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Abstract

Electroencephalography (EEG) signals offer immense value in scientific and clini-
cal investigations. In recent years, self-supervised EEG foundation models (EEG-
FMs) have presented a viable path towards the robust and scalable extraction of
EEG features. However, the real-world readiness of early EEG-FMs and the rubrics
for long-term research progress remain unclear. This study conducts a critical
review of ten early, first-generation EEG-FMs based on a) the representation of
raw input data, b) self-supervised representation learning, and c¢) evaluation strat-
egy. We synthesize key EEG-FM methodological trends, empirical findings, and
remaining gaps. We find that EEG-FMs draw heavily from their counterparts in
the language and vision domains for their model architecture and self-supervision.
However, EEG-FM evaluations remain heterogeneous and largely limited, making
it challenging to assess their practical off-the-shelf utility. In addition to adopting
standardized and realistic evaluations, future efforts should demonstrate substan-
tial scaling effects and make principled and trustworthy choices throughout the
EEG-FM pipeline. We believe that the development of benchmarks, software tools,
technical methodologies, and clinical/scientific applications in collaboration with
domain experts may advance real-world adoption of EEG-FMs.

1 Introduction

Patterns of brain physiology embedded within electroencephalography (EEG) signals offer immense
value to neuroscientists, biomedical engineers, and clinicians [1]]. Despite decades of research into
quantitative EEG features derived based on domain expertise, expert visual interpretation remains the
gold standard for clinical EEG evaluation even to this day [2]. Nonetheless, the past decade has seen
significant advances in deep learning-based approaches for extracting application-specific features
from raw EEG data (EEG-DL) [3} 4]]. However, EEG-DL models based on supervised learning met
with limited success due to their reliance on costly annotations [5]], which made them unscalable
and prone to overfitting. This lack of robustness was further exacerbated by the variability of EEGs
across sites, systems, subjects, and sessions, leading to an overall lack of trust in supervised EEG
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encoders [6l [7]. These limitations emphasized a need for EEG-DL models that rely less on expert
EEG labels and yield robust and trustworthy EEG features with high translational value.

The emerging paradigm of foundation models (FMs) [8]], based on label-free self-supervised learning
(SSL) and efficient transfer learning, is a promising solution for these data-related challenges. Similar
to the mainstream vision [9-H11]] and language [12H14] FMs, EEG foundation models (EEG-FMs) are
trained to identify salient EEG features from raw unlabeled EEG recordings by using various SSL
pretext tasks. EEG-FMs learn to represent EEG data as compressed embeddings in a latent space by
leveraging the intrinsic properties found in the raw data. Pretrained EEG-FMs can then be adapted for
various downstream applications using only very small amounts of labeled data, thereby alleviating
the burden of expert EEG annotations. As such, EEG-FMs hold promise as powerful, off-the-shelf
feature extractors (or encoders) that can support scientific research, next-generation brain-computer
interfaces, and augmented neurological decision support. Several first-generation EEG-FMs have
been proposed over the last few years [15H24]], whose cumulative count is shown in Figure[I]

Despite the growing interest, many questions re-
main unanswered regarding the design choices
within EEG-FMs, the learned representations,
the performance on various real-world applica-
tions, and the overall guarantees on robustness
and trustworthiness. For example, the choice
of EEG input representations, the architectural
components, and the SSL pretext tasks can vary
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significantly between models, and the effects of
those choices on the learned features are unclear.
The complexity, quality, and flexibility of the
representations learned by EEG-FMs and their
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relation to brain physiology have not been suf-
ficiently studied. Furthermore, the performance . . .
and generalizability of these EEG-FMs beyond Figure 1: Cumulative EEG-FM search results from
the common public datasets have not been ade- 2021 to September 30th, 2024.

quately evaluated. These concerns call for a comprehensive review of the first-generation EEG-FMs
focusing on the various architectural choices, pretraining approaches, evaluations, and trustworthiness
aspects, to identify the rubrics for meaningful long-term progress in EEG-FM research and advance
their translational value. The specific contributions of this review are as follows:

1. We highlight key methodological trends and present empirical insights emerging from a
systematic and comprehensive review of ten early, first-generation EEG-FMs.

