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How do we
make quantum
technologies

better?
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COMPLEXITY

THIS WORKSHOP

INTERPRETABILITY
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CAN WE INTERPRET WHAT
CONDMAT ML MODELS ARE

LEARNING TO ADVANCE
COMPLEXITY UNDERSTANDING?

THIS WORKSHOP

WHAT DO QUANTUM COMPUTING INTERPRETABILITY

AND CONDMAT DESCRIPTIONS
OF HARD PROBLEMS
HAVE IN COMMON?



How do | solve this Hamiltonian?
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Part 1:

Can quantum
Information theory play
a role In development
of the next gen
classical variational

methods?
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Article | Published: 23 Octoker 2019

Quantum s_|'|Slng d programmable Solving the Sampling Problem of the Sycamore Quantum Circuits

Moceys by €

Frank Arute, Kunal Arya, Ryen Baboush, Dave Bacon, Joseph C. Bardin, Rami Barends, Rupgk Biswas, e

Sergic Boixo, Fernando G. S. L. Brandzgo, David A. Buell, Brian Burkett, Yu Chen, Zijun Chen, Ben Chiaro,
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Gidney, Marissa Giustina, Rob Graff, Keith Guerin, ... John M. Martinis&3 4 Show authors

Nature 574, 505-510 (2019) | Cite this article

Article ] Open access \ Published: 14 June 2023

Evidence for the utility of quantum computing before
fault tolerance

Youngseok Kim &, Andrew Eddins &, Sajant Anand, Ken Xuan Wei, Ewout van den Berg, Sami

Rosenblatt, Hasan Nayfeh, Yantao Wu, Michael Zaletel, Kristan Temme & Abhinav Kandala &

Nature 618, 500-505 (2023) | Cite this article

Heloreness Cibing Arlesles (235) Supplarienlal Malar al ﬂ m Exporl Citulion

W gtucy the protdam of gererating irdeserdent sampes ‘rom the gulpul disuizution ol Geegle's
Spcamnces cuentum cwcwts with alergel ideity, which s believed e Be Leyond U reech of Cassical
supercompulers and reas bean usad o d2monstrale quanlum supremecy. We ooposz a melbod o
classicaly aone the ooblerm LBy conlracling Ihe correeoorang Bnacr nelvork jusl nde, a1¢ @
me33vely more aticlant than exasting matheds In penarsiirg & Isrge numrbe” o Licomelsied samples
with a temeat e ity For tha Syeamams ausntum 3uprameey crrart with 52 quibits snd (Xl eyrdas, wa
have groacatent 1 > 117 nesmafated bestings s which are sampled fram a disbotios f'nvs: ji‘inl's) :
, whara tha apcroximare slate o has fidnlity ¥ == (LLAAT. Tra whnke comoutation has cast abeat “5h
on a coenpotaticnal chisser with 512 GP.Us. Tha nblaned 1 = 1(F samplas. 1he cortractinn coZe a~d
contraction orcer are made cuhlic. ' aus alaodthm coald be mglemented with hich effciency on s
rrodere sussraomputer wik ExaFL OFS perfarmance, wa aslirrste that idsally, the siralation wauld
coed A faw darens af seconds, whek 2 faster thas Gaasle's quarium haraware.

Efficient tensor network simulation of IBM's Eagle kicked Ising experiment

105k Accesses | 18 Citations | 947 Altmetric | Metrics Joseph Tindall, Matt Fishman, Miles Stoudenmire, Dries Sels
We report an accurate and efficient classical simulation of a kicked Ising guantum system on the heavy-hexagon /attice. A simulation of this system was recently performed on
. . . . a 127 qubit quantum processor using noise mitigation techniques to enhance accuracy (Nature volume G1E, p.500-505 (2023)). Here we show that, by adopting a tensor

Computational in quantum simulation . .

