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Table 1: Dataset size and baseline test MAE using mean of combined train and validation

sets as the prediction on the test set for evaluated material properties

Property Train set size | Validation set size | Test set size | Baseline MAE
Formation Energy (eV/atom) | 60639 7580 7580 0.8546
Ehull (eV/atom) 59939 7494 7493 0.2618
Magout (p) 59370 7422 7422 2.1585
Bandgapmpy (eV) 15642 1957 1957 1.6565
Spillage 9041 1131 1131 0.5055
SLME (%) 7810 977 977 10.7721
Te_supercon (K) (eV) 842 106 106 3.2085




formation_energy_peratom ehull magmom_outcar mbj_bandgap

IS

~
@

o

eV/atom
o
ev

IS

~

o

5 50
10
40
4
30
3
20
§ )
g 5
3, E 10
o #
-2
1
-10
-4 0 L -20

train val test train val test train val test train val test
dataset dataset dataset dataset
spillage slme Tc_supercon
40
30
3.0
25 30 B
20 20
20
15 = L 15
10 10 10
05 s
0
0.0 0
-5
train val test train val test train val test
dataset dataset dataset

Figure 1: Violin plot for the distribution of DFT-calculated properties; Displayed material
properties include: Formation Energy, Ehull, Magout, Bandgap,,g;, Spillage, SLME and

Tec_supercon
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Figure 2: Loss curves for the predictor model of ALIGNN-MatBERT TL approach. Early-

stopping is applied in model training, which decides the number of epoches.

Displayed

material properties include: Formation Energy, Ehull, Magout, Bandgap,,g;, Spillage, SLME

and Tc_supercon
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Figure 3: Parity plot of the original ALIGNN model (1st col), ALIGNN-based feature extrac-

tion transfer learning (2nd col), and the proposed hybrid transfer learning approach based

on ChemNLP (3rd col) and Robocystallographer (4th col). Displayed material properties

include: Formation Energy, Ehull, and Magout
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Figure 4: Parity plot of the original ALIGNN model (1st col), ALIGNN-based feature extrac-

tion transfer learning (2nd col), and the proposed hybrid transfer learning approach based

on ChemNLP (3rd col) and Robocystallographer (4th col). Displayed material properties

include: Spillage, SLME and Tc_supercon
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Figure 5: Percentage MAE change for ALIGNN-MatBERT-based TL approach after removal
of tagged content from text representation across tested material properties (top: Robocry-

tallographer; bottom: ChemNLP)



