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CERN QTI 1 - Areas of Investigation
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CERN QTI Phase 2 — Expected Impact (high-level)
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Studying Deep Learning in physics

Quantum Machine

* High quality labelled training data from realistic MC simulation
» Large experimental datasets

* Interestingly structured data at multiple scales

» Detailed understanding of systematic uncertainties

M. Erdmann, J. Glombitza,G. Kasieczka, U. Klemradt, Deep Learning for physics research
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Machine Learning + QC

regression
classification

: Labeled data, i.e., data with
Unsuper_wsed defined output.
Learning

Supervised ML

A model is trained giving this
data and you have direct
evaluation.

Unsupervised ML
Unlabeled data.

Type of Algorithm
ML finds patterns in your data.

classical quantum
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QML models
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a) Explicit quantum model: p(x) = [P EONH()|
fo(x) = Tr[p(x)0g] 0o = Vi (@)OV(6)
Alinear model with a restricted w
b) Implicit quantum model: M
fo®) = Tr[p(@)0ap]  Oup = ) ampx™)
Akernel linear model | ™

c) Data re-uploading model:

fo(x) = Trlp(x, 8)04]

S.Jerbi at al., Quantum Machine Learning Beyond Kernel Methods — Nature Communications 14, 517 (2023)
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Generative Model

unsupervised learning problem
Explicit

« definition of explicit density form that allows likelihood inference
« VAE

Implicit

» flexible transformation from random noise to generated samples
(a stochastic process to draw samples from the underlying data distribution)
* no distribution specified/required
* no tractable likelihood function required
« GAN
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Trainability barriers and opportunities in quantum generative modeling

Manuel S. Rudolph,’ * Sacha Lerch,'** Supanut Thanasilp,'>?>*
Oriel Kiss,>* Sofia Vallecorsa,® Michele Grossi,®> and Zoé Holmes'

! Institute of Physics, Ecole Polytechnique Fédérale de Lausanne (EPFL), CH-1015 Lausanne, Switzerland
2 Chula Intelligent and Complex Systems, Department of Physics,
Faculty of Science, Chulalongkorn University, Bangkok, Thailand, 10330
3 European Organization for Nuclear Research (CERN), Geneva 1211, Switzerland

4 Department of Nuclear and Particle Physics, University of Geneva, Geneva 1211, Switzerland
(Dated: May 5, 2023)
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Quantum Generative Models

Characteristics :

_ 0 xd - Discrete
Discrete data o 1T ZH r~"—-"1 - Uses quantum randomness.
- Use quantum o & O] g [ Do ! g i - 1shot=1sample.
random source 0 )\ _@_'E“ i omeemes | - Needs more qubits.
Examples

*= Quantum circuit Born machines (QCBM) (Phys. Rev. A 98, 062324, 2018)
= Discrete Quantum GAN for learning random distribution (npj Quantum Inf 5, 103, 2019)
= Quantum GAN for Bar and Stripes generation (Phys. Rev. A 99, 5, 2019)
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Quantum Generative Models

Characteristics :

. 0 xd - Discrete
Discrete data o 1Y ZH 71 - Uses quantum randomness.
- Use quantum o & O] g [ _meore, ! g i - 1shot=1sample.
random source 0 )\ _@_'E” i omeemes | - Needs more qubits.
Examples

*= Quantum circuit Born machines (QCBM) (Phys. Rev. A 98, 062324, 2018)
= Discrete Quantum GAN for learning random distribution (npj Quantum Inf 5, 103, 2019)
= Quantum GAN for Bar and Stripes generation (Phys. Rev. A 99, 5, 2019)

Quantum neural network model Characteristics :
varisbles - Continuous.

- Requires low number of qubits.
- High number of shots.

- 1 sample = many shots.

@ Continuous data
- Use classical random source.

Generated

samples
Examples |

» Variational Quantum Generator (arXiv:1901.00848, 2019) : '
= Style-based quantum GAN for MC event generation (Quantum 6, 777, 2022)
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Quantum Circuit Born machine (QCBM) in a nutshell

1. Sample from a variational pure state |1 (0)) by projective measurement with
probability given by the Born rule: pg(x) = |(x|p(0))|?.

~|

n dimensional binary strings
i map to 2" bins of the discretized dataset.

2. Training (Hybrid loop):

3. Why the MMD ?

OUANTUM
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KL divergence Delgado and Hamilton, arXiv:2203.03578.
Adversarial (QGAN) Zoufal, et al., npj Quantum Inf 5, 103 (2019).
In the phase space Kyriienko, et al., arXiv: 2202.08253.
Maximum Mean Discrepancy Rudolph et al, arXIV: 2305.02881.

MMD(P,Q) = Ex-p[K(X,Y)] + Ex-o[K(X,Y)] — 2Ex~p[K(X,Y)]
Y~P Y~Q Y~Q

Resource efficient for NISQ devices.
Stable.