2. We provide a data domain-centric critical analysis to identify outstanding research gaps that,
if addressed, could increase the translational value and real-world impact of EEG-FMs.

2 Methods

We conducted a comprehensive search across various web platforms, including Google Scholar, arXiv,
DBLP, IEEE Xplore, bioRxiv, and medRxiv, to identify relevant research in journals, conferences,
workshops, and preprints. We limited our search query to EEG "Foundation Model''. We then
removed duplicate instances and manually reviewed the title, abstract, and introduction sections to
confirm relevant EEG-FMs by identifying phrases similar to "We developed an EEG foundation
model. .. " and "The proposed approach forms the basis for an EEG foundation model. .. ". We note
that our search starts from the year 2021 — the year the term Foundation Model was introduced [8]]
— and includes studies that were published or archived on or before September 30th, 2024. We
identified nine EEG-FMs following this strategy, namely Neuro-GPT [16], Brant [[17], BIOT [18]],
EEGFormer [19], LaBraM [20], Mentality [21], NeuroLM [22], FOME [23]], and BrainWave [24].
We additionally included BrainBERT [[15] in this set because of its common utilization as a baseline
model in other EEG-FM evaluations [17, 19,23} 124]]. A detailed summary of these ten EEG-FMs
is provided in the appendix (Table[I)). We note that our review does not include FMs developed for
polysomnography (PSG) data [25] 26]], which are designed specifically for sleep analysis.

We compared the design and construction of EEG-FMs along three major axes: a) preparation and
representation of input data, b) model architecture and self-supervised pretraining, and ¢) model
evaluations. These considerations are illustrated in Figure
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Figure 2: Comparative EEG-FM analysis along three major axes; input data, modeling, and evaluation.

3 Key Findings & Insights

General trends: EEG data were represented in one of three forms: raw time series, the magnitude
power spectrum, and time-frequency representation. The FM architecture included convolutional
blocks to learn low-level patterns and/or transformer blocks to learn higher-level relationships. The
common SSL approaches to pretrain the FMs were either masked-reconstruction, auto-regressive
modeling, or contrastive learning. The pretrained models were then adapted using expert labels and
evaluated on various downstream tasks, including clinical (e.g., TUAB, TUEV [5])) and non-clinical
tasks. Below we highlight the key insights gleaned from this review.

Diversity of pretraining data: Several EEG-FMs (LaBraM, NeuroLM, FoME, and BrainWave)
leveraged a diverse set of EEG domains spanning clinical, sleep, and task-based BCI. LaBraM’s lead
in the TUAB and TUEV evaluations (Figure[3) may have emerged from higher diversity in pretraining
data compared to EEGFormer and BIOT. The mixed use of scalp and intracranial EEG (iEEG), as
done in FOME and BrainWave, can be considered another form of data diversity. Data ablations
(scalp vs. iIEEG) in BrainWave showed that joint pretraining (scalp + iEEG) boosted downstream task
performance and transfer performance to unseen data types (electrocardiograms). Overall, the notion
of data diversity may influence the performance, generalizability, and transferability of EEG-FMs.

Multivariate time series EEG representation: All but four EEG-FMs (BrainBERT, BIOT, EEG-
Former, and BrainWave) utilized the native multivariate time series representation of EEG, while two
models (BrainBERT, BrainWave) utilized spectral representations. Two other models (Brant, FOME)
combined time-series and spectral representations as input, while the remaining two models (BIOT,
EEGFormer) exclusively adopted time-frequency representations. Subsequently, the respective EEG
inputs were positionally encoded with their spatial and temporal order.

