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Abstract

Cognitive neuroscience shows that the human brain creates low-dimensional, ab-
stract representations for efficient sensorimotor coding. Importantly, the brain can
learn these representations with significantly fewer data points and less computa-
tional power than artificial models require. We introduce Brain2Model Learning
(B2M), a framework where neural activity from human sensory and decision-
making guides the training of artificial neural networks, via contrastive learning
or latent regression. We provide a proof-of-concept for B2M in memory-based
decision-making with a recurrent neural network and scene reconstruction for
autonomous driving with a variational autoencoder. Our results show that student
networks benefiting from brain-derived guidance can either converge faster, achieve
higher predictive accuracy, or both, compared to networks trained in isolation. This
indicates that the brain’s representations can be useful for artificial learners, facili-
tating efficient learning of sensorimotor representations, which would be costly or
slow through purely artificial training.

1 Introduction

Recent work in cognitive neuroscience reveals that neural populations encode low-dimensional,
abstract representations that enable decision-making and sensorimotor behavior [1, 2, 3, 4, 5]. A key
objective in the field is to create models that predict neural activity while uncovering the computational
principles behind these representations. Advances have been achieved in vision and language, where
convolutional and transformer-based models elucidate neural responses in corresponding brain areas

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: BrainBodyFM.



[6, 7, 8, 9, 10]. These findings indicate that artificial neural networks and biological systems may
adopt similar representational strategies for perception and decision-making.

Despite advances in large-scale artificial models in vision [11, 12, 13, 14] and decision-making [15,
16, 17], training neural networks to achieve generalizable abstractions typically demands extensive
supervision or large foundation models, which are slow and costly to obtain. In contrast, the brain
learns complex representations from sparse and ambiguous data, efficiently guiding flexible decision-
making and enabling rapid adaptation in novel settings [18, 19]. However, relatively little work has
focused on leveraging brain-derived representations to shape the internal learning dynamics and
representations of artificial models.

2 Related Work

Leveraging representations from large pre-trained models for efficient training of new task-specific
models has been extensively explored in transfer learning literature, achieving success in both
supervised [20, 21, 22, 23, 24] and reinforcement learning [25, 26, 27, 28]. Different transfer
approaches have been proposed based on the type of knowledge being transferred and the differences
between the data available to the source and target models [29, 23, 24, 30, 31], facilitating knowledge
transfer across complex decision domains.

Past work has explored using sensory-based brain information to train convolutional neural networks
(CNNs) [32, 33, 34, 35]. For instance, in McClure and Kriegeskorte (2016, the authors defined
representational neural dissimilarity matrices (DSMs) leveraging data in an MNIST/CIFAR100 visual
recognition task and utilized them to transfer information from a teacher model to a student CNN.
Despite this relevant work in the field, some outstanding gaps remain regarding the flexibility and
applicability of these methods. Utilizing DSMs requires a priori defining of discrete trial classes.
Additionally, leveraging higher-order cognitive functions as transfer signals, such as memory or
decision-making, beyond CNN architectures, remains an underexplored research direction.

3 Methods

To address these gaps, we propose Brain2Model Learning (B2M), a framework to guide model
training by encouraging models to achieve similar representations to the human brain. B2M leverages
human brain data collected while participants performed similar tasks to artificial models. We guide
model training by augmenting standard learning objectives with a loss which incentivizes similarity
between model representations and brain representations of reduced dimensionality. Concretely, we
add a brain transfer function, which acts as a brain-derived regularization objective:

Ltotal = (1− α)Ltask + αLtransfer (1)

where Ltask is the standard loss function for the artificial learner in a task, Ltransfer is the loss
function comparing brain and artificial representational similarity, and α is the transfer weight
hyperparameter.

We propose two alignment strategies for obtaining Ltransfer, whose applicability depends on whether
artificial models are trained exactly on the same examples as seen by humans, or approximations
of these examples: brain contrastive learning, and brain latent transfer (see Appendix, Extended
Methods). In short, brain contrastive learning can be applied when there is a direct match between
trials experienced by the model and the brain. It relies on a contrastive objective between brain
and model representation pairs. Conversely, brain latent transfer can be applied to similar but not
necessarily matching trial structures between brains and models, and relies on minimizing a minimum
squared error distance between model and brain latent representations.

