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Contributions

We propose THD-BAR framework, a generic foundation model for EEG generic
representation learning. Pre-trained on 17 diverse datasets, it captures complex
spatio-temporal dynamics, Yyielding significant performance on various
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Autoregressive Transformer (GPT, LLaMa, etc.)

downstream tasks over existing methods. (Molt\:r[i S;ery) (a) AR: Text generation by next-token prediction
 We introduce the BTH, which establishes a "whole brain - brain region - o iRy ik
channel" relationship grounded in physiological structure. Building on this
hierarchy, we develop the THVQ-VAE to generate discrete, multi-scale -
BCIC4-1

quantized tokens.

(Motor Imagery)

Autoregressive Transformer (NeuroLM, etc.) Brain Autoregressive Transformer (Our BAR)

* A nested "next-scale-time prediction” strategy is employed for pre-training.
This strategy compels the BAR module to learn complex spatio-temporal
dependencies by predicting tokens hierarchically across scales within each time
step before progressing to the next time step, thus modeling both intra-time

(b) AR: EEG generation by next-time prediction (c) BAR: EEG generation by next-scale-time prediction
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Conceptual comparison of autoregressive prediction strategies.

The overall performance

. . . . . . . s © © ® 5© ofeNe o QY NPT ®o. ® ® ® o
_ . PEereee®? ¢ @@ OE® ©® 5® ®e .O
hierarchical relationships and inter-time dynamics. comparison on 10 EEG datasets. © 066666600 ° ©066666600 '@@3300 ©000000000 °
®lofo oo o oo \° © D e gap o IO PPe00e0@@@®®
°@@@®@®@®®@ ‘@@@@ P00 0000 00 @@
0 0 9.0 20000 e ®@®@®®@®®@@ o oJessle @ ¢lo ol o 9P©©00000@ 0 g
..0000000.. .-.... ...@0000..
Framework poceg”
of® o ®
a4 N\ \ ®@® °®' @0.
QuewvePush —— — —  F————————= Queue Po
. ) DD o0 OO O] " = o S2 S3 85
B Y 27 == T O T e U Down . .
EEG Data THVQ-VAE g N g__ ,2%)@ Seale % Scale g Brain Topology Hierarchy (BTH).
& @ f \ > o | Shared Codebook [ — - @ \ S1: Whole Brain; S2: Major Brain Regions; S3: Sub-regions; S4: Channel Clusters; S5: Individual Channels. /
M - | . ch T (X 1) 7 O Q
) O ) KS 5 Lookup Replace s chy e y
O T = W © — — "
TE8 T <8 —~__ == Experiments
Lﬁ = 8 EEG signals — B g, 2 & ?g
cee o5 2
AF9 M Y g % S g §§ —+=3 Methods Year General Multi- Model Emotion Motor Imagery Mental Workload Sleeping Stage Epilepsy
— own OOoooooooOO = 2
. J AF7 DWWW W”“J\”““ WM S - ];cale 0000006000 = Model? Task? Parameter DEAP SEED MIBCI BCIC4-1 EEGMat STEW EDF HMC TUAB TUEV
T M —> [_5 —> .%?)‘o::gg:g. \
\_ Stage.1 Neural Tokenizer Training . F9 Al ) - °500000000 ° T - EEGNet 2018 X X - 352494 6934+2.1 633472 51.9+1.5 60.0+8.7 523+17.6 84.0+44 545487 763+1.5 53.5+0.2
FP1 MM‘ W o = O Whole brain | ———eo >~ « =83 _’§ 2 TSception 2020 X X - 343+8.1 68.6+1.3 61.4+6.5 522+1.6 503+1.2 63.8+13.0 68.6+4.5 364498 743+42 51.3£04
