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Abstract

Evaluating foundation models under appropri-
ate adaptation settings is essential for under-
standing the quality and transferability of the
learned representations. Recent EEG foun-
dation models have demonstrated promising
transfer capabilities across tasks and datasets,
motivating their growing use in neurotechnol-
ogy and clinical applications. However, these
models are typically evaluated under full fine-
tuning on well-curated downstream datasets,
a setting that does not reflect biomedical do-
main constraints such as limited labeled data,
reduced sensor coverage, or parameter-efficient
adaptation. In this work, we propose a multi-
dimensional evaluation framework for assess-
ing EEG models under realistic low-resource
conditions. Empirical analysis of both super-
vised EEG models and recent EEG founda-
tion models, including LaBraM, CSBrain, and
CBraMod, across 6 different datasets is per-
formed under the proposed multi-dimensional
evaluation framework. We find that EEG foun-
dation models consistently provide performance
gains on long-context tasks such as sleep stage
prediction and mental health state classifica-
tion. In contrast, for short-window Brain Com-
puter Interface style tasks, supervised mod-
els achieve comparable despite having substan-
tially fewer parameters. Additional analy-
ses demonstrate that current foundation mod-
els provide limited robustness to short-window
tasks and channel constrained settings. To-
gether, these findings motivate the use of multi-
dimensional evaluation protocols that charac-
terize model behavior under realistic use con-
straints.

Data and Code Availability In this work, we
use openly available datasets, Physionet MI (Schalk

et al., 2004; Goldberger et al., 2000), BCI Competi-
tion IV-2A (Brunner et al., 2008), Kaggle ERN (Mat-
tout et al., 2014), TUEV (Obeid and Picone, 2016),
Depression Classification (MDD MAL) (Mumtaz,
2016) and Sleep EDF datasets (Kemp et al., 2000).
All datasets are accessible on public platforms from
respective dataset owners. Associated code is avail-
able in Github repository Link.

Institutional Review Board (IRB) Since all
datasets are publicly available, this study did not re-
quire an IRB.

1. Introduction

Electroencephalography (EEG) plays a central role
in clinical diagnostics and critical care. It is ubiqui-
tously deployed in Epilepsy Monitoring Units (Ma-
ganti and Rutecki, 2013) for seizure monitoring and
in polysomnography (Rundo and Downey III, 2019)
for diagnosing sleep disorders. Beyond clinical set-
tings, recent developments in sensor hardware such
as dry electrodes and portable, in-ear EEG (Looney
et al., 2012) yield promising directions for deploy-
ment of EEG wearable devices in ambulatory and
real-world environments. Prior works have further
demonstrated the utility of EEG in Brain-Computer
Interfaces (BCIs) (Lotte et al., 2018) and neuro-
rehabilitation (Daly and Wolpaw, 2008). However,
the idiosyncratic characteristics of EEG datasets,
such as heterogeneous recording settings, low signal-
to-noise ratio (SNR), and high annotation costs, con-
tinue to limit generalizability and performance in
these applications (Avramidis et al., 2025).

In response to these challenges, there has been
growing interest in extending the foundation model
paradigm to biosignals (Abbaspourazad et al., 2023),
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particularly EEG (Zhou et al., 2025; Wang et al.,
2024b; Kostas et al., 2021; Yang et al., 2023; Kom-
mineni et al., 2024; Jiang et al., 2024; Avramidis
et al., 2025). Motivated by the rapid development
of foundation models in audio, vision, and text, re-
searchers hypothesize that large-scale pre-training
could enable develop generalized representations ro-
bust to intrinsic variability and data scarcity inherent
to EEG analysis. In these other domains, evalua-
tion paradigms for foundation models have evolved
beyond full fine-tuning to include low-resource adap-
tation (Zhang et al., 2024; Dong et al., 2023), in-
context learning (Brown et al., 2020), and zero-shot
transfer (Elizalde et al., 2023). This shift reflects the
intended use of foundation models, namely leveraging
large-scale pre-training to reduce downstream super-
vision and adaptation costs.

Despite this potential, the majority of existing
evaluations of EEG foundation models rely on fine-
tuning of all model parameters using the entirety of
downstream datasets (Zhou et al., 2025; Wang et al.,
2024b; Yang et al., 2023; Jiang et al., 2024). Evalu-
ating these models solely under full fine-tuning fur-
ther obscures their deployment utility whenever data,
channels, or computational resources are limited.

To address this methodological gap, we propose
a multi-dimensional approach to systematically eval-
uate EEG foundation models across dimensions di-
rectly corresponding to real-world constraints. In re-
alistic clinical or ambulatory scenarios, models must
often operate with limited subject data, reduced
channel montages, short recording durations, or strict
parameter budgets. Consequently, our framework
evaluates generalization capabilities across model
scale, data availability, and channel layout. The con-
tributions of this work are as follows:

e We introduce a multi-dimensional evaluation
framework, grounded in real-world deployment
constraints, to assess the generalization behav-
ior of EEG foundation models along three key
axes: parameter, sample, and channel efficiency.

e We implement parameter-efficient adaptation
and low-resource training to probe the quality
and utility of learned representations, quantify-
ing the relative gains provided by large-scale pre-
training over fully supervised baselines.

e We show that EEG foundation models exhibit
improved sample efficiency on long-context tem-
poral modeling tasks under severe data con-

straints, while achieving performance compara-
ble to supervised models on short-window BCI
tasks, highlighting task-dependent benefits and
limitations of current pre-training strategies.

2. Related Work
2.1. Foundation models for EEG

Until recently, advances in representation learning for
vision, audio, and text modeling were the primary
motivators of foundation models for biosignals, and
EEG in specific. Early work adapted self-supervised
contrastive objectives (Kostas et al., 2021), demon-
strating improved transferability across multiple dis-
parate settings. The heterogeneous nature of neu-
rophysiological recordings later shifted the research
focus towards masked-reconstruction objectives (Cui
et al., 2024; Wang et al., 2024b), mainly considering
transformer architecture (Wang et al., 2024a). Still,
scarcity of large-scale annotated data and high inter-
subject variability of EEG acts as a performance bot-
tleneck, such that more recent studies have sought
to improve sample efficiency through methods, such
as masked reconstruction (Wang et al., 2024b; Zhou
et al., 2025; Wang et al., 2025; Ma et al., 2025),
knowledge-driven objectives (Kommineni et al., 2024;
Jiang et al., 2025), vector-quantized representation
learning (Jiang et al., 2024; Avramidis et al., 2025)
and autoregressive modelling Liu et al. (2025).

2.2. Foundation Model Evaluation

In adjacent domains, foundation models are primar-
ily evaluated through transfer-oriented protocols, as
full fine-tuning is often infeasible or costly. Com-
mon evaluation strategies include few-shot general-
ization, linear probing, and parameter-efficient adap-
tation, with comparisons against supervised models
trained from scratch on each task. Among parameter-
efficient methods, low-rank adaptation (LoRA) has
emerged as a standard approach, updating only a
small number of trainable parameters while keeping
the model backbone frozen (Hu et al., 2022). Across
vision, audio, and text, performance gains from foun-
dation models are consistently most pronounced in
low-resource regimes (Brown et al., 2020), where fully
supervised models tend to underfit or overfit.

In contrast, evaluation of EEG foundation models
remains less standardized and is often limited to fine-
tuning on a diverse set of downstream tasks. Most
existing studies report improvements over supervised
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baselines via full end-to-end fine-tuning (Jiang et al.,
2024; Wang et al., 2024b), with comparatively fewer
works restricting adaptation to task-specific heads or
linear probes (Lee et al., 2025). As a result, system-
atic evaluation protocols that isolate generalization
and parameter efficiency across recording conditions
remain limited (Bomatter and Gouk, 2025).

