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Fig.1 Framework of EEG-based intelligent decoding techniques for BCI
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5 VAE ML, GAN Gl RE % A A 50 B 503 M A0 0 S B0k 1) TR, (HL DI i 2 75 ) 1 B 2
AFaE MY . 78 EEG 383 B SCRE RS 72 b, 35 EEG 2 HUR R, 2R A% 34 7T BE 5 B2 A0 A5
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3.1.3 Transformer A
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Fig.6  Architecture of Transformer network
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Table 2 Comparison of applications, advantages, and limitations of different deep learning models in EEG

decoding
FEEHY EEG fiffith & il ¥ 5+ P Jry R
VAE INEEAR UG B W AE A A T DARAANHG e W e A RESE AR LA RN AN OR R
GAN DL T SRS 0 1 AR B ] 5% 3 T J32 R L S SRR AR A YA RE , 7T REA IS
KW EEG SUARE L.
Transformer L ! TR PR E NS0 BIRFRRK MEARS UG
5 38 T AR
, . . . 1 1l 25 4 ¥ 2l L 72 Ak 22 4B
GNN MU I B e i 2 A B X B 7 n =
FE 5 [ 5 i)
HHL AR 5 EEG 29 31 7] fig
Diffusion 4 kUG A G5 A PFAE I AU , 7 4% 2 B 46 00 ;ﬁiﬁ%gﬁ% e

EEG £AE%# 2] . Transformer id 5 4b BRAC I 0] %4 2230 38 A1 F R SCHH G EEG Bl , R TR 1 5 18 i
B bR 285 TH 31 5 A5 2 X6 5 o LA O 3 s GNINRE 8% ) P P A 4 I 580 ) 8 37 492 G 3% L 365 5 il 3k i DX i) 3
(] 375 2 F1 s BHUIR SR 09 X 28 S i o 7 HIORE AU T AF ke 78 W00 2E BT 55 Hh AR BLSR H B7E EEG g ith vh 75 2L
R i A R 2 5 BB Z B EEG A 29 AN 2 32 SO0 5 40 0 5 28 1) 43 A1 SE 56

I, & R BEHIAE EEG i i AN ARG — e 0 o /INFEAS B35 i 42 1 AT 55 T3 5 4% o Al 45 4 R ]
Wl 04 2 BB 5 08 508 T 05 SO AT TR RO 5 A A5 6 5 A% AR 24 B 5 R S TEA DI PR % B 32 W ) T
RVE I Wz AL AT A B S S I R AR XTI OC R o R OR EEG M #5880 1) % i i s A o L2 184
I 28 53 24 B, T I S M0 DG AR AR AL ) A 55 3 ORI PR Rz 75 5K =2 1] g DS e
3.2 EHEEfRFS

i il 2 g 2 R R AU BCTER BB IR g HR IR R 1Y I 17 . 12 s A 4 P300 e A ML e 75 & 1
B 43 AR B AT IR SRR DG 7S A R R A v B Bl 328 LAY TR S A GAT S5 b T i i
M AT AT SUMELTE 55 Bz 8, 51 B IE 3l B2 2 o1 3R 01 A 9 = 10 40 OC 25 () 20 Ak 1 )
WAL o T T B T RO N R R AR G2 4 26 A L 3t s 8] #82 XX (Common spatial pattern,
CSP) . & I %8 #H 3 23 [a] #2 X (Filter bank common spatial pattern, FBCSP) 3 3% %% B e 3 48 HL - AR
. (Fast Fourier transform, FFT) | 5 i} {& B i A5 ## (Short-time Fourier transform, STFT) F1 /N i 45 #
S5 7 v P EUES [A] A dak m BE AT AR AT, 525 A 2k 4 5] 40 1 (Linear discriminant analysis, LDA) | 32 435 1) i
HL(Support vector machine, SVM ) 8 kh 2 U1 -1 43 28 %% 58 B RS P300 22 48 3 B H A il
W5 AR B bR P R S I R) P B K H A 25 S, R A R i A DU R i 06 {1 i SRR OG 43 BT
A EEG 5 BB AR BN 2 (8] AR SC 1 o B3R 7 & LRI i 1 004 B ARp iE 42 BN 70 28 D 51 A It
A BEE T AR DS R & 1 i i R Je il

