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Qubit mapping is a critical step in quantum computing, where logical qubits in a circuit are
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Another framework was also explored in which MCTS replaced both the VF2++ placement
algorithm and the SABRE router. In this unified layout-and-routing approach, fidelity is
evaluated after SWAP insertion using routed fidelity rather than a static mapping score.
This allows the search process to optimize placement and routing simultaneously, aligning
the objective more closely with the true hardware fidelity. The bar graph below illustrates
the fidelity difference between the two approaches where positive (green) bars denote
circuits where the routing-aware framework achieved higher fidelity.
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Additionally, the unified approach shows superior performance across many of the small
benchmarking circuits with just 3 losses and 3 ties compared to the standard VF2++/Sabre
approach. Thus, the unified MCTS approach has proven to be our most effective solution.
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Our MCTS+RL routing framework shows promising improvements in circuit performance
and scalability compared to the standard VF2++ and SABRE pipeline. Benchmarking has
primarily focused on small circuits (=2-10 qubits) as an initial optimization stage, and we
are now extending evaluation to medium (=10-30 qubits) and large (>30 qubits) circuits.

Training the neural network on larger circuits is computationally expensive, but the current
results already demonstrate measurable improvements over the standard approach.
Future work includes validating the pipeline on real quantum hardware using mirror
circuits to obtain experimental fidelity measurements and further confirm performance
gains. If hardware execution or large-scale training cannot be completed within the project
timeline, simulation-based results will still provide strong evidence of the framework’s
effectiveness.
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