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Existing Methods3
Patching: The EEG signals are divided into patches, which are then flattened into a long sequence.
This sequence is subsequently fed into a Transformer-based sequence modeling architecture.

Absolute Positional Encoding: An absolute positional encoding based on electrode numbering is
employed as the channel embedding to encode positional information along the channel dimension.
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Challenge3

The sequence modeling of EEG patches, adapted from computer vision, may overlook the structural 
properties of EEG signals that jointly incorporate both spatial and temporal dependencies.
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Unique structural characteristics
EEG signals contain heterogeneous spatial and temporal dependencies, but images contain only 
spatial dependencies.
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Challenge3

Channel variation: Existing method mostly adopt absolute positional encoding based on
electrode numbering as a channel embedding to encode positional information. However,
EEG channels are not solely defined by electrode position but are also influenced by the
referencing scheme used (e.g., earlobe, average, REST, or bipolar references).
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Our Idea4

Criss-cross EEG modeling: We propose a criss-cross EEG modeling strategy to
thoroughly leverage the structural characteristics of EEG signals, which can model spatial
and temporal dependencies in parallel.
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Our Idea4

Conditional positional encoding: Inspired by CPE [1], we propose asymmetric
conditional positional encoding (ACPE) as a more flexible approach to positional encoding,
which dynamically learn positional relationships among patches.

This figure is taken from CPE [1].

[1] Chu X, Tian Z, Zhang B, et al. Conditional Positional Encodings for Vision Transformers[C]//The Eleventh International Conference on Learning Representations.



Our Method5
We propose a novel EEG foundation model, called CBraMod, for EEG decoding on
various clinical and BCI application.



Our Method5
Patching & Masking: We segment EEG samples into patches using a fixed time window
and randomly mask some patches with a mask token.



Our Method5
Time-Frequency Patch Encoding: Each EEG patch is fed into a patch encoding network
to obtain corresponding patch embedding.



Our Method5
Asymmetric Conditional Positional Encoding: Spatial-temporal positional embeddings
are obtained through an asymmetric conditional positional encoding (ACPE) scheme and
added to the patch embeddings.



Our Method5
Criss-Cross Transformer: We propose criss-cross transformer as the backbone of CBraMod
to capture the heterogeneous spatial and temporal dependencies among EEG patches.



Our Method5
Criss-Cross Attention Mechanism: The criss-cross attention consists of parallel
spatial attention (S-Attention) and temporal attention (T-Attention).



Our Method5
Masked EEG Reconstruction: A reconstruction head is utilized to reconstruct the
masked EEG patches from the learned representations.



Experiment Setup6
Pre-training: CBraMod is pre-trained on a very large public dataset, Temple University 
Hospital EEG corpus (TUEG).

From https://isip.piconepress.com/projects/tuh_eeg/index.shtml

https://isip.piconepress.com/projects/tuh_eeg/index.shtml


Experiment Setup6
Finetuning: We evaluate the performance of CBraMod on up to 10 downstream BCI 
tasks using 12 public datasets. 



Results7

Our CBraMod achieve the state-of-the-art performance across multiple downstream datasets.



Results7

Attention Mechanism Comparison: Our criss-cross attention employs dual parallel 
spatial and temporal attentions to capture spatial and temporal dependencies, which is 
more suitable for EEG modeling.



Results7

Positional Encoding Comparison: Our ACPE dynamically learn positional 
relationships among patches, performs better than existing methods.



9 Conclusion

 In this paper, we propose an EEG foundation model called CBraMod, which can learn
generic representations of EEG signals through patch-based masked EEG
reconstruction.

 We devise a criss-cross transformer as the backbone of CBraMod to model the spatial
and temporal dependencies between EEG patches in parallel, and an asymmetric
convolutional positional encoding scheme to encode spatial-temporal positional
information of EEG signals with diverse formats.

 CBraMod is pre-trained on TUEG, a very large corpus of EEG.

 CBraMod achieves the state-of-the-art performance across up to 10 downstream BCI
tasks (12 public datasets), proving its strong capability and generalizability.

 We hope that the proposed modeling approach and positional encoding scheme can
provide meaningful insights for building EEG foundation models, thereby advancing the
development of real-world BCI systems.
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