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Neural-network-assisted parameter estimation for quantum detection

and quantum machine learning algorithms
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Quantum machine learning Quantum Neural Network

Quantum
Physics

To address complex problems in quantum

. . : , Neuromorphic quantum hardwares
physics by classical machine learning.

can offer the advantage as it is
expected to be trained on multiple
batches of real world data in

To apply quantum resources to enhance the carallel.

performance of classical machine learning.



Neural networks are valuable in distinct quantum sensing scenarios.

A:{(ll.(l-g.....(l,,”}‘?
..
% @\‘/ A Neural Network Assisted '7Yb* Quantum Magnetometer
Il/‘ﬁj npj Quantum Inf. 8, 152 (2022). Quantum Sci. Technol. 6, 045012 (2021).
¥

X M v' Detection of Nuclear Spins at Arbitrary Magnetic Fields
HL,

Phys. Rev. Lett. 132, 150801 (2024).

o %K ? v Neural networks for Bayesian quantum many-body magnetometry

b | arXiv: 2212.12058.
Y1 Y2 e Yn,

Deep learning are useful for quantum control.

v Breaking adiabatic quantum control with deep learning (a)) e oo o 1 W

Phys. Rev. A 103, L040401 (2021).  Sci. China. Phys. Mech. Astron. 65, 250312 (2022). States() |

[P2(8)]
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v Machine-learning-assisted quantum control in a random environment

Phys. Rev. Applied 17, 024040 (2022).



Digitized quantum simulation for material models

v Optimizing edge-state transfer in a topological SSH chain
Phys. Rev. Applied 21, 034033 (2024).

. . R Y _
v Exploring Ground States of FH Model on Honeycomb Lattices (
arXiv:2405.09225, accepted by npj Quantum Materials.

v Time-optimal control of driven oscillators by variational circuit learning
Phys. Rev. Research 5, 023173 (2023).

Quantum machine learning algorithms
v Tranining embedding quantum kernels with data reuploading quantum neural networks

arXiv:2401.04642. |0)

v’ Satellite image classification with neural quantum kernels
arXiv:2409.20356.

v Regressions on quantum neural networks at maximal expressivity = | . © o .

arXiv:2311.06090. v



In this talk, | will introduce:

» Neural Network assisted quantum sensing/metrology

v Extending the sensing working regime beyond their standard harmonic behavior.
v Characterizing target fields in the presence of large shot noise.

v" Reducing computational cost for a quantum many-body magnetometer assisted by NNs.

» Quantum machine learning algorithms

v New algorithms for embedding quantum kernels.
v' Real-data application: Satellite image classification.

v" Quantum Active Learning implemented in EQNNSs.
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Quantum sensing is the natural playground of neural networks.
A =7

)
Y1 aj
X ={x1, 22, ..., Tm}
s
./4: {al,ag,...,an} ’ an
n _/

Phase estimation
Parameter estimation
Sensors calibration ...



A Neural Network Assisted 71Yb* Quantum Magnetometer

In collaboration with

the experimental group from the University of Science and Technology of China(USTC)
Yan Chen, Ran He, Jin-Ming Cui, Yun-Feng Huang, Chuan-Feng Li, Guang-Can Guo

l

Prof. Yun-Feng Huang

Prof. Guang-Can Guo USTC, Hefei

USTC, Hefei

Dr. Ricardo Puebla

Dr. Jorge Casanova .
UPV/EHU, Bilbao UC3M, Madrid

Y. Chen, Y. Ban, R. He, et. al., npj Quantum Inf. 8, 152 (2022).
Y. Ban, et. al., Quantum Sci. Technol. 6, 045012 (2021).
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A Neural Network Assisted 171Yb* Quantum Magnetometer

12,4428 GHz I ng : ?;.‘Q
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~10.0 MHz Magnetic shielding cage

X = {Pl,Pz,...,PNp} % Y=A= {thag}
an 171Yb* atomic sensor ' e
+ A versatile magnetometer enables

adequately trained neural networks the characterization of target fields.

