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Quantum advantage experiments
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• Based on generating samples from classically hard probability 
distributions.



Motivation: Classical hardness guarantees

• Even certain very restricted quantum circuit classes are on 
average hard to classically sample from!

M. Oszmaniec, et al. (2022), PRX Quantum, 3(2), 020328.

Wikipedia



Generative modeling

• Learn a representation of some probability distribution in order 
to generate realistic samples.

Train Model	(𝑤)

𝑥! ∼ 𝑝 𝑦! ∼ 𝑞"

𝑑 𝑝, 𝑞" ≤ 𝜖
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• Barren plateaus
• Poor local minima
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• Problem-specific models
• Incorporating symmetries
• Restricted circuit classes

Solution (?)



Provably good trainability → effectively classical
• In many cases, good trainability implies classical simulability of 

expectation values.
• What is a bad news for supervised learning, can be good news for 

generative learning!

1. Efficient classical 
simulability of local 
expectation values

2. Classical sampling 
hardness of the 

probability distribution
↔

M. Cerezo, et al. Nat Commun 16, 7907 (2025)



Classical training of quantum models
The squared Maximum Mean Discrepancy (MMD) can be 
expressed with expectation values. 

model distribution
target distribution

sets of qubit indices

Introduced for IQP circuits.

M. S. Rudolph, et al. npj QI 10, 116 (2024)

E. Recio-Armengol, S. Ahmed, and J. Bowles. arXiv:2503.02934 (2025).
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Classical training of IQP circuits

E. Recio-Armengol, et al., arXiv:2503.02934 (2025).
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Fermion Sampling

magic state input     +     FLO circuit     =  sampling advantage

M. Oszmaniec, N. Dangniam, M. E. Morales, Z. Zimborás. PRX Quantum, 3(2), 020328. (2022)



Fermionic Born Machines

Input states:

• Can be transformed to any even 
fermionic state

• Only measure the first 3 modes 
in each 4-mode register

training set
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Classical training

Sampling



Estimating expectation values
1. Decompose input states into Gaussian operators with non-zero trace

where



Estimating expectation values
1. Decompose input states into Gaussian operators with non-zero trace

where

For N registers: 4+  Gaussian constituents



Estimating expectation values
1. Decompose input states into Gaussian operators with non-zero trace

where

2. We can separate the Gaussian part of these states

For N registers: 4+  Gaussian constituents
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Expectation values 
estimated exactly!



Inference (sampling)

...

|ω1→

UFLO(ω→)|ω2→

...

|ωN →

After training:

1. Fix the parameters
2. Decompose unitary
3. Use Jordan-Wigner transformation
4. Run circuit on qubit-based device 



Small-scale experiment
• 12 binary random variables with Markov network factorization
• 16 qubits
• 10 independent problems – average performance



Effect of overparametrization



Molecular structure generation

• ZINC20 database
• Small molecules represented as SLIMES strings
• Converted to 60-bit long Morgan fingerprints (RDKit package)
• 60 binary random variables
• 80 qubits
• 50k training and test samples



Molecular structure generation



Gene sequences

• Splice-junction gene dataset
• 60-long gene sequence: A, G, C, T
• 3175 samples: 1270 for training, 1905 for test
• 120 binary random variables
• 160 qubits
• 50-50 train-test split



Gene sequences



Summary

• Good trainability properties!
• Expectation values estimated classically!
• Sampling requires a quantum computer!
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Epilogue: Spectral methods are natural for 
quantum computers
• Fourier decomposition of a probability distribution

• For binary random variables: Walsh-Hadamard transform (ℤ!")

𝑝 𝑥 =
1
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,
𝑝 𝜔 𝑒-./012𝑑𝜔

Fourier coefficients: the MMD training fits these coefficients

V. Belis, et al. "Spectral methods: crucial for machine learning, natural for quantum computers?." arXiv:2603.24654. (2026)
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