Bl 3 B J7 i 0 AE 58 4 RS e i AR, T2 7 AR AR N T A Ok A8 R i 2 55 2 0 A 2 M ) T O I
AT S Uy ik AR 208 T8 P Uy 22 05 BE R S BB 14 28 BB IR BR H AR R) B AR DG R L el b X
B — WS R SRR AR AR TS FEIB S AR R EEG MRS T TR 2 X 0 KRB T R 2 R 4% 3 ik
B iy i 25 KAL) B A At #E o IR BE #2228 (Deep neural network, DNN) £ LU i EEG .CSP
FEAF B FFT 45 fE VR R i AL (B 25 5 32 3R A R S 50T A B2 7 Bl TR CNIN B 3 3 A 52 i 5
rh iR R Y UR B A - — A B R AN R I EEG R 38 5 s 1) 5 FRN 2 ) 4 FRE A FBCSP 1Y 8 i
R 5 57 — BB RV EEG #4240 S A 1A, BRI T CNN B2 BUH I 47 4E . EEGNet /& H b i AR R AR,
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PR AL 2 AT 5 Sine EEGNet WK & )2 08 1 7% B0 31 o 7T 2 o 47 3 0 i % , 64 B B % 11 3
BEPRAT 45 A A B

FEM AL B, LSTM . CNN-LSTM £ 4332 CNN .GNN [ 2% fI ZAE: 55 %% S it — B P @ T iz dh i 4
A AR ABLRE Ty o LSTM EZH T4k EEG J7 51 v ity it [ 40081, (53 % 7 255 CNIN 5 CSP 45 %5 [f] ¢
TESE Oy i85 A T . CNN-LSTM 45 44 5 48 B2 (8] sl B0 00 ¢ AF , 75 X5 B 8] 3l 25 #E 47 A 5 2 43 X
CNN i o AN ] 4 B BN [A] RUBE 73 34 M 22 ROBE R s GNIN I 28 A1 2 D AL T4 iR EEG il 1 2
(] 114 25 [ 0 1 G 28 R SC BRI (] 1y g 5 224 55 2% 20 WUl ol A AR S0 0] 25 4l AT 55 48 T 15l o 25
SAR G NI, 15 S AR G AR B R ) S R I AN SR R AT 2% I 4% £ B AR 2 S ) ik T R O
TN A FRRRAE (P 7 22 450 B AR S FRERAE (I ¥ EE BN 224 55 20 AR 25 & i B R B 4k

M) R A B AR SR E M AR S R VBRI S I RZ BI R G SRR 2 . AT R
R AR A2 il AS AL SR B YR 3 28 TE A, 3 SR T 0 38 R ) A J2 A2 i % | R it 8 3R R S (P AR e M. T
I 42 1% 5 ), 3 3 e PR ARG T3 5 B 45 0 R kR R A ML N SO B R O SRR R I L Nt
1207 6] B PE F R Pl R M T 8 2D B o R o T B e T A M | S I 1 LA R Al A RE A e
SR SE R G 15 Bl o X T2 S AR SRS L BRAMEG R (F L {H . AUC(Area under curve) & & £k 35 b
Hb B PO IR B ST A AL S R R R RN A LR T M 5 W By A e A R ST R AT Y
HEHNE,
3.3 RIRASRRE

4 BCI Y B bR i 35 98 45 51 9 J 2 1 D) 58 VA5 i A 5 % G2 o ol 20 B0 e BIHE 4 7 1) T R VB G O
55 GANHAAT A5 28 RO R A G 5 S 2 4R . 5IF R A 808 S R AR 3 Sk A 11
A0 B Af R 1k A5, PR 2 AT RSk AT O R I i R VE A MR B R 12 W o 9% 57 R BB 558 R
1B BR 0o 5555 B ) S B I (] Y A2 A0, DT 45 G R i R Sl s AT 55 AR BRI WA TR R . il an, B RS i K
20 2 i F BCE S 8 M T 4 (SITU emotion EEG dataset-Vigilance, SEED-VIG ) ¥4 25 3 45 6] 1 72 v
) EEG/HR # [&] (Electrooculography, EOG ) {5 5 5 B Ao i 6] A [ £L X 380 HR 16 4] & LE 491 (Percentage of
eyelid closure over the pupil over time, PERCLOS) IR 8 A 45 & , F 2 22780 5 FE A 25 1 128 1 i AF < sk (1)
1T 45 v 0 S 5 W S AR Ay 9 57 RIS IR S B 3 A TR T AR SR T L A A B 5
FH A AH G AL BT 035 3l L 30 LA S AT 55 16 B 258 5 A5 8, 220 1 g 0 oy R R R o 1 2 R0 ) O 3
DN X B B B A BB R S RIS A DX 3, O 45 G AU M N R R RO 2 bR A EAT A0 2 L B IR
3 391 45 AT 55 DO) AR A I ) B v 8 o B 4t T R T A B O o IRIR S A A 1 A0 o AR R
A2 A A 1) 22 AR 2 A Y D RE A R o

