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ABSTRACT

The processes of human reasoning can be predicted by computational models of
human cognition, and have been associated with the neural signals recorded from
several brain regions, particularly in the prefrontal cortex. Theoretically, these
neural signals could be directly leveraged for training the reasoning capabilities
of foundation models, in line with the emerging approach of using neuroimag-
ing data to improve the performance of artificial intelligence systems. Practically,
following this new strategy would require the development of a reasoning curricu-
lum, a progression from simple and narrow experimental settings to more complex
and open-ended reasoning experiments. This reasoning curriculum could provide
valuable insights for brain-trained foundation models, and could eventually be
integrated into human-written supervised fine-tuning demonstrations, which are
already part of the post-training strategies of foundation models.

1 HUMAN REASONING

Human reasoning engages a complex network of brain regions, with the prefrontal cortex playing
a prominent role. In particular, the ventromedial prefrontal cortex (vmPFC) encodes the value of
the elements present in the environment (Lebreton et al., 2009), as well as more abstract estimates
such as the value of the chosen action (Wunderlich et al., 2009), the value of the current strategy
(Kolling et al., 2012), and the degree of reliability associated with this strategy (De Martino et al.,
2013). Meanwhile, the dorsolateral prefrontal cortex (DLPFC) implements a hierarchy of increas-
ingly abstract executive processes, controlling behavior based on stimuli, context, and instructions
(Koechlin et al., 2003), and allowing for the acquisition of abstract rules (Badre et al., 2010). Hu-
man reasoning also involves the anterior cingulate cortex (ACC), which encodes the volatility of the
environment (Behrens et al., 2007) and the value of exploratory behavior (Kolling et al., 2012), as
well as the frontopolar cortex (FPC), which encodes the reliabilities of alternative options (Boorman
et al., 2009). Finally, at the subcortical level, the ventral striatum plays a fundamental role in reward
prediction (O’Doherty et al., 2004) and motivation (Pessiglione et al., 2007). Together with addi-
tional brain regions such as the posterior parietal cortex, this network processes rewards, estimates
the value of elements, actions, and strategies, monitors the reliabilities of current and alternative
options, and implements decision-making based on a hierarchy of rules.

To provide a realistic view of human reasoning, a computational model must explain our ability
to select behavioral strategies in uncertain, changing, and open-ended environments, while rely-
ing on biologically plausible mechanisms. One such model (Collins & Koechlin, 2012) proposes
that the current strategy, called the actor, is continuously adapted using reinforcement learning pro-
cesses, while the absolute reliability of several monitored strategies is simultaneously estimated
using Bayesian inference. In this model, exploitation periods correspond to the time steps where the
actor is considered reliable enough. When the actor becomes unreliable, perhaps because a change
in the environment has rendered the current policy obsolete, the model switches to an exploration
period, and a new acting strategy, called the probe, is implemented as a weighted mixture of all pre-
viously used strategies. The return to exploitation is controlled by a hypothesis testing mechanism,
with two possible outcomes: either the probe is successfully adapted and becomes reliable, in which
case it is confirmed; or one of the few alternative strategies monitored in working memory reaches
the reliability threshold, in which case the probe is rejected and this alternative strategy becomes
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the new actor. Here, the details of the model, which has been tested and validated by behavioral
experiments, are less important than the general prediction that human reasoning requires an esti-
mation of the values and reliabilities of behavioral strategies, as well as the implementation of three
algorithmic transitions: switch, confirmation, and rejection.

Importantly, it has been demonstrated that a single reasoning experiment, conducted using func-
tional magnetic resonance imaging (fMRI), can simultaneously reveal the foundations of all these
computational processes in the human brain (Donoso et al., 2014), uncovering a neural system con-
sistent with previous neuroscience literature. In particular, the vmPFC, which is known to encode
the value of the current strategy, correlates with the reliability of the actor; the DLPFC, which con-
trols behavior based on abstract rules, correlates with the rejection transition, where an alternative
strategy is recovered; the ACC, which encodes the value of exploratory behavior, correlates with the
switch transition, where an exploration period is initiated; the FPC, which encodes the reliabilities
of alternative options, correlates indeed with the monitoring of alternative strategies; and the ventral
striatum, which is engaged in reward prediction and motivation, correlates with the confirmation
transition, where a probe is validated as a new successful strategy. The fact that all these neural sig-
nals can be simultaneously uncovered within a single reasoning experiment is nontrivial, since such
signals could provide direct insights for guiding the reasoning capabilities of artificial intelligence
(AI) models, as we will now discuss.

