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Abstract
Electroencephalography (EEG) is a non-invasive
technique widely used in brain-computer inter-
faces and clinical applications, yet existing EEG
foundation models face limitations in modeling
spatio-temporal brain dynamics and lack chan-
nel permutation equivariance, preventing robust
generalization across diverse electrode configu-
rations. To address these challenges, we pro-
pose DIVER-0, a novel EEG foundation model
that demonstrates how full spatio-temporal atten-
tion—rather than segregated spatial or temporal
processing—achieves superior performance when
properly designed with Rotary Position Embed-
ding (RoPE) for temporal relationships and bi-
nary attention biases for channel differentiation.
We also introduce Sliding Temporal Conditional
Positional Encoding (STCPE), which improves
upon existing conditional positional encoding ap-
proaches by maintaining both temporal translation
equivariance and channel permutation equivari-
ance, enabling robust adaptation to arbitrary elec-
trode configurations unseen during pretraining.
Experimental results demonstrate that DIVER-0
achieves competitive performance with only 10%
of pretraining data while maintaining consistent
results across all channel permutation conditions,
validating its effectiveness for cross-dataset gen-
eralization and establishing key design principles

*Equal contribution 1Interdisciplinary Program of Artificial
Intelligence, Seoul National University, Seoul, South Korea
2Department of Brain and Cognitive Science, Seoul National Uni-
versity, Seoul, South Korea 3Department of Psychology, Seoul Na-
tional University, Seoul, South Korea 4Interdisciplinary Program
in Neuroscience, Seoul National University, Seoul, South Korea
5Department of Medical Device Development, Seoul National
University, Seoul, South Korea 6Brookhaven National Laboratory,
Upton, NY, USA 7Department of Neurosurgery, Seoul National
University Hospital, Seoul, South Korea 8Department of Neuro-
surgery, Seoul National University Hospital, Seoul, South Korea.
Correspondence to: Chun-kee Chung <chungc@snu.ac.kr>, Jiook
Cha <connectome@snu.ac.kr>.

Proceedings of the Workshop on Generative AI for Biology at the
42nd International Conference on Machine Learning, Vancouver,
Canada. PMLR 267, 2025. Copyright 2025 by the author(s).

for handling the inherent heterogeneity of neural
recording setups.

1. Introduction
Electroencephalography (EEG) is a non-invasive neurophys-
iological technique that measures electrical activity gener-
ated by synchronized neuronal firing through electrodes
placed on the scalp. With its high temporal resolution,
portability, and affordability (Nicolas-Alonso & Gomez-
Gil, 2012), EEG has been widely and effectively utilized
in brain-computer interfaces (Schalk et al., 2004; Zhang
et al., 2019), clinical diagnostics (Meghdadi et al., 2021),
cognitive neuroscience research (Cohen, 2017), and in con-
trolling assistive and rehabilitation devices for patients with
neurological conditions (Meng et al., 2016).

EEG decoding has evolved significantly from early tradi-
tional machine learning approaches (Lotte et al., 2007) that
relied on hand-crafted features to sophisticated deep learn-
ing architectures (Craik et al., 2019), including convolu-
tional neural networks (Lawhern et al., 2018) and trans-
formers (Song et al., 2022) that automatically learn hier-
archical representations from raw signals (Schirrmeister
et al., 2017; Li et al., 2022; Bagchi & Bathula, 2022; Huang
et al., 2022). More recently, following the success of foun-
dation models in other domains, researchers have begun
embracing self-supervised learning (SSL) paradigms, pre-
training large-scale models on massive amounts of unla-
beled EEG data (Wang et al., 2024a; Jiang et al., 2024;
Mohammadi Foumani et al., 2024; Shi et al., 2024; Chien
et al., 2022; Kostas et al., 2021; Wang et al., 2024b) to learn
generic neural representations that can be fine-tuned for
diverse downstream tasks. This paradigm shift promises
to address fundamental challenges including data scarcity,
cross-subject variability, and computational overhead of
task-specific model development, while unlocking new ca-
pabilities for understanding and decoding complex neural
signals.

