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Abstract

This position paper argues that multimodal foundation models should use
brain recordings as privileged internal-state supervision during training. Ex-
ternal behavior alone leaves human-like cognition, robustness, and reasoning
weakly constrained. Neural recordings can serve as a training-time modality
that shapes representations, latent-state dynamics, private computation
policies such as reasoning tokens, and robustness before distillation into
agents that operate from ordinary sensory, language, and action streams.
We develop this position through Foundational Human Modeling (FHM), a
program centered on scaling generative brain models, aligning heterogeneous
neural modalities through shared latent geometry, inserting brain tokens
into unified multimodal token streams, and testing whether the privileged
channel improves distilled agents after removal. The argument is grounded
in privileged-information theory and prior work showing that neural or
human-derived targets can improve robustness, semantic transfer, data
efficiency, and behavioral similarity after auxiliary signals are removed.

1 Introduction

Foundation agents now combine language, perception, tool use, and action. Their reliability
remains uneven across task distributions and time horizons [Liu et al., 2025, Dell’Acqua
et al., 2026, Ord, 2025]. One important limitation is that training data usually contains
external observations or behavior traces such as text, images, videos, actions, and tool calls.
It rarely contains the internal states that generated those traces. Two humans can produce
the same answer with different uncertainty, attention, memory, intention, or latent belief.
An agent trained only on the answer must infer these hidden variables indirectly.
Position: Brain recordings should become a training-time privileged modality
for multimodal foundation agents. They can regularize internal representations,
supervise latent cognitive states, and support distillation into more reliable and
human-like behavior.
This position concerns human-compatible multimodal agents that must predict, communicate
with, assist, and coordinate with people. Behavior and observation data alone can limit
learning efficiency and leave prediction ungrounded. Neural recordings provide temporally
resolved measurements of internal dynamics during perception, language, decision making,
and action. They can therefore serve as privileged information in the sense of learning using
privileged information (LUPI), where a training-time signal guides the model toward latent
structure that is unavailable at test time [Vapnik and Vashist, 2009].
Modern multimodal models already translate heterogeneous signals into tokens and train
shared sequence models over text, vision, audio, and action streams [Reed et al., 2022,
Zhou et al., 2025, Wang et al., 2024, Cui et al., 2025, Bai et al., 2025b,a]. Foundational
Human Modeling (FHM) extends this interface by treating neural activity as a private
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training-time token stream. During training, brain tokens can be interleaved with stimulus
tokens, language tokens, and output behavior tokens. Privileged distillation can then train a
deployable agent that relies only on ordinary input streams. A trained brain model can also
act as an offline teacher by forecasting likely neural trajectories for new stimuli, assigning
uncertainty to ambiguous situations, and providing auxiliary targets for unlabeled perception
or dialogue data. The deployable agent receives this benefit as a stronger human-state prior.
Deployment uses ordinary sensory, language, and action streams.
If this position is accepted, multimodal foundation-model research should treat neural
recordings as a useful training signal with value beyond neuroscientific analysis. That
shift would affect dataset priorities, evaluation design, architectures, and training methods.
It would also create a new benchmark axis for measuring whether human internal-state
supervision improves agents after removal of the privileged channel and how those gains
scale with the amount and type of brain recordings.

1.1 External behavior underconstrains AI agents

Behavior is an indirect and many-to-one observation of cognition. For human-aligned agents,
the latent state producing the behavior is often the task-relevant target. An assistant must
often infer whether a person is confused, uncertain, exploring, remembering, or planning. A
model trained only on external traces may learn output correlations and miss the internal
causal variables that support coordination.
This underconstraint appears in several familiar failure modes. Language can hide epistemic
state because identical surface forms can arise from different underlying states, including
knowledge and guessing. Current language models struggle with distinctions between belief,
knowledge, and fact even when their answers are fluent [McCoy et al., 2024, Suzgun et al.,
2025]. Long-horizon agent behavior creates credit-assignment ambiguity. When an agent
succeeds or fails after many steps, the final trace leaves ambiguous which intermediate latent
states were most useful and where additional computation would have helped. Multimodal
observations confound perception, memory, language, motor planning, and social interpreta-
tion. A video of a person completing a task contains rich behavior. It leaves attention shifts,
uncertainty, internal processes, and goals largely unlabeled. Inferring human biological and
cognitive complexity from video alone requires stronger supervision than physical prediction
from interacting objects.
Brain recordings are useful because they occupy a distinct observational position. They
measure the subject’s internal response to the stimulus, task, and context. Temporally
resolved electrophysiology can expose representational changes, increases in uncertainty, and
response preparation. fMRI can provide slower and more spatially structured measurements
of semantic and task-state variables. Both modalities provide imperfect access to cognition
and can supervise hidden variables that behavior alone identifies weakly.
This argument is aligned with neuroscience-inspired critiques of pure learning. The relevant
design target is human-compatible training supervision guided by useful measurements of
internal state and independent of biological mechanisms or brain optimality assumptions
[Zador, 2019]. Agents built to work with humans should use the best available measurements
of human internal state during training. The deployed system can remain an ordinary
multimodal foundation agent. The privileged channel has value when it improves the learned
internal geometry, robustness, or policy after removal.