Scenario |: a reduced number of measurements.

Scenario |l: Continuous data acquisition.

the working regime: responses beyond the harmonic behavior!



Scenario I: A reduced number of measurements.

Training results: Outputs obtained from the NN, when the

input data are the experimental responses

1 (x2m kHz) y1 (x27 kHz)
with Ny = 100 with Ny, = 30

a1(x2m kHz)

Mean Squared Error

= | 11487 1.1827 11731
5 1.7229 1.7473 1.8060

fet0r 1 ol 2.2566 2.3109 2.3207
0 2 4 6 8 10 Lo 2 4 6 8 10 2.8760 2.8616 2.8527
Epochs Epochs 3.4429 3.4961 3.4947

R=0.99999 4.0098 4.0391 4.0502

e — © ] 45778 4.6283 4.6386
@ coo| | | 0.8 5.1834 5.1856 5.2208
g 06 5.7140 5.7448 5.7297
5 o 6.2797 6.1482 6.2134
< 2000 0.4 6.8397 6.8358 6.6396
T o - 7.3927 7.3086 7.3471
SERRER R . Viod+ 7.9319 8.0864 8.1129

Errors = Targets - Outputs 0 0.5 1 8.4527 8.3775 8.3870

at 8.9493 8.8414 8.7825

_ " . o
F = "11\72_7'=1Fj F; = 1-|y] —ail/a a; = Shg
N,,=100 F=98.76% SD = 0.7762%

N, =30 F = 0831% SD = 1.1483%

dtg = 0 wy = (2m) x 10.56 MHz



Scenario I: A reduced number of measurements.

N1 (x27kHz)

wig = (2m) x 10.56 MHz $tg = 0 Q= (2n) x 5.5kHz

R=09996 @ R=09994

8 O Data — 8 O Data

7 —_—Fit EN 7 —F

6 Cs 6

5 X 5

4 =4

3 ™ 3

i y, = 0.9881a, +0.0621 5 v, = 0.9827a; +0.0869

2 4 6 8 2 4 6 8

a1 (x27kHz) a1 (x27kHz)
N, = 100 N,, = 30

Pp(t)

0 0.5 1 15 2 2:5
t(ms)
Ny = 30 Qi = (2m) x 1.1487 kHz %1 = (2m) x 1.1731 kHz
Pp(t) = cosz(ﬁ/tR)

Ny = 30 Qg = (27) x 8.9493 kHz

y1 = (2m) x 8.7825 kHz
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Scenario Il: Continuous data acquisition.

Targets  Average values Standard deviation
a1(x2m kHz) 1 (x2w kHz)  SD (x2n kHz)

no reinitialization of the RF field is possible; N,, = 1 To get one input string: 0.7542 0.8417 0.0690
s . o 1.1840 1.2759 0.0833

RF source is always on. 251 times of repetition for three stages 14044 1.4384 0.0222
96 ()ig values € 27x[0.5,10] kHz 6206 1.6542 0.0660

N 2-1572 ] 2.1720 0.0543

REfeld (g fo8(0re) To get training/validation/test datasets :390 \\ g:ggg; 8:82%
1800 times of repetition for each th 8.3689 \&;2255 0.1531

@ ® ® For each Qg . 20 expel

1entally obtained strings

Stage1 t; =6.097Tms Stage2 tp = 6ms Stage 3 t3 = 2.447ms

Preparing | D) state Interaction between the sensor Measuring |D) state
and the RF field
R = 0.9993 (a) (b)
Training Validation 8 -—|O pove 8
1 P —i
O Data O Data = 6 L e °
0.8 | | m——e Fit 0.8 Fit E §
S 8 ¢
0.6 0.6 X 4 7]
-— Y N ey £ o2
0.4 04 e 2 y1 = 0.9720a; + 0.1002 o i I I
1.95 2.05 215 2.25 235
2 e - & 4 6 8 Y1 (x27kHz)
a1 (% 2mkHz)
0 0 o
- = 1 . 2 ; a1 = (27) x 2.1572kHz
2 e
a; a
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Other estimators: e.g. Bayesian inference.

