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Why foundation models for M/EEG

How they are built

Does it work?

Our experiment
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Data: BCI IV 2a 01_data

Classical baselines 02_classical

Frozen REVE 03_fm_frozen

Fine-tuning REVE 04_fm_finetune

Who won? 05_compare

Optional: sleep staging on Sleep-EDF
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Running 00_setup

Colab

1 Open the repo (QR code on slide 2)
github.com/BabaSanfour/meeg-fm-workshop

2 Click Open in Colab next to 00_setup

3 Runtime › Run all

Local

1 git clone the repo, then cd
github.com/BabaSanfour/meeg-fm-workshop

2 pip install -e ".[jupyter]"   or uv

3 jupyter lab, then Run › Run All Cells
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Open EEG and MEG data are fragmented

5 · Aristimunha et al., 2026, arXiv (EEG-Dash, Fig. 8); MEG: github.com/thecocolab/meg-fm-resources (Thölke et al., 2026)
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Open EEG and MEG data are fragmented

Open EEG: 659 datasets, 83,000 h

Tens of participants

Different participants, caps, amplifiers

MEG: 25 datasets, ~3,200 participants
MEG: participants per dataset, 25 datasets usable for foundation 
models

5 · Aristimunha et al., 2026, arXiv (EEG-Dash, Fig. 8); MEG: github.com/thecocolab/meg-fm-resources (Thölke et al., 2026)



Most EEG data is not open

Open EEG: mostly healthy participants

Open EEG datasets by population type

6 · Aristimunha et al., 2026, arXiv (EEG-Dash, Fig. 7); Obeid & Picone, 2016, Front. Neurosci.; Sun et al., 2025, Epilepsia; Kuruppu et al., 2025, arXiv
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Most EEG data is not open

Open EEG: mostly healthy participants

Hospitals record hundreds of thousands of 
EEGs a year, rarely shared

Rare conditions: few cases per hospital, 
spread across sites

Lab data: small studies, often never shared

Sharing is limited by patient privacy and 
consent

Open EEG datasets by population type

6 · Aristimunha et al., 2026, arXiv (EEG-Dash, Fig. 7); Obeid & Picone, 2016, Front. Neurosci.; Sun et al., 2025, Epilepsia; Kuruppu et al., 2025, arXiv
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EEG data is noisy and heterogeneous

Low signal-to-noise: skull and scalp weaken and blur the signal

Artifacts: eye blinks, muscle, heart, movement, power-line noise

Variability: across people, sessions, age, medication and sleep state

Recording setups: hardware, montage, reference, sampling rate, protocol

Labels: expert annotation is expensive, subjective and error-prone

Formats: one in three OpenNeuro EEG datasets passes BIDS validation

7 · Kuruppu et al., 2025, arXiv; Lai et al., 2025, arXiv; Aristimunha et al., 2026, arXiv (EEG-Dash)



How can we learn meaningful representations from 
EEG data?
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What is a (neural) foundation model?
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What is a (neural) foundation model?

Standard approach: one model per task

Each model is trained from scratch

Foundation model: pretrained once on large 
brain datasets

Pretraining uses no labels

Then fine-tuned for each new task
Example: EEG

9 · Thölke et al., 2026, arXiv; pictures: Liu et al., 2026, NSR (EEG-FM-Compass)



Ingredients of a foundation model

Data: the recordings used for pretraining

Tokens: how the signal is split into units

Positions: where and when each token was recorded

Backbone: the network architecture

Self-supervised learning: training without labels

10 · Thölke et al., 2026, arXiv



Ingredient 1: data

EEG: scalp electrodes measure the brain’s 
electrical activity

11 · Photo: Chris Hope, CC BY 2.0; EEG: PhysioNet EEGMMI (Schalk et al., 2004); pictures: Liu et al., 2026, NSR
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Ingredient 1: data

