe improved,
you know, possible things to be careful of. I’m not sure I could have got to that
point if I hadn’t have written a lot of code. So the people I’m finding who can
really benefit from AI right now are either really junior people who can’t code
at all, who can nowwrite some apps that they have in their head. And as long as
theywork reasonablyquicklywith the currentAI capabilities, then they’rehappy.
And then really experienced people like like me or like Chris Latner, because we
can basically have it do some of our typing for us, you know, and some of our
research for us. People in the middle, which is most people, most of the time, it
really worries me because how do you get from 0.1 to point b

Dr. Tim Scarfe 00:40:04

Yeah.
15Anthropic Paper: AI Skill Formation—Research Paper Paper on AI learning and skill forma-

tion referenced during the automation discussion.
16Ebbinghaus: Memory / Spaced Repetition — Historical Reference Ebbinghaus’ work on

memory and spaced repetition referenced in the desirable difficulty discussion.
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Jeremy Howard 00:40:05

Without typing code? It might be possible, but we don’t have a we have no ex-
perience of that. We don’t is is it possible? How would you do it? Like, is it kind
of like going back to school where at primary school we don’t let kids use cal-
culators so that they develop their number muscle. Do we need to do that for
like first 5 years as a developer? You have to write all the code yourself. I I don’t
know. But if I wasn’t between, like, 2 and 20 years of experienced developer, I
would be asking that question of myself a lot. Because otherwise, you might be
in the process of making yourself obsolete.

Dr. Tim Scarfe 00:40:48

Yeah. Well, this is another thing about knowledge that this Cesar Hidalgo guy
said. So he said that knowledge is non fungible, which means it can’t be ex-
changed. So what he means by that is the process of learning is in some im-
portant sense not reducible. So you have to have the experience. And the ex-
perience has to have friction. And when we build models of the world, we ac-
tually learn like there’s this phrase, reality pushes back. So we make lots of
mistakes, and we update our models, and we’re just placing these coherence
constraints in our model. And that’s how we come to learn. So you use called
code, and there’s so little friction in the process. That’s exactlywhat this study
from Anthropics said. It said there was so little friction, they didn’t learn any-
thing.

Jeremy Howard 00:41:29

Right. Yeah. No. Exactly. Desirable difficulty is the concept that kinda comes
up in education. But even going back to the work of Ebbinghaus, who was the
original repetitive space learning guy in the nineteenth century, And then Pi-
otrWozniakmore recently, we find the same like, wewewe know thatmemo-
ries don’t get formed unless it is hard work to form them. So, you know, that’s
where you kind of get this somewhat surprising result that says revising too
often is a bad idea, because it comes to mind too quickly. And so with repeti-
tive spaced learning, with stuff like Anki and SuperMemo, the algorithm tries
to schedule the flashcards at a just before the moment you’re about to forget.
So then it’s hardwork. So I I studied Chinese for 10 years in order to try to learn
about learningmyself. And I really noticed this that I usedAnki, andbecause it
was always schedulingmy cards just before I was about to forget them, it was
always incredibly hard work.17

17Cesar Hidalgo: Infinite Alphabet / Laws of Knowledge — Book Book on organizational
knowledge referenced during the knowledge embodiment discussion.
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Organizational Knowledge & The Slope •

Jeremy Howard 00:41:29

Right. Yeah. No. Exactly. Desirable difficulty is the concept that kinda comes
up in education. But even going back to the work of Ebbinghaus, who was the
original repetitive space learning guy in the nineteenth century, And then Pi-
otrWozniakmore recently, we find the same like, wewewe know thatmemo-
ries don’t get formed unless it is hard work to form them. So, you know, that’s
where you kind of get this somewhat surprising result that says revising too
often is a bad idea, because it comes to mind too quickly. And so with repeti-
tive spaced learning, with stuff like Anki and SuperMemo, the algorithm tries
to schedule the flashcards at a just before the moment you’re about to forget.
So then it’s hardwork. So I I studied Chinese for 10 years in order to try to learn
about learningmyself. And I really noticed this that I usedAnki, andbecause it
was always schedulingmy cards just before I was about to forget them, it was
always incredibly hard work.18

Dr. Tim Scarfe 00:42:43

Yeah.

Jeremy Howard 00:42:43

Youknow, todo reviews, becausealmost all the cardswereonce Iwason theverge
of forgetting. That was absolutely exhausting. But my God, it worked well. Here
I am, I don’t really haven’t done any study for 15 plus years, and I still remember
my Chinese.19

Dr. Tim Scarfe 00:43:00

Well, Imean, also, coming back to your radiology example, 1 example people give
is call centers. So we have this notion that in an organization, we have high in-
telligence roles and low intelligence roles. And for me, intelligence is just the
adaptive acquisition and synthesis of knowledge. So we assume that the low in-
telligence roles doing the call center stuff, it doesn’t adapt, which means we can
there are certain things that an organization does that do not change. So we
could automate them and we don’t need to update our knowledge. And I think
that discounts actuallymaybewith the radiology example that having this holis-

18Cesar Hidalgo: Infinite Alphabet / Laws of Knowledge — Book Book on organizational
knowledge referenced during the knowledge embodiment discussion.

19John Ousterhout: Slope vs Intercept — Technical Note Referenced for the ”slope makes up
for y-intercept” career growth concept.
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tic knowledge. Like, you know, in a call center, there are so many weird edge
cases that come in. Somanyweird things happen and that filters up in the orga-
nization and we adapt over time. So when you start to automate things, and you
actually lose the competence to create the process which created the thing in the
first place, and you lose the evolvability of that knowledge in the organization,
you’re actually kind of cutting your legs off.

