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Dynamic Knowledge Distillation Based on Dual-Branch Network
for Motor Imagery EEG Decoding

Li Leheng, Qiao Xiaoyan', Wu Jianmin
(Shanxi Key Laboratory of Wireless Communication and Detection, Shanxi University, Taiyuan 030006, China)

Abstract: To address low decoding accuracy and high computational complexity in multi-task motor imagery
EEG decoding models, a dual-branch network-based dynamic knowledge distillation model is proposed. The
principle of “multi-scale temporal fusion first, followed by unified spatial processing”, is followed in this
architecture and a multi-scale spatiotemporal feature extraction module is designed. A dual-branch structure
combining Transformer and BiLSTM are employed as the teacher model, which effectively integrates the
Transformer’s strength in global feature representation with the BILSTM s advantage in fine-grained temporal
modeling, thereby enhancing the decoding accuracy of motor imagery EEG signals. During the knowledge
distillation phase, a lightweight EEGNet is utilized as the student model. A dual-branch dynamic knowledge
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distillation strategy is proposed, where the optimal branch is adaptively selected to generate soft labels. This
enables the student model to learn EEG feature representations adaptable to different individuals, allowing it
to achieve performance close to that of the teacher model while maintaining a compact size. Experimental
validation on the BCI Competition IV Dataset 2a demonstrates the effectiveness of the proposed method. The
dual-branch teacher model achieves an average decoding accuracy of 91.32% for multi-task motor imagery.
After knowledge distillation, the student model attains an average EEG decoding accuracy of 88.85%,
representing an improvement of 6.63% compared to the student model without distillation. Furthermore,
compared to the teacher model, the number of parameters in the student model is reduced by 99. 78%, and
the computational load is decreased by 89.02%. The results indicate that the proposed method maintains high
EEG decoding accuracy while significantly reducing computational complexity, providing a practical and
lightweight solution for brain-computer interface systems in resource-constrained environments.

Key words: motor imagery electroencephalogram (EEG) decoding; dual-branch teacher model; EEGNet

student model; dynamic knowledge distillation
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/DA, SR FH IR 43 B 5 A (SERO I 5
PR B AT SRS 4 781 207 e [ 25 7
1155 1 EEG A 5 [8] 435108 NAS | Br (4 N=
3, M4 A AL B, C =B, IFEMFRR P AT
BEHLEE 23X 2 B, B UGEARAE  S HE R S R
B

2.2 &%k

X533 I 2 18 2l 25 TR ZE TR ARk 1y A AR U1
WEEIT .
W4 Z MRS IR IRE X
N Transformer-BiLSTM XU S UMMEAL £, =[ £, /2 ],
AR [, WEES o, ZEMPURALE v, INZEIE Dy, H0UEEL
P Dy, FOME]Fy,, 22 Ry, BAAIURALE N,
Tl s .
1 W) f1k Transformer 73 352 S50 05, #1154 BILSTM 43 3¢
e
2 While not converged do:
3 X,Y~Dy.,
Xog Yaug—~S&R_Augment(X,Y)
Xiatch =[ X’Xaug] 3 Y heh =Y, Yﬂug ]
Zigans = ST (X 07™)
Zitsim —f 1h (X batchi 07

Llram - CVOSSENZ"’_OPJ}( Ztrans Ybalch )

o N o> Ul

9 Ly = CrossEntropy(2yisms Y paen )
10 Lacher = AL yrans (1 — ) Lijisim
11V, Ligepers 1 0,= {07, 05"}
12 07<=07—11Vs,Licacher

13 end while
14 A7 BN R BB Z K0
IR IFIN

LB B BISEL O, VRESFTA SHL, WA AR
EEGNet 24 0
2 While not converged do:
L perfun = perfsan:
f%’”‘“m, otherwise,
4 X,Y~D,,
5 Xug Yag—~S&R_Augment(X,Y)
6 X =L X, X, Vi =LY, Vi ]
7
8
9

w

Ir

pr=softmax( f1( Xyue)/7)
ps=softmaz( fs( Xyua)/7)
Ys=softmax( fs( Xyuen))
10 Lyp= KLDivergence( ps// p+)
11 Lgwen = CrossEntropy(Ys, Yium)
12 Liga=77% Lo (1= 7)L quien
13 VoL
14 05<0s— 7sVo Lo

15 end while
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pytorch HE 22 £ 7 B A | ff {4 34 355 S NVIDIA
GeForce RTX 3080Ti GPU., # Iifi i %1 127 £ A5
RUSR FHAR R A0 AL 28 AL R KN (batchsize) , Yl %k
IR Cepochs) # i & oA 1 000, I FH H45 15 By 1F
BRI G . BRI S ER B AR 1 R, X
SO SR HLARBUE , AL FE 2 ) BRI R,
Py DAk ik A s SR . AR DL
mT O AR HE S, Dhge ik b i v REAE M A1k H
br, Gt 2R, R TR 1R s i
SR G, WA R GBS 1k B i AP REIE ) .
BAITERR AO3 M HERG R i Ze A 2k th 2 an &1 6
Fim o

