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Background

* EEG(electroencephalography) :

invasive, Easy to acquire for Neuroscience & BCI

Non

* Deep Learning(CNNs/RNNs/GNNs) :
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Challenges in EEG Foundation Models

e Fixed-Window Tokenization :
Destroys local spatiotemporal coupling patterns

* Dense Full Attention :
Introduces spurious correlations in noisy EEG data

e Common-Channel Strategy :
Discards non-shared channels - loss of brain region information



Overview of our CSSBFM
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Whole-Brain Topology & Functional Partitioning

* 58-Channel Whole-Brain Topology : o8 o0
COTOE
Oeeeeee®V
@ OO O
» @686 @
H®RLLROE
CLEACACLICACNT)

®eee®

Based on 10-10 system

* Neuroscience-Guided Connectivity :
Local: physical distance prior

58 Channels Region Partition (3D)

Global: cross-hemisphere functional prior
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* Spectral Clustering & 5 Functional Regions




Cross-scale Unified Spatiotemporal Tokenizer (CUST)
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e Unified Spatiotemporal Graph : I & 1 -
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Integrates spatial & temporal structure

* Decoupled Multi-Hop Convolution : ( - __
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Exact k-hop aggregation (K=3) -
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* Multi-Scale Parallel Tokenization:
Captures patterns at different scales R —




Cross-region Sparse Spatiotemporal Attention (CSSA)
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Datasets & Experimental Setup

° 1 .
Datasets Paradigms ~ Subjects Targets Baselines:
PhysioMl M 109 4 BENDR, BIOT, LaBraM, EEGPT
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HMIE  SEED  EMOTION IS 3
M3CV MULTI 106 - e Fvaluation:
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Main Results

Datasets Methods Balanced Cohen’s Weighted
Accuracy Kappa F1/AUROC
BENDR 0.6114 0.2227 0.6588
BIOT 0.5485 0.0968 0.5308
PhysioP300 LaBraM 0.6477 0.2935 0.7068
EEGPT 0.6502 0.2999 0.7168
Ours 0.6604 0.3169 0.7255
BENDR 0.5501 0.3524 0.5388
BIOT 0.5321 0.3002 0.4876
HGD LaBraM 0.6232 0.5282 0.6151
EEGPT 0.5714 0.4286 0.5539
Ours 0.6846 0.5794 0.6754
BENDR 0.3185 0.1185 0.3087
BIOT 0.3352 0.1146 0.3235
SEED-IV LaBraM 0.3479 0.1274 0.3366
EEGPT 0.3528 0.1325 0.3412
Ours 0.3859 0.1783 0.3710
BENDR 0.3169 0.2089 0.3247
BIOT 0.3653 0.2135 0.3696
SEED-V LaBraM 0.3853 0.2524 0.3881
EEGPT 0.3910 0.2234 0.3990
Ours 0.4370 0.2872 0.4402
BENDR 0.4193 0.3145 0.4062
BIOT 0.4435 0.3280 0.4249
BCIC2020-3 LaBraM 0.4527 0.3375 0.4604
EEGPT 0.4592 0.3648 0.4792
Ours 0.4673 0.3681 0.4895
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Conclusions & Future Work

» Key Takeaway :

Explicit cross-scale spatiotemporal modeling enhances generalization and
robustness of EEG foundation models.

* Future Directions :
Multi-modal fusion - Clinical diagnosis - Personalized BCI
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