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“ Continual Motor Imagery EEG Classification ”
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“ Continual Motor Imagery EEG Classification ”
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Common Object: Subject Variability(SV), Catastrophic Forgetting(CF), Privacy & Memory(P, M)
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Common Object: Subject Variability(SV), Catastrophic Forgetting(CF)
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Common Object: Subject Variability(SV), Catastrophic Forgetting(CF)
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Common Object: Subject Variability(SV), Catastrophic Forgetting(CF)
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Brain and Artificial Intelligence Lab.

Common Object: Subject Variability(SV), Catastrophic Forgetting(CF)
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Common Object: Subject Variability(SV), Catastrophic Forgetting(CF)
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PERFORMANCE OF THE BASELINE SUBJECT-SPECIFIC FINETUNING (SFT) APPROACH AND OUR SIL APPROACH IN TERMS OF AVERAGE BWT (%) AND
ACC (%), COMPUTED AS SHOWN IN SECTION 7, AVERAGING ACROSS THREE RUNS, THE STANDARD DEVIATION IS NOTED IN PARENTHESES

*RE/RES, AE/REL/E/Y, AE/L

* EEGNet-8,20| M BWTZF SFTH M § =2 0|

TABLE 1

BCI-C IV 2a+ (2-class)

BCI-C IV 2a (4-class)

BCI-C 1V 2b (2-class)

Method Backbone ACC (std) BWT (std) ACC (std.) BWT (std) ACC (std.) BWT (std.)
EEGNet-8,2 510 (26) -09(0.5) 447 (40) 04 (56)  538(2.6) 3.9 (1.8)
SFT EEGNet-64.16 577 (2.2)  417(12) 438 (23) -03(24) 563 (0.5) 47 (L1)
ShallowConvNet ~ 74.4 (3.0)  -47(1.9) 480 (0.8) 4925  595(1.7)  3.8(1.2)
DeepConvNet 633 (3.0) -172 (27) 384 (0.8) -149 (47) 72.1(0.8)  -33(27)
EEGNet-8.2 715 (4.8) -145(53) 55135 21732 733 (15  -0.7 (1.0)
SIL (Oursy  FEGNet6416 80736  73(56) 62320 139G  IST(AD 07 (L0)
ShallowConvNet  84.0 (2.5)  -0.9(1.3)  69.5(0.8) 0.0 (0.0)  61.2 (0.6) 1.0 2.4)
DeepConvNet 858 (0.5) 0.1 (0.2)  72.2(09) 24 (0.6) 753 (0.5) 0.1 (0.2)
"""" EEGNet-8,2 —+— SCN + SIL (Ours) EEGNet-8,2 + SIL (Ours)
"""" EEGNet-64,16 —+— DCN + SIL (Ours) EEGNet-64,16 + SIL (Ours)
Target Subject for Evaluation
S05 S02 S07 S03 S04 S01 S06 SO08 S09
100 s e = H
AN v ;‘; v\ Jan— l‘\| .
= A A -
5
(¥]
«
20
0 T1 T2 T3 T4 T5 T6 T7 T8 T9

2= (9 subjects)

2
FEACCZt R HEY

Training Sequence per Target Subject
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TABLE 1
PERFORMANCE OF THE BASELINE SUBJECT-SPECIFIC FINETUNING (SFT) APPROACH AND OUR SIL APPROACH IN TERMS OF AVERAGE BWT (%) AND
ACC (%), COMPUTED AS SHOWN IN SECTION 7, AVERAGING ACROSS THREE RUNS, THE STANDARD DEVIATION IS NOTED IN PARENTHESES

BrAIn Lab.&

Brain and Artificial Intelligence Lab.

| BCIC IV 2a+ (2-class)

BCI-C IV 2a (4-class)

BCI-C IV 2b (2-class) |

Method Backbone ACC (std) BWT (std) ACC (std) BWT (std) ACC (std) BWT (std.)
EEGNet-8.2 51.0(26) 09 (05) 447 (40) 04 (56) 538 (2.6) 3.9 (1.8)

- EEGNet-64.16 577 (22) 417 (12) 438 (23) -03(24) 563 (05) 47 (LD
ShallowConvNet ~ 74.4 (3.0) -4.7 (1.9) 48.0 (0.8) -4.9 (2.5) 59.5 (1.7) 38 (1.2)
DeepConvNet 633 (3.0)  -172 (27) 384 (0.8) -149 (47) 721 (0.8) -33(27)

EEGNet-8.2 715 (4.8)  -145(53) 55.1(3.5) 21732 733 (L3 0.7 (LO)

