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Abstract

What large language models are able to do can teach us valuable lessons about our own mental
lives.

When we evaluate AI on a task, we often use “human-level performance” as a benchmark. There are
several advantages to that. For one, it is a standard that is intuitively easy to appreciate. Also, if we
create an AI system that clearly exceeds what any human can do, then we can be sure that the AI system
must at some level be doing something truly new.1 There are disadvantages too: it can be misleading to
say that human-level performance has been reached when the AI and humans score similarly overall, but
AI is much better at some aspects of the task while humans are much better at other aspects. Reaching
human-level performance (but not exceeding it) may also just mean that the system has learned to imitate
humans very well but does not have any deeper understanding of the task than that, if we are not careful
enough about testing the AI with truly novel questions that require that deeper understanding.

But what if we turned things around, and did not measure AI by the standard of human intelligence,
but human intelligence by the standard of AI? This may seem odd: human intelligence is what we are
familiar with and what has remained relatively unchanged, whereas AI is unfamiliar – arguably even alien
– and changing. However, on the other hand, we often have a far clearer idea how AI actually works than
how the human brain works. As a result, comparing human intelligence to AI can give us some insights
into ourselves as well, by showing us which principles might underlie our own thinking.

Actually, we have already been engaging in this exercise for decades. The fact that the AI search
methods used for Deep Blue gave us superhuman chess performance made us reassess our own intelligence.
On one hand, it taught us that there is nothing especially mysterious about being able to play chess at
an extremely high level; essentially, efficiently searching through many possibilities is sufficient to produce
great chess play. On the other hand, it also taught us that great chess play is not the paradigm of human
intelligence, as there are many types of problems that humans can solve easily but for which the techniques
underlying Deep Blue will not get us anywhere. For example, those techniques are not useful for identifying
people in an image of a crowd, a problem on which significant progress was made more recently, during
the deep learning revolution.2 Intelligence is not only about systematically searching through possibilities:
instead, even the way that humans play chess, especially at an advanced level, relies heavily on intuition
about the relative value of board positions, learned over many games—and this is also how modern chess
and Go-playing AIs succeed at those games.

So, what does the success of large language models (LLMs) such as those used in ChatGPT teach us
about ourselves? When a particular set of techniques in AI can, in terms of their input-output behaviour,
replicate something that humans do, this of course does not necessarily mean that humans do it in the
same way. But it does tell us that at least in principle, nothing more complex than those AI techniques
is needed for that behaviour. Deep Blue was based on techniques that are, in relative terms, simple, and
thereby showed us that superhuman chess can be achieved, essentially, by efficiently searching through
many possible paths of play. While large language models are trained on enormous amounts of data, and
consist of a vast number of hard-to-interpret parameter values, the techniques by which they are created
are also, in relative terms, simple.3 So, to the extent that LLMs are successful at producing fluent and

∗An earlier version appeared on the AI Ethics at Oxford Blog [5].
1Perhaps some things do not count, such as when the AI does something in the exact same way as we do, only faster.
2This also led to major ethical concerns and the regulation of face recognition in for example the EU AI Act.
3For example, in the sense that they can be learned during university studies; or in terms of the short length of the

algorithm that is used to learn the model (as opposed to the model itself).
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coherent language in all kinds of different contexts, we must consider that, too, as achievable with simple
techniques.

The conclusion about language is more unsettling than the one about chess. Playing chess well can
perhaps be dismissed as a narrow task requiring specialized training. One might even go so far as to
compare it to memorizing digits of π. Some people are able to memorize an astonishing number of digits of
π, and this is genuinely impressive; but we should not expect people to be competitive with a machine on
this task, nor does this threaten how we see ourselves any more than that a machine can lift heavier objects
than we can. But this attitude is harder to adopt when we are talking about general-purpose language
generation. We tend to think of producing language, whether spoken or written, as something uniquely
human. An individual human being impacts the world in large part by using language, and language
underpins our social interactions and thereby our societies. Through language, we are able to express
nearly all our conscious thoughts—although not much of our subjective experience [20, 16]. In fact, much
of our conscious thinking seems inseparable from language, and we tend to identify ourselves with our inner
monologue. If all that can be automated, then what are we, as humanity, still contributing? What is still so
special about us? And looking inward, should we reconsider the deeply held sense that there is some kind
of well-defined, higher-level, inner “I” that is in control, carefully and deliberately steering my conscious
thoughts, my inner monologue, and the language I produce—as opposed to these being generated, in a
relatively uncontrolled way, by LLM-like generative processes in the brain?4

One could respond that surely, we will adapt our views as we go along. Just as it took some time to
get used to the idea that computers are superior at chess, and that playing chess well is not what defines
us or our intelligence, we will similarly adapt to LLMs. This response is surely correct to a point. We (the
authors) are actually surprised by how much humanity has already accepted that something like GPT-4
exists and that it is probably just one point on a trajectory of AI systems that are quickly improving—and
yet humans are generally just moving on with their lives. Still, in the long run, we think really coming to
terms with the success of LLMs will be much harder. Perhaps, if at some point the performance of these
models levels out, and we (humanity) get a clear understanding of the things that they fundamentally
cannot do, then we can adapt to them in a similar way as we did with chess, shifting how we see ourselves
and what we contribute. But at this point, the performance has not levelled out, and so we do not have
that clarity. While we understand some of these models’ current weaknesses, it is often not clear whether
the next generations of models will still have them. For example, current frontier AIs are weak in terms of
planning over long horizons, but over the last five years, that ability has been improving exponentially, as
measured by the time it would take for a human to achieve a task [22].

