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Machine learning applications

* Machine learning (ML) has revolutionized many industries

* Efficient training of neural networks
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Boston Dynamic

CAT, DOG, DUCK

Boston dynamics
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Recent progress in quantum computing

* Quantum supremacy experiments

* Noisy Intermediate Scale Quantum (NISQ) era

REPORT

» Digital & analog quantum computing via cloud services Quantum computational advantage using photons

Han-Sen Zhong"%", @ Hui Wang'%", @ Yu-Hao Deng'-%*, ©© Ming-Cheng Chen'2", @® Li-Chao Peng'2, @ Yi-Han Luo'-...
+ See all authors and affiliations

Science 18 Dec 2020:
Vol. 370, Issue 6523, pp. 1460-1463
DOI: 10.1126/science.abe8770

Article

Quantum supremacy using a programmable
superconducting processor
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ustable coupler

Random circuit sampling Martinis et al. * 19 Boson sampling  Zhong et al. 20
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ATLAS

EXPERIMENT

Run: 313100
Event: 196478531 —

2016-11-18 23:23:28 CEST F{: =
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Classification - jet identification

. Oliveira, Kagan, Mackey, Nachman, Schwartzman " |5
* Quark vs gluon tagging

* QCD vs boosted Z/WV-jet
* Boosted top-quarks

250 < pT/GeV <260 GeV, 65 < mass/GeV <95

250 < pT/GeV <260 GeV, 65 < mass/GeV <95
Pythia 8, W'—> WZ, s =13 TeV
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Max-Pooling

W'— W/ event \/

Repeat Convolutional Neural Networks (CNNs)

* Sparse data sets
* Machine learned taggers can significantly outperform QCD theory-inspired methods
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Deep sets and probabilistic models

* Inspired by point clouds e Probabilistic model

* Permutation invariant sets  JUNIPR

93

* Particle/Energy Flow Networks

° 51
* Jet/tree-like structure T
050
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Toillaoitilios | SERNELS) C oifitioili gai oY) : Pythia quark/ gluon jets
4/)‘" N0 @6 O T\ 0/ B 2 Binary JUNIPR
| ‘\::Q O, O~ ."‘;‘“ — Particle Flow Net.

Jet images CNN
— Multiplicity
Unary JUNIPR
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Quark jet efficiency

Infrared-Collinear Safety can be built in
Komiske, Methodiev, Thaler " |9

Andreassen, Feige, Frye, Schwartz " 18, 19

See also Cranmer, Drnevich, Macaluso, Pappadopulo "2 |
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Quantifying the information content of jets

* Complete set of observables
* N-subjettiness basis

* Observe convergence of ROC curve

| M-Body Discrimination |
particle 1 1000} 13 TeV, pr > 500 GeV,R=0.8 |
o | N Pythia8
particle 1 i § - -
; particle 2 = 100} NN
= | Tbetter
)6 LA
= 10}
1—-=2 1 — Z1 — R9Q 8 |
particle 2 particle 3 o |
1 mass mass + 4—body
| mass + 2—body mass + 5—body
mass + 3—body mass + 6—body
. O .....................
* Convergence related to entropy production 00 02 04 06 08 10

Z. boson efficiency

in the jet after the hard-scattering
Datta, Larkoski "1 7, Datta, Larkoski, Nachman " 19

Neill, Waalewijn " 19
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Automated designh of observables

CMS./ | CMS Experiment at LHC . CERN
F— o | Data recorded: Sun Nov 14 19:31:39 2010 CEST

* Single product observable * Quantify the information

* Interpretability content of quenched jets

* |dentify optimal observables

1000} :
000 13 TeV, pr>500 GeV, R=0.8 °
) Pythia8, m&[100, 150] GeV Lo R=04  200<py <500 GeVie
s 100}
5 o 08
.g 10 _ g 0.6
Ig - 45')
1 & o4
B R UL U =}
[ == 3-body 1:(22) F o2 —— DN (K = 20)
i == DNN (K = 30)
== DNN (K = 40)
01 ' . : . ' L ' L : e w= DNN (K = 50)
OO 02 04 _ 06 08 10 0'00.0 012 Of4 076 0?8 1.0
H — bb efficiency False Positive Rate
Lai, Mulligan, Ploskon, FR - in preparation
Datta, Larkoski ~17 see also Lai " 18
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Generative modeling

* Generative Adversarial Networks (GANS) Goodfellow et al. 14
* GEANT detector simulations

* Reduction of the computational cost of
simulations Paganini, Oliveira, Nachman * 17

¢

I<Z

N

* With Normalizing Flows

see Krause, Shish "2 1
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Generative modeling

* GANs for event simulation
* LHC energies Butter, Plehn,Winterhalder " 19-"20

\/

Train GAN on the final
output of the shower

* JLab/EIC energies

Feature

pp — tt — (bq7) (bgg') correlations
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Explainable machine learning

