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1 Supplementary Note 1

Here, we show a complete comparison between a state-of-the-art method (Spglib) and the proposed approach in classifying
defective structures when random displacements are applied (Supplementary Table 1), or vacancies are created (Supplementary
Table 2), as described in the main text. The thresholds indicated as “tight”, “medium”, “loose” in the tables below (and in
Table 1 in the main text) are obtained with the following choices of Spglib parameters: “tight’= {symprec= 1 x 10734,
angle_tolerance= 1° }; “medium”= {symprec= 1 x 1072A, angle tolerance= 1° }; “loose”={symprec= 1 x
10714, angle_tolerance=5° }. Finally, concerning defective structures obtained by chemical substitution, we find that
our method is always able to identify the correct crystal class.

Random Displacements (o)
0.001A 0.002A 0.003A 0.004A 0.005A 0.01A 0.02A 0.04A 0.06A 0.08A 0.10A
Spglib (tighty ~ 0.00  0.00 000 000 000 000 000 000 000 000  0.00
Spglib (medium) 73.70  0.00  0.00 000 000 000 000 000 000 000 0.00
Spelib (loose) ~ 99.99  99.99  99.99 99.99 9999 7522 0.00 000 000 000 0.0
This work 100.00 100.0  100.00 100.00 100.00 100.00 100.00 100.00 100.00 99.97  99.91

Supplementary Table 1. Accuracy in identifying the correct (most similar) crystal class in the presence of defects. The defective structures
are calculated randomly displacing atoms according to Gaussian distribution with standard deviation o. The accuracy values are in percentage.

Vacancies (1)
1% 2% 5% 0% 15% 20% 25% 30% 40% 50% 60% 70%
Spglib (tight) 002 000 000 000 000 000 000 000 000 000 0.00 0.00
Spglib (medium) 0.02 0.00 0.00 000 000 0.00 000 000 0.00 000 0.00 0.00
Spglib (loose)  0.01 0.00 000 0.00 000 000 0.00 000 000 0.00 0.00 0.00
This work 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 99.56 97.18 89.05

Supplementary Table 2. Accuracy in identifying the correct (most similar) crystal class in the presence of defects. The defective structures
are calculated randomly removing 1% of the atoms, thus creating vacancies. The accuracy values are in percentage.

2 Supplementary Note 2

Since in the main text we have shown that the diffraction descriptor is well-behaved with respect to defects (Fig. 2), and that
the neural network can extrapolate correctly to intermediate structures (see Fig. 4a), let us now address the question if our
method can distinguish ordered structures with defects and amorphous structures. There is an empirical (universal) criterion -
the so-called Lindemann melting rule' - to predict the solid-liquid transition: it states that this occurs when the ratio between
the root-mean-square fluctuations about lattice positions and the nearest neighbor distance (termed Lindemann parameter)
exceeds a certain threshold. Here, we investigate whether structures, to which random displacements to the atomic positions are
applied, are recognized as amorphous structures when the resulting Lindemann parameter exceeds the threshold. In practice,
we generate structures with Lindemann parameter ranging from O (pristine) to 0.3 (amorphous) from a subset of fcc, bec,
and bcty3g structures belonging to the pristine dataset. In Supplementary Fig. 1 we plot the classification probability of all
classes versus Lindemann parameter. Let us here discuss in detail the case of fcc shown in Supplementary Fig. la. Up to a
Lindemann parameter of 0.075, the model classifies these disordered structures as fcc with probability close to 1, and zero
standard deviation. In the range 0.1-0.2, however, the fcc probability classification drops significantly, just as the standard
deviation increases: the neural network is now less confident on its predictions. For Lindemann parameters greater than 0.2 the
structures are amorphous, and therefore the neural network classification is no longer meaningful: this is reflected in the very
large standard deviation of the classification probability distributions. It is interesting to note that the drop of confidence in the
neural network predictions falls in the range of commonly accepted critical values for the Lindemann parameter (0.1-0.2)?.
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Supplementary Figure 1. From ordered to amorphous structures: the case of (a) fcc, (b) bec, and (¢) betyzg crystal structures. The
distributions of classification probability of all crystal classes are shown in each plot. The drop in the classification probability distribution for
the fcc (a), bee (b), and betyzg (¢) occurs around to the range of commonly accepted Lindemann parameters (shaded pink area between 0.1
and 0.2) for a solid to liquid transition (see text for more details).

This is interesting, especially given that our model was built using exclusively pristine structures, and has thus no information
regarding disordered structures. The situation for bcc and bety3g classes (shown in Supplementary Fig. 1b and 1c, respectively)
follow a quantitative different but qualitatively comparable trend.

3 Supplementary Note 3

The raw data used to generate the pristine dataset (corresponding to the AFLOWLIB elemental solid database) can be
downloaded from NOMAD Repository with the following links:
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eu/raw—-data/data/Rnh/Rnh_4DFTJQgTSOib4e4d-5GByiTVB.
eu/raw—-data/data/R10/R10ncY1AZG6X9y—-NJj8F0_DiN8NelD.

eu/raw-data/data/RsL/RsLoZhSAdKOBopfI2T4B5pLEMy jVN.

eu/raw-data/data/RMG/RMGpPc3B_HiR0D-oLE4ND66GHmMYdH- .
eu/raw-data/data/Re2/Re2mnhOAs6ZNgvIY1lp-W2RavinjoOM.
eu/raw-data/data/R9u/ROusAWjw2xq9F8zW-66jyCyeDL1Da.
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Additional data including atomic structures and two-dimensional diffraction fingerprints of the pristine dataset are available
from the Harvard Dataverse: https://doi.org/10.7910/DVN/ZDKBRF
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