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DeWave'®” 41.35 13.92 28.82 33.71 31.07 52.79 48.98 50.81
Amrani™” 41.87 14.53 30.40 35.50 32.75 56.30 54.58 55.42
SEE"™ 39.87 12.18 28.23 30.51 29.33 51.32 47.67 49.42
Murad"® 40.13 12.71 26.29 31.36 28.60 53.25 49.36 51.23
4410+  16.21+ 3510  40.54+  37.62+  61.13+  59.06&  60.084

AR I(ST-MSIAN)

0.42 0.41 0.42 0.43 0.32 0.29 0.43 0.38

BLEU # b5 L N-gram # VT BC 4 A% 0 , B8 05 A 850 4 {6 18 SO A2 30 )2 1 5 2 25 SOR ) — 0
BE SR AL B A AE 55 N ) 2 B IEAN AR v . ROUGE $i8 b5 S5 ) 4 ] 2 4 531 3 45 17 4 22284 E
55, BEAE DA 1) 2 B2 5 A R) 1 S5 MR S e A iSO X 225 N A B PR B S O . BERT Score 25 T ft3
Yrih LR TR SCRR RS B8 [R) SO 8 A0 T8 SOM AT Y 2305, DAL 0k 76 A 0 SOREBLRE ) T SE A5 45 A
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FKESE . = EA VT LA AR SCAS 7 35 3 R0 S R i S0 34 A R A ot SR E AT 4 TR A | afE A
B —F5 bR Al el R 1Y R TE P

AT %A A I A LB $5 A% BLEU 48 43 & 44.10% . ROUGE R 37.62% . i SCAH L B 48 #x
BERTScore )y 60.08% , #£ 45 4~ J7 6 ¥ 08 F 5 S #E K . BLEU B¢y = ZAF M 8 b5 H T 500 2 1
., ST MRAEAL BLEU 2388, 5 Amrani % (07 1 BEATBOU R 30, 45 5 3R A SO ¥ e 42t
B EA WL (BT OR 56 1 35 M 7K p=0.038<20.05) , R FR AR IR R B — ﬁzaﬁﬁﬁaﬁﬂﬁ
o, A F L EEG-To-Text B ST-MSIAN 7£ 4 45 A7 [ #0532 30 8 0 25 (0 M BE L W0 7 Hiog
B 25 FEAE DL SR 32 38038 B 38 N L 28 032 B T 0 HL AT KAN B B 52 ) EISE/TTKIEH;%ME
BLEU.ROUGE I BERTScore I B8 8 1&] i 2 46 Y 141 BE 0% B 00 08 22 3] ST-MSTAN #52 BU 7E SCA
) R SC R T A PR SR R

60 65.0
42 -
501 40 6237
4 38 L 60.0 I ﬁ
(3 5 R
§ E 36 + E ST:5
230t @ 341 S 55.0 =
| =
M St & L
20k = rél 52:5 i
T ﬁ 500 ﬁ
1oy 8y 475}
26
0 1 1 1 1 1 450 L QI) .I 1 1 1
&@“& %‘59 ey \§ & é° &% T SE S
V"& & ‘zy &é S ¥ TS &
<§° % & 2 & S
(a) BLEUFSHRXT H (b) ROUGE#E4RXT L (c) BERTScoref& 5%} Lt
(a) Comparison of BLEU score (b) Comparison of ROUGE score (c) Comparison of BERTScore

K3 KA BLEU . ROUGE fl BERT Score Xf 11,
Fig.3 Comparison of BLEU, ROUGE and BERT Score for different models

Al ST-MSIAN [ 3F 580K , 2 53 4 07 W 10 S 50 07 202 FE B FLOPs e 2 4m 4]V A
FEFEHR BLEU-1MEREEAT T4 AT, A B AL SE 6 4 R IR B S A XL AR . Hodp, i F SEEAR
RN TF Sk R Ho B R . 85 R R S5 7 1m , ST-MSIAN 2 47.10 < 10°, it F Amrani
(85.27 <X 10°) " Al DeWave (51.97 X 10" | 5 Murad (49.85% 10°)""* fl EEG-To-Text (40.50 % 10°)""

