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Language Is Not All You Need . . . 
but Language, Probabilistic Programs  

& Bayesian Models of Cognition 
Will Get You Pretty Far

Joshua B. Tenenbaum

Since their origins in the 1950s, cognitive science and artificial intelligence have made 
slow but steady progress together toward a functional understanding of human intelli-
gence. The arrival of large language models (LLMs) has upended this dynamic, with 
unprecedented commercial investment driven by the bet that superhuman AI could 
emerge simply from learning patterns in language at sufficient scale. While language is 
a singular tool for human thinking, there is far more to intelligence than language, as 
evidenced by how young children and nonhuman animals learn quickly and robustly 
even without language, and by the continuing jagged frontier of successes and fail-
ures in LLM-based AI. This essay considers another route to intelligent machines, 
grounded in principled theories and well-tested models of how minds and brains 
think before language and how learning language transforms thinking. By deploying 
AI breakthroughs in LLMs as models of language use–rather than as end-to-end 
models of intelligence–and connecting them to models of the thinking and learn-
ing our minds do prior to and independent of language, we have the opportunity not 
only to build more robust and efficient AI systems, but to rebuild the bridge between 
cognitive science and AI. This is a route to answering the biggest open questions 
about how human minds work, and with that understanding, making AI that pos-
itively impacts mental health, education, and society in ways unlikely to come from 
machine learning alone.

Language is the human superpower. Animals without language, including 
prelinguistic human children, can learn about the world, make reasonable 
inferences and decisions in scenarios they’ve never experienced, and even 

understand each other’s actions and goals. But with language, these capacities 
vastly expand and deepen: We can learn from others, including people who lived 
long before we were born, and not only from our direct experience. We can coop-
erate and collaborate with others much more flexibly and effectively because we 
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can communicate our thinking with words. Language is also a medium of thought, 
for long-term planning and problem solving, and a substrate for associative mem-
ory and analogical retrieval. It lets us connect facts, stories, conversations, sights, 
sounds, tastes, and emotions–everything that we can talk about, however vaguely–
to marshal from a lifetime of experience the knowledge and understanding we most 
need to be thinking with in any given moment.

The potential to capture these capabilities, and more, is what makes recent 
breakthroughs in AI language models so enticing. Artificial intelligence appears 
close to achieving the field’s oldest dream of an intelligent machine that you inter-
act with as you would interact with another person–by talking to it. This is how 
AI has always presented itself to the broader world, dating back to Alan Turing’s 
1950 paper on “Computing Machinery and Intelligence”–in which he famously 
proposed a chatbot-like imitation game (now known as the “Turing Test”) as a 
way to operationalize his vision of a thinking machine–or in science fiction films 
from 2001: A Space Odyssey (1968) to Star Wars (1977), Star Trek (2009), Her (2013), 
and many others.1 Given their sci-fi-like capabilities, it’s no wonder that large 
language models (LLMs) are generating such excitement and enthusiasm in the 
general public, and that companies, governments, and investors of all kinds are 
putting significant capital and energy into them. We seem to be on the precipice 
of developing true thinking machines.

And yet, despite the many billions invested in LLM development over the last 
several years, and remarkable successes in building systems that can solve prob-
lems we used to think only humans could solve, there is something missing from 
this view of intelligence. LLM-based AI has been called “weird,” “alien,” “blurry,” 
and most tellingly “jagged”: that is, the frontiers of its capability do not advance 
smoothly in ways we have come to expect from how human intelligence develops; 
rather, we see world-class or even superhuman levels of AI expertise in some very 
challenging tasks and contexts, combined with surprisingly poor performance in 
much easier tasks.2 When OpenAI released its first “reasoning-trained” model, o1, 
in December 2024, it scored as high as the top 0.1 percent of American high school 
students on the AIME, one of the hardest nationwide math contests, but it could not 
successfully play tic-tac-toe. A year later in December 2025, OpenAI’s latest GPT-
5.2 model achieved a perfect (100 percent) score on the AIME but got less than 75 
percent correct on a math contest designed for third and fourth graders.

As a cognitive scientist, I appreciate both why these systems seem so promising 
and why they fall short at achieving what we think of as human-like intelligence. The 
brain’s capacity for language is one of the most crucial, and most obvious, aspects 
of our species’ advanced cognition. But precisely because it’s so central to how we 
think, we tend to conflate language fluency with intelligence itself, leading to pre-
dictable biases against people with accents and people who stutter, and biases for 
people and tools we perceive as fluent.3 It’s no wonder, then, that we might tend to 
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think of LLMs, which can generate fluid prose, poetry, and code many times faster 
than humans, as exceptionally intelligent.

