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problems such as quantum machine learning and molecular dynamics largest possible circuit. The parameters of it are trained by iteratively
 However, the current bottleneck is the large quantum noise which severely sampling and updating a subset of parameters (‘SubCircuit’)  Easy construction of parameterized quantum circuits such as
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* Qur core contribution is a framework to search for the most noise-robust find the most robust model architecture and its qubit mapping * Support batch mode inference and training on GPU/CPU, supports
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