2 Related work

Learning from privileged internal signals. The FHM approach aligns with LUPI
because an auxiliary channel is observed during training and removed at deployment [Vapnik
and Vashist, 2009, Vapnik and Izmailov, 2015]. Brain data is a natural privileged channel
because it measures internal processing induced by stimuli, goals, and actions. Prior work
shows that brain-derived objectives can regularize vision representations [Fong et al., 2018,
Li et al., 2019, Federer et al., 2020, Safarani et al., 2021, Shao et al., 2025, Lu et al., 2026].
Fine-tuning speech or language models with neural objectives can also improve semantic
representations and data efficiency for brain alignment [Moussa et al., 2024, Moussa and
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Toneva, 2025]. These results support the narrower claim that brain recordings can shape
useful representations during training and improve models after the brain channel is removed.

Brain foundation models. Large neural models increasingly rely on scale, shared pre-
training, tokenization, and cross-task transfer, the same ingredients that made foundation
models practical elsewhere. LaBraM learns transferable EEG representations from large-scale
pretraining [Jiang et al., 2024]. POYO provides a unified framework for neural population
decoding [Azabou et al., 2023]. BrainOmni explicitly handles heterogeneous EEG and
MEG devices through sensor-aware modeling [Xiao et al., 2025]. Generative brain modeling
has begun to move from supervised decoding toward next-token prediction over quantized
neural activity, including GPT2MEG, MEG-GPT, and RVQ-style multichannel timeseries
tokenization [Csaky et al., 2024, Huang et al., 2025, Barmpas et al., 2025, Csaky, 2026].
Scaling-law studies for non-invasive decoding and image reconstruction suggest that data
quantity, recording modality, and model size can be studied systematically as core design
choices [Sato et al., 2024, Banville et al., 2025].

Brain-language alignment and decoding. Brain-aligned language modeling shows
that neural signals can be connected to semantic representations learned by large models.
Work on speech perception decodes linguistic content from non-invasive recordings [Défossez
et al., 2023]. Language reconstruction from brain recordings demonstrates increasingly
expressive generative interfaces [Ye et al., 2025]. NeuroLM, NeuGPT, and fMRI-LM learn
neural tokenizers or neural-language objectives across EEG and fMRI settings [Jiang et al.,
2025, Yang et al., 2024, Wei et al., 2025]. Complementary cognitive NLP work studies
alignment between language-model representations and neural responses, including the
effects of instruction tuning and scaling [Aw et al., 2024, Gao et al., 2025]. FHM adapts
these results to training-time internal-state supervision for agents that ultimately act from
ordinary input streams.

Multimodal token streams with reasoning. Generalist agents and native multimodal
models show that a single sequence model can support perception, generation, and action
over typed tokens [Reed et al., 2022, Zhou et al., 2025, Wang et al., 2024, Cui et al., 2025,
Bai et al., 2025b,a]. Recent work on pause tokens, concurrent thinking and speaking, and
latent chain-of-thought suggests that useful deliberation can occur outside the text domain
[Xie et al., 2025, Kim et al., 2025, Wang et al., 2026]. Brain tokens fit this line of work as a
private training-time modality that shapes latent computation before distillation.

Modality fusion. Brain recordings differ sharply in temporal resolution, spatial resolution,
invasiveness, noise, and cost. This makes modality fusion a central technical problem.
Sensor-aware models can handle variable EEG and MEG layouts [Xiao et al., 2025]. 3D
electrode-position architectures support decoding across surface and depth electrodes [Chen
et al., 2025]. Simultaneous MEG–EEG–SEEG recordings provide direct supervision for
aligning invasive and non-invasive signals [Dubarry et al., 2014]. Joint MEG-fMRI modeling
frames electrophysiology and hemodynamics as multi-rate observations of related latent
processes [Jin and Wehbe, 2025]. Together, this work motivates a shared latent geometry as
the standard interface for neural modalities.

