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Quantum Computing in HEP

Particle Collision
Calculation

e.g. parton shower
computation

Quantum Field
Theory

Lattice QCD

Input Hidden Output

Data AnalySiS Layer Layers Lavee

Quantum Machine

-
Learning : %7




Big Data in HEP (LHC as an example)

ATLAS/CMS 200 events/s pass

triggers

ing

ATLAS/CMS 2PB/year of data

ighly complex data
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Big Data possibly leads to the Large Model

Detector design

Generative model for physics analysis

Train flow q
I Hits from
v.e,pv,b,c ...
upstream

;

‘ Detector Hits

trai v ATLAS/CMS/CEPC
v Daya Bay/J]
Al HEP detector flow ¢ CHAASOMERD
simulation/new Input DataSets | —| GenerativeModel | ..
phvsics search . ) Darre— | 0
Detector Simulation e v T
= - . downstream
= ﬁ\ %_@\_{I-ﬁz-a_ll-fe-lll_gf-cf- energysflitt‘inlg, Ess’i-nﬁa,ljse e | Particle QWQLSJ with Train ﬂo Partide Obj. from
Jqﬁ, + o EmmenfematE) 4 diff. Physics Processes,
@ (Z\o Machine Learning
A @ _________ Finer-tune Phys. Knowledge ...
e \ ﬁ‘ 15 eep Learning =5
_ = -t S [ Output Results:} : 5 : i
=7 ¢ Finer Tuned Models: -
@7[ v Separate Signal VH- 1
- seswwe - from m v H- W
New physics search
Elements:
Transformer: self-attention

Generative model
End-to-end (Hit)

R RM R (o)

2020

Following the idea of the Generative model, 2 - photon
separation in CEPC based on end-to-end (hit) will need several
Million parameters



Quantum Al: the exponential demand of the computing power

10201‘. e — e
Parameters 1

1600 billion
Switch Transformer _——
175 billion /
OpenAl GPT 3 y

[,

0.3 billion |
Google Bert 1542, 1041
OpenAl GPT . - Classical computer
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Year

» The increasing computing power from classical computer doesn’t match with the
exponential demand from the development of Al.
» Potentially Quantum computer can resolve this challenge.



Machine Learning (ML) & QML

Maria Schuld arxiv:2101.11020

#(x) : | ® . r

oo . ) linear
KERNEL METHODS - % . : dassiier QUANTUM COMPUTING
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f’g quantum
Hilbert space

B feature space

['\ data space X |\ — /M \ input space X

Y,

_ N Y I | \
\~,_ _ Ir \_77
1
I

access via kernel

v' Both ML and QML map the information to high-dimensional spaces
v QML maps to quantum Hilbert space.

S access via
— ST measurements


https://arxiv.org/abs/2101.11020

What Quantum Machine Learning does

Maria Schuld arxiv:2101.11020

QUANTUM COMPUTING

input space X’
' access via

measurements

Encode input data to a quantum state

10) 4 o — G{(0) X
S-l’ (;.s
10) - G,(6)[] X =
encoding processing
/‘ \
{ Y
7 f(l) — <«\/1>l‘.“

“process” (transform) the quantum state, and
access the quantum state via measurements


https://arxiv.org/abs/2101.11020

v' For the input data, each variable of a event
is assigned with one qubit (e.g. 6 variables with
6 qubits)

v’ Process with the designed circuits (rotation) to

obtain “|¢ (%) > = U¢(x—j>)|0®N >”and “< ¢(x;)|”

v’ The similarity of event i and j can be obtained by k(?{,fj’

* 50 events — 50 X 50 matrix elements

QSVM

Feature map (Quantum Device)
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IBM quantum computer

o Taking quantum computing out of the
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Origin quantum computer
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|Taken from Origin web page

China Domefftic Quantum Computing Hardware

l {_} L]

0 v o Origin launched 64-qubit QPU:

> Single-qubit gate fidelity > 99.9%.

L o Double-qubit gate fidelities > 98%.
o Readout fidelities > 96%.
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o Origin quantum computer provides up to 6 qubits for free. However, another hardware called
Quafu provides up to 136 qubits. The Beijing Academy of Quantum Information Sciences
maintains it.




QSVM Kernel with IBM and OriginQ hardware for CEPC ZH (H — yy)

| analysis )
International Journal of Modern ¢
Physics A, 2024, 2450007 o A
e 17 L
8 f e L
© 0.9
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0.5F |-"
0.4}
o.3f H
0.2 Quantum ;imulator (AUC = 0.827) -jl:
0.1 _ ——— Origin Hardware (AUC = 0.820) ]
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Signal efficiency

> Using ZH analysis dataset (100 events, 6 variables), the QSVM Kernel
results on the Quantum Hardware (6 qubits) are promising

>t is the first attempt using Chinese domestic quantum hardware
resource to implement QML



https://www.worldscientific.com/doi/epdf/10.1142/S0217751X24500076
https://www.worldscientific.com/doi/epdf/10.1142/S0217751X24500076

Employing Quantum SVM Kernel method with quantum simulators for ZH
(H — yy) analysis

AUC vs number of events

e QSVM Kernel method and
noiseless simulators enable us
to work with a larger number of
events.
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Noise modelling in the IBM Nairobi

v Noise in quantum computers: Quantum

computers are susceptible to noise.
v' An electromagnetic signal coming from a WiFi
v' Adisturbance in the Earth's magnetic field

v The model used automatically generates a
simplified noise model for a real device.

v’ It takes into account the following:
v' The gate error probability of each basis gate
v' The gate length of each basis gate
v' T andT, relaxation time constant
v' The readout error probability

v The estimated noise in the IBM Nairobi

computeris 0.017.