F1 REEBSHEE
Tab.1 Model hyperparameter settings

[HE 2 RAiE
Hi2E > 2 (1) 0.000 623
Lt SR ACN) 0.001

b5 K /M (batchsize) 16
R AE A 0.44
FABPURALE y 0.7

RS 3
fefbas Adam
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Fig. 6 Accuracy and loss curves of student model for subject A03
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Fig.7 Confusion matrix for subject A03
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/B E /MR AR 53, DL SRS T4 3 5 3 5 1)
DR TR S N/ S a6 ST S 4
HOAE AL AN 27 A TR PR 53
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3RS R Z REm G, |52 Mg —
A PR 22 RUBE B 28 45 BB I RI0OR 5 PR Re U 3
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SEUS TR SL G — A LR R R G Y 22 R
2 P YOS et ) 2 R R G, e R4
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Fig. 8 Comparison of ablation studies on teacher model for
each subject
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Tab.2 Comparison of average decoding accuracy in teacher

model ablation studies

I HERR/ % Kappa  Parameter/M  FLOPs/M

Sy — 85.55 0.816 9 1.2629 158.72
- 88.54 0.847 2 0.709 9 154.56
S = 88.39 0.848 0 0.660 1 152.38
SLEG Y 89.35 0.858 0 1.257 8 154.25
SCH 91.32 0.884 3 1.257 8 158.25

B, XA — SR ol UE L
4t 1) 22 RUBE ] 25 45 FRURBE S 2 40 Ry Sl i [i] 22 R
AlG, J5as g —Ab B 45y, HOF 340 28 HER R
M 85. 55% #E Tt 2 88. 54% , Kappa ZEIM 0. 816 9
PTFZE0.847 2. HH BN, EMERER & A IF
B, B ) Parameter Do 1.262 9 M | & &
0.709 9 M, FLOPs A FEAL, X —45 K%,
ASCHE N 22 RO R HOAN A AR 254 10 R Ak,
TR T 6 I S RRAE I SR AERE ) o SCE8 — AU
BILSTMAEMAT 5553 285 T M4, B T 88.39%
() F- 4 %, IR S 56 — i % Transformer
2549, Ui Transformer 7R 3 42 Jmy B 3486 77 T
FKIHE A . 525K VDK Transformer 55 BILSTM
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Fig. 9 Comparison of ablation studies on student model for

each subject
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Tab.3 Comparison of average decoding accuracy in student

model ablation studies

SFER R/ % Kappa
Sk A 82.22 0.763 0
S4B 86.43 0.819 0
S C 85.58 0.807 5
S D 86.00 0.8253
S E 88.85 0.8516

3.1.3 FIRZEBRRIE

Ohy 96 UE IR 28 08 7 1 XS BRI ,
THSCIR X TG 1R o AR AR IR | XU S H A R LA
e RIRZE AR, iz 2 A G2 Ml F A 6T 1 25
RES R, 4RI 4 R .
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Tab. 4 Evaluation of performance and efficiency before and after distillation

iy SEYIUERNER/ Y Kappa Parameter/M FLOPs/M — F5uti/(FiA s 1) G GPUNLE/M BREL/M
W53 3 A TR 91.32 0.884 3 1.257 8 158.25 6481.35 1498.28 4.85
2R AR (TCAEAH) 82.22 0.7630 0.002 8 17.40 51 751.38 101.46 0.02
2EA AR (RS ) 88.85 0.8516 0.002 8 17.40 51751.38 101.46 0.02

9 R 4 JB/R T IR 8B e B R 46 S5 1k
REFR T T BOVE T . FEVERE I, KRR EA:
TSP J41 T 2y 82. 22 %, T i 2o R ZE R )
HER R LT % 88.85%, HEM T 6.63 A 434,
X B MR 2% B UM B R g 3G B T iz sh A4
Ao FLRRAE A5 B, R AN T2 A BRI BRI RN L o 7
RO b, S AERRAY Parameter {8 0. 002 8 M,
FLOPs J17.40 M. 5K Z2MZIMBRIAE L, 2%
AR 2. 47 1 43 SRR R, S ECER D
T 99.78%, FLOPsBEAR T 89.02% , AR

PHE T ZOWBLR R PERE , 15 BIRS B2 5 2R Z 1] Y
RAEFA, iz sl A G F A £ R o s A 1
FHER AL P T 5

3.2 5EHMAEIL

AR, ZRMRIE 7 IR H T EEG 15 3))
HBRFEST, TIPSR T iz sh A ZUE 55 1
SrRRIPERE , RS 2 ET R FURMER) 5 Fh fe AR
RIFE BCI Competition IV 2a 88 4E kAT T 41y
XFLLSEE . 2 50 R AL A4S« Conformer™ |

BRI T 99. 6%, 45 RFM, HMINZEWMEAER  EEG-TCNet™ . MCLANet? | MBFT™# A
WA AR B8 5 A% Parameter #1 FLOPs [ i, A 3 AMFTCNet' !, 55403 5 fis,
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Tab.5 Comparison of proposed method with other methods
IEUERR/ Y%
it Sy N 3
Conformer EEG-TCNet MCLANet MBEFT AMFTCNet g?ﬁ;}ii fi:;;ﬁ
2 A4 S [At4

