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Abstract

To address the challenge in cross-subject event-related potential (ERP) decoding, where large inter-
subject variability and extremely limited calibration samples for new users severely degrade the
generalization performance of conventional methods, this paper proposes a MAML-based few-shot
rapid adaptation approach. The proposed method initializes with a pre-trained domain-invariant
feature extractor and performs bi-level optimization over a large number of simulated tasks con-
structed from source subjects within a meta-learning framework. Specifically, the inner loop lever-
ages the support set to emulate rapid calibration, while the outer loop optimizes meta-parameters
to facilitate fast adaptation. Furthermore, a task-difficulty-aware dynamic classifier freezing strat-
egy is introduced, which adaptively decides whether to freeze classifier updates based on the dis-
tribution shift between the support and query sets, thereby stabilizing feature learning and improv-
ing the quality of the meta-learned parameters. Experiments conducted on a public ERN dataset and
a self-collected Chinese semantic-syntax violation dataset demonstrate that, under the 5-shot set-
ting, the proposed method achieves average AUC scores of 0.7563 and 0.6705, respectively, signifi-
cantly outperforming baseline methods including EEGNet, Prototypical Networks, and standard
MAML. Ablation studies further validate the effectiveness of the proposed dynamic freezing strategy.
The few-shot performance analysis shows that using only five calibration samples yields an im-
provement of approximately 9% over the zero-shot setting. The proposed method offers a promis-
ing solution for developing brain-computer interface systems with low calibration cost and high
robustness.
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Figure 1. Model framework based on MAML
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Figure 2. Model framework of MVCLDG
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Figure 3. Dynamic classifier gradient freezing strategy based on subject differences
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CSSV-ERP (Chinese Semantic-Syntactic Violation ERP)$t#5 42 4 H R EUE, 15 12 4@ FE2 & (10
P24, R 22~26 %), K Brain Products actiCHamp Plus j{Uk 28 F11 64 B4 actiCAP slim/snap Hi 4%
(E PR 10~20 R40)icT%, RFEFEN 500 Hz. 236 LA Z P SCa) 7, B =M&F: EMar
(CORR). JriifA)iidi s (SYN-P)FIE it [ (SEM), Hl ¥ I S1/S2/S4 Fric (5Bt L 1E #/i8 id &%
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1REER), W N B S7/S8 dric (IERa/4E ). B2 B8R 192 MK (526 64 ). TALERRY EL,
XF 0.1~60 Hz [l A (S 5 3T A @ e, M AT (1ICA) L BRIR AL 28, LL TP9 A
TP10 NZBH AT E S H , $RECHA HBLS [-0.15, 1)FP I 18] &5 P 15 S N2 20 4L, JFb T HEL
B IE, IR AL 94.2% (V6| 82%~100%)

4.2. BFAFFHRENEEMREXIEE

NISAEJTIE RSV, 15 56AE ERN ATFERSE BbAT 7o, AERRAR I T T, a1 SRR
FELTTEBAT XL, AFRZ M) EEGNet. JEZAA . BTG5 21 J7(MAML, Reptile). T
FERNTNE(RRM ), PLAGEFERB LT TEX EEG MIIEE N 7774 (MFA-LR). AR AUC (Area
under the ROC Curve){F N 3 ZVFAladn, FONHATSERIAPEAGEUR, Befs AT S8 AE — 502K
R 25y RAES TR YERE S B a2 A BE /0. RLAULEE T/ & B AR HER R P, AR SRIe X T
P SE N 5 e 2175, AU AN B AR BOR B P BENLRFER 5 N PRZEFEA(E] 5-shot) K B S 7
£, DU THALE R E R AT

ERARWFE 1R, AHIEAE ERN B4 FEUE T IS & RS
Table 1. Comparison of AUC between this model and the Baseline model on the ERN dataset
=z 1. A#EE 5 Baseline #5247 ERN ##E5 LAY AUC Xt

