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Abstract. Recent advances in EEG foundation models have predomi-
nantly relied on self-supervised learning to extract generalizable represen-
tations from large-scale datasets. However, this paradigm overlooks the
rich semantic information such as subject identities and task labels avail-
able in pre-training datasets. Therefore, it limits the model’s ability to
consider inter-subject variability and task heterogeneity in EEG datasets,
often resulting in suboptimal generalization to unseen subjects and adap-
tation to various tasks. In this paper, we propose a novel Subject- and
Task-Aware EEG Foundation Model (STEM) that fully leverages avail-
able semantic information. This method disentangles feature represen-
tations into subject-aware and task-aware components by integrating a
metric-based meta-learning with contrastive self-supervision. This max-
imizes the utility of semantic labels to guide the learning of robust
features. Extensive experiments across three downstream benchmarks
demonstrate that incorporating semantic supervision significantly en-
hances adaptation capability for various tasks and new subjects. Our
findings suggest that actively utilizing subject and task information dur-
ing pre-training is crucial for building robust EEG foundation models.
The code is available at https://github.com/SionAn/MICCAI2026STEM.
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1 Introduction

The foundation model for electroencephalography (EEG) analysis holds immense
potential to innovate various applications such as brain-computer interfaces
(BCI) [34], clinical diagnostics of neurological disorders [928], and the discov-
ery of biomarkers [6l8]. Recent studies [I3I3037] have leveraged self-supervised
learning (SSL) to pre-train models. They define pretext tasks such as masked
signal reconstruction using EEG datasets to capture temporal and channel-wise
features without manual annotations. For example, LaBraM [I3] introduces a
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vector quantized spectral tokenizer that enables the model to learn frequency-
aware representations, remaining robust despite the inherent noise of neural sig-
nals. To capture global dependencies, CBraMod [30] employs a two-directional
attention that alternately encodes temporal and spatial information, efficiently
modeling the complex interplay between channel and time dimensions. Further-
more, CSBrain [37] addresses the hierarchical nature of neural activity through
a cross-scale modeling framework, integrating features across varying resolutions
to capture the multi-scale dynamics of the brain. While SSL pre-training pro-
vides a strong feature extraction backbone, current paradigms overlook the rich
semantic information such as subject identities and task labels that are often
available in pre-training datasets. EEG signals have significant inter-subject vari-
ability and task heterogeneity arising from diverse neuroanatomical structures,
electrode locations, and recording protocols. They cause EEG signals to differ
drastically from person to person and dataset to dataset, even when performing
the identical task. Consequently, by treating these heterogeneous signals merely
as unlabeled data, existing models often struggle to learn a structured latent
space capable of handling the large variability, leading to suboptimal adaptation
to new subjects and diverse downstream tasks. Therefore, a key challenge lies
in effectively leveraging the semantic richness embedded in existing datasets to
learn representations that are robustly adaptable to new subjects and tasks.

In this paper, we introduce a novel Subject- and Task-Aware EEG Founda-
tion Model (STEM). Unlike previous methods that rely solely on SSL, STEM
actively utilizes available semantic information to address both task and subject
heterogeneity. Specifically, we integrate self-supervised contrastive learning with
a supervised metric-based meta-learning strategy to learn a general represen-
tation space that is robust to variations across subjects and adaptable to vari-
ous downstream tasks. STEM is explicitly trained to separate EEG representa-
tions into two distinct components: (1) a subject-aware feature that captures the
unique neurophysiological fingerprint of each subject, and (2) a task-aware fea-
ture that contains the subject-invariant and task-relevant information required
for downstream applications. This disentangled and meta-learned approach en-
ables efficient adaptation, improving the model’s generalization capabilities to
new subjects and new tasks. The main contributions of this work are as follows:

1. We propose a novel EEG foundation model that moves beyond SSL pre-
training by integrating a supervised metric-based meta-learning framework.
This approach fully leverages the semantic information such as subject and
task labels available in large-scale EEG datasets to structure the latent space.

