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e
Y10 TaKkoe NISQ?

» Noisy intermediate-scale quantum
e Tepmun BBEN /Ix. IIpeckuiua

e CTpOroro ornpeaeicHUus HET

* Intermediate-scale
* HeCKOIbKO - HECKOJIBKO COTEH KyOUTOB

* YK€ JIOCTaTO4YHO, YTOOBI HE CMOACINUPOBATh HA
CYIIEPKOMITBIOTEPE, HO BCE €I11IE MAJIO IJIs1 IBHOT'O
IIPEBOCXOACTBA

* Noisy

e He ncnonp3yercs nepexoa K UACaIbHbIM JIOTHYECKUM
KyOuTam




Tekywume NISQ-ycTponcTBa

Manufacturer ¢ | Name/Codename/Designation < Architecture 4 Layout = Socket + Fidelity * Qubits ~ Release date
IBM IBM Eagle Superconducting N/A N/A N/A 127 qubit November 2021
usTC Jiuzhang Photonics N/A N/A N/A 76 qbloIE] 2020

99% (readout)
Google Bristlecone Superconducting transmon | 6x12 lattice N/A 99.9% (1 qubit) 72 qbl®I4] March 5, 2018
99.4% (2 qubits)

IBM IBM Manhattan [17] Superconducting Qv3z2 [18] N/A N/A 65 gb

Google Sycamore Superconducting transmon | 9x6 lattice N/A N/A 53 gb effective | 2019

1BM IBM Q 53 Superconducting N/A N/A N/A 53 gb QOctober 2019

IBM IBM Q 50 prototype Superconducting transmon | N/A N/A N/A 50 gbl'0!

Google N/A Superconducting 7x7 lattice N/A 99.7%l] 49 gbl! Q4 2017 (planned)
Intel Tangle Lake Superconducting N/A 108-pin cross gap | N/A 49 gpl13l January 9, 2018

99.98% (1 qubit)

lonQ Trapped ion 32x1 chainf'l | N/A
e 98.5-99.3% (2 qubit)2"]

32gb

https://en.wikipedia.org/wiki/List_of quantum_processors
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Moaxoawbl K NISQ-anroputmam

e Variational quantum algorithms

e Quantum annealing

e @Gaussian boson sampling

* Analog quantum simulation

* Digital-analog quantum simulation and computation

* lterative quantum assisted eigensolver

Bharti K. et al. Noisy intermediate-scale
guantum (NISQ) algorithms //arXiv preprint
arXiv:2101.08448. — 2021.




MHoro pa3s

MapamMeTpn3oBaHHOE KBaHTOBOE

BblYMCIIEHUNE (C NU3MEPEHNEM)

AJ'II'OpI/ITM onTmMmn3aunmn




MoppobHoe paccmoTpeHume

e BblaenarT otgenbHo re[epaynio Ha4yaJibHOro COCToAHUA

e BblgenatoT otaenbHO M3mepeHun (B Buae Habnogaemoin/cpeaHero 3HayeHus
raMuUIbTOHWAHA, Apyroro 6asuca/cymmsbl cTpok MNaynu)

e 3aMeHAIT YHUTAPHYIO CXEMY Ha AeNCTBME rAaMUIbTOHMAHOM
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Bharti K. et al. Noisy intermediate-scale quantum (NISQ) algorithms




Many-body physics and chemistry
o Qubit encodings
o Constructing electronic Hamiltonians
o Variational quantum eigensolver

o Variational quantum eigensolver for
excited states

o Hamiltonian simulation

o Quantum information scrambling and
thermalization

o Simulating open quantum systems

o Nonequilibrium steady state

o Gibbs state preparation

o Many-body ground state preparation

o Quantum autoencoder

o Quantum computer-aided design
Machine learning

o Supervised learning

o Unsupervised learning

o Reinforcement learning

3a4a4u

o  Combinatorial optimization
o Max-Cut

o Other combinatorial optimization problems

e Numerical solvers
o Variational quantum factoring
o  Singular value decomposition
o Linear system problem

o Non-linear differential equations

. Finance
o Portfolio optimization

o Fraud detection

e  Other applications
o Quantum foundations
o Quantum optimal control
o Quantum metrology
o Fidelity estimation
o Quantum error correction
o Nuclear physics

o Entanglement properties
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ApPKKe 3aaa4m

e dakTopusauus

o (daKkTopuM3aumna MoxKeT bbITb CBeAeHa K MOMCKY OCHOBHOIO COCTOAHUA
rammabToHMaHa M3unHra (Burges, 2002; Dattani and Bryans, 2014).

e B pabote (Anschuetz et al., 2019) aBTopbl Mcnonb3osann QAOA ana
MOMCKa OCHOBHOrO coctoaHuA (anroputm VQF).

e BuuncneHHoM cumynaumnm pasnoxkeHo 291311

o CJIAY

e HoBnle pe3ysbTaThl (Bravo-Prieto et al., 2019; Huang et al., 2021)
* Mpobnembl c becnaogHbIMK NAATO

EcTb cnocobbl o6xoaa (?)

Burges C. J. C. Factoring as optimization //Microsoft Research MSR-TR-200. — 2002.

Dattani N. S., Bryans N. Quantum factorization of 56153 with only 4 qubits //arXiv preprint
arXiv:1411.6758. — 2014.

Anschuetz E. et al. Variational quantum factoring //International Workshop on Quantum Technology
and Optimization Problems. — Springer, Cham, 2019. — C. 74-85.