2.3. Heterogeneity in EEG Data

A prominent challenge in developing and evaluating
EEG foundation models lies in the heterogeneity of
EEG data. EEG signals vary substantially across
subjects, sessions, tasks, and recording setups, which
reflects differences in cognitive state, electrode layout,
and acquisition hardware. Prior studies have shown
that inter-subject variability is a major limiting fac-
tor for EEG-based classifications. As a result, models
trained on limited-scale multi-subject data frequently
struggle to generalize to unseen individuals. More-
over, topological heterogeneity is another fundamen-
tal and pervasive challenge in EEG modeling, where
each public dataset typically uses its own electrode
layout. Some recent studies, like LUNA (Déner et al.,
2025) and MMM (Yi et al., 2023), have proposed a
topological-invariant encoder to map arbitrary-sized
channeled EEG data to a uniform and fixed-sized la-
tent representation space. Finally, and importantly,
task heterogeneity is also a frequently encountered
barrier in developing EEG foundation models, as dif-
ferent cognitive states—such as sleep stages, motor
imagery, or seizure events—are characterized by dis-
tinct spectral and temporal brain activities. As men-
tioned earlier, recent studies Zhou et al. (2025); Wang
et al. (2024b); Jiang et al. (2024) aimed to improve
cross-task generalization by scaling pre-training to
larger volumes of diverse EEG data to learn robust
and task-agnostic representations.

3. Evaluating Generalization in EEG
Foundation Models

The core principle of foundation models is that large-
scale unsupervised pre-training yields generalizable
representations, enabling downstream adaptation un-
der low-resource settings in a parameter efficient
manner (Brown et al.,, 2020; Radford et al., 2023;
Narayanswamy et al., 2024; Xu et al., 2025; Siméoni
et al., 2025). The methodology for evaluating gener-
alizability differs from one modality to other accord-
ing to the idiosyncratic characteristics of the underly-

ing signal. For speech and text, models are evaluated
based on their low-resource cross-domain and cross-
lingual transfer capabilities (Baevski et al., 2020; Wei
et al., 2021), whereas generalization in the domain of
vision is characterized by the ability to extract se-
mantically robust features across heterogeneous set-
tings (Radford et al., 2021; Siméoni et al., 2025).

However, EEG presents a different set of chal-
lenges. Low signal to noise ratio, non-stationarity
and large inter-subject and intra-subject variability
often limit the ability of supervised models to gen-
eralize across settings. Moreover, large scale EEG
data collections are constrained by participant fa-
tigue, setup time and hardware limitations (Sugden
et al., 2023). As a result, generalization for EEG
foundation models cannot be adequately captured by
a single notion of transfer performance or dataset
scaling. We argue that generalization in EEG should
be evaluated on a multidimensional axis, one that re-
flects realistic downstream constraints. Through a
combination of the three dimensions of parameter,
sample, and channel efficiency, as well as correspond-
ing details to operationalize them, we propose a gen-
eralized evaluation framework to assess the capabili-
ties of EEG foundation models.

Parameter Efficiency While parameter efficiency
is not unique to EEG models, the majority of exist-
ing EEG evaluations rely on full fine-tuning, where
all parameters of a pre-trained model are adapted to
the downstream task. As a result, full fine-tuning
performance alone provides limited insight into the
quality of the learned representations, since improve-
ments may stem primarily from parameter updates
rather than transferable features.

We study parameter efficiency under two com-
plementary settings: linear probing and parameter-
efficient fine-tuning (PEFT). Linear probing evalu-
ates the quality and generalizability of representa-
tions learned by the foundation model through train-
ing only a lightweight classifier on frozen features,
while PEFT assesses the model’s ability to adapt to
downstream tasks using a small number of additional
or modified parameters. To operationalize parame-
ter efficiency, we define a relative performance metric
(PEg) that normalizes downstream performance un-
der a given setting with respect to full fine-tuning;:

Po —
. (1)
PFT - Pchance

where S € {Linear Probe, PEFT}, Ps denotes the
performance under setting S, Pp corresponds to per-

PC ance
PEg = h
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Dataset Task # Classes # Subjects Length (sec) # Channels Sampling Rate (Hz)
Physionet-MI  Motor Imagery 4 109 4 64 160
BCIC IV 2A Motor Imagery 4 9 4 22 250
Kaggle ERN P300 2 26 1 56 200
MDD MAL Mental Health 2 64 10 19 256
Sleep EDF Sleep Stage 5 78 30 2 100
TUEV Events 6 370 5 21 200

Table 1: Summary of dataset used for downstream evaluation of models. Sampling rate is reported in Hz and
length in seconds. Supervised models were trained at the sampling rate of the recording whereas for
SSL models, signals were resampled to 200Hz. Refer to Appendix A for additional dataset details.

Param Training Training
Model Size Data Size Objective
LaBraM 5.8M 2.5+ kh Masked Token Prediction
CBraMod 5M 27.1 kh Masked Reconstruction
CSBrain IM 9+ kh Masked Reconstruction

Table 2: Overview of the parameter size, the pre-
training data size, and the pre-training ob-
jective in EEG foundation models used for
evaluation in this work.

formance under full fine-tuning, and Pepance is the
random-chance baseline. The performance metric P
is chosen according to the downstream task (e.g., bal-
anced accuracy, macro-averaged F1). The parame-
ter efficiency score PFEg measures the fraction of full
fine-tuning performance achieved under a parameter-
efficient regime, effectively disentangling representa-
tional quality from the benefits of extensive parame-
ter adaptation. Models with high-quality and trans-
ferable representations are expected to exhibit values
of both PE¢inear Probe and PEpgrT close to 1.

Sample Efficiency Beyond parameter efficiency,
a core criterion for evaluating foundation models is
their ability to adapt under low-label regimes. Such
settings are pervasive in EEG due to high anno-
tation costs, limited data availability, and privacy
constraints that restrict large-scale annotated data
sharing. To assess sample efficiency, we evaluate
foundation models under varying total sample bud-
gets, denoted by Siotal, which corresponds to the to-
tal number of labeled training samples available for
downstream adaptation. Experiments are conducted
across representative values of Siota; under both lin-
ear probing and PEFT settings.

In addition to the total number of samples, an im-
portant consideration in low-resource EEG settings
is the trade-off between participant diversity and the
number of samples per participant. To capture this

effect, we vary the number of subjects while keeping
Stotal fixed. Hence, increasing the number of sub-
jects leads to a proportionate decrease in number of
samples per subject, enabling an explicit study of
the balance between inter-subject diversity and per-
subject data density under a fixed training budget.
While absolute performance under a given budget in-
dicates whether a model can operate effectively in
low-resource conditions, it does not reveal whether
pre-training provides benefits beyond those achiev-
able by supervised learning alone. To isolate the con-
tribution of pre-training, we define sample efficiency
as a relative performance measured with respect to
a supervised baseline trained under the same total
sample budget:

STotal

SEgTotal = Pg & PChance (2)

PSI;FI;)MI - Pchance
where D denotes the adaptation setting (linear probe
or PEFT), PET"“‘] is the downstream performance of
the foundation model under budget Stotal, ngg“‘ is
the performance of the supervised baseline trained
with the same budget, and Pepance denotes chance-
level performance for the chosen evaluation metric.
Under this formulation, sample efficiency quantifies
the relative advantage conferred by pre-training at a
given data budget. Values of SEETotal > 1 indicate
that the foundation model outperforms the super-
vised baseline under identical sampling constraints,
while values near or below 1 suggest limited or no
benefit from pre-training in that regime.