Lai, Neill, FR, Ploskon "20

* White-box Al
* Learn the underlying physics

of the parton shower Train GAN on the final |

output of the shower NN

by .
N —, = . P.. 200<Q<800GeV
= o~ 28
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see also Bieringer, Butter,
Heimel, Hoche et al. "20 Final energy distribution Intermediate splittings
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Anomaly detection

Heimel, Kasieczka et al. " | 9

Andreassen, Nachman, Shih " 19

* Use low-level event-by-event Do Wolver ot ol 20

information for BSM searches o Atkinson, Spannowsky et al.“2 |
* Can use weakly supervised or

unsupervised learning ®
* Improvement of traditional searches »

A
autoencoders
. Some searches LDA
M an)' n eW | d eaS (train signal ANODE
versus data) CWol.a

SALAD

Most searches Music (CMS),
(train with General Search

Applied at the LHC o Ceneral

see e.g. ATLAS, PRL 125 (2020) 131801 : »  Nachman, Shih "20

signal model independence

background (SM) model independence
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HEP ML - Living Review

Feickert, Nachman 21

HEPML-LivingReview

A Living Review of Machine Learning for Particle Physics

Modern machine learning techniques, including deep learning, is rapidly being applied, adapted, and developed for high energy h ttPS : / / i m I -Wg ° g ’ th u b ° ' O / H EP M I—'I—' Vl n g ReV’ e W/

physics. The goal of this document is to provide a nearly comprehensive list of citations for those developing and applying these
approaches to experimental, phenomenological, or theoretical analyses. As a living document, it will be updated as often as possible to
incorporate the latest developments. A list of proper (unchanging) reviews can be found within. Papers are grouped into a small set of
topics to be as useful as possible. Suggestions are most welcome.

download review

The purpose of this note is to collect references for modern machine learning as applied to particle physics. A minimal number of
categories is chosen in order to be as useful as possible. Note that papers may be referenced in more than one category. The fact that

a paper is listed in this document does not endorse or validate its content - that is for the community (and for peer-review) to decide. ® M L Wlth u n C e rta I ntl e S e.g. Be”agente, PIehn et al. h 2 I

Furthermore, the classification here is a best attempt and may have flaws - please let us know if (a) we have missed a paper you think
should be included, (b) a paper has been misclassified, or (c) a citation for a paper is not correct or if the journal information is now

available. In order to be as useful as possible, this document will continue to evolve so please check back before you write your next o M t ( I t M \
paper. If you find this review helpful, please consider citing it using \cite{hepmllivingreview} in HEPML.bib. O n e a r O u n I n g e.g. NGChmGn, Th Gler 2 0
e Reviews

o Modern reviows ¢ Pileup miti gation e.g. Komiske, Metodiev, Nachman, Schwartz "7

= Jet Substructure at the Large Hadron Collider: A Review of Recent Advances in Theory and Machine Learning [DOI]

 Matin Laaing inih necy PysicsCommany Wit et (01 * Neural networks with symmetries e.g. Bogatskiy et al. *20

= Machine learning at the energy and intensity frontiers of particle physics
= Machine learning and the physical sciences [DOI] Py Eff . t I . f I tt' F I d th
= Machine and Deep Learning Applications in Particle Physics [DOI] I C I e n Sa— m P I ng O r a— I C e I e e O ry

o Cranmer, Shanahan et al. "20-"21

See today’s round-table discussion
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Quantum computing platforms

For example IBM Q
* Superconducting qubits Google {QJIONQ

- u ) -
Q _ | ‘<__J - ,,,,m\j@

* Trapped ion devices mn
Honeywell g D \LJAUVUER
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Digital quantum computing

* Universal gate set: single-qubit rotations and CNOT

IBMQ
0 i} g— {5} Go gle 1 IONQ
0) - H ,l\ z o H—D o
3; M ! Honeywell g

Unitary operation

* Well suited for computational complexity analyses
cf. Turing machines for classical computing

F. Ringer, LBNL

Quantum computing Aug 04 2021



Real-time dynamics of QCD

* Perturbative QCD - weakly coupled regime,
requires factorization

* Euclidean-time lattice QCD - computation of e.g.
PDFs but eventually runs into the sigh problem

Solve real-time lattice QCD with the help
of quantum computing?

Kogut, Susskind " 70s, Jordan, Lee, Preskill 1 1-"17
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Computational complexity

~ * P - can solve in polynomial time

Deterministic & probabilistic

Box packing
Map coloring
Traveling salesman
n x n Sudoku

NP -
Complete

* NP - can check solution in
polynomial time

Graph isomorphism

Harder Problems

\

AdGPted from Scott Aaronson Efficiently solved by

classical computer
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Computational complexity

N * P - can solve in polynomial time

Deterministic & probabilistic

Box packing
Map coloring
Traveling salesman
n x n Sudoku

NP -
Complete

* NP - can check solution in
polynomial time

Graph isomorphism

* BQP - can solve in polynomial time
: \ / with a quantum computer

Efficiently solved by
araph connectivity quantum computer
Testing if a numbel
IS a prime
Matchmaking
( N
\/ * e.g. Factoring is in BQP

Shor’s algorithm

Adapted from Scott Aaronson T e

F. Ringer, LBNL Quantum computing Aug 04 2021



Computational complexity

N « QCD/Standard Model?