Bravo-Prieto C. et al. Variational quantum linear solver //arXiv preprint arXiv:1909.05820. — 2019.
Huang H. Y., Bharti K., Rebentrost P. Near-term quantum algorithms for linear systems of equations
with regression loss functions //New Journal of Physics. — 2021. — T. 23. — Ne. 11. — C. 113021.
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pr,EI,HOCTI/I NOCTPOEHNA N aHA/IN3a a/ITOPUTMOB N

Scherer, Artur, et al. "Concrete resource analysis of the quantum linear-
system algorithm used to compute the electromagnetic scattering cross
section of a 2D target." Quantum Information Processing 16.3 (2017): 1-65.

1[0}

Resources Incl. oracles Excl. oracles ‘{ A :;:

Max. overall number of qubits in use at a time 3x 108 341 im'.” — Ll

Max. number of data qubits at a time 60 60 IMIO <<l 1f E

Max. number of ancilla qubits in use at a time 3 x 108 281 y{ E%g Eg § é é

Overall number of ancilla generation-use-termination cycles 2.8 x 1077 8.2 x 107! m{ °'_:f‘.ﬂ] —H | E

Total number of gates 2.37 x 10%° 3.34 x 108 o:i:;-‘; A E == S EHE
# H gates 2.7 x 10°8 1.20 x 105 ' zﬂ; 512 HEE
# S gates 1.4 x 1028 6.3 x 10%4

# T gates 9.5 x 10°% 1.29 x 105

# X gates 1.6 x 1028 2.0 x 1023

# Z gates 24 x 108 2.4 x 1072

# CNOT gates 8.5 x 1028 1.7 x 10%

Circuit width 3% 10° 341

Circuit depth 1.8 x 1079 3.30 x 105

T-Depth 8.2 x 10%8 1.28 x 105

Measurements 2.8 x 1077 8.23 x 107!

* IARPA QCS program: the PLATO project (“Protocols, Languages and Tools for Resource-

efficient Quantum Computation.”)

® 3a,qaqa BBIYHUCJIEHHUA 3JIEKTPOMAIHUTHOI'O C€9Y€HHNE paCCEAHUA MeTa/lJINYeCKOM

L eJu
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TpyaHoctn NISQ-anroputmos

e CTaHapTHEIE

e Pasjio)keHUe relToOB
e [Ipoeknysi Ha TOMOJIOTHMIO U 0COOEHHOCTH

e PasjiokeHre raMUJIbTOHUAHOB U U3MEPEHUM

e HectaHgapTHbIe
e [lon6op u aHa/IM3 aH3alleB

® Barren Plateaus

Barren plateau landscapes correspond to gradients that vanish exponentially in the
number of qubits. Such landscapes have been demonstrated for variational quantum
algorithms and quantum neural networks with either deep circuits or global cost functions.
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TTN (Tree Tensor Networks)

e [[s1r0CHI

* BO3MO>XXHOCTb UCN0JIb30BaTh «KKBAHTOBbIE» JJAHHbIE
e [IpocTas cTpyKTypa U CBSA3b C KJIACCUYECKUM ML

e MuHycCHI

O6y4arwIivy HA60p JAaHHBIX

D = {(Xi Y )}inzl
KogupoBaHue
lw;)=cos(x,;)[0)+sin(x;)|1)

vi)=Qlvi)

e OTcyTcTBUE 3QPEKTUBHOCTH 110 NAaMSATH

e TpebyeTcs NPUTOTOBJIEHHE IPOU3BOJIbHBIX COCTOSTHUH
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TTN (Tree Tensor Networks)
[Ipumep

byvHapHada KJaccupuKaluys
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e
TTN (Tree Tensor Networks)

IBM Q 5 Tenerife [ibmgx4]
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e
TTN (Tree Tensor Networks)

MHorokJs1accoBast MoJeJlb
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Jlntepatypa (TTN)

e Huggins, William, et al. "Towards quantum machine learning with
tensor networks." Quantum Science and technology 4.2 (2019):
024001.

e Lazzarin, Marco, Davide Emilio Galli, and Enrico Prati. "Multi-
class quantum classifiers with tensor network circuits for
guantum phase recognition." arXiv preprint
arXiv:2110.08386 (2021).

» Fastovets, D. V., et al. "Machine learning methods in quantum
computing theory." International Conference on Micro-and Nano-
Electronics 2018. Vol. 11022. SPIE, 20109.




BbiBOA b

M3BecTHO 60JIbIIIOE YUCJIO0 MEPCIEKTUBHBIX NISQ-

aJIFTOPHUTMOB
e MHorue U3 HUX OTHOCATCH K KJaccy VQA

Kak u B CJiydae€ «KJIdCCUYE€CKHUX» KBAHTOBDBIX

aJrOPUTMOB CJIOXXHO OLIEHHUTh HE0OXO4UMBbIe
pecypcChbl/yCKOPEHUE

e Jlo6aBJIIIOTCSI HOBBIE CJI0XKHOCTH, CBsI3aHHbIE C OIITUMH3alMeN

Ba)kHO nepexoiMTh K MOAPOOHBIM OlLleHKaM U TeCTaM
Ha peaJibHbIX NISQ-yCTPpOUCTBAX

bbsL10 pOBEfEHO YUC/TIEHHOE MO/JIeJIMPOBaHKE U
TeCTUPOBaHHe Ha NISQ-nponeccopax ajaroputMma TTN