7L IR 28 A A T OB TR R AL G bl 2 ) Oy vk o IR SR vl T 0 e S IIBL IR 0/3 1L
{8 a/p LCAE FEA G O LG A0 D 835 %5 B A R AR, R 455 SVM L LDA | B AL 2% bk 5 & 3T 48 57
(knearest neighbors, KNN) 5 G5 R (95 57 A 58 T BEAR S 28. Im4Ek , A i 500 X — SR Bkl — b
PRI SR, G, Kaveh 25 736 F R4 T otk A B X EEG 2 48 JF 2 I 25 W5 I 52 56, 78 9 44 4
2y 35 h #7580 B, SVM G 28 & 78 E UL ™ AR UL AT 26088 0 5 AR 93,2040 A1 93.304 B9
HER 33X U0 B AL GE AL 2 2] 5 VAR 6 38 1 AT 28 BICR AR A5 0 T A7 BT et i 0 O o R 4 R0 i
255705 (T A B N R B AKX o AN X BR R TR AR AR, O A A2 38UE 5 1E 25 0 0 B0 B (Data-
base for Emotion analysis using physiological signals, DEAP) 1 SEED 45 #(4li 4 LIl 25 G50 248 . LU
SEED # CHF5E R 9], 22 53 5 R AR TE = 43 2515 25 TR 0l of BRUAS 84.22 04 19 7 B UER %, i T 22 40 A XS R
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fif (Differential asymmetry, DASM) | b fB A XF # 45 1iF (Rational asymmetry, RASM) 1 GE i 1% 55 SR 1E
[7 Bt 431 B DA 5 15 4 R A LA TSR DG I L DRI 97 AR B 0 3 45 4 ERP LAY RTAR I 0 9o TH B
X o 1066 AT by 26 B, 52 B ARR £ 767 5 986 7 bR S AU 05 3 — o B B O SR R AR LA — 2 B i
B, (TR AR N T B e B FIAT: 55 150 B, IS i (B 55 Fis s R e PE A RR .

Bifi J5 V% B 2 20 188 W R FE T 55 A 1 28 RO R A e PP A . CNNVE FH T N 46 EEG B 45 4]
¥ 25 (8] 4 F0 B A 3R B F B AR RR AR, LSTM . GRU il i 8] % FL B 2% (Temporal convolutional network,
TCON) H T g A AR A4 B o (1) 8RB 25 4k (19 3 &5 1 72 , CNN-LSTM Fl CNN-Transformer 55 {i £ 45 #4 1) [7] i
I 28 18] 43 A A3 3 72 A R0 A R ] TR] AR o X 79 27 4, AT 90 0 D B AN 031 B T AR AR b e 3 2
TE I AT L O £ A I R 3 2 I R R Ok T 2 R A, T 1 T N PR — ) R AR B 1] R B RR AR 3 TE
WE T B B MEBSRA o F1A0, 4D-aNN ¥ EEG /R by 23 8] S 5% A1 e (8] 56 & 25 4, Jf 3l 1o
23 () 7 38 3 A 3 R 00 VI 8] VE B 9 R 46 RH DG i XA B R ) R B L 7E SEED i 5 T U
96.25% H o3 2 HE T R B0 A5 G5 N T RRAE 7 A W R AR T 0 o DA 0 B G VA P TR T 0 G U
T 55 2 Ak R T A FOAS [] S 30 910 20 22 6] 1y £ 8 RAE o BE T 2185 2 B0 19 52 i oA 60 97 £ar PE A (Cogni-
tive load assessment in realtime with multimodal data, CLARE ) %4 45 # — 25 (R B0 73X — #a # i Bl
R A 24 Z R TE MATB- 1 24T 55 #8245 h 19 EEG .ECG . % Jik HL 1 3l (Electrodermal activity, EDA)
FHR 20 s , 2R Bl A 10 s ety — U WL RN G A , DA A AN 00 97 i 7 Ak DAAT: 55 5 2 3R 40 28 e ) B
AL A S IR S AR