®5 FAEERESRELL

Table 5 Complexity comparison of different models

ik SHR/10° FLOPs/10° BLEU-1/%
EEG-To-Text" 40.50 4.17 40.10
DeWave!?” 51.97 5.34 41.35
Amrani™ 85.27 9.13 41.87
SEE™ — — 39.87
Murad"® 49.85 5.21 40.13

AIL(ST-MSIAN) 47.10 4.89 44.10
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b IR — 9. FEIHE R ML, ST-MSIAN i FLOPs A 4.89 X 10°, . ik T Amrani(9.13 < 10)" | 5
EEG-To-Text (4.17X10") #l Murad (5.21 X 100" #1 3% . #81i , 78 BLEU-1 4§ #% I, ST-MSIAN 4
44.10% B9A5 50 B F A0 T B A HOJT ok B0 4% Amrani(41.87 %) T T 2.23 N E 40 . LRk
B, ST-MSIAN 78 2 i AT 57 52 2% B 4 b 7 45 BES FB R4, SE 80 7 SR p 1 e 0 R B S80I 17 AR 3¢
BT A T 5 v AR

e 6~8 J 7 AR SR AR 5 T Ath AR TR (10 S o 90 Ak AR B A O v R A S 4 VG T A 1) £ R e 0
PRI T A X G B SUAE B MERR AR HERE 1 . AT LA Y, Wang Z51ORT Amrani 25 BB RL R TE —
FREE L AT DU A 00 ] ER T R BT SEBR A S L M B AR SOREAL TG i R 1 S
T AR P e T

F6 ATHEBFMER
Table 6 Prediction effectiveness by the proposed model

KA T B A1

(1) He was a member of the Union Railroad, and served (1) was a member in the United Railroad, and was

in the New York State Legislature. served for New York State legislature.

(2) was a United States Senator from Nevada and a (2) was the United States Senate from Nevada and a
member of the Democratic Party. member of the Democratic Party.

(3) Following the 1980 presidential election, Bush and (3) the 1980 presidential election, Bush and his wife

his family moved to Miami-Dade County, Florida. moved to Dade County, Florida.

*®7 Wang #EHE ML R

Table 7 Prediction effectiveness by Wang’s model

HYA T e ) T

(1) He was a member of the Union Railroad, and served (1) was a member of the union rail, and served in the

in the New York State Legislature. New York.

(2) was a United States Senator from Nevada and a (2) was a United States senator from Nevada, the demo-
member of the Democratic Party. cratic.

(3) Following the 1980 presidential election, Bush and

: ) S (3) the 13,41 election, But his family, , ,
his family moved to Miami-Dade County, Florida.

8 AmranitEE FN R

Table 8 Prediction effectiveness by Amrani’s model

HYA T e

(1) He was a member of the Union Railroad, and served . .

. . (1) was member of union, railroad, New York state.

in the New York State Legislature.

(2) was a United States Senator from Nevada and a (2) was United States senator, Nevada, democratic
member of the Democratic Party. party.

(3) Following the 1980 presidential election, Bush and (3) from 1980 election, But his family moved to main

his family moved to Miami-Dade County, Florida. Florida.
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5 B AN () A R S X AR AR B A S e, T A S B R A T 5 R ST B AT MR I S AR 2
ARSI 25 RN 9 Fros . NI UEAT A 0 15 2 iz A Re ) L AR SCHEAT T B — 2 I RS RS R . 7
LB T BRI — 2 2 IR 1y I A 2 3 B T I L 3 T i A 3213 S B
FHEER . AR IFTLIE ), ST-MSIAN 75 52 137 5 T i BLEU-1 .ROUGE-F #1 BERT Score-F 53 %]
K F]42.02% .35.06 % F156.17% o H L 56 # AR ALME REAT I T B, 33X 2 ol 85 32 3050 U v 3k 323 1
B VR B8 Aok WL, XA Ty AL RE Jp 48t T B R A R L AR, 5 A2 IR A5 SR B A T AR
D5 FEAUE I T 324 S ML R 22 958 BT R AL AE A B A 22 S 0 A A b . X — 45 R
T, ST-MSIAN AMUFEIR A Z i Zi g 5 F RBL 5, #6180 0 58 4 K W32 0 i B4 R Ar iy iz 1k
A1, o S bR R AE T AT RE
R9 HRMTBERL