4 B2M improves RNN learning in memory-based decision making task

4.1 Memory task and brain data

Given novel contexts or a novel instruction set, humans are able to quickly adapt and correctly follow
new goals [36, 37, 38, 39]. To understand the role of human brain activity in rapid goal switching,
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Figure 1: B2M for memory RNN. (a) Task design. The task alternated between two states, indicating
which of the stimuli was the current target. In each episode, two stimuli were designated as potential
targets, and one stimulus was always irrelevant. Patients were prompted to respond whether the
current image was the target. The task alternated to the other state once a target was correctly
identified. (b) Single neuron recording across epilepsy patients. (c) RNN for memory-based decision
making. The first fully connected layer was jointly embedded with human brains via B2M. (d) Mean
RNN test accuracy over epochs for different values of B2M strength α, including no B2M (dashed
black curve). (e) Area under training trajectory for different values of B2M strength α. (f) Test
accuracy at the end of training for different values of B2M strength α, for true brain embeddings
(red) and shuffled brain (beige). Error bars represent standard error of the mean. All shaded areas
indicate mean ± s.e.m. for the best run with L2 regularization and α = 0. Stars indicate values of
α = 0 for which standard B2M outperforms both L2 regularization and B2M with shuffled brain data
(Mann-Whitney U-Test, one sided, p < 0.05).

we utilized data collected from a memory-based goal switching task (Fig. 1a) in which intracranially
implanted epilepsy patients (N=17 sessions in 6 patients) had to memorize the current target stimulus
and watch a sequence of visual stimuli. If the current target was presented, the correct response would
be to press an accept button; otherwise, the correct response would be to press a reject button. As
soon as the participant correctly accepted the current target, the target stimulus would shift to another
stimulus in the episode, and the current target would alternate between these two until the end of the
episode. Episodes had a variable number of steps (stimulus presentations) and 3 possible stimuli: 2
target candidates and one distractor stimulus. In total, 400 steps were given to each participant.

We obtained a total of 371 neurons (31 in orbitofrontal cortex, 202 in hippocampus, 4 in entorhinal
cortex, and 134 in cingulate cortex, Fig. 1b), which were co-registered to a shared 7-dimensional
latent space via the CEBRA framework [40]. This dimensionality was chosen since it was the
minimum available number of neurons in any given session. The neural representation consisted
of one embedding per time point per trial for each session. Additional details on spike data pre-
processing are provided in the Appendix.

4.2 Model architecture and training

To model an artificial agent performing this task, we implemented a single-layer gated recurrent unit
(GRU) network designed for sequence modeling with alignment to brain-derived embeddings (Fig.
1c). Input size was 4, to provide a one-hot coded version of the 3 possible stimuli, plus one element
for when no stimulus was on the screen (i.e., pre-stimulus window). The architecture consisted
of a GRU layer (hidden size=512, num layers=1), a dropout layer (rate 0.3), transfer temperature
= 0.1, a linear embedding projection layer (hidden dimensions: 7), an output layer mapping the
embedding to a single continuous output, followed by a scaled sigmoid activation mapping outputs to
the range [-1.5, 1.5]. This structure allowed the model to jointly produce outputs while internally
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encoding representations that could align with neural embeddings, via direct brain contrastive
learning. We presented trial sequences to the network in a one-to-one mapping with episodes seen
by human participants, by one-hot coding the presented stimulus and showing the context of each
episode to the model as a one-hot coded version of the current target stimulus at the beginning of each
episode. We then tested the network in 1000 simulated trial sequences previously unseen by human
participants. Each configuration (i.e., each value of α = [0, 0.004, ..., 0.040]) was trained with 10
random initialization seeds. Models were optimized with Adam (learning rate = 10−4) for 150 epochs
with a batch size of 1. Accuracy was measured by comparing predictions to binary targets.