A01 88.19 89.32 89.62 94.30 89.58 94.31 92.53
A02 61.46 72.44 78.46 72.36 76.39 79.83 79.89
A03 93.40 97.44 92.05 98.22 97.92 97.24 97.12
AO4 78.13 75.87 82.91 90.71 87.85 89.31 85.92
A05 52.08 83.69 77.62 65.89 82.99 87.93 81.90
A06 65.28 70.69 87.15 75.42 78.47 83.10 77.01
AO07 92.36 93.14 91.33 96.30 96.88 97.93 97.04
A08 88.19 86.71 87.07 93.58 88.19 95.00 92.24
A09 88.89 85.23 89.24 95.60 91.67 97.24 95.98
¥ 78.66 83.84 86.16 86.93 87.77 91.32 88.85
Kappa 0.72 0.78 0.82 — 0.84 0.88 0.85

Parameter/M 0.61574 0.020 5 — — 0.040 4 1.257 8 0.002 8
FLOPs/M 47.33 24.2 — — — 158.25 17.4

7 5 H19 Conformer J7 7545 & B FUERAE i 4
fEHEHCS Transformer (42 Jsy BARAE T1, B 72 RIS
$E EEG {5 5 1Rl 2 RRE AR B O R . SR,
BRI Y 3 JEERR AR 78. 66 0, FRITHIR A
IHGTE EEG f AT 55 hAEfE R FRYE . EEG-TCNet
18R — & 8 LW 4%, Parameter {1
0.020 5 M, FLOPs ) 24. 2 M, {F B4R EUA Ak
Pk, (HE5 R fa] SRR TR IERAERE ST, SR ER R
h183.84% . MCLANet R HZ 733 45H, Ifim it i
ENPLRIGIREFIERLS , 768 9 D90 L P
IKF86. 160, AL T 2403 SR I AR,
(BRERY S R R . MBFT 4 H—Fh £ 0 St il &

Transformer HEAL , | FH F 75 7 Rl 42 R B 2 A
HE, SFEERGRIAE] 86. 93% , (HAEAS[RI# i a1k
REME AR, HITH I % . AMFTCNetifl £
REERHESE IS SRR IRl G, 2 2Rk
— R TE 7. 770, ARG R A,
Parameter MIFLOPs 5. 5 iRk AH G, A
FEIT A E SRR B FSRIRCR T R B B A3
W53 S B AR ZR AR, R (i A A
A 0.002 8 M Parameter #117. 4 M FLOPs B A%
TRIHFE, B R 25 VR R UME Rk 8] T
88. 8500, MR IRSZFRAAAF T 1y it A 2%
Ik
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AHTRZER P HELL , FEAS [R5 e 48 5 K [A] gk
AN RE SE AR e AR Y iR PR R . AR SO
UM R B P 38 o 2R HE R SRR B 94. 7700, K
Kappa %500 0.884 3, L FHAMXS L k. X7
Sy UER T BRI AE I S AR B AR S 55

s R EAFSZALARE ST . MLAh, 1R A AR i %
& 1k EEGNet, 7& ™ #% 4k 7& I i EEGNet #% ik
Parameter (0.003 7 M) Fl FLOPs (31. 55 M) (¥ Hij
PN, AR RIS T R B T, FTY
WERRIE T 2 92. 21 %, Kappa ZEKF]0. 851 6,
PETF 45 T LU AL 305 b b B, A SC R
(1) 5 158 SR WS AT R0 I 28 A TR ) R A 31 T 5%
SERF A L, AR TLT- AN B0 A 2R 8 041
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Tab. 6 Comparison of proposed method with other methods

ARUER R/ Y
. . DCNv3-ASAM- ARSIk ARSI
EEGNet!"” DCN-ResNet181%4 , HWAP ” ”
¢ e ResNet18% HITAER EZ R |
K3b 96.39 94.78 95.26 96.67 98.76 97.45
K6b 76.72 83.65 86.92 87.50 89.71 85.42
Llb 80.17 85.83 89.24 90.83 95.83 93.75
YA 84.48 88.08 90.47 91.67 94.77 92.21
Kappa 0.787 3 — — — 0.884 3 0.8516
Parameter/M 0.003 7 — — — 1.387 3 0.003 7
FLOPs/M 31.55 — — — 289.22 31.55

M R RA AR B 25 3 50 B, A SOt T
FF R X A (] P i 38 R B R G aE N M . A
i L Y R 5 R ) i KB b, 2 A AR ) o g o
IKE T 85. 425, HHHL T 4 EEGNet 1 76. 72%
A TERMAET, IR FRHIMB R MR, 7E
B L1b I, AR B R B T 93. 75 % # s
WK, 5 2A R ) 2 B — A 4 /N . X Bk g
ULHH, T Tk BEEAT R A i LA T B 2
T2 SR il R B PR, AEAS TR B T B he se
B IR AR
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Fig. 10 Feature visualization of dual-branch teacher model
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