Jeremy Howard 00:43:53

Yeah, absolutely. And so, you know, all I know is in my company, I just I tell
our staff all the time, almost the only thing I care about is how much your your
personal human capabilities are growing. You know, I I don’t actually care how
many PRs you’re doing, howmany features you’re doing. Like, there’s that nice,
you know, John Ousterhout, the Tcl guy, recently released some of his Stanford
Friday takeaway lectures, and he has this nice 1 called a little bit of slope makes
up for a lot of intercept. Just basically the idea that that, you know, in your life, if
you can focus on doing things that cause you to grow faster

Dr. Tim Scarfe 00:44:44

Yeah.

Jeremy Howard 00:44:45

It’s way better than focusing on focusing on the things that you’re already good
at, you know, that has that high intercept. So the only thing I really care about,
and I think is the only thing thatmatters formy company, is thatmy teamare fo-
cusing on their slope. Yeah. If you focus on just driving out results at the limit of
whatever AI can do right now, you’re only caring about the intercept, you know.
So I think it’s basically a path to obsolescence through both the company and
the people who are in it. And so I’m really surprised how many executives of
big companies are pushing this now, because it feels like if they’re wrong, which
they probably are, and they have no way to tell if they are because this is an area
they’re not at all familiar with and never learned it in their MBAs. They’re basi-
cally setting up their companies to be destroyed.

Dr. Tim Scarfe 00:45:37

Yeah.
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Jeremy Howard 00:45:38

And really surprised that, you know, shareholderswould let themdo that. It’ll set
up such an incredibly speculative action. Yeah. Here we are. It feels like a lot of
companies are gonna fail as a result of the amassed tech debt that causes them
to not be able to maintain or build their products anymore.

Dr. Tim Scarfe 00:45:58

There are loads of folks out there like François Chollet. Like, he he he really gets
it. He he

Jeremy Howard 00:46:02

understands this. Yeah.

Dr. Tim Scarfe 00:46:03

And, you know, so he’s always said that it it’s it’s about this kind ofmimetic shar-
ing of cognitive models about the domain and how we refine it together. On the
sharing thing, this is another big scaling problem with Gen AI coding, right? So
the ideal case, I’ve done this. I know a domain reallywell and I can specify it with
exquisite detail and I tell Claude code, go and do this thing and themodels inmy
mind doesn’t matter. And then you go into an organization and now I need to
share like my knowledge with all of the other people, right? And I’m sure you
have this in your company aswell. You need to that that this knowledge acquisi-
tionbottleneck is a real serious problem in inorganizations. Sowhen it’s justme,
I I think I’mprobably about 50 timesmore productive using Claude Code. It’s ab-
solutelymagic. And I can seewhy people are so excited about it. But people don’t
seem to understand the bottleneck and and how that doesn’t really translate to
many real world organizations.

Jeremy Howard 00:46:54

No one’s actually creating 50 times more high quality software than they were
before. So we’ve actually just done a study of this, and there’s a tiny uptick, tiny
uptick in what people are actually shipping. That’s the facts. Obviously, I’m an
enthusiast of AI andwhat it can do. But also,mywife Rachel recently pointed out
in an article, all of the pieces that make gambling addictive are present in

Dr. Tim Scarfe 00:47:30

Oh, yeah. Dark flow. Yeah. I was gonna bring that up.

29 Machine Learning Street Talk

https://www.youtube.com/watch?v=dHBEQ-Ryo24&t=2738s
https://www.youtube.com/watch?v=dHBEQ-Ryo24&t=2758s
https://www.youtube.com/watch?v=dHBEQ-Ryo24&t=2762s
https://www.youtube.com/watch?v=dHBEQ-Ryo24&t=2763s
https://www.youtube.com/watch?v=dHBEQ-Ryo24&t=2814s
https://www.youtube.com/watch?v=dHBEQ-Ryo24&t=2850s


Jeremy Howard: ULMFiT, Fine-tuning, and Intuiti...

Jeremy Howard 00:47:33

Yeah. It’s this really awkward situation where it’s very almost everybody I know
whogot very enthusiastic aboutAI powered coding in recentmonthshave totally
changed theirmind about it when theyfinallywent back and looked at, like, how
much stuff that I built during those days of great enthusiasm am I using today?
Are my customers using today? Am Imakingmoney from today? Almost all the
money is being made by influencers, you know, or by the companies that pro-
duce the tokens. The thing about AI based coding is that it’s like a slot machine,
and that you you have an illusion of control, you know, you can get to craft your
prompt, and your list ofMCPs, and your skills, andwhatever, and then in the end,
you pull the lever. Right? You put in the prompt, and something comes back, and
it’s like cherry, cherry, it’s like, oh, next time I’ll change my prompt a bit, I’ll add
a bit more context, pull the lever again, pull the lever again. It’s the stochastic
thing. You get the occasional win. It’s like, oh, I won. I got a feature. So it’s got
it’s got all these hallmarks of like, loss disguised as a win, somewhat stochastic,
feeling of control, all the stuff that gaming companies try to engineer into their
gaming rooms. Now, none of that means that AI is not useful, but gosh, it’s hard
to tell.20

Vibe Coding as a Slot Machine •

Jeremy Howard 00:47:33

Yeah. It’s this really awkward situation where it’s very almost everybody I
know who got very enthusiastic about AI powered coding in recent months
have totally changed theirmindabout itwhen theyfinallywentbackand looked
at, like, howmuch stuff that I built during those days of great enthusiasm am
I using today? Are my customers using today? Am I making money from to-
day? Almost all the money is being made by influencers, you know, or by the
companies thatproduce the tokens. The thingaboutAIbased coding is that it’s
like a slotmachine, and that you you have an illusion of control, you know, you
can get to craft your prompt, and your list of MCPs, and your skills, and what-
ever, and then in the end, you pull the lever. Right? You put in the prompt,
and something comes back, and it’s like cherry, cherry, it’s like, oh, next time
I’ll change my prompt a bit, I’ll add a bit more context, pull the lever again,
pull the lever again. It’s the stochastic thing. You get the occasional win. It’s
like, oh, I won. I got a feature. So it’s got it’s got all these hallmarks of like,
loss disguised as a win, somewhat stochastic, feeling of control, all the stuff