X : data obtained by interrogating quantum sensor
p(01X) o p(X|6)p(6) at different time instants

Versatile Atomic Magnetometry Assisted by Bayesian Inference

R. Puebla, Y. Ban, J.F. Haase, M.B. Plenio, M. Paternostro, and J. Casanova

Phys. Rev. Applied 16, 024044 (2021).

A Bayesian analysis and a NN provide a comparable precision for the estimators.

Bayesian estimator Neural Networks
Accurate microscopic Necessary Not necessary
model
Prior knowledge More Less
Operation time Long Short (once trained)
Computational cost More Less

14



Automatic Detection of Nuclear Spins at Arbitrary Magnetic Fields

via Signal-to-Image Al Model

a quantum node: an NV and n 13C nearby nuclear spins
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¢) POST-PROCESSED

d) EVALUATION

(i)

(i)
(iii)
(iv)

Phys. Rev. Lett. 132, 150801 (2024)

high accuracy in predicting hyperfine
vectors over a wide range

handles noisy signals

does not require prior knowledge,

performs well in low-field conditions



Bayesian Inference Assisted by Neural Networks

Input © = {64,...,0p}

Output Y = F(©)

Training of the NN:
Calibration stage

Quantum many-body system
as asensor: D—©7

\ 4

Likelihood using the suitably
trained NN

v

Bayesian inference

P(©|D) x P(D|©)P(O)

v

Estimated target parameters
beyond standard quantum limit

P(D|®) = I}, (X, N, (A(1}; ©))).

(At:0)) = Tr[AU0po U (1)

Yioi. v = F(®) o1 Ny = (A(tjz1. np; ©))

PD|O) = nljvalf(Xa Nom. F(G))_].NT)

Neural networks faithfully reproduce the dynamics of quantum many-body sensors, thus allowing for an

efficient Bayesian analysis.

arXiv: 2212.12058.
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Simulation of guantum many-body dynamics by neural networks

XXZ spin-1/2 chain

Input © = {6y,...,0n} 1D external magnetic field

Quantum many-body system

Output o g F(@) as asensor: D—0©7? ) N-1 o o o N ‘
> * Hl (g.\’) = Z(&}'\a’?ﬂ T 6.;6-;+1 * JZO-F(T?H) + 8x Z (3',‘
i=1 i=1
Likelihood using the suitably 2
prained NN P8 )i e = (AT i i 8x)
Bayesian inference Al = (A;V /2 : ])/ 2
P(©|D) x P(D|O)P(0O) -
N
* P(D|®) = HJ':T]f(Xj» Nom. F(G)]NT)

Training of the NN:
Calibration stage

Estimated target parameters
beyond standard quantum limit

. o arXiv: 2212.12058.
Estimation on 2D, 3D external magnetic fields also work!

17



Simulation of quantum many-body dynamics by neural networks

XXZ spin-1/2 chain Bayes’ theorem

P(O|D) «« P(D|®)P(O)

e = [do0POID)  (AGSY = [dO,6; - 65)2P©,D).

10 107 ' - 102 . .
g = 0.05 (b) 9z = 0.1 (c) - =015  (d)
Z\H ~~~~N1 EH iy ?&I
N ) a s o Q - e u:.\. - o
< - 8- <] e - 2 o
~i ] N2 = i
-3 . 3 :
1073 10 10
4 6 8 10 4 6 8 10 4 6 8 10
\ N A

Standard quantum limit A9 o N~!/2 Heisenberg limit A9 o« N~!

arXiv: 2212.12058.
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Summary on NN-assisted quantum sensing/metrology

v Using NNs to decipher the information contained in the sensor responses.

v Continuous data acquisition and precision.

v Extending the working regime of quantum sensors with Robustness against noise.

v Reproduction of microscopic modelling of the quantum many-body system by
neural networks.



