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Abstract

Machine learning can identify patterns in data and discover the properties and physical quantities
of physical systems without prior knowledge of the system’s latent characteristics. In this paper,
we employ unsupervised machine learning techniques—specifically, Principal Component Analy-
sis (PCA)—to identify the phases and phase transitions of the hexagonal Ising lattice. Our study
demonstrates that PCA can successfully identify the phase transitions of the hexagonal Ising lattice
and locate the critical temperature of these transitions. Furthermore, the first and second princip-
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al components obtained through PCA can also be used to determine the lattice's magnetization
and susceptibility.
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Figure 1. Schematics for the three nearest neighbors (Blue) of one
spin (Green) in the hexagonal Ising lattice
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Figure 2. (a) Eigenvalues of different principal components by PCA; (b) Weights of the first principal components of hex-
agonal lattices with different sizes
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Figure 3. Projection of the spin configurations of the hexagonal lattices onto
the plane of the first two principal components
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Figure 4. The normalized (a) first principal component and (b) second principal component versus the temperature
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