4.3 Results

We measured network performance by accuracy in left-out trials, determined by whether the agent
correctly accepted or rejected stimuli in each step (Fig. 1d). To summarize training efficiency, we
measured test accuracy after 150 epochs and the area under the test accuracy trajectories across
epochs. We performed two additional control analyses. First, we performed B2M with brain data
shuffled along the trial axis, to test whether gains derived from the correct structure of brain activity
for each memory trial. Second, to compare with a standard regularization objective, we fit the model
without B2M but with L2 regularization, for a grid search of 10 values of λ: [10−7, ..., 10−3]. We
find a range (lowest: 0.008, highest: 0.032) of α values for which the area under B2M training
trajectories outperform both shuffled controls and the top-performing L2, λ = 2.1 · 10−6 (Fig. 1e,
Mann-Whitney U-Test, one-sided, p < 0.05). The displayed standard error was computed across 10
initialization seeds. Additionally, for α = [0.012, 0.016], B2M test accuracy at the end of training
outperformed both top-performing L2 and shuffled controls (Fig. 1f).

5 B2M for naturalistic scene reconstruction in VAE for driving task

5.1 Virtual reality driving task and EEG recordings

We next turn to a naturalistic visual reconstruction task using non-invasive electroencephalogram
(EEG) data. We explored B2M in a distinct model architecture, variational autoencoders (VAEs), and
applied latent transfer to accommodate the lack of one-to-one trial correspondence between human
and artificial data. We tested B2M on a dataset of human participants (N=11 sessions in 9 participants,
with written informed consent, IRB approved) performing a vehicle driving task in a virtual reality
(VR) environment, while they had 64-channel EEG activity recorded (Fig. 2a). This task has been
previously shown to elicit activity in dorsolateral prefrontal cortex and anterior cingulate that are
predictive of driving behavior [41].

One possible task to model in this setting is the sensorimotor processing that occurs with the goal
of safely driving through a city. As such, we adapt a previously established [42] VAE trained
with the specific purpose of creating a visual embedding of urban scenes, to be later passed onto a
reinforcement learning agent (Fig. 2b). The VAE has already been described elsewhere [42] (see
Appendix for implementation and extended methods).

For B2M, we used temporally aligned brain signals (EEG) and downsampled VR video frames
(8Hz), reshaped to 160× 80 pixels, totaling 133120 frames across all participants. Since the VAE
train set (simulated environment) and the human train set in VR are not exactly matching, we
employed Brain Latent Transfer for B2M. To present video/EEG data to the model, we treated
each temporally aligned video/EEG example pair as a unique input, batched them (batch size: 256),
and presented one batch at a time, in tandem with each training image batch.

Network hyperparameters were kept the same as in the original implementation [42], except for
embedding dimensionality, which we changed to 64, in alignment with EEG inputs. Training was
repeated across 10 random initializations for each α = [0, 0.02, ..., 0.2] value, yielding a total of 110
full training runs. Each model was trained for 100 epochs, using the Adam optimizer (learning rate =
10−4). After each epoch, models were evaluated on a held-out validation set of visual scenes.

4



VAE test loss by transfer magnitudea b c
B2M

64-d
brain activity

Encoder Decoder

Embedding

Output
image3 32 64 128256 FC 64 FC 256 33264128Input

image

Original

Reconstruction

0.070

0.075

0.080

0.085

0.090

0.095

0.100
0.105

Te
st

 lo
ss

0 20 40 60 80 100
Epochs

0.065

No transfer
alpha = 0.02
alpha = 0.04
alpha = 0.06
alpha = 0.08
alpha = 0.10

alpha = 0.12
alpha = 0.14
alpha = 0.16
alpha = 0.18
alpha = 0.20

d Area under training trajectory (loss) Test loss at end of traininge

Te
st

 lo
ss

0.070

0.072

0.074

0.076

0.080

0.082

0.084

Alpha
0.