» Neural Network assisted quantum sensing/metrology

v Extending the sensing working regime beyond their standard harmonic behavior.
v Characterizing target fields in the presence of large shot noise

v" Reducing computational cost for a quantum many-body magnetometer assisted by NNs.

» Quantum machine learning algorithms

v" New algorithms for embedding quantum kernels.
v' Real-data application: Satellite image classification.

v" Quantum Active Learning implemented in EQNNSs.



Quantum kernel and its application to real data

Test accuracy
o o
3 o

0 I I I I I I I :
0O 20 40 60 80 100 120 140 160

Training step

Training embedding quantum kernels with data
re-uploading quantum neural networks

Satellite image classification with neural quantum kernels

Without PV panel

With PV panel

arXiv:2401.04642

arXiv:2409.20356

21



Quantum machine learning algorithms

Data-reuploading quantum neural networks (Explicit model)

L(1) L(N)

=== ===
0) IU((;laf) — :U<€Z§N,f) : A

= 1

Unifying three approaches in the framework of linear models

Explicit Model () = S(@)[0)0[*"'S " (z)

Linear models

M
R implicit Model ~ fax = ) @ k@, ;)
QX pli\cit@ Implicit model i—1

_of Pl
k(x,z;) = tr(p(x)p(x)) {z)

Linear models

Implicit

Explicit

mappings

Nature Commun. 14, 517 (2023) Representer Theorem

22



Quantum kernel methods

I S I

Feature space = Hilbert space

\— _

Classical data x

2., | Quantum embedding S(x)

Sx)[0) = [$(x))

\_

Hilbert space

k(x,x")
Overlaps

Look for linear separation in

_J

—

Overlaps

\_

k(xl’xl)
k=]

k(xy,x) o k(xy,xy)

k(x’x/) — K

SVM

k(xy,x,,)

k(x,x') = | {px) | () |

O(M?) overlap evaluations

— Predictions

~

|0>1 S(x/)}:[ ST(x)I |

A

7z

Py

Embedding quantum kernel (EQK) k(x, x")

_J

23



Our protocol: neural guantum kernels

Constructing an EQK from the training of a quantum neural network (QNN)

So far Our approach

Ansatz Kernel matrix o QNN Ansatz Kernel matrix L
S I % Predictions g Predictions
» 7 o @ ® K,

- Training

Trlalnlng loop
oop
Encoding

‘Jlinformation about
the problem




Constructing Embedded Quantum Kernel (EQK) from QNN training

A single-qubit QNN —— A single-qubit EQK

0.90

0.85

o
o)
S

Test accuracy

0.65 f

0.60

0.75 [

0.70

QNN § EQK

0O 20 40 60 80 100 120 140 160
Training step

L
QNNg(x) = | | U6) U) = U(O,) U(x)... UB)) Ua)
=1

po(xi)) = U(0) U(x)...U(6)) U(x)|0)

1 < l. N ey | L Af KOl > 1/2,
Jeost = 37 (1 - Kellax)I?) y[xf]—{_l if [{0lp(x ) < 1/2.

i=1

SVM separates +1 class (SV.) and -1 class (SV-)

D i i Kol + > iy Kp(x)lg(e)

i€SV+1 i€SV+1
= Nsva [0l¢p(x)* — Nsva [(1]g(x)* = 0
Equivalent to the hyperplane |<O|¢(x>|2 = |(1|¢)(x>|2

arXiv:2401.04642
25



Training of the n-qubit QNN: an iterative construction starting from a single-qubit QNN

L
QNN(@) = | | U(6) U@) = U(8,) U(x)... U(6) U(=)
I=1

L (n-1 n a
QNN @) = | [|] [ cUs. e | (XD U(0§”>] U(z)™
=1 =1 r=1 /
fs“’p 1: Train single-qubit QNN ~ Step 1: a single-qubit QNN is trained to obtain
0~} | -
! : . optimal parameters.
Layer 1 Layer L 9% =arg mmfcost(o(l))] P P
TUpdate parameters (s ' 0
\_ L@ ) Step 2: initializing new extra parameters to 0,
Step 2: Initialize two-qubit QNN usi i ter . . .
i ——————— while the ones of the first qubit are set
0 Ux)uemue)— - —U@)ue™ U L)|7/7<' .
| >% H H q’} { H H . the same as the trained ones.
0 . —
Layer 1 Layer L e
Cﬂﬁanze{gg;g*zo L vt purmetr 'Jgos[wazaey) W’j Scale up the QNN up to n =L + 1 qubits.