Human-derived supervision for human-likeness. Human-likeness can be evaluated
through neural predictivity, behavioral similarity, calibration, and generalization under
task conditions where humans are the reference system. Brain-Score established a useful
style of evaluation by combining neural and behavioral benchmarks for object recognition
[Schrimpf et al., 2020]. Human behavioral supervision can also reshape foundation-model
representations. Centaur fine-tunes a language model on large-scale trial-level human behavior
and improves prediction of held-out human choices across experiments. Its representations
also become more aligned with human neural activity [Binz et al., 2025]. Human similarity-
judgment distillation improves alignment with human behavior, uncertainty, generalization,
and out-of-distribution robustness in vision foundation models [Muttenthaler et al., 2025].
These results motivate brain recordings as a denser internal-state target for agent training.
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3 Why brain supervision improves efficiency and human-likeness

3.1 Sample efficiency from dense hidden-state labels

Let z denote the latent cognitive state that mediates between context x and action a. This
state may include attention, task set, uncertainty, memory retrieval, intention, and response
preparation. A behavior-only learner observes pairs (x, a) and must infer z indirectly. A
brain-augmented learner observes (x, b, a) during training, where b is a noisy measurement
of neural activity generated by z. When

I(z; b | x, a) > 0,

each training example supplies additional information about the latent variables that produced
the action. This extra information can reduce the number of behavioral examples needed to
learn the same state-conditioned policy. It can also reduce credit-assignment ambiguity in
long interactions by distributing useful training signal across the episode.
The learning-theoretic case follows the LUPI and generalized distillation literature. Privileged
information can accelerate learning by controlling the learner’s notion of similarity and by
transferring teacher-side structure into the deployed decision rule [Vapnik and Vashist, 2009,
Vapnik and Izmailov, 2015, Lopez-Paz et al., 2016]. Deep LUPI experiments show larger
gains in low-data regimes and report increased sample efficiency for CNNs and RNNs when
training-time privileged information controls model uncertainty [Lambert et al., 2018]. Brain
recordings fit this role naturally. For a single stimulus or interaction segment, they provide a
time-indexed target whose geometry can encode stimulus similarity, semantic access, surprise,
uncertainty, and preparation before the final response.
Brain models add a second route to efficiency. A generative or predictive brain model
qψ(b | x) can create auxiliary targets for unlabeled stimuli, estimate likely human internal-
state trajectories, and identify cases where the predicted human response is uncertain. A
teacher policy can use measured or predicted brain tokens during training. A student policy
can then be distilled into the ordinary input space. At inference, the benefit appears as an
amortized human-state prior. The agent should need fewer examples, or fewer exploration
rollouts to infer a person’s likely goal, uncertainty, or interpretation from ordinary context.
Direct evidence for open-ended foundation agents remains limited.