02

0.
06

0.
04

0.
20

0.
18

0.
16

0.
14

0.
12

0.
10

0.
08

0.
00

Alpha

0.
02

0.
06

0.
04

0.
20

0.
18

0.
16

0.
14

0.
12

0.
10

0.
08

0.
00

Ar
ea

8.6
8.4

8.2

8.0

7.6
7.4

7.8

7.2

f
Dropout + B2M
Dropout + Shuffled brain

Best L2
Dropout + B2M
Dropout + Shuffled brain

Best L2

* *
* * * * * * *

Figure 2: B2M for driving scene reconstruction with VAE. (a) Top: Participants steered a vehicle
in VR with simultaneous EEG recordings; Bottom: VR driving scene example. (b) The VAE for
scene reconstruction consisted of an encoder-embedding-decoder architecture. The embedding layer
was jointly embedded with EEG data from human participants driving in VR. (c) Mean test loss for
different values of B2M strength α, including no B2M (dashed black curve). (d) Area under training
trajectory for different values of B2M α. (e) Test accuracy at the end of training for different values
of B2M α, for true brain embeddings (red) and shuffled brain (beige). Error bars represent standard
error of the mean. All shaded areas indicate mean ± s.e.m. for the best run with L2 regularization and
α = 0. Stars indicate values of α = 0 for which standard B2M outperforms both L2 regularization
and B2M with shuffled brain data (Mann-Whitney U-Test, one sided, p < 0.05). (f) Examples of
original and reconstructed scenes, produced with B2M (α = 0.1).

5.2 Results

In a small percentage of runs, we observed diverging test loss (loss > 1) that did not recover over the
course of training (4 out of 110 runs, 3.6%). We excluded these runs from the subsequent analysis
and visualization.

We measured network performance by reconstruction loss in left-out naturalistic driving scenes,
determined by mean square error between target image and source image (Fig. 2c). To summarize
training efficiency, we measured test accuracy after 150 epochs and the area under the test accuracy
trajectories across epochs. As before, controlled for shuffled brain data and L2 regularization (λ:
[10−5, ..., 10−2]). We found a range of α = [0.04, ..., 0.20] for which B2M outperforms both L2
regularization and shuffled brain in area under the loss trajectory (Mann-Whitney U-Test, one sided,
p < 0.05 , Fig. 2d). However, the top-performing L2 regularization (λ = 10−5) matched B2M
performance at the end of training (Fig. 2e). This indicates that while it is possible for standard
regularization to achieve comparable accuracy, B2M converges more efficiently. The displayed
standard error was computed across 10 initialization seeds. For visualization purposes, we include
examples of original and reconstructed driving scenes with brain transfer, for α = 0.1 (Fig. 2e).

6 Discussion

In this work, we demonstrate, as a proof of principle, that low-dimensional brain representations can
be leveraged to guide neural network training in complex cognitive tasks involving sensory processing,
memory, and flexible decision-making. This approach raises several promising avenues for future
exploration. First, future work may systematically investigate the scalability of brain-guided training:
what is the sample efficiency of brain priors, and how does performance scale with the dimensionality
of neural embeddings?
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Second, an open question remains regarding the transferability and utility of different brain recording
modalities. Given their varying signal-to-noise ratios and spatiotemporal resolution, it is critical to
benchmark the relative effectiveness of invasive (e.g., depth recordings) versus non-invasive (e.g.,
fMRI, EEG) data in shaping model representations across cognitive domains.

Third, this work requires a deeper investigation into the geometry of the brain-induced low-
dimensional spaces, to determine exactly which representations are imparted to models. By charac-
terizing how artificial models restructure their internal representations in response to brain-derived
constraints, we can gain insight into both the alignment between biological and artificial computation
and the types of inductive biases these embeddings confer.

We anticipate B2M can scale by leveraging increasingly more abundant neural datasets and emerging
neural foundation models that distill common representational principles across individuals and tasks.
In this way, B2M could become an alignment step that brings brain-derived structure into new models
without requiring new recordings each time.

More broadly, this work could open a path toward more data-efficient training, where functionally
aligned neural recordings guide the acquisition of generalizable representations in artificial agents. By
continuing to bridge neuroscience and machine learning through shared principles of representation
and computation, we may build novel strategies for systems that learn uniquely human skills.
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Technical Appendix

Extended Methods

a Brain contrastive learning b Brain latent transfer

Figure 3: Obtaining Ltransfer in B2M. (a) Brain contrastive learning. A shared input is transformed
into both brain embeddings and artificial model embeddings of equal dimensionality. From input
batches containing several examples, we compute a similarity matrix between brain and model
embeddings of different inputs, which is utilized to obtain a transfer loss value. We designate
neural-model embedding pairs computed from the same input example as positive pairs, while pairs
computed from separate examples are designated negative pairs. (b) Brain latent transfer learning. An
input X from the human train set H is used to produce brain embeddings and artificial embeddings,
produced from a model trained with an artificial train set A. These embeddings are subsequently
compared with a mean square error distance to obtain a transfer loss.