When you dig deeper from a cognitive science perspective, what you discover is 
more complicated. In a series of papers, my colleagues Evelina Fedorenko, Roger 
Levy, and their labs (in language and computational psycholinguistics) at MIT 
have shown that even small language models–such as OpenAI’s GPT-2, trained 
on more than a human lifetime’s worth of data but orders of magnitude less data 
than GPT-5–can quantitatively predict language-specific neural responses in the 
human brain and behavioral signatures of sentence comprehension (such as the 
extra time it takes you to read a sentence with a surprising twist).4 These models 
capture “formal linguistic competence,” what you implicitly know about the rules 
of language that lets you interpret and produce sentences, but fall far short on tasks 
of “functional linguistic competence,” or any kind of thinking that requires syn-
thesizing language facility with extralinguistic capabilities, like logical and causal 
reasoning, world modeling, and social cognition. These results, and other con-
verging findings from LLMs trained on child-sized datasets and fMRI studies of 
how language in the brain is distinct from and interacts with other nonlinguistic 
brain systems, suggest that while language models are useful as models of human 
language processing, language alone is not all we need to build thinking machines 
or an accurate theory of how our minds work.5

I have spent the last twenty-five years building computational models of cogni-
tion, and specifically Bayesian models, which represent human thinking as a 
form of rational, approximate probabilistic inference, updating beliefs about 

the world by combining prior knowledge with newly observed evidence. So it will 
be no surprise that I believe developments in Bayesian cognitive science might hold 
the keys to building such a theory and a new generation of more human-like intelli-
gence in AI. But I also believe that both cognitive science and artificial intelligence 
are at their best when they work in dialogue with each other.

These two fields grew up together in the 1950s and, for most of their history, 
made progress toward understanding intelligence by growing in conversation with 
each other. In recent years, this tradition of bidirectional and diverse exchanges has 
taken a back seat to Silicon Valley–driven scaling of a single architecture based on a 
single idea from machine learning: the transformer-based language model. While 
this will surely continue to produce economic and productivity gains, I believe that 
making further progress toward understanding the mind, and using that under-
standing to produce more rational and human-like forms of AI, is more likely to 
be achieved if we can rebuild the historical bridge between cognitive science and 
computer science.

As a step in this direction, my colleagues and I have been exploring how to think 
about the truly impressive advances in language modeling offered by LLMs through 
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a cognitive science lens. We are finding that language models can be integrated with 
both classic approaches to Bayesian cognitive modeling and recent developments 
in scalable Bayesian inference from probabilistic programming to open up a new 
and deeper understanding of human intelligence, and perhaps more intelligent AI.

Our starting point is the idea that intelligence starts with the capacity to model 
a changing world, to make inferences about the world’s state and the likely effects 
of your actions in it, and to choose actions flexibly that you expect could achieve 
your goals. These capacities don’t simply emerge over time as the result of learning 
to predict patterns in image sequences, speech streams, and forms of sensory data. 
Rather, they are core functions of brains that exist from the start and are the basis 
for how we can learn so much from so little information. This is true not just for 
humans but for animals whose brains are many times smaller than our own. Mice, 
for example, figure out how to move their bodies and manipulate objects in space 
to achieve their goals, despite their brains being about a thousand times smaller 
than ours and despite having no massive corpus of training data to draw on and 
no language capability. Like our brains, theirs are designed from the beginning 
to build internal models of the physical world that generalize to new situations 
beyond their direct experience, and to quickly update those models in response to 
their experiences. Mice can be tricked or trapped by humans thinking deeper and 
harder about physical mechanisms to catch them; but humans know very well that 
building a good mousetrap isn’t easy. That’s the point.

Human brains are, of course, capable of far more flexible thinking and rapid 
learning than mouse brains. This adaptive thinking begins well before children 
acquire language; it precedes and grounds language, and–together with our drive 
to understand and be understood by others–is partly what allows us to learn lan-
guage so quickly and robustly. When children learn to read and write and begin to 
access all the knowledge that has accumulated culturally over generations, their 
intelligence and ability to learn accelerate in a reinforcing singularity that is the 
source of our species’ linguistic superpower. But the seeds of these capabilities 
exist well before that. Intelligence, in other words, starts not with experience, data, 
or language, but with brains and minds built for rationality: constructing mental 
models to make good guesses and bets about the world and what one should do in it.