20Cursor Blog: ScalingAgents—Blog Post Referenced during theAI coding tools and vibe cod-
ing discussion.
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that gaming companies try to engineer into their gaming rooms. Now, none
of that means that AI is not useful, but gosh, it’s hard to tell.21

Dr. Tim Scarfe 00:49:12

I know. And and Rachel, just just to be clear as well, she she also said that 1 of the
hallmarks of gambling is that you kind of delude yourself that you have some
awareness of what’s going on, but but actually you don’t. But let let’s do the bull
case a little bit though. So I do I do think in restricted cases, it it is it is very
useful. And these are cases where we understand and we and we can place con-
straints and specification. But even in those cases, could argue on the 1 hand that
we’re not, you know, we’re not gonna be unemployed anytime soon because you
just do more work. On the addiction thing, I’ve noticed that. So I’ve had 14 hour
Claude code marathon sessions and and I actually feel addicted to it. It’s like a
slot machine. You know, it it really is.

Jeremy Howard 00:49:49

And there too. Absolutely.

Dr. Tim Scarfe 00:49:51

Yeah. Know. It’s and it just I’ve never felt more drained writing code. I actually
need to take a rest afterwards, like a few days rest because it completely

Jeremy Howard 00:49:59

crap, you know. Yeah. Definitely. I’ve had some successes. Right? And so, in fact,
we’ve spent the last couple of years building awhole product based aroundwhere
we know the successes are gonna be, which is when you’re working on reason-
ably small pieces that you can fully understand, and that you can design, and
you can build up your own layers of abstraction to create things that are bigger
than the parts that you’re building out of. Had a very interesting situation re-
cently where I just it’s kind of an experiment basically, which is we we rely very
heavily on something called IPy kernel, which is the thing that powers Jupyter
notebooks. And there had been amajor version release of IPykernel from ’6 to ’7,
and it stopped working. And it stopped working in both of the products that we
were trying touse itwith. 1waswas callednbclassic, which is the original Jupyter
notebook. And then our own product called solve it. They would just randomly
crash. And Ipy kernels over 5,000 lines of code. It’s very complex code, multiple
threads, events, locks, interfaces with IPython, you know, with ZMQ, you know,

21Cursor Blog: ScalingAgents—Blog Post Referenced during theAI coding tools and vibe cod-
ing discussion.
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all kinds of different pieces, DebugPy, and I I couldn’t getmy head around it, and
I couldn’t see why it was crashing. The tests are all passing. I wonder if AI can
solve this. You know, it’s like I’m always interested in the question of like how
big a chunk can AI handle on its own right now. The answer turned out to be
yes. I think it can just. It was like so I spent a couple of weeks, I didn’t develop a
lot of understanding about how IPykernel really worked in the process, but I did
spend quite a bit time kind of pulling out separate comp like, so the answer was
in 2 hours, codecs 5 point I think it was 5.2 at that time ormaybe 3 had just come
out, couldn’t do it. Then if I got the $200 amonthGPT 5.3 pro to fix the problems
it could. And so by rolling back between those 2 pieces of software and those 2
models, I could get things working over a couple of weeks period. And like you
say, it wasn’t at all fun. It was very tiring and it felt stressful because I wasn’t
really in control. But the interesting thing is I now am in a situationwhere I have
the only implementation of an of a Python Jupyter kernel that actually works
correctly, as far as I can tell, with these new version 7 protocol improvements.
And now I’m like, well, this is fascinating because we don’t have a kind of a soft-
ware engineering theory of what to do now. It’s like, here’s a piece of code that
no 1 understands.

Dr. Tim Scarfe 00:53:02

Yeah.

Jeremy Howard 00:53:03

Am I going to bet my company’s product on it? And I the answer is I don’t know.
Because like I I don’t I don’t like Idon’tknowwhat todonow, becausenoone’s like
being in this situation, and like, it does it havememory leaks? Will it still work in
a year’s time if there’s some minor change to the protocol? Is there some weird
edge case that’s gonnadestroyeverything? No1knowsbecauseno 1understands
his code. It’s a really curious situation.
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Dr. Tim Scarfe 00:53:36

I mean, first of all, we should acknowledge the pernicious erosion of control. So
at the very beginning, you have 10% AI generated code, and then you can just
see how it creeps up and up. And then at some 0.6 months down the line the
PR comes in and now you know 60% of the code is AI generated and do you see
what happens? You just you slowly become disconnected but the bull case for
this is you know in AI there’s this idea called functionalism that you know we
don’t care what the intelligent thing is made out of as long as it does all of the
right things, then we know, you know, we would say it’s AI. And it’s the same
thing with software. So the bull case is, I I understand the domain. I don’t need
to write. I don’t need to know how to write the quick sort algorithm. I just need
to understand it. Right? And then and then, you know, so I just need to have
all of these tests. And it needs to go into deployment. And these things need to
happen. And at that point, you know what? I don’t actually care. And I and I
could also

The Erosion of Control in Software •

Dr. Tim Scarfe 00:53:36

I mean, first of all, we should acknowledge the pernicious erosion of control. So
at the very beginning, you have 10% AI generated code, and then you can just
see how it creeps up and up. And then at some 0.6 months down the line the
PR comes in and now you know 60% of the code is AI generated and do you see
what happens? You just you slowly become disconnected but the bull case for
this is you know in AI there’s this idea called functionalism that you know we
don’t care what the intelligent thing is made out of as long as it does all of the
right things, then we know, you know, we would say it’s AI. And it’s the same
thing with software. So the bull case is, I I understand the domain. I don’t need
to write. I don’t need to know how to write the quick sort algorithm. I just need
to understand it. Right? And then and then, you know, so I just need to have
all of these tests. And it needs to go into deployment. And these things need to
happen. And at that point, you know what? I don’t actually care. And I and I
could also

Jeremy Howard 00:54:33

And I And to be clear, I quite like that framing. But you know, what that actu-
ally does is it says, well, software engineering sure is important then. Because
software engineering is all about finding what those pieces are, and how they
should behave, and then how you can put them together to create a bigger piece,
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and then how you can put them together to create a bigger piece. And if we do
that well, then in 10 years time, we could have software that is far more capable
than anything we could even imagine today.

