
“Could NISQ devices be useful 
training data generators

for classical ML models?”
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Density functional theory

• Workhorse of 
computational chemistry

• A good balance of  
accuracy and 
computational efficiency

• Can fail for strongly 
correlated systems

3



Density functional theory
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DFT: Hohenberg-Kohn I
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n := the number of orbitals / sites /
basis functions used
to discretize space



DFT: Hohenberg-Kohn I The ground-state electron density 𝜌(𝒓)
uniquely determines the external potential 𝑣(𝒓), 

and therefore all properties of the ground state.

Density Potential

Full HamiltonianState vector

diagonalization2𝑛

dimensional

𝑛
dimensional

5

n := the number of orbitals / sites /
basis functions used
to discretize space



DFT: Hohenberg-Kohn I The ground-state electron density 𝜌(𝒓)
uniquely determines the external potential 𝑣(𝒓), 

and therefore all properties of the ground state.

Density Potential

Full HamiltonianState vector

diagonalization2𝑛

dimensional

DFT

𝑛
dimensional

5

n := the number of orbitals / sites /
basis functions used
to discretize space



DFT: Hohenberg-Kohn I & II

Wavefunction theory DFT
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basis functions used
to discretize space
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DFT: Hohenberg-Kohn I & II

Wavefunction theory DFT
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Machine learning a functional

DeepMind model

[J. Kirkpatrick et al., Science 374, dec 2021]
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Fermi-Hubbard model
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The workflow



Benchmark: exact diagonalization

• ML model: CNN [Nelson et al. PRB 99 
(2019)]

Features Label
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Benchmark: exact diagonalization

• ML model: CNN [Nelson et al. PRB 99 
(2019)]

• 5-fold x-val, batch normalization, early 
stopping

• 1000 training points
• Data augmentation using translational + 

mirror symmetry
(1’000 → 16’000 datapoints)

Features Label
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Near-term variational algorithms
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Near-term variational algorithms

Error from:
• Circuit error
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Sampling noise: Expectation Value Estimation 
(EVE)
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Sampling noise: Expectation Value Estimation 
(EVE)

Diagonal in

plane-wave basis

(Fourier space)

Diagonal in

position basis 

(real space)

≔ number of samples
in real space 

and Fourier space 14



Training data + results: EVE

≔ number of samples
in real space 

and Fourier space 

Expectation value estimation
(Unbiased sampling noise)
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VQE: Variational Hamiltonian Ansatz

Gaussian 
state prep
(Givens)

Gaussian
state prep
(Givens)
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VQE: Quantum-number preserving fabrics
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Training data & results: VQE
VQE on state-vector simulator
Representability + optimization 

noise
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Density optimization
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https://github.com/
StefanoPolla/dftqmlConclusion & 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/
StefanoPolla/dftqmlConclusion & 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

• 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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