However, existing EEG foundation models fail to address
two critical limitations that constrain their effectiveness:

Overly restrictive modeling of spatio-temporal brain dy-
namics. Current approaches are constrained in its ability to
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capture the complex interactions between brain regions due
to their treatment of multi-channel EEG data. Most meth-
ods fall into one of three restrictive categories. First, many
approaches structurally segregate spatial and temporal pro-
cessing by having separate spatial and temporal encoders
(Chau et al., 2025; Zhang et al., 2023; Shi et al., 2024)
or dedicated spatial and temporal attention blocks/heads
(Dimofte et al., 2025; Wang et al., 2024b). While compu-
tationally efficient, this rigid separation cannot adequately
model the brain’s distributed dynamics, where neural re-
gions interact through temporally extended dependencies
(Deco et al., 2011) and temporal and phase lags (Stam et al.,
2007; Fries, 2005; Varela et al., 2001). Second, other meth-
ods collapse or flatten the channel dimension and eliminate
spatial structure early in processing (Wang et al., 2024a;
Mohammadi Foumani et al., 2024). This creates an infor-
mation bottleneck that prevents the model from querying
specific spatial relationships in later layers. Third, remain-
ing approaches apply full attention with spatio-temporal
input embeddings (Jiang et al., 2024), which means that
they cannot adapt to electrodes not seen during pretrain-
ing, which is common in EEG where different researchers
use varying electrode montages (Jurcak et al., 2007; Xu
et al., 2020) or custom spatial configurations (Atcherson
et al., 2007), limiting applicability across diverse recording
setups.

Lack of channel permutation equivariance and poor gen-
eralization across electrode configurations. Current EEG
foundation models fail to properly handle the fundamental
requirement that model performance should be invariant
to electrode ordering—a critical property for generalizing
across diverse channel numbers and setups. Many methods
use absolute channel embeddings that learn fixed representa-
tions for specific electrode positions, making them unable to
generalize to unseen electrode configurations or montages.
While recent methods like ACPE (Wang et al., 2024b) at-
tempted to address cross-dataset transfer by using asym-
metric conditional positional encoding to dynamically learn
spatial relationships, it still fails to maintain proper permuta-
tion equivariance because it applies convolutions across both
spatial (channel) and temporal dimensions simultaneously.
This architectural choice breaks the fundamental mathe-
matical property that the model should perform identically
regardless of channel ordering.

To address these limitations, we propose a full-attention ar-
chitecture with novel condition positional encoding schemes
that maintain both temporal translation equivariance and
channel permutation equivariance, enabling robust general-
ization across diverse electrode configurations and experi-
mental setups.

• We present DIVER-0, a new EEG foundation model
that demonstrates competitive performance across rep-

resentative downstream BCI tasks with different elec-
trode configurations, while maintaining strict permuta-
tion equivariance—a critical property for cross-dataset
generalization.

• We introduce the DIVER transformer block with uni-
fied spatio-temporal attention, combining Rotary Posi-
tion Embedding (RoPE) (Su et al., 2024) for temporal
relationships and binary attention biases (Woo et al.,
2024) for channel differentiation while maintaining
permutation equivariance across electrode orderings.

• We propose Sliding Temporal Conditional Positional
Encoding (STCPE) that preserves both temporal trans-
lation equivariance and channel permutation equivari-
ance, enabling robust generalization to arbitrary elec-
trode configurations unseen during pretraining.

2. Methods
2.1. Architecture

2.1.1. PATCH ENCODING

We divide the raw EEG signal from each channel into small
patches of 1 second duration, with each patch containing
200 samples (at 200 Hz sampling rate). After masking, each
patch undergoes a two-step patch encoding process. First,
the raw patch is processed through patch-wise convolutional
neural networks (CNNs) to extract temporal features. The
spectral pathway then applies Fast Fourier Transform (FFT)
to this CNN output. The final patch encoding is obtained
by element-wise addition of the CNN features and their
frequency domain transformation. This approach creates
a unified patch representation that combines the original
temporal features with their spectral characteristics derived
from the same CNN-processed signal.