Dr. Tim Scarfe 00:55:02

But

Jeremy Howard 00:55:05

you’re only gonna get that with really great software engineering. Yeah. You
wanna be careful. I think in the end like IPykernel, I’m finding for example, it’s
just too big a piece, right? Because in the end, the the team that made the orig-
inal IPykernel were not able to create a set of tests that correctly exercised it,
and therefore real world downstream projects, including the original nb clas-
sic, you know, which is what IPykernel was extracted from, didn’t work any-
more. So this is this is kind of where our focus is on now on the development
side at Answer dot ai, is finding the right sized pieces and making sure they’re
the right pieces. Knowing how to recognize what those pieces are, and how to
design them, and how to put them together is actually something that normally
requires some decades of experience before you’re really good at it. Certainly, it’s
true for me. I reckon I got pretty good at it after maybe 20 years of experience.
Yeah. It’s a big question. It’s like how do you build these software engineering
chopswhich arenowevenmore important than they’ve ever beenbefore, they’re
the difference between somebody who’s good at writing computer software and
somebody who’s not. That feels like a challenging question.

Dr. Tim Scarfe 00:56:32

I know. And there’s also this notion that there are so many different ways to ab-
stract and represent something. Know, the world is a very complex place. And
maybe thewaywe’ve been abstracting and representing software ismostly a re-
flection of our own cognitive limitations, right? And even in the sciences and in
physics, you tend to have a lot of quite reductivemethods ofmodeling theworld.
And then you’ve got complexity science, is just embracing the constructive, dis-
sipative, gnarly nature of things. And I think a lot of software today, we don’t
understand. Right? So for example, there are many globally distributed soft-
ware applications that use the actor pattern. And this is just this ins it’s basically
like a complex system. Right? And the only way we can understand it is by do-
ing simulations and tests because no 1 actually knows how all of these things
fit together. So you could argue, I guess, as a bull case that maybe we already
are doing this at the top of software engineering, and that is what we want to do
eventually anyway.
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Jeremy Howard 00:57:30

Yeah. I’d say probably not. You see companies like Instagram and WhatsApp
dominate their sectorswhilst having 10 staff, and beating companies likeGoogle
andMicrosoft in the process. I would argue this way of building software in very
large companies is actually failing. And I think we’re seeing a lot of these very
large companies becoming, you know, increasingly desperate. And, you know,
for example, the quality of Microsoft Windows and Mac OS has very obviously
deteriorated greatly in the last 5 to 10 years. You know, back when Dave Cutler
was looking at every line of the NT kernel and making sure it was beautiful, it
was a elegant andmarvelous piece of software, you know. And this I don’t think
there’s anybody in the world who’s gonna say that Windows 11 is an elegant and
marvelous piece of software. So I actually thinkwe do need to find these smaller
components thatwe do fully understand, and thatweneed to build themup. And
here’s the problem. AI is no good at that. So and and so I say that empirically.
They’re really bad at software engineering. And then I think that’s possibly al-
ways gonna be true, because, you know, we’re we’re asking them to often move
outside of their training data, you know, if we’re trying to build something that
literally hasn’t been built before and do it in a better way than has been done
before, we’re saying, like, don’t just copy what was in the training data. So and
again, this is a confusing point for a lot of people, because they see AI being very
good at coding. And then you think like, that’s software engineering. You know,
it’s like, it must be good at software engineering. But it’s they’re different tasks.
There’s not a huge amount of overlap between them. And there’s no current em-
pirical data to suggest that LLMs are gaining any competency at software engi-
neering. Every time you look at a piece of software engineering they’ve done,
like the browser, for example, which Cursor created, or the C compiler, which
Anthropic compared created. Like I’ve read the source code of those things quite
a bit. Chris Latner is much more familiar with the compiler example than me.
But they’re they’re very very obvious copies of things that already exist. So that’s
the challenge, you know, is if you want to build something that’s not just a copy,
then you can’t outsource that to an LLM. There’s no theoretical reason to believe
that you’ll ever be able to, And there’s no empirical data to suggest that you’ll
ever be able to.22

Dr. Tim Scarfe 01:00:34

Yes. I think thepunch line of this conversation is, and I’msureyouwould agree of
this, that we need to have the combination of AI and humans working together.
Right? BecauseRight. Thehumansprovide theunderstandingandall of the stuff
we were saying about knowledge. But we can still use AIs as a tool. But we to

22Bret Victor: Inventing on Principle—Video Referenced during the interactive programming
and REPL environments discussion.
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Dr. Tim Scarfe 01:00:34

Yes. I think thepunch line of this conversation is, and I’msureyouwould agree of
this, that we need to have the combination of AI and humans working together.
Right? BecauseRight. Thehumansprovide theunderstandingandall of the stuff
we were saying about knowledge. But we can still use AIs as a tool. But we to
designoperatingmodels orwaysofworking thatmake thatwe saywedon’twant
to diminishour competence andunderstanding. Right. So it’s very it’s a veryfine