Temporal sequence modeling: Sequence-based transformer blocks were the primary workhorse of
representation learning in most EEG-FMs, except Mentality, which was based on a Mamba-based
architecture. A few models (NeuroLM, Neuro-GPT) utilized convolutions to capture low-level
morphological features of time-domain EEG. However, the modeling of spatial EEG relationships
was either ignored or limited to the positional encoding step. BrainWave, a notable exception in this
trend, integrated a spatial attention mechanism. Supporting such emphasis on temporal modeling, the
ablation experiments in Brant showed that their temporal encoder provided the largest contribution to
downstream task performance, compared to the spatial encoder and frequency encoding. However,
the temporal context length of EEG-FMs did not exceed 90 seconds (FOME), and as such, they may
struggle to capture long-range EEG patterns, relationships, or dependencies.

Pretraining using masked reconstruction: Reconstruction of masked temporal EEG sequences
was the predominant EEG-FM pretraining paradigm, albeit with varying strategies for masking the
sequences of tokens/patches. Despite its origins in vision and language domains, this SSL paradigm
seemingly holds merit in the EEG domain. Several studies (LaBraM, NeuroLM, EEGFormer)
employed a learned discrete neural codebook to facilitate the pretraining process.

Limited and incomparable evaluations: Task performance after fine-tuning was the primary
paradigm of EEG-FM evaluation. However, in half the reviewed studies (BrainBERT, Brant, Mentality,
NeuroLM, and FoME), the downstream evaluation datasets were already utilized for FM pretraining,
i.e., the evaluations were in-sample. Although several studies conducted external evaluations on
unseen datasets, BrainWave is the only study that performed truly out-of-distribution (OOD) task



evaluations, i.e., without fine-tuning the model on the evaluation set. Direct model rankings beyond
the TUAB and TUEV tasks (Figure [3) are difficult to determine due to heterogeneous selections of
downstream tasks across most EEG-FMs. Overall, the universality and robustness of EEG-FMs have
not been convincingly demonstrated in most studies, with BrainWave being a notable exception.
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Figure 3: EEG-FM performances on TUAB and TUEV classifications. The performance of FOME in
@is shown using a line since the pretraining data size was not available.

Scaling and task performance: The trends in Figures 32 and [3b] suggest that scaling up pretraining
data may not necessarily improve downstream task performance, even with significant model scaling
(e.g., LaBraM vs. EEGFormer/NeuroLM). Notably, LaBraM demonstrated that effects of pretraining
data scaling on TUAB and TUEV classifications are sharpest under ~1000 hours of data and begin to
plateau thereafter. Overall, the evidence for data scaling is weak, if any, based on the limited shared
tasks and models evaluated thus far. Effects of model scaling are reported in the appendix (Figure [3).
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Advance over other feature paradigms: In Figure[d] we compare progressive feature extraction
paradigms (expert features with classical ML, data-driven supervised DL features, self-supervised
DL features, and proposed EEG-FMs) on various tasks. In a majority of tasks, fine-tuned EEG-FMs
(‘D’) provided at least some improvement, if not drastic, over previous DL baselines and FMs (‘B’
and ‘C’, respectively). Linear probing results reported in EEG-FMs, however, were relatively worse
in comparison. Fine-tuned EEG-FMs showed substantial improvements over classical ML models
with expert features (‘A’), although such assessments were presented only in four studies.

Performance of general-purpose time series models: Interestingly, we observed that general
time series foundation models, such as TimesNet [27], performed reasonably well on several EEG
tasks post-fine-tuning, and sometimes outperformed EEG-FMs (e.g., sleep-stage classification in
FoME). Additionally, experiments in BrainWave show that, a time series FM — MOMENT [28]] —
outperformed EEG-FMs in specific tasks, such as seizure detection. Experiments in Brant show that
general time series architectures, such as PatchTST [29] and CoST [30], perform relatively better



in some tasks, such as short/long term signal forecasting and imputation, respectively, than some
EEG-specific architectures. These findings highlight that certain EEG tasks could be tackled using
general time series architectures or FMs without any EEG-specific inductive biases.

4 Research Gaps

Our review revealed several gaps in the existing literature that, if addressed, could significantly
increase the real-world value of EEG-FMs. We summarize those gaps below.