2.1.2. SLIDING TEMPORAL CONDITIONAL POSITIONAL
EMBEDDING (STCPE)

Following patch encoding, we apply Sliding Temporal Con-
ditional Positional Embedding (STCPE). Conditional Po-
sitional Encoding (CPE) originally uses convolutional net-
works to dynamically generate positional encodings from
spatial-temporal neighborhoods, which was successfully
adapted as Asymmetric Conditional Positional Encoding
(ACPE) in CBraMod (Wang et al., 2024b), achieving state-
of-the-art performance across multiple downstream BCI
tasks. The STCPE mechanism, in contrast, operates by
sliding a transformer block across the temporal dimension,
where at each time step, the transformer processes patches
from all channels simultaneously, computing positional
information by aggregating outputs across this temporal
sliding window. The STCPE is constructed using DIVER
encoder blocks (see Section 2.1.3), which incorporate both
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Figure 1. Overview of DIVER-0 architecture and pretraining EEG signals are segmented into 1-second patches (200 samples at 200
Hz). After masking, each patch undergoes patch encoding through patch-wise convolutional neural networks (CNNs) for temporal
features, with spectral features obtained via Fast Fourier Transform (FFT) and element-wise addition. The Sliding Temporal Conditional
Positional Embedding (STCPE) is computed by summing outputs from sliding transformer encoders across the temporal dimension.
These embeddings are then processed by DIVER encoder blocks, which employ unified full self-attention across both temporal and spatial
dimensions. Within each encoder block, temporal relationships are encoded using Rotary Position Embedding (RoPE) (Su et al., 2024),
while channel identity is encoded through binary attention biases (Woo et al., 2024; Liu et al., 2024). The model is pretrained using
masked patch reconstruction.

Rotary Position Embedding (RoPE) (Su et al., 2024) for
temporal awareness and binary attention bias (Woo et al.,
2024) for channel differentiation, enabling the model to dis-
tinguish between different channels and timepoints during
the positional encoding process.

Unlike ACPE (Wang et al., 2024b) that applies asymmet-
ric convolutions across both spatial (channel) and tempo-
ral dimensions simultaneously, our STCPE design main-
tains crucial mathematical properties: temporal transla-
tion equivariance and channel-wise permutation equiv-
ariance. This enables STCPE to provide generalizable
positional encodings for arbitrary electrode orderings and
configurations not seen during pretraining, while also being
invariant to temporal shifts in the input signals.

To manage computational complexity, linear projection lay-
ers are applied before and after STCPE to reduce the em-
bedding dimension during this positional encoding stage.
The final patch embeddings with positional information
are obtained as Xo = X + PE = {xi,j + pei,j |i ∈
[1, 2, ..., C], j ∈ [1, 2, ..., N ]}, where Xo ∈ RC×N×D rep-
resents the patch embeddings enhanced with relative posi-
tional information.

2.1.3. DIVER ENCODER

After applying the STCPE, the sequence of embeddings
is fed into the DIVER encoder, which follows a structure
similar to the full attention Transformer enhanced with com-
ponents from MOIRAI (Woo et al., 2024). The encoder
incorporates two key mechanisms: rotary positional embed-
ding to encode temporal relationships between time points,
and binary attention bias to inform the model when two
electrodes represent the same channel.

The attention mechanism can be formulated as follows,
where for clarity we omit layer and attention head indices
as well as scaling factors. The attention score between the
(i,m)-th query (where i denotes the time index and m de-
notes the electrode index) and the (j, n)-th key is computed
as:

Eij,mn = (WQxi,m)TRi−j(W
Kxj,n)

+ u1 ∗ 1{m=n} + u2 ∗ 1{m ̸=n},

Aij,mn =
exp{Eij,mn}∑
k,o exp{Eik,mo}

(1)

where WQxi,m,WKxj,n ∈ Rdh are the query and key
vectors, Ri−j ∈ Rdh×dh is the rotary projection matrix,
u1, u2 ∈ R are learnable scalars that can be different in
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each head, 1{cond} = 1 if cond is true, and 1{cond} = 0
otherwise.

2.2. Pretraining

DIVER was pretrained on the extensive Temple University
Hospital EEG Corpus (TUEG) dataset (Obeid & Picone,
2016), one of the largest publicly available EEG datasets
comprising of 69,652 clinical recordings from 14,987 sub-
jects. This dataset provides approximately 30,000 hours
of EEG data, ideal for pretraining models to learn robust
neural representations across diverse clinical populations
and pathological conditions.

The preprocessing pipeline closely followed the methodol-
ogy established in CBraMod (Wang et al., 2024b). Briefly,
the raw EEG signals underwent bandpass filtering (0.3-75
Hz) to remove low and high-frequency artifacts, followed
by a 60 Hz notch filter to eliminate power line interference.
All recordings were resampled to 200 Hz and segmented
into 30-second non-overlapping training samples. Signals
exceeding 100 µV amplitude were automatically rejected to
ensure data quality, and 19 standard EEG channels follow-
ing the 10-20 system were selected for analysis.

The DIVER backbone consists of 12 DIVER encoder blocks
with a hidden dimension of 200, inner feed-forward di-
mensions of 800, and 10 attention heads. As illustrated
in Figure 1, the model also employs a novel embedding
strategy combining patch-wise CNN projection, spectral
features, and Sliding Temporal Conditional Positional En-
coding (STCPE) with a temporal window size of 7 seconds.