However, empirically less performant.
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Quantum Circuit Born Machine (QCBM)

Benedetti et al., npj Quantum Inf 5, 45 (2019) PrObablllty for eaCh Sample:

ap...0
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= |(x|U(8)]0)[2 o
0)
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O> — B quantum model ZI:
o o oo
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Quantum Circuit Born Machine (QCBM)

Real-world Training Data Training Distribution
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Quantum Circuit Born Machine (QCBM)

Probability
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Real-world Training Data Training Distribution
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Barren plateaus
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o o .
10 ( Slope=-0.694 Small gradients.-

w

R X
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= 10_4 a /’ . . . . . .
S w cost-minimizing direction
& 1072 5 “w
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Barren plateaus

Inexpressive

Barren plateaus in quantum neural network training
landscapes

L] L] L] L]
Choice in circuit — |
Jarrod R. McClean &, Sergio Boixo £, Vadim N. Smelyanskiy &J, Ryan Babbush & Hartmut Neven

Nature Communications 9, Article number: 4812 (2018) | Cite this article

Connecting Ansatz Expressibility to Gradient Magnitudes and
Barren Plateaus

¢ TOO eXp ress Ive Zoé Holmes, Kunal Sharma, M. Cerezo, and Patrick J. Coles EXpreSSive

PRX Quantum 3, 010313 — Published 24 January 2022

T l Entanglement-Induced Barren Plateaus
°
OO e ntang I ng Carlos Ortiz Marrero, Méria Kieferova, and Nathan Wiebe

PRX Quantum 2, 040316 — Published 25 October 2021

. . . Barren Plateaus Preclude Learning Scramblers
Choice in target learning problem : \
g g p Zoé Holmes, Andrew Arrasmith, Bin Yan, Patrick J. Coles, Andreas Albrecht, and Andrew T. Sornborger Accessible Space

Phys. Rev. Lett. 126, 190501 — Published 12 May 2021

Cost function dependent barren plateaus in shallow M

Choice in cost function (IOSS) parametrized quantum circuits H=0fQdf Q- Q d?
[ w@IH o)) |

Nature Communications 12, Article numher- 1791 (2021} | ite this article

Local Global Low-body L O C al
I.' e o o H=0?QIL,® QI
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Generative Loss Function

[ 1 Sample quantum state and build the empirical
Explicit distribution g to be used in the loss
> (5(x), do(x)) 9

\ J

>

Probability
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Generative Loss Function

Explicit
S f (B(x), Go()) Problem: It is very rare you sample relevant data point
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Generative Loss Function
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Generative Loss Function
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Generative Loss Function
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Generative Loss Function

M(p,p') = Tr [Oﬁﬁm(p ® p’)]
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Generative Loss Function

M(p,p') =Tr [Oﬁﬁm(p ® p’)]
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Generative Loss Function

M(p,p') =Tr [O&'ﬁm(p ® p’)]
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MMD Trainability
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MMD Trainability

Product States
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Final Benchmarks

16 qubits, 4 layers, 1000 shots
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Summary

Explicit losses Implicit losses
are a no-go can work
o Explicit loss (pairwise) Implicit Paper link
Circuit G — Quant loss
deonth onventiona uantum
p strategy strategy (MMD)
Product Yes
(0 € ©(n),
Yes Theorem 2)
Shallow No (Lo'cal Quantum Yes
(Corollary 2) |  Fidelity [31]) (o € O(n),
Conjec-
ture 1)
Expressivity BP Deep No [22, 30] No [22, 30]
3
Quantum
strategies?J
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Summary of QC4HEP applications
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Data

Analysis

- Data _ ATLAS Preliminary
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Multi-step iterative Kalman filter approach -
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+ LUBY +h.c.
+ WM@UJ_J'CD-FM.C. Theory

+ [D@|? - V(@)

phase-space factor

1
o= Fjdcbﬂﬂﬁ@[{b — @)

phase-
incoming exchanged outgoing matrIX e/ement Space CUtS

gluon
quarks propagator quarks

QNN Extract Fourier
coefficients
p($)7 Tmins Tmazy ) L(LL4) P(I), LTmins Tmaz,
Classical Quantum data Core quantum Classical f(x) — — Fourier series of f(z)
preprocessing preparation algorithm postprocessing
o [ , e . iy | —
(sarmpling nd GGAN training loading filter through through QAE TQAE
ampiing & through qGAN er throug roug A Integrate sines
discretisation) quantum gates L E===re==== n .
" H : — and cosines .
HE 1] i p——
— 10 [ - [ s
S ] Tmin
ppos ——| a =

Agliardi, Grossi, Pellen, Prati "Quantum integration of elementary
particle processes." https://doi.org/10.1016/j.physletb.2022.137228
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https://doi.org/10.1016/j.physletb.2022.137228

F.Rehm, Full Quantum GAN Model for HEP Bravo-Prieto, Carlos, et al. "Style-based

Detector Simulations, ACAT22 quantum generative adversarial networks
for Monte Carlo events." Quantum 2022
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Kiss O., Grossi M. et all., Conditional
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022612 (2022)
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L= -yFuF"” : :
e Are we using the right data?

