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COMPLEXITY

INTERPRETABILITYWHAT DO QUANTUM COMPUTING 
AND CONDMAT DESCRIPTIONS 

OF HARD PROBLEMS 
HAVE IN COMMON?

CAN WE INTERPRET WHAT 
CONDMAT ML MODELS ARE 

LEARNING TO ADVANCE  
UNDERSTANDING? 

THIS WORKSHOP



QMAI  |

Can quantum 
information theory play 
a role in development 

of the next gen 
classical variational 

methods?

Part 1:



QMAI  |Contemporary quantum experiments



QMAI  |

Quantum Information vs. Condensed Matter

Variational Techniques

Gottesman-Knill Theorem

Gottesman, Daniel. "The Heisenberg representation of quantum computers." arXiv preprint quant-ph/9807006 (1998).



QMAI  |Classical Variational Methods
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[P Anderson, Science (1987)]
[R Jastrow, PR (1955)]

[A Klümper et al., J. Phys. A (1991)]
[S R White, PRL (1992)], [R Orus, AoP (2014)]

[G Carleo and M Troyer, Science (2017)]

Motivated by physics of model: 
RVB, Slater-Jastrow...

Area law entanglement:  
MPS, PEPS 

Generic: 
Neural Networks

Classical Variational Methods

Slide credit: Agnes Valenti



QMAI  |Classical Variational Methods

Hilbert space



QMAI  |Classical Variational Methods

“Explore Hilbert space to 
minimize energy.”

“Gottesman-Knill does not enter 
this equation.”



QMAI  |Quantum Variational Methods

“Basically the same, but with 
the quantum ansatz.”



QMAI  |Simulatability in quantum info
Non-stabilizerness

Clifford group: Classically simulatable

T

Non-Clifford operations -> full Hilbert space



QMAI  |Simulatability in quantum info

Stabilizer Renyi Entropy:

Non-stabilizerness

Leone, Lorenzo, Salvatore FE Oliviero, and Aliotscia Hamma. "Stabilizer Rényi entropy." Physical Review Letters 128.5 (2022): 050402.



QMAI  |Simulatability in quantum info

Stabilizer Renyi Entropy:

Non-stabilizerness

scales ~ 4^N

Leone, Lorenzo, Salvatore FE Oliviero, and Aliotscia Hamma. "Stabilizer Rényi entropy." Physical Review Letters 128.5 (2022): 050402.



QMAI  |Simulatability in quantum info
Non-stabilizerness

We discovered some cool approximations

Arash Ahmadi & E.G. SciPost Phys. 16, 043 (2024) Arash Ahmadi, Jonas Helsen, Cagan Karaca & E.G., arXiv:2408.03831 (2024)

Few OTOCs is 
enough to 

approximate SRE

Fluctuations of 
mutual information 
is a good measure 

of magic



QMAI  |Simulatability in quantum info
Non-stabilizerness

Science 374, 1479–1483 (2021)

Nature, 634, 328–333 (2024)

Quantum 8, 1413 (2024)

Phys. Rev. A 109, L040401 (2024)

Phys. Rev. A 108, 042408 (2023)



QMAI  |

“What is the non-stabilizerness of 
variational methods?”

Spriggs, T., Ahmadi, A., Chen, B. and Greplova, E., 2025. Quantum resources of quantum and classical variational methods. Machine Learning: Science and Technology.



QMAI  |

“What is the non-stabilizerness of 
variational methods?”

“Different minima can have the same energy but very different wave-function.”

Spriggs, T., Ahmadi, A., Chen, B. and Greplova, E., 2025. Quantum resources of quantum and classical variational methods. Machine Learning: Science and Technology.
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NQS 

Variational non-stabilizerness

DMRG VQA 

Spriggs, T., Ahmadi, A., Chen, B. and Greplova, E., 2025. Quantum resources of quantum and classical variational methods. Machine Learning: Science and Technology.



QMAI  |The Hamiltonian
Transverse Field Ising Model

NQS DMRG VQA 

Spriggs, T., Ahmadi, A., Chen, B. and Greplova, E., 2025. Quantum resources of quantum and classical variational methods. Machine Learning: Science and Technology.



QMAI  |Variational non-stabilizerness

Spriggs, T., Ahmadi, A., Chen, B. and Greplova, E., 2025. Quantum resources of quantum and classical variational methods. Machine Learning: Science and Technology.



QMAI  |Variational non-stabilizerness
Better Energy = Better Magic?

Spoiler: It’s more complicated!



QMAI  |Variational non-stabilizerness
Better Energy = Better Magic?

Spoiler: It’s more complicated!

“Global Z2 Symmetry: If I flip all spins, the state has the same energy.”



QMAI  |Variational non-stabilizerness
Better Energy = Better Magic ?

Spriggs, T., Ahmadi, A., Chen, B. and Greplova, E., 2025. Quantum resources of quantum and classical variational methods. Machine Learning: Science and Technology.



QMAI  |Variational non-stabilizerness
Better Energy = Better Magic ?

Same energy : Different Magic : Different state

Spriggs, T., Ahmadi, A., Chen, B. and Greplova, E., 2025. Quantum resources of quantum and classical variational methods. Machine Learning: Science and Technology.



QMAI  |

Sinibaldi, A., Mello, A.F., Collura, M. and Carleo, G., 2025. Non-stabilizerness of Neural Quantum States. arXiv preprint arXiv:2502.09725.



QMAI  |

THIS IS IN A 
STABILIZER GROUP!