Jeremy Howard 01:01:03

line. That’s that’s been our focus, and we both focus on that for teaching and for
our own internal development. The stuff I’ve been working on for 20 years has
turned out to be the thing thatmakes this all work. StephenWolfram should get
credit for this. Hewas the guy that created the notebook interface. Although also
lots of ideas kind of go back to Smalltalk and Lisp and APL. But basically, the idea
that a human can do a lot more with a computer when the human can, like, ma-
nipulate the objects in inside that computer in real time, study them, and move
them around, and combine them together. Yeah. That’s what small talk was all
about, you know, with objects, and APL was the same with arrays. Mathemat-
ica basically is a super powered Lisp, which then also added on this very elegant
notebook interface that allowed you to construct kind of a living document out
of all this. So I built this thing called nbdev a few years ago, which is a way of
creating production software inside these notebook interfaces, inside these rich
dynamic environments. And I found that made me dramatically more produc-
tive as a programmer. And like today, even though I’ve never been a full time
programmer asmy job, when you look atmy kind of GitHub repo output, I think
GitHub produced some statistics about it, and Iwas like, just about themost pro-
ductive programmer in in Australia. You know, like it it’s working. And a lot of
the stuff I build has lots and lots of people use it, because it’s such a rich, power-
ful way to build things. And so it turns out, we’ve now discovered that if you put
AI in the same environment with a human, again, in a in a rich, interactive envi-
ronment, AI ismuch better aswell, which perhaps isn’t shocking to hear. But the
normal, like, you use Claude code, which I know you do and it’s a very good piece
of software, but the environment we give Claude code is very similar to the envi-
ronment that people had 40 years ago, you know. It’s a it’s a line based terminal
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interface. You know, it can useMCP orwhatever. Most of the times, it just nowa-
days uses bash tools, which again, very powerful. I love bash tools. I use them all
the, you know, the CLI tools all the time. But it’s still just it’s using text files, you
know, as its as its interface to the world. It’s it’s it’s really meager. So so we put
the human and the AI inside a Python interpreter. And now suddenly you’ve got
the full power power of a very elegant expressive programming language that
the human can use to talk to the AI. The AI can talk to the computer. The human
can talk to the computer. The computer can talk to the AI. Like, you have this re-
ally rich thing, thenwe let the human and the AI in real time build tools that each
other can use. And that’s what it’s about to me. Right? It’s about, like, creating
an environment where humans can grow and engage and share. It’s like for me,
when I use Solveit, it’s the opposite of that experience you describedwith Claude
Code. After a couple of hours, I feel energized and happy and fulfilled.

Dr. Tim Scarfe 01:04:38

I’ll give youmy take. I think that the thing that you’re pointing to here is there’s
something magic about having an interactive, stateful environment that gives
you feedback.

Jeremy Howard 01:04:49

And

Dr. Tim Scarfe 01:04:50

that is because our brains kind

Jeremy Howard 01:04:52

of

Dr. Tim Scarfe 01:04:52

they can do a certain unit of work. So we actually think through refining and
testing with reality. And that’s why, I mean, duringmy PhD, I usedMathematica
and MATLAB. And I agree. So we’ve got this REPL environment and, you know,
here’s the matrix, let’s do an image plot, you know, do a change. This is what it
looks like now. And it’s actually a wonderful way to kind of just just refine my
mental model about something. But Claude code does a lot of this stuff. I think
it’s mostly a skill issue. I think the people that use Claude codes effectively do
this. I’ve written a content23

23Joel Grus: I Don’t Like Notebooks—Video The famous JupyterCon talk critiquing notebooks
referenced in the notebook debate.
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Dr. Tim Scarfe 01:04:52

they can do a certain unit of work. So we actually think through refining and
testing with reality. And that’s why, I mean, duringmy PhD, I usedMathematica
and MATLAB. And I agree. So we’ve got this REPL environment and, you know,
here’s the matrix, let’s do an image plot, you know, do a change. This is what it
looks like now. And it’s actually a wonderful way to kind of just just refine my
mental model about something. But Claude code does a lot of this stuff. I think
it’s mostly a skill issue. I think the people that use Claude codes effectively do
this. I’ve written a content2425

Jeremy Howard 01:05:26

management

Dr. Tim Scarfe 01:05:26

It’s

Jeremy Howard 01:05:27

possible. It is

Dr. Tim Scarfe 01:05:28

possible. It is possible. Yeah. So I’vewrittena contentmanagement systemcalled
Rescript. And when I’m putting together documentary video, it can pull tran-
scripts. And then I can verify the claims. And part of AI literacy is just under-
standing the asymmetry of language models, right? So when you give them a
sort of discriminative task, they’re actually quite good. So if I tell it in a sub agent
to go and verify every individual claim, it’s much more accurate than if I was in
generationmode and I was generating a bunch of claims. And the stateful feed-
back thing, again, I can have some kind of schematized XML dump. And I can
have like, an applicationhere on the side, which is visualizing, and it’s like a feed-
back loop. And forme, this is an AI literacy thing. Like, the the good people at AI
are already doing this.

24Joel Grus: I Don’t Like Notebooks—Video The famous JupyterCon talk critiquing notebooks
referenced in the notebook debate.

