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Robust data re-uploading quantum model

HAN Siyu'?, JIA Linhan'?, LI Yufeng'?
(1. State Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210023, China; 2. School of Artificial Intelli-
gence, Nanjing University, Nanjing 210023, China)

Abstract: To address the severe overfitting and hyperparameter sensitivity problem of the data re-uploading model, we
introduce the robust quantum re-uploading classifier, featuring an innovative loss function that combines quantum state
fidelity with a strategically designed regularization term. This combination effectively reduces overfitting and consider-
ably enhances model stability and generalization. Experimental results on benchmark datasets clearly demonstrate the
classifier’s superiority over existing methods, particularly in mitigating overfitting and sustaining robust predictions.
Consequently, this novel strategy not only opens new avenues for designing loss functions in QML but also provides
empirical insights into generalization capabilities. It establishes a strong foundation for future quantum classification re-
search and applications.
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Table 1 Experimental results on Linear Separable-10d dataset
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ROME 0.9066 0.9100 0.9433 0.9266 0.9533 0.9566 0.9800 0.9633
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Table 2 Experimental results on Linear Separable-12d dataset
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3 4 5 7 8 9 10
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MEDQ 0.8966 0.9630 0.9600 0.9766 0.9833 0.6433 0.4633 0.5433
ROME 0.9100 0.9533 0.9266 0.9566 0.9366 0.9433 0.9400 0.9100
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Table 5 Experimental results on MNIST-4d dataset
Y=t
. 265 = A
3 4 5 7 8 9 10
A 0.7455 0.7873 0.7931 0.7858 0.7942 0.7974 0.7727 0.7873
MEDQ 0.7447 0.7946 0.7787 0.7796 0.7999 0.7960 0.8086 0.8034
ROME 0.7459 0.7429 0.7953 0.7962 0.8091 0.7992 0.8031 0.8047
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Table 6 Experimental results on Linear Separable-10d dataset
) 2% 2 EUL
IENESE0
3 4 5 6 7 8 9 10
0.001 0.9467 0.9033 0.8967 0.8967 0.9367 0.8167 0.7600 0.7000
0.005 0.9233 0.9400 0.9333 0.9267 0.9400 0.9533 0.9400 0.8900
0.01 0.9067 0.9300 0.9367 0.9400 0.9533 0.9600 0.9767 0.9367
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Table 7 Experimental results on Linear Separable-12d dataset
, REDE
itk =40
EMAZH 3 4 5 6 7 8 9 10
0.001 09133 0.9333 0.9000 0.7967 0.7300 0.6533 0.5433 0.7500
0.005 0.9300 0.8967 0.9367 0.9433 0.9033 0.8533 0.9600 0.6600
0.01 09167 0.9267 0.9100 0.9467 0.9467 0.9467 0.9533 0.9300
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Table 8 Experimental results on Linear Separable-14d dataset
" R4 2R
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3 4 5 6 7 8 9 10
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0.005 0.9000 0.9533 0.9300 0.8800 0.9233 0.9200 0.8867 0.8800
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