This is why I am skeptical that the “scaling thesis” for building AI, dominant in 
Silicon Valley today, is the best route to an understanding of the brain or to building 
machines with truly human-like intelligence. Unlike the human approach to grow-
ing intelligence from a seed of rationality, attempts to scale intelligence by scaling 
up data and compute start only with simple, “dumb-by-design” mechanisms of 
learning predictive patterns in data, and then hope everything else–world mod-
els, thinking and reasoning, social cognition, morality, and so on–emerges from 
it. We shouldn’t be surprised when such models turn out to be jagged or brittle, 
require carefully curated training data to be effective across different scenarios, 
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generalize only weakly and unpredictably to settings outside of their training data 
(“out of distribution”), and become increasingly costly to update in response to 
new experiences.

These observations aren’t meant as a criticism of the scaling route–it’s a bet 
worth pursuing, at least if you have a trillion dollars. But the differences between 
the “growing up” and “scaling up” approaches might explain why LLMs can feel 
head-scratching even when they are working, and why it is worth also making bets 
on building systems that grow into intelligence the way a human being does.

This means starting with a computational architecture, as all brains do, for 
agency based on rational world modeling, and then introducing language in the 
way the human brain does, as a way of supercharging this architecture to make it 
vastly more flexible, generalizable, shareable, and scalable.

What precisely is an architecture for “rational world modeling”? This means 
constructing a mental model of our environment and–as a function of the state of 
the world we perceive, the actions we can take, and our goals–assessing the rewards 
of possible future states, the potential costs of actions, and the probabilities of our 
actions achieving those future states. From these components, we can compute the 
value of taking different actions by estimating which action sequences are likely to 
lead to high utility (rewards minus costs). We make these probabilistic inferences 
based on some combination of memories–how did similar actions in similar states 
turn out in the past?–and mental simulation, imagining based on our understand-
ing of causal mechanisms how novel actions in novel states might unfold.

This architecture is not new and it is not uniquely human. It derives from the clas-
sical picture of rational agents as expected-utility maximizers, and in a deep sense it 
characterizes how all animals’ brains are designed to make good bets to achieve their 
goals.6 But in human minds, these processes are massively enriched and extended. 
Our world models include not just mental representations of the physical world 
but models of other agents in the world around us and, recursively, our approxi-
mations of their inner world models. Our utilities include not just basic survival 
needs, but our values, pleasures, and preferences, and those of other agents around 
us, including social norms and moral frameworks. And our decision and planning 
processes unfold not just in immediate fight-or-flight scenarios but over hours, 
days, and even years. When you add thinking and meta-reasoning to this architec-
ture, it gets even more complex and powerful. We’re not just deploying basic world 
models anymore, we’re constructing and manipulating new models–including 
recursively and hierarchically composed models, and reduced models to help us 
plan efficiently–and extending our rational decision-making to our own internal 
computations, making good bets about how to use our computational resources.7 

Language is partly what enables these distinctively human forms of world mod-
eling, and what also transforms our thinking and learning in other ways. It gives 
our minds tools for marshaling, analogizing, recombining, and reinventing world 
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models from all the mental pieces we’ve ever built; tools for learning how to build 
new models, not only based on direct experience but, socially and culturally, from 
interactions with others and from accessing the vast stores of human knowledge 
accumulated over generations; and tools for imagining models of hypothetical 
or counterfactual ways the world could be or could have been but that have never 
appeared in any human being’s experience.

How close are cognitive scientists to being able to implement this kind of 
architecture in a machine-executable model or a practical AI system? Not 
nearly as far along as the industry scaling route, but a lot closer than most 

of the world recognizes. The key pieces are in place and being prototyped on small 
scales, and we are ready to try larger-scale experiments that could be carried out with 
even a tiny fraction of the investment currently being poured into the scaling route.