25fast.ai Blog: NB DevMerged Driver—Blog Post Referenced during the notebooks and nbdev
discussion.
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Jeremy Howard 01:06:12

Yeah. So I don’t fully agree with you. I agree you can do it in Claude code, and
I agree it is a AI literacy thing as to whether you can. But also Claude code was
not designed to do this. It’s not very good at it, and it doesn’t make it the natural
way of working with it. I don’t wanna say it’s an AI literacy problem, because
that’s like saying like, oh, it’s a you problem. To me, if a tool is not making it
the natural way for a human to becomemore knowledgeable, more happy, more
connected,with adeeperunderstanding andadeeper connection towhat they’re
working on, that’s a tool problem. That that should be how tools are designed to
work. So somanymodels and tools expressly are being evaluated on can I give it
a complete piece of work and have it go away and do thewhole thing, which feels
like a huge mistake to me, versus have you evaluated whether a human comes
out the other end with a deep understanding of a topic, you know, so that they
can really easily build things in the future?

Dr. Tim Scarfe 01:07:23

I agree with all of that. But then there’s the other interesting angle, which is
that therewas a famous talk by Joel Grus, andwe’ll talk about this. And and he
said that notebooks are terrible. They’re they’re really bad froma software en-
gineering point of view. And and at the time, and maybe still now to a certain
extent, I I agree with him because, you know, I’ve I’ve I’ve done ML DevOps.
I’ve worked in large organizations, you know, like trying to figure out how do
we bridge like data science and software engineering. And Claude code is al-
ready more towards the software engineering side and what that means is it
creates idempotent, stateless, repeatable artifacts, right? So as you say, from
a pedagogical point of view, it’s really good having this stateful feedback be-
cause I can understand what’s going on. But then I need to translate that into
something which is deployable. And Can you tell us the story of you you you
responded to Joel Grus, didn’t you? And and it was a bit of a fiasco, wasn’t it?
But what just just tell us about that story.
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Jeremy Howard 01:08:19

He did a really good video called I don’t like notebooks. It was hilarious. It
was really well done. And, yeah, I was totally wrong. And all the things he said
notebooks can’t do, they can. And all the things he said you can’t dowith note-
books, I do with notebooks all the time. So it was a very good, amusing incor-
rect talk. So then I did a kind of a parody of it called I like notebooks, inwhich I
basically copiedwith creditmost of his slides and showed how every 1 of them
was totally incorrect. But, like, I actually think your comment about it does
come down to the heart of it, which is this this this difference between, like,
howsoftware engineering isnormallydoneversushowscientific researchand
similar things is normally done. And I think and I agree there is a dichotomy
there. And I think that dichotomy is a real shame because I think software de-
velopment is being done wrong. It’s being done in this way, which is, yeah, all
about reproducibility and these like dead these dead pieces, you know. It’s all
dead code, dead files. I will never be able to express this 1 millionth as clearly
as Brett Victor has in his work, so I’d encourage people who haven’t watched
Brett Victor to towatchhim. But, youknow, hehe showsagain andagainhowa
direct connection, youknow, a direct visceral connectionwith the thing you’re
doing is is all that matters, you know. And that’s his mission, is to make sure
people have that connection. And that’s basically my mission as well. So for
me, traditional software engineering is as far from that as it is possible to get.
I think it’s I think it’s gross. Like, I I I find it disgusting. And I find it sad that
people are being forced to work like that. It’s like, I think it’s inhumane. And
I just don’t think it works very well. I mean, empirically, it doesn’t work very
well. And it’s much less good for for AI as well, as it’s much less good for hu-
mans. It hasn’t always been that way. Like, you know, with with Alan Kay
and Smalltalk and Iverson and APL, you know, Lisp WolframwithMathemat-
ica. Tome, these were the golden dayswhenwhen people were focused on the
questionof howdoweget thehuman into the computer towork as closelywith
it as possible. You know, that’s where the the mouse came from, for example.
I’ve got to like click and drag and visualize entities in your computer as things
you canmove around. So I feel like we’ve lost that. I think it’s really sad. Yeah.
With Claude code and stuff, the the default way of working with them is to go
super deep into it. It’s like, okay, there’s a whole folder full of files, you never
even look at them, your entire interaction with it is through a prompt.

Dr. Tim Scarfe 01:11:44

Yeah.
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Jeremy Howard 01:11:45

I it it literally disgusts me. Like, I literally think it’s it’s inhumane, and it’s my
mission remains the sameas it has been for, like, 20years,which is to stoppeople
working like this.

Dr. Tim Scarfe 01:12:00

I I know. But the so casting my mind back. I used to work with data scientists.
They were using Jupyter Notebooks. And what I found was typically, I mean,
back then, you couldn’t if you check them into Git, it wouldn’t look very good.
Most of these data scientists didn’t know how to use Git. They would run the
cells out of order, which means it wouldn’t be reproducible. There are all sorts
of things like that. The thing is, I agree with you that you you can use them in
this in this workflow. But it comes back to what I was saying before about, you
know,wewewere talking about the call center and it being like a low intelligence
job. You know, the data scientists, the reasonwhy they they are doing intelligent
work is they are creating something that doesn’t exist. They are figuring out
the contours of a problem. They’re actually working in a domain that is poorly
understood. But you could argue now the bull case is when the data scientists
can succinctly describe the contours of theproblem,maybewe couldgo toClaude
code, and we could implement it properly. But how do we bridge between those
2 worlds?