Box packing * Scalar field theory
Map cglormg NP -
ordan, Lee, Preski -
7
5
o Graph isomorphism N P
o | ° \
B
o
T
5 / \
T \ \
/ Efficiently solved by
Graph connectivity quantum computer
Testing if a number P
IS a prime
Matchmaking
K .
Adapted from Scott Aaronson Efficiently solved by

classical computer
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Hamiltonian formulation of field theories

: : Kogut, Susskind " 70s, Jordan, Lee, Preskill "1 1-"17
Simulation protocol

|. Digitize the field theory on a spatial lattice

Prepare wave packets of the free field theory

Turn on interactions adiabatically

2

3

4. Unitary time evolution

5. After the scattering turn interactions off adiabatically
6

Perform measurement

Scalar field theory is in BQP but at high energies

significant resources are required
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Applications in Soft Collinear Effective Theory

. : : : Bauer, Freytsis, Nachman "2 1
* Factorization of jet cross sections

* Hard, jet and soft functions —~\/_—7
* Exclusive n-jets — <

c=H®J1® - ®J,®8 IBMQ
: 1.0 g .
e Soft sector matrix element :
; v ~_ 0.8] m
23
(X|TIY, Y)
ex
. ] ] ] ] % E 0_4: —— Analytic Calculation
 Simulation with (scalar field theory) Wilson lines = = | Dlaitized CalculationNoiseless Simuition (Qiski)
()_2—- ® Corrected Quantum (IBMQ) ., . m
- oo T j /,/// X =|p1)
— y | 2 2 prap e’ 0 000000000000O0O0O0O0O0O0O0O0O0O0OO
Y, =Pexp Z9/ ds ¢(z" = nts) 00 0 02 04 06 08 10
- 0 - Coupling Constant, g
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Open quantum systems

. . cpet . . de Jong, Lee, Mulligan, Ploskon, FR,Yao "2 1
* Thermalization and non-equilibrium dynamics

* Nuclear medium modification

* Non-global resummation IBMQ
. 0.7
* Schwinger model coupled to a thermal scalar field theory IBM Q Montreal, Neyeie = 4
0.6 Uncorrected - RK4 open system
1 1 1 4~ Readout corrected RK4 closed system
* Non-unltary Llndblad eVOIUtlon 0.5 - ® Readout + RIIM corrected == Thermal equi}{ibrium

== Simulator, N¢ye = 4

0.0 |
0 1 2 3 1 o 6
t
See yesterday's round-table discussion see also Klco, Savage et al. 18,

Akamatsu, Rothkopf et al., Brambilla, Escobedo, Vairo et al.,Yao,Vaidya, Mehen et al.

F. Ringer, LBNL Quantum computing Aug 04 2021 23



Quantum algorithms for transport coefficients

Cohen, Lamm, Lawrence,Yamauchi "2 |

* Hydrodynamic flow of the quark-gluon plasma in
heavy-ion collisions

* Non-perturbative input e.g. viscosity

* Potential near-term application

~ 10* qubits for pure glue 3+ 1d SU(3)

~ 10° qubits for 2+ 1d Zy

* Energy-momentum tensor in the Hamiltonian

formulation

1
T,uV — Zguurrr [Fa,BFaﬁ] —1r [F[LaFij]

see also Barata, Salgado "2 1
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Trailhead for SU(3)

Ciavarella, Kico, Savage "2 1

* Quantum simulation of SU(3) Yang-Mills .
* | and 2 plaquettes in the local multiplet basis 151
* Vacuum-to-vacuum persistence @

probability (00 U(t) [00)[?

1.0 4l pe
*Up to 4 Trotter steps 08 M AT
S 0.6 i

al M Exact
0.4+ E1 Trotter Step
- [ 2 Trotter Steps

0.25 | 3 Trotter Steps
- [l 4 Trotter Steps
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o
250 < pT/GeV <260 GeV, 65 < mass/GeV <95
Pythia 8, W'—> WZ, {s =13 TeV
n 10° o

102 i
10 o
1
10"
102
10°
10
10°
10°
107
10°®
10°

Pixe

* Various machine learning applications for fundamental physics

[Translated] Azimuthal Angle (¢)

* Unsupervised learning for searches of BSM physics

-1 -0.5 0 0.5 1

* Learning the underlying physics

* Quantum simulations of real-time dynamics of field theories

* Proposals of near-term applications

* Many interesting things to learn along the way

Box packing
Map coloring

* Quantum machine learning

F. Ringer, LBNL Conclusions Aug 04 2021