2. We introduce a feature disentanglement with meta-learning to explicitly sep-
arate subject- and task-aware representations. This mitigates the variability
in EEG signals, ensuring the model learns features that are both robust to
individual neurophysiological differences and adaptable to new tasks.

3. We demonstrate through extensive experiments that our model achieves con-
sistent improvements on three downstream benchmark datasets. The results
validate that explicitly modeling subject and task semantics is essential for
building general-purpose EEG foundation models.
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Fig. 1: The overview of STEM. The model comprises a shared encoder, a decom-
poser and three distinct decoders. EEG sample first is embedded with frequency,
spatial and sequential embedding and then fed into the encoder. The encoded
features are utilized in two pathways: (1) direct input to Dye; 5 for self-supervised
contrastive learning with an augmented view, and (2) disentanglement via a de-
composer into subject-aware and task-aware features, which are processed by
Dgupject and Dyqgp, respectively, for meta-learning.

2 Method

We present the Subject- and Task-Aware EEG Foundation Model (STEM) de-
signed to fully exploit the semantics embedded in the dataset i.e., subject identi-
ties and task labels. The objective is to learn the generalizable feature space that
can be effectively adapted to new subjects and new tasks. We employ the meta-
learning strategy with disentanglement of the latent representation into subject-
dependent and task-dependent features. As shown in Fig. [l STEM comprises
a shared encoder followed by three specific decoders that are jointly optimized
metric-based meta-learning [II2] and self-supervised contrastive learning.
NTS

For pre-training, we use the task-related dataset D75 = {(z;,v$,%})}Y, and
RS

unlabeled dataset D% = {(z;,y3)}}, . Here, z € R®*” represents the EEG
signals with C' channels and 7" time points. y® denotes the subject ID of x and
y! denotes the task such as right-hand in motor imagery task corresponding to

z. NTS and NB9 are the number of EEG signals in DT and D®¥| respectively.

Patch embedding. We adopt a patch-based tokenization strategy. Given x,
we first segment into a sequence of non-overlapping patches along the time-axis.
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z is reshaped into a sequence of patches z, € REXPXL where P is the number

of patches and L is the length of each patches. These patches are then mapped
into a latent space of dimension D using a 1D convolutional neural network ¢
consisting of three layers with a kernel size of 3. To encode the temporal order of
patches, the spectral information of sequences, and the spatial configuration of
electrodes, we employ three learnable embeddings: (1) a sequential embedding
E,eq uses fixed sinusoidal position encoding [29]. It is then passed through a
linear projection Weq. (2) a frequency embedding Ey,¢, first applies a Fourier
transform to x. The magnitude of the complex spectrum is then computed,
resulting in a spectral feature vector for each patch. It is then passed through
a linear projection Wy,., (3) a spatial embedding Ej,, uses 3D coordinates of
electrodes. It is then mapped to the latent space using a linear projection W,.
The final patch embedding FE is obtained by linear summation of them i.e.,
E = ¢(xp) + Eseq + Efreq + Espa, encoding the spatiotemporal and spectral
context of EEG signals.

The final embedding F is fed into the shared encoder. The output z is then
distributed into two pathways. First, z is directly input to the self-supervised
decoder D¢, resulting z*¢lf . Simultaneously, z is processed by a decomposer
that disentangles z into subject- and task-dependent features. These features are
subsequently forwarded to the subject decoder Dy, and the task decoder Dy,
resulting z%“? and 2'*** respectively.

Subject-aware meta-learning. To consider the inter-subject variability and
utilize semantic information regarding to subject identities, we employ the binary
classification as meta-learning objective, operating under the assumption that
identifying the subject constitutes a distinct meta-task. Specifically, we adopt
an asymmetric sampling strategy where the positive is represented by samples
X fr“b = {(T4+ .k ¥3, o) HE | sharing the same subject identity, while the negative
is represented by a single sample (z_,y® ) with a different subject identity. This
stabilizes training by enforcing a direct comparison against a sample-level neg-
ative feature rather than an aggregated prototype.