Jeremy Howard 01:12:54

I think that would be a terrible, terrible idea. Like, you don’t wanna remove peo-
ple from their exploratory environment, you know? Research and science is de-
veloped by people building insight, you know? Whoever you listen to, you know,
whether it be Feynman or whatever, like, you always hear from the great scien-
tists how they build deeper intuition by by building mental models, which they
get over time, by interacting with the things that they’re learning about. And
like in Feynman’s case, because it was theoretical physics, he couldn’t actually
pick up spinning quark, but he did literally study spinning plates, you know. You
gotta find ways to to deeply interact with with what you’re working with. Like,
so somany times I’ve seen data science teams because you’re right. Data science
teams aren’t very familiar with Git and aren’t very familiar with things that they
do need to understand. And so often, I’ve seen a software engineer will become
their manager, and their fix to this will be to tell them all to stop using Jupyter
notebooks. And now they have to use all these reproducible blah blah virtual,
you know, virtual end blah blah. They destroy these teams over and over again.
I’ve seen this keep happening. Because the solution is not createmore discipline
and bureaucracy. It’s solve the actual problem. So for example, we we built a
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thing called an n b merge driver, which so a lot of people don’t realize this, but
actually notebooks are extremely git friendly. It’s just that git doesn’t ship with
amerge driver for them. So git only ships with amerge driver for line based text
files. But it’s fully pluggable. And so you can easily plug in 1 for JSON files in-
stead. And so we wrote 1. So now when you diff, you know, when you get a git
diff with our merge driver, you see cell level diffs. If you get a merge conflict,
get search level cell level merge conflicts. The notebook is always openable in
Jupyter. NBDime did the same thing, so 2 independent implementations of this.
So yeah, there were problems to solve, you know, but the solution to it was not
throw away Brett Victor’s ideas and make people further away from from their
exploratory tools. But to fix the exploratory tools, and I think all software devel-
opers should be using exploratory based programming to deepen their under-
standing of what they’re working with. So that they end up with a really strong
mentalmodel of the system that they’re building and they’re workingwith. And
then they can come upwith better solutions, more incrementally, better tested. I
basically never have to use a debugger, because I basically never have bugs. And
it’s not because I’maparticularly goodprogrammer, it’s because I build thingsup
small little steps, and each step works and I can see it working and I can interact
with it. So there’s no room for bugs, you know?

Dr. Tim Scarfe 01:16:20

You know, I’m so torn on this because I agree with you. And I’m also skeptical of
people who say that organizations, they they they converge onto ways of doing
things, they no longer need to evolve. They no longer need to adapt. Innova-
tion is adaptivity, right? And we should increase the surface area of adaptivity
as much as we possibly can. So we need people that are constantly testing new
ideas, finding these constraints. But by the same token, weneed to use the cloud,
we need to use CICD. We need to get this stuff into production.

Jeremy Howard 01:16:50

Yeah. So do you do you do but, like, there’s absolutely no like, so NB dev ships
with out of the box CI integration, and that’s like the tests are literally there, like,
because the source is a notebook, the entire exploration of like, how does this
API work, you know, what does it look like when you call it, The implementation
of the functions, the examples of them, the documentation of them, the tests of
them are in 1 place. So it’s much easier to be a good software engineer in this
environment. So, yeah, like, do do both, you know.26

26Jeremy Howard: Response to AI Risk Letter — Blog Post Jeremy’s response to AI existential
risk discussions referenced in the AI safety section.
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Jeremy Howard 01:16:50

Yeah. So do you do you do but, like, there’s absolutely no like, so NB dev ships
with out of the box CI integration, and that’s like the tests are literally there, like,
because the source is a notebook, the entire exploration of like, how does this
API work, you know, what does it look like when you call it, The implementation
of the functions, the examples of them, the documentation of them, the tests of
them are in 1 place. So it’s much easier to be a good software engineer in this
environment. So, yeah, like, do do both, you know.27

Dr. Tim Scarfe 01:17:33

Sodoyou remember therewas therewas that existential risk shouldbe anurgent
priority, and it was signed by folks like Hinton and andDemisHassabis. And you
responded, basicallywith a rebuttal, and thatwaswithArvind, you know, the the
snake oil guy. Tell me about that. Do you think we should be worried about AI
existential risk?

Jeremy Howard 01:17:52

I mean, that was a certain time, wasn’t it? And I feel like things have changed
a bit. Thank God. I feel like we we, not just being Aravind, but broadly speak-
ing, the community of which we’re a part, kind of probably won that. Now we
have other problems to worry about. But you know, basically, at that point, the
prevailing narrativewas AI is about to become autonomous. It could become au-
tonomous at any moment, and could destroy the world. So it very much comes
from, you know, Alizia Yukowski’s Yep. Work, which I think clearly has been
shown to be wrong at many levels at this point.

Dr. Tim Scarfe 01:18:37

That they would refute that, obviously.

Jeremy Howard 01:18:39

Of course, theywould. Yeah. It’s 1 of those things that they can always refute just
like any doomsday cult unless you give it a date and the date passes.

27Jeremy Howard: Response to AI Risk Letter — Blog Post Jeremy’s response to AI existential
risk discussions referenced in the AI safety section.
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Dr. Tim Scarfe 01:18:48

Well, I’ve I’ve updated a little bit in the sense that I I now think I I would now
say that these models can be said to be intelligent in restricted domains. The
ARC challenge showed that. So if you place constraints into the problem, you
you can you can go faster towards a known goal. Even agency, you you can put a
planner on that and you can go if you if you knowwhere you’re going, you can go
there faster. But that doesn’t help you. Like, you can have all the intelligence and
agency in the world. But if you don’t have the knowledge and the constraints,
then you’re going in the wrong direction faster. And I think they don’t seem to
appreciate that these models don’t actually know the world.

Jeremy Howard 01:19:22

Like, none of that was even relevant to Ivan and my point, which was and is,
that it’smisunderstandingwhere theactual danger is. Yep. Which is thatwhen
youhaveadramaticallymorepowerful technologyentering theworld, that can
make some people dramatically more powerful, people who are in love with
power will seek to monopolize that technology. And the more powerful it is,
the more strong that urge from those power hungry people will be. So to ig-
nore people so here’s the problem. If you’re like, I don’t care about any of that.
All I care about is autonomous AI taking off, you know, singularity paper clip,
nano goo, whatever. The obvious solution to that is, oh, let’s centralize power.
And this is which is what we kept seeing, particularly at that time. Let’s give
either very rich technology companies, or the government, or both, all of this
power, and make sure nobody else has it. In in my threat model, that’s the
worst possible thing you can do, because you’ve centralized the ability to con-
trol in 1 place. And therefore, these people who are desperate for power just
have to take over that thing.

