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Density functional theory
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Machine learning a functional
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The workflow
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Benchmark: exact diagonalization
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Benchmark: exact diagonalization
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Near-term variational algorithms
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Near-term variational algorithms
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Sampling noise: Expectation Value Estimation
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Sampling noise: Expectation Value Estimation
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Training data + results: EVE

® CNN predictions ® training data Expectation value estimation
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VQE: Variational Hamiltonian Ansatz
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VQE: Quantum-number preserving fabrics
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Training data & results: VQE
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VQE on state-vector simulator

Representability + optimization
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Density optimization
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random potentials @

EVE M=1000

harmonic potentials

NPF d=6

Density optimization
EWpl =F"+p-p

argmin gML[p] VS. ptest
P

NPF d=11

density ¢* error

energy error

Classified as Internal | Intern

0 300 0

0.2
sttdev(p)

19




Conclusion & outlook

* Meaningful functionals can be learned from
a small amount of noisy training data

* Significant improvement on unbiased noise
* Can be used in density optimization on new instances
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https://github.com/\
Conclusion & outlook stefanopolla/dftant
* Meaningful functionals can be learned from T
a small amount of noisy training data E_:E_Qfe

e Significant improvement on unbiased noise AN et

* Can be used in density optimization on new instances

* Larger models

* Advanced ML de-noising

* DFT offers other learning targets, which is best?

* Transfer learning, learning from mixed datasets, learn from lower bounds
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