Channel Efficiency In most laboratory and clin-
ical research settings, EEG is recorded using dense
electrode montages, typically ranging from 64 to
256 channels. While such high-density recordings
are essential for detailed spatial characterization and
source localization of neural activity, they are imprac-
tical for many real-world and consumer-facing appli-
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cations, where setup time, comfort, cost, and hard-
ware constraints necessitate substantially fewer elec-
trodes. To evaluate whether EEG foundation models
exhibit robustness under reduced sensing configura-
tions, we study model performance under systemati-
cally constrained channel settings. Rather than ran-
domly subsampling electrodes, we define two struc-
tured channel selection criteria that reflect realistic
deployment scenarios.

First, we consider a sparse montage setting, in
which a fixed number of channels per cortical lobe
are selected. This emulates low-density EEG caps
while preserving coarse spatial coverage across the
scalp. The number of channels per lobe is varied to
progressively reduce the total channel count. Second,
we consider a lobe-restricted setting, where electrodes
are selected exclusively from a single cortical region
(e.g., frontal, central, or midline). This setting re-
flects applications where electrodes are placed on lo-
calized brain regions due to task relevance or hard-
ware limitations. By evaluating performance under
these controlled channel constraints, we assess the ex-
tent to which foundation models rely on dense spatial
information versus their ability to leverage robust,
transferable representations across brain regions un-
der severe channel reduction. Unlike parameter and
sample efficiency, channel efficiency is not summa-
rized by a single scalar metric; instead, performance
trends across channel configurations provide insight
into spatial robustness and inductive biases learned
during pre-training.

4. Experimental Setup

4.1. Datasets

To enable a holistic evaluation of performance
across the proposed generalization dimensions, we
conduct experiments on six representative EEG
datasets spanning both short and long-duration
tasks. Short-window EEG tasks are often encoun-
tered in brain—computer interface (BCI) settings,
where decisions are made from brief recording seg-
ments (<5s). To reflect this regime, PhysioNet Mo-
tor Imagery (PhysioNet-MI), BCI Competition IV-
2A (BCIC 1V-2A), Kaggle Error-Related Negativity
(Kaggle-ERN) and TUEV are included in this evalu-
ation. PhysioNet-MI (Schalk et al., 2004; Goldberger
et al., 2000) and BCIC IV-2A (Brunner et al., 2008)
are motor imagery datasets in which subjects perform
real or imagined movements of specific body parts in

response to visual cues. Kaggle-ERN (Margaux et al.,
2012; Mattout et al., 2014) focuses on the detection
of error-related responses, elicited when subjects at-
tempt to spell a word using visually guided stimuli.
TUEV (Obeid and Picone, 2016; Harati et al., 2015)
is a neurological event detection dataset.

In contrast to short-window BCI tasks, an increas-
ing number of clinically relevant EEG applications
require modeling long temporal contexts. To capture
this setting, we evaluate on MDD MAL (Mumtaz,
2016) and Sleep-EDF (Kemp et al., 2000) datasets
which correspond to automated sleep staging and
mental health assessment respectively.

Together, these datasets span diverse task struc-
tures, temporal scales, and clinical contexts, enabling
a systematic assessment of generalization under vary-
ing resource and signal constraints. To ensure ro-
bustness in results, BCIC IV-2A was evaluated in a
Leave-One-Subject-Out (LOSO) setting and all other
datasets were tested in a 5-fold, between-subjects
cross-validation setup. For additional dataset details
please refer to Table 1 and Appendix A.

4.2. Data Preprocessing

We adopted a uniform preprocessing pipeline for all
supervised experiments which included notch filter-
ing for powerline noise removal, band-pass filtering,
re-referencing to the common average, and subse-
quent z-score normalization. For TUEV dataset,
inter-quantile normalization was chosen over z-score
to better preserve high-amplitude signal characteris-
tics associated with artifact and epileptic events. For
foundation models, we follow the preprocessing pro-
cedures reported in the respective original publica-
tions to ensure reproducibility of results.

4.3. Model Architectures

We evaluate 3 representative EEG foundation models
as described in Table 2: LaBraM (Jiang et al., 2024),
CBraMod (Wang et al., 2024b), and CSBrain (Zhou
et al., 2025). For comparison against fully supervised
approaches, the following EEG models are included:
EEGNet (Lawhern et al., 2018), EEGNeX (Chen
et al., 2024), and SparcNet (Jing et al., 2023). Re-
fer to Appendix C for further implementation de-
tails and model training. To assess the parameter
efficiency of foundation models during downstream
adaptation, three fine-tuning strategies were consid-
ered: (1) Full fine-tuning, in which all model param-
eters are updated; (2) Linear probing (LP), where
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Model K-ERN P-MI IV-2A TUEV MDD MAL Sleep EDF
Supervised
EEGNet (4K) 62.74 + 2.09 61.34 +1.91 54.96 4+ 7.05 51.67 + 2.10 86.89 + 3.88 70.20 £ 1.29
EEGNet Large (20K) 64.94 + 2.23 61.85 + 1.95 58.14 + 7.07 53.27 + 3.88 84.98 + 6.82 71.61 +1.20
EEGNet Huge (110K) 64.54 + 1.48 61.74 £ 1.73 58.76 + 6.60 52.58 + 1.82 83.61 +7.21 71.14 +1.36
EEGNex (50k) 65.00 £1.38 65.58+1.73 59.10+11.25 47.50 £+ 3.01 86.21 + 8.36 70.31 £ 1.22
SparcNet (1M) 61.70 £1.30 62.02 £ 1.54 56.96 + 10.43 52.10 £ 3.51 79.32 £ 6.22 71.01 +2.64
Full Finetune
LaBraM (5.8M) 58.51 £+ 1.79 57.25 + 1.55 50.58 +9.20 57.58 +1.91 88.72 +3.12 72.86 +1.22
CBraMod (5M) 61.47 +1.25 64.01 + 2.52 56.15 + 8.77 54.70 + 2.34 83.08 + 6.69 74.58 £ 0.85
CSBrain (9M) 63.19 £+ 1.60 62.34 £ 2.33 55.27 + 8.39 51.88 +2.16 88.81 +5.41 7117+ 1.17

Table 3: Downstream classification results for end-to-end training of supervised models and full-finetuning
setting for foundation models. K-ERN, P-MI and IV-2A refer to Kaggle ERN, Physionet-MI and
BCI Competition IV-2A dataset respectively. Balanced Accuracy (BAC) metric is reported. For
additional evaluation metrics, refer to Appendix F. Parameter count for each model is reported
within parentheses. Best and second-best performing metrics are in bold and underline, respectively.

the pre-trained backbone is frozen and only a linear
head is trained; and (3) Parameter Efficient Fine-
tuning (PEFT), which introduces a small number of
trainable parameters to enable efficient adaptation.
These adaptation strategies allow us to disentangle
performance gains arising from representation qual-
ity versus those attributable to increased parameter
capacity.

For all linear probe evaluations, embeddings from
the foundation models were flattened and a fully con-
nected block with a single multi-head projection layer
was used for fine-tuning. For parameter-efficient fine-
tuning, low-rank adaptation (LoRA, by Hu et al.
(2022)) modules were used for linear layers.

4.4. Evaluation Metrics

We evaluated all models using performance met-
rics that are well-established in EEG evaluation.
We report balanced accuracy (BAC), Fl-macro, and
area under the receiver operating characteristic curve
(AUROC)—for multiclass classification we instead re-
port Cohen’s kappa. All the utilized metrics are de-
scribed in detail in Appendix D.

