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You can see the future first in San Francisco.

Over the past year, the talk of the town has shifted from $10 billion
compute clusters to $100 billion clusters to trillion-dollar clusters. Ev-
ery six months another zero is added to the boardroom plans. Behind
the scenes, there’s a fierce scramble to secure every power contract
still available for the rest of the decade, every voltage transformer
that can possibly be procured. American big business is gearing up
to pour trillions of dollars into a long-unseen mobilization of Amer-
ican industrial might. By the end of the decade, American electricity
production will have grown tens of percent; from the shale fields of
Pennsylvania to the solar farms of Nevada, hundreds of millions of
GPUs will hum.

The AGI race has begun. We are building machines that can think
and reason. By 2025/26, these machines will outpace college grad-
uates. By the end of the decade, they will be smarter than you or I;
we will have superintelligence, in the true sense of the word. Along
the way, national security forces not seen in half a century will be un-
leashed, and before long, The Project will be on. If we’re lucky, we’ll
be in an all-out race with the CCP; if we’re unlucky, an all-out war.

Everyone is now talking about AI, but few have the faintest glimmer
of what is about to hit them. Nvidia analysts still think 2024 might
be close to the peak. Mainstream pundits are stuck on the willful
blindness of “it’s just predicting the next word”. They see only hype
and business-as-usual; at most they entertain another internet-scale
technological change.

Before long, the world will wake up. But right now, there are perhaps
a few hundred people, most of them in San Francisco and the AI
labs, that have situational awareness. Through whatever peculiar forces
of fate, I have found myself amongst them. A few years ago, these
people were derided as crazy—but they trusted the trendlines, which
allowed them to correctly predict the AI advances of the past few
years. Whether these people are also right about the next few years
remains to be seen. But these are very smart people—the smartest
people I have ever met—and they are the ones building this technol-
ogy. Perhaps they will be an odd footnote in history, or perhaps they
will go down in history like Szilard and Oppenheimer and Teller. If
they are seeing the future even close to correctly, we are in for a wild
ride.

Let me tell you what we see.
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I. From GPT-4 to AGI: Counting the OOMs

AGI by 2027is strikingly plausible. GPT- 2 to GPT-4 took
us from ~preschooler to ~smart high-schooler abilities in
4 years. Tracing trendlines in compute (~ 0.5 orders of magni-
tude or OOMs/year), algorithmic ef�ciencies (~ 0.5 OOMs/year),
and “unhobbling” gains (from chatbot to agent), we should
expect another preschooler-to-high-schooler-sized qualitative
jump by 2027.

Look. The models, they just want to learn. You have to
understand this. The models, they just want to learn.

ilya sutskever
(circa 2015, via Dario Amodei)

GPT-4' s capabilities came as a shock to many: an AI system
that could write code and essays, could reason through dif�cult
math problems, and ace college exams. A few years ago, most
thought these were impenetrable walls.

But GPT-4 was merely the continuation of a decade of break-
neck progress in deep learning. A decade earlier, models could
barely identify simple images of cats and dogs; four years ear-
lier, GPT-2 could barely string together semi-plausible sen-
tences. Now we are rapidly saturating all the benchmarks we
can come up with. And yet this dramatic progress has merely
been the result of consistent trends in scaling up deep learning.

There have been people who have seen this for far longer. They
were scoffed at, but all they did was trust the trendlines. The
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trendlines are intense, and they were right. The models, they
just want to learn; you scale them up, and they learn more.

I make the following claim: it is strikingly plausible that
by 2027, models will be able to do the work of an AI re-
searcher/engineer. That doesn't require believing in sci-�; it
just requires believing in straight lines on a graph.

Figure 1: Rough estimates of past and
future scaleup of effective compute
(both physical compute and algorith-
mic ef�ciencies), based on the public
estimates discussed in this piece. As
we scale models, they consistently get
smarter, and by “counting the OOMs”
we get a rough sense of what model
intelligence we should expect in the
(near) future. (This graph shows only
the scaleup in base models; “unhob-
blings” are not pictured.)

In this piece, I will simply “count the OOMs” (OOM = order
of magnitude, 10x = 1 order of magnitude): look at the trends
in 1) compute, 2) algorithmic ef�ciencies(algorithmic progress
that we can think of as growing “effective compute”), and 3)
”unhobbling” gains(�xing obvious ways in which models are
hobbled by default, unlocking latent capabilities and giving
them tools, leading to step-changes in usefulness). We trace
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the growth in each over four years before GPT- 4, and what we
should expect in the four years after, through the end of 2027.
Given deep learning's consistent improvements for every OOM
of effective compute, we can use this to project future progress.

Publicly, things have been quiet for a year since the GPT-4 re-
lease, as the next generation of models has been in the oven—
leading some to proclaim stagnation and that deep learning is
hitting a wall. 1 But by counting the OOMs, we get a peek at 1 Predictions they've made every year

for the last decade, and which they've
been consistently wrong about. . .

what we should actually expect.

