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A universal 3D voxel descriptor for solid-state materials informatics
with convolutional neural networks
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Materials informatics (MI) is a promising approach to liberate us from the time-consuming trial and error process
for material discoveries. Contrary to molecular systems, however, practical successes of the solid-state MI are very
scarce because existing descriptors insufficiently describe 3D features of field quantities (e.g., electron distributions
and local potentials). We develop a simple, generic 3D voxel descriptor that compacts any field quantities, in

such a suitable way to implement convolutional neural networks.

We examine the reciprocal-lattice 3D voxel

space descriptor encoded from the electron distribution by a regression task with 680 oxides data. The present
scheme outperforms other descriptors in the prediction of Hartree energies that are significantly relevant to the

long-wavelength distribution of the valence electrons.
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& BAGEERDI=y M IVOFARWHENR Y V% a;,i = 1,2,3
EBE, ZTOWKTOREANERY LE Db, LB Thb
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[Voxel data]

3D convolutional layers

Full connected layers
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T-ETHETIIVF—), - T R VF—, 35H - FHEE
BT Vv v, BETHIALORETLXVE—EET 21). pr)
BEFEENHETH S, NS XVEF—ITMA, RO
LI RIVF— NV RF vy TEHINERE UTIRHT 5.
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U7z [23]. BRAREDT 1)V 2EIE 16 K, K7V T«
RO A & 3B ICRE LTz, 2y BT — 7RSO
Wik [7] RO &,

SOAP i3 Z N Hik%Z 11— VI Wz SOAP J1—%
W)y, CM Glib IS 2 A E T IVIEH T XA —*
WO PERHAL, TNENDIEANE ST A—=21F 3.0 BXT
0.01 &ERELZ. TNEDH—FIVAET IVIE scikit-learn
L TIEELT [24].
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7% (Mean absolute errors; MAE).
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7z. CNNs O#HMEKRIFEOF B M2 % 7251 5 15~
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) —T3)VF— (K 3(a)) DEIFERESMEE D EENTNS
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W, BEASEUZERIE, 18 FET oV F—IEE 1
DEF T3V F—BRUBET L HETE DHAEEH T3V F—
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