This has become possible by building on three phases of research from the past 
twenty-five years of computational cognitive science. Starting in the late 1990s, under 
the banner of “Bayesian models of cognition,” researchers began developing an 
approach to reverse-engineering the mind as an architecture for general-purpose and 
flexible rational world modeling. This work is reviewed in a 2024 book by Thomas 
Griffiths, Nick Chater, and me, written with many students, collaborators, and 
colleagues who have contributed to this research program and made it their own.8 
Through their efforts, we now have a robust paradigm for building theoretically 
grounded, quantitatively predictive models of human learning and thinking that 
works in virtually every domain of cognition that behavioral scientists have studied, 
including causal reasoning, language acquisition and use, intuitive physics, decision-
making and action understanding, social and moral cognition, and much more.

The most sophisticated of these Bayesian models have been built over the last 
decade, enabled by the advent of modern “probabilistic programming” tools start-
ing around 2015. Probabilistic programs provide expressive languages for writing 
computational models of rational agents (natural or artificial) and their world mod-
els, as well as the inference algorithms agents use to perceive, reason, plan, learn, 
and communicate with their models.9 These expressive languages bring together 
the most powerful ideas from three influential paradigms for understanding intelli-
gence as computation that have emerged over the history of AI and cognitive science: 
symbolic approaches, with their strengths of precision, abstraction, modularity, and 
composition; neural-network (or differentiable-programming) approaches, with their 
strengths of distributed representations, efficient parallelism, and gradient-based 
optimization; and probabilistic (or Bayesian) approaches with their strengths of ratio-
nal inference and decision-making under uncertainty and risk. By allowing Bayesian 
modelers to take full advantage of symbolic and neural-network approaches and 
tools, probabilistic programming languages (PPLs) have made it possible to rapidly 
prototype, test, and scale cognitive models we could barely conceive of before 2010.
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Probabilistic programming as a discipline is young but growing. In the last few 
years, we have seen these frameworks integrated with the same graphics process-
ing unit (GPU) backends and transformer-based architectures that have driven the 
neural network revolution, and a proliferation of new PPLs are already being used 
to make Bayesian models of cognition more flexible, more efficient, or both.10 The 
arrival of code-trained LLMs and agentic AI coding environments (such as Anthropic’s 
Claude Code) that can understand and integrate with PPLs will only accelerate this 
trend. Over the next two years, I expect we will increasingly see Bayesian models 
that used to take weeks to program manually, and were painfully slow to compute 
with, now being programmed in a day or less and tested almost instantly–much 
closer to the speed of thought. 

More deeply, these tools are starting to make it possible to build the full capac-
ities of natural language into our rational cognitive architectures. Though not 
standalone models of human intelligence, LLMs can be integrated with Bayesian 
cognitive models and probabilistic programs to build the first broad-coverage 
models of human thinking as it is extended and transformed by language. We can 
now test hypotheses about the many functional contributions language makes to 
cognition in ways that have not been possible before and, in the rest of this essay, 
I will briefly survey two ongoing efforts: one formalizes how language communi-
cates structured thoughts in conversation, to build and use a world model jointly 
between two or more agents; the second formalizes how language can be used 
within a single mind (human or AI) to build flexible, bespoke world models for a 
new situation, by synthesizing, composing, and recombining pieces of other mod-
els marshaled from the agent’s memory.

One long-standing view of the function of language is as an external medium 
for communicating human thoughts. Essentially, there is a mapping from 
an internal representation of thought into the external symbol systems that 

we call language, and learning language is learning this mapping. Everyone may have 
a different internal representational code, but presumably there is enough shared 
structure among minds that every child can learn an appropriate mapping. If this is 
right, we should be able to describe this process in a general way that starts with an 
underlying internal language designed for thinking–that is, making good guesses 
and bets about the world using the probabilistic models that are core features of 
the brain–and connecting this language of thought to externalizable symbol sys-
tems (spoken words or signs) via a probabilistic model of communication. This 
approach supports bidirectional mappings for both understanding the language 
of others and externalizing one’s own thoughts.

In the paper “From Word Models to World Models,” by the cognitive science and 
AI researchers Lio Wong, Gabriel Grand, Alexander Lew, and others, we explore a 
method to do just that, which Wong calls “rational meaning construction.”11 Our 
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work uses LLMs, but not as end-to-end thinking systems. Instead, they are used 
to model this superpower that language gives human minds: a tool for mapping 
between the external language of a conversation with other minds and the mind’s 
own internal languages of thought.