Brain Contrastive Loss

One goal of B2M is to maximize the mutual information between neural representations and their
counterparts in artificial models. This aims to assist artificial learning by encouraging models to
find advantageous sensorimotor representational subspaces that might have been acquired by the
human brain over the course of task learning and, ultimately, evolution. We propose to achieve this by
adapting contrastive learning via an InfoNCE loss framework, such as the one adopted in SimCLR,
[43, 44], which aims to maximize mutual information between similar data points (Fig. 3a).

Given a sensory or contextual input X ∈ I , with X ∈ Rd1×d2×...×dn , where I is a train set presented
to both humans and artificial models, we propose aligning brain and artificial representations of X by
maximizing the mutual information between embeddings Ybrain ∈ RE and Ymodel ∈ RE , where E
is the embedding dimensionality. These embeddings are produced by non-linear transfer functions
such that Ybrain = fbrain(X) and Ymodel = fmodel(X), indicating compressed neural and artificial
representations of sensorimotor inputs, respectively. Any applicable dimensionality reduction method
can be utilized as f , or even the identity function, as long as the dimensionality between brain and
model embeddings is matched.

For this, we define a batch of b examples X ∈ I, [X1, X2, ..., Xb], and their respective neu-
ral and artificial embeddings Bneural = [Y(neural,1), Y(neural,2), ..., Y(neural,b)] and Bmodel =
[Y(model,1), Y(model,2), ..., Y(model,b)]. From these, given a temperature hyperparameter τ , we obtain
a similarity matrix S = 1

τ (Bneural ×BT
model), which represents the similarity between neural and

artificial example pairs, including both pairs obtained from the same example Xi, but also pairs ob-
tained from different examples. Then, we define positive contrastive pairs Y(neural,i) and Y(model,i),
and negative contrastive pairs Y(neural,i) and Y(model,j) for all i ̸= j. With these, we define, for a
given anchor example i, with Ltransfer =

∑
i Ltransfer,i:

Ltransfer,i = − log
exp(Si,i)

exp(Si,i) +
∑

i̸=j exp(Si,j)
(2)

Brain Latent Transfer Loss

In decision-making tasks, future states are often dependent on decisions made in past episodes, as
well as the outcomes that occurred in them. For this reason, it is potentially challenging to assemble
a train set of episodes and environment states for an artificial agent that will exactly match the train
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sets experienced by human participants in a task, given that the agent is free to act differently from
their human counterparts during training. To circumvent this, instead of exact episode matching,
we propose matching brain embeddings obtained during exposure to an input X to the artificial
embeddings obtained during exposure to the same input X , as long as X is an approximation of the
examples contained in the artificial train set (Fig. 3b).

Concretely, given a sensory or contextual input X ∈ H, with X ∈ Rd1×d2×...×dn , where H is the
train set presented to humans, we assume brain activity produces an embedding Ybrain via a non-
linear transfer function fbrain, such that Ybrain = fbrain(X), with Ybrain ∈ RE , in which E is the
embedding dimension. Additionally, we assume the artificial model learns from examples X ′ ∈ A,
X ′ ∈ Rd1×d2×...×dn , where A is the train set presented to the artificial model, related but not
necessarily equal to H. Throughout its learning process, the artificial model finds a non-linear transfer
function fmodel which produces its own embedding Y ′

model = fmodel(X
′), with Y ′

model ∈ RE .

Then, we propose to achieve brain-to-model transfer by performing a latent transfer between brain
and model embeddings. Concretely, for an input X ∈ H previously presented to humans, we obtain
its embedding produced by the artificial model Ymodel = fmodel(X) and minimize its mean square
error distance to its known corresponding brain embedding Ybrain = fbrain(X):

Ltransfer =
1

E

E∑
i=1

(Ymodel,i − Ybrain,i)
2 (3)

Memory Task Extended Methods

Invasive neural data was acquired with IRB approval and informed consent, utilizing the Blackrock
system. Standard spike sorting was performed with WaveClus [45]. We applied the following
pre-processing steps to temporally align neural data and RNN activity: (1) we aligned all spikes to
stimulus presentation and created two time periods: pre-stimulus (-1s to 0, resolution: 10ms) and
post-stimulus (0s to reaction time). (2) We normalized post-stimulus spikes by reaction time to always
fit into a 100-element rate vector, and concatenated pre-stimulus and post-stimulus normalized spikes
into a spiking rate vector. (3) We filtered spike rates by convolving the rate vector of each step with a
causal exponential filter (kernel: 20 zeros followed by e−0.5x, x = [0, 0.5, 1, ..., 9.5, 10]).

