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Abstract: For the presence of Gaussian noise in the continuous weak measurement process, an online quantum state
estimation optimization algorithm with adaptive learning rate matrix exponentiated gradient (ALR-MEG) is proposed. The
quantum state online estimation problem is transformed into convex optimization problem with quantum state constraints,
and Von Neumann divergence (quantum relative entropy) is introduced into the problem. Under the first-order optimal
condition, an exponential quantum state iteration formula is derived, which ensures the positive semi-definite of the quantum
state density matrix, and then by projecting the iteration result with one trace, the final quantum state estimate is obtained.
At the same time, the adaptive learning rate is designed in the iterative formula to accelerate the convergence speed of the
algorithm. The proposed algorithm is applied on the 1, 2, 3 and 4 qubit systems, and numerical simulation experiments
of online quantum state estimation are carried out. The performance is compared with the existing online quantum state
estimation algorithm. The results show that the proposed algorithm has better rapid convergence, higher state estimation
accuracy.
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