WAk subl sub2 sub3 sub4 sub5 sub6 sub7 sub8 sub9
EEGNet 0.5623 0.5397 0.7082 0.6872 0.5686 0.7585 0.5996 0.6917 0.8068
MVCLDG 0.6304 0.6973 0.8261 0.754 0.5386 0.7986 0.6524 0.7062 0.8394
MAML 0.7205 0.7129 0.7996 0.7622 0.6318 0.8085 0.6292 0.7015 0.8240
Reptile 0.7401 0.6908 0.7789 0.7379 0.6281 0.8050 0.6510 0.6970 0.8285
JRAI LS 0.6947 0.6523 0.7502 0.7426 0.5833 0.7667 0.5766 0.6892 0.7999
MLA-LR  0.6959 0.519 0.7131 0.7307 0.6099 0.7831 0.5752 0.687 0.8261
N Rt 0.7377 0.7166 0.7768 0.7744 0.6599 0.8056 0.6605 0.7331 0.8362
WARA sub10 subl1l sub12 sub13 subl4 sub15 sub16 YA %
EEGNet 0.6745 0.6848 0.6717 0.8302 0.7596 0.681 0.5268 0.6720 0.0920
MVCLDG 0.6658 0.7311 0.8611 0.8414 0.7871 0.6862 0.5779 0.7246 0.0974
MAML 0.6715 0.7070 0.9429 0.8966 0.7509 0.7172 0.5847 0.7413 0.0961
Reptile 0.6664 0.6921 0.9242 0.8683 0.7295 0.7204 0.5963 0.7347 0.0883
JEAI L 0.6954 0.6212 0.8543 0.7755 0.7187 0.7096 0.5334 0.6977 0.0871
MLA-LR  0.6369 0.6802 0.8016 0.8504 0.7422 0.7048 0.543 0.6937 0.0979
KRR 0.6966 0.7458 0.9505 0.8934 0.7452 0.7502 0.6185 0.7563 0.0856

SRS, B &S B oS SR8 77 12 T8 B2 70 % 1 7772 (B 4% MAML. Reptile & A 75 5)1E 5-
shot 5 34 B X6 S 28458 MVCLDG I B, X — 45 RIGUE 1 38 o2 S 3-8 T 55 40 A Uk
B Tl R B R iRk, & SRR D R HERE A A RE 2, (G =N A AE R I RE 4 o
ARITFERAG T RAESGR, £ AUC X—i%Ofebr b, P ikii 2] 1 0.7563, M4 MK MAML 5 Reptile
FELRIUAIRTA R, AL F] 0.7413 F110.7347 .

AT, FE TR R A 2% 5 B T RIS SR MFA-LR J5 R E AR S0 R R IR . R B 2%
FI1E REAE AL EE ERN 3X FEAFAE AR R AL S R A by, AR« B 2Y ” wptadf LARR € 207, AUC
iEF]0.6977, ANBSE TAE411 EEGNet 5%, ERN 155 [ 1 sl I 28 5214 5 5-shot S RFE AT ML)
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BIRFEASE, LESEAGTHHE SR SR EEAL, LSRN KR 54, AT
FET R B0 70 R R R R MFA-LR BT HAR A - 06F 4 Jy AR 0E 70 A7 1R B 15 B3R 52 1) ELAS 24k i, 7 ERN
s 5 2 2% BRI S TR ATZ AL RE AN, AUC IEE1 0.6937 ., %287 v % 77 BRI B ARk i Bk
B EEAS BT RS AT, RN 5 DN HAREEEARRE T, BT St S o B mE . X
Pl T 22 2R A S AR, TC R S R IRA R R E, & S EUSHHAZAL 1 R

[FES, N7 VP A S s R el AT, fE SR — AT & (NVIDIA RTX 5000, Ubuntu 22.04) X%}
b 7 SRR TS AR, DRE-MAML ol ZRafem 3.9 /N (BB Zh 2.05 /N 504k 1.85 /M),
MAML & 2.1 /i, EEGNet Bkl Zk 0.5 /M. 5-shot #E BB, DF-MAML 5 MAML Bk M AE
43 HA 0.15 #0A1 0.13 F2, /T 1 AD, 3 SERT BCI B Bk, EEGNet LN . 45 1EN, A0
RAEARFF R AR, TFE A S MAML A2, &P, H&ScHET.