EEG: scalp electrodes measure the brain’s 
electrical activity

Each electrode records one channel

Sampling rate: 128 to 1000 Hz

19 to 256 electrodes per system

Pretraining data: thousands of hours, many 
datasets, unlabelled

11 · Photo: Chris Hope, CC BY 2.0; EEG: PhysioNet EEGMMI (Schalk et al., 2004); pictures: Liu et al., 2026, NSR



Ingredient 2: tokens
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Ingredient 2: tokens

Text: a sentence is split into units called 
tokens

The model processes the token sequence

EEG: each channel is split into short time 
windows

Each window (about 1 s) is one token

12 · Thölke et al., 2026, arXiv; El Ouahidi et al., 2025, arXiv (REVE)



Ingredient 3: positions

Text: word order changes the meaning
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Ingredient 3: positions

Text: word order changes the meaning

Each token is given its position in the 
sequence

EEG: each token is given its time and 
electrode location

Electrode locations let one model handle 
different caps

13 · Thölke et al., 2026, arXiv; El Ouahidi et al., 2025, arXiv (REVE); electrode layouts: MNE-Python



Ingredient 4: backbone

Standard architecture: the transformer

14 · Vaswani et al., 2017, NeurIPS; Thölke et al., 2026, arXiv
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Ingredient 4: backbone

Standard architecture: the transformer

Attention: each token is updated with a 
weighted sum of all tokens

EEG: attention across channels and across 
time

14 · Vaswani et al., 2017, NeurIPS; Thölke et al., 2026, arXiv



Ingredient 5: self-supervised learning

The training target comes from the input 
itself, not from labels

15 · Thölke et al., 2026, arXiv; El Ouahidi et al., 2025, arXiv (REVE)
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Ingredient 5: self-supervised learning

The training target comes from the input 
itself, not from labels

Text: predict a masked word or the next 
word

EEG: mask some windows

and reconstruct them from the visible ones

15 · Thölke et al., 2026, arXiv; El Ouahidi et al., 2025, arXiv (REVE)



Four self-supervised objectives

Masked reconstruction: reconstruct 
hidden windows (REVE)
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Four self-supervised objectives

Masked reconstruction: reconstruct 
hidden windows (REVE)

Next-window prediction: predict the next 
window (MEG-GPT)

Contrastive: two views of one recording get 
close representations (BIOT)

Cross-modal alignment: match EEG to a 
signal recorded at the same time (SleepFM)

16 · Thölke et al., 2026, arXiv; El Ouahidi et al., 2025 (REVE); Huang et al., 2025 (MEG-GPT); Yang et al., 2023 (BIOT); Thapa et al., 2026 (SleepFM)



Example: REVE

REVE: pretrained on 60,000 hours of EEG from 92 datasets

17 · El Ouahidi et al., 2025, arXiv (REVE, Fig. 1)
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Example: BrainOmni

One model for EEG and MEG

Each sensor is described by its position, orientation 
and type

Pretrained on about 2,000 h of EEG and 650 h of MEG

Objective: mask tokens and predict them

18 · Xiao et al., 2025, NeurIPS (BrainOmni, Fig. 1, left)



EEG and MEG foundation models since 2021

2021 · BENDR: contrastive pretraining on one clinical EEG corpus

19 · Kostas et al., 2021; Yang et al., 2023; Jiang et al., 2024; Wang et al., 2024, 2025; El Ouahidi et al., 2025; Xiao et al., 2025; Huang et al., 2025; Liu et al., 2026
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EEG and MEG foundation models since 2021

2021 · BENDR: contrastive pretraining on one clinical EEG corpus

2023 · BIOT: contrastive, inputs with any number of channels

2024 · LaBraM, EEGPT: masked reconstruction across many datasets

2025 · CBraMod, REVE: masked reconstruction; REVE adds 3D electrode positions

2025 · BrainOmni: one model for EEG and MEG

2025 · MEG-GPT: next-window prediction on MEG

EEG foundation models: about 10 in 2024, 55 in 2026

19 · Kostas et al., 2021; Yang et al., 2023; Jiang et al., 2024; Wang et al., 2024, 2025; El Ouahidi et al., 2025; Xiao et al., 2025; Huang et al., 2025; Liu et al., 2026



