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Abstract

The prediction of enthalpy of formation of the crystal is studied by the machine learning algorithm.
Based on the relationship between the learning data of the deep neural network (DNN) model
composed of multiple neural layers, the prediction of enthalpy of formation of the deep learning
model in the material junction is studied and discussed in depth. By learning the enthalpy of for-
mation parameters of 275,778 compounds in the open quantum materials database (OQMD), a
deep learning multi-layer fully connected network was established to predict the enthalpy of for-
mation of unknown crystal materials. The accuracy of the optimized prediction model reached
0.075 eV/atom, which reached the computational accuracy of the quantum mechanics software.
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Figure 1. Multilayer neural network topology. Elements are arranged according to the
number of protons, and the normalized proportional value of elements is taken as the
input vector of the input layer.
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Figure 2. Relations between number of layers and error, the x-axis is
the layer number model, and the y-axis is the error
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Figure 3. Rraining situation of 256 x 2 + 128 x 2 + 64 x 2 + 32 x 1 +
1 x 1 structure.
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Table 1. Structure of deep learning model
1 REFSRBLEH

JREM BT W R AL B (Z)
EERR 128 ReLU 1~2
dropout 128

SR 64 ReLU 3-4
ERR 32 ReLU 5
ETERE 1 Linear 6

FHE 4 g5 IRT R0, IR S S BRE BR R, B 2SN, R R . XU B RATT A A
JERE AR, 15K B BIEOE R HE B3 A TE O R TRATIE BT A BdE (1) 90%1E Rl e &t 25 ER G,
B TS ST HEA e A A, LIS 5

Kl 6 S Af I 25662 A7 2 24 MR AE X B HEAT 10 H7 28 WIRIE s B R W, #S A T
y = x PHT UL TR S SR TRINAE R DFT B AT . 2B T () P e 5B iR %2 4 0.075
eV/atom, FIH TIRERUERSYE. WA EFTR, 90%H TR Z /T 0.180 eV/atom, 80% Tl i% 2% /N
F-0.080 eV/atom.
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Figure 4. Relationship between dataset size and accuracy of deep
learning model
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Figure 5. Performance of the model after several iterations. “loss” is the average absolute dif-
ference of the training set. “var loss” is the average absolute difference of the 10-fold
cross-validation of the model with the test set consisting of 25,662 elements. The test set ac-
curacy of the model converges to 0.075 eV/atom
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Figure 6. The results of a 10-fold cross-validation of the model using a test set of 25,662 ele-
ments. The x-axis of the left figure is the predictions of the neural network model, and the
y-axis is the DFT calculation results. The right figure shows the cumulative distribution func-

tion (CDF)
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