2 ARTIFICIAL INTELLIGENCE REASONING

Every example of human reasoning included in the training corpus of foundation models, such as
the written reasoning examples included in the training corpus of large language models (LLMs),
is ultimately the product of human brains. Although inference techniques such as chain-of-thought
(CoT) prompting (Wei et al., 2023) can improve the ability of foundation models to solve complex
tasks in a manner that approximates human cognition, the performance of these models remains
limited by the absence of a cognitive control architecture comparable to the human prefrontal cortex
(Russin et al., 2020). As a result, foundation models often perform poorly on reasoning tasks outside
their training data distribution (Stechly et al., 2025). Furthermore, although several approaches have
been proposed to overcome this challenge, including techniques such as tree of thoughts (Yao et al.,
2023) and graph of thoughts (Besta et al., 2024), these approaches typically result in greater com-
putational costs, and may still underperform direct answering across various benchmarks (Zheng
et al., 2025). It is natural to think that neuroscience-inspired architectures, more grounded in our
knowledge of human cognition, could open new horizons for improving AI reasoning—but there
may also be another, more direct way. A new strategy is currently emerging at the intersection of
neuroscience and AI: training foundation models directly on human brain data, using any learning,
regularization, fine-tuning, or alignment method that leverages neuroimaging datasets to improve
the performance of a model. This new strategy could be particularly relevant for bridging the gap
between human cognition and AI reasoning, by directly accessing the neural signals recorded during
human reasoning experiments.

Existing research has already demonstrated that neuroimaging data, acquired using techniques such
as fMRI, electroencephalography (EEG), or magnetoencephalography (MEG), can improve the per-
formance of classical machine learning, deep learning, or reinforcement learning models for a va-
riety of tasks. In the visual domain, studies have demonstrated that fMRI data can be leveraged
to improve classical machine learning models (Fong et al., 2018), and EEG data to improve deep
learning models (Spampinato et al., 2017) for object recognition. fMRI data can also be used to
guide deep learning models in the auditory domain (Freteault et al., 2025), and EEG data to guide
reinforcement learning models for robotic movements (Iturrate et al., 2010). It has also been demon-
strated that fMRI and MEG data can serve to align language models with human semantic represen-
tations (Schwartz et al., 2019), and that fMRI data can be used to improve the performance of speech
language models on downstream semantic tasks (Moussa et al., 2025). Together, these results sug-
gest that neuroimaging data can provide insights into human cognition that would not be accessible
through observable actions alone, such as text or speech. As a result, neuroimaging datasets could
emerge as a valuable resource for complementing the classical training corpus of foundation models,
at a time when data scaling and computing power scaling may start to yield diminishing returns in
terms of model performance.
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3 BRAIN-TRAINED FOUNDATION MODELS

Two high-level methods have been proposed to prioritize the use of neuroimaging data, which is
relatively scarce and expensive compared with text or speech data, for strategically chosen, high-
value steps in foundation model training: reinforcement learning from human brain (RLHB) and
chain of thought from human brain (CoTHB) (Donoso, 2026). Such methods could provide a prac-
tical path toward brain-trained foundation models, combining classical training data with the neural
signals extracted from a series of brain regions of interest. Brain-trained foundation models should
not be confused with the large models developed for neuroscience and neurotechnology, sometimes
known as brain foundation models. Whereas brain foundation models are used to predict neural pat-
terns within specific neuroimaging modalities, brain-trained foundation models would leverage neu-
roimaging data to improve the performance of general-purpose foundation models, such as LLMs,
on a wide range of tasks. Of the two methods we just mentioned, RLHB could be the most straight-
forward to implement, as it is natural to envision an extension of reinforcement learning from human
feedback (RLHF) (Christiano et al., 2017) where the neural signals associated with reward, value,
confidence, surprise, effort, or conflict would be leveraged for a deeper representation of human
preferences. CoTHB could be more difficult to realize, but it has the potential to significantly im-
prove the reasoning capabilities of foundation models, by reaching beyond the surface-level patterns
that can be extracted from written or spoken reasoning examples.