RS REH, AHE SR AR T B DREAR B TE R R R E R, e X
B BB E AR RHE, JREd R EYUE R A AT RO RO, WAL A RR e, ot 2R

Y
1

TR Ak T BT B RS HETE S5 050 7
4.3. BT BREIBERNE LML

N HE— B IRUE T IRAE R AAANRIE S5 LA R, 18 BRI S0 Ridod R B 4 B AT 15058 .
ZHAESE VK NA0O/P600 2522 it ERP Jif 7, HAFSAHIELATTIN ERN Kt 62 HAT 5 v (1 il ok ) 22 S PR AT
HEMEAS, HP AR RN R . SCIEIE S A TT BRI — 27, A RSN H
PRp il 7o 5 3 RAFE R T3, S UE I BEA LI 5 AN n 2 HE AR (5-shot) {1 DA SO et AT HRd 1 e B
JATY T

ERSRINE 2 R, ERX—F APV ERE L, PrHRITIERI S E &

Table 2. Comparison of AUC between this model and the Baseline model on the CSSV-ERP dataset
2. FREE Baseline fREVEFICE X AEER BIEE LAY AUC XitE

T subl sub2 sub3 sub4 sub5 sub6 sub7
EEGNet 0.5398 0.5243 0.6919 0.5752 0.5235 0.5713 0.5452

MVCLDG 0.5277 0.6051 0.7219 0.6908 0.671 0.5822 0.622
Reptile 0.5997 0.7444 0.7105 0.6367 0.6382 0.6197 0.6768
MAML 0.5856 0.7354 0.7195 0.7002 0.6610 0.6380 0.6643
JE 7 A 2% 0.5581 0.6596 0.6448 0.5591 0.5568 0.5519 0.5746
MFA-LR 0.5950 0.6562 0.7028 0.6823 0.6284 0.6159 0.6455
N i 0.5983 0.7354 0.7206 0.6708 0.6568 0.6179 0.6903
WAR/A sub8 sub9 sub10 sub11 sub12 SO bRz
EEGNet 0.6464 0.6149 0.6547 0.5862 0.5029 0.5814 0.0595
MVCLDG 0.6725 0.7006 0.7335 0.6951 0.6045 0.6522 0.0630
Reptile 0.6701 0.6759 0.6877 0.5921 0.5782 0.6525 0.0504
MAML 0.6698 0.6595 0.7253 0.5989 0.5716 0.6608 0.0546
JER 2R ) 2% 0.5985 0.6198 0.5623 0.4960 0.5616 0.5786 0.0451
MFA-LR 0.6321 0.6524 0.6130 0.6019 0.5139 0.6283 0.0481
N i 0.6956 0.6622 0.7107 0.5882 0.6991 0.6705 0.0479
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MITETE B A AT b, SR ss R B S AT BIRE —8Es. ok, BETHERITY
Jii%(Reptiles. MAML J AR RN BEAR FARAR JE 3 H ] FE Al Y (EEGNet) &2 MVCLDG #2814 BE 4 Tt
X HE— AR SE T J625 I YIUG A SRS 7R NG B/ S AR AERE A o) @& . SR, 7EiZes s, A
J71%(0.6705) /5T MAML (0.6608) 5 Reptile (0.6525){*¥F | Fa g (L. 1X— AR IALEME R 5 =, AL
SRR S ERP B 15 DA4ERE, BOBIAE S Y5 N RO R S ia e L T B4R AE R 4a 15 5 s kAT
TCRAL 2 B 7

FLUR, BT P a0 SR A P 4 AR AR B A R BANEE(0.5786), ANHIF T HEIIX — 45 TR HAR T4 2
FETH 2 (U0 I\ =53 2897 & 22 =43 288 I v T s R0 Pk o 288 3t 002 388 o v 4 2K 0 P SRR A5 4 (5-shot)
TREFAR RGO T, SR B2 75 BT 2 RN A X A3 B JE A AR Oy, IR AE IS A R A A BT A 3%
it E Bt — MR, SEOLEET R S M ERENHIL R MFA-LR JiVEfE ARE R 5 LR IR
AEAE, RGN T AR A A TR ARSI R I T TERIME R . mMAZE T H SRR REA D (2%
PR, BT RS BRI SR v, HA T AR G e e 2, AT PR T s i A ke

g BRTR, fEMERTE R, AN E R0 B R SOE Ak AR b, ARTTERTR R E
JU2F 3 P A RO A R SR P K R B BB R . 12 e e T A B AR AT R RR S 1A R A
fhTE S BTHR, T I8 P 2R S i i PR P R S 56, Pl I ) S EA LA TR
B, DT LEAREL B R R 2 A 5 A U FRL RS AT 25 SERL T BB TS B 52 A e

4.4, jHRLSELS

RIRNFIHT BT RAEZE A A S A ) Dk, FFI0IE Bk BRI A B, 7E ERN AFFEE4E L%
THHESE T — RIVR G RSLI . HME T = /ME DB 58 BB I AR AT X6 LG 7«

1) w/o Meta: FERRFEN IO SIIERCHS, AUEFH TRIZR 2 W R RHE SR IR + — AN it o S8 AT
FREAM R .

