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Data 

QM9 database

Glass transition temperature (Tg) 
Melting temperature (Tm) 
Density (ρ) 
Heat capacity at constant pressure (Cp) 
Thermal conductivity (λ) 

Heat capacity at constant volume (Cv) 

Algorithm Forward prediction!

Bayesian inverse design!

p(S|Y ) / p(Y |S)p(S)
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Screening 1 
Expert knowledge on processability in practice:!
Consider candidates that include !
a given list of substructures !

Screening 2 λ model with transfer learning!

Source: Cv! Target: λ!
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Direct ML on Lambda TL from CV (small molecules) TL from viscosity

TL from density TL from Tg TL from Tm
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TL from ionization energy TL from refractive index TL from cohesive energy
TL from Hildebrand 
solubility parameter

TL from electronic 
dielectric constant
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TL from Hildebrand 
solubility parameter

TL from electronic 
dielectric constant

Results 

On-going 
Github 

Readme 
All-in-one materials design Python package: XenonPy!