5. Results

To establish an upper bound on downstream per-
formance and contextualize subsequent resource-
constrained analyses, we first evaluate supervised
baseline models and fully fine-tuned foundation mod-
els (LaBraM, CBraMod and CSBrain) across the six
evaluation datasets. During foundation model fine-

tuning, weights were initialized from their respec-
tive pre-trained checkpoints. Results in Table 3 re-
veal complementary strengths across model classes.
The benefits of foundation models are most pro-
nounced in long-window clinical tasks. For exam-
ple, in depression classification the top-performing
foundation model achieves an absolute improvement
of 4.2% in Cohen’s Kappa, whereas on TUEV it
achieves 4.0% Macro-F1 improvement compared to
the top-performing fully supervised model. However,
foundation models are on par or slightly underper-
form supervised models in short-window BCI/ERN
tasks, indicating limited effectiveness in modeling
short temporal contexts. Ablation experiments com-
paring the performance of supervised models at na-
tive sampling rate of corresponding dataset against
the sampling rate of foundation models (200 Hz) indi-
cate no noticeable difference, indicating that the per-
formance discrepancy on short window tasks arises
from model architecture and not sampling discrepan-
cies (Appendix G). Additional evaluation metrics for
all experiments are reported in Appendix F.

5.1. Parameter Efficiency

Evaluating foundation models under parameter con-
straints offers insights into the intrinsic quality of the
pre-trained representations. As outlined in Section
4.3, we evaluate efficiency under two distinct regimes:
a linear probe setting, which measures representation
quality of frozen pre-trained features, and a PEFT
setting, which tests the model’s ability to adapt using
only a fraction of the trainable parameters required
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Model K-ERN P-MI IV-2A TUEV MDD MAL Sleep EDF
Linear Probe
LaBraM 074+ .16 0.74+.01 0.82+.11 0.64+.07 0.95 £+ .06 0.84 £ .02
CBraMod 0.68+ .08 0.69+.01 0.624+.12 0.554.06 0.96 + .25 0.69 £ .02
CSBrain 0.83+.05 0.724+.03 0.71+.10 0.87+.08 0.98 + .11 0.85 £ .03
PEFT
LaBraM 1.02+.25 0.75+.01 0.70£.07 0.67+.07 0.97 £ .06 0.87 £.05
CBraMod 0.93+.05 0.95+.02 0.85+.18 0.954+.08 1.01 £ .15 0.91 £ .03
CSBrain 089 +.15 0914+.04 1.05+.13 1.01+.08 1.01 £ .07 1.03 £ .02

Table 4: Performance Efficiency (PEjg) values computed on Balanced Accuracy using Eq 1 for LaBraM,
CBraMod and CSBrain foundation models for the 6 evaluation datasets. For long-window tasks
such as depression classification (MDD MAL) and sleep stage detection (Sleep EDF), foundation
models provide higher parameter efficiency values compared to short-window tasks, indicating their
representations being better aligned to long-context modeling. K-ERN, P-MI and IV-2A refer to
Kaggle ERN, Physionet-MI and BCI Competition IV-2A dataset respectively.

for full fine-tuning. In Table 4 we report parame-
ter efficiency values (PEp) computed using balanced
accuracy for linear probe and PEFT settings across
evaluation datasets.

Linear Probe CSBrain provides better represen-
tation quality over LaBraM and CbraMod models,
as indicated by the higher linear probe parameter
efficiency P Etincar probe values. This could be ow-
ing to better spatiotemporal information encapsu-
lated in CSBrain, facilitated by inclusion of cortical
lobe based embeddings (Zhou et al., 2025). When
comparing linear probe PE across tasks, a distinct
phenomenon is observed; across the three foundation
models, short-window tasks (BCI IV-2A, Physionet-
MI, Kaggle ERN, and TUEV) on average have lower
values compared to long-window tasks (Sleep EDF,
MDD MAL). Plot of average PEfinear probe Detween
short-window and long-window tasks for the EEG
foundation models in Figure 1 reveals the average
PFElincar probe for short-window tasks to be at least
12% lower (absolute) than for long-window tasks.
This performance gap suggests a fundamental dif-
ference in representation quality wherein founda-
tion models provide better quality representations for
longer window tasks.

PEFT Performance: For all parameter-efficient
fine-tuning (PEFT) experiments, we employ LoRA
with rank » = 4 and scaling factor a = 8, resulting
in only approximately 2-4% of the full model param-
eters being trainable. Despite this substantial reduc-
tion in trainable parameters, PEFT-adapted models

Figure 1: PFEtincar probe values computed on BAC for
LaBraM, CBraMod and CSBrain, aggre-
gated based on task window length. Long-
window tasks (Blue) parameter efficiency
values are higher than short-window tasks
(Grey) across all models.

achieve performance comparable to full fine-tuning
on depression classification (MDD-MAL) and EEG
event classification (TUEV), as shown in Table 4.
In BCI tasks, PEFT substantially outperforms linear
probing, with CBraMod and CSBrain attaining pa-
rameter efficiency values of up to 0.95. This indicates
that updating the full parameter set (such as full fine-
tuning setting) yields limited additional gains relative
to the increase in model capacity, highlighting dimin-
ishing returns from full fine-tuning in these settings.
These results suggest that PEFT provides a more ef-
fective trade-off between performance and trainable
parameter count for EEG foundation models, partic-
ularly in resource-constrained adaptation scenarios.

227



Murti-DIM EEG EVAL

EEGNet Large CSBrain (Linear Probe) CSBrain (LoRA)
>
8
< 5 0.40 1
N 3 2
> < 0.351 / e ]
1) § :/‘
o 2 0.30 g - 4
@ ] = 1 ;_—-—:—'é.:_—_—aw;w'
& 0.254 J
r T T ) T T T 1 T T T 1
50 100 150 200 50 100 150 200 50 100 150 200
[y
w £°°] ] 1 gimmmmsa g
............ J - ]
a 9 0.5 — 1 X e s B e e e . 1 xa'= -x/
Qo : %/0 "'" \./ ./.
-
o 9041 cmmmesl= 1 T
= <
wn © /
w© 03- % d
-]
240 480 960 1920 240 480 960 1920 240 480 960 1920

Number of Subjects (Nsyp)
—o— 1 =x= 2 w4 Total Sample Budget (S;ota/) Samples/Sub = SeotailN.

Figure 2: Sampling Efficiency: Classification results for BCIC IV-2A and Sleep EDF datasets under fixed
Total Sample Budget (Siorar) for EEGNet Large and CSBrain under Linear Probe and LoRA.
To ensure fixed Siotar under Ngypjects € {1,2,4}, number of samples per subject are adjusted
accordingly. Each model run is repeated for 3 random seeds for 5 folds in Sleep EDF and Leave-
one-subject-out setting for BCIC IV-2A.
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Figure 3: Channel Efficiency: Boxplots of balanced accuracy of supervised (EEGNet Large) and foundation
models (CSBrain, CBraMod, LaBraM) performance for Physionet MI and Kaggle ERN datasets
under sparse montage and restricted spatial lobe conditions. (A,C) correspond to classification
performance under uniformly reducing channels per corticol lobe (central, frontal, temporal, pari-
etal and occipital) to N € {1,2,3}. (B,D) correspond to classification performance of models
under selecting frontal, central and midline lobes.
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Dataset Model Total Sampling Budget (Stotar)
50 100 150 200
eicvan Uy TEEIE omeen thsw jweu
240 480 960 1920
Sleep EDF Linear 291 £1.60** 1.63£0.37* 1.3740.29** 1.12 4+ 0.30*
LoRA 3.12 £ 2.04**  1.79£0.51" 1.78+0.28** 1.31 £0.36**

Table 5: Average Sampling Efficiency values at a given sampling budget across different test folds (using
performance metric as Balanced accuracy in Eq. 2) for CSBrain (Foundation Model) Linear and
LoRA settings at fixed total sampling budget compared to EEGNet Large (Supervised). Column
headers denote budget for BCIC IV-2A and Sleep EDF respectively. Significance test for CSBrain
performance being better than EEGNet Large are reported *p < 0.05, **p < 0.001.