For a query embedding zé“b with subject label y;, we compute the positive
prototype ci“b as the mean of representations from X jub, while the negative
prototype ¢*“? corresponds to the extracted features from negative sample x_.
We define the probability distribution over the subjects for zj“b based on the
cosine similarity sim to the prototypes as follows:
exp(sim (25", ¢5"0) /)

suby __
) exp(sim(zg“b, Ci“b)/T) + exp(sim(z;“b, by /1)’

p(vs = y;lz;

(1)

where 7 is a temperature hyperparameter. Finally, the subject-aware loss Ly is
calculated as the negative log-likelihood of the true class probability as follows:

Louwp = — logp(yj- = y2|zgub)

Task-aware meta-learning. To facilitate effective adaptation to diverse tasks
and leverage task semantics, we employ the 2-way K-shot metric-based meta-
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learning objective. Specifically, for a query zé‘“k with task label yé, we sample
both a positive support set Xfr‘“”k = {(xﬁk,yi,k)}k[(:l and a negative support
set Atesk — {(a:_7k,yt_7k)}£(:1, where y! = 3 # y°. We compute the task
prototypes c{*** and c'*** by averaging the representations of X*** and Ao,
respectively. We define the probability distribution over the task for zf]“k based
on the cosine similarity to the prototypes as follows:

exp(sim(zéa‘gk, ctasky /7)

tasky\ __
)= exp(sim(zfesk, c{#F) /T) + exp(sim(zfesk, cl@sk) /)"

Py = yhl2,

(2)

Finally, the task-aware loss L5 is calculated as the negative log-likelihood of

the true class probability as follows: Lyqsr = —logp(y', = yk|ztsk).

Auxiliary self-supervised learning. We incorporate the self-supervised con-
trastive learning to leverage abundant unlabeled EEG signals such as resting-
state EEG signals. Instead of masked signal reconstruction, we adopt the con-
trastive learning object to capture the global semantic representations. Specifi-
cally, we generate a positive augmented view x,,qs% for by randomly masking.
Both are processed by the shared encoder and the self-supervised decoder D¢
to obtain the final representations z°¢*/ and zf,f(ll];k The model is trained to dis-
tinguish this positive pair from other samples in the batch by minimizing the
contrastive loss Ly following [7] as follows:

exp(sim(z*¢/ z;fij;k)/T)

(3)

‘CSElf == 10g 2B . sel )
ijlH‘[ﬁéi] exp(sim(zself, z; f)/T)

where B is the batch size.

Overall objective. The training of STEM is conducted in two phases. In the
pre-training phase, STEM is optimized using a linear combination of Lsyp, Liask
and Lge 5. This enforces the model to simultaneously learn a structured metric
space that disentangles subject and task information while also capturing robust
global features from the EEG signal. In the fine-tuning phase, the pre-trained
STEM is adapted to specific downstream tasks. D¢ is discarded and a classifier
is appended to the output of D,,sr. The entire model is then fine-tuned end-
to-end by minimizing a combination of L5, Liask, and the cross-entropy loss.
This strategy ensures that STEM maintains the disentangled structure robust
to inter-subject variability while optimizing for the downstream tasks.

3 Experimental Settings

Pretraining datasets. For the pre-training, we use 18 publicly available EEG
datasets consisting of various tasks such as the motor imagery [SITTIT5I221232433136] ,
emotion recognition [20034135], seizure detection [10], and others [T6IT7ITI25I26127].
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Table 1: The details of the downstream tasks.

Dataset Task Class Channel Hz  Train/Val/Test
PhysioNet-MI [2I] Motor Imagery 4 64 160 70/10/29
SHU-MI [18] Motor Imagery 2 32 250 15/5/5
ISRUC [14] Sleep staging 5 6 200 80/10/10

Following previous studies [30], the EEG signals are preprocessed using a 0.1-75
Hz bandpass filter and a 50/60 Hz notch filter to suppress powerline interference.
Subsequently, the signals are resampled to 200 Hz. Each sample was segmented
into 4-second windows, resulting in 20 patches i.e., P = 20 and L = 40. We
sort the channel order according to a standard montage provided by the MNE
python library [12]. We scaled each sample to fall within the range of -3 to 3 uV.