fEﬁS _____ Charme] =25 83 LGGNet 2024 X X - 33.548.5 695414 56.7+£3.7 50.0£04 502+1.1 46.7+12.5 68.6+£4.5 17.0+£9.5 755+£3.1 52.8£0.3
S catures &
N : | | BIOT 2023 v X 3.2M 352489 71.04+0.2 532420 51.1+40.5 502+1.1 51.3£11.9 694+4.6 63.0+1.1 79.6£0.6 52.8+0.3
Cﬁ« Neural | (O I D) | EEG Decod: g Tonol T hical V . g VAE-Decod > LaBraM 2024 v X 5.8M 343499 73240.2 50.5+1.1 50.3+04 504413 5254124 693+3.8 68.1+0.7 81.4+0.2 64.1£0.7
Tokenizer O S| o ceodims opology Hierarchical Vector Quantization Toetodmg EEGPT 204/ / 146M 414427 - 622428 3569+1.6 660486 632+10.6 852434 655440 - -
PR ‘D NeuroLM 2024 v 4 254M 40.1+14 702403 62.1+2.6 57.1+1.8 65.7+75 593458 853437 674456 783+05 45.6+0.6
. — e8| & Topology-Hierarchical Vector Quantized-Variational Autoencoder (THVQ-VAE) THD-BAR Base 2025 / 124M 423412 735403 629414 575409 665462 621467 855446 68.0+3.5 81.9404 64.3102
O T C L0 C o —»CO THD-BAR-Large 2025 v v 354M 43.6+1.6 734404 633+1.7 58.1£1.2 664+7.1 624475 85.7+47 68.0+£3.2 82.0+03 64.9+0.3
II:IIJJ 8 E @ m 9 @ THD-BAR-Huge 2025 v v 1555M  439+1.7 739+03 63.6+1.8 589+1.5 67.1+58 629479 85.7+44 68.4+43 822404 65.3+0.5
o | T S
L = Reconstructed EEG tokens . .
\_ ) L ) Q < C) ————— W=l =Ny \ ~ e Tlme]:“:lse cTausalTn:laSk Scale-wise mask o Full mask " Full ma\s;3 . TTirlne-wise ma1s;l:<Z Scale-wise mask N Time-wise mask Resu | ts O-F THVQ—VAE
N J O D) ’{ tm- 1@} [m' S D ' S DOO, '"' S, DO mj ] [tmﬂ J o R i e T L S1 " \ s 2 S S~ T T PCC | | Loss
7 N i 7 _____ 2 ______ ( Scale-wise 3 W ¥ = Al Iig ’
. o i i | Scale-wise T14| Full mask 1| Scale-wise 0.6
\_ Stage.2 BAR Pretraining J Tt | ot . |- N & ] e
I ‘ BAR: Brain Autoregression . ‘ A ( ( 0.4
= T T ThA causa . ] Shileiwise S3 Bl | e o -l
*Ce (Causal Transformer) | s . n e ™ 53 - e oot
//*3% Nz N ' I% W e / | Tt e Ta= S14S2483+54455 (n=1.23 ) T 1452653454655 (123 ) o S A S8, B !
. cC = £ ____ T _—___—_—__ g ‘maSk (a) Scale-wise mask (b) Time-wise mask (c) Scale-Time-wise mask 5
Tokenizer S Label (1 | (o5, O 5, @D {5, OO} | [t | 7 e . . y
% N I Y e e N Scale-wise causal mask e e
—_ _E Q T EEG tokens T T S SIZ S|3 0.81 —— time-scale 10 —— time-scale S
Q| || —» T 5 k— fTTT i s
ORe,; o O p \ Si 81 2
LL 8 % m9 EEG signals Neural Tokenizer I g 506 ; g
[®) 7 | ? g g6
LLl LICJ — = aro ] [T ] %i % i ‘ trainable :% frozen | \ g, st
: I 4 s
9 ) < AF7 wtiab] e e 1O % R 4 | | | mask ] unmask | ABC 15 e
. y o P IR E T E | | . s 0 : i
o 0 = | next time next scale | "
\_ Stage.3 Fine-tuning Y, A G A _ | prediction prediction | \ 8 "0 s & & S O N T ik
\_ Y, N v ' v b © v © —e— Scale-wise mask o et 0.2
Tm = Sl+SQ+S3+---+Sn Sten Shep = Timeswise mask & L oA Tz
. . . ] . . . . (d) Pre-training accuracy (e) Pre-training loss (f) Fine-tuning accuracy Re su | ts O-F B AR
The pipeline of the THD-BAR framework A BAR causal transformer is trained via “next-scale-time prediction”. : : : :
Mask design ablation study. Multi-scaleablation study.




	幻灯片 1