More technically, Wong and colleagues show how to integrate LLMs with Bayes-
ian models written in a PPL to give an architecture for “language-informed thinking,” 
a proposal that contrasts dramatically with today’s AI industry scaling route. Rather 
than attempting to learn all of thinking from patterns in language, the focus is 
an agent architecture that starts with a substrate designed for rational thinking: 
a probabilistic language of thought (PLoT), which we formally instantiate using 
probabilistic programs that express an AI agent’s foundational knowledge (or 
priors) over possible worlds. Then we use LLMs to translate natural language into 
these probabilistic programs, which in turn are used to perform context-sensitive 
Bayesian inference over distributions of possible worlds to infer what is likely to 
be true or likely to be a good answer to any question or decision, updated from an 
agent’s priors in light of what they have observed or been told in a conversation.12 
Relative to today’s frontier AI models, we can use much smaller, more data- and 
energy-efficient LLMs to implement this mapping–perhaps closer to the resources 
of the human brain–because the LLM is only being asked to understand language, 
not to implement (or imitate) reasoning.

I don’t have space here to cover all the recent developments that demonstrate 
the promise of this approach, but I will highlight just one. In a study published in 
January 2025, psychology and machine-learning researcher Luca Schulze Buschoff 
and colleagues evaluated how well state-of-the-art multimodal (vision-trained) LLMs 
captured the judgments of human participants in simple commonsense settings: 
intuitive physics, causal reasoning, and intuitive psychology.13 The models strug-
gled to match human patterns of reasoning, such as predicting whether a stack of 
blocks shown in an image is stable, even though they were able to perform basic 
visual operations on the same scenes, such as recognizing the colors of the blocks.

These results are telling because cognitive scientists have long known how to 
capture human judgments in these tasks using Bayesian models written as probabi-
listic programs, and indeed the tasks studied were designed originally to test these 
models. For example, in intuitive physics, Peter Battaglia and Jessica Hamrick built 
a Bayesian model for how people make inferences about similar block-stacking 
scenarios like those depicted in Figure 1.

Based on reconstructing 3D scenes from images and simulating their next few 
moments in a video-game-style approximate physics engine, their model captured 
people’s judgments about the stability of towers and many other scenarios like 
these, with high quantitative accuracy that has yet to be matched by AI systems.14

It is worth emphasizing how much this approach differs from traditional 
machine learning. The Bayesian model requires no task-specific training with 
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external feedback signals to judge stability. It makes predictions purely from its 
own internal simulations–a form of “imagination.” This allows it to generalize 
immediately, as people can, to tasks very different from those encountered before. 
For example, given tabletop scenes of red and yellow blocks like those in Figure 2, 
we can ask people to judge how likely it is that bumping the table will lead to more 
red blocks or yellow blocks falling onto the floor. The same probabilistic simula-
tion approach captures these judgments almost as well as it does the much more 
familiar task of judging stability. 

This is also where we can see the power of bringing language into the picture, 
as well as the idea of rational meaning construction at work. What if instead of 
being asked to make an inference based on the images above, a human or AI agent 
was given only a verbal description of a scene? If I tell you that there are several tall 
stacks of red blocks near the center of a table, and a few short stacks at the table’s 
edge, and less than half of the blocks in the short stacks are yellow, you would 
probably predict that a bump to the table is likely to cause more red blocks to fall 
off. If instead I told you that only one of the tall stacks had red blocks, you might 
instead predict more yellow blocks would fall off. You make these inferences not 

Figure 1 
Example Block-Stacking Scenarios Designed to Study Human Intuitive 
Judgments of Physical Stability

Source: Peter W. Battaglia, Jessica B. Hamrick, and Joshua B. Tenenbaum, “Simulation as an 
Engine of Physical Scene Understanding,” Proceedings of the National Academy of Sciences 110 (45) 
(2013): 18327–18332. 



155 (1–2) Winter/Spring 2026 175

Joshua B. Tenenbaum

by inspecting the actual visual scene in front of you but by constructing an imag-
ined scene in your mind’s eye.
AI and cognitive science researchers Cedegao Zhang, Lio Wong, Gabriel Grand, 

and I captured this kind of language-based thinking in our first empirical demon-
stration of the rational meaning construction approach. We used an LLM to translate 
text descriptions of red and yellow block scenes into code for probabilistic simula-
tion models, which can then be run in the same simulation-based inference mode 
as before.15 Our experiments included both short, vague descriptions such as “a tall 
stack of red blocks,” as well as more complex ones, with multiple stacks of blocks or 
an exact number stacked in more precise locations. By averaging the results across 
a few of these translations and a few simulations from each synthesized probabi-
listic model, we could quantitatively predict people’s judgments almost as well as 
in the original, image-based study.

