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Modern quantum experiments produce Interpretable Machine Learning 1. Train a variational autoencoder (VAE), adapted
large, complex datasets in which the provides powerful tools to uncover patterns to handle quantum stochasticity, to learn a
physically relevant structures are often and emergent structures within high- representation of the parameter space from
hidden and difficult to access directly. dimensional data. raw single-shot data.
This will reveal phases and unknown regimes.
In addition, quantum measurements are This motivates the development of
intrinsically stochastic, making the interpretable ML approaches capable of 2. Apply symbolic regression (SR) techniques to
analysis of raw experimental data learning directly from raw, single-shot produce compact analytical descriptors that will
challenging. quantum measurements. help us to understand unknown phenomena.
0. Data Acquisition 1. Parameter Space Representation 2. Symbolic Regression (SR)
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