Table 9 Result comparison of ablation experiments

- BLEU/% ROUGE/% BERTScore/ %
i3
N=1 N=3 R P F R P F
38.64+ 10.72+ 28.43+ 33.64=+ 30.82+ 55.384+ 51.47+ 53.35+
w/o SFEM
0.81 0.91 0.94 0.87 0.71 0.55 0.76 0.68
39.314 11.34=+ 29.834 35.37+ 32.36% 56.64 4 52.444 54.464
w/o I F 432
0.88 0.79 0.82 0.81 0.70 0.53 0.73 0.69
N 39.63+ 11.72+ 31.25+ 36.23+ 33.55+ 57.01+ 54.30+ 55.62+
w/o &5 8] 43 3¢
0.85 0.74 0.80 0.81 0.69 0.55 0.71 0.70
39.70+ 1291+ 29.10+ 33.74+ 31.25+ 55.42+ 52.094 53.70+
w/0o MIAM
0.91 0.81 0.83 0.79 0.70 0.41 0.68 0.63
. - 39.604 11.61+ 31.014 36.134 33.37+ 56.984 54.124 55.514
w/o T E T
0.71 0.51 0.79 0.62 0.77 0.44 0.66 0.61
e e 39.25+ 10.29+ 30.53=+ 34.84+ 32.54+ 56.384 52.26+ 54.24+
w /o ZiXHEHEE T
0.67 0.46 0.73 0.61 0.75 0.47 0.69 0.61
- 39.724+ 11.62+ 31.37+ 36.90+ 33.91+ 57.21+ 55.35%+ 56.26+
w/o &R EEN
0.72 0.51 0.76 0.66 0.68 0.42 0.61 0.58
39.57+ 11.76+ 31.19+ 35.27+ 33.10+ 56.93+ 54.57+ 55.73+
w/o KAN
0.52 0.41 0.45 0.40 0.48 0.32 0.43 0.39
. 42.02+ 14.91+ 32.784+ 37.68=+ 35.06+ 57.12+ 55.25%+ 56.17+
#5523 ) ) )
0.43 0.41 0.40 0.43 0.33 0.30 0.44 0.40
44 10+ 16.21+ 35.104 40.54+ 37.624+ 61.134 59.064 60.084
AR (ST-MSIAN)
0.42 0.41 0.42 0.43 0.32 0.29 0.43 0.38

1 :w/0 IR without,

7 SFEM Hf i [8] 23 (8] P AS 23 SCRRAR 6 2. YRS BRI (] 23 Sy A AUV RE G AT e, 28t 1 7
W AL BAL 55 Al I EEG (55 MRl S A B H 20 . X — R IR IE T 7E AR SCHEZL h [R5 )8 EEG i
F1% 2 ) RS T 79 A 5 T JE e B O B UE SFEM I 73 3P 1.2 4 I MK I B A0 & BV, AR SCiE R 4
WAL T B ) 43 S R OR TR K R AL G T % . R 10 BT s, i — Ik R G E 19 BLEU-1 45 40 38T
40.5%0 , AH HE A SCHC B A9 44,1000 235 T B, UE BB ROBE AR AR 4R BOAY R IR o WURCEE L5 v, 1.4 10 4K
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10 SFEM 7 [F] 0% M 2= 2 82U 1 e B #2 1

Table 10 Impact of different expansion rates of SFEM on model performance

N I ik % BLEU-1/% ROUGE-F/% BERTScore-F/ %
d=1 40.23+0.65 33.874-0.54 56.424-0.51
R d=2 39.45+0.71 32.5640.59 55.7840.55
d=14 39.8740.68 33.2140.57 56.01+0.53
d=1,2 42.34+0.56 35.784-0.49 58.234-0.47
MR d=1,4 42.674-0.54 36.1240.47 58.6740.45
d=2.4 41.8940.59 35.3440.51 57.8940.49
d=1,2,4 44.1040.42 37.6240.32 60.0840.38
=R
d=1,3,5 43.7640.48 37.684-0.39 59.874-0.42

13 42.67% M AER oy A BARF = RERE . ASCRAM 1.2 ABCE LI T JR#s b 48 R K B 2
I P 4058 17 4 T 7 25, 76 T A IR 2 T B S DR PR B . A B 10305 1 = R AR R AR SO E 4R T 0.34
ANE G

