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3 Existing Methods

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.

Absolute Positional Encoding Based
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3 Challenge

Unique structural characteristics
EEG signals contain heterogeneous spatial and temporal dependencies, but images contain only
spatial dependencies.
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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.



3 Challenge

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).

earlobe average REST bipolar
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4 Ourldea

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.

Modeling spatial dependencies

Modeling
temporal
dependencies
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4 Ourldea

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.
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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.



5 Our Method

We propose a novel EEG foundation model, called
various clinical and BCI application.
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5 Our Method

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

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

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

Criss-Cross Transformer:. We propose criss-cross transformer as the backbone of CBraMod
to capture the heterogeneous spatial and temporal dependencies among EEG patches.
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(a) Criss-Cross Transformer Block (b) Criss-Cross Attention Mechanism



5 Our Method

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

Masked EEG Reconstruction: A reconstruction head is utilized to reconstruct the
masked EEG patches from the learned representations.
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6 Experiment Setup

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

Open Source EEG Resources
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Electroencephalography (EEG) Resources

Mission
What's New

¢ (20240520) We have consolidated our resources
into a single landing page located here.

Our goal is to enable deep learning research in
neuroscience by releasing the largest publicly
available unencumbered database of EEG
recordings. This ongoing project currently

includes over 60,000 EEGs spanning the years o iRl teren 2o @ e UL EEE

from 2002 to present. Data collected can be used
for both research and commercialization
purposes.

Get Access

To request access to these resources, please go
here. You will receive instructions on how to
download our data.

@ The Neural Engineering Data Consortium

Seizure Detection Corpus is now available and
can be downloaded from here. We have removed
two duplicate sessions and corrected one
annotation.

(20231004) Version 2.0.1 of the TUH EEG
Seizure Detection Corpus is now available and
can be downloaded from here. We have fixed a
few small bugs with the annotations. A total of 35
files were corrected.

(20230527) We have released a system that
performs seizure detection on EEG signals. This
includes a real-time EEG seizure detection
system based on a ResNet-18 neural network
and transfer learning. This package is described
in this publication.

From https://isip.piconepress.com/projects/tuh eeg/index.shtml

Social Media Contact Us '


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

6 Experiment Setup

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

Table 1: Overview of downstream BCI tasks and datasets.

BCI Tasks Datasets Rate # Channels  Duration # Samples Label

I. Emotion Recognition FACED 250Hz 32 10s 10,332 9-class

SEED-V 1000Hz 62 Is 117,744 5-class

II. Motor Imagery Classification PhysioNet-MI 160Hz 64 4s 9,837 4-class

SHU-MI 250Hz 32 4s 11,988 2-class

III. Sleep Staging ISRUC 200Hz 6 30s 89,240 5-class

IV. Seizure Detection CHB-MIT 256Hz 16 10s 326,993 2-class

V. Imagined Speech Classification BCIC2020-3 256Hz 64 3s 6,000 5-class

VI. Mental Disorder Diagnosis Mumtaz2016 256Hz 19 Ss 7,143 2-class
VII. Vigilance Estimation SEED-VIG 200Hz 17 8s 20,355 regression

VIII. Mental Stress Detection Mental Arithmetic 500Hz 20 5s 1,707 2-class

IX. Event Type Classification TUEV 256Hz 16 Ss 112,491 6-class

X. Abnormal Detection TUAB 256Hz 16 10s 409,455 2-class




[/ Results

Table 2: The results of different methods on emotion recognition.
FACED, 9-class

SEED-V, 5-class

Methods Balanced Accuracy Cohen’s Kappa Weighted F1 Balanced Accuracy Cohen’s Kappa Weighted F1