Long temporal context and spatial modeling: Slow variations can exist in multi-day intracranial
EEGs or multi-hour sleep-related EEG recordings [31]. However, current EEG-FMs can only process
patterns within sequences of 90 seconds or less. There is a need for solutions that expand the effective
context length of EEG-FMs. Moreover, the explicit modeling of spatial or inter-channel relationships
and their contributions relative to temporal modeling requires further investigation.

Quality of pretraining strategy: EEG-FM linear probing evaluations reported by some studies have
performed significantly worse than fine-tuned versions and other baselines in several instances (see
Figure ). However, some gains can be seen when FMs are fine-tuned on task data compared to
fully-supervised training on the same data. This contrasting observation casts doubt on the inherent
quality of the representations learned via self-supervision in EEG-FMs. Further investigations into
the effects of SSL pretraining on downstream evaluations are needed to fully understand the extent of
transferability achieved through SSL. Beyond the SSL strategy itself, the effects of data diversity,
data volume, and model scale on the quality of EEG-FM pretraining remain unknown.

Data and model scaling: The scaling up of data and models is a defining principle of foundation
modeling. However, empirical performance benefits of scaling in EEG-FMs have been either weak,
limited, or inconclusive. Investigations that scale up data diversity, data volume (channel-hours),
model size (trainable parameters), and evaluate on an expansive set of downstream tasks are lacking
in current EEG-FMs, particularly at sufficiently large scales where effects are clear and discernible.

Practically relevant evaluations and metrics: Current fine-tuning evaluations are limited in their
capacity to assess the real-world practical utility of EEG-FMs. There is a need for evaluation schemes
and task metrics that capture the reality of EEG research and clinical use. Zero-shot evaluations are
required for off-the-shelf EEG-FM usage for novel, unseen tasks. Few-shot or low-label performance
can assess how efficiently EEG-FMs can leverage EEG labels that are typically expensive and
laborious to collect. Out-of-distribution performance, especially without fine-tuning, on a known task
can help understand EEG-FM robustness to the idiosyncratic cross-subject and cross-site variability of
EEG. Finally, application-specific metrics, such as false positives per hour for seizure detection, and
comparisons with expert EEG feature baselines can further clarify the real-world utility of EEG-FMs.

Standardized and challenging benchmarks: The tasks utilized by the EEG-FMs for evaluation were
heterogeneous. The lack of shared evaluation tasks across multiple EEG-FMs makes it challenging to
understand the state-of-the-art, and highlights a need to identify a common core set of evaluations for
future EEG-FM evaluations. This set must cover multiple task types and include both classifications
and regressions, with sparse (one label for the entire EEG recording) and dense (one label for each
EEG segment) labels. Finally, the tasks must be challenging for previous generations of EEG-DL
models with ample room for improvement, unlike TUAB, where performance may have already
saturated (85-87% accuracy) with traditional approaches [32].

Trustworthy modeling: None of the reviewed EEG-FMs focused on model explainability or
interpretability, which remain key requirements in scientific pursuits and for data-driven modeling in
high-risk and expert-centric domains such as medicine. Studies that demystify the EEG-FM black
box are needed to gain insight into the knowledge learned by EEG-FMs (EEG patterns, dependencies,
relationships) through pretraining and the practical robustness of their decision-making process for
downstream applications. Connections to known patterns of brain physiology or pathology may be
necessary to make EEG-FMs trustworthy in the eyes of expert users.

5 Conclusion & Future Directions

The promise of foundation models lies in effective and robust feature learning, feature re-usability,
and label efficiency. The first-generation EEG-FMs and those released more recently continue to



make moderate strides in realizing this promise for the EEG domain. However, future EEG-FMs
must prioritize substantial scaling efforts, principled and trustworthy self-supervised representation
learning, and practically relevant evaluations. In addition to technical modeling, future research
should also pursue the collaborative development of meaningful EEG benchmarks, novel clinical/non-
clinical applications, and evaluation schemes that can measurably track the real-world readiness
and impact of EEG-FMs. Encouragingly, recent EEG-FM efforts have emphasized data curation
and preprocessing strategies [33]], integration of disease- or task-specific constraints [33}[34]], inter-
pretability of learned EEG-FM latent codes [35], and the development of standardized, reproducible,
and realistic benchmarks [36} 37]]. The practical value of these efforts can be further enhanced by
introducing model cards [38]] that inform users of the functional design, strengths, and weaknesses of
each EEG-FM. With sustained efforts in these directions, EEG-FMs are poised to advance scientific
research, brain-computer interfaces, and clinical decision support systems.
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A Technical Appendices and Supplementary Material