Deep Blue managed to get to “human-level” chess only by doing far more searching through possibilities
than humans can, while strong human chess players do something else to compensate. Perhaps something
similar is true for LLMs. Rather than searching through more possibilities than humans can, for LLMs
the advantage might be in the enormous size of their training data. It is hard for us, as human beings,
to imagine how much it can help in answering a question when one has seen so many examples of similar
questions, even if not the exact same question. Indeed, the types of questions that trip up LLMs are
typically either very unusual questions, or questions that superficially resemble ones that occur often in
their training data, but that are in fact fundamentally different, thereby misleading the model. Still, it
may well be the case that we humans often do something similar to what these models do; the difference
may be just a matter of degree. We may not have been trained on as much text, and as a consequence,
we sometimes actually have to think a bit harder ourselves about what it is that we are going to say; but
we certainly draw a lot on the language we have been exposed to over the years. The case of chess is
similar: we cannot search through as many possible paths of play as Deep Blue and have to develop better
intuitions about the game to compensate, but certainly we too rely on searching through possible ways the
game might play out.5

4This may also make us wonder to what extent our own intelligence is as “general” as we sometimes like to think it is,
as opposed to being an intricate patchwork of learned and innate heuristics and bespoke learning mechanisms; consequently,
“artificial general intelligence (AGI)” may not always be the best way to think about human-level AI. This view is supported
by the no-free-lunch theorems for machine learning [24, 25], which suggest that there may be no completely general learning
machine.

5Interestingly, for the game of Go, searching through lots of possibilities by itself was not enough to get to human-level
play; additional techniques were needed, from the same deep-learning revolution that also led to LLMs, providing a form of
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One could object that the analogy between AI chess (as done by Deep Blue, or even as done by more
recent chess-playing systems such as AlphaZero) and AI language production (at least as done by current
LLMs) is fundamentally flawed. The chess-playing AI is mostly solving the game on its own from scratch,
whereas LLMs are trained on a mind-boggling amount of human-written text, and may at some level still
be just parroting us [2]—an extremely impressive level of parroting to be sure, reaching a level of coherence
and fluency that most of us would have thought was outside of the scope of what parroting approaches
could possibly achieve, but at some level parroting nonetheless. Perhaps they are just, in a sophisticated
way, cobbling together a response based on very similar things that people have written; and perhaps
our intuitions simply underestimate how effective this can be. There are arguments for and against this
idea. For now, LLMs have produced no stunningly impressive novel writings. None of us are checking the
news in the morning for the next great insight to have come out of an LLM. Also, LLMs are generally
too quick to try to regurgitate something from their training data, as mentioned above. On the other
side of the argument, some testing benchmarks on which LLMs perform very well were designed to require
compositional generalization, well outside of the patterns and combinations of concepts seen in the training
data [26, 27].

Interestingly, much of our own language production is vulnerable to similar critiques; again, perhaps
the difference is just one of degree. Most of the language we produce is also not particularly impressive
or novel. We, too, are often too quick to give a standard response rather than pay close attention to the
details of a question. And of course, we, too, if we respond without thinking long enough, tend to parrot
the speech (and underlying reasoning) of others, more than we like to admit. Meanwhile, today’s LLMs
are able to produce cogent text on topics that surely they have never seen before.6 If we insist on calling
everything they produce “parroting” then we risk stretching the term so far as to become meaningless.

Overall, one conclusion that we believe we should draw from LLMs’ success is that far more of our
own language production may be rote, on autopilot, than we commonly tend to believe. Perhaps, upon
reflection, this conclusion is not all too surprising. We have all caught ourselves speaking on autopilot on
topics that we talk about often; and when we learn a foreign language, we realize just how many things we
manage to do so easily in our native language without a second thought. But the lesson from LLMs is also
that this observation goes further than we thought. It is not just that the process of converting well-formed
thoughts into one’s native language is a rote process. Even much of the thought process itself—what we
would ordinarily consider to be the “reasoning” behind the language—can be produced by a relatively rote
process.

The key question is how far down this goes. Are some of our thoughts truly more conscious, deliberate,
inspired—choose your word—in a way that fundamentally cannot be done by anything like today’s LLMs?
And does this explain why they can still be tripped up into clearly faulty reasoning, and why they do not
systematically come up with new ideas that all of us are eager to read when we first wake up? Or is it just
a matter of scale, some richer data, and making other, relatively straightforward, improvements to these
systems? We saw early LLMs write truly boneheaded responses to various commonsense questions [19],
only to then see later, larger models, sometimes released only a year later, do far better on such questions,
sometimes giving stunningly coherent answers.7 Arguably, the rising trends in AI capabilities [6, 22] suggest
that there is more of this to come, and that we soon will all be changing our morning routine.

