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To what extent does increasing the number of parameters in a quantum machine learning
algorithm increase the rate of convergence when solving chemical problems?
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3. Results
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Numerical results
We found that for randomly chosen initial values of, 81, 85, 03 the value of J consistently converges to -1. (The lowest possible value of J).

This suggests that U; and Us> are sufficiently similar in helping to descend the optimization landscape. Additionally, it shows parameterizing the quantum circuit with 3
parameters, is sufficient to consistently reach convergence for a single-qubit system.
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