Recall that the Schulze Buschoff study showed that cutting-edge vision-language 
transformers performed far worse at much simpler tasks.16 And yet, when paired 
with domain-specific Bayesian world models, even small language models were able 
to translate complex descriptions of scenes into reasonably accurate code simula-
tion models that make similar judgments to people about the same scenarios. To 

Figure 2 
Example Scenarios Designed to Test Probabilistic Simulation Models of 
Novel Intuitive Physics Judgments

Source: Illustration, produced by Peter Battaglia, courtesy of the author.
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me this shows both the power of language to let us think flexibly about new situa-
tions, and the value of not identifying language with all of thinking.

This work is still very preliminary, and intuitive physics is just one domain of 
cognition. But we are already seeing similar advantages for rational meaning con-
struction in other settings of complex language-informed thinking: for instance, 
in modeling how people understand agents’ beliefs, desires, and preferences from 
observing their interactions and communication, or how they form new causal 
world models in gameplay from combinations of experience and advice from pre-
vious players.17 At this point, I’d say it’s a reasonable bet that somehow combining 
Bayesian inference in probabilistic programs as the rational core of human think-
ing with code-trained language models to capture the way people spin words into 
these world models can take us far in both computational cognitive science and AI.

And yet if we are looking for a full theory of human cognitive architecture, any 
such approach still faces major challenges of scaling and generality. Most imme-
diately, in each domain where we have built highly predictive quantitative models 
of human reasoning, the probabilistic code for world modeling has been written 
at least partly by human cognitive scientists. But in the real world, no external 
designer is there to program our mind’s world models for us. How would all this 
code (or its analog) get into people’s heads? And could we engineer an AI system 
that generates these capabilities for itself without needing to be programmed even 
partially from the outside?

Put another way, could we build cognitive architectures with the same inputs 
and outputs as today’s LLMs–which, like human minds, can extend generally and 
flexibly to any scenario describable in words–but with internal processes that truly 
mirror the mind’s operations? Such a system would have to be able to construct 
world models on its own, at least in all the situations and at the level of depth and 
explicitness that humans can imagine, and then reason coherently, rationally, and 
efficiently at least as well as humans do.

Confronting this challenge is the goal of the second line of work I want to talk 
about briefly. An effort led by cognitive scientists Tyler Brooke-Wilson, Lio 
Wong, and Katie Collins has begun exploring the hypothesis that the mind 

operates with what we call a “model synthesis architecture” (MSA). Brooke-Wilson 
originally proposed and motivated the MSA hypothesis in his doctoral dissertation 
at MIT, and this team (which I am part of ) is now trying to implement it computa-
tionally and test it behaviorally.18 We posit that human minds, rather than walking 
around with a giant monolithic probabilistic codebase expressing everything they 
know about the world, construct small bespoke world models on the fly, as needed, 
incorporating only the variables and causal dependencies that might be relevant to 
a given situation and the inference problem they are currently trying to solve. These 
ad hoc, situation-specific world models take the form of probabilistic programs that 
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support efficient probabilistic inference, just as in all the examples described earlier. 
But this code is now synthesized online by the agent via a process of “marshalling,” or 
assembling and adapting fragments of previously constructed models based on similar 
problems and situations recalled from memory. This architecture thus allows minds 
that are computationally limited (in processing, memory, time, and other resources) 
to reason coherently and rationally in local contexts while drawing on globally rele-
vant considerations from across their experiences, knowledge, and beliefs.

We have implemented a simple first prototype of an MSA using a combination 
of LLMs and PPLs.19 As in rational meaning construction, where we used LLMs to 
capture how people use language as a tool for externalizing and communicating struc-
tured thoughts, here we use code-trained LLMs to capture how minds use language 
in a different way–as an internal tool for general-purpose associative memory, ana-
logical retrieval, and mapping. These associations and analogies span multiple forms 
of mental representation: general, often vague, background knowledge; infor-
mal “word models” of specific situations; and more formal symbolic (PPL-based) 
world models. These are just the capacities needed in a system for bespoke model 
construction that supports broad coverage yet locally coherent rational inference.