We honestly do not know which of these is true. Indeed, there is widespread disagreement among
experts about the answer, and simply convening them to reach a consensus assessment will not resolve

intuition to the AI about which moves are good. Is there a natural-language task that LLM-type models alone fundamentally
cannot do well on, just as it seems that search-type techniques alone fundamentally will not scale to Go? (And what counts
as a natural-language task?)

6We have to be careful with such claims as it is easy to underestimate how much data is out there. Microsoft researchers
marveled at GPT-4’s ability to draw unicorns in TiKZ [10], a language for creating graphics in technical papers; but it turns
out that there is a popular StackExchange page dedicated to drawing animals in TiKZ! A statistical approach to addressing
this concern is to randomly generate topics from an exponentially large set of topics [26, 27], one whose size significantly
exceeds that of the model’s training data, and evaluate the models on them. This makes it exceedingly unlikely that the
training data contains that exact topic.

7We should not be impressed by later models doing better on the same questions, as those (and their answers) may by
that point have become part of the training data. But the models have become much better at handling such questions in
general.
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the issue.8 For now, we all should accept that we simply do not know the answer. We do believe that
it is one of the biggest questions of our time. One can make a case for this claim based on practical
implications: Can we expect scientific revolutions from these systems that go far beyond specific tasks
like protein folding [21]? Are the recent observations that AIs appear to display deception, cheating, and
self-preservation behaviours [17, 23, 9, 1] a harbinger of what is to come as AI capabilities continue to grow?
Will these systems, if they are so inclined, be able to strategically outmanoeuvre us at every turn, not just
in board and card games, but on the internet or even at some point in the big open world? This is also a
key question for how we see ourselves. Do we humans have anything truly special that is fundamentally out
of reach for AI systems as we currently create them, and that allows us, at least on occasion, to have ideas
and do reasoning that they cannot? Even if we do have something like that, will it, or the things it allows
us to do, remain out of reach to AI methods discovered in, say, the next decade, given the exponentially
increasing investment in AI research?

Consciousness might be a candidate. Many believe consciousness plays a major role in how we think
about the world; at the same time, our understanding of it is very limited. Even what exactly needs to be
explained, and by what methods that could be done, is famously controversial, especially at the level of
what are called the hard problems of consciousness [18, 12].9 But at this point, it is neither clear that AI
systems could not possibly have it, nor that consciousness is necessary for any particular kind of reasoning
(even if it is an element of what evolution converged to for human reasoning)—except perhaps certain
kinds of reasoning about consciousness itself. (Of course, even if consciousness is not necessary for most
reasoning, we might still especially value conscious life—indeed, that seems the natural thing to do.)

One approach to answering the big question is simply to proceed with training larger, more capable
models. That way, we will see directly whether or not they end up being able to do everything that we can.
We may, and should, argue about whether this is wise [4]. Yet, that is what we, as humanity collectively, are
doing, even though we have not figured out how to put reliable guardrails on them to prevent catastrophic
outcomes [6, 4]. If there is another approach to answering the question—which, if successful, would also
shed light on the wisdom of training bigger and better models—we had better find it fast.
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[23] Alexander Meinke, Bronson Schoen, Jérémy Scheurer, Mikita Balesni, Rusheb Shah, and Marius
Hobbhahn. Frontier Models are Capable of In-context Scheming, 2024. https://arxiv.org/abs/

2412.04984.

[24] David H. Wolpert. The existence of a priori distinctions between learning algorithms. Neural compu-
tation, 8(7):1391–1420, 1996. https://dl.acm.org/doi/10.1162/neco.1996.8.7.1391.

[25] David H. Wolpert. The lack of a priori distinctions between learning algorithms. Neural computation,
8(7):1341–1390, 1996. https://dl.acm.org/doi/abs/10.1162/neco.1996.8.7.1341.

[26] Dingli Yu, Simran Kaur, Arushi Gupta, Jonah Brown-Cohen, Anirudh Goyal, and Sanjeev Arora.
SKILL-MIX: a Flexible and Expandable Family of Evaluations for AI models. In The Twelfth Interna-
tional Conference on Learning Representations (ICLR), 2024. https://arxiv.org/abs/2310.17567.

[27] Haoyu Zhao, Simran Kaur, Dingli Yu, Anirudh Goyal, and Sanjeev Arora. Can models learn skill
composition from examples? Advances in Neural Information Processing Systems, 37:102393–102427,
2024. https://arxiv.org/abs/2409.19808.

6

https://arxiv.org/abs/2302.06403
https://doi.org/10.1038/s41586-021-03819-2
https://arxiv.org/abs/2503.14499
https://arxiv.org/abs/2412.04984
https://arxiv.org/abs/2412.04984
https://dl.acm.org/doi/10.1162/neco.1996.8.7.1391
https://dl.acm.org/doi/abs/10.1162/neco.1996.8.7.1341
https://arxiv.org/abs/2310.17567
https://arxiv.org/abs/2409.19808

