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Sales pitch of the talk!
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4+ How to perform this on a Quantum device?
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< Can an ML problem be formulated as a
?
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Hello world of HEP-ML: Top tagging
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< With the increased boost factor, jets (top decay products) are getting
more collimated.
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< Hadronic top tagging tools: Mass grooming and filtering, Pruning,
Trimming, Soft Drop Tagger, Mass Drop Tagger, HEPTopTagger,
Machine Learning
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Hamiltonian learning for
anomaly detection




Whathas Hamlltoman to do with data?

JYA, Spannowsky; arXiv: 2211.03803

A data point can be
represented as a mixed state

| /7< N Hamiltonian captures the
Op = Zpl. | wl> , |1//l> ;= pure states 1 — >‘ <IC>6, ¢ entropic probability
l- | ’ distribution of the mixed
.y /7< state.

Bernoulli(p)) / ‘ \

Q 2 N What type of Hamiltonian can we choose?
(A) (Z)
i Nample I ; % (Z) ** Any field theory Hamiltonian, e.g. Ising model
Z . : t; gg ~ P(Data) % A generic Hamiltonian e.g.
N sample l/,ie\y 1 @ < Z) 2 (al-, jG i+6j_ + h. C.)
lt’; o DX éllﬁ can these options capture the full
h~ o
(i | Z ) |2 complexity of the data? Can we get ambitious?
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What has Hamiltonian to do with data?

JYA, Spannowsky; arXiv: 2211.03803

E(Gibbs State)

A data point can be
represented as a mixed state

op = Zpill//i) , |y) := pure states
i

See Gibbs-Delbriick-Moliéve
variational principle

F=E-TS=-kTInZ,

Zo.0p) = B(K)gy+ ksInZy > S(op)

kﬂ := Boltzmann constant
f := Inverse temperature Data density P ¢ — p 0,¢ —

] | matrix 0
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What has Hamiltonian to do with data?

JYA, Spannowsky; arXiv: 2211.03803
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Hamiltonian as a discriminator!

JYA, Spannowsky; arXiv: 2211.03803

Trotter-Suzuki approximation e=——————f» g_iTKe _ I I e—iAtKg

Six qubits, At = 0.1, 500 MC samples | — Siamal
_ | —— Background |
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Fast Fourier
Transform
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time frequency
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Hamiltonian as a discriminator!

JYA, Spannowsky; arXiv: 2211.03803 1.0F
N | 7
Trotter-Suzuki approximation e=————3p e—iTKQ — I I e—iAtKg %0-8_' e
5
'z 0.61 ’
A
- — | Eight Qubits,
Cg