Our MSA prototype is being tested in a classic domain of probabilistic causal rea-
soning: making inferences about the outcomes and traits of players in team sports 
matches, such as tug-of-war, doubles ping-pong, or canoe racing.20 For instance, 
you might be told the outcomes of several races between teams of participants (“In 
the first race, Val and Gale lost to Sam and Kay. Val and Harper beat Sam and Ness 
in the second race . . . ”) and be asked to judge how strong you think Sam is, or how 
hard they tried in the first race. People can make graded probabilistic judgments 
like these systematically and reliably–and the MSA can explain how they do so.

Reasoning in this architecture proceeds in several stages, moving from a natural-
language problem description to PPL code generation to probabilistic inference in 
the generated world model. Each stage is implemented through a combination of 
language model proposals and probabilistic reweighting of sampled model traces. 
First, the problem description is parsed into fragments of code expressing the 
observed facts and the questions to be answered. The observation “In the first race, 
Val and Gale lost to Sam and Kay” might be parsed into the expression 

condition(lost({team1: [‘val’, ‘gale’], team2: [‘sam’, ‘kay’], race: 1}))

and the question “How hard did Sam try in the first race?” into 

query: effort_level_in_race({athlete: ‘sam’, race: 1}).

This step is effectively the same as in rational meaning construction, and simi-
lar to some linguistic views of “understanding” meaning in language as a mapping 
into a formal predicate-based representation, but with mappings that are more 
pragmatic and situation-specific. The predicates have names in English, with all 
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the associations those carry, but they are not yet meaningfully grounded in any 
world model. They become formally meaningful only in the context of a bespoke 
probabilistic program the architecture will synthesize for reasoning about this 
problem. That synthesis proceeds next, by marshaling relevant general knowledge 
from memory and assembling it into informal (natural-language) descriptions of 
hypothetical dependencies between variables, along with informal probabilities. 
For example, the system might posit that “Intrinsic strength varies widely from athlete 
to athlete, but let’s imagine that players tend to be weak, average or strong, and uniformly 
around that . . . ,” or “The amount of effort that an athlete puts into any given race is a con-
tinuous parameter. . . . This effort is somewhat contingent on an athlete’s intrinsic strength, 
because stronger athletes probably tend to be more likely to put in extra effort.” Finally, these 
informal model fragments are used to synthesize a formal code-based world model 
in a PPL; this grounds the predicates expressing the questions posed and supports 
coherent, rational inferences to answer them.

While still preliminary, this approach does appear capable of making judg-
ments quantitatively similar to humans on these tasks–and outperforming simple 
language models on their own. In particular, the MSA prototype appears to better 
capture how people reason coherently in novel situations, when suddenly called 
upon to consider a variable or factor that just wasn’t in their mental model before. 
We asked a second set of participants to propose new explanatory variables or fac-
tors that might affect match outcomes or how one would judge the strength of a 
player. Some human responses we got included: “Avery seems to have come down with 
a stomach virus between rounds, but has decided to compete anyway.” “Kay didn’t get enough 
sleep last night and can barely stay awake during the race.” “Ness took an energy drink and 
it just kicked in to give them extra energy for their matches.”21 We then gave these same 
facts back to the first set of participants, in addition to match outcomes, and asked 
them to judge players’ strengths conditioned on this new information. The MSA 
handles these scenarios too, following the same process as above. It first proposes, 
informally in natural language, causal mechanisms that link the new information 
to what is already known, and then translates those proposals into formal PPL rep-
resentations of how its world model must be expanded. Probabilistic inference in 
the expanded model yields results that, although messy like the real world, are much 
closer to human judgments than reasoning in natural language (the pure LLM) alone.

This is just a first demonstration, but it points to the larger promise of the MSA 
approach. Because the models synthesized in this architecture are small ones–
instantiating just the relevant variables needed for a given problem–inference 
and decision-making are tractable and efficient in a way they could never be if we 
had one big symbolic model for the whole world in our heads. Because the models 
are constructed on the fly, we can in principle reason about any situation, so long 
as we can retrieve at least some relevant background information that can connect 
the question to the observations we’ve made. 
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The ability to assemble the relevant variables from background experience and 
check them against the specific, present context also illustrates more broadly the 
functions natural language plays in human thinking beyond merely communicat-
ing ideas. On the one hand, language provides the substrate for almost everything 
we come to know beyond our direct experience–everything learned explicitly or 
implicitly, abstractly or concretely, from people telling us things, or reading, or 
other cultural means. At the same time, language is the basis for a general content-
addressable associative memory that indexes this world knowledge together with 
every memory of the symbolic worlds or fragments of models we’ve built before, 
and allows us to efficiently retrieve candidate variables, relations between variables, 
and symbolic model components useful for the current task at hand.