network appreach that reflects the geometry of the lattice and is approximately contractad using belief propagaticn, we can perform a classical simulation that is significantly
Andrew D. King, Alberto Nocera, Marek M. Rams, Jacek Dzlarmaga, Roeland Wiersema, William Bernoudy, Jack Raymond, Nitin Kaushal, Niclas Helnsdorf, Richard more accurate and precise than the results obtained from the quantum processor and many other classical methods. We quantify the tree-like correlations of the wavefunction
Harris, Kelly Boothby, Fabio Altomare, Andrew J. Berkley, Martin Boschnak, Kevin Chern, Holly Christiani, Samantha Cibere, Jake Connor, Martin H. Dehn, Rahul in order to explain the accuracy of our belief propagation-based approach. We also show hcw cur method allows us to perform simulations of the system to long times ir the
Deshpande, Sara Ejtemaee, Pau Farré, Kelsey Hamer, Emile Hoskinsan, Shulyuan Huang, Mark W. Johnson, Samuel Kortas, Eric Ladizinsky, Tony Lal, Trevar thermodynamic limit, corresponding to a quantum computer with an infinite number of qubits. Our tensor network apprecach has broader applications for simulating the

Lanting, Ryan Li, Allison J.R. MacDonald, Gaslen Marsden, Catherine C. McGeoch, Reza Molavi, Richard Neufeld, Mana Norouzpour, Travis Oh, Joel Pasvolsky,
Patrick Peitras, Gabriel Poulin-Lamarre, Thomas Prescott, Mauricia Reis, Chris Rich, Mchammad Samani, Benjamin Sheldan, Anatoly Smirnov, Cdward Sterpka,
Berta Trullas Clavera, Nicholas Tsai, Mark Volkmann, Alexander Whiticar, Jed D. Whittaker, Warren Wilkinson, Jason Yao, T.). Yi, Anders W. Sandvik, Conzalo
Alvarez, Roger G. Melko, Juan Carrasquilla, Marcel Franz, Mohammad H. Amin

dynamics of quantum systems with tree-like correlations.

Subjects:  Quantum Physics (quant-ph)
Quantum computers hole the promise of selving certain problems that lie beyend the reach of conventional computers, Establishing this capability, sspecially for impactiul and

. . Lite as: arxXiv:2306. 488/ -
meaningful problems, remains a centrzl challenge. Ore such grablem is the simu'ation of nonequilibrium dynamics of a magnetic spin system querched thraugh a quantum phase SRS arXiv:2306.14887 [quant-ph]
transition, State ol the art dassical simulations demarnd resources that grow exponentially with system size. Here we show that superconducting quantum anncaling processors (or arXv:2305.14887v2 [quant-ph] for this varsion)
can rapld'y gererate samples In cloze agreament with solutlons of the Schrédinger ecuatlien. We demonstrate area-law scaling of antanglemeant In the medel quench In twa-, https://doi.org/10.48550,arX v.2305.14887 o

three - aed inEnite -dimensional spin alasses, supporiting the anserved stretched -exponential scaling of elfart tar dassical approaches, We assess approximate methods nased on
tensor networks ans neural networks and conclude that no known approach can achleva the same accuracy as the quantum annealer within a reascnakle timeframa Taus quartum
anncalers can answer gquestions of practical impartance that dassica’ compaters tannol,

Subjects: Quamtum Physlcs (quant ph); Disordergd Systems and Neural Namworks [cond-matdis-nn); Starsilcal Mechanles (coac -matstac-mech)
Cire a5 200w 2403 00910 Jquant - ph)
(o arkiv. 24030031001 [guant-ph] ler ths version)

Comments: 18 Pages. 10 Ficures. Jpdated to include improved EP-TNS data, s mulation of the infinite system and improvad error cuantification
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Quantum Information vs. Condensed Matter

Gottesman-Knill Theorem

Variational Techniques

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

Find the ground state H|¥) = E|P)
2 Uas
Parametrize |W¥) W) = Zfo(S{, e SN )IST, - SN)
i=1
Yo |H|W
Variational principle (o HIo) > E.

