
1

Event Classification with 
Quantum Machine Learning

K. Terashi, M. Kaneda, T. Kishimoto, 
M. Saito, R. Sawada, J. Tanaka 

ICEPP, University of Tokyo

22 Jan. 2020 
CERN Openlab Technical Workshop



Year

2018 2020 2022 2024 2026 2028 2030 2032

An
nu

al
 C

PU
 C

on
su

m
pt

io
n 

[M
H

S0
6]

0

20

40

60

80

100

Run 2 Run 3 Run 4 Run 5
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2017 Computing model

2018 estimates:
MC fast calo sim + standard reco
MC fast calo sim + fast reco
Generators speed up x2

Flat budget model
(+20%/year)

ATLAS Preliminary

HL-LHC (2026~) 

‣ High luminosity 

‣ Upgraded detectors  

➔ Huge increase of required 
     computational resources foreseen
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HEP and Quantum 
Computing

Rapid progress of quantum computing over past years 
‣ Pre-error corrected quantum device with O(10-100)-qubits in hand

Attempt of QC application to HEP in progress at several fronts 
‣ Machine learning, Tracking, Parton shower simulation, Jet algorithm, …

➡ Focus here on gate-based quantum machine learning, especially 
      application to event classification in HEP data analysis



Quantum Machine Learning
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| 𝝍  i〉 〈 Z  〉  i

y = f( |ψ(x)⟩⟨ψ(x) | )
Potential for enhancing ML by exploiting more 
representational power in quantum Hilbert space

Input 𝔁 Output 𝒚

Learn the function f that relates 𝔁 to 𝒚
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Focus on discrimination of physics events (e.g, signal vs background) 
Study two implementations based on variational quantum algorithm: 
‣ Quantum Circuit Learning (QCL) 
‣ Variational Quantum Classification (VQC)

Quantum Machine Learning

K. Mitarai et al., arXiv:1803.00745
V. Havlicek et al., arXiv:1804.11326

https://arxiv.org/abs/1803.00745
https://arxiv.org/abs/1804.11326


5

Variational Quantum Algorithm

〈Z〉

Update 𝞱 
parameters 

U(𝞱)| 〉0 Uin(𝔁)

Evaluate cost 
function

Input {𝔁data, 𝒚label}

Focus on discrimination of physics events (e.g, signal vs background) 
Study two implementations based on variational quantum algorithm: 
‣ Quantum Circuit Learning (QCL) 
‣ Variational Quantum Classification (VQC)

K. Mitarai et al., arXiv:1803.00745
V. Havlicek et al., arXiv:1804.11326

https://arxiv.org/abs/1803.00745
https://arxiv.org/abs/1804.11326
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Classification of SUSY signal from Standard Model background  

SUSY dataset in UCI machine 
learning repository used
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http://archive.ics.uci.edu/ml/datasets/SUSY
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Quantum Circuit Learning

Compared with ML methods: Boosted-Decision Tree and Deep NN 
‣ BDT : Gradient boost, 1-3 max depth, 10-1000 #trees 
‣ DNN : Dense, 1-5 hidden layers, 16-256 nodes, RELU, Adam, εlearning=0.001

Implemented using Qulacs simulator 
  (implemented in C/C++ with Python interface) 

➡ Performance evaluated using AUC (area under ROC curve)
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‣ Time-evolution gate e-iHt in U(𝜽) with 
Ising Hamiltonian H 

‣ Measure output states for Pauli-Z 
‣ Cross-entropy loss as cost function 
‣ Parameters optimized using COBYLA

https://arxiv.org/abs/1803.00745
http://qulacs.org
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Preliminary QCL Results
3-variables 5-variables

7-variables

Preliminary

Preliminary

Preliminary

QCL performance relatively flat 
➡ Comparable to BDT or DNN at  

    small samples with small # of  
    input variables 

Hard to run QCL with ≳10K events or 
≳10 variables (exponential growth in 
time with #variables for U(𝜽) creation 
and COBYLA minimization)
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Variational Quantum Classification
V. Havlicek et al., 
arXiv:1804.11326
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Johannesburg