KT MIAM 444, B4R 2RI e A B3 stk BRI — B R R & 5
PEREW] W N R, P RS R 2 i PO I W e R o W, S 2 R A R - X R T
il A A e P A T S BLME B (1 EEG {545 31 SCAS fif i i 72 v (9 SC S 4 T . MITAM 119 Bp [R]85 2R R T
3ANET MR DT o 5, FE H 1) {5 2 02 T, A2 3 J2 A A (e B R 1 B 2 4 P R D b
A BB DR T AR A AR A T T 1 A8 ) PR )R SRR A b AT Y ke A T A2 R A W TR R
FAEEEG R % AR T AR A B XE R o O TR AR B Rl A 2 T8, R HIXS 3/ 3 AE 24T DF 422 101 3E fin 4
SR AT U8 B SR Wk e 1 o 2 i 52 2 5 IR 4019 9 [, £ 45 R 30 Transformer B2 82 W] 15 175 [ 28 4L
JE A A F A RRE RS B PO A R PR B F, I A S WIS e 1 2 2 908 B AR B
PEo RJE L IES B )Z 0, 320 R 7758 o S e 4% 46 S R G LAk L ok B BART i B 55 E 5k
SR B HE X TR LA R 4 SR )2 AR DR B G B B B ) A% A A K A2 1K )2 R GE 2 L 3R A B R B
A 7538 3 J2 2 23 S ORI T AR A 25 A, 32303 22 U i T s AR Ui MR 22 &7, 2
JRAE AT NS 2R M G — 18 RAE . il X Al 2 e A 52T, MIAM SE30 T DA R 3 310 4 0k |
A 0 B O 1 o i 20 SRR M . AT, 2 2 B A KAN S B0bE BB A7 T B (R 34 2 800k 22
TCIL AR MLP A [ B0 B 2 KAN 38 2o ] 27 2] B 2% bR B 3 45 38 EEG /5 5 & 4% AR PRy Ak
AVEW CR AR Z A H 5 P RATERE . X —25 R HF7E ST-MSIAN i 1] KAN R85
4 EEG %

S ik ST-MSTAN (1 #5848 4 2 AL e 1 , 4 SCHE ZuCo v1.0 5 v2.0 Z [ & 1 T B A iz AL 55 5 .
ZuCov1.0 5 v2.0 i AR Z IR E IR S 5R4E v10H 128218 v2.0 L 184 ZikH , HiE LES 1]
A P A ST RO B o SR 43 ) LA PR — RRUAS BSCH I AT I R DT AE D) — WUAS B BEAT I, dn sk 11
7~ L, L ZuCo v1.0 1%k .v2.0 MK A} , BLEU-1 . ROUGE-F #l BERT Score-F 435l i% #] 35.39% .28.01% #ll
47.28% ;LA ZuCo v2.0 Y 2k .v1.0 MR i, 3 W 45 b5 23 91 A 36.71% .29.84 % M148.77% . 5 F 5254 VI
YR EL B RRAC U T PR RE A BT T B XA A IR B > B TR o A 22 S TR . SR AR AR A T e
W5 RAS I B R PR T RN R MR BE KO, R I ST-MSIAN B % — & 15 Z i & BRIz (kg )1, R
o AR R S WUAS 1 52 3K 43 A
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Table 11 Generalization experiments of cross-version dataset

VS BLEU-1/% ROUGE-F/% BERTScore-F/ %
ZuCo v1.0 35.39 28.01 47.28
ZuCo v2.0 36.71 29.84 48.77

SR, BIREE R ER T ST-MSIAN SR th i A2 (R Y B 2Pk . SFEM MIAM 2 iK% [ 18 )
BLA]FT K AN EB XS5 7 B e 1) 7 OGS AE F o A8 B0 DA SCHE 2243 200M: A9 ] B, 3 30 4 TRT A9 7 il B 55
R T ARG EAE DT 1. BN, Bk MIAM Wi Bie A 1 8 1 2R R AR T — & APE A T2 18]
M 28 B AT RE R AT Ak 2 1], DL K % BR T 24 65 R0 EEG fif A 45 s nT FH 40008 4 i fole | B8 400408 41 06 F 7
JRABRF ZuCo WA RA , AR TR E— 25 76 0 2 4500 4 1 30 3E A5 A 1) 32 Fh ik o