(Wo|Wo)

Slide credit: Agnes Valenti
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Motivated by physics of model: Area law entanglement: Generic:
RVB, Slater-Jastrow... MPS, PEPS Neural Networks
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[P Anderson, Science (1987)] [A Klumper et al., J. Phys. A (1991)] [G Carleo and M Troyer, Science (2017)]
[R Jastrow, PR (1955)] [S R White, PRL (1992)], [R Orus, AoP (2014)]

Slide credit: Agnes Valenti
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Hilbert space
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“Explore Hilbert space to
minimize energy.”

Yo, | H |
Evar(W) — <<$1L|LLWM),> > E¢

“Gottesman-Knill does not enter
this equation.”
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[Yin) { { Rz(62) H Ry(05) H Rz(0s) HT  |v0)

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

R.(01) H Ry(01) | R=(07)

—‘ R (03) H R, (66) H R.(09)
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Non-stablilizerness

Clifford group: Classically simulatable Non-Clifford operations -> full Hilbert space
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Non-stablilizerness

1
Stabilizer Renyi Entropy: M2(‘¢>) — log Z <77b‘ 5NW)>
PePxn

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

Stabilizer Renyi Entropy:

scales ~ 4N

Leone, Lorenzo, Salvatore FE Oliviero, and Aliotscia Hamma. "Stabilizer Rényi entropy.” Physical Review Letters 128.5 (2022): 050402.
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Non-stabilizerness
We discovered some cool approximations
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Arash Ahmadi & E.G. SciPost Phys. 16, 043 (2024) Arash Ahmadi, Jonas Helsen, Cagan Karaca & E.G., arXiv:2408.03831 (2024)
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RESFARCH

QUANTUM SIMULATION
Information scrambling in quantum circuits

Xlao MI*t, Pedram Roushan't, Chris Quintana’t, Salvatore Mandra®>,

Jeffrey Marshall”#, Charles Neill’, Frank Arute', Kunal Arya', Juan Alalaya’, Ryan Babbush’,
Joseph C. Bardin™®, Rami Barends’, Joao Basso’, Andreas Bengtsson', Sergio Boixc’,
Alexandre Bourassa'®, Michacl Broughton®, Bob B. Buckley!, David A. Bucll!, Brian Burkett!,
Nicholas Bushnell, Zijun Chen’, Benjamin Chiaro’, Roberto Collins’, William Courtney’,
Sean Demura®, Alan R. Derk?, Andrew Dunsworth®, Daniel Eppens’, Catherine Erickson®,
Edward Farhi', Austin G. Fowler’, Brooks Foxen’, Craig Gidney®, Marissa Giustina’,

Jonathan A. Gross’, Matthew P. Harrigan®, Sean D. Harrington’, Jeremy Hilton’,

Alan Ho', Sabrina Hong', Trent Huang', William J. Huggins', L. B. loffe’, Sergei V. Isakov’,
Evan Jeffrey’, Zhang Jiang’, Cody Jones', Dvir Kafri!, Julian Kelly*, Seon Kim',

Alexei Kitaev'”’, Paul V. Klimov', Alexander N. Korotkov'-*, Fedor Kostritsa', David Landhuis’,
Pavel Laptev', Erik Lucero®, Orion Martin®, Jarrod R. McClean’, Trevor McCourt',

Matt McEwen'®, Anthony Megrant!. Kevin C. Miao*, Masoud Mohseni', Shirin Montazari?,
Wojciech Mruczkiewic?®, Jash Mutus', Ofer Naaman®, Matthew Neeley’, Michael Newman®,
Murphy Yuezhen Niu', Thomas E. 0'Brlen’, Alex Opremcak’, Erlc Ostby, Balint Pato’,

Andre Pelukhov', Nicholas Redd', Nicholas C. Rubin', Daniel Sank', Kevin J. Satzinger’,
Vliadimir Shvarts!, Doug Strain®, Marco Szalay’, Matthew D. Trevithick!, Benjamin Villalonga',
Theodore White!, Z. Jamie Yao', Ping Yeh!, Adam Zalcman', Hartmut Neven’, Igor Aleiner’,
Kostyantyn Kechedzhi'*, Vadim Smalyanskiy'*, Yu Chen'*