[
o
T

Background rejection
(=}
0
T

—— Quantum Simulator (AUC = 0.827)
0.6 - —— Nairobi Noise Model (AUC = 0.811)
Nairobi Noise Model 1 (AUC = 0.830)
Nairobi Noise Model 2 (AUC = 0.793)
Nairobi Noise Model 3 (AUC = 0.800)
0.4 Nairobi Noise Model 4 (AUC = 0.823)
Nairobi Noise Model 5 (AUC = 0.827)
Nairobi Noise Model 6 (AUC = 0.794)
Nairobi Noise Model 7 (AUC = 0.831)
0.2 |- Nairobi Noise Model 8 (AUC = 0.789)
Nairobi Noise Model 9 (AUC = 0.797)
Nairobi Noise Model 10 (AUC = 0.830)
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The Quantum Transformer

»Simplified version of the transformer (T \

v' Multi-head Attention based on PyTorch
v' Three different linear transformations:

¢ WQ'WKJ aﬂd WV

( MatMul )

QKT U4+—
P—MHA(Q,K,V) = SoftMaX( \/d_> |4
k
v Where Q, K, and V are linear projections of the input.
. . ( Mavu )
» Going to the quantum version, one could ol &}

replace the linear transformation with a (Tincar ) (Tinear ) ((Tinemr )
quantum one.  r 7




The Quantum Transformer

(1) Data Loading  (2) Data Processing  (3) Measurement

Feature Map
Ansatz

( MatMul )
of «{

( Linear ) ( Linear ) ( Linear )
i\ 1 )

U(inputs) V(weights)

X The trainable parameters are added using the Anzatz with a
feature-map that acts as an encoder.

r
\.



The Quantum Transformer

O We are using PennyLane, which was developed

by Xanadu. s
Using quantum device default.qubit .‘d)_{ 0.9F
0: —H—RX(0.28)—RX(0. o -
: —H—RX(0.58)—RX(0. T 0.8}
2: —H—RX(6.42)—RX(0. =3 C
3: —H—RX(0.25)—RX(0. £ 0.7
4: —H—RX(1.00)—RX(0. A‘S r
5: —H—RX(0.48)—RX(0. S 0.6
05"
O Running on CPUs: about 76% accuracy on 04k
validation dataset both in,Quantum trahsformer :
and classical transformer in 20k dataset (10k 035
train, 10k val). . b A st
. . . L uantum Transformer =0.8447) TR
O Time-consuming: about 80 mins for a 10k T . -
Idatas)et with one'epoch and one block(Quanturi Ol =
ayer). NS0 U TOUE DUUUR FUURL TUOR TOU0E PO
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Application of Quantum Approximate Optimization Algorithm (QAOA) on Jet
Clustering in CEPC

QAOA: a hybrid quantum- -classical algorithm . (@ [(iYggiiti(:?f'_?ﬁrameters {}ﬁ
1, cost Hamiltonian: H, = _E Y w;i(I — Z;Z;), mixer Hamiltonian: Hy = } X, ~ ~ Measure
(iLj)EE ) jEV 1+ A N X, e
initial the quantum circuit in the state:|s) = |+)®" = ﬁxe(%:nnlx)' I+ fl‘e X, gg §
I: identity operator, Z;(X;): Pauli-Z(-X) operator acting on thé i(j)-th qubit, (:m Ll ;5%
n: the number of qubits |+) H X5} =]

2, output state by the circuit: [p(y, B)) = e PrHue=tvplic  e=iB1Hue=irific|g)

and calculate Fp(y, B) = (Yp (v, B)|Hc|Yp (v, B))-
3, A classical optimization algorithm is employed to (y*, ) = argm%pr . B).
v

MC truth boson 1

* % . . . .
4, The state |Yp(Y", B*)) encodes the solution to the optimization problem. ” oyS®
o\'g
Performance, criterionis @ = X1 +

N -4- Quafu
o 9% ——$— simulator % 0204 —#— simulator
§022 o <4 ee kt
g 2
e ©
S 020+ 43 0151
oy o I
o 0181 9 ]
[v] = /
g 016 | § 0.10 \ /,,'
[} = / 1\ /
% 0.14 g 17/ \ ,’!
2 005 ,/ \ ,/
‘v 0121 2 ¥ \ /
%‘ 010 © t*“"_‘ ‘“M#“""’_*""""‘Hr_‘_‘giﬂ

2.1~2.2 2A2~2.3 2.312A4 2.4~2.5 2.5~2A6 2.6~2.7 2.7~2.8 2A8~2.9 2.9~3A0 3.0’13.1

2.12.22.2~2.3 2.3~2.4 2.4~2.5 2.5~2.6 2.6~2.7 2.7~2.8 2.8~2.9 2.9~3.0 3.0~3.1 the angle of two quarks

the angle of two quarks

H — ss with 30 final state particles H — S5 with 6 final state particles
compare quantum simulator, ee_kt, and k-Means algorithms. compare quantum hardware, simulator, and ee_kt



Conclusion

» The rapid developments of the large model in Al industry demand the
corresponding increase of the computing powers.

»Quantum computer implemented on QAI could provide the potential
matching the need:

v Superposition could help

»We did the study of the implementing QSVM in CEPC physics analysis with
domestic quantum computer resources.

v Comparable performances as SVM have been seen

»The QTransformer has been developed and implemented in phsics analysis
in CEPC as well.

v Will try the generative model with QTransformer in CEPC physics analysis.
»Look forward to having some collaborations with colleagues in France.