3.2 Evidence from neural and human-derived supervision

The strongest empirical support comes from convergent results across vision, language, and
embodied navigation. Early human fMRI work showed that neurally weighted classifiers
could improve object recognition and operate after the neural data stream was removed
[Fong et al., 2018]. Mouse and macaque visual-cortex objectives improved robustness to
noise, adversarial perturbations, and common distortions in vision models [Li et al., 2019,
Safarani et al., 2021]. Further work found that training networks to mimic neural statistical
structure improved object recognition and robustness to label corruption [Federer et al., 2020].
Human ventral-stream guidance produced hierarchical robustness gains and more human-
like decision patterns in deep vision models [Shao et al., 2025]. A human EEG alignment
framework produced vision models with stronger similarity to human EEG, cross-modal
fMRI alignment, and human behavioral similarity [Lu et al., 2026]. Embodied navigation
provides an agent-level example, where a brain encoder and brain-visual fusion improved
robustness under visual corruptions [Peng et al., 2025].
Language results provide a complementary signal. Brain-tuning speech models with fMRI
responses to stories improved alignment with new brain recordings, reduced reliance on
low-level acoustic features, improved semantic downstream tasks, and increased semantic
preference in the representation space [Moussa et al., 2024]. A multi-participant extension
reported a five-fold decrease in the amount of fMRI data needed for new participants, up to a
50% increase in overall brain alignment, generalization to unseen datasets, and improvements
on semantic tasks [Moussa and Toneva, 2025]. This is direct evidence that brain-derived
objectives can improve data efficiency for brain alignment and transfer to ordinary semantic
evaluation.
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Human-likeness should be treated as an empirical property of behavior and internal geometry.
Brain-Score evaluates models against neural measurements, behavioral measurements, and
task accuracy [Schrimpf et al., 2020]. EEG-aligned ReAlnets improved behavioral similarity
on object-recognition benchmarks, which links brain-supervised representation learning
to human-like external behavior [Lu et al., 2026]. Centaur shows that large-scale human
behavioral supervision can improve prediction of held-out human choices across domains and
increase neural alignment of internal representations [Binz et al., 2025]. Human similarity-
judgment distillation shows that a small amount of human-derived structure can be expanded
through a teacher model and transferred into vision foundation models, improving human-
aligned judgments and robustness [Muttenthaler et al., 2025]. Together these studies support
a concrete prediction for FHM. Brain signals should improve human-likeness most when
they expose internal states that behavior labels leave ambiguous.

4 Brain data supervision

Brain data should primarily supervise internal variables that are hard to identify from
behavior alone.

Representations. Brain recordings can regularize the geometry of latent representations
during perception, language understanding, and action planning. This objective requires
model states that preserve task-relevant distinctions visible in human neural responses and
weakly labeled in external traces. For example, a video-language agent trained with aligned
video and neural responses can learn to predict both the next frame or caption and the
subject’s evolving internal response to the scene. If the resulting representation transfers
better to downstream tasks, the brain signal has acted as useful privileged supervision.

Uncertainty and calibration. Human internal state contains information about uncer-
tainty, conflict, surprise, and attention allocation. Brain-supervised models can therefore
be evaluated on calibration under distribution shift, and separation of unsupported guesses
from well-supported inferences. These properties are especially useful for agents that interact
with people in open-ended tasks.

Private computation policy. Current reasoning systems often externalize delibera-
tion through language tokens. This supports interpretability and represents one compute-
allocation mechanism among several. Brain tokens can provide a training signal for private
latent computation during information integration, pausing, revision, and action preparation.
Brain-token models can also supply a private deliberation channel during training. The
key test measures gains in reliability, sample efficiency, and robustness against a text-only
chain-of-thought baseline.

Cross-modal invariance. The same cognitive state may be observed through EEG, MEG,
fMRI, ECoG, behavior, language, and task context. Each view has different noise and
sampling properties. Brain data should help agents learn invariances across these views.

4.1 Unified token streams

Let T be the union of typed token sets across modalities and roles. For each modality
m ∈ {V, S, T, B, A}, the roles are input m(i), private m(s), and output m(o). Autoregressive
modeling predicts both the next role-type and the token value.

pθ(τt | τ<t) = pθ(kt | τ<t) pθ(τt | kt, τ<t),

where kt indexes modality and role, such as T(i) and B(s). This lets the model learn ordering
and internal compute allocation (figure 1). In continuous settings such as listening, movie
watching, dialogue, visual search, and interactive control, perception, private state updates,
and action can co-occur in time.
This interface supports conditioning adapters, unified interleaving, and privileged distillation.
Conditioning adapters can map brain activity into the embedding space of a fixed language
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Input tokens V(i), S(i), T(i)

Private tokens B(s), T(s)

Output tokens T(o), V(o), S(o), A(o)

Figure 1: Typed token roles for multimodal streams. The model learns the placement of
private tokens during perception and output, including brain (B), vision (V), audio (S), text
(T), and action (A) tokens.

or vision-language model [Ye et al., 2025]. Unified interleaving can fine-tune a multimodal
backbone to model joint streams containing B alongside vision, audio, text, and action tokens
[Reed et al., 2022, Zhou et al., 2025]. Privileged distillation can train an ordinary-input
policy to match an augmented policy trained with brain tokens.

min
ϕ

E
[
KL

(
pθ(a | x, z) ∥ πϕ(a | x)

)]
,

where z denotes privileged neural tokens and πϕ is the deployable policy.