5.2. Sampling Efficiency

To study model behavior under low-resource settings,
we evaluate performance under a fixed total sample
budget (Stotal), representing the size of the training
set used for downstream classification. Experiments
are conducted on two representative datasets: a
short-window motor imagery task (BCIC IV-2A) and
a long-window sleep staging task (Sleep EDF). Sam-
pling efficiency values (SEETMI) are computed using
EEGNet-Large as the supervised baseline, while CS-
Brain is evaluated under linear probing and LoRA
fine-tuning (r = 1) settings. For BCIC IV-2A, to-
tal sample budgets of 50 (~5 minutes of data), 100,
150, and 200 samples are considered. For Sleep EDF,
budgets are set to 240 (~2 hours), 480, 960, and
1920 samples. In all cases, samples are class-stratified
within each subject to control for class imbalance.

Sampling efficiency results in Table 5 reveal dis-
tinct behaviors across the two tasks. For Sleep
EDF, CSBrain under both linear probing and LoRA
adaptation consistently outperforms EEGNet-Large.
Moreover, the relative performance gains increase
as the total sample budget decreases, with average
SEE  values of 2.91 for linear probing and 3.12
for LoRA at 240 samples (~2 hours of data). As
more training data becomes available, the magnitude
of SESI?TM1 decreases, yet remains statistically signif-
icantly greater than one, indicating sustained advan-
tages for foundation model representations. In con-
trast, for the BCIC IV-2A dataset, SEgTotal values
remain below one across all sampling budgets, high-
lighting the limited effectiveness of current EEG foun-

dation models under low-sample regimes for short-
window BCI tasks.

Low-resource settings in the context of EEG arise
along two distinct axes, limited number of subjects
and a limited number of samples per subject. As
shown in Fig. 2, under severe data constraints, in-
creasing subject diversity does not compensate for a
limited total sample budget. Instead, performance
is primarily governed by the total number of train-
ing samples (Siotal ), largely independent of how those
samples are distributed across subjects. While prior
works (Bomatter and Gouk, 2025) indicate some
improvement in downstream performance with in-
crease in subject diversity, their evaluations were con-
ducted under much larger training sample set, which
could indicate different behavior depending on scale
of training data. Additional Sample Efficiency results
for MDD-MAL dataset are provided in Appendix H.

5.3. Channel Efficiency

To study the robustness of EEG foundation models
under reduced channel availability, we consider two
complementary channel-reduction strategies, as de-
scribed in Section 4: a sparse-montage setting and
a lobe-restricted setting. In the sparse-montage set-
ting, the number of channels per cortical lobe (cen-
tral, frontal, temporal, parietal, and occipital) is uni-
formly reduced to N € {1,2,3}, resulting in total
channel counts of {5, 10, 15}, respectively. This setup
emulates scenarios where sparse yet spatially dis-
tributed electrode coverage is required. In the lobe-
restricted setting, channels are confined to specific
regions of the montage—mamely frontal, central, and

229



Murti-DIM EEG EVAL

midline—reflecting practical constraints where only
partial scalp coverage is available. Both channel-
reduction settings are evaluated on two BCI tasks:
motor imagery classification using the Physionet MI
dataset and error-related negativity detection using
the Kaggle ERN dataset. We compare the supervised
baseline EEGNet-Large with the foundation models
CBraMod, CSBrain and LaBraM under parameter-
efficient adaptation via linear probing and LoRA.

Results in Fig. 3 show that foundation models per-
form on par with, or slightly worse than, EEGNet-
Large across all channel configurations. This sug-
gests that current EEG foundation models do not
yet exhibit enhanced robustness to reduced or re-
gionally restricted channel inputs, indicating the need
for improved pre-training strategies that more explic-
itly capture channel-specific and spatial inductive bi-
ases. Comparing the two channel selection strategies,
uniform per-lobe sampling yields more stable perfor-
mance across tasks despite introducing sparsity. In
contrast, restricting channels to a single region can
lead to pronounced performance degradation when
task-relevant information is distributed across lobes.
This effect is particularly evident for Physionet MI
when using only midline electrodes, as motor imagery
signals are known to be strongly lateralized as seen
in Fig. 3B.

6. Discussion

Tokenization Granularity could limit short
window generalizability in Foundation Mod-
els. Despite strong performance on long-sequence
inputs (> 5s), foundation models underperform su-
pervised baselines on short-window tasks such as
Physionet-MI, BCIC IV-2A, and Kaggle-ERN, even
with substantially higher parameter counts. This
discrepancy could be attributed to the tokenization
strategies employed by foundation models. Specifi-
cally, EEG signals are typically segmented into coarse
one second time window patches and processed us-
ing transformer-based backbones in order to en-
able modeling of long temporal contexts during pre-
training (Zhou et al., 2025; Wang et al., 2024b).
While such tokenization is necessary to model long-
context temporal dependencies, as reflected in the
observed performance gains in sleep stage predic-
tion and depression classification, it might limit the
model’s ability to capture fine-grained, transient neu-
ral dynamics, such as ERP-like responses, that are
critical for short-window classification tasks.

EEGNeX Performance in Short-Window BCI
Tasks. EEGNeX consistently outperforms other
models on short-window BCI tasks. Prior work at-
tributes this advantage to the use of strided convo-
lutions (Chen et al., 2024), which may enable more
effective aggregation of local temporal context within
brief signal segments compared to standard CNN de-
signs and transformer-based foundation models.

Limitations This work primarily focuses on
masked reconstruction based EEG foundation mod-
els (LaBram, CBraMod and CSBrain) trained under
varying pre-training data sizes, parameter counts and
compute budgets. Future work should consider evalu-
ating EEG foundation models trained under identical
settings, that enables isolating impact of individual
pre-training axes on downstream performance. Ad-
ditionally, while we analyze sample efficiency under
constrained data budgets on representative datasets,
we do not provide a comprehensive evaluation across
a broader range of tasks and recording conditions. In
particular, the interaction between inter-subject and
intra-subject variability and different data sampling
strategies in low-resource EEG settings remains an
open problem that warrants further study.

7. Conclusion

In this work, we propose a multi-dimensional frame-
work to evaluate EEG foundation models. By sys-
tematically assessing performance across parameter,
sample, and channel constraints, we uncovered dis-
tinct trade-offs across these dimensions in current
EEG foundation models. Our empirical analysis
across six diverse datasets reveals that the utility
of current EEG foundation models is highly task-
dependent. We observed that these models excel in
long-context tasks, such as sleep staging and men-
tal health assessment, where they demonstrate per-
formance gains over supervised baselines under full-
finetuning and resource constrained settings. How-
ever, this advantage does not yet extend to short-
window BCI tasks or scenarios with channel con-
straints. In these settings, supervised models (like
EEGNet, EEGNeX) remain competitive or supe-
rior, indicating that current tokenization and pre-
training objectives may not adequately capture the
fine-grained spatiotemporal features necessary for
tasks like motor imagery. Future research could focus
on developing pre-training objectives that explicitly
encode short-window dynamics and channel invari-
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ance to bridge the gap between high-resource research
benchmarks and realistic, low-resource deployment.