<L+1

arXiv:2401.04642



Constructing Embedded Quantum Kernel (EQK) from QNN training

n-to-n approach: an n-qubit QNN — EQK of n qubits

Tramlng of multi-qubit QNN

2) EQK construction

Find 6*, p*
QNNp ,(x)

:[QNNB* *(x J:[QNNB* *(x J:

II
o

~

= [{0|QNNpy. - (x:)" QNN .(x )|0)*

kernel matrix element k;; is defined as the

probability of measuring all qubits in the state |0).

v" Scale the QNN as much as possible during training

v' Utilize the trained feature map to construct an EQK

arXiv:2401.04642



Constructing Embedded Quantum Kernel (EQK) from QNN training

1-to-n approach: an 1-qubit QNN — EQK of n qubits

q) Training of single-qubit QNN )
f )
10) — {U(x) U(al)}- -{U(x) U(oL)J— X Find 0%
Layer 1 Layer L
. QNNp(x) P
2) EQK construction
-
|O> —1 U&)U@;H e /7('
5 i El At |
|0> —1 U&)U@;) o0 = /7('
- %“(x) k= poj

L-1
kij = (O] 1—[ (U(azl-)T@” U(97)T®” E) U(x;) e
I=1
L-1
U(wj)®n (1_[ EU@G)) U(x))

=1

0)%,

E denotes an entangling operation

v" the training is conducted in a single-qubit QNN
and does not explicitly consider entanglement.
v' combine both the n-to-n and 1-to-n architectures

to generalize it to n-to-m™n.
arXiv:2401.04642



Image classification with a few qubits

classifying satellite photos with/without PV panel

[ )
— o {01 |+ (Taomer)
p Classical Single-qubit QNN
, | Dataset \_Single-qubit QNN )
| :n i X {IE c R% S}M K \
Dimensionality reduction | ())
o Image _) \to 2 or 3 features ‘) —>( niton NQK)
10)

\_n-qubit QNN W,

arXiv:2409.20356 Collaborating with GMV
29



Image classification with a few qubits

classifying satellite phots with/without PV panel

Single-qubit QNN

Layer 1

\

0

QNN;(®)

Layer L

Upd te parameters

COS((G)

arXiv:2409.20356

L7

= arg min feost m}—

Collaborating with GMV

\~

n-qubit QNN

/'

1-to-2 NQK

0) 9‘ :U(g: 4

-

ky = 1(00] S5.()" 55 100)

g*()

- (5,;)+ ‘:{U(i')' —es i hkl(&r)t U(Ei)' ”<

5 s ) = A T e

0
Layer 1

Initialize

‘el Q;J

| &
G

(f
| 0) —@’)J—@)Hu@'q— —-[U(E)HU(F);}’HJ(W)

e

l

Layer L

Update parameters

A RE

J

n-to-n NQK

;=1 (0] QNNg, .(E)" QNNj. .(E)10) |




Image classification with a few qubits

classifying satellite phots with/without PV panel

(a) Training accuracies (b) Test accuracies
53 2 features S 2 features
- 0.90] Model n components| Train Test
20.88 2 20.88 p=2 86.1+0.386.2+2.5
go_as/ S SVC p=3  |88.0+0.388.142.7
< 0.841 “0.34-7/ ‘ p=45 89.4+0.3(89.4+2.5
0.82 0.821 p=2 91.1+0.3|87.2+2.7
= % Random Forest p=3 93.0+0.3(87.6+2.0
Qubits Qubits p =10 96.9+0.2 | 88.3+2.8
Traini i Test i =2 86.6+0.386.5+2.5
o ™mmre @ omme Rl I R
0%0 00 T p=2 |86.620.3[86.5x26
go-eaf goes o-3NQK | -3 [85.940.6|85.6+2.7
3086 ' 3 0.86
<o.84 <084
0.82 0.82
= 3 & & & & &8 YW= % ¥ = v o & arXiv:2409.20356
Qubits Qubits

m— NQK === QNN
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Quantum Active Learning