2) w/ Meta (No-Freeze): B 0% 213G S, (HAEEMAH R DA (5-shot) N IR IE R FE R, AN
SEHEATAT S H05R 45 5, B SR F AR HE MAML 97 20 R I 508 R AE SR L3S 5 40 8 i AT A

3) w/ Meta (Static-Freeze): £ NEHMERCI, RHUFH A 45 (Static-Freeze) 5%, B DA & J& JAVR 45 4>
KIS, RN R NGRRERR IS 424

Table 3. Ablation experiment
= 3. iHRLCIS

Jiik subl sub2 sub3 sub4 sub5 sub6 sub7 sub8 sub9

w/o Meta 0.6304 0.6973 0.8261 0.754 05386 0.7986 0.6524 0.7062 0.8394
w/ Meta (No-Freeze) 0.7365 0.6592 0.7948 0.7404 0.6224 0.7901 0.6604 0.6681  0.8089
w/ Meta (Static-Freeze) ~ 0.7413  0.7129 0.7804 0.7586 0.6235 0.8180 0.6175 0.7194 0.8378

AFETY 0.7377 0.7166 0.7768 0.7744 0.6599 0.8056 0.6605 0.7331  0.8362
Jiik subl0  subll  subl2  subl3  subl4d  subl5  sublé Sl ) %=
w/o Meta 0.6658 0.7311 0.8611 0.8414 0.7871 0.6862 05779 0.7246 0.0974

w/ Meta (No-Freeze) 0.6750 0.7119 09212 0.8374 0.7150 0.7170 0.6235 0.7301  0.0827
w/ Meta (Static-Freeze) ~ 0.6671 0.7182 0.9348 0.8847 0.7603 0.7258 0.5925 0.7433  0.0946
EN e 0.6966 0.7458 0.9505 0.8934 0.7452 0.7502 0.6185 0.7563  0.0856
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SEmAE W 3 PR, SEBBAIELS TP AUC A 0.7563 s tEMERE, H HARME % (0.0856)4H X 44
ik, RPHEREPABONTEE . “wlo meta-learning” A5 A it £ 75(0.7246), XA M UESE T 02 ) iE e
IRATANTTEGER, A AR B TR FH A D 3 H bR RE A AT AR AL RS, HZ A0 RE 7 52 B A M R
HR, “w/Meta (No-Freeze)” 2844 GE(0.7301) EBAR T ZEREA A, (HE ZMLT 5B, X —45 KM,
B H SH TR W25 S0 5 5 BUR PR S B0 D B SCREFEA I A, AN 40 T AR 2 1) 5 ki A ik
fite F¢J5, “w/ Meta (Static-Freeze)” ([# 2 J& BV 45 ) 2 A4 1 58.(0.7433) A T RTR 5 2 0] o "B ERAR I it []
5E JE BVR 25 B 1 E R SR SR AR I R R A, AR A T R R R e AT O R T e, PR TR E
Mg ST B . A SCEE 7 VAR A © 2 B 14 A3 r 8 FRA AR 314 SR BGHAT R, 2 =314 43
AL BB A P RE B . MMD A% B BCR I B ik (o = 1O R fe i, o 7€ 0.5~2 JEE N AUC I3 < 1%.
TCINGRHZ) 25% AT 55 4 K e N IR ME R R R &, R &S TG SCRFEE S B0 SR AR IR 20 A O FE B8 T 3 46 7
2) 10%, KNG A MFE THRAES ] .