Implementing all these functions in the weights of code-trained LLMs, as our 
prototype does, is not the only way to build an MSA. But it does mirror something 
of how neuroscientists think knowledge is represented in the weights of the brain’s 
long-term memory: not always or even usually in an explicit and structured form, 
but in a distributed and implicit manner that can be marshaled into structured 
world models to support coherent rational reasoning as and when needed for a task.

In sum, this architecture may offer an approach to building a serious and scalable 
machine-executable theory of how human language and rational thought interact, 
consistent with our understanding of their evolutionary, developmental, and neural 
bases. The MSA uses the foundation of probabilistic programming to capture how 
people reason coherently about the world, whether in long-standing core domains 
such as intuitive physics and intuitive psychology or flexibly beyond those to all the 
situations we can think about in small bespoke models. And it incorporates break-
throughs in language modeling from artificial intelligence, not as an end-to-end 
paradigm for all of intelligence, but as a tool for all the ways that language extends, 
transforms, and scales the human capacity for rationality, mental model building, 
and coherent reasoning.

I want to close this essay by looking forward to the biggest open scientific questions 
at the intersection of human and artificial intelligence and the societal impacts 
that may come from answering them. There are many open questions about the 

model synthesis architecture, chief among them are whether and in what sense it 
actually resembles how the brain works. Even if it is right in broad strokes, the actual 
mechanics of this architecture will surely be more complex–in how and when the 
brain synthesizes explicit world models across different domains of cognition, what 
form its languages of thought takes and how they interact with natural language, 
and how model synthesis and inference build on and interleave in online thinking.

But to the extent that these ideas do capture something fundamental about how 
the brain works–how intelligence grows from a foundation of rationality, and how 
language both emerges from and expands these core capabilities–they could have 
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significant and wide-ranging implications for fields from computing and psychol-
ogy to education and economics.

If we can build AI grounded in a functional understanding of human intelligence, 
we may develop far more efficient and effective systems, able to reason coherently 
and act rationally using much less data, computation, and energy. By understand-
ing how the brain works as an organ of rationality, and how that function can break 
down, we may develop therapies to address mental illness and improve mental 
health by targeting specific broken cerebral processes. By better understanding how 
our minds grow, we may better diagnose and treat developmental disabilities. And 
by better understanding how people communicate and learn, and interpret infor-
mation at scale, we may develop far more predictive economic models and effective 
educational techniques. In the process of making these discoveries, we may even 
answer some of the biggest questions our field has long puzzled over: What kind of 
computation is cognition? How do these computations work mechanistically in the 
brain? And how did our minds arise through evolution, culture, and development?

In my view, these questions and many important ones like them are unlikely 
to be answered purely by continuing along the LLM scaling route or by publishing 
bespoke cognitive models alone. To a cognitive scientist, the way large language 
models are used today in AI, where language is the source of thinking and everything 
else is a tool that these models use to become more rational, is backward. Instead, 
we should see language as a tool–a superpower, but still a tool–that emerges out of 
already rational minds and enhances and extends them. Likewise, we need to move 
past thinking of symbols in terms of the brittle, intractable, hard-coded formal-
isms of classical AI (or earlier Bayesian cognitive science). Symbolic systems need 
not be fixed, massive, monolithic codebases. Instead, they can be small, bespoke, 
and transient models, fast to build, quick to do inference in, and cheap enough to 
cast aside. Code doesn’t need to be “written by hand” but can be constructed evo-
lutionarily: learned from experience (including language), and rewritten, reused, 
and recomposed by the mind itself.

By combining the tools of modern language models, probabilistic programming, 
and Bayesian cognitive science, we have been able to build prototypes of this way 
of thinking, much in the same way we view the mind as marshaling intelligence 
out of multiple different systems that build on our core rationality. We are only 
at the beginning, but I hope this work could be the basis for rebuilding the bridge 
between the fields of artificial intelligence and cognitive science and their working 
together toward a foundational architecture that achieves human-like language 
and thought. That may just lead to AI systems that really are the thought partners 
we’ve always wanted, that make us truly smarter and better off, and that start to 
answer some of the fundamental questions about how our minds work and where 
our intelligence comes from.
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