SIL (Oursy FEGNet6416 80736 7356 62320 13931 757 (LL 07 (L0)
ShallowConvNet 840 (2.5)  -09(1.3) 695 (0.8) 0.0 (0.0) 612 (0.6 1.0 24
DeepConvNet  85.8 (0.5) 0.1 (0.2)  722(09) 2.4 (0.6) 753 (0.5  0.1(0.2)

- 271 % subject: subject 7} 9

- Baseline ¥
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[~ Encoder | Discriminator
ﬁ i ¢ )
. 5 X /I'\ z » D —>Lp<-- Loav
% -} | MLP
R | | | Memory || . . head
1l —— | | Spbject-Specifi
SR SR VA b Encoders —
i : Concat. 1
Current subject k& T hy
. | IREY
EEG .
Data d
Stream  Subject N . Hy " hy Yk Ly
V=D, Dy, ... Dh, ... D}
(b) Inference Phase MLP
2T head
z Concat
T .
Current subject k —  Hi ZH,
‘1 Tls AN — N i =
- Scalability Issue: I & At =2 2100 It | &
- Privacy: Raw DataE 1 = A &ot2 g L0t

5
gAr =2¥/52)

- Inefficient Architecture Design: I] o0 25 s
- &&= Random sampling: Hard example | Representative Sample {12

- Adversarial Training?| & 2 &

Z- SFT 2|0l C}

ot

CLUMFHS

=)
oAy =221l gl
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Common Object: Subject Variability(SV), Catastrophic Forgetting(CF), Privacy & Memory(P, M)

2024 2025 2026
Common  Subject Variability, Subject Variability, Subject Variability,
Object Catastrophic Forgetting Catastrophic Forgetting, Memory Catastrophic Forgetting, Privacy & Memory
&l 71%=  SV: Subject-Invariant Extractor, SV: Euclidean Alignment (EA) SV: Dual Function Loss(Ly¢, Laiign)
Subject-Specific Encoder CF & M: Reservoir Sampling CF: Prototypes and EMA update
CF: Memory Replay P & M: Non-Exemplar
Q0F WA NYEWD IHXA ZEE FAZ KT} SEAUHS T WHR  Raw data AFR X, feature S| B AFS
g 2a|sto] st HEo) =02 XH0[ & =Y
olAH Scalability Issue
Privacy

Inefficient Architecture Design
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Adversarial Training2| 2 24
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Brain and Artificial Intelligence Lab.

Common Object: Subject Variability(SV), Catastrophic Forgetting(CF) Memory(”, M

o1 2025

Fast Adaptation

Common  Subject Variability, Subiect N-1
Object Catastrophic Forgetting, Memory ) .

I
I
I
&l 7l%=  SV: Euclidean Alignment (EA) : |
CF & M: Reservoir Sampling I EA
I
I
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I
I

P F

/@ \ |

QOF  EAR LUl ZEAHHS CHo H | 4 X |
2 JEs =02l Xto| E = N I
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covariance matrix) identity matrix)

15



05 Method : 2025 BrAIn Lab.@

Brain and Artificial Intelligence Lab.

Common Object: Subject Variability(SV), Catastrophic Forgetting(CF) Memory(”, M
g T 2025 ( Subject Incremental Learning |
COII]IIIOII SUbJ ect Varlablllty, Initial subject EA New subject N- 1EA New subject N

Object Catastrophic Forgetting, Memory i G ﬁ 5> i 000
Time

& 7|% SV: Euclidean Alignment (EA)
CF & M: Reservoir Sampling
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E:E%) ? I |_ Select %%?@ ollo

QOF  EAZ HT} ZEA WS CHO WY

)
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04 Result : 2025

TABLE 1
COMPARATIVE STUDY ON THE PERFORMANCE OF DIFFERENT MODELS
AND BACKBONES FOR THE OPENBMI DATASET.

Method Backbone ACC (%) BWT (%)
SCN [28] 5037 + 033 -14.93 + 1.14
- DCN [28] 5076 + 044 -20.33 + 0.26
EEGNet.8.2 [29]  49.81 + 0.67 -17.04 + 0.18
EEGNet-64.16 [29]  49.70 = 0.69  -22.50 + 0.29
SCN [28] 6631 + 053 401 + 0.34
DCN [28] 67.93 + 0.13  -4.67 + 0.90
EWC [25] EEGNet-8.2 [29]  65.93 + 093  -5.17 + 0.89
EEGNet-64.16 [29]  66.10 = 021  -5.01 + 0.93
SCN [28] 74.46 + 091  -5.58 + 0.67
ER [26] DCN [28] 7420 + 026  -2.98 + 0.58
EEGNet-8.2 [29] 7449 + 033  -1.49 + 0.60
EEGNet-64.16 [29]  74.11 + 038 224 + 0.37
SCN [28] 79.89 + 0.63  -1.85 + 1.03
DCN [28] 82.27 + 0.43 0.22 + 0.48
PCED (Ours)  ppoNet-82 29 79.89 + 059  -2.99 + 0.56
EEGNet-64.16 [29]  79.93 + 023  -3.17 + 0.38

*ACC: average accuracy, BWT: backward transfer, SFT: subject-specific

finetuning.