Using a pretrained model

Frozen: the model is not changed; it turns 
each trial into features

20 · Thölke et al., 2026, arXiv; Liu et al., 2026, NSR (EEG-FM-Compass); Hu et al., 2022, ICLR (LoRA)
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Using a pretrained model

Frozen: the model is not changed; it turns 
each trial into features

Linear probe: train only a linear classifier 
on the frozen features

Adapters: train small modules added inside 
the frozen model

Fine-tuning: update all the weights of the 
model on the new task

20 · Thölke et al., 2026, arXiv; Liu et al., 2026, NSR (EEG-FM-Compass); Hu et al., 2022, ICLR (LoRA)



What can a pretrained model do that a task-specific 
model cannot?

21



Where foundation models could make a difference

Rare conditions: a few labelled cases per hospital

22 · Kuruppu et al., 2025, arXiv; Thapa et al., 2026, Nat. Med. (SleepFM, Fig. 1d); El Ouahidi et al., 2025; d'Ascoli et al., 2026, arXiv (TRIBE v2, Figs 4, 6); Thölke et al., 2026
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Where foundation models could make a difference

Rare conditions: a few labelled cases per hospital

Routine recordings: sleep data predicts disease

Any device: one model for 4 to 64 electrodes

Long recordings: flag the segments to review

In silico: test a hypothesis before a study

Discovery: components match brain networks

Most results are retrospective

22 · Kuruppu et al., 2025, arXiv; Thapa et al., 2026, Nat. Med. (SleepFM, Fig. 1d); El Ouahidi et al., 2025; d'Ascoli et al., 2026, arXiv (TRIBE v2, Figs 4, 6); Thölke et al., 2026



How do we test whether foundation models work?
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Twelve EEG benchmarks since July 2025

24 · arXiv pages, 2 October 2026; Yang et al., 2026, ICLR (poster page)



Meta's open tools for brain data

NeuralFetch: 130+ public datasets (EEG, MEG, fMRI) with downloaders

25 · Banville et al., 2026, arXiv (NeuralBench, Fig. 1); github.com/facebookresearch/neuroai
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Meta's open tools for brain data

NeuralFetch: 130+ public datasets (EEG, MEG, fMRI) with downloaders

NeuralSet: turns recordings and events into model-ready segments

NeuralTrain: model zoo, losses and metrics

NeuralBench: runs every model on every task with one command

25 · Banville et al., 2026, arXiv (NeuralBench, Fig. 1); github.com/facebookresearch/neuroai



NeuralBench-EEG: 36 tasks, one recipe

8 categories: cognitive, BCI, evoked 
responses, clinical, sleep, ...

26 · Banville et al., 2026, arXiv (NeuralBench, Fig. 2A); Banville, SIMEXP talk, August 2026
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8 categories: cognitive, BCI, evoked 
responses, clinical, sleep, ...

Same recipe for every model: fixed 
training settings, linear head

Also MEG and fMRI tasks in the same 
framework

26 · Banville et al., 2026, arXiv (NeuralBench, Fig. 2A); Banville, SIMEXP talk, August 2026
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Does it work?

Foundation models rank first: REVE, 
LaBraM, LUNA

A task-specific network, CTNet, is fourth 
with 0.2% of REVE's parameters

Mixed on evoked-response and clinical 
tasks; cognitive decoding is hard for all 
models

27 · Banville et al., 2026, arXiv (NeuralBench, Fig. 3)
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The adaptation mode changes the result

Same models, same dataset: BCI IV 2a, four 
classes

A linear probe can make a model look much 
weaker

Averaging over channels before the probe: 
REVE 52% to 43%

We run both: probe in 03, fine-tuning in 04

28 · El Ouahidi et al., 2025, arXiv (REVE, Tables 2, 4 and 22)
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Data diversity matters more than model size

Transfer improves with more 
participants, tasks and devices

Larger EEG models have not consistently 
performed better

In MEG, dataset selection outperformed 
pooling all available data

Higher = better average rank. Bubble size = parameters.