Tested using 20-qubit IBM Q 
Network device and QASM 
simulator

Implemented using Qiskit Aqua framework
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‣ “First order expansion” used in Uin(x) 
‣ Entangling gate (Uent) + rotation gates in U(𝜽) 
‣ Cross-entropy loss with COBYLA minimization

https://arxiv.org/abs/1804.11326
https://qiskit.org


Preliminary VQC Results
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Tested 3-variable classification with 40 training events 
‣ Cost function reaches minimum after ~50 iterations 

- Slight offset for real device (likely caused by error due to noise) 
- Indication of improvement with measurement error mitigation (under study) 

‣ ROC curves indicate VQC acquires discrimination power with real device 
- VQC with >3 variables and/or more extended circuits under study

Preliminary

    QASM simulator

    Johannesburg

                             QASM simulator

                             Johannesburg

Preliminary
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Summary

‣ Investigating the application of gate-based quantum 
machine learning algorithm to the event classification 
in HEP data analysis 

‣ Variational quantum algorithm has comparable 
performance (in terms of AUC) to the conventional ML 
methods like BDT or DNN at small sample sizes and 
input variables 

‣ On the way towards understanding/mitigation of 
errors due to hardware noise to improve performance 
with real device
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Backup
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1. Prepare learning data : (x, ytruth) (x=input data, ytruth=teacher data) 

2. Create input state |𝜓in(x)〉�= Uin(x)|0〉 by encoding input data x with circuit Uin(x)

PRA 98, 032309 (2018)
Quantum Circuit Learning

https://journals.aps.org/pra/abstract/10.1103/PhysRevA.98.032309
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FIG. 2. Quantum circuit used in numerical simulations. The
parameter ✓ of single qubit arbitrary unitaries U(✓(i)j ) are
optimized to minimize the cost function. D denotes the depth
of the cicuit.

rotation of a single qubit. We use the decomposition

U(✓(i)j ) = R
X
j (✓(i)j1 )R

Z
j (✓

(i)
j2 )R

X
j (✓(i)j3 ). H is Hamiltonian

of a fully connected transverse Ising model:

H =
NX

j=1

ajXj +
NX

j=1

j�1X

k=1

JjkZjZk. (4)

The coe�cients aj and Jjk are taken randomly from uni-
form distribution on [�1, 1]. Evolution time T is fixed
to 10. The results shown throughout this section are
generated by the Hamiltonian with the same coe�cients.
Here we note that we have checked a similar result can
be achieved with di↵erent Hamiltonians. The dynamics
under this form of Hamiltonian can generate a highly
entangled state and is, in general for a large number
of qubits, not e�ciently simulatable on a classical com-
puter. Eq. (4) is the basic form of interaction in trapped
ions or superconducting qubits, which makes the time
evolution easily implementable experimentally. ✓ is ini-
tialized with random numbers uniformly distributed on
[0, 2⇡]. In all numerical simulations, outputs are taken
from Z expectation values. To emulate a sampling, we
added small gaussian noise with standard deviation � de-
termined by � =

p
2/Ns(hZi2 � 1)/4, where Ns and hZi

are the number of samples and a calculated expectation
value, to hZi. [25]

First, we perform fitting of f(x) = x
2
, e

x
, sinx, |x| as

a demonstration of representability of nonlinear func-
tions [18]. We use the normal quadratic loss for the
cost function. The number of teacher samples is 100.
The output is taken from Z expectation value of the
first qubit as shown in Fig. 2. In this simulation, we
allow output to be multiplied by a constant a which is
initialized to unity. This constant a and ✓ are simul-
taneously optimized. Input state ⇢in(x) is prepared by
applying Uin(x) =

Q
j R

Z
j (cos

�1
x
2)RY

j (sin
�1

x) to ini-
tialized qubits |0i. This unitary creates a state similar to
Eq. (1).

