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Probing performance of REVE (Base and Large) against

Overview of the REVE architecture and training pipeline CBraMod, showing that only minimal fine-tuning is required
r . ! Dataset CBraMod REVE-B REVE-L
= L i i Secondary Loss TUAB 0.500 0.809 0.809
o P I l
o o : ' ' L1 TUEV 0.482 0.508 0.550
£D = £ Attention Pooll - _| Reconstruction | R ruct
Ii,_% _% = g Learnable [QUERY] .—> _ e:l IOII Of IngA A *@—> MLP >E ] mi—» ecollj(s)sr:c ion PhyNetM| 0.531 0.510 0.617
. O [ 1 E | : : :
29 =i g AN o BCI-IV-2a 0.376 0.517 0.603
QL < || 2 © L : ,
? = - FACED 0.261 0.422 0.469
LL
M ISRUC 0.430 0.662 0.758
TTATYA TR Py YT o o HMC 0.538 0.604 0.710
£D | ) ey i : " ., | Primaryloss Mumtaz 0.907 0.931 0.980
3 [UWV\WWWJWWWWWW 5 L Transformer | Transformer 5 | : - MAT 0.605 0.740 0.665
gg . ' ' | & ’@'l g ’@_' Encoder ) Decoder ﬂ_’ = ﬂ%ﬁ“’ RecoE(s)tSrgctlon
HJJUEJ . = | g | | : = | BCI-2020-3 0.374 0.390 0.378
e g H [ S Average 0.501 0.609 0.654
: L - el
___ Learnable [MASK] o
o o - combines References
- I 1 I | . .
£ el " electrode position and patch time | | |
< L2 L é ] Wang et al., CBraMod: A Criss-Cross Brain Foundation
= - l - Contiguous blocks are masked to Model for EEG Decoding. ICLR 2025
5 . I, I 1coti Yang et al., BIOT: Biosignal Transformer for Cross-Data
é Boolean Mask LA | - SImUIate rea“StIC EEG drOPOUtS Learning in the Wild. NeurlPS 2024
I - - 2 EEG reconstruction losses: from Jiang et al., Large Brain Model for Learning Generic Repre-
sentations with Tremendous EEG Data in BCI. ICLR 2024

single tokens and pooled vector