ZE LRTR, TR SRR T AR 7V TR 00 B0 ) B R 4 SR A R . 1R R AE T I
MY B AT S AN S @ HT R, i RE S ESHER S, R @R
ZAk, RIS VRS S EUR DR g A AE B X BRI B AR e MR RS RIS FOA L, 2 SEBGE
S 2R 2 R = SO RS I DG
45. LHARIENM MY EEEE

R VTAL BT HRAE 2 AE U 1 i 422 1S BRis B  s N I SE R, AT RGARTT T ALAE AN [F) R e A R
BERHE NV RE . ASRIRAE ERN B ERIDREAR HES 5 X T8 —AMERN B0l e
ﬁﬁ%ﬁh«¢%mm#%ﬁﬁﬁmﬁﬁiﬁﬁ&Wfﬂmmnlﬁﬁ%ﬁﬁm,%Eﬁﬁﬁﬁm%

BV TERE . BE TN €{0,1,2,5) DUFhIAE, Sr Rt RIRFEA R XUREA K IR ARG R 7 5. Hordr,
N = 0 FOEABAT M T B AR Pa S B -

AUC vs N-shot Performance
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Figure 4. Results of few-shot performance experiments
Bl 4. DERENMEREXELER

Wk 4 E RS EIR TR, BPERE R A LA KRR A SR N AN 2B S SR T A
FEN =5 BT, BBAE] 7R3, AUC Jy 0.7563. X —4 RN, HIMEAER At
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HIEHERIR, J0% S IE R A A Sl 42 B AR MR AR, A S 4 S A £ 0 1 1Y
WOl (ERERERZ, fEN =0 MEFEARZM TN, BAIREIREF 0.6956 HIALAITERE, VAT THELE kit
14 76 38 I 5 BRI FH 4 SRS BE AT BTN, SR SR SR TE IR o A L B AR RS

SRIMT, SEERAS R T — AR AR RTINS £E N = 1 IBREASE N I E N, B BE(AUC =
0.6504)ZEMET N=2 FIN=5 %4, BERMET N=0 MEREAMRE. HRIEAT, BREAGEHRTFEN
FRABIIBIAE U A, BT H /MR B0 R B0 B EAT S8, (H Bl T P v iR (R S b, SR — AR
Al R TVEAER BARH R LR o, WO R S5 3 8 — M s fe gz A X3y 1, LA
WA TOIE NS RN R R IR ER R, SRR R AR

R NLIR RV R RIE S BRI ERELR, R JeR ARG T S
HAEHE 5 AL ERSHEREAR DURIESCREEE Z R, MEBR M T AR e o ARSI IE T BT iR fE S e DA
RFEFEARZZAM FRA RN, R 7 RHEBER SR S5 PR R B Aksm], IF 0 2 1 ol N SR OR
TREATRME N 0 SN

5. 45RiE

A SCEF R EE A ERP SRS AMA ZE oK RIEFEAR D S BUL G 7 2 A R BN BRI I R, 2
H 7 R TR TG G T6 A% 2] (MAML) R/ FE A H I B 7 7:——DF-MAML . 1% 775 LA P ZRRFAE S HL
ONTCHIIAGAT A, I R B — VA B I AT 55, I DUZ L AAEZE SE B “IE FHRFE” 2] “A
PEAERL” IPREE R . Ak, WE T R TAE S ML BN o SO B B VR 5 5k, B A%, BIE
ARG AR SRR ERHE S 2] o BT BY SRR A S /D REA PR P B AR, P R 3 R AS [ e
Holm BRI R .

TEATT ERN B#i4E 5 B K 30l R ki e Bl 4 B SEgR KB, £ 5-shot BE N, AT7VEHIFH)
AUC 2 #1 T EEGNet. JEA 2% LRt MAML 85542 U715 MRS IE | 2 A VR 45 SRS A BT o ik
SEMERSURA Y DREARYERE M B, $RME 5 MRHEREAR T (E I BRI TREA L TZ) 9%. LIRS,
RAFUER T T EAEAURAE A0 . S B PRI s 1 1 ERP AL A Rt 5 s R

KRITTENAAAE—E RRYE: B, SRR REFETER MM E, RKRIRERBEN
BIE 2 2] 7k FIR, MR EAEE 2200035 N RZ AR A FEE— DR . Aok TARIG IS8 Bk ]
BT, AFESLHERENIMSRIT. &6 PR IR HE 2 Totr e Hinisdds, dE— Sz
H RS FAGIERR .

—
= A

AR EREIEENLRRAES LR ERGEROEE &R L SMEdES . FELTEE
(2023) 036 5), FrE2AEWEZBMERES, HREE FREEES) .
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