P& i 28 0 28 T A HLR TS o 2] RN B A 2] 1 — 20 4 2l kIR S S R DN B 2k 03 2SO ) R DE
i o PR 2 I 2658 EEG 3 18 51l DA 15 0, 38 5 Ty B 2 42 sl 2 ] 98 42 00 R A AL 1% i DX p ) 9% &)y, 3
G IE 4 I 55 RN B far A5 P K A OB 2 RS RO o B AN, O W) Ak 1 Bl 28 I 4% (Regularized
GNN, RGNN)¥ EEG HL B Z [6] (9 24E Y140 40 56 R 51 AR G5 K, 1256 719 sl ST 5T U1 25 R 4% 23 A1
272, DL % i i il ik 25 S RVBR W S (0] 81, #E SEED M SEED-IV B 42 FHUS T8 T 2808 e orikny
BEIRU b, XU T HL ) PR AR R 28 B 2% ( Dual attention mechanism graph convolutional neural
network, DAMGOCN )i it XU TE B 7 181 35 AR R 26% [ 1 20 A7 Mo DX 01 B 5k, 76 SEED dia 48 1 #9 Bk ik
o1 52 0 v A 99.42 040 1 HE A R, (8 AE Bl T 5206 v ME R R R R 2 73.21 00, 3X 10 I Y I R R R AR AR
IR B 3 B TH Bl A TR B B (L BT AT 2 IR 5 A A R A SCHLE  EE R P T
% M OCBHSE TE | QB AR AN OC SR N ] R B, 3 A% 2~ RN s B 3 N T G i S [ Bl AN TR 23 3 A [+
WA Z BB 53 A1 22 5, A B o >0 FVECHE 38 9t D) R T B3R AN R N AR 28 A o el ke, A ofR 285 A 1)
1) 2 5% 3¢ I R LB T AR AIE AR Bl g 22 R AR 0 285 3 4 TR R I S R AE RIS B R A o 1Y 8 A i
AL TS 2 R o — AR 2 58 U AR

U 1 PR S A B i N LS N T S S, AN B v S P R PR T R R MR R 57 R B W G
T 4 T U 8 T 1R R R SRR T I A TR R OGN R 25 S bR A UL AN ARz Ak
NG A DAl 5 275 AR 55 28 80 A7 o R IR B B AT A B . A EEG A B far TR B 2 ) £ R L 4
th VR 2 WE T A5 B A B 2k 43 R W B, O T[] 7 2 sl O A A T AT A R AR A A AR 1 AR AT
SR DRI DR 2 A 114 X Al ) 5% 9 T 1 ] 2 AT A R Ll S AR A A I [R) B R A AR 25 R 4%
PER ARG ARE AT R L AT B 14 i 2 BE R AL
3.4 URIENFREG

W E o SO B TR B 32 SR B AR G i i A R 7 AR 19 EEG I 3l b IO A AL ) R
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T2 2] J7 AR BURR 2 (1 75 A OG5 8.

FIE S AT oY S B W) T AT A BRI R TS S s GBS 2, ik B 2 R B AL
2o W 45 MRS 0 2 AR . BB 45 2 T AR B EEG 15 5 o 1 JR 3 I5F 1e) 030 335 13 3 R AE , 76
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SRR s K AR DR AR 1, BUmE 2R N 25 0 — A 25 AT R SCE B R8T 2 L TR % EEG #AF b
B3R B AR 4208 35 43 241 414 . Sereshkeh %7 3L T EEG {5 5 JFJ Covert speech /328 5256, B 3iF
T EEG 78 X 4 AN 7] 3 3 1 55 4T 55 o B9 AT A7 5 Vorontsova 257 ik — 4 i) FH 46 AU 28 190 4% 106 4 4 22 1
2Nt 9 TG IE T 1R A AT IR, 2B CNN-RNN 45 44 il % W] it 4 EEG B Jay 308 45 AF AR R AR5 . 76
H A B2 5, ZuCo B 461 [R5 R 48 EEG S5IR 31155, A %IE 5 N T8 EEG i 5 F4F 0F 5t i
U7 EE ORI A . FA I R R VR B SO R SRR SR N A K A SR A R
PRIy EEG 3 B 9 FE 5 5 8w A i #2070 0 X207 SRR AR T R A AR A SR T IR L B IE T
EEG H 776 AT X 43 19 3 5 A S A 8, (R 4 H 0 1 A2 81 81 52 1) 38 L 10038 28 500 R 4% 5 0k 2R PR, A B 1473 LA
PA A 43 28 8 Fe B bR T Sk 6, 1 R S B B IE R S b B R ORI [ AR E AR AR .