Training was conducted using the AdamW optimizer with
a learning rate of 5 × 10−4 for pretraining on 10% of the
data and 1 × 10−4 for full dataset pretraining, with corre-
sponding weight decay values of 5 × 10−4 and 1 × 10−3

respectively. The model was implemented using Python
3.12.7 and PyTorch 2.5.1 with CUDA 12.1 support, and
training was performed on compute nodes equipped with
four NVIDIA A100 40GB GPUs.

2.3. Finetuning

Finetuning was done on two downstream datasets, FACED
and PhysioNet-MI. FACED dataset (Chen et al., 2023) con-
tains 32-channel EEG recordings from 123 subjects who
watched 28 emotion-elicitation video clips covering nine
emotion categories. PhysioNet-MI (Goldberger et al., 2000)
refers to the EEG Motor Movement/Imagery Dataset from
PhysioNet (Goldberger et al., 2000), which consists of more
than 1500 EEG recordings from 109 volunteers performing
a series of real and imagined motor tasks, with data recorded
from 64 electrodes. Implementation details including hyper-
parmeters are detailed in Appendix A.1.

3. Experiments
3.1. Downstream Task Performance

We evaluate DIVER-0 on two representative BCI tasks,
FACED (Chen et al., 2023) and PhysioNet-MI (Goldberger
et al., 2000), with different electrode configurations. Table 1
presents the performance comparison against state-of-the-art
baselines including both non-foundation models (EEGNet,
SPaRCNet, ST-Transformer, EEGConformer) and recent
EEG foundation models (LaBraM-Base, CBraMod).

DIVER-0 pretrained on 10% of the TUEG corpus achieves
competitive performance across both tasks. On FACED,
DIVER-0 achieves 59.2% balanced accuracy and 54.0%
Cohen’s Kappa, outperforming all baselines including
CBraMod (55.1% balanced accuracy). On PhysioNet-MI,
DIVER-0 achieves 62.8% balanced accuracy and 50.4%
Cohen’s Kappa, demonstrating robust cross-dataset trans-
fer. While CBraMod achieves slightly higher performance
(64.2%), DIVER-0’s competitive results using only 10% of
pretraining data highlight the efficiency of our approach.

These results validate the effectiveness of our unified spatio-
temporal attention approach and STCPE for handling di-
verse electrode configurations while maintaining strict per-
mutation equivariance.

3.2. Component Ablation Analysis

To validate the contribution of each architectural component,
we conduct comprehensive ablation studies presented in Ta-
ble 2. For computational efficiency, all models in this anal-
ysis were pretrained using 10% of the TUEG corpus. We
systematically remove or replace key components: patch-
wise CNN encoding, spectral embedding, STCPE, RoPE,
binary attention biases, and compare different transformer
block designs.

The results reveal nuanced insights about component con-
tributions across different task types. On the FACED emo-
tion recognition task, DIVER-0 achieves the highest perfor-
mance (59.2% balanced accuracy), with each component
contributing meaningfully: removing patch-wise CNN en-
coding leads to a 1.9% drop, removing spectral embedding
causes a 1.2% decrease, and replacing DIVER blocks with
vanilla transformers results in a substantial 3.9% perfor-
mance degradation. This validates the effectiveness of our
unified spatio-temporal attention for complex, distributed
brain processes involved in emotion recognition.

Interestingly, on the PhysioNet-MI motor imagery task,
while DIVER-0 outperforms CBraMod 10% (62.8% vs
62.4%), some ablated configurations achieve slightly higher
performance. Specifically, removing spectral embedding
yields 63.4% balanced accuracy, and replacing DIVER
blocks with CBraMod blocks achieves 63.1%.
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Table 1. Performance comparison on downstream EEG tasks. Results are reported for emotion recognition (FACED, 9-class) and
motor imagery classification (PhysioNet-MI, 4-class). Performance values for baseline methods are quoted from (Wang et al., 2024b)
using identical preprocessing and evaluation protocols. DIVER results are from our experiments. All metrics are reported as mean ±
standard deviation across 5 random seeds. DIVER 10% indicate that the model was pretrained using 10% of the full TUEG dataset.