To learn shared representations across multiple behavioral sessions, we used the Contrastive Em-
bedding by Relative Arrangement (CEBRA) framework [40] (Apache License). CEBRA is a
self-supervised learning algorithm that maps high-dimensional neural activity to a low-dimensional
space by leveraging temporal structure and optional contextual supervision. Below, we describe the
full procedure used to generate multi-session embeddings from neural recordings across 17 behavioral
sessions.

We aggregated neural activity from all neurons in the 17 distinct recording sessions. Each session
contained neural population firing rates stored as 3D arrays with shape (Nsteps, Ntimes, Nneurons),
where Nsteps represents the number of unique stimuli presented to a participant, considering each
stimulus constitutes a step. For each session, data were reshaped into 2D arrays of shape (Nsteps ×
Ntimes, Nneurons) and paired with time labels repeated across trials. These reshaped arrays represent
temporally ordered sequences of neural activity and serve as the input to CEBRA.

We instantiated a CEBRA model configured for multi-session contrastive learning. The following
hyperparameters were used: model architecture: offset10-model, batch size: 512, learning rate:
3 · 10−4, temperature mode: auto with a minimum temperature of 0.1, embedding dimensionality:
7, maximum training iterations: 15,000, distance metric: cosine similarity, supervision: conditional
sampling based on relative time (i.e., time-delta), utilizing time within step as a supervising feature.

Driving Task Extended Methods

Healthy adults (N=11 sessions in 9 participants, with written informed consent, IRB approved)
completed a boundary-avoidance driving task inside a virtual-city environment rendered through an
HTC Vive Pro Eye headset. Seated at a Logitech G920 steering wheel with accelerator and brake
pedals, participants piloted a virtual car while continuous “fog” opacity dynamically modulated visual
uncertainty on a trial-by-trial staircase. Crashes with road boundaries incurred point penalties to
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encourage timely, accurate steering. Scalp EEG was recorded throughout with a 64-channel BioSemi
ActiveTwo system (Ag/AgCl active electrodes, international 10–20 system, impedances < 50kΩ) at
2048Hz; a lossless screen-capture of the VR scene was recorded via the Unity engine; steering-wheel
position, pedal inputs, and headset-embedded eye-tracking data were time-synchronized with the
EEG stream for later source and connectivity analyses.

Additionally, the VAE model utilized in for visual scene reconstruction in this task consists of
an encoder-embedding-decoder architecture (Fig. 2b), that reconstructs input target urban scenes
into matching outputs. These scenes were previously obtained in the CARLA driving simulator
environment [46] and made publicly available [42], with 12000 preset training images and 2000 test
images, which are examples of driving scenes. We changed the embedding dimensionality from the
original VAE to 64 dimensions, to directly match the 64 channels recorded in EEG sessions. The
encoder and decoder each contain 5 convolutional/leaky ReLU layers and one fully connected layer
(encoder dimensions: [3, 32, 64, 128, 256], decoder dimensions: [256, 128, 64, 32, 3], fully connected
dimensions: 1024.). We also adapted the original model to include dropouts (p = 0.1) in each
convolutional and fully connected layer. The last convolutional encoder layer also contains a batch
normalization step. Training visual scenes to be reconstructed were presented in batches (batch size:
32) of 160× 80 pixel images.

Limitations

The observed improvements in learning performance could still be partially attributable to a regular-
ization effect introduced by structured noise in the neural data, rather than reflecting brain information
transfer alone. Future work should explore more refined controlled ablation studies (e.g., using
permuted or synthetic neural data with matched noise statistics to disentangle representational transfer
from implicit regularization effects).