Interactions in quantum systems ran spread initially Incalized quantum information into the

exponentlally many degrees of freedom of the entire system. Urderstanding this prccass, known as
quantum scrambling, Is key to resolving several open questions In physics. Her2, by measuring the
time-dependent evolution and fluctuation of out-of-time-order correlators, we expermentally investigate
the dynamics of quantum scrambling cn a 53-qubit quantum processor. We engineer quantum circuits

that distinguish operator spreading and operztor entanglement and experimentally cbserve their

Article

Non-stabilizerness

Phase transitionsinrandomcircuit sampling Measuring nonstabilizerness via multifractal flatness

Xhek Turkeshi (31, Marco Schird!, and Piotr Sierant 92

hitpe: jdol.org/101035/2716586-024-0U7098-6

Received: 9 Jarua-y2024

Accepted: 26 August 2024

Publizhed online: 9 October 2023

Open dccess

|| Cheek tor updates

respective signatures. We show that whereas operator spreading s captured by an efficient classical

model, oparator antangiement in idealized circuits requires exponantially sealad computational

resources to simulate. Thase results open the path to studying complex and practically relevant physical

observables with near-term quantum proczssors.
Science 374, 1479-1483 (2021)

LETTER

Quantifying nonstabilizerness through entanglement spectrum

cmanuele Tirrito (914, Poetri Sonya Tarabunga (9143, Gugliemo Lami?, Titas Chanda
! !li!‘i!‘l!!s \dil[; s‘ll!z !']l[II;z[‘lrl‘oz |!!In[i’z ! g* !I['lzla and ﬁlig(-s-i-! H-]ﬂc[Yl-l 6.7
Show
Ed v

more

Phys. Rev. A 109, L040401 - Published 24 April, 2024

14 Lorenzo Leone®, Salvatore . E.

Phys. Rev. A 109, L040401 (2024)

Show

Undesired couplingto the surroundingenvironment destroye long-range correlations > v
in cuantum processorsand hinderscoherentevolution inthenominally 2vailable more
computational space. This noise is an cutstanding challenge when leveraging the

computation power cl near-term quantum processors®. Ithas been shownthat
benchmarking rancomcircuit sampling with cross-ent-opy benchmarking can

Phys. Rev. A 108, 042408 - Published 9 October, 2023

provide 2n estimate of the effective size of the Hilbert space coherent!vavailable™™,

Nevertheless, quantum algorithms’ outputs canbetrivialized by noise, mzking them

suscept ble ro class cal computarion spoofing Here, hy ‘mplemenring analgo- thm

lorrandom drcuitsempling, we demonstrate experimentally that two phase ( )
transitions are observable with cross-entropy benchmarking. which we explain PhyS ReV. A 1 08’ 042408 2023
theoretically with a stadstical model. The frstis adynamical transition as a function

ofthe number of cyclesand is the continuation of thaanti-concentratior pointin

the nniselesscase. The second is aquanrum phace rrancitinn contnlled hu tha

errorpercycle: toidentlyitznalytically and ey
model, whichallowsusto vary thestrength ol
Furthermore, by presenting z random cirenir s
phase withe7 qubits at 32 ¢ycles, wa demonstr,
our experimentis beyond the capabilitizsoex
experimental znd theorecical work estadlishes
computationally complex phasethatis reachal

Nature, 634, 328-333 (2024)

Critical behaviors of non-stabilizerness in quantum
spin chains

Poetri Sonya Tarabunga

The Abdus Salam International Centre for Theoretical Physics (ICTP), Strada Costiera 11, 34151 Trieste, Italy
International School for Advanced Studies (SISSA), via Bonomea 265, 34136 Trieste, Italy
INFN, Sezione di Trieste, Via Valerio 2, 34127 Trieste, Italy

Published: 2024-07-17, volume 8, page 1413

Eprint: arXiv:2309.00676v3

Doi: https://doi.org/10.22331/q-2024-07-17-1413
Citation: Quantum 8, 1413 (2024).

