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TENSOR NETWORK ANSATZ
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TENSOR NETWORKS STATES
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TENSOR NETWORKS STATES

PEPS

2
AP ABP2 o APN - ONdm’)

Tree Tensor Network

Tensor networks states are a compressed description of the system
tunable between mean field and exact



TENSOR NETWORK ALGORITHMS

> State of the art in 1D (poly effort)

d \ > No sign problem

B > Extended to open quantum systems
J

» Machine learning

» Data compression (BIG DATA)

> Extended to lattice gauge theories

> Simulations of low-entangled systems

kQ I K k of hundreds qubits

> Extended to quantum field theories

S. Montangero “Introduction to Tensor Network Methods”, Springer (2019)

U. Schollwock, RMP (2005) A. Cichocki, ECM (2013) I. Glasser, et al. PRX (2018)



LATTICE GAUGE THEQRIES
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n,=0.16 fm™3

The current wisdom on the phase diagram of nuclear matter.

McLerran, L. Nucl.Phys.Proc.Suppl. 195 (2009) 275-280


http://inspirehep.net/author/profile/McLerran%2C%20L.?recid=823172&ln=en

3D TREE TENSOR NETWORK

T. Felser; P Silvi, M. Collura,
™ S. Montangero
P PRX (2020)

G. Magnifico, T. Felser, P. Silvi, and S. Montangero
Nat. Comm. (2021)



3D TREE TENSOR NETWORK
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T. Felser, R Silvi, M. Collura,
S. Montangero
PRX (2020)

G. Magnifico, T. Felser, P. Silvi, and S. Montangero
Nat. Comm. (2021)



3D QUANTUM-LINK FORMULATION OF QED
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3D QUANTUM-LINK FORMULATION OF QED
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3D QUANTUM-LINK FORMULATION OF QED
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3D QUANTUM-LINK FORMULATION OF QED
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Real time

MESONS SCATTERING

T. Pichler, E. Rico, M. Dalmonte, P. Zoller, and SM, PRX (2016)
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T. Pichler, E. Rico, M. Dalmonte, P. Zoller, and SM, PRX (2016)



ENTANGLEMENT GENERATION IN QED SCATTERING PROCESSES
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M. Rigobello, S. Notarnicola, G. Magnifico, and S. Montangero, Phys. Rev. D 104, 114501 (2021).



ENTANGLEMENT GENERATION IN QED SCATTERING PROCESSES
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SU(2) LATTICE GAUGE THEORY IN 1+1D
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Quantum Technol()%ies

for Lattice Gauge Theories

Simulating Lattice Gauge Theories within Quantum Technologies

M.C. Bafiuls?, R. Blatt®?, J. Catani®>®7, A. Celi*®, J.I. Cirac"*, M. Dalmonte®'°, L. Fallani®®7, K. Jansen'?,
M. Lewenstein®!%13 S. Montangero”'* #, C.A. Muschik®, B. Reznik'®, E. Rico'®'7 ? L. Tagliacozzo'®, K. Van
Acoleyen'?, F. Verstraete'?2?, U.-J. Wiese?!, M. Wingate??, J. Zakrzewski?*?4 and P. Zoller®

EPJD (2020)
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MACHINE LEARNING WITH TENSOR NETWORKS

Map to "Spins”
e

d(x;) = [cos (ng) , Sin (ng)]

-~

Zwl s2. N ) p(x2)” ... P(zN)°N

Raw data

W welight tensor

f(x) : decision function

f(X) Stoudenmire, Advances in Neural IPS 29,4799 (2016),
arXiv:1605.05775



TN MACHINE LEARNING OF HEP DATA
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Hypothesis class: f/(%) = W’ - (%) Tensor diagram notation
‘f

Z L s @) P(22)%2 . p(n) N

[ w )
f’ map input data to the space of labels é d) é d) d) é

S1 S22 83 S4 S5 Se

PROBLEM: W is a N+1 order tensor that o = d) d) d) é) d) é)

grows exponentially with the input data P51 B2 %3 Bt %5 O

SOLUTION: use a tensor network!
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MACHINE LEARNING WITH TREE TENSOR NETWORKS

Raw data

Map to "Spins’
——

P(x;) = [cos (
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P-P SCATTERING

Typical event in LHC
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BINARY B BBAR CLASSIFICATION
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This kind of events are used to measure asymmetries between the charge of b and b.

