Motivation

Optimization of Quantum Circuits

From Easy to Hard:
Tackling Quantum Problems with Learned Gadgets

Akash Kundu (University of Helsinki), Leopoldo Sarra (Flatiron Institute)

- Find a quantum circuit that solves a given task

- Learn by solving a parametrized set of problems with various difficulty
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Outlook References

- Improve reinforcement learning efficiency by extending action space
- Generalization to harder regimes and larger number of qubits
- Can be directly optimized for specific real hardware
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Number of successes
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updating with

action space = {CZ, SX, X,RZ(#),RZCZ(60)}

action space = {CZ, SX, X,RZ(0)}

do

: RZCZ
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