Generative AI Use Disclosure

Large Language Models (LLMs) were used for refin-
ing text during preparation of manuscript. Addition-
ally, LLMs were employed to generate parts of the
code implementation. For LLM-generated content in
the manuscript and code, the content was verified by
the authors prior to inclusion.
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Appendix A. Referenced Datasets

A.1. Motor Imagery

Motor Imagery classification tasks include identifying
a user’s intention to move specific parts of the body.
Robust motor imagery classification could allow for
development of neuro-assistive technologies.

Physionet MI (Schalk et al., 2004; Goldberger
et al., 2000): consists of 1500 1-2 minute EEG record-
ings from 109 participants, for four real and imagined
motor tasks (open and close left fist, right fist, both
fists and both feet). EEG recordings consist of 64
channels and were sampled at 160Hz. Each trial was
segmented into 4-second windows and all experiments
were performed in a 5-fold between subjects cross val-
idation setting, such that each subject was in the test
fold once. Balanced Accuracy, Cohen’s Kappa and
F1-Macro are reported.

BCI IV Competition 2A (Brunner et al., 2008):
Motor Imagery Classification dataset consists of data
recorded from 9 participants across two sessions
recorded on different days. Data were collected using
22 EEG channels at 250Hz for four imagined mo-
tor movements (left arm, right arm, both feet and
tongue). Trials are segmented into 4 second chunks
and Leave-One-Subject-Out cross validation is per-
formed for all classification experiments using this
dataset. This is done to evaluate models ability to
generalize across subjects.

A.2. Error Related Negativity

Kaggle ERN (Mattout et al., 2014): The dataset in-
cludes EEG recordings from 26 participants who per-
form tasks using an online P300 speller interface, and
is primarily used to study event-related potentials re-
lated to erroneous responses. The EEG data were col-
lected using 56 EEG electrodes and were downsam-
pled to 200 Hz. The classification task is to detect
when the selected item is not the intended.

A.3. Mental Health

MDD MAL (Mumtaz, 2016): Depression classifica-
tion task from EEG recorded at resting state, com-
posed of eyes closed and eyes open conditions. Each
condition is recorded for 5 minutes with 19 electrodes
at 200Hz sampling rate. The dataset consists of
34 patients diagnosed with major depressive disor-
der and 30 healthy controls. For classification, non-
overlapping 10s windows are considered as input sam-

ples to the models. Evaluation is performed in a be-
tween subject 5-fold cross validation setup.

A.4. Sleep Stages

Sleep EDFx (Kemp et al.,, 2000): contains 197
whole-night PolySomnoGraphic sleep recordings with
EEG, EOG and chin EMG recorded at 100Hz and
annotated for sleep stages every 30s. In this work,
EEG electrodes Fpz-Cz and Pz-Oz are considered for
analysis. The sleep stages are annotated for Wake,
REM, Movement, NREM-1, NREM-2, NREM-3 and
NREM-4. For comparability to prior studies, NREM-
3 and NREM-4 have been combined to a single class
yielding 5 classes. 5-fold between-subjects cross vali-
dation is performed for evaluation.

A.5. Events

TUEV (Harati et al., 2015): contains EEG dataset
derived from Temple University EEG Corpus (Obeid
and Picone, 2016) with annotations for categoriz-
ing EEG segments into six classes: (1) spike and
sharp wave (SPSW), (2) generalized periodic epilep-
tiform discharges (GEPD), (3) periodic latealized
epileptiform discharges (PLED), (4) eye movements
(EYEM), (5) artifact and (6) background (BCKG).
TUEYV is recorded at 200Hz sampling rate and each
annotation is segmented into 5s long EEG timeseries.

Appendix B. Referenced Models

EEGNet (Lawhern et al., 2018) is a lightweight
convolution-based model that combines temporal and
spatial convolution layers followed by a classification
head. To accommodate for the varying sampling
rates of the datasets, the kernel size of the temporal
convolution layer and separable convolution layer had
been set to half the sampling rate and one-eigth the
sampling rate of the respective downstream dataset.
To test the effects of scaling model sizes within EEG-
Net, three versionswere defined: (1) EEGNet: F1=8,
D=2; (2) EEGNet large: F1=16, D=4; (3) EEGNet
Huge: F1=32, D=8, where F! is the number of tem-
poral filters and D is the depth multiplier.
EEGNeX (Chen et al., 2024) is an improved ver-
sion of EEGNet architecture that employs strided
convolutions to increase the effective temporal win-
dow that the model is able to capture, thereby pro-
viding performance improvements on BCI tasks.
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SparcNet (Jing et al., 2023): 1D CNN model that
leverages dense residual connections to capture spa-
tiotemporal relations in EEG signals effectively.

LaBraM (Jiang et al., 2024) is an EEG foundation
model with a pre-training objective based on masked
token prediction. The underlying neural tokenizer is
trained with large-scale EEG data through patching
the EEG time series into tokens.

CBraMod (Wang et al., 2024b) is a foundation
model trained on 25,000 hours pre-training data that
aims to model temporal and spatial characteristics
through distinct (criss-cross) attention mechanisms.
This model employs a patch-based masked recon-
struction scheme for pre-training.

CSBrain (Zhou et al., 2025) is an attention-
based foundation model for EEG decoding with novel
cross-scale spatiotemporal tokenization and struc-
tured sparse attention. It is pre-trained using masked
reconstruction objectives.

Appendix C. Implementation Details

All experiments were conducted in Python 3.13. Pre-
processing utilized the MNE-Python (Gramfort et al.,
2013). PyTorch (Paszke et al., 2019) was used to
build and train all deep learning models. All experi-
ments were conducted on a cluster of 4 RTX A6000
GPUs.

All PEFT experiments utilized LoRa with rank
r = 4. Gradient clipping with value 1.0 was used for
full fine-tuning experiments. AdamW optimizer with
learning rates between [le-2, 1e-3] were used for linear
probe, [le-3, le-4] for LoRA and [2e-4, le-5] for full-
finetuning experiments. Cosine Anneal Learning rate
scheduler with 10% epochs as warmup steps was used
across all experiments. For Fully supervised models,
a learning rate plateau scheduler was used. All mod-
els were trained for up to 30 epochs for Physionet MI,
BCIC IV-2A, Kaggle ERN and MDD MAL datasets,
and for 50 epochs for Sleep EDF and TUEV datasets.
The model checkpoint with the lowest overall valida-
tion loss was used for evaluation of downstream per-
formance. Further details on hyperparameters are
provided with the accompanying Github repository.

Parameter counts for Linear probe and LoRA cor-
responding to each dataset and model are as reported
in Table 6

Appendix D. Metrics

Consistent with prior EEG self-supervised modeling
works (Zhou et al., 2025; Kommineni et al., 2024;
Avramidis et al., 2025; Wang et al., 2024b; Jiang
et al., 2024), we use the following evaluation metrics:

e Balanced Accuracy (BAC): Computes the
unweighted average recall across classes which
is able to better account for class imbalances in
datasets compared to raw accuracy scores.

1 TP;
BAC=—xf ——1
K “7='TP; + FN;

where K is the number of classes, T'P; is the

number of True Positives and F'N; is the number

of False Negatives for class j.

e Cohen’s Kappa (k): Measures the mutual
agreement between model predictions and true
labels while accounting for agreement by chance.
A value of 0 indicates no agreement between the
model predictions and true labels, whereas 1.0
indicates perfect alignment.

Po — Pe
1_pe

where p, is the observed agreement and p. is the
hypothetical agreement by chance.

e Area Under the Receiver Operating Curve
(AUROC): Computes the area under the True
Positive Rate (TPR) versus False Positive Rate
(FPR) curve, computed at different thresholds
for classification. An AUROC of 0.5 thus in-
dicates random-chance performance, whereas a
value of 1.0 indicates perfect classification.

e F1-Macro: Computes unweighted average of F1
scores across all classes in dataset. Since the
average is unweighted, this metric is more robust
to class imbalances.

iZK Q.Prj.Rej

F1-Macro = — 2K
A0 K =Py, + Re,

where K is the number of classes, Pr; and Re;
refer to precision and recall of class j.

