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Recent advances in combining density functional theory (DFT) calculations of the electronic 

structure with machine learning are paving a new path towards the construction of 

chemically-accurate exchange-correlation (xc) functionals [1-7]. These advances promise to 

have broad application in the predictive modelling of real systems across chemistry, material 

science, and high energy density physics. In this context, differentiable programming is 

proving to be a formidable tool to help learn the behaviour of the xc functional, using a 

combination of higher-level simulations and experimental data, all within the physics-based 

constraints of the Kohn-Sham framework. Here we provide a brief outline of some recent 

developments in the field, and present the first fully-differentiable 3D density functional 

theory simulator (DQC – Differentiable Quantum Chemistry) where the exchange-correlation 

functional can be efficiently represented by a trainable deep neural network [8]. We 

demonstrate how this approach helps construct highly accurate exchange-correlation 

functionals using heterogeneous experimental data even for extremely limited datasets: using 

only eight experimental values on diatomic molecules, the trained exchange-correlation 

networks enable improved prediction accuracy of atomization energies across a collection of 

104 molecules containing new bonds, new atoms, and new molecules not present in the 

training dataset [3]. The generalization power of this approach is particularly promising in the 

context of building accurate functionals for the exploration of extreme states of matter at high 

densities and temperatures. 
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