5 Research pillars

5.1 Long-horizon brain generation

The first priority is stable generative modeling of neural recordings. A model that produces
realistic full-session rollouts is useful because rollout stability tests for durable latent dynamics
and filters out models driven by short-window correlations [Csaky, 2026, Huang et al., 2025].
Key design axes include data scale and diversity, long-context sequence modeling for high-
rate electrophysiology, hierarchical slow-fast latents, exposure-bias reduction, and neural
tokenization [Hawthorne et al., 2022, Hiller et al., 2024, Gu and Dao, 2024, Poli et al., 2023,
Bengio et al., 2015]. Discrete VQ/RVQ tokenization has been effective for audio and video
generation [van den Oord et al., 2017, Défossez et al., 2024, Yan et al., 2021, Lee et al., 2022].
Neural models now need similar tokenizer approaches, potentially including soft tokenizers
for mixed continuous-discrete streams [Tschannen et al., 2025, 2024, Zhou et al., 2025].
Long-horizon generation is a key target including whether generated neural trajectories
preserve subject-specific, task-specific, and stimulus-conditioned structure over time. This
calls for evaluations that include next-token likelihood, spectral fidelity, cross-spectral
structure, drift, collapse, phase relationships, state-transition statistics, and calibration under
self-generated context. The evaluation should include continuation tasks in which a model
receives a long prefix from a subject and generates plausible future responses to a stimulus
or task segment.
The rollout requirement also enables later “brain-space deliberation” approaches. A model
that cannot generate stable latent neural dynamics is likely to turn private brain-token
computation into an arbitrary latent code. Stable neural rollouts that improve downstream
distillation would make long-horizon generation a foundation for agent training.

5.2 Shared geometry across recording modalities

EEG, MEG, ECoG/sEEG, and fMRI are noisy, rate-distorted measurements of related
cortical processes. FHM should map sensor-space signals into a shared latent geometry
whenever possible. For electrophysiology, sensor metadata such as position, orientation, type,
and subject anatomy can condition models on the measurement process [Xiao et al., 2025,
Chen et al., 2025]. For fMRI, slow hemodynamic observations can supervise low-frequency
cognitive-state variables that fast electrophysiology models are trained to predict. Let x
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Stimulus/context x fMRI model slow latent zslow

EEG/MEG model ẑslow
distill

Figure 2: Multi-rate distillation learns slow cognitive states from fMRI and transfers them
to faster predictors.

denote the stimulus or task context, e1, . . . , eT the fast electrophysiology sequence, and
f1, . . . , fU the slow fMRI sequence, with T ≫ U .

zslow(u+1) ∼ p(zslow(u+1) | zslow(u), x) , (1)
et ∼ p(et | zslow(⌊t/r⌋), zfast(t)) , (2)
fu ∼ p

(
fu | HRF

(
zslow(u)

))
. (3)

This multi-rate view (figure 2) connects electrophysiology and hemodynamics through
separate sampling rates [Jin and Wehbe, 2025].

5.3 Scaling laws and acquisition decisions

Brain data is expensive to acquire which motivates treating scaling as an optimization
problem. Let modalities M have per-hour acquisition costs cm and collected hours hm. For
a budget C, the field should ask which mixture maximizes a chosen downstream utility.

max
{hm}

Utility({hm}) s.t.
∑
m∈M

cmhm ≤ C.

The utility should include neural decoding accuracy, rollout stability, cross-subject transfer,
modality robustness, and downstream agent performance after distillation. Existing scaling-
law work suggests that modality, data volume, and model size can be studied quantitatively
[Sato et al., 2024, Banville et al., 2025]. FHM should extend this analysis to acquisition
choices, including low-cost EEG across many subjects, high-quality MEG sessions, invasive
recordings in clinical settings, simultaneous multimodal sessions, and fMRI for slow semantic-
state supervision.
Proxy experiments can reduce wasted collection. Before acquiring a new modality at scale,
studies can be run to corrupt or downsample existing modalities, inject controlled noise into
token streams, or simulate missing channels. If model utility is sensitive to a controlled
proxy for signal quality, cleaner or richer acquisition may be justified. Fast saturation of
utility would point to bottlenecks in architecture, tokenization, task design, or distillation.