Appendix E. CbraMod & LaBraM
Sample Efficiency

Sampling Efficiency plot for CBraMod (Fig 4) and
LaBraM (Fig 5) in comparison with EEGNet.
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Murti-DIM EEG EVAL

Model Kaggle ERN Physionet MI BCIC IV 2A TUEV MDD MAL Sleep EDF
LaBraM(LP) 23k 205k 71k 103k 76k 61k
LaBraM(LoRA) 118k 301k 167k 200k 172k 157k
CBraMod(LP) 22k 204k 70k 102k 76k 60k
CBraMod(LoRA) 137k 320k 185k 217k 191k 175k
CSBrain(LP) 22k 205k 70k 102k 76k 60k
CSBrain(LoRA) 157k 340k 205k 236k 210k 195k
Table 6: Model parameters for LoRA and Linear probe (LP) settings across foundation models for evaluation
datasets.
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Figure 4: Total Budget sampling plot for CBramod under linear probe and LoRA settings compared to
EEGNet Large
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EEGNet Large
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LaBraM (LoRA)
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Figure 5: Total Budget sampling plot for LaBraM under linear probe and LoRA settings compared to EEG-

Net Large.

Appendix F. Full Data Results

Classification results for each evaluation dataset on
all the listed models can be found below:

e Physionet MI: Table 7

BCIC IV-2A: Table 8

Kaggle ERN: Table 9

MDD MAL: Table 10

Sleep EDF: Table 11

TUEV: Table 12

Appendix G. Sampling Rate
Ablations

Sampling rate ablations for supervised model per-
formance between native dataset and the resampled
data to match preprocessing steps of foundation mod-
els. Results are as reported in Table 13.

Appendix H. MDD MAL Sample
Efficiency Results

Sample efficiency results for MDD MAL dataset are
reported in Table 14

Appendix I. MDD MAL Channel
Efficiency

Additional channel efficiency results for MDD MAL
dataset are reported in Table 15.
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Model BAC F1-Macro K
Supervised Models
EEGNet 61.34 £1.91 61.40 £ 1.96 48.45 + 2.54
EEGNet Large 61.85+1.95 61.83 + 2.02 49.14 £+ 2.59
EEGNet Huge 61.74 £ 1.75 61.70 £ 1.81 49.00 £ 2.34
EEGNeX 65.58 +1.73 65.65+1.82 54.13 +2.30
SparcNet 62.02 £ 1.54 61.85 £+ 1.57 49.37 £ 2.05
LaBraM
Full-finetune 57.25 + 1.55 57.22 +1.62 43.02 £ 2.05
Linear Probe 48.82 +1.31 48.74 £ 1.30 31.77 £ 1.77
LoRA 49.10 £ 1.32 49.06 £ 1.30 32.16 £ 1.74
CBraMod
Full-finetune 64.02 + 2.52 63.96 + 2.47 52.06 £ 3.36
Linear Probe 51.97 +1.63 51.84 +1.53 35.98 £ 2.17
LoRA 62.05 £ 2.52 61.94 £ 2.51 49.41 £ 3.36
CSBrain
Full-finetune 62.34 £+ 2.33 62.22 + 2.38 49.80 £+ 3.10
Linear Probe 51.81 + 1.66 51.59 + 1.52 35.77 £ 2.21
LoRA 58.95 + 1.78 58.90 + 1.72 45.28 £ 2.37

Table 7: Classification results for Physionet MI dataset for Supervised and Foundation Models. Balanced
Accuracy (BAC), F1-Macro and Cohens Kappa (k) metrics are reported. Best value under each

metric is reported in bold.
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Model BAC F1-Macro K
Supervised Models
EEGNet 54.96 + 7.05 53.64 + 7.32 39.94 +£9.40
EEGNet Large 58.14 + 7.07 56.84 + 7.78 44.19 £9.43
EEGNet Huge 58.76 + 6.60 57.86 + 7.20 45.01 £ 8.80
EEGNeX 59.10 +£11.25 56.93+13.38 45.47 £+ 15.00
SparcNet 56.96 + 10.43 55.09 +12.31 42.62 £ 13.91
LaBraM
Full-finetune 50.58 + 9.20 49.01 £10.22 34.10 +12.26
Linear Probe 45.25 £ 5.47 43.62 £6.15 27.01 £7.29
LoRA 42.57 £ 5.47 41.09 £ 6.06 23.43 +7.29
CBraMod
Full-finetune 56.15 £ 8.77 54.91 + 9.51 41.54 £11.69
Linear Probe 43.81 £5.18 42.89 £5.35 25.08 +6.91
LoRA 51.37+11.95 48.08 £ 14.32 35.16 + 15.93
CSBrain
Full-finetune 55.27 + 8.39 54.18 + 8.82 40.35 £11.19
Linear Probe 46.51 £+ 6.82 44.88 £8.19 28.68 + 9.09
LoRA 55.83 + 6.46 54.61 + 6.91 41.10 £ 8.61

Table 8: Classification results for BCI Competition IV-2A dataset for Supervised and Foundation Models.

Balanced Accuracy (BAC), F1-Macro and Cohens Kappa (k) metrics are reported. Best value
under each metric is reported in bold.
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Model BAC AUROC K
Supervised Models
EEGNet 62.74 +2.09 65.06 = 1.83 27.76 £ 4.39
EEGNet Large 64.94 +2.23 68.41 +1.80 32.43 £4.70
EEGNet Huge 64.54 +1.48 68.12 +1.02 31.29 + 3.06

EEGNeX 65.00 +=1.38 70.69+1.19 33.49+ 2.55

SparcNet 61.70 £ 1.30 66.49 + 2.30 24.47 + 3.14
LaBraM

Full-finetune 58.51 £ 1.79 64.39 £ 1.92 18.66 £+ 2.81

Linear Probe 56.11 £+ 0.97 60.89 £ 2.01 13.15+2.15

LoRA 58.25 + 1.04 63.06 £ 1.59 17.20 £ 2.58
CBraMod

Full-finetune 61.47 £1.25 68.21 +£1.43 24.49 + 2.44

Linear Probe 57.72 £ 0.57 64.34 £ 1.06 17.33 £1.32

LoRA 60.71 £ 1.02 66.36 £ 1.20 22.24 +1.91
CSBrain

Full-finetune 63.19 &+ 1.60 70.42 + 1.99 28.16 £ 2.30

Linear Probe 60.97 £1.19 65.48 £ 0.81 21.76 + 2.84

LoRA 61.55 £ 1.20 67.49 £ 1.53 24.53 + 1.89

Table 9: Classification results for Kaggle ERN dataset for Supervised and Foundation Models. Balanced
Accuracy (BAC), AUROC and Cohens Kappa (k) metrics are reported. Best value under each
metric is reported in bold.
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Model BAC AUROC K
Supervised Models
EEGNet 86.89 + 3.88 93.17 £ 3.33 72.39 £ 7.97
EEGNet Large 84.98 £+ 6.82 90.98 £ 6.65 68.83 +£13.14
EEGNet Huge 83.61 £7.21 90.64 £+ 4.28 66.03 £ 13.78
EEGNeX 86.21 £ 8.36 93.36 £ 5.08 71.44 + 16.67
SparcNet 79.32 £+ 6.22 91.10 £5.92 57.74 £12.03
LaBraM
Full-finetune 88.72 £3.12 95.61 £ 2.75 76.61 +£6.71
Linear Probe 87.24 £ 4.68 93.78 £4.35 73.81 +9.08
LoRA 87.88 £4.30 93.67 £4.15 75.12 +9.16
CBraMod
Full-finetune 83.08 £ 6.69 91.72 £6.25 64.94 + 12.66
Linear Probe 80.71 £5.43 87.73 £7.42 60.72 £11.29
LoRA 83.95 £+ 10.10 92.16 £ 7.74 67.59 £+ 19.89
CSBrain
Full-finetune 88.81 £5.41 95.19 £ 5.30 76.69 + 10.76
Linear Probe 88.03 £ 5.46 95.40 £ 4.00 75.48 +11.11