FACED, 9-class PhysioNet-MI, 4-class

Methods Bal. Acc.(%) Kappa(%) F1(%) Bal. Acc. (%) Kappa(%) F1(%)

EEGNet 40.9 ± 1.2 33.4 ± 2.5 41.2 ± 1.4 58.1 ± 1.3 44.7 ± 2.0 58.0 ± 1.2
SPaRCNet 46.7 ± 1.6 39.8 ± 2.9 47.3 ± 1.3 59.3 ± 1.5 45.6 ± 2.3 59.4 ± 1.5
ST-Transformer 48.1 ± 0.8 41.4 ± 1.3 48.0 ± 1.0 60.4 ± 0.8 47.1 ± 2.0 60.5 ± 0.8
EEGConformer 45.6 ± 1.3 38.6 ± 1.9 45.1 ± 1.1 60.5 ± 1.0 47.4 ± 1.7 60.6 ± 1.0

LaBraM-Base 52.7 ± 1.1 47.0 ± 1.9 52.9 ± 1.0 61.7 ± 1.2 49.1 ± 1.9 61.8 ± 1.4
CBraMod 55.1 ± 0.9 50.4 ± 1.2 56.2 ± 0.9 64.2 ± 0.9 52.2 ± 1.7 64.3 ± 1.0

DIVER 10% (Ours) 59.2 ± 0.8 54.0 ± 0.9 59.6 ± 0.7 62.8 ± 0.5 50.4 ± 0.7 62.9 ± 0.5

Table 2. Ablation analysis of pretrained model components. Results are reported for emotion recognition (FACED, 9-class) and motor
imagery classification (PhysioNet-MI, 4-class). DIVER 10% and CBraMod 10% indicate that the models were pretrained using 10% of
the full TUEG dataset. All metrics are reported as mean ± standard deviation across 5 random seeds.

FACED, 9-class PhysioNet-MI, 4-class

Methods Bal. Acc. (%) Kappa(%) F1(%) Bal. Acc. (%) Kappa(%) F1(%)

DIVER 10% (Ours) 59.2 ± 0.8 54.0 ± 0.9 59.6 ± 0.7 62.8 ± 0.5 50.4 ± 0.7 62.9 ± 0.5
w/o patch-wise CNN encoding 57.3 ± 0.9 51.7 ± 1.0 57.4 ± 0.9 61.9 ± 0.5 49.3 ± 0.6 62.1 ± 0.5
w/o spectral embedding 58.0 ± 1.1 52.6 ± 1.3 58.3 ± 1.2 63.4 ± 0.5 51.1 ± 0.6 63.5 ± 0.5
w/o STCPE 58.4 ± 1.0 53.0 ± 1.1 58.6 ± 1.0 62.8 ± 0.5 50.5 ± 0.6 63.0 ± 0.5
STCPE → ACPE 58.7 ± 0.9 53.4 ± 1.1 59.0 ± 1.0 62.4 ± 0.3 49.9 ± 0.4 62.5 ± 0.3
w/o RoPE 57.7 ± 0.6 52.2 ± 0.7 58.1 ± 0.6 62.6 ± 0.4 50.2 ± 0.5 62.8 ± 0.4
w/o Binary attention bias 58.1 ± 1.0 52.6 ± 1.1 58.4 ± 1.0 62.8 ± 0.5 50.4 ± 0.7 63.0 ± 0.6
DIVER → Vanilla block 55.3 ± 1.9 49.5 ± 2.2 55.5 ± 1.9 61.6 ± 1.5 48.8 ± 1.9 61.7 ± 1.5
DIVER → CBraMod block 57.0 ± 0.6 51.5 ± 0.6 57.4 ± 0.5 63.1 ± 0.8 50.8 ± 1.0 63.2 ± 0.8

CBraMod 10% 56.5 ± 0.8 51.0 ± 1.0 56.9 ± 0.8 62.4 ± 0.6 49.9 ± 0.8 62.6 ± 0.7

This pattern suggests that motor imagery classification,
which involves localized cortical sources around the sen-
sorimotor cortex (Hameed et al., 2025; Smith et al., 2014),
may benefit from more constrained attention patterns that
focus on specific spatial-temporal relationships rather than
full spatio-temporal interactions. This contrasts with emo-
tion processing, which involves distributed cortico-limbic
circuits encompassing deep subcortical structures such as
the amygdala, hippocampus, and anterior insula (Pessoa,
2017), whose widespread cortical manifestations in EEG ac-
tivity benefit from our model’s ability to capture long-range
spatio-temporal dependencies (Liu et al., 2023; Valderrama
& Sheoran, 2025). In fact, motor imagery BCI is primar-
ily confined to accessible sensorimotor cortical areas (Kim
et al., 2025), where more focused attention mechanisms may
be sufficient. The relatively small dataset size of PhysioNet-
MI may also favor the reduced parameter complexity of
ablated configurations over the full model’s capacity to cap-
ture complex distributed interactions.