A.1 EEG-FM Summaries

Table[T| summarizes all ten EEG-FMs identified in our search. Although all the EEG-FMs share many
commonalities, each FM is unique in its own right. In order to highlight the building blocks of each
FM and their unique strengths, below we summarize each FM considering several factors, such as
the amount of training data (in channel-hours, calculated as the total recording duration multiplied
by the number of EEG channels), model size (in terms of the number of trainable parameters),
the types of EEG data (scalp EEG and/or iEEG), the way inputs are configured (raw time series,
power spectra, or time-frequency representation), architectural components (convolutional and/or
transformer blocks), the SSL tasks used for pretraining (masked reconstruction, auto-regressive
modeling, and/or contrastive learning), and the evaluations performed.

Table 1: Brief model summaries, including training data size, input configurations, data types,
architectural components, and SSL tasks. Hyperlinks point to code and model weights, if available.

Training

Number .
Data Input Architectural
Model (channel- (e)f ;eram- Configuration Data Type Components SSL Tasks
hours)
. Single-channel . . Transformer encoder and
BrainBERT 4.5k 4318M | spectrogram intracranial shallow decoder with two | Masked
P et
[link EEG f reconstruction
data linear layers
Fixed Encoder with both Masked
Neuro-GPT : convolution and reconstruction
|link | 541k 79.53M I?;let::ggggilm Scalp EEG transformer layers and (causally masked
GPT-2 as the decoder latent embeddings)
68M, Variable Two transformer
— 104M, . intracranial encoders for time and Masked
Brant [link’ 281k multi-channel . .
249M and time series data EEG space and a linear reconstruction
506M 1me series decoder
: Variglble Linear transformer, . .
BIOT |[link] 312k 3.3M multi-channel Scalp EEG d 1 archit Contrastive learning
spectral data encoder-only architecture
. A transformer encoder
EEGFormer 541k N/A Multi-channel Scalp EEG and a shallow transformer | Codebook-based
spectral data decoder reconstruction
Convolutional temporal
s8M, | Fixed ncoder ayersanda | Masked
LaBraM [link] 80k 46M and multi-channel Scalp EEG f 4 reconstruction
369M time series data linear decoder. A (token-level)
separate decoder for
tokenization.
Fixed Convolutional layers and Masked
Mentality N/A N/A multi-channel Scalp EEG Mamba blocks in both reconstruction
time series data encoder and decoder i
Vector quantization for
NeuroLM 250M, Variable tokenization with Autoregressive
[link] 546k 500M and | multi-channel Scalp EEG convolutional temporal reconstruction
1.7B time series data encoder and transformer (token-level)
spatial encoder
Variable Scalp EEG and | Temporal and Spatial .
FoME N/A 47147;21\]\2 and multi-channel intracranial transformer encoder and ?gszﬁ:ﬁr Jé%ll;lll
time series data EEG a linear decoder
Xﬁxrllgilﬁannel Scalp EEG and | Transformer encoder Masked
BrainWave 878k N/A spectrogram intracranial with channel attention reconstruction
Hgta g EEG and a lightweight decoder | (whole spectrogram)

