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1. Abstract

Recently, machine learning has become a powerful tool for detecting quantum phases. While the information about the presence of transition is useful by itself, the lack of interpretability prevents
this tool from becoming a customary element of a physicist’s toolbox. Here, we report designing a special convolutional neural network with adaptive kernels, which allows for fully interpretable
detection of local order parameters out of spin configurations measured in arbitrary bases. With the proposed architecture, we detect relevant and simplest order parameters for the one-dimensional
transverse-field Ising model from any combination of projective measurements in the x, y, or z basis. We also present tentative preliminary results for the bilinear-biquadratic spin-1 Heisenberg

model and discuss how to extend the proposed approach to detecting topological order parameters.
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hard to distinguish ordered and disordered phases.
Identifying the right order parameter is crucial but
can be challenging.
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Order parameters vary, including single-body (e.g., | | transition points from the projective measurements we provide.
magnetization) and more complex correlators.
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Identifying multiple phases accurately. 1D Bilinear-biquadratic spin-1 Heisenberg model

Recognizing phases from snapshots taken in differ-
ent measurement bases.

Our tool is both interpretable and unsupervised.

- Kernels e More challenging problem with multiple phases. [5]
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' e Success: The dominant local order parameters our
machine detected for two phases match the theory [6].

e Disclaimer: These results are preliminary, because the
simulation data we use still needs refining.
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(. Possible extensions

. Design of special kernels to detect string-type
order parameters

. 2D systems: symmetric and non-symmetric
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