Downstream tasks. For the evaluation, we use three datasets for two task-
related EEG analysis [2I[I8] and a state-related EEG analysis [14] on cross-
subject evaluation. The details are shown in Table [I} For task-related EEG
analysis, we employ two motor imagery datasets such as PhysioNet-MI [2I] and
SHU-MI [I8]. For PhysioNet-MI dataset, we first resample each sample to 200Hz.
Subsequently we applied a 0.1 Hz highpass filter to remove low-frequency drift
and a 60 Hz notch filter to remove power line interference. For SHU-MI dataset,
we resample each sample to 200 Hz. For state-related EEG analysis, we employ
a sleep staging dataset such as ISRUC [14]. We applied a 0.1-75 Hz bandpass
filter and a 50 Hz notch filter to remove power line interference.

Implementation details. We employ the eight attention heads transformer-
based architecture [30] for four layers encoder and two layers decoders. We set
the feature dimension to 256. We sample three support samples i.e., K = 3.
The decomposer consists of a 1D convolutional layer with a kernel size of 3. It
operates in a patch-wise manner, maintaining the same dimensionality as the
input. We fully randomly mask the half of EEG patches for SSL. The model is
trained using AdamW optimizer during 3M iterations with a cosine annealing
learning rate scheduler gradually anneals the learning rate from le-4 to le-5,
7 = 0.07 and B = 8. For evaluation, we fine-tune the pre-trained model over
50 epochs using AdamW optimizer. We employ a sequential learning rate sched-
uler: a linear warm-up phase for the first 5 epochs to 5e-4, followed by cosine
annealing to decay the learning rate to a minimum of le-6. The optimal model
checkpoint is selected based on the highest Kappa or Precision-Recall score. We
re-implement CbraMod [30], CSBrain [37] and EEG-DINO [31] by following their
official codebases for a fair comparison.

4 Experimental Results

Performance comparison. Table [2| presents the performance on task-related
EEG analysis using the PhysioNet-MI and SHU-MI datasets. STEM outperforms
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Table 2: The comparison of task-related EEG analysis performance. The best
score denoted in bold.

PhysioNet-MI SHU-MI
Method Params (M) — e o FI Acc  AUCPR AUROC
BIOT [32] 33 006153 04875 06158 06179 0.6770 0.6609
LaBraM [I3] 58  0.6173 04912 0.6177 0.6166 0.6761 0.6604
CBraMod [30] 4.0  0.6225 04966 0.6224 0.6184 0.6745 0.6754
CSBrain [37] 49 06117 04821 06111 0.6091 06720 0.6818
STEM 31 0.6242 0.4989 0.6232 0.6226 0.6753 0.6782

Table 3: The comparison of state-related EEG analysis performance. The best
score denoted in bold.

Method Params (M) Acc Kappa F1

BIOT [32] 3.2 0.7527 0.7192 0.7790
LaBraM [I3] 5.8 0.7633 0.7231 0.7810
CBraMod [30] 4.0 0.7673 0.7368 0.7947
CSBrain [37] 4.9 0.7633 0.7176 0.7792
EEG-DINO [3T] 201 0.7725 0.7441 0.8004
STEM 3.1 0.7863 0.7509 0.8036

task-specific supervised learning baselines and foundation models, even with the
minimum number of parameters. Specifically, STEM on PhysioNet-MI achieves
the best performance on all metrics, demonstrating its superior capability in han-
dling high inter-subject variability. Furthermore, STEM on SHU-MI attains the
highest accuracy and maintains competitive performance in AUROC (2nd best)
and AUCPR (3rd best) even if STEM has fewer parameters compared to other
foundation models. These findings confirm that explicitly modeling subject and
task semantics through our meta-learning framework yields more generalizable
representations than methods relying solely on self-supervised learning.