Results are shown in Fig. 3. All of the functions are
well approximated by a quantum circuit driven by pre-
sented QCL framework. To approximate highly nonlin-
ear functions such as sinx or a nonanalytical function
|x|, QCL has brought out the high order terms which
are initially hidden in nonlocal operators. The result
of fitting |x| (Fig. 3 (d)) is relatively poor because of

(a) (b)

(c) (d)

FIG. 3. Demonstration of QCL performance to represent
functions. “initial” shows the output of quantum circuit with
randomly chosen ✓, and “final” is the output from optimized
quantum circuit. Each graph shows fitting of (a) x2, (b) ex,
(c) sinx, (d) |x|.

its nonanalytical characteristics. A possible solution for
this is to employ di↵erent functions as an input function,
such as Legendre polynomials. Although the choice of
input functions a↵ects the performance of QCL, the re-
sult shows that QCL with simple input has an ability to
output a wide variety of functions.

As a second demonstration, the classification problem,
which is an important family of tasks in machine learning,
is performed. Fig. 4 (a) shows the training data set, blue
and red points indicate class 0 and 1 respectively. Here
we train the quantum circuit to classify based on each
training input data points xi = (xi,0, xi,1). We define
the teacher f(xi) for each input xi to be two dimensional
vector (1, 0) for class 0, and (0, 1) for class 1. The num-
ber of teacher samples is 200 (100 for class 0, and 100 for
class 1). The output is taken from the expectation value
of the Pauli Z operator of the first 2 qubits, and they are
transformed by softmax function F . For d-dimensional
vector q, softmax function returns d-dimensional vector
F (q) with its kth element being Fk(q) = e

qk/
P

i e
qi .

Thus the output yi = (yi,0, yi,1) is defined by yi =
F (hZ1(xi,✓i), hZ2(xi,✓i)) For the cost function, we
use the cross-entropy L =

P
i

P
k2{0,1} (f(xi))k log yik.

The input state is prepared by applying Uin(x) =Q
j R

Z
j (cos

�1
x
2
i,j mod 2)R

Y
j (sin

�1
xi,j mod 2) to initialized

qubits |0i. j mod 2 is the remainder of j devided by 2. In
this task, the multiplication constant a is fixed to unity.

Learned output is shown in Fig. 4 (b). We see that
QCL works as well for the nonlinear classification task.
The same task can be classically performed using, for
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1. Prepare learning data : (x, ytruth) (x=input data, ytruth=teacher data) 

2. Create input state |𝜓in(x)〉�= Uin(x)|0〉 by encoding input data x with circuit Uin(x) 
3. Apply variational circuit with parameter 𝜽 to the input state and create output 

state |𝜓out(x, 𝜽)〉 = U(𝜽)|𝜓in(x)〉

PRA 98, 032309 (2018)
Quantum Circuit Learning

https://journals.aps.org/pra/abstract/10.1103/PhysRevA.98.032309
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1. Prepare learning data : (x, ytruth) (x=input data, ytruth=teacher data) 

2. Create input state |𝜓in(x)〉�= Uin(x)|0〉 by encoding input data x with circuit Uin(x) 
3. Apply variational circuit with parameter 𝜽 to the input state and create output 

state |𝜓out(x, 𝜽)〉 = U(𝜽)|𝜓in(x)〉�

4. Measure certain observables with output state 

(e.g, expectation values of Z-gate at qubit i : 〈Zi〉 = 〈𝜓out|Zi|𝜓out〉) 
5. Determine output y(x, 𝜽) using some function F = F(〈Zi〉) , e.g, softmax 

6. Define a cost function L(𝜽) from y(x, 𝜽) and ytruth , e.g, cross-entropy loss  

7. Find 𝜽 = 𝜽min that minimizes L(𝜽)   ➔  Trained model = y(x, 𝜽min)

PRA 98, 032309 (2018)
Quantum Circuit Learning

https://journals.aps.org/pra/abstract/10.1103/PhysRevA.98.032309
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Input Features