3 HERIE

AR SCHR T — B R T 59 T RRIE 3% 5 F il EEG 15 S i SCAR Y HE 22 ST-MSIAN 78 SCHE %1
1 SFEM \MIAM #1232 iK% & A & WAL AE TFBORNE &4 F EEG @5 AR S5 h R BL T 5 EEG
5 A B T SCEBIRE ), IR AE KAN B 52 3k (1 5 Bh T 520 16 TIN5 0 5 A R A A A [R] Y R s
AR SO ANAN 58 35 B FE T AR ARG B, S ORI ) BCT R R34 1 T AT Mt %8 0 SE I 2%
W], ST-MSIAN7E ZuCo B4l 45 I (1 R B0 2500 T 90 i, 5o 40 UE B T Jr B2 A 28 78 15 52 303 TF i3 in)
ILEEGE S M T &5 P A S S8 . Rk TIED Wt — S RIZESR N 5 IR I
W T AT S R T L IR EEG R 5 09 K BT R S s RS ml A 1) AT RO AT AR
ST-MSIAN A AYBE M S T iR 3% 5 F 46 EEG 15 S i SCAR AT 45 19 & 8 b 7e v 2 e 2 4l B
A& LA SR R I LA 1R e A e B T .
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A Spatio-Temporal Multi-level Adaptive Interactive Attention Network for Open -
Vocabulary EEG Decoding

CHANG Litao, WANG Yongxiong', HUANG Shuai, WANG Zhe

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: Decoding electroencephalography (EEG) signals into natural language text is a fundamental
task in brain-computer interface (BCI) research. Existing approaches often suffer from insufficient
modeling of spatiotemporal EEG characteristics, limited capability in capturing hierarchical semantic
relationships, and poor generalization across subjects. To address these issues, this study proposes a spatio-
temporal multi-level adaptive cross-subject interactive attention network (ST-MSIAN). First, the
spatiotemporal feature enhancemant module (SFEM) employs parallel temporal and spatial branches to
jointly model temporal dynamics and channel dependencies of EEG signals. Multi-scale dilated
convolutions with dilation rates of 1, 2, and 4 are adopted to capture both local and long-range temporal
dependencies, while spatial convolutions and attention mechanisms enhance inter-channel representations.
Subsequently, subject-specific tokens are introduced to explicitly characterize individual neural patterns and
reduce the influence of inter-subject variability. Based on these representations, the multi-level interactive
attention mechanism (MIAM) progressively extracts hierarchical semantic information through channel-
level, subject-level, and global-level attention interactions. The resulting features are further processed by
a six-layer Transformer encoder to model contextual dependencies. Finally, a KAN-based projection head
with learnable activation functions is employed to establish a more effective nonlinear mapping between
high-dimensional EEG features and the language embedding space of a pretrained BART decoder,
enabling accurate text generation. Experiments are conducted on the publicly available Zurich cognitive
language processing corpus (ZuCo), including both ZuCo v1.0 and ZuCo v2.0 datasets. The proposed ST-
MSIAN achieves a BLEU-1 score of 44.10%, a BLEU-3 score of 16.21%, a ROUGE-F score of
37.62%, and a BERTScore-F score of 60.08%. Compared with the strongest competing method, the
proposed approach improves BLEU-1, ROUGE-F, and BERTScore-F by 2.23, 4.87, and 4.66
percentage points, respectively. The proposed ST-MSIAN provides an effective and robust solution for
cross-subject neural language decoding and offers promising potential for future applications in assistive
communication systems and intelligent brain-computer interfaces.

Highlights:

1. A novel ST-MSIAN framework is proposed for open-vocabulary EEG-to-text decoding.

2. A spatiotemporal feature enhancement module jointly models temporal dynamics and spatial channel
dependencies.

3. Subject-specific tokens are introduced to explicitly reduce inter-subject variability and improve cross-
subject generalization.

4. A multi-level interactive attention mechanism captures channel-level, subject-level, and global semantic
representations.

Key words: electroencephalography (EEG) signal; EEG-to-text decoding; spatiotemporal learning;
interactive attention mechanism
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