BrainBERT [15]: As the first released EEG-FM, BrainBERT is relatively smaller than others,
with 43.18M parameters and was trained using a modest dataset of 4.5k channel-hours of iEEG
data. The inputs were represented as channel-wise spectrograms and a BERT[39]]-type model was
trained to predict masked patches for different types of spectrograms such as Short-Time Fourier
Transform [40](STFT) and Superlets [41]. The model comprised a transformer encoder with a shallow
decoder with two linear layers. Evaluations showed generalizability to unseen subjects and unseen
electrode locations; however, the test data were from the same distribution as the training data. The
evaluations also showed that performing linear probing on BrainBERT embeddings was as good as
training supervised deep neural networks (DNN) from scratch for most of the evaluation tasks, which
are focused on predicting brain-evoked responses for watching movies. Additionally, their evaluations
showed that fine-tuning BrainBERT embeddings can reach DNN performance from scratch with as
little as 15% of the training data for one of the tasks. A task-agnostic intrinsic dimensionality [42]
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https://github.com/czlwang/BrainBERT
https://github.com/wenhui0206/NeuroGPT
https://huggingface.co/Daoze/Brant/tree/main
https://github.com/ycq091044/BIOT
https://github.com/935963004/LaBraM
https://github.com/935963004/NeuroLM

(ID)-based analysis showed that the BrainBERT embeddings of different brain regions had different
IDs, compared to a relatively constant distribution across electrodes in randomly initialized weights.

Neuro-GPT [16]: This mid-size EEG-FM with 79.53M parameters was trained entirely using scalp
EEG data from the full TUH corpus, including 541k channel-hours of clinical scalp EEG data.
The model takes raw time series of the 22 EEG channels in the standard 10-20 layout as input
and learns EEG representations using a combination of convolution and transformer layers. Those
representations are then used as input to a GPT-2 [43]] decoder which autoregressively predict the
masked latents. It is noteworthy that the decoder has more parameters than the encoder in this setup
compared which is not a common practice in other EEG-FMs. This model was evaluated only on
EEG data from a BCI motor imagery task with four classes with a different channel configuration than
the training data. However, the downstream data were transformed to the original input configuration
using an inverse-forward approach[44]]. The results showed that fine-tuning or linear probing the
pretrained model performed better than models trained from scratch, including some EEG-specific
fully-supervised DL approaches.

Brant [17]: Brant is a relatively larger FM with 500M parameters and was trained using 281k
channel-hours of iEEG data. However, its pretraining data were limited to a single dataset comprising
9 subjects. This model also takes raw EEG time series as input and is able to take inputs with different
channel configurations. The model consisted of a temporal encoder that learns long-term temporal
dependencies, a spatial encoder that learns spatial correlations, and a simple linear decoder. The
spatial encoder used in this model to capture spatial relationships is a novel contribution compared
to previous EEG-FMs. This model also has three scaled-down versions with of 68M, 104M, and
249M parameters, respectively, that are trained on the same data. These models were evaluated on
short/long term signal forecasting, frequency phase forecasting, imputation, and seizure detection
tasks.

BIOT [18]]: This is the smallest of the ten EEG-FMs considered in this review, with only 3.3M
parameters, and was pretrained using a contrastive learning objective. The BIOT model introduced a
novel approach to take input data with variable lengths and a variable number of channels; it tokenizes
each channel into fixed-length segments representing frequency energy vectors, organizes them into
“sentences", and uses channel and position embeddings to preserve spatio-temporal information. This
model also utilized linear transformers to reduce training time. The model was then evaluated on
multiple clinical tasks, such as seizure detection and seizure type classsification, in which the model
showed superior performance even without pretraining, and showed even better performance with
pretraining, compared to previous fully-supervised DL models.

EEGFormer [19]: This model was also pretrained on the whole TUH corpus, which includes
approximately 541k channel-hours of clinical scalp EEG data. It included a transformer encoder and
a shallow transformer decoder and it was pretrained using a masked-reconstruction objective. The
encoder generated latents of input EEG patches are used to train a vector quantizer to match neural
codes generated by a neural codebook. The decoder then reconstructs the original EEG patches using
these neural codes. Evaluations included several downstream tasks derived from the TUH corpus and
an out-of-distribution (OOD) evaluation on a neonatal seizure detection task. Additional experiments
also included interpretability analyses using using the learned codebook.