The upshot is pretty simple. GPT- 2 to GPT-4—from models
that were impressive for sometimes managing to string to-
gether a few coherent sentences, to models that ace high-school
exams—was not a one-time gain. We are racing through the
OOMs extremely rapidly, and the numbers indicate we should
expect another ~100,000x effective compute scaleup—resulting
in another GPT-2-to-GPT-4-sized qualitative jump—over four
years. Moreover, and critically, that doesn't just mean a better
chatbot; picking the many obvious low-hanging fruit on “un-
hobbling” gains should take us from chatbots to agents, from a
tool to something that looks more like drop-in remote worker
replacements.

While the inference is simple, the implication is striking. An-
other jump like that very well could take us to AGI, to models
as smart as PhDs or experts that can work beside us as cowork-
ers. Perhaps most importantly, if these AI systems could auto-
mate AI research itself, that would set in motion intense feed-
back loops—the topic of the the next piece in the series.

Even now, barely anyone is pricing all this in. But situational
awareness on AI isn't actually that hard, once you step back
and look at the trends. If you keep being surprised by AI capa-
bilities, just start counting the OOMs.
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The last four years

We have machines now that we can basically talk to like
humans. It's a remarkable testament to the human capacity to
adjust that this seems normal, that we've become inured to the
pace of progress. But it's worth stepping back and looking at
the progress of just the last few years.

GPT-2 to GPT-4

Let me remind you of how far we came in just the ~ 4 (!) years
leading up to GPT- 4.

GPT-2 (2019) ~ preschooler: “Wow, it can string together a few
plausible sentences.” A very-cherry-picked example of a semi-
coherent story about unicorns in the Andes it generated was
incredibly impressive at the time. And yet GPT- 2 could barely
count to 5 without getting tripped up; 2 when summarizing

2 From SSC: “Janelle Shane asks GPT-2
its ten favorite animals:

Prompt: My 10 favorite animals are: 1.
My ten favorite animals are:

1. Zebras with a white scar on the back
2. Insiduous spiders and octopus
3. Frog with large leaves, hopefully
black
4. Cockatiel with scales
5. Razorbill with wings hanging about
4 inches from one's face and a heart
tattoo on a frog
3. Cockatric interlocking tetrabods that
can be blind, cut, and eaten raw:
4. Black and white desert crocodiles
living in sunlight
5. Zebra and many other pea bugs”

an article, it just barely outperformed selecting 3 random sen-
tences from the article.3 3 From the GPT-2 paper, Section 3.6.

Figure 2: Some examples of what
people found impressive about GPT-
2 at the time. Left: GPT-2 does an
ok job on extremely basic reading
comprehension questions. Right: In
a cherry-picked sample (best of 10
tries), GPT-2 can write a semi-coherent
paragraph that says some semi-relevant
things about the Civil War.

Comparing AI capabilities with human intelligence is dif�cult
and �awed, but I think it's informative to consider the analogy
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here, even if it's highly imperfect. GPT- 2 was shocking for its
command of language, and its ability to occasionally generate a
semi-cohesive paragraph, or occasionally answer simple factual
questions correctly. It's what would have been impressive for a
preschooler.

GPT-3 (2020)4 ~ elementary schooler: “Wow, with just some few- 4 I mean clunky old GPT- 3 here, not the
dramatically-improved GPT- 3.5 you
might know from ChatGPT.

shot examples it can do some simple useful tasks.” It started
being cohesive over even multiple paragraphs much more con-
sistently, and could correct grammar and do some very basic
arithmetic. For the �rst time, it was also commercially useful in
a few narrow ways: for example, GPT- 3 could generate simple
copy for SEO and marketing.

Figure 3: Some examples of what
people found impressive about GPT-
3 at the time. Top: After a simple
instruction, GPT- 3 can use a made-up
word in a new sentence. Bottom-left:
GPT-3 can engage in rich storytelling
back-and-forth. Bottom-right: GPT- 3
can generate some very simple code.

Again, the comparison is imperfect, but what impressed peo-
ple about GPT-3 is perhaps what would have been impressive
for an elementary schooler: it wrote some basic poetry, could
tell richer and coherent stories, could start to do rudimentary
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coding, could fairly reliably learn from simple instructions and
demonstrations, and so on.

GPT-4 (2023) ~ smart high schooler: “Wow, it can write pretty so-
phisticated code and iteratively debug, it can write intelligently
and sophisticatedly about complicated subjects, it can reason
through dif�cult high-school competition math, it's beating the
vast majority of high schoolers on whatever tests we can give
it, etc.” From code to math to Fermi estimates, it can think and
reason. GPT-4 is now useful in my daily tasks, from helping
write code to revising drafts.
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Figure 4: Some of what people found
impressive about GPT-4 when it was re-
leased, from the “Sparks of AGI” paper.
Top: It's writing very complicated code
(producing the plots shown in the mid-
dle) and can reason through nontrivial
math problems. Bottom-left: Solving an
AP math problem. Bottom-right: Solv-
ing a fairly complex coding problem.
More interesting excerpts from that
exploration of GPT- 4's capabilities here.
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On everything from AP exams to the SAT, GPT- 4 scores better
than the vast majority of high schoolers.