In a small subset of training runs, Brain Latent Transfer produced instability, occasionally resulting in
catastrophic model divergence. This could potentially arise when the neural training data and model
training data differ substantially in input distribution, potentially exposing the model to conflicting
or out-of-distribution (OOD) latent signals. Addressing this challenge may require more robust
alignment techniques, such as OOD detection or reweighting schemes to reconcile mismatched
training domains. Additionally, systematic benchmarking across architectures and input domains will
be essential for assessing B2M’s scalability.

Furthermore, the benefits of B2M were tested on RNNs and VAEs. It remains unclear whether
these findings extend to other architectures, such as reinforcement learning agents, or task modalities
beyond vision and memory-based decision making. Further work must be done to establish extended
generalization. Systematic benchmarking across architectures and input domains will be essential for
assessing B2M’s scalability.

Finally, while B2M improves testing performance, it is not yet determined what portions of informa-
tion are being transferred and whether the brain-derived embeddings encode high-level abstractions,
low-level features, or task-specific biases. Developing tools to interpret and visualize the aligned
latent spaces will be useful for understanding the semantic content of the transfer signal.

Ethical Considerations

Despite its promise, this line of work introduces important ethical considerations. Critically, the
use of human brain data for training artificial models raises issues of privacy, consent, and data
stewardship. All neural data used in this study were anonymized and collected under IRB approval
with informed consent, and care must be taken that these standards are upheld even if the economic
viability of B2M in large-scale projects is demonstrated.

Additionally, techniques that align AI systems with neural representations could, in theory, be
misused in contexts such as surveillance or cognitive-behavioral manipulation. Although we do
not release pretrained models, any future release will include usage terms to prevent misuse in the
context of human participants protection. We encourage the community to proactively discuss ethical
governance frameworks and emphasize full transparency, human participants protection, consent, and
user autonomy in downstream applications. Additionally, care must be taken that human participants
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are compensated fairly for the data they provide for building better models, which could ultimately
provide significant economic potential at scale.

Computer Resources

All experiments were performed on a Lambda Labs server, with the following characteristics: 192
CPUs, AMD Ryzen Threadripper PRO 7995WX 96-Cores, 5390MHz (maximum), graphics card:
NVIDIA Corporation AD102GL [RTX 6000 Ada Generation], 512GB RAM, 18 TB HD storage.

On this machine, the 220 memory task runs (RNN: B2M and noise) took 14.16h in total, whereas the
220 driving task runs (VAE: B2M and noise) took 113.59h in total.

Human Participants

For the memory-based decision-making task, we collected intracranial data from 6 human epilepsy
patients, undergoing seizure monitoring prior to surgery. Patients read the following text on the
screen, substituting target-stim1 and target-stim2 for each episode with the actual target stimuli for
that episode:

A scientist is studying different patterns. Your job is to help him. Objects will appear one after
another, and he wants you to take a picture when you spot a particular pattern in their sequence. (For
example, a Vase followed by a Flower.) We’ll always tell you what pattern to look for. Every few
objects, there will be a new pattern to watch for. When you spot the pattern, press your photograph
button to take a picture. Otherwise, press the appropriate button to skip that object. We’ll tell you
which button is which on each trial. The objects can appear in any order, including several of the
same type in a row. A new object will appear every two seconds or so. Press ’LEFT’ to take a picture,
and press ’RIGHT’ to skip this object. Wait for the first [target-stim1], then take a picture of it. Then
wait for the first [target-stim2], and take a picture of it. Alternate taking pictures of one [target-stim1]
and one [target-stim2].

For the VR driving task, we collected EEG data from 9 healthy human participants. They had prior
driving experience, normal or corrected-to-normal vision, and reported they were not prone to motion
sickness. Participants were verbally instructed to drive a car along a road in VR for a fixed amount
of time, avoiding collisions. They were told that collisions would deduct an amount of money from
their total reward bonus, which was displayed on the car’s dashboard. They could accelerate, brake,
and steer with realistic input controls. Participants were compensated at a rate of 20 USD/h for 3
hours. EEG contact positioning was the same for all participants, as displayed in Fig. 4
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Figure 4: EEG standard contact map. All participants in the VR driving task underwent EEG
recording, with electrodes positioned along the same standard contact grid. Nz indicates the direction
of the front of the head.
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