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Cross-subject motor imagery EEG classification based on

inter-domain Mixup fine-tuning strategy

JIANG Yunliang>’, ZHOU Yang'?, ZHANG Xiongtao'?, MIAO Minmin'~, ZHANG Yong"”

(1. School of Information Engineering, Huzhou University, Huzhou 313000, China; 2. Zhejiang Province Key Laboratory of Smart
Management & Application of Modern Agricultural Resources, Huzhou University, Huzhou 313000, China; 3. School of Computer
Science and Technology, Zhejiang Normal University, Jinhua 321000, China)

Abstract: In order to alleviate the catastrophic forgetting problem of vanilla fine-tuning algorithms, we propose a cross-
subject motor imagery EEG classification method based on inter-domain Mixup fine-tuning strategy, i.e., Mix-Tuning.
Mix-Tuning realizes cross-domain knowledge transfer through a two-stage training manner consisting of pre-training
and fine-tuning. In the pre-training stage, Mix-Tuning uses the source domain data to initialize the model parameters and
mine potential information of the source domain data. In the fine-tuning stage, Mix-Tuning generates inter-domain inter-
polation data to fine-tune the model parameters through inter-domain Mixup. Inter-domain Mixup data enhancement
strategy introduces latent information of the source domain data, which alleviates the catastrophic forgetting problem of
Vanilla Fine-tuning in sparse sample scenarios and improves the generalization performance of the model. Mix-Tuning
is further applied to the motor imagery EEG classification task and achieves cross-subject positive knowledge transfer.
Mix-Tuning achieved an average classification accuracy of 85.50% on motor imagery task BMIdataset. Compared with
58.72% and 84.01% for Subject-specific and Subject-independent training manner, Mix-Tuning increased by 26.78%
and 1.49%, respectively. The analysis results in this paper can provide a reference for cross-subject motor imagery EEG
classification algorithm.

Keywords: inter-domain Mixup; pre-training; fine-tuning; electroencephalogram; motor imagery; cross-subject know-

ledge transfer; convolutional neural network; regularization
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Table 1 Accuracy and F; mean (standard deviation) of different algorithms on BMIdataset(54 subjects)

Uy ER7S TR F/H

CSP 64.67(15.84) 64.67(15.84)
P FBCSP 64.70(13.85) 64.90(13.98)
Deep ConvNet 58.72(9.60) 54.89(16.51)
EEGNet 79.77(10.81) 79.35(11.20)
Wt gty Shallow ConvNet 81.55(10.90) 82.29(10.11)

Deep ConvNet 84.01(10.92) 85.50(9.35)
TIDNet 75.15(11.32) 73.56(12.74)
YIIEE 80.71(11.62) 81.11(12.03)
2 SRS 77.23(13.44) 77.29(14.79)
B A AR I Ak 78.66(12.67) 78.70(14.28)
(Deep ConvNet) RecAdam 78.25(12.38) 78.10(14.16)
Child-Tuning 79.06(12.56) 78.53(15.06)
Mix-Tuning 85.50(10.49) 85.72(10.92)
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Fig.2 Subject-adaptive algorithm loss function and accur-
acy curves
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Fig. 3 Comparison of the accuracy of subject-adaptive al-
gorithm under different sample sizes
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Table 2 Comparison of accuracyand standard deviation of subject-adaptive algorithms with different sample sizes o/

FEA K= (RS (ES A H=R7S RecAdam Child-Tuning Mix-Tuning
200 77.23(13.44) 78.66(12.67) 78.25(12.38) 79.06(12.56) 85.50(10.49)
128 76.31(13.13) 81.01(11.62) 73.24(13.29) 73.44(12.68) 85.17(9.89)
64 72.93(14.08) 78.44(11.78) 69.38(12.95) 72.03(13.31) 83.65(13.32)
32 72.26(13.68) 77.88(11.78) 69.81(13.33) 72.11(12.70) 83.19(10.88)

16 69.43(12.53) 77.19(13.65) 66.97(13.09) 71.75(13.78) 80.91(11.36)
8 67.60(14.54) 73.66(13.51) 67.29(12.51) 69.85(13.71) 79.17(12.29)
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Table 4 Comparison of accuracy and standard deviation of subject-adaptive algorithms with different Frozen-A %

Y (RS ES NN RecAdam Child-Tuning Mix-Tuning
Frozen-4 79.79(10.29) 81.88(11.02) 81.01(10.97) 81.21(11.29) 82.32(8.36)
Frozen-3 79.67(9.77) 81.49(10.97) 80.07(11.76) 80.81(11.39) 82.19(8.54)
Frozen-2 78.95(10.60) 81.36(11.08) 80.55(10.30) 81.11(11.01) 82.63(8.47)
Frozen-1 78.07(10.89) 80.47(11.68) 79.71(10.79) 80.58(11.48) 82.80(8.63)
Frozen-0 77.23(13.44) 78.66(12.67) 78.25(12.38) 79.06(12.56) 85.50(13.49)
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