These results highlight an important insight: while uni-
fied spatio-temporal attention excels for distributed brain

processes (emotion recognition), more focused attention
mechanisms may be advantageous for spatially localized
tasks (motor imagery), particularly with limited training
data. Nevertheless, DIVER-0 demonstrates competitive per-
formance across both task types while maintaining the cru-
cial advantage of permutation equivariance for cross-dataset
generalization.

3.3. Channel Permutation Analysis

A key advantage of DIVER-0 is its permutation equivari-
ance with respect to channel ordering. Table 3 presents a
systematic analysis where we evaluate models under four
conditions: intact pretraining with intact finetuning, intact
pretraining with permuted finetuning, permuted pretraining
with intact finetuning, and permuted pretraining with per-
muted finetuning. To isolate the encoder’s robustness, our
permutation protocol involves permuting the input channels,
processing them through the encoder, then permuting them
back to the original order before the classifier, ensuring we
specifically test the underlying model’s channel permutation
robustness rather than classifier adaptation.
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Table 3. Performance comparison across Pretraining × Finetuning configurations on the FACED dataset. Balanced Accuracy, Kappa, and
F1 are reported. (’w/o’ denotes our model without the corresponding component, and ’→’ denotes replacement of our model’s component
with the alternative component.)

Pretrain
Intact Permute

Methods Bal. Acc.(%) Kappa(%) F1(%) Bal. Acc.(%) Kappa(%) F1(%)

Fi
ne

tu
ni

ng

Intact

DIVER 10% (Ours) 59.2 ± 0.9 54.0 ± 0.9 59.6 ± 0.7 59.6 ± 0.8 54.4 ± 0.9 59.9 ± 0.8
w/o STCPE 58.4 ± 1.0 53.0 ± 1.1 58.6 ± 1.0 58.4 ± 0.8 52.9 ± 0.9 58.5 ± 0.8
STCPE → ACPE 56.7 ± 1.1 51.2 ± 1.3 57.2 ± 1.1 60.1 ± 0.9 54.8 ± 1.1 60.3 ± 0.9
w/o Binary attention bias 58.1 ± 1.0 52.6 ± 1.1 58.4 ± 1.0 58.1 ± 1.3 52.7 ± 1.4 58.5 ± 1.2
DIVER → Vanilla block 55.3 ± 1.9 49.5 ± 2.2 55.5 ± 1.9 56.3 ± 0.7 50.7 ± 0.9 56.6 ± 0.8
DIVER → CBraMod block 57.0 ± 0.6 51.5 ± 0.6 57.4 ± 0.5 56.8 ± 0.6 51.2 ± 0.7 57.1 ± 0.6

CBraMod 10% 56.5 ± 0.8 51.0 ± 1.0 56.9 ± 0.8 58.7 ± 0.4 53.4 ± 0.4 59.0 ± 0.5

Permute

DIVER 10% (Ours) 59.1 ± 0.4 53.8 ± 0.5 59.4 ± 0.3 59.0 ± 0.7 53.6 ± 0.8 59.3 ± 0.7
w/o STCPE 58.7 ± 0.4 53.3 ± 0.4 58.9 ± 0.3 59.1 ± 0.4 53.6 ± 0.4 58.9 ± 0.2
STCPE → ACPE 60.1 ± 0.9 54.8 ± 1.0 60.3 ± 0.8 58.8 ± 0.4 53.4 ± 0.5 59.1 ± 0.4
w/o Binary attention bias 58.6 ± 1.2 53.2 ± 1.4 58.9 ± 1.3 58.7 ± 0.2 53.3 ± 0.2 59.0 ± 0.2
DIVER → Vanilla block 57.6 ± 1.7 51.8 ± 1.8 57.9 ± 0.2 55.6 ± 0.8 49.9 ± 0.9 55.9 ± 0.7
DIVER → CBraMod block 57.0 ± 0.8 51.4 ± 0.9 57.3 ± 0.9 57.1 ± 0.6 51.6 ± 0.7 57.4 ± 0.6

CBraMod 10% 56.5 ± 0.5 50.9 ± 0.6 56.8 ± 0.5 58.0 ± 0.9 52.5 ± 1.1 58.2 ± 1.0

DIVER-0 demonstrates remarkable robustness across all
permutation conditions, with balanced accuracy remaining
virtually unchanged (ranging from 59.0% to 59.6%) regard-
less of channel ordering during pretraining or finetuning.
This stability validates our claim about permutation equivari-
ance and demonstrates practical advantages for real-world
deployment where electrode montages may vary across re-
search groups and clinical settings.