Dr. Tim Scarfe 01:20:49

Could could we distinguish, though, what you mean by power? Because we’ve
we’ve just spent some of this conversation talking about how it’s not actually as
powerful as people think it is.

Jeremy Howard 01:20:57

But I’m I’m not even that’s what but mine is an even if thing. Right? So, like, I I
I just say, even if it turns out to be incredibly powerful. Right, like, don’t I don’t
evenwanna argue about whether it’s gonna be powerful because that’s specula-
tive. Even if it’s gonna be incredibly powerful, you still shouldn’t centralize all of
that power in the hands of 1 company or the government.
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Dr. Tim Scarfe 01:21:24

Yeah.

Jeremy Howard 01:21:25

Because if you do, all of that power is going to bemonopolized by power hungry
people, and used to destroy civilization, basically. You’ll end upwith a casewhere
all of that wealth and power will be centralized with the kinds of people who
who want it centralized. So, like, society for hundreds of years have faced this
again and again and again, you know. So when it’s like, you know, writing used
tobe something that only themost exclusivepeoplehadaccess toknowingabout
writing. And the same arguments weremade. If you let everybodywrite, they’re
gonna use it to write things that we don’t want them to write, and it’s gonna be
really bad, you know. Ditto with printing, ditto with the vote, like like and again
and again, society has to fight against this natural predilection of the people that
have the status quo power to be like, no, this is a threat. So when we’re saying
like, okay, what if AI turned out to be incredibly powerful? Would it be better for
society to be that to be kept in thehands of a fewor spread out across society? My
argument was the latter. Now, there’s also an argument which is like, hey, don’t
worry about it. It’s not gonna be that powerful anyway. I I just didn’t wanna go
there, because it’s not an argument that’s easy to win, because you can’t really
say what’s gonna happen. We’re all just guessing. But I can very clearly say, like,
well, if it happens, would it be a really good idea to only let ElonMusk have it? Or
would it be a good idea to only let Donald Trump have it?

Dr. Tim Scarfe 01:23:29

Dan Hendricks spoke about this offense defense asymmetry. Uh-huh.

Jeremy Howard 01:23:33

So
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Dr. Tim Scarfe 01:23:33

it’s actually very important for us to have to have countervailing, you know, de-
fenses. But let let’s just take that as a given for a minute. Because obviously,
when we look at something like Meta and Facebook, it’s it’s quite clear what the
power imbalance is, you know, they they they control all of our data. They they
knowwhatwe’re doing. Withwith something like OpenAI and Claude, so it’s not
as good as we thought it was because actually humans still need to be involved.
But for example, they have all of our data, right? And you might be working on
some new innovative technology and you’re using Claude and you’re sending all
of your information up there and they can now copy you. Mean, what what kind
of risks are you talking about to be more concrete?

Jeremy Howard 01:24:09

Yeah. No. I mean, so I was not talking about any of those things, right? So at the
time, I was talking about this speculative question of what if AI gets incredibly
powerful.

Dr. Tim Scarfe 01:24:17

Well, I mean, like like now, for example, they they say that this is the newmeans
of production. And that’s that seems completely hyperbolic to me. But, like, in
your best estimation now, if there are risks, what are they?

Current Risks, Privacy & Enfeeblement •

Dr. Tim Scarfe 01:24:17

Well, I mean, like like now, for example, they they say that this is the newmeans
of production. And that’s that seems completely hyperbolic to me. But, like, in
your best estimation now, if there are risks, what are they?

Jeremy Howard 01:24:29

If there are risks with the current state of technology, I mean, I think some of
them are the ones we’ve discussed, which is people enfeebling themselves by
basically losing their ability to be to become more competent over time. That’s
that’s that’s the big risk I worry about the most. The privacy risk, it’s there,
but I’m not sure it’s much more there than it was for Google and Microsoft be-
fore. Like, you know, you used to work at Microsoft. You know how much data
they have about the average Outlook, Office, etcetera, user. Ditto for Google,
you know, the average Google Workspace or Gmail user. Those privacy issues
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are real. Although I think there are bigger privacy issues around these compa-
nies which the government can outsource data collection to. So back in the day,
it used to be companies like ChoicePoint and Acxiom. Nowadays, it’s probably
more companies like Palantir. The US government is actually prohibited from
building large databases about US citizens, for example. But it’s not prohibited
companies are not prohibited from doing so, and the government’s not prohib-
ited from contracting things to those companies. So, Imean, that’s a hugeworry,
but I don’t think it’s 1 that AI is uniquely creating. It certainly so, like, you’re in
TheUK.As youknow, inTheUK, surveillancehas beenuniversal for quite awhile
now. It certainly makes it easier to use that surveillance. But a sufficiently well
resourced organization could just throw 1000 bodies at the problem. So, yeah.
I’m not sure these are due privacy problems. There’s maybemore common ones
than they used to be.

Dr. Tim Scarfe 01:26:28

Yeah. Jeremy, I’ve just noticed the time. I need to get to the airport.

Jeremy Howard 01:26:31

Alright.

Dr. Tim Scarfe 01:26:32

This has been amazing.

Jeremy Howard 01:26:33

Thank

Dr. Tim Scarfe 01:26:33

you,

Jeremy Howard 01:26:33

sir. Thank you

Dr. Tim Scarfe 01:26:34

for

Jeremy Howard 01:26:34

coming.
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Dr. Tim Scarfe 01:26:34

Yeah.

Jeremy Howard 01:26:35

Hope you had a nice trip.

Dr. Tim Scarfe 01:26:36

Thank you so much.
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