Transformer FIF5 I 2538 75 46 B 10 51 A e Sh38 55 A 6 i DA 4 399 50 6% 1) JF e AR 22 . Wang 251
¥ EEG FI) SCAS (1 bt S5 3455k 28 (0L f 22 AL 25 B 128 19 1 3 A AT 55, BT Transformer B 4% #AE EEG 741
IR B 2 66 2, H i BART 25 T I 2515 75 46 0 A S8 06 FE SO 3% BT 19 SCAR 021 5 4R 1 i
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Table 3 Various evaluation metrics for control intention decoding
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Table 4 Various evaluation metrics for brain state decoding
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Table 5 Various evaluation metrics for EEG generated texts
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Table 6 Various evaluation metrics for EEG generated images
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Table 7 Comparison of EEG deep decoding methods in brain health applications
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Table 8 Recent representative EEG clinical decoding studies and reported effects
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Brain Computer Interface Intelligent Decoding Technology Based on EEG Signal
and Its Clinical Application

ZHENG Weihao', DU Yafeng', FU Yu', ZHANG Zhe”

(1. School of Information Science and Engineering, Lanzhou University, Lanzhou 730000, China; 2. Institute of Brain Science,
Hangzhou Normal University, Hangzhou 311121, China)

Abstract: Brain-computer interface (BCI) establishes information pathways between the human brain and
external devices by analyzing brain activity, providing new technical means for assisted communication,
functional assessment, rehabilitation training, and neuromodulation. Electroencephalography (EEG) is one
of the most widely used signal modalities in non-invasive BCI and brain health research because of its non-
invasiveness, low cost, high temporal resolution, and ease of repeated acquisition. Driven by recent advances
in artificial intelligence, EEG decoding has expanded from conventional control command recognition to
complex brain-state representation, visual and linguistic semantic reconstruction, and real-time closed-loop
interaction; accordingly, this paper reviews representative progress in control intent decoding, brain-state
decoding, high-level semantic decoding, general representation learning, and closed-loop interaction, and
analyzes their applications in stroke rehabilitation, language and visual function rehabilitation, epilepsy
detection and early warning, assessment of disorders of consciousness, and auxiliary diagnosis of mental
disorders. Although the representational capacity and application scope of EEG decoding continue to expand,
clinical maturity varies markedly across different directions: control intent recognition, abnormal-state
detection, and closed-loop neurorehabilitation have accumulated a certain research foundation, whereas
visual and linguistic semantic decoding remains largely limited to healthy participants and controlled
experimental settings; major barriers to clinical translation include cross-individual and cross-center
generalization, neural information fidelity, long-term stability, incremental clinical value, closed-loop safety,
and ethical regulation. Future research should be guided by real clinical needs and patient outcomes to advance
intelligent EEG decoding from methodological feasibility toward stable, reliable, and evaluable clinical
applications.

Highlights:

1. This paper provides a comprehensive review of intelligent decoding technologies for electroencephalo-
graphy-based brain-computer interfaces, tracing their evolution from conventional control intent recognition
and brain-state assessment to language and visual semantic decoding, general representation learning, and
real-time closed-loop interaction.

2. Tt systematically compares representative deep learning architectures, including variational autoencoders,
generative adversarial networks, Transformers, graph neural networks, and diffusion models, and analyzes
their applicable scenarios, technical advantages, limitations, and suitability for control, brain-state,
language, and visual decoding tasks.

3. By summarizing patient-level evidence in stroke rehabilitation, epilepsy monitoring, disorders of
consciousness, and psychiatric assessment, this paper distinguishes technical feasibility from clinical
translation and identifies key challenges involving cross-subject generalization, neural information fidelity,
long-term stability, clinical validation, safety, privacy, and ethics.

Key words: brain-computer interface (BCI); EEG signals; intelligent decoding; brain state assessment;

brain health; clinical application
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