5.4 Typed interleaving and privileged distillation

Our central claim is that brain data can be incorporated into unified multimodal token
streams as a private, typed, training-time modality and then distilled into deployable agents.
Static datasets may look like stimulus → brain response. Interactive settings differ because
video, speech, gaze, action, and brain state evolve together. Typed interleaving preserves
temporal causality by allowing input, private, and output tokens to alternate.
Large behavior-rich brain datasets remain limited. Stimulus-driven recordings such as
listening and movie watching are more common and potentially useful in the short-term. A
staged path can start with streams such as

[Ti] → [Be] → [Br] → [Bd] → [To],

where Ti and To are input and output language tokens, Be are encoding-state tokens, Br are
private reasoning-state tokens, and Bd are decoding-state tokens. Existing listening datasets
can train the encoding and forecasting parts even when overt language production is absent.
Video-first corpora provide a near-term vision-language route through naturalistic video
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viewing, stimulus-to-brain forecasting, cross-modal retrieval, and privileged distillation into
video-language agents.
Interleaving also clarifies dataset and task design. A useful dataset preserves causal timing
across perception, neural-state change, action, and external feedback. Dialogue and assistance
datasets should include context, user behavior, and neural response at compatible temporal
resolution. Naturalistic video datasets should align frames, audio, gaze when available, and
neural activity across the recording.
During training, the augmented model may use brain signal b as an extra input.

pθ(a | x, b).
The deployable model then approximates the useful behavior from context alone.

πϕ(a | x) ≈ p̄θ(a | x), p̄θ(a | x) := Eb∼p(b|x) [pθ(a | x, b)] =
∫

pθ(a | x, b) p(b | x) db.

A clean ablation compares a distilled brain-augmented policy with a matched policy trained
on the same non-neural data and compute budget.

6 Evaluation and predictions

FHM should be judged by tests that isolate the value of privileged internal-state supervision.
We propose four evaluation families covering likelihood and long-rollout stability for neural
generation, stimulus-conditioned forecasting and calibration, cross-modal translation under
sensor dropout and device shift, and downstream agent robustness on long-horizon tasks
after removal of the privileged channel [Xie et al., 2024, Yue et al., 2025]. Splits should
include unseen subjects, unseen devices, unseen tasks, and corrupted or missing modalities.
The main predictions are as follows.

1. Brain-token supervision should improve robustness under distribution shift relative
to matched stimulus-only training.

2. Distilled brain-augmented policies should outperform non-augmented policies on
tasks requiring human goal, belief, or uncertainty inference.

3. Shared-geometry modality fusion should improve cross-device and cross-subject
generalization relative to modality-isolated models.

4. Private-token ablations should reveal whether neural tokens reduce reliance on visible
text-token reasoning loops.

5. Proxy corruption experiments should forecast returns from cleaner neural modalities
before running expensive acquisitions.

A rigorous benchmark should include matched baselines. The comparison should use brain-
augmented training, equally scaled stimulus-only training, behavior-only training, and
multimodal training under the same compute budget. Agent evaluations should emphasize
tasks where human internal state is especially useful. Examples include following ambiguous
instructions, recognizing when a user lacks knowledge, coordinating in partially observed
environments, predicting goal changes from context, and maintaining reliability over long
software or web tasks [Collins et al., 2024, Ying et al., 2025, Xie et al., 2024]. For each task,
the key comparison is whether privileged supervision improves the deployable model after
removal of the privileged channel. For an initial brain datasets registry please see Appendix
A.

7 Alternative views

Behavioral data may be enough. A reasonable objection is that internet-scale behavior
already contains the cognitive traces needed for agents, including explanations, demonstra-
tions, preference labels, and interaction logs. Behavior is a high-level output channel. It
often omits intermediate state, uncertainty, timing, and latent dynamics. It can also collapse
distinct cognitive processes into the same observable action.
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Brain data is noisy, private, expensive, and hard to scale. This objection is
correct and should shape research paths. FHM uses neural data as training-time privileged
information. Deployment uses ordinary input streams. Staged distillation, subject/device
holdouts, modality-dropout tests, and proxy scaling experiments can estimate when extra
acquisition is justified.

Current neural decoding and generation are too weak. Current systems are early,
especially for long-horizon generation and open-ended behavior, in part due to data scale.
That is why FHM emphasizes intermediate milestones such as rollout stability, cross-subject
generalization, sensor dropout, modality fusion, and downstream robustness after distillation.
The program should be evaluated by improvements under scale.

Brain tokens may create false alignment or privacy risks. Brain grounding alone
cannot establish alignment. Matching neural dynamics can coexist with harmful objectives or
leakage of sensitive information. Brain-token models therefore need explicit consent, purpose
limitation, licensing restrictions, de-identification, re-identification testing, privacy-preserving
training where possible, and privacy evaluation before public release of model weights or
derived representations.