* 2|/ Q B2 (54 subjects)
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Fig. 2. Testing accuracy of different methods at each incremental learning

stage for the initial subject in continual EEG decoding.
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Subject Incremental Learning

Initial subject ew subject N-1 New subject N
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Brain and Artificial Intelligence Lab.

Common Object: Subject Variability(SV), Catastrophic Forgetting(CF), Privacy & Memory(P, M)

AHE 2024 2025 2026
Common  Subject Variability, Subject Variability, Subject Variability,
Object Catastrophic Forgetting Catastrophic Forgetting, Memory Catastrophic Forgetting, Privacy & Memory
&l 7|= SV: Subject-Invariant Extractor, SV: Euclidean Alignment (EA) SV: Dual Function Loss(Ly¢, Laiign)
Subject-Specific Encoder CF & M: Reservoir Sampling CF: Prototypes and EMA update
CF: Memory Replay P & M: Non-Exemplar
Q0 WA N END WX BE S BAZ HT BEM HAS T WUR  Raw data AHE X, feature S| BF ALS
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Inefficient Architecture Design
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Adversarial Training2| 2 24
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Hard example 2HA| 9 &
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Brain and Artificial Intelligence Lab.

Common Object: Subject Variability(SV), Catastrophic Forgetting(CF), Privacy & Memory(P, M)

A 2026
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Brain and Artificial Intelligence Lab.

Common Object: Subject Variability(SV), Catastrophic Forgetting(CF), Privacy & Memory(P, M)

Common  Subject Variability,
Object Catastrophic Forgetting, Privacy & Memory

il 7= SV: Dual Function Loss(Lyyo, Laign)
CF: Prototypes and EMA update
P & M: Non-Exemplar

Qef Raw data AIE X, feature= 2| B AIE
2
Loo = B gty [ Bo(an) = Pulll] - 9

. v - 2
Without Lpy, With Lyro (Lpro = IE(x) = Py||%)
® o ° @ Class 1 data samples
[ Class 2 data samples L]
o o @ 4 orfo0
®e ® o® /'.4/ Lpy, force
© (€] ® *0..
* o ENES
® Prototype 1 e © /. [e¥e) ® Agracuon to
®e . i Attraction to ro;)type
ee ™ °
o o ©® ® Prototype . \/ .
® o ®
° LA .o
cs X
.. Prototype 2 o Attraction to /v?’)q
o Prototype ...
[ J

@ Class 1 data samples : ® ® @ Class 1 data samples
@ Class 2 data samples ® ¢ @ Class 2 data samples

A 2026
(a) Base Phase

(b) Incremental Phase

D Fo Lece
-£pr0
OO OOO % B %1—.—» ;&6 *
?.(’o;g ) - /*

:>%§:_

¥ Prototypes
O Feature
—* Pull

=+ Push

21

-

New subject N-1 New subject N

=
9

L

Frozenle model

Stored Currentf model
Prototypes §
pr 1 A N
J_. Latent space Current space
0"{. Align
" w /(Ro

DA e Prototypes|
Q Feature )




06 Method : 2026

BrAIn Lab.&

Brain and Artificial Intelligence Lab.

Common Object: Subject Variability(SV), Catastrophic Forgetting(CF), Privacy & Memory(P, M)

