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[1] Sohn et al., "Arachne: Search Based Repair of Deep

Neural Networks,” TOSEM, 2023.
[2] Sun et al., "Causality-Based Neural Network Repair,” ICSE, 2022.
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[3] Zhang et al., “Apricot: A Weight-Adaptation Approach to Fixing Deep Learning Models,” ASE, 2019.
[4] Tao et al.,, "Architecture-Preserving Provable Repair of Deep Neural Networks”, PLDI, 2023.
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