Quantum 8, 1413 (2024)
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“What 1s 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.
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“What 1s the non-stabilizerness of
variational methods?”

m

energy

“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.



Variational non-stabilizerness

NQS DMRG VQA
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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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Transverse Field Ising Model

- - NQS DMRG VQA
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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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Variational non-stabilizerness
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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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Variational non-stabilizerness

Better Energy = Better Magic?

Spoiler: It’'s more complicated!
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Variational non-stabilizerness

Better Energy = Better Magic?
Spoiler: It’'s more complicated!

“Global Z2 Symmetry: If | flip all spins, the state has the same energy.”
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Variational non-stabilizerness

Better Energy = Better Magic ?
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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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Variational non-stabilizerness
Better Energy = Better Magic ?
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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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Non-stabilizerness of Neural Quantum States

Alessandro Sinibaldi,!»#:* Antonio Francesco Mello,*% T Mario Collura,®? and Giuseppe Carleo!:?
' Institute of Physics, Ecole Polytechnique Fédérale de Lausanne (EPFL), CH-1015 Lausanne, Switzerland
2Center for Quaniwm Science and Fngincering, EPFL, Lousanne, Swilzerlond
3 International School for Advanced Studies (SISSA), Via Bonomea 265, I-34136 Tricste, Italy
*Center for Computational Quantum Physics, Flatiron Institute, 162 5th Avenue, New York, NY 10010
*INFN, Sezione di Trieste, Via Valerio 2, 34127 Trieste, ITtaly
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Sinibaldi, A., Mello, A.F., Collura, M. and Carleo, G., 2025. Non-stabilizerness of Neural Quantum States. arXiv preprint arXiv:2502.09725.
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Non-stabilizerness of Neural Quantum States

Alessandro Sinibaldi,!»?:* Antonio Francesco Mello,>% T Mario Collura,®® and Giuseppe Carleo!:?
' Institute of Physics, Ecole Polytechnique Fédérale de Lausanne (EPFL), CH-1015 Lausanne, Switzerland
2Center for Quaniwm Science and FEngincering, KPFL, Lousanne, Swilzerlond
3 International School for Advanced Studies (SISSA), Via Bonomea 265, I-34136 Tricste, Italy
*Center for Computational Quantum Physics, Flatiron Institute, 162 5th Avenue, New York, NY 10010
*INFN, Sezione di Trieste. Via Valerio 2, 34127 Trieste, Italy
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THISISIN 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.
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' Computational overlap of Ql and CM is largely '
v unexplored - let’s discuss and think of new ideas! %
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Land of VAR, \
physics-ntuition AT C
S re—

=="= Part 2:

Can we train neural

networks to learn

useful interpretable
quantities?
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Lei Wang, PHYSICAL REVIEW B 94, 195105 (2016)
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Al Image Classification

Carrasquilla, Juan, and Roger G. Melko. "Machine learning phases of matter." Nature Physics 13.5 (2017): 431-434.
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H = Z(UnCL,ACn,B + wncL’Ban,A + h.c.)
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Jin, G. and Greplova, E., 2023. Topological entanglement stabilization in superconducting quantum circuits. Physical Review Research, 5(2), p.023088.
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Can we persuade the NN to learn topology? awmal | 'i"u Delft
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Can we persuade the NN to learn topology? awmal | 'ifu Delft

real space winding number
(W) (RSWN)

Single layer neural

network that takes

Wi g Wi 1 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.
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YES! (-ish)
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Can we persuade the NN to learn topology? awmal | 'ifw Delft
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BACK TO NQS' Ising model
CAN WE FIND PT’s IN THE WEIGHT SPACE?
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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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SU(2) Ground States
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