Interestingly, when STCPE is replaced with ACPE, we ob-
serve a nuanced pattern: ACPE performs well when either
pretraining or finetuning involves permutation, but shows
degraded performance when both are intact or both are
permuted. We hypothesize this occurs because ACPE’s con-
volutional design can adapt to become agnostic to channel
orderings during permuted pretraining, learning spatially-
invariant representations. Subsequently, during intact fine-
tuning, ACPE can leverage its inherent channel discrimina-
tion capabilities to exploit specific spatial relationships.

This analysis reveals an important trade-off: while our
current STCPE achieves robust permutation equivariance
through binary channel differentiation (distinguishing same-
channel from cross-channel interactions), it sacrifices de-
tailed channel-specific discrimination (the ability to iden-
tify and leverage individual electrode characteristics). Fu-
ture work could explore injecting explicit channel position
information alongside binary attention biases to maintain
permutation equivariance while enabling finer-grained spa-
tial awareness. Nevertheless, DIVER-0’s consistent per-
formance across all permutation conditions demonstrates

the practical value of our approach for robust cross-dataset
generalization.

4. Conclusion
We present DIVER-0, a novel EEG foundation model that
addresses critical limitations in existing approaches through
two key innovations. First, we introduce the DIVER trans-
former block with unified spatio-temporal attention, com-
bining Rotary Position Embedding (RoPE) for temporal
relationships and binary attention biases for channel dif-
ferentiation. Second, we propose Sliding Temporal Condi-
tional Positional Encoding (STCPE), which maintains both
temporal translation equivariance and channel permutation
equivariance.

Our experiments demonstrate that DIVER-0 achieves com-
petitive performance across representative BCI tasks while
maintaining strict permutation equivariance, enabling robust
generalization to unseen electrode configurations. Notably,
even when pretrained on only 10% of the TUEG corpus,
DIVER-0 outperforms existing foundation models on emo-
tion recognition tasks, highlighting the effectiveness of our
unified spatio-temporal attention approach for distributed
brain processes.

Furthermore, the consistent performance of DIVER-0 across
all channel permutation conditions demonstrates the practi-
cal value of maintaining strict permutation equivariance for
cross-dataset generalization. Our unified spatio-temporal
attention approach successfully captures complex neural
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dynamics while preserving the mathematical properties es-
sential for robust deployment across diverse electrode con-
figurations.

Future Work. Several directions warrant investigation:
(1) Rigorous evaluation across more diverse datasets and
tasks to systematically validate our hypothesis that unified
spatio-temporal attention benefits tasks involving distributed
brain networks (e.g., emotion, cognition) while spatially
constrained attention may be more suitable for localized
cortical processes (e.g., sensorimotor functions); (2) De-
veloping methods to incorporate explicit channel position
information while maintaining permutation equivariance,
potentially through relative biases or unified topology map-
ping approaches as explored in MMM (Yi et al., 2023); (3)
Scaling to larger datasets (full TUEG and additional EEG
corpora) and model sizes to explore the limits of EEG foun-
dation model capabilities; (4) Systematic analysis of why
ACPE combined with channel permutation shows promising
results in certain conditions, and whether this transfers to
other downstream applications.

Our work demonstrates the importance of inherently model-
ing both spatial and temporal EEG dynamics through unified
attention mechanisms with embedded channel differentia-
tion via binary attention biases. The success of full spatio-
temporal attention for distributed brain processes, combined
with the critical requirement for permutation equivariance,
establishes key design principles for future EEG foundation
models. DIVER-0 thus provides a robust foundation for
handling the inherent heterogeneity of neural recording se-
tups while maintaining mathematical guarantees essential
for cross-dataset generalization.
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A. Implementation Details
A.1. finetuning details

Table 4. Hyperparameters for DIVER fine-tuning.

