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3D-QAE, a quantum point cloud auto-encoder. We prepare a classical 3D point cloud as input and then encode it into a quantum state vector |y, ) of two sets of qubits, A and B, via amplitude encoding. The
encoder E (visualised here with J=1 block) acts on this state vector via a learned unitary transform implemented by a parameterized quantum circuit. At the bottleneck, we remove the information stored in the qubits B.
This removal acts as a quantum nonlinearity whose output is the latent vector |¢) of qubits A. We re-initialise qubits B to |0) and let the decoder D, whose architecture is the same as E's, transform qubits A and B. We
then measure the output of D to obtain the state vector |¢), which we can classically process in a loss function or convert to the final 3D output reconstruction.
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