8 Discussion

8.1 Ethics and privacy

Neurophysiological data can carry subject-identifying signatures and unintended correlates
of health, identity, affect, or behavior. FHM should therefore be pursued only under ethics
oversight, explicit informed consent, and release practices that classify neural data as sensitive
human-subject data. Models should be evaluated for memorization and re-identification risk
before release. Where possible, public benchmarks should expose privacy-screened evaluation
interfaces and avoid releasing raw recordings or unrestricted checkpoints.
Consent must also cover derived uses. A participant who agrees to a decoding study may
have agreed only to that study, with no consent for training a general-purpose agent or
releasing a neural tokenizer. Release decisions should distinguish raw data, tokenized data,
trained encoders, synthetic neural rollouts, and downstream distilled agents. Each artifact
has different privacy and misuse risks.
There is also an equity concern. If high-quality brain data is collected from narrow de-
mographic groups, brain-supervised agents may inherit a narrow model of human internal
state. This leaves room for restricted release and carefully scoped datasets. Privacy may
require restricted access. Claims about human-compatible agents should be tested under
demographic, clinical, linguistic, and cultural variation where consent and governance permit.

8.2 Conclusion

Multimodal foundation agents should use brain recordings as privileged internal-state super-
vision during training. This position turns brain data from a simple decoding target into
a useful signal for learning latent cognitive structure. FHM makes the claim actionable
through long-horizon brain generation, shared latent geometry across recording modalities,
typed interleaving of brain, stimulus, language, and action tokens, and privileged distillation
into agents that operate from ordinary input streams at test-time. The decisive empirical
questions are whether the privileged channel improves robustness, calibration, cross-subject
transfer, and long-horizon task performance.
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A Dataset registry

Note. Counts/metadata below are approximate and should be verified against dataset releases and
licenses. The intent is to provide a starting atlas for data aggregation. Task Type provides a broad
categorization of tasks into three types: simple stimulus only (s. stim.), naturalistic stimulus only
(nat. stim.), and datasets with behavior production.

Dataset Subjects Hours Modality Task Type Notes URL

TUH EEG
Corpus

15000 27000 EEG s. stim. Clinical; resting;
20ch.

link

Elmiko EEG
Corpus

55000 20000 EEG s. stim. Clinical; resting;
20ch.

link

HBN EEG 3000 2000 EEG nat. stim. Movies; EGI
128ch; pediatric.

link

AJILE12 12 1280 ECoG production Motor; 64ch. link
UPenn RAM 250 1000 ECoG, sEEG s. stim. Language; 150ch. link
Mayo/UPenn
Seizure

82 1000 ECoG nat. stim. Motor; 64ch.

Spacetop 100 600 fMRI nat. stim. Movies. link
Narratives
fMRI

350 350 fMRI nat. stim. Listening. link

Tomcat 120 280 EEG, fNIRS production Gaming; Acticap
32ch.

link

Camcan 650 210 MEG nat. stim. Movies; resting;
Elekta 306ch;
phase 2 has movie
data.

link

Speech EEG 1 175 EEG production speech; g.tec
128ch; can re-
quest data.

link

MOUS 200 160 MEG nat. stim. Listening; read-
ing; CTF 275ch;
open access.

link

Alljoined-
1.6M

20 160 EEG s. stim. Images; Emotiv
32ch.

link

Omega 644 151 MEG s. stim. Resting; CTF
275ch.

link

WAND 170 130 MEG s. stim. Auditory; vi-
sual; CTF 275ch;
available via
openneuro.

link

HCP 90 120 MEG s. stim. Motor; resting;
Axial grad 248ch.

link

MEG-MASC 27 108 MEG nat. stim. Listening; Axial
grad 157ch; pub-
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link

Cogitate Con-
sortium

38 100 ECoG, sEEG s. stim. Images; 100ch.