Sinibaldi, A., Mello, A.F., Collura, M. and Carleo, G., 2025. Non-stabilizerness of Neural Quantum States. arXiv preprint arXiv:2502.09725.



QMAI  |The Message.

Computational overlap of QI and CM is largely 
unexplored - let’s discuss and think of new ideas!



QMAI  |

Can we train neural 
networks to learn 

useful interpretable 
quantities?

Part 2:



QMAI  |

Lei Wang, PHYSICAL REVIEW B 94, 195105 (2016)

H = �J

X

<i,j>

�i�j
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p(�) =
e��H(�)

Z

~ 2.27

Phase Classification 



QMAI  |
AI Image Classification

Carrasquilla, Juan, and Roger G. Melko. "Machine learning phases of matter." Nature Physics 13.5 (2017): 431-434.



QMAI  |SSH: Adding topology into the mix 

Jin, G. and Greplova, E., 2023. Topological entanglement stabilization in superconducting quantum circuits. Physical Review Research, 5(2), p.023088.



QMAI  |SSH: Learning the PT is super easy 

Stan Bergkamp, Master Thesis, TU Delft (2024)



QMAI  |But the easy classification method 

does not 
generalize 

well

Stan Bergkamp, Master Thesis, TU Delft (2024)



QMAI  |But the easy classification method 

does not 
generalize 

well

Cybiński, K., Płodzień, M., Tomza, M., Lewenstein, M., 
Dauphin, A., & Dawid, A. (2025). Characterizing out-of-

distribution generalization of neural networks: 
application to the disordered Su–Schrieffer–Heeger 

model. Machine Learning: Science and Technology, 6(1), 
015014.

For detailed explanation of SSH learning read this:

Stan Bergkamp, Master Thesis, TU Delft (2024)



QMAI  |Can we persuade the NN to learn topology?

real space winding number 
(RSWN) 

Stan Bergkamp, Master Thesis, TU Delft (2024)



QMAI  |Can we persuade the NN to learn topology?

real space winding number 
(RSWN) 

Single layer neural 
network that takes 

pairs of 
amplitudes and 
returns RSWN

Oriekhov, D.O., Bergkamp, S., Jin, G., Luna, J.D.T., Zouggari, B., van der Meer, S., Yazidi, N.E. and Greplova, E., 2025. Why is topology hard to learn?. arXiv preprint arXiv:2509.26261.



QMAI  |Can we persuade the NN to learn topology?

YES! (-ish)
Oriekhov, D.O., Bergkamp, S., Jin, G., Luna, J.D.T., Zouggari, B., van der Meer, S., Yazidi, N.E. and Greplova, E., 2025. Why is topology hard to learn?. arXiv preprint arXiv:2509.26261.



QMAI  |Can we persuade the NN to learn topology?

YES! (-ish)
Oriekhov, Bergkamp, Jin, Torres, van der Meer, Zouggari, El Yazidi, Greplova (2025), in preparation
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BACK TO NQS! 
CAN WE FIND PT’s IN THE WEIGHT SPACE?

Hernandes, V., Spriggs, T., Khaleefah, S. and Greplova, E., 2025. Adiabatic Fine-Tuning of Neural Quantum States Enables Detection of Phase Transitions in Weight Space. arXiv preprint arXiv:2503.17140.
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Detection of Phase Transitions in Weight 
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J1-J2 MODEL H = J1 ∑
i

Si ⋅ Si+1 + J2 ∑
i

Si ⋅ Si+2

J2/J1 = 1/2 -> maximum frustration

Hernandes, V., Spriggs, T., Khaleefah, S. and 
Greplova, E., 2025. Adiabatic Fine-Tuning of Neural 
Quantum States Enables Detection of Phase 
Transitions in Weight Space. arXiv preprint 
arXiv:2503.17140.



MODE CONNECTIVITY
H = − J
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Hernandes, V., Spriggs, T., & Greplova, E. 
(2026). Mode Connectivity in Neural Quantum 
States. In Northern Lights Deep Learning 
Conference Abstracts 2026.



QMAI  |

COMPLEXITY

INTERPRETABILITY

QUANTUM INFORMATION MEASURES HAVE 
USEFUL INFORMATION ABOUT THE 

STRUCTURE OF THE STATE!
WEIGHT SPACES CAN HAVE USEFUL 

INTERPRETABLE PHYSICAL INFORMATION!

Spriggs, T., Ahmadi, A., Chen, B. and Greplova, E., 2025. Quantum resources of quantum and classical variational methods. Machine Learning: Science and Technology.
Hernandes, V., Spriggs, T., Khaleefah, S. and Greplova, E., 2025. Adiabatic Fine-Tuning of Neural Quantum States Enables Detection of Phase Transitions in Weight Space. arXiv preprint arXiv:2503.17140.
Oriekhov, D.O., Bergkamp, S., Jin, G., Luna, J.D.T., Zouggari, B., van der Meer, S., Yazidi, N.E. and Greplova, E., 2025. Why is topology hard to learn?. arXiv preprint arXiv:2509.26261.
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Spriggs, T., Greplova, E., Carrasquilla, J. and 
Nys, J., 2026. Accurate Ground States of SU 
(2) Lattice Gauge Theory in 2+ 1 D and 3+ 1 
D. Physical review letters, 136(10), p.101902.

SU(2) Ground States RL+NQS

Duque, J.A., Heredia, S.G., 
Hernandes, V., Greplová, E., 
Spriggs, T., Courville, A. and 
Dawid, A., 2026. One More 
Time: Revisiting Neural 
Quantum States from a 
Reinforcement Learning 
Perspective. arXiv preprint 
arXiv:2607.02292.
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