29 · Liu et al., 2026, NSR (EEG-FM-Compass); Thölke et al., 2026, arXiv



Current scene: large brain-data projects

Meta, Brain & AI: TRIBE v2 predicts fMRI 
responses to video, sound and text
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Current scene: large brain-data projects

Meta, Brain & AI: TRIBE v2 predicts fMRI 
responses to video, sound and text

Digital Brain Project: $15M to record and 
share brain activity during games

30 · d'Ascoli et al., 2026, arXiv (TRIBE v2, Fig. 1); digitalbrainproject.org (screenshots, 2 October 2026)
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Pitfall: learning who, not what

Each person's EEG has an individual 
signature

A model can score well by recognizing the 
person or the site

Same people in training and test: inflated 
scores

Test on new people or new sessions; we 
test on a new session

31 · Yang et al., 2025, arXiv (large-scale AI for neuroscience review); Aristimunha et al., 2026, arXiv (EEG-Dash)
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More ways results get inflated

A weak baseline makes any model look 
strong

One model tuned carefully, the other left 
at its defaults

Few or nearly solved test tasks

An average gain can hide losses for some 
people

32 · Banville et al., 2026, arXiv (NeuralBench); Kuruppu et al., 2025, arXiv; per-person plot: simulated data
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Classical pipelines and REVE on BCI IV 2a

9 people imagine moving the left or right 
hand

Training on day 1, testing on day 2

Two classical pipelines: CSP + LDA, tangent 
space + logistic regression

REVE frozen with a linear classifier, and 
REVE fine-tuned

All four use the same labelled trials

33 · Tangermann et al., 2012, Front. Neurosci. (BCI Competition IV); El Ouahidi et al., 2025, arXiv (REVE)



Which pipeline will score best on BCI IV 2a?

A   CSP + LDA

B   Riemannian tangent space + logistic regression

C   REVE, frozen, with a linear classifier

D   REVE, fine-tuned

34
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LibriBrain: 50+ h of MEG from one person 
listening to audiobooks
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Get involved: MEG

LibriBrain: 50+ h of MEG from one person 
listening to audiobooks

PNPL Competition 2026: submissions until 
15 October

Task: which of 50 words a person is hearing

LibriBrain100: 100+ h; one person or 32 
people

35 · Özdogan et al., 2025, arXiv (LibriBrain); Landau et al., 2025; libribrain.com (screenshot, 2 October 2026)
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Get involved: EEG

EEG/EMG Foundation Challenge 2026: 
registration until 24 October

Tracks: EEG to image, BCI across sessions, 
sleep onset, EMG to hand pose

Starter kits: NeuralBench, Braindecode, 
MOABB, EEGDash

NeurIPS 2026 Brain & Body workshop: 
Sydney, 11–12 December

36 · Mantegna et al., 2026, arXiv (EEG/EMG Foundation Challenge 2026); screenshot, 2 October 2026
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Takeaways

Foundation models are pretrained once on broad unlabelled data, then adapted

On benchmarks they have a slight edge; strong classical pipelines stay close

The result depends on the dataset, the adaptation mode and the evaluation

Check the split and the baselines

On BCI IV 2a today: [result from 05_compare]37



Going further

Optional notebook: sleep staging on Sleep-EDF, band power vs REVE vs SleepFM
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Going further

Optional notebook: sleep staging on Sleep-EDF, band power vs REVE vs SleepFM

Reviews: MEG roadmap (Thölke et al., 2026); critical EEG-FM review (Kuruppu et al., 2025)

Benchmarks: NeuralBench, EEG-FM-Compass, NeuroAtlas

Data: EEGDash, OpenNeuro, NEMAR

Code: Braindecode loads 10+ EEG foundation models

38 · Thölke et al., 2026, arXiv; Kuruppu et al., 2025, arXiv; braindecode.org



Thank you
Questions?

hamza.abdelhedi@umontreal.ca

hamzaabdelhedi.com

github.com/BabaSanfour

linkedin.com/in/hamza-abdelhedi
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