HCI-SENSE-
42

42 84 EEG production Computer-use;
32ch.

link

SMN4Lang 12 72 MEG, fMRI nat. stim. Listening; Elekta
306ch.

link

THINGS-
EEG

10 66 EEG s. stim. Images; Easycap
64ch.

link

Stanford
EcoG

34 60 ECoG s. stim. Language; motor;
visual; 128ch.

link

VR Naviga-
tion EEG

60 50 EEG production VR; 32ch; open-
neuro.

link

Libribrain 1 50 MEG nat. stim. Listening; Elekta
306ch; public.

link
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https://isip.piconepress.com/projects/nedc/html/tuh_eeg/#:~:text=The%20TUH%20EEG%20Corpus%20is,track%20who%20downloads%20the%20data
https://www.sciencedirect.com/science/article/pii/S0893608025009530#:~:text=pathology,and%20may%20even%20compensate%20for
https://neuromechanist.github.io/data/hbn/
https://dandi.github.io/example-notebooks/#:~:text=trajectories%20across%2055%20semi,facilitate%20data%20exploration%20and%20reuse
https://memory.psych.upenn.edu/RAM_Public_Data
https://openneuro.org/datasets/ds005256
https://fcon_1000.projects.nitrc.org/indi/retro/Narratives.html
https://proceedings.neurips.cc/paper_files/paper/2023/file/803d8d4b4a549d0d062fc704f8659ce3-Paper-Datasets_and_Benchmarks.pdf
https://camcan-archive.mrc-cbu.cam.ac.uk/dataaccess/
https://arxiv.org/pdf/2407.07595
https://www.nature.com/articles/s41597-019-0020-y
https://arxiv.org/html/2508.18571v2#:~:text=Our%20findings%20demonstrate%20the%20growing,research%20groups%20with%20limited%20resources
https://www.mcgill.ca/bic/neuroinformatics/omega
https://doi.gin.g-node.org/10.12751/g-node.5mv3bf/
https://www.humanconnectome.org/storage/app/media/documentation/s1200/HCP_S1200_Release_Reference_Manual.pdf
https://www.nature.com/articles/s41597-023-02752-5
https://github.com/Catherine9811/HCI-SENSE-42
https://openneuro.org/datasets/ds004078/versions/1.2.1
https://www.sciencedirect.com/science/article/pii/S1053811922008758?via%3Dihub
https://www.nature.com/articles/s41562-019-0678-3
https://www.nature.com/articles/s41597-025-06175-2
https://arxiv.org/pdf/2506.02098


Dataset Subjects Hours Modality Task Type Task / Notes Link

HD-EEG
+ mouse-
tracking

31 48 EEG production Computer-use;
128ch.

link

EAV EEG 42 46 EEG production speech; 30ch. link
cNeuroMod:
Shinobi

4 40 fMRI production Gaming; produc-
tion.

link

Tacit commu-
nication

60 40 EEG production Gaming; Biosemi
128ch.

link

THINGS-
MEG

4 37 MEG s. stim. Images; CTF
275ch.

link

Moba gaming
EEG

23 34 EEG production Gaming; 64ch;
openneuro.

link

NOD 30 30 EEG, MEG,
fMRI

nat. stim. Images. link

Narratives
MEG

3 30 MEG nat. stim. Listening; CTF
275ch; donders on
request.

link

Atari fMRI 32 30 fMRI production Gaming; produc-
tion.

link

FilmFestival
fMRI

20 26 fMRI production speech; spoken re-
call.

link

BABA MEG 30 20 MEG nat. stim. Movies; OPM
64ch.

link

Think-Aloud
fMRI

112 20 fMRI production speech. link

Handwriting 1 10 Utah production 200ch link
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https://pmc.ncbi.nlm.nih.gov/articles/PMC9288455/
https://pmc.ncbi.nlm.nih.gov/articles/PMC11413008/
https://docs.cneuromod.ca/en/latest/ACCESS.html
https://pmc.ncbi.nlm.nih.gov/articles/PMC11865554/
https://things-initiative.org/
https://www.nature.com/articles/s41597-025-05435-5#:~:text=All%20data%20are%20available%20in,json%E2%80%9D%20which
https://pmc.ncbi.nlm.nih.gov/articles/PMC12102372/#Sec2
https://www.nature.com/articles/s41597-022-01382-7
https://openneuro.org/datasets/ds004323/versions/1.0.0
https://pmc.ncbi.nlm.nih.gov/articles/PMC9727629/
https://www.nature.com/articles/s41597-025-06110-5?error=cookies_not_supported&code=5271977c-6804-43dd-b4cb-ec8a0affc2ec#:~:text=Data%20availability
https://openneuro.org/datasets/ds006067/versions/1.0.1
https://www.nature.com/articles/s41586-021-03506-2
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