LoRA 89.34 +5.54 96.08 +4.03 77.99+11.05

Table 10: Classification results for supervised and foundation models trained on depression classification task
using MDD MAL dataset. Balanced Accuracy (BAC), AUROC and Cohens Kappa (k) metrics
are reported. Best value under each metric is reported in bold.
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Model BAC F1-Macro K
Supervised Models
EEGNet 70.20 +1.29 64.58 £+ 2.22 71.94 +2.43
EEGNet Large 71.61 +1.20 65.87 £ 2.26 73.51 +£1.71
EEGNet Huge 71.14 +1.36 66.53 £ 1.02 74.14 +1.64
EEGNeX 70.31 +1.22 69.36 £ 1.03 77.55 £ 2.21
SparcNet 71.01 + 2.64 68.52 £ 2.73 75.41 + 2.87
LaBraM
Full-finetune 72.86 + 1.22 69.88 +2.24 75.09 + 3.22
Linear Probe 64.85 £ 0.50 63.91 £0.83 69.88 +£1.43
LoRA 65.96 £+ 1.86 64.56 £+ 2.36 71.16 +2.16

CBraMod

Full-finetune

74.58 £0.85 73.341+0.39 79.63+1.36

Linear Probe 57.71 +£1.19 59.50 + 1.28 69.48 £+ 0.80

LoRA 69.61 £ 2.22 67.06 £1.72 75.42 + 0.86
CSBrain

Full-finetune 71.17 £ 1.17 70.16 = 0.63 76.25 + 2.30

Linear Probe 63.44 £ 2.17 63.11 £1.20 67.39 £1.91

LoRA 72.73 £ 0.98 71.38 +1.69 77.80 + 2.05

Table 11: Classification results for Sleep EDF dataset for Supervised and Foundation Models. Balanced
Accuracy (BAC), F1-Macro and Cohens Kappa (k) metrics are reported. Best value under each
metric is reported in bold.
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Model BAC F1-Macro K
Supervised Models
EEGNet 51.67 +2.10 53.62 + 1.22 54.29 1+ 4.42
EEGNet Large 53.27 + 3.88 54.33 + 3.01 50.58 + 3.19
EEGNet Huge 52.58 + 1.82 51.62 + 2.00 49.31 £ 2.01
EEGNeX 47.50 £ 3.01 48.55 £+ 2.87 52.07 +2.93
SparcNet 52.10 + 3.51 49.66 £ 2.15 50.63 + 4.06
LaBraM
Full-finetune 57.58 + 1.92 53.01 + 3.43 50.83 + 4.89
Linear Probe 42.81 £2.35 38.39 £ 1.64 34.71 £ 2.42
LoRA 43.94 £+ 2.53 39.50 £1.73 35.17 £ 3.63
CBraMod
Full-finetune 54.70 + 2.34 50.46 + 1.74 50.85 + 1.65
Linear Probe 37.40 £ 1.60 36.66 + 2.58 36.91 + 3.53
LoRA 52.77 £ 1.57 50.55 + 1.32 47.49 £+ 2.38
CSBrain
Full-finetune 51.88 +2.16 45.38 + 3.55 44.38 +4.16
Linear Probe 47.35 £ 3.15 42.54 +2.79 41.76 £4.94
LoRA 52.41 £+ 2.61 47.71 £2.82 50.47 + 2.10

Table 12: Classification results for TUEV dataset for Supervised and Foundation Models. Balanced Accu-
racy (BAC), F1-Macro and Cohens Kappa (k) metrics are reported. Best value under each metric
is reported in bold.

Model Sampling Rate Physionet MI BCIC IV-2A MDD MAL Sleep-EDF
200 Hz, 62.8 57.3 84.5 69.7
EEGNet Large Native 61.9 58.1 85.0 71.6
200 Hz, 62.5 54.2 83.1 68.8
EEGNet Small Native 61.3 54.9 86.8 70.2
200 Hz, 61.5 60.2 84.5 68.9
EEGNet Huge Native 61.7 58.7 83.6 71.1

Table 13: Sampling rate ablations for model performance between native sampling rate of datasets compared
to sampling rate of foundation models (200Hz). Results indicate no noticeable impact of sampling
rate on the model performance.
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Supervised Foundation Models
Setting Budget EEGNet LaBraM CBraMod CSBrain
40 49.1 (8.8) 63.1 (16.5) 60.3 (11.8) 69.1 (12.7)
80 56.2 (10.1)  72.7 (13.7) 68.3 (8.5) 67.1 (19.3)
Linear Probe (LP) 160 66.2 (12.6) 80.6 (11.6) 73.1 (10.5) 77.0 (11.9)
320 78.1 (4.9) 86.7 (5.1) 75.6 (7.4) 82.8 (9.7)
640 84.6 (6.0) 88.0 (4.8) 77.9 (5.7) 86.4 (6.3)
40 49.1 (8.8) 62.7 (13.7) 604 (13.6) 61.1 (17.2)
80 56.2 (10.1)  69.6 (18.0) 62.5 (13.1) 75.1 (10.0)
LoRA 160 66.2 (12.6)  79.5 (11.1) 67.4 (11.7) 76.5 (12.5)
320 78.1 (4.9) 83.7 (9.0) 76.9 (14.0) 82.5 (8.4)
640 84.6 (6.0) 88.6 (4.3) 81.7 (9.6) 88.4 (5.9)

Table 14: Sample efficiency results of Linear Probe (LP) and LoRA setting for MDD MAL dataset. Results
indicate that EEG foundation models provide noticeable performance gains compared to super-
vised models under low samples for long window tasks. EEGNet does not have Linear Probe or
LoRA it is fully supervised and the results are copied to make comparison easier for linear probe
and LoRA experiments.

Model PEFT  Central Frontal Midline 1 channel per lobe 2 channels per lobe
EEGNet Large - 84.5 (7.3) 83.8(2.9) 84.5(6.8) 85.8 (7.0) 84.1 (6.5)
LaBraM LP 83.5(3.2) 86.0 (6.7) 85.7 (2.7) 89.7 (2.5) 88.7 (3.2)
LoRA 84.2 (2.0) 86.0 (8.5) 85.2(2.1) 89.0 (3.4) 89.4 (2.9)
CBraMod LP 72.2 (10.8) 76.4 (6.4) 73.8 (12.2) 73.6 (11.2) 75.0 (7.7)
LoRA 84.2 (7.4) 85.8(9.3) 87.1(3.6) 85.0 (7.1) 83.3 (9.5)
CSBrain LP 772 (9.2) 822(8.9) 79.2(9.0) 78.3 (9.8) 85.4 (4.7)
LoRA 81.8 (4.1) 82.5(9.9) 84.1(7.6) 85.5 (7.5) 87.5 (4.8)

Table 15: Channel efficiency experiments for MDD MAL dataset for supervised model EEGNet and foun-
dation models (LaBraM, CBraMod and CSBrain) under linear probe and LoRA settings.
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