EEGNet 0.4090 + 0.0122 0.3342 £ 0.0251 0.4124 + 0.0141 0.2961 £ 0.0102 0.1006 £ 0.0143 0.2749 =+ 0.0098
EEGConformer 0.4559 + 0.0125 0.3858 + 0.0186 0.4514 4 0.0107 0.3537 £ 0.0112 0.1772 £ 0.0174 0.3487 £+ 0.0136
SPaRCNet 0.4673 £+ 0.0155 0.3978 £+ 0.0289 0.4729 + 0.0133 0.2949 =£ 0.0078 0.1121 £ 0.0139 0.2979 £ 0.0083
ContraWR 0.4887 £+ 0.0078 0.4231 4+ 0.0151 0.4884 4 0.0074 0.3546 + 0.0105 0.1905 £ 0.0188 0.3544 + 0.0121
CNN-Transformer 0.4697 &£ 0.0132 0.4017 £+ 0.0168 0.4720 £ 0.0125 0.3678 £ 0.0078 0.2072 £ 0.0183 0.3642 = 0.0088
FFCL 0.4673 4= 0.0158 0.3987 + 0.0383 0.4699 + 0.0145 0.3641 + 0.0092 0.2078 + 0.0201 0.3645 £ 0.0132

ST-Transformer

0.4810 £ 0.0079

0.4137 £ 0.0133

0.4795 4 0.0096

0.3052 £ 0.0072

0.1083 £ 0.0121

0.2833 + 0.0105

ST-Transformer

0.6035 + 0.0081

0.4712 + 0.0199

0.6053 £+ 0.0075

0.5992 + 0.0206

0.6394 + 0.0122

BIOT 0.5118 £ 0.0118 0.4476 £ 0.0254 0.5136 £ 0.0112 0.3837 4+ 0.0187 0.2261 £ 0.0262 0.3856 + 0.0203
LaBraM-Base 0.5273 + 0.0107 0.4698 £ 0.0188 0.5288 + 0.0102 0.3976 4 0.0138 0.2386 4 0.0209 0.3974 £ 0.0111
CBraMod 0.5509 + 0.0089 0.5041 + 0.0122 0.5618 + 0.0093 0.4091 £ 0.0097 0.2569 + 0.0143 0.4101 4 0.0108
Table 3: The results of different methods on motor imagery classification.
PhysioNet-MI, 4-class SHU-MLI, 2-class
Methods Balanced Accuracy Cohen’s Kappa Weighted F1 Balanced Accuracy AUC-PR AUROC
EEGNet 0.5814 4+ 0.0125 0.4468 + 0.0199 0.5796 + 0.0115 0.5889 + 0.0177 0.6311 4 0.0142 0.6283 + 0.0152
EEGConformer 0.6049 £ 0.0104 0.4736 4 0.0171 0.6062 £ 0.0095 0.5900 £ 0.0107 0.6370 £ 0.0093 0.6351 4 0.0101
SPaRCNet 0.5932 4 0.0152 0.4564 £ 0.0234 0.5937 4 0.0147 0.5978 £ 0.0097 0.6510 4= 0.0062 0.6431 £ 0.0082
ContraWR 0.5892 4 0.0133 0.4527 4 0.0248 0.5918 4= 0.0116 0.5873 4 0.0128 0.6315 4 0.0105 0.6273 4+ 0.0113
CNN-Transformer 0.6053 4 0.0118 0.4725 4 0.0223 0.6041 £ 0.0105 0.5975 £ 0.0169 0.6412 4 0.0076 0.6323 £ 0.0082
FFCL 0.5726 4 0.0092 0.4323 4 0.0182 0.5701 £ 0.0079 0.5692 + 0.0252 0.5943 4+ 0.0172 0.6014 4 0.0168

0.6431 £ 0.0111

BIOT 0.6153 £ 0.0154 0.4875 £ 0.0272 0.6158 4= 0.0197 0.6179 £+ 0.0183 0.6770 £ 0.0119 0.6609 4 0.0127
LaBraM-Base 0.6173 4= 0.0122 0.4912 4 0.0192 0.6177 £ 0.0141 0.6166 £ 0.0192 0.6761 4 0.0083 0.6604 £ 0.0091
CBraMod 0.6417 + 0.0091 0.5222 + 0.0169 0.6427 £+ 0.0100 0.6370 £+ 0.0151 0.7139 + 0.0088 0.6988 + 0.0068

Our CBraMod achieve the state-of-the-art performance across multiple downstream datasets.
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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.
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Positional Encoding Comparison: Our ACPE dynamically learn positional
relationships among patches, performs better than existing methods.
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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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