Of course, even GPT-4 is still somewhat uneven; for some tasks
it's much better than smart high-schoolers, while there are
other tasks it can't yet do. That said, I tend to think most of
these limitations come down to obvious ways models are still
hobbled, as I'll discuss in-depth later. The raw intelligence
is (mostly) there, even if the models are still arti�cially con-
strained; it'll take extra work to unlock models being able to
fully apply that raw intelligence across applications.

Figure 5: Progress over just four years.
Where are you on this line?

The trends in deep learning

The pace of deep learning progress in the last decade has sim-
ply been extraordinary. A mere decade ago it was revolution-
ary for a deep learning system to identify simple images. To-
day, we keep trying to come up with novel, ever harder tests,
and yet each new benchmark is quickly cracked. It used to take
decades to crack widely-used benchmarks; now it feels like
mere months.

We're literally running out of benchmarks. As an anecdote, my
friends Dan and Collin made a benchmark called MMLU a few
years ago, in 2020. They hoped to �nally make a benchmark
that would stand the test of time, equivalent to all the hardest
exams we give high school and college students. Just three
years later, it's basically solved: models like GPT-4 and Gemini
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Figure 6: Deep learning systems are
rapidly reaching or exceeding human-
level in many domains. Graphic: Our
World in Data

get ~90%.

More broadly, GPT- 4 mostly cracks all the standard high school
and college aptitude tests (Figure 7).5 5 And no, these tests aren't in the train-

ing set. AI labs put real effort into en-
suring these evals are uncontaminated,
because they need good measurements
in order to do good science. A recent
analysis on this by ScaleAI con�rmed
that the leading labs aren't over�tting to
the benchmarks (though some smaller
LLM developers might be juicing their
numbers).

Or consider the MATH benchmark, a set of dif�cult mathemat-
ics problems from high-school math competitions. 6 When the

6 In the original paper, it was noted:
“We also evaluated humans on MATH,
and found that a computer science PhD
student who does not especially like
mathematics attained approximately
40% on MATH, while a three-time IMO
gold medalist attained 90%, indicating
that MATH can be challenging for
humans as well.”

benchmark was released in 2021, GPT-3 only got ~ 5% of prob-
lems right. And the original paper noted: “Moreover, we �nd
that simply increasing budgets and model parameter counts
will be impractical for achieving strong mathematical reasoning
if scaling trends continue [...]. To have more traction on math-
ematical problem solving we will likely need new algorithmic
advancements from the broader research community”—we
would need fundamental new breakthroughs to solve MATH,
or so they thought. A survey of ML researchers predicted min-
imal progress over the coming years (Figure 8);7 and yet within 7 A coauthor notes: “When our group

�rst released the MATH dataset, at least
one [ML researcher colleague] told us
that it was a pointless dataset because
it was too far outside the range of what
ML models could accomplish (indeed,
I was somewhat worried about this
myself).”

just a year (by mid- 2022), the best models went from ~ 5% to
50% accuracy; now, MATH is basically solved, with recent per-
formance over 90%.



situational awareness 16

Figure 7: GPT-4 scores on standardized
tests. Note also the large jump from
GPT-3.5 to GPT-4 in human percentile
on these tests, often from well below
the median human to the very top of
the human range. (And this is GPT- 3.5,
a fairly recent model released less than
a year before GPT-4, not the clunky old
elementary-school-level GPT-3 we were
talking about earlier!)

Figure 8: Gray: Professional forecasts,
made in August 2021, for June 2022
performance on the MATH benchmark
(dif�cult mathematics problems from
high-school math competitions). Red
star: actual state-of-the-art performance
by June 2022, far exceeding even the
upper range forecasters gave. The
median ML researcher was even more
pessimistic.
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Over and over again, year after year, skeptics have claimed
“deep learning won't be able to do X” and have been quickly
proven wrong. 8 If there's one lesson we've learned from the past 8 Here's Yann LeCun predicting in 2022

that even GPT-5000won't be able to
reason about physical interactions with
the real world; GPT- 4 obviously does it
with ease a year later.

Here's Gary Marcus's walls predicted
after GPT-2 being solved by GPT-3, and
the walls he predicted after GPT- 3 being
solved by GPT-4.

Here's Prof. Bryan Caplan losing his
�rst-ever public bet (after previously
famously having a perfect public
betting track record). In January 2023,
after GPT-3.5 got a D on his economics
midterm, Prof. Caplan bet Matthew
Barnett that no AI would get an A on
his economics midterms by 2029. Just
two months later, when GPT- 4 came
out, it promptly scored an A on his
midterm (and it would have been one
of the highest scores in his class).

decade of AI, it's that you should never bet against deep learning.

Now the hardest unsolved benchmarks are tests like GPQA,
a set of PhD-level biology, chemistry, and physics questions.
Many of the questions read like gibberish to me, and even
PhDs in other scienti�c �elds spending 30+ minutes with
Google barely score above random chance. Claude3 Opus
currently gets ~ 60%,9 compared to in-domain PhDs who get

9 On the diamond set, majority voting
of the model trying 32 times with
chain-of-thought.

~80%—and I expect this benchmark to fall as well, in the next
generation or two.
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