Observation , QML model Update model

r

@ «, - hy

arxXiv:2405.18230

EQNN Non-EQNN

@ E3

* EQNN .

ha(p) = ha(UpU')

| h> | 1 ) Label prediction
[0 ) hy e
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Quantum Active Learning

Z2 symmetry 10 Data set
- X Class0
yi = [(X;) = fIR(0)x;] = f(=x;) o » Classi
l ’ () = (O) + 1)/2 051 .
(@) ... Encoder ___ ____ _EQNN v
|0) R xom/ 2Ry (xon /2 R0 n <001 T e '
; 1Rxx(05") : O = (2o+21)/2 € [-1,1] 9% I
|O>1[RY(x1ﬂ/2)-Rx(x1ﬂ/2)i% IR, (0| 051 ToRgRes
o II- -------------- : X Xxx X
X
b d layers - . . .
(b) _____Encoder _ . ... HEA" ~ 0 65 00 05 10

| 0) R (xo7/2)} RY(xOﬂ/Z)}E—:' Ry (05 |2
: E training accuracy 91.63 £ 4.24% (EQNN) and 77.30 + 2.06% (HEA)

Using a uncertainty sampling strategy

~ 1 . "
L(U.0) = 7 Z [yilogdyi) + (1 = yi) log(1 — (i) Test accuracies 95% (EQNN) and 69% (HEA)

yiel

arX1v:2405.18230



. . ~ 1
Quantum Active Learning LU0 = = ) 1526 -y,
g cU

Dihedral gr mmetr
edra sroup Z)4 Sy etry Achieving accuracy 76.89 + 6.54% after

. training 127.58 + 61.20 epochs.
tic-tac-toe board

A 1 1
O, = - Zi=—[Zo+ 2 +Zs + 73],
4; f 4[0 2+ Ze + Zg]

§ ;D 8 8 ;D § E § <>2 8 =17 :r_:ll E Local rotation Entangler
x|O OX 1 X|O] =1|+o G={X.Y} G={1-2)®Y} O = Zy =7,
olo Olo: 2« : A 1 1
OIX[O OIX[O =738 X ]=Rxtr | |= RO "R l= CRy(0?) Ox = 7 Z Zj= 712+ 23+ Zs + 73]
XIXPX XXX ' : ]/5\ R R
seRBIENEE -1 | I § = 102,02, (0]
OIX]Xx  XIX][O ' OI!I - L
ClOPX XIOIO W x| x| | xs - “ . ol fie Uncertainty Sampling by entropy
"Il ol HEE - :
Hoxg || xp || x| 0 Ch- gps = argmax |— > Py(y;lg)log Py(y;lg)
Oo|0 OO : : " Zjl J J
D, label symmetry Encoder ' Ansatz
1 1 exp(yl.)
P)’i =

exp({0,)) + exp({0_)) + exp({Ox))



Summary on quantum machine learning

v Training an embedding quantum kernel (EQK) from data re-uploading QNNs for classification.

v Constructing the kernel matrix only once, offering improved efficiency.

v" Two specific cases:
n-to-n: the output of the training of an n-qubit QNN directly as a feature map.

1-to-n: creating EQKSs with entanglement from the training of a single-qubit QNN.

v' EQK with classical PCA for classification of satellite images with accuracy approaching 90%.

v" QAL can achieve performance comparable to that on fully labeled datasets

v" Intriguing to investigate the potential of alternative QML models.



Thanks for your attention!



