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Summary:

* We propose the Molecular Quantum Transformer (MQT), an innovative design for a Quantum Transformer model to calculate
molecular ground state energies.

 The MQT can simultaneously learn the ground state energies of molecules across various bond lengths within a single
model, offering greater accuracy in potential energy curve estimation than the Classical Transformer.

* Highlight the potential for efficient learning on new molecules through pretraining with diverse molecular data.
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Background: Transformer models on quantum computersttiz

* Current models show no clear promise in classical tasks such as text and image classification.
* Potential to efficiently learn electron correlations with expected advantages in quantum tasks, though the model remains unexplored.

Method: Molecular Quantum Transformer (MQT)

Calculation of molecular ground state energies, as an alternative to variational quantum eigensolver
* Convert 2D array tokens of the input electron-nucleus features from their coordinates and distances.
« Aggregate final output tokens using convolutions of every two tokens in the order of nuclear direction and electronic direction.

» ODbtain electronic state vector by adding the aggregated one with Hartree-Fock (HF) state.
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Results: Potential energy curve estimation
MQT generally exhibits lower error than the Classical Transformer (1), benefiting from pretraining in few-shot learning (2)
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