LaBraM [20]: This model utilized the most diverse, yet a small dataset for pretraining, including 80k
channel-hours of scalp EEG data — a subset of the TUH corpus. It was developed in three different
scales, with 5.8M, 46M to 369M parameters, respectively. The model consisted of two parts, the
neural tokenizer and the neural transformer (LaBraM pretraining model). Both took temporally
and spatially patched raw time series data as input and then passed through convolutional temporal
encoder of which the outputs are then concatenated with temporal and spatial embeddings and
then passed through a set of transformer blocks. The neural tokenizer is trained to reconstruct the
amplitude and phase of the patch through a separate decoder, during which the codebook is trained.
The neural transformer is trained from scratch, and similar to the neural transformer, except to predict
the neural codes inferred using the frozen neural tokenizer, by masked prediction. Although the
evaluations demonstrated performance gains various subsets of the TUH corpus, it is unclear whether
these results generalize to OOD data.

Mentality [21]: This model aims to capture the complex spatio-temporal dynamics of EEG signals
using a Mamba [45]]-based state-space model. The architecture of Mentality drew inspiration from
other models such as SaShiMi [46], U-Net [47], and EEGNet [48]] with the inclusion of Mamba
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blocks. However, the model was trained and evaluated exclusively on the TUSZ dataset. Furthermore,
the unavailability of code or pretrained models limits reproducibility and further evaluations, and
makes it inaccessible for broader use as a foundation model.

NeuroLM [22]: This model was inspired by a previous EEG-FM, LaBraM. However, NeuroLM was
trained on 7x more data and is one of the largest EEG-FMs with 1.7B parameters, along with 250M
and 500M parameter versions. NeuroLM utilized a text-aligned neural tokernizer, which is trained
using temporal and frequency reconstruction along with a text/EEG domain classifier that is trained
adversarially. The neural tokenizer is similar to that of LaBraM, except for the text alignment compo-
nent and also included temporal reconstruction in addition to frequency reconstruction. However,
despite this novel contribution, the evaluations indicated that the model loses some performance on
downstream tasks compared to LaBraM and other state-of-the-art models.

FoME [23]: This model included two versions with 476M and 745M parameters, respectively. The
size of the training data was not provided in the manuscript. The model takes masked time series
patches and their power spectral densities as input, which are transformed by a temporal encoder.
The outputs of the temporal encoder are then reorganized by channels and given as inputs to a spatial
encoder to reconstruct masked time patches. FOME was evaluated on multiple downstream tasks,
including classification, forecasting, and imputation; however, the evaluations were performed on
in-distribution data, limiting any broader conclusions.

BrainWave [24]: This model was pretrained using a large dataset of size 878k channel-hours,
including both scalp EEG and iEEG. It includes a transformer encoder and a channel attention module
that transform EEG spectrograms into latent representations, which are then decoded by a lightweight
decoder. This encoder-decoder architecture was trained using a masked-reconstruction objective.
BrainWave is one of the few EEG-FMs trained and evaluated on both scalp EEG and iEEG signals,
demonstrating the benefits of joint pretraining over unimodal approaches. The model has been
extensively evaluated under different settings, such as cross-subject, cross-hospital, cross-subtype and
few-shot classification, showcasing the generalizability and robustness across various clinical tasks.

A.2 Model scaling and downstream task performance

In Figure 5] we analyze the impact of model scaling on task performance using studies with at
least two model variants. Each line plot indicates a specific downstream task, and the x-axis shows
model variants, which were typically classified as small, intermediate, and large. Some marginal
improvements can be observed for certain tasks and models, although these variants were developed
with a fixed amount of pretraining data and were evaluated within study-specific experimental and
methodological contexts. Notably, LaBraM investigated the combined effects of pretraining data
and model scale on downstream TUAB/TUEYV classifications. Overall, it is unclear whether a clear
and strong trend exists with model scaling, especially within the current EEG-FM parameter regime
ranging from 3.3M (BIOT) to 1.7B (NeuroLM, largest variant).
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Figure 5: Model scaling and performance gains. Model sizes are specific to each study. ‘Sm.” -
smallest variant, ‘Md.’ - intermediate variant, ‘Lg.” - largest variant.
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