2026
Common  Subject Variability,
Object Catastrophic Forgetting, Privacy & Memory
il 7= SV: Dual Function Loss(Lyyo, Laign)
CF: Prototypes and EMA update
P & M: Non-Exemplar
Qef Raw data AIE X, feature= 2| B AIE
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w/o Prototype Guidance w/ Prototype Guidance
TABLE I - -l
PERFORMANCE COMPARISON OF PRONECL AND BASELINES ON TWO R A i
BCI BENCHMARKS, WITH RESULTS REPORTED AS AVERAGE ACCURACY ""’ TR S B ol § TR, _
(ACC, %) AND BACKWARD TRANSFER (BWT, %) WITH VALUES T A I S O B 1.5
REPRESENTING THE MEAN AND STANDARD DEVIATION OVER FIVE RUNS, St e Ve e e
AND THE BEST PERFORMANCE IN BOLD. S e T SR LR S R e 3
BCI-C IV 2a [29] BCI-C 1V 2b [30] i 1. P ) L
Method ACC (std.) BWT (std.) ACC (std.) BWT (std.) R N A L S N
Finetuning 3233 (4.19)%%% 4270 (6.96)  55.39 (34T)F#% 2219 (3.88) - Ut e e T e s
EWC [32] 44,67 (2.19)%%% 3411 (2.76)  60.08 (1.94)%** 2165 (1.89) S et D e T e
MUDVI [33] 46.41 (1.03)%= 18,11 (1.27)  67.20 (S.41)**  -9.49 (5.60) - ; i Pt L S s
CGER [34] 49.84 (375)%%* 2138 (2.44)  67.43 (2.98)%%% 905 (2.77) S TP R
ProNECL (Ours)  77.18 (1.76)  0.12(1.53)  8L15 (2.11) 0.33 (0.79) e S b . L e

*ACC: average accuracy in %, BWT: backward transfer in %, std.: standard
deviation. Significance levels comparing each method to ProNECL (Ours):
*p < 0.05, ***p < 0.001.

Fig. 2. t-SNE of subject-invariant features on the 2a dataset (S1-S9): comparison without/with prototype guidance. Digits (1-9) indicate subject IDs, while
markers “X”, “%", and “P” denote local and global prototypes, respectively.

* Memory-Updated Domain-Variant Invariant (MUDVI)
* Centroid-Guided Episodic Replay (CGER)

* 2l B dl/s ) 214/Q B2~ (9 subjects) 24
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TABLE 1
PERFORMANCE COMPARISON OF PRONECL AND BASELINES ON TWO
BCI BENCHMARKS, WITH RESULTS REPORTED AS AVERAGE ACCURACY
(ACC, %) AND BACKWARD TRANSFER (BWT, %) WITH VALUES
REPRESENTING THE MEAN AND STANDARD DEVIATION OVER FIVE RUNS,
AND THE BEST PERFORMANCE IN BOLD.

| BCI-C IV 2a[29] BCI-C IV 2b [30] |
Method ACC (std.) BWT (std.) ACC (std.) BWT (std.)
Finetuning 32.33 (4.19)%** 4270 (6.96)  55.39 (3A7)*=r 22,19 (3.88)
EWC [32] 44.67 (2.19)%% 34,11 (2.76)  60.08 (1.94)%**  .21.65 (1.89)
MUDVI [33] 4641 (LO3)*=**  -18.11 (1.27)  67.20 (5.41)***  -9.49 (5.60)
CGER [34] 49.84 (3.75)%%% 2138 (2.44)  67.43 (2.98)***  -9.05 (2.77)
ProNECL (Ours)|  77.18 (1.76) 0.12 (1.53) 81.15 (2.11) 0.33 (0.79)

*ACC: average accuracy in %, BWT: backward transfer in %, std.: standard
deviation. Significance levels comparing each method to ProNECL (Ours):
*p < 0.05, ***p < 0.001.
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Common Object: Subject Variability(SV), Catastrophic Forgetting(CF), Privacy & Memory(P, M)

2024 2025 2026
Common  Subject Variability, Subject Variability, Subject Variability,
Object Catastrophic Forgetting Catastrophic Forgetting, Memory Catastrophic Forgetting, Privacy & Memory
&l 71%=  SV: Subject-Invariant Extractor, SV: Euclidean Alignment (EA) SV: Dual Function Loss(Ly¢, Laiign)
Subject-Specific Encoder CF & M: Reservoir Sampling CF: Prototypes and EMA update
CF: Memory Replay P & M: Non-Exemplar
QoF O 7N E S0, At S8 & EAR LI SEM ABS Tt AEZ  Raw data AFE X, feature= 2| B AL
g= =85ty o5 HEo) =02 XH0[ & =Y
olAH Seakabihby-bssue Privaey Single Gaussian Assumption
Privaey N3 CTRe = Online A 2

Inefficient Architecture Design
TH Random sampling

Adversarial Training2| 2 24
E ]. = o<

Class Imbalance 7| 2+ e}
Rigid Alignment
Backbone Fairness
Regressed Validation Scale

26



Thank
You

60°¢0°9¢0¢

BrainLAB Journal Club
ISKSSEstt LI A



BrAIn Lab. &5

Brain and Artificial Intelligence Lab.

O/ Proposed Idea

Prob-ProNe

2026

Subject Variability,

Prob-ProNet BCI System Architecture
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