90 00 &0

Easier problem: @ @

® 16 selected features (most physically relevant)

® ~1076 data samples
13 E @ @
'ﬁ.charge I ’émomenta I ﬂ direction l




MACHINE LEARNING BASED CLASSIFICATION .. ,.0s 13747

Hidden Layers
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Output Layer
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T. Felser et al. Npj quantum inf. (2021)

in collaborato with L. Sestini, A. Gianelle, D. Zuliani, D. Lucchesi



BINARY CLASSIFICATION
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decision nodes root node

salary at least
/( $50,000

commute more
than 1 hour

nol
Decision Tree:
Should | accept a new
job offer?

no
leaf nodes
decline
offer

.. giving only a 6% of identification efficiency on processes like H -> cc.

Article:
Identification of beauty and charm quark jets at LHCb, The LHCb collaboration



LHCB SIMULATED DATA ANALYSIS

Etag - Tagging Power

SIMULATION ¥ MuonTag
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CLASSIFICATION

correctly classified

NC b-quark

muon




CORRELATIONS

mu_q

mu_pTrel -0.14

08
mu_dist  0.023 JeR:E]
L]
0 el s Correlations
k pTrel -0.05 019 017 02
-04
k dist -0.016 023 021 -0.12
piq -0.039 0.085 0.085 -0.019 0.21 0.2
pi_pTrel 0.091 0.1 -0.099
-0.0
pi_dist 0.022 032 011 0.84
eq 0022 0.019 0011 -0.0058 0034 0.024 -0.081 017 0.023
e_pTrel -0.036 JNEF DB 0.0063 0088 01 0.046 H 0.75 JEBY]
-=0.4

-0.078

.ot 0oss [CRMIEIN.000rs 012 oo oo [EMIEER

p.q -0.046 -0.042 -0.058 -0.029 -0.05 -0.088 -0.046 -0.063 -0.085 -0.024 -0.032 -0.046

p_pTrel 0.2

0.59 EEIBE]

Wra -0.067 - -0.8

0.096 0.2 027 022 008 0084 0083 -013 027 016

p_dist - 0.23

qTot

i
a

k_dist
e_dist

p_dist
qgTot

p_pTrel




CORRELATIONS
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FINAL RESULT

€tag - Tagging Power
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FINAL RESULT

€tag - Tagging Power
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|8 times faster
« Only 0.8% less precise



FINAL RESULT

00000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

Model Mg (incl. all 16 features)

Model Bs (best 8 features determined by QulPS)

X ||Prediction time Accuracy Free parameters|Prediction time Accuracy Free parameters
200 345 us 70.27 % (63.45 %) 51501 - - i,
100 178 us 70.34 % (63.47 %) 25968 - - i,
50 105 us 70.26 % (63.47 %) 13214 - - i,
20 62 us 70.31 % (63.46 %) 5576 - - i,
16 - - - 19 us 69.10 % (62.78 %) 264
10 40 ps 70.36 % (63.44 %) 1311 19 us 69.01 % (62.78 %) 171
5 37 us 69.84 % (62.01 %) 303 19 us 69.05 % (62.76 %) 95



COMPARISON WITH MACHINE LEARNING

L&)
Visible Hidden
ebi+zf Wit 0 (b) Restricted Boltzmann
& HTI‘ _b'_z o machine in 2D
l O e ! joout
s AAAAA :
o« TTme( 17 ) s 555
i JE *) (*) (*) (*) *)
where @ 0 0 o o
g ebl/N+wl]S] O ° ° o o °4
A — |
L,] O e_bi/N_Wijsj 8 ?/ g \g/ g/)

Ivan Glasser et al PRX (2018)



COMPARISON WITH MACHINE LEARNING
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TAKE HOME MESSAGES

» Tensor network algorithms can be used to benchmark, verity,
support and guide quantum simulations/computations

» High-dimensional tensor network simulations are becoming
available

» Scalability to HPC is necessary to produce relevant results
» Interaction with HEP is becoming more and more relevant

> Interesting developments also in other directions (classical
optimisers/annealers)

» Tensor network machine learning is competitive with DNN
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