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Quantum State Estimation Based on Deep Learning LDAMP Networks

LIN Wen-Rui' CONG Shuang'

Abstract A learned denoising-based approximate message passing (LDAMP) deep learning network is proposed
and trained in this paper, which is applied to the estimation of quantum states. This network combines denoising
convolutional neural network with denoising-based approximate message passing algorithm. Using the measured
output of the quantum system as the network input, the original density matrix was reconstructed by the designed
LDAMP network with denoising convolutional neural network, and the structural features of various density
matrices were extracted from a large number of training samples to realize the estimation of superposition and
mixed states of quantum eigenstates. In the specific examples of quantum state estimation of four qubits, we study
the performance of the quantum state estimation based on the LDAMP networks in the absence and presence of
measurement interference, respectively, and compare the estimation performance with other algorithms which is
based on compressed sensing such as alternating direction multiplier method and block matching 3D AMP. The nu-
merical simulation results show that the LDAMP network can simultaneously estimate the four quantum states
with higher accuracy in a small number of measurements.

Key words Quantum state estimation, approximate message passing, compressed sensing, density matrix, deep
learning

Citation Lin Wen-Rui, Cong Shuang. Quantum state estimation based on deep learning LDAMP networks. Acta
Automatica Sinica, 2023, 49(1): 79-90

BT Yt BTRSEHMAEMAS TET TR LRSS (49 428, FiEd 2 &gt
RAMAWER, RETERLEAETRETR  G0R, 5% 800 0 BB J 8RS
FOBERE. AR R AN S e L o T R S BEATAETHPL. N T VR T A B TR R, 1957 4
G W BA LM E R, XA Fano® il MELFRPTI; &, TR — A
TR EEN AN R T AGHHTN Bk A E T & TIREH T2 RPN E, RIENEHSEFSH
Gk, HEENRBIET RGRORSEE ARy EIRES, BOUTRERAR RIS . SOmkE
Z & B RSK R B R R A, T &2

WeRE H 9 2021-02-21 S H I 2021-06-25

Manuscript received February 21, 2021; accepted June 25, 2021 %ﬂélﬁ’ﬁ‘%?ﬁ'fﬁ V" Bﬁ%%%ii VE\: E@f@ﬁ:%%,
B X B AR 4 (61973290, 61720106009) Bt ih 1969 4E Cahill fl Glauber? 2 4 ) F 2 42 & 35 Y
Supported by National Natural Science Foundation of China . = .
(G;Iggz%gégogggpﬁ () BT REZR G0 v HAdls B A S 1 P R Pk
28 20 s e N
Recojnmended by Associate Editor ZHU Ji-Hong E%%%PS E ‘§‘7 %ﬁ It %%PS}%*E E@%Etﬂ ﬁ/[\ n
L SFBIRERAKELR A1 230007 WO T 7 GRS I B R p € CO° [ 4 40R

1. Department of Automation, University of Science and tech-

nology of China, Hefei 230027 dxd, IR BA 10 e, B 28 A1 5T R ) 1



80 H 3

S 49 %

i, b d=2". BT R p KR AT EREH
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EREHE (Conv), fFH 1 MR/PA K3 <3 x 641
LR EMIH.
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Fig.2

Network structure of the DnCNN denoiser
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Table 1  Comparison of MSE (dB) performance between LDAMP network and other methods with 7 = 0.1
SNR 0 10 20 30 40 50 60 70 80 T
LDAMP —25.7984 —29.0129 —32.8600 —33.6109 —36.0653 —36.5386 —38.0527 —38.9837 —40.0702 —41.0905
ADMM —14.6620 —23.0837 —30.2725 —33.0952 —34.5782 —35.3161 —35.4256 —35.5693 —35.9288 —36.1332
BM3D-AMP —24.8475 —25.1181 —25.3271 —25.7576 —26.2451 —26.4625 —26.7987 —26.7337 —26.9364 —27.3626
NLM-AMP —25.6457 —25.2723 —25.1595 —25.3828 —25.4296 —25.5618 —25.7596 —25.9587 —26.0826 —26.2108
Gauss-AMP —25.6424 —25.6433 —25.6620 —25.6991 —25.6728 —25.6729 —25.6786 —25.6985 —25.6940 —25.7053
Bilateral-AMP —25.1949 —25.1813 —25.1152 —25.1163 —25.1209 —25.1663 —25.2087 —25.2193 —25.2296 —25.2332
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