+ WY o +h.c. B
+ ol - Vo £
~;
40 TB/ 5 ¢ f
sec (\9 o S 99

What if you do not know the signal or
where to look for new-physics ?

Data Re-embracing the scientific method: starts gathering information about

Analysis [EEE
..our baseline is the SM (from 1970!) 2 let’s change the approach

MS CMSE p riment at LHC, CERN
¢ | Data recorded: Sun Nov 14 19:31:39 2010 CEST

[]O]

Ru /E nt: 151076 / 1328520
Lumi section: 249

Leading Jet

Pr Rather than specifying a signal hypothesis upfront, we could start looking at

Subleading Jet
Jet 0, pt: 205.1 GeV
our data

Pr2

Jet 1, pt: 70.0 GeV

Based on what we see (e.g., clustering alike objects) we could formulate a
signal hypothesis

EXAMPLE: star classification was based on observed characteristics ...
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CMS Experiment at LHC, CERN

. | Data recorded: Sun Nov 14 19:31:39 2010 CEST
\| Run/Event: 151076 / 1328520

\ Lumi section: 249

Leading Jet
Pr

Standard Model jet data

Subleading Jet
P2

Jet 0, pt: 205.1 GeV

|Jet 1, pt: 70.0 GeV/|

Simulate QCD multijet production at
the LHC (64 fb 1)

particles within AR < 0.8 from AdlAglAs|AG---[As|AGlAGlAS
its axis. pr|pr|pr|PT|* - |PT|PT|PT|PT
| |
100 particles

Convolutional AutoEncoder compresses

Event selection: o : _

+ Two jets with p > 200 GeV and |n| < 2.4 particle jet learning the internal structure
T . .

* m;>1260 GeV (emulate online selection) * Trained on background events

* Each event is represented by its two highest-p;
jets.
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A typical hybrid QML workflow

Anomaly detection can point to new physics at the LHC Model-agnostic!

* Narrow and Broad Graviton resonance G 2 W*W- = Multi-jet final state
* New scalar boson A 2 HZ 2 ZZZZ (Multi-jet final state)

ANOMALY DETECTION PERFORMANCE EVALUATION

Kernel Machine

(1) ROC curve
Features —
: An, Ag, pr FPR x
| : ’ 2 i \| /" E . ‘\J; T" E Hilbert space w::;:;g i
\ - 9 9
a.u. Ny /7 = o Clustering algorithms (2) Quantum VS Classical
‘*\ 1 i z QKmeans / QKmedians AQC)
N i i LHC Collision s,
‘5."\ ¢o: X—~>Z ‘ 0: Z—+X j:“" %
='~-.‘:-:=Z-"\\_‘ i HEP data :%o —
‘-~.~ - Beyond parameters
.-;IH-"EV-.,._- SM
\ ]\ J | J \ J
.ﬂa > Y i Y Y
SB | SR | SB m
pawa(clm € SB) o opy Pawa(elm € SB) «Normal> Data Quan.tum Output
— pog(z|m € SB) = pg(z|m € SB) training data compression algorithm
300 £ —
Wozniak, Belis, Grossi, Tavernelli, Vallecorsa et al. - https://arxiv.org/abs/2301.10780 R - R ) ‘e - 4‘; 8;16
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https://arxiv.org/abs/2301.10780

Results

Comparison to best-performing classical algorithm with
similar complexity trained and tested on the same data
 RBF —-based SVM

AUC shows consistent advantage for quantum algorithm

Evaluate performance at typical working, where €, =0.6, 0.8

G(6,9,)) € SU(2) Linear entanglement

— G (5,70, 71) G (0, 1,0)
G(%,mg,l‘g) <> G(.’L’Q,.’L‘g,O)
e e () .............. S
0)*" 1
] G(%yxn—lymn) & G(xn_l,mn,O)

Unsupervised kernel machine

104§

T 1 llllll]

—— Narrow G - WW 3.5 TeV

- — A - HZ »22Z35TeV
—— Broad G -» WW 1.5 TeV

AUC Quantum Classical
— 99.54+ 0.05 | 99.34+ 0.06
— 94.70+ 0.11 | 93.29+ 0.13

\
100k — 47.62:+ 0.52 | 45.60+ 0.45 \

Anorﬁaly signature ~—— Quantum _|

-= Classical
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Quantum kernel machine works best for more complex physics
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Outlook and Questions

* Supervised searches served HEP well so far
- We need new directions to search for as an alternative workflow, where data guide us

« Studying the behaviour of models in the NISQ regime is useful

« Can we reduce the impact of data reduction techniques?
« Can we find the right balance of trainability vs generalization?
« Can Quantum Anomaly Detection being a good candidate?

 What is the role on Quantum Data for HEP?
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