Hyperparameters Settings

Epochs 50
Batch size 64
Dropout 0.1
Optimizer AdamW
Learning rate 1e-4
Adam β (0.9, 0.999)
Adam ϵ 1e-8
Weight decay 5e-2
Scheduler CosineAnnealingLR
Cosine cycle epochs 50
Minimal learning rate 1e-6
Clipping gradient norm 1
Label smoothing (multi-class classification) 0.1

By default, we used the same hyperparameters(Table 4) as CBraMod (Wang et al., 2024b) in component ablation analysis
(Table 2) and channel permutation(Table 3) studies. Some of the cases in component analysis and channel permutation
analysis did not show convergence, due to high learning rate. Trials that didn’t converge are listed below.

• w/o patch-wise CNN encoding with random seed 42

• w/o sepctral embedding with random seed 44

• w/o binary attention bias with random seed 44 in pretrain permute and finetuning naive condition

Learning rate was set as 5e-5 only for these trials to keep the consistency of using same random seeds of 41, 42, 43, 44, 45
for all other studies while following reported finetuning settings of CBraMod(Wang et al., 2024b).

B. Reproducibility Problems in (Wang et al., 2024b)

Table 5. The results of different methods on downstream tasks tested on our setting
FACED, 9-class PhsyioNet-MI, 4-class

Methods Bal. Acc.(%) Kappa(%) F1(%) Bal. Acc.(%) Kappa(%) F1(%)

EEGNet 16.3 ± 2.9 6.0 ± 3.4 10.6 ± 3.0 57.4 ± 0.8 43.2 ± 1.1 57.3 ± 0.8
SPaRCNet 15.3 ± 0.6 4.9 ± 0.7 9.6 ± 1.2 56.8 ± 0.7 42.4 ± 1.0 56.7 ± 0.9
ST-Transformer 21.9 ± 0.6 12.1 ± 0.7 21.0 ± 0.7 59.5 ± 0.8 45.9 ± 1.1 59.2 ± 0.9
EEGConformer 45.1 ± 1.2 37.9 ± 1.4 45.2 ± 1.3 57.4 ± 0.5 43.2 ± 0.6 57.4 ± 0.4

LaBraM-Base 46.6 ± 1.1 39.6 ± 1.2 46.4 ± 1.1 64.7 ± 0.7 52.9 ± 0.9 64.8 ± 0.8
CBraMod 10% 56.5 ± 0.8 51.0 ± 1.0 56.9 ± 0.8 62.4 ± 0.6 49.9 ± 0.8 62.6 ± 0.7
CBraMod 56.6 ± 1.2 50.9 ± 1.3 56.8 ± 1.2 61.2 ± 0.8 48.4 ± 1.0 61.4 ± 0.8

In order to compare and evaluate our results with previous studies, we tried to reproduce the performance of prior models.
Table 6 shows performance of downstream tasks reported in CBraMod and Table 5 shows results of testing on our setting.
Though we used the codes and model weights of the previous work, we were unable to replicate the reported results.
Learning rate and weight decay used for the downstream task in previous baseline test are not disclosed. Due to these
limitations, we cannot exactly yield the reported results. This might arise due to the selection of random seeds, which were
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Table 6. Reported performance of downstream EEG tasks in CBraMod
FACED, 9-class PhsyioNet-MI, 4-class

Methods Bal. Acc.(%) Kappa(%) F1(%) Bal. Acc.(%) Kappa(%) F1(%)

EEGNet 40.9 ± 1.2 33.4 ± 2.5 41.2 ± 1.4 58.1 ± 1.3 44.7 ± 2.0 58.0 ± 1.2
SPaRCNet 46.7 ± 1.6 39.8 ± 2.9 47.3 ± 1.3 59.3 ± 1.5 45.6 ± 2.3 59.4 ± 1.5
ST-Transformer 48.1 ± 0.8 41.4 ± 1.3 48.0 ± 1.0 60.4 ± 0.8 47.1 ± 2.0 60.5 ± 0.8
EEGConformer 45.6 ± 1.3 38.6 ± 1.9 45.1 ± 1.1 60.5 ± 1.0 47.4 ± 1.7 60.6 ± 1.0

LaBraM-Base 52.7 ± 1.1 47.0 ± 1.9 52.9 ± 1.0 61.7 ± 1.2 49.1 ± 1.9 61.8 ± 1.4
CBraMod 55.1 ± 0.9 50.4 ± 1.2 56.2 ± 0.9 64.2 ± 0.9 52.2 ± 1.7 64.3 ± 1.0

also not disclosed by authors. We utilized the identical code provided in github, ranging from preprocessing, pretraining
and finetuning. Even when using opened pretrained weight from CBraMod produced results outside standard deviation for
PhysioNet-MI while FACED resulted in a slightly better performance.
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