Theoretically, many different CoTHB algorithms could be envisioned, directly based on the com-
putational processes of the human brain, and utilizing the neural signals extracted from the regions
of interest to guide the chain of thought, or any form of thinking path, of foundation models. For
example, as long as the reliability of the current strategy (inferred from vmPFC activity) stays above
a certain threshold, the model could continue its current thinking path; otherwise, it could engage in
a new, exploratory path. The reliabilities of the alternative options (FPC) could serve as an indicator
for monitoring a specific number of alternative thinking branches, parallel to the current thinking
path. The three algorithmic transitions we mentioned previously, namely the switch (ACC), confir-
mation (ventral striatum), and rejection (DLPFC) transitions, could serve as markers for abandoning
the current thinking path, validating an exploratory path, or recovering a previous thinking path,
respectively. Regardless of the specific algorithms, leveraging the neural signals associated with hu-
man reasoning could represent a promising solution for guiding the thinking strategies of foundation
models, in a manner more consistent with our knowledge of human cognition.

Practically, however, methods such as CoTHB would depend on a critical factor: the successful
generalization from simple and narrow reasoning experiments to the complex and open-ended rea-
soning problems that we could expect foundation models to solve. Existing research on training AI
models using human brain data has often focused on perceptual tasks, such as object recognition or
audio classification, or on simple executive tasks, such as the generation of reward and error signals
for robotics. In both situations, there is a relatively straightforward correspondence between the
task performed by the human brain and the task for which the AI model is trained. At a different
level, methods such as RLHB seem realistic because RLHF sessions are already routinely orga-
nized for foundation model post-training, suggesting that the addition of at least some neuroimag-
ing modalities, such as EEG, could be a feasible extension of current post-training pipelines. By
contrast, methods such as CoTHB could be more challenging, regardless of the neuroimaging tech-
nique, because current human reasoning experiments are often conducted using highly constrained,
non-naturalistic experimental designs. For example, the reasoning experiment that simultaneously
revealed the foundations of multiple reasoning processes in the human brain (Donoso et al., 2014)
relied on a Mastermind-like game optimized for fMRI acquisition, where the primary stimuli were
limited to three visually presented digits, and the actions that the subject could choose were limited
to four possible buttons. Therefore, while the prefrontal cortex and related brain regions may hold
precisely the type of neural signals that would be needed to improve the reasoning capabilities of
foundation models, leveraging the insights from reasoning experiments may require the develop-
ment of new experimental designs, allowing for the extraction of the neural signals of interest in
more open-ended and naturalistic settings.

A related challenge is the fact that neuroimaging data can only be acquired over short periods,
whereas foundation models must often reason over problems that would take much longer for hu-
mans to solve. Still, since long reasoning problems can often be decomposed into shorter steps, it
seems realistic to think that brain-trained foundation models could be able to extrapolate at least
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some patterns from relatively short reasoning experiments, assuming that these experiments are de-
signed to allow for meaningful generalization. Regarding the costs, while methods such as CoTHB
would probably require the acquisition of new neuroimaging datasets, these investments may be
justified by the strategic importance of this research direction, and the expected benefits of brain-
trained foundation models. Furthermore, existing research on training AI models using human brain
data has reported performance improvements even with a limited number of subjects, despite the
noise, individual variation, and other challenging characteristics of neuroimaging data, suggesting
that the extraction of the neural signals of interest could be done relatively efficiently. Nevertheless,
to ensure that these new neuroimaging datasets can be utilized as a valuable resource for guiding the
reasoning capabilities of foundation models, it seems necessary to devise at least a high-level plan
for progressing toward more open-ended and naturalistic reasoning tasks.

4 TOWARD A REASONING CURRICULUM

This naturally leads to the idea of a reasoning curriculum: a progression of experimental paradigms
that would keep the computational structure of human reasoning intact, while gradually increasing
the input space and output space of the reasoning problem. In other words, in parallel with the theo-
retical exploration of possible CoTHB algorithms, we should envision a succession of experimental
designs where we assume that reliability monitoring, hypothesis testing, and other computational
processes of human reasoning would remain tractable and measurable by neuroimaging techniques,
but where both the stimuli presented to the subjects and the set of available actions would become
gradually more diverse.

