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Classical deep learning 
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Gate-based quantum computers

Adiabatic quantum computers
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Questions:

• Can quantum computers outperform classical deep learning?

• Can classical deep learning boost noisy quantum computers?

• Can quantum data boost classical deep learning?



H.-Y. Huang et al, Power of data in quantum machine learning, Nat. Commun. 12, 2631 (2021)
H.-Y. Huang et al., Provably efficient machine learning for quantum many-body problems, Science (2022)

Classical machine learning algorithm trained on (quantum) data can 
solve otherwise classically intractable problems.
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Supervised learning of output expectation values

Relevant for VQE, cannot be simulated via Pauli propagation
See: Angrisani et al. 2409.01706 (2024)

Angles 𝜃!,#Exp. Value, e.g.:
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qsimcirq on Hardware1

qsimcirq on Hardware2

Qiskit on Hardware1

Qiskit on Hardware2

Qiskit on Hardware1 (single core)
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Time for state vector simulation

Neural extrapolations to classically intractable circuit sizes

Test on feasible sizes Predictions to larger sizes

Training circuit sizes Training circuit sizes

➜ Classical simulation unfeasible



q = [13,12,15,10]

𝜽(𝑵) = [0.862, 1.12, 0.947, 0.856]

Transpilation

𝒛(𝐧𝐨𝐢𝐬𝐲)= [𝑧1
(noisy), 𝑧2
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(noisy)]
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Ideal quantum circuit

Combining classical descriptors and noisy quantum data

Connectivity of IBM Guadalupe chip 
Circuit: Trotter-decomposed dynamics 

of quantum Ising model

Noise model: FakeGuadalupe 

Classical descriptors

Noisy quantum data
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Noisy quantum data after zero noise extrapolation
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Error mitigation on larger circuits with scalable NNs
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Metropolis-Hastings algorithm

Acceptance probability:

Proposals in via NNs: ! ) *) " #+,-./01 $%

Autoregressive NNs         ! ancestral sampling

! ! ! ! " #$% &'
( "#$%& ) * + !! '

( "#$%& ) + ! ' !

!"#$%"&'()*+,'
! !"#$"#%&'()&*+#,)"-#./0#-.- -#123314#5212167 8989:,;+(<*=<*>>&?* @"#A(<#A*<<(B,=@*+&'#B(C*)>"
! D"#%(E*+#,)"-#F'&*@'*#/01 -#GG4H#521GI67 @(<B,)&J&@=#A)(K>#A(<#'(BL)*MNB()*';)*#>&B;),+&(@>"
! O"#P&@=#*+#,)"-#Q"#.RS>"#9R*B"#T#-23-#G1GUU#5212167# @(<B,)&J&@=#A)(K>#A(<#A<**N*@*<=S#'(BL;+,+&(@>"
! 8"#V,W<&X*+#,)"-#,<O&?72G1Y"G2U13#5212G67 ,C,L+&?*#8989#?&,#@(<B,)&J&@=#A)(K>"
! V"#F"#Z,<+@*++-#8"#8(R>*@&-,<O&?7211G"11Y[Y?2#5212167>L&@N=),>>#>&B;),+&(@>#?&,#@(<B,)&J&@=#A)(K>"

8'%,;=R+(@-#8&)(\*?&]-#.*<,)&-#F.-#./0#521216

NEURAL CLASSICAL MONTE CARLO SIMULATIONS



Autoregressive neural networks

Chain of conditional distributions: * !"#$%&' + & , ( ) *
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Access to D-Wave QPU time via CINECA ISCRA Project
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Energy histogram of D-Wave data

Do not represent Boltzmann distribution!
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# of MC sweeps
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Hybrid neural simulation of a spin glass at low T
NN trained on D-WAVE data
Annealing time: 10045
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Hybrid MC

NN trained on D-Wave data

D-Wave data
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Summary:
• Deep NNs sometimes fail to simulate quantum computers.

• Scalable NNs can simulate classically intractable circuits.

• Deep NNs with hybrid classical-quantum inputs perform effective error mitigation.

• Autoregressive NNs trained on data produced by quantum annealers accelerate low-T simulations of spin glasses.

Outstanding question:

• What makes a QC intractable for NNs?
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