We further evaluate STEM on state-related EEG analysis tasks using the
ISRUC, as shown in Table 3] On the ISRUC dataset, STEM achieves state-
of-the-art performance, outperforming the massive EEG-DINO model despite
having only 3.1 M parameters. These results demonstrates that our subject- and
task-aware meta-learning framework is significantly more efficient than simple
model scaling, effectively capturing complex neurophysiological states. Across
all datasets, the performance gaps of STEM over the baselines are statistically
significant, with p-values smaller than 0.05.

Ablation study. To validate the effectiveness of our proposed components, we
conducted an ablation study comparing STEM with three variants such as a
reconstruction-based masked autoencoder (w/ MAFE), models without subject-
aware (w/o Subject), and task-aware (w/o Task) meta-learning. As shown in
Table[d, STEM consistently achieves the highest accuracy across all three bench-
marks, with statistically significant improvements over all variants at p-values
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Table 4: The comparison of performance with varying training strategy. The best
score denoted in bold.

Method PhysioNet-MI SHU-MI ISRUC
erho Acc Kappa F1 Acc AUCPR AUROC Acc Kappa F1
STEM 0.6242 0.4989 0.6232 0.6226 0.6753 0.6782 0.7863 0.7509 0.8036

w/ MAFE 0.6146 0.4859 0.6134 0.6104 0.5231 0.5827 0.7707 0.7319 0.7918
w/o Subject 0.6203 0.4936 0.6170 0.6218 0.6661 0.6936 0.7825 0.7288 0.7917
w/o Task 0.6211 0.4967 0.6196 0.6177 0.6609 0.6844 0.7782 0.7315 0.7917

(a) PhysioNet-MI == CBraMod == STEM (b) ISRUC == EEG-DINO == STEM
0.8 0.7 0.8 0.82
0.8 0.76
0.6
0.7 0.7 078 074 0.8
il 2wl I '7 || N [
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Accuracy Kappa F1 Accuracy Kappa F1

Fig. 2: Results on the PhysioNet-MI and ISRUC datasets with K’ labeled EEG
signals from target subject. The best baseline on each dataset i.e., both CBraMod
and EEG-DINO are marked as blue and STEM are marked as red.

smaller than 0.05. Specifically, STEM outperforms w/ MAFE, demonstrating that
our semantic contrastive learning yields more discriminative features than sim-
ple signal reconstruction. Furthermore, the performance drops observed in w/o
Subject and w/o Task confirm that explicitly disentangling subject variability
and leveraging task semantics are helpful in robust generalization. These re-
sults highlight the necessity of integrating both subject and task information to
effectively handle the heterogeneity of EEG signals.

Few-shot adaptation. To evaluate the capability of STEM to personalize to
new subject, we compare few-shot adaptation performance on unseen target
subjects. Specifically, we first fine-tune the model on each downstream dataset
using Lg,p and L;q4, and additionally use K’ support samples for each class
following [2]. We predict the task label based on the cosine similarity between
zé‘”k and the prototypes obtained by averaging K’ support samples for each
class. As shown in Figure[2] While the best baseline on each dataset suffers from
performance degradation in the 5-shot setting due to the overfitting, STEM con-
sistently improves across all metrics as K’ increases. This highlights the stability

of STEM, demonstrating its reliability for personalized BCI applications.

5 Conclusion

In this paper, we propose a novel subject- and task-aware EEG foundation model
that fully leverages available semantic information, overcoming the limitations
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of existing self-supervised pre-training paradigms. By employing a metric-based
meta-learning framework, the proposed method explicitly disentangles EEG rep-
resentations into subject-aware and task-aware components. This structured la-
tent space effectively addresses the challenges of inter-subject variability and
task heterogeneity in EEG datasets. Extensive experiments across diverse down-
stream tasks demonstrate that the proposed method achieves state-of-the-art
performance and exhibits the efficiency compared to existing foundation models.
Furthermore, our few-shot adaptation results highlight its reliability for person-
alization with minimal target data. Ultimately, STEM underscores the critical
importance of actively utilizing both subject and task semantics to build EEG
foundation models.
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