A high-level plan for this reasoning curriculum could involve a three-step progression, as illustrated
in Figure 1. In the first step, corresponding to the current situation, reasoning experiments are
mostly based on non-verbal, non-naturalistic experimental designs. In the second step, we could try
to replicate previous results using constrained verbal reasoning tasks, for example by devising new
Mastermind-like games governed by simple semantic rules or contexts; in such settings, subjects
could be asked to complete fragments of text or answer simple questions, either by selecting, saying,
or writing simple verbal outputs. In the third step, we could try to further expand verbal reasoning
into more open-ended and naturalistic tasks, where the semantic rules or contexts could become
more complex; in such settings, subjects could be asked to solve realistic problems, either orally or
in writing, therefore providing more elaborate verbal outputs. Naturally, this high-level, three-step
plan provides only an intuitive roadmap. There may be multiple intermediate steps throughout the
process, but the testable hypothesis remains that the degrees of freedom of the reasoning problem
could be gradually extended, while preserving our capacity to monitor the neural signals of interest
associated with human reasoning.

Fundamentally, starting with the second step (constrained verbal reasoning), the use of verbal inputs
and outputs could render the neural signals actionable in the context of foundation model training,
for example LLM training. As a result, the neuroimaging data acquired in the second and third
steps could naturally form the basis of an actual curriculum learning strategy (Bengio et al., 2009),
where neural signals and their corresponding semantic data could be meaningfully ordered from
simple to complex tasks and environments, potentially improving training and generalization. In this
sense, the acquisition of new, carefully designed neuroimaging datasets could directly translate into
improvements in the reasoning capabilities of foundation models. Remarkably, if the computational
processes of human reasoning can indeed be monitored in verbal settings of increasing complexity,
the reasoning experiments of the third step (open-ended verbal reasoning) could eventually converge
toward a form very similar to human-written supervised fine-tuning (SFT) demonstrations (Ouyang
et al., 2022), where human experts naturally engage in complex reasoning by providing high-quality
answers to various questions. Therefore, whereas the acquisition of dedicated neuroimaging datasets
could be necessary for the second step, it is conceivable that the third step could eventually be more
seamlessly integrated into the SFT sessions that are already organized for foundation model post-
training. In such a scenario, while RLHB may be defined as the addition of neuroimaging to RLHF,
this particular form of CoTHB might be symmetrically defined as the addition of neuroimaging to
SFT demonstrations.

Looking forward, if neural interfaces become more widely adopted in the future, the computational
processes of human reasoning might even be monitored at scale in a diversity of real-life situations.
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Figure 1: Developing a three-step reasoning curriculum. The neural signals associated with hu-
man reasoning (e.g., vmPFC, DLPFC, ACC, FPC, and ventral striatum activity) are recorded using
neuroimaging, and are hypothesized to remain invariant across task and environment complexities.
The three steps represent a progression from simple, narrow reasoning tasks to complex, open-ended
reasoning tasks. Step 1: current experimental paradigms often focus on non-verbal reasoning, with
a limited set of primary stimuli (e.g., 3 digits) and possible actions (e.g., 4 buttons). Step 2: con-
strained verbal reasoning paradigms would keep the computational structure of human reasoning
intact, while increasing the input space (e.g., predefined written questions) and output space (e.g.,
predefined answer selection), and rendering the neural signals actionable in the context of foundation
model training. Step 3: open-ended verbal reasoning paradigms would further increase the degrees
of freedom for both inputs and outputs (e.g., free-form text), and potentially converge toward a form
very similar to human-written SFT demonstrations.

This would require that the neural signals identified using sophisticated and expensive neuroimaging
techniques, such as fMRI or MEG, can be captured using neuroimaging modalities more compatible
with wearable devices, such as EEG. While this development remains hypothetical, it could be
considered a potential fourth step in the reasoning curriculum.

Large Language Model Usage LLMs were used at several stages of this research to: (1) brain-
storm scientific ideas to a limited extent, and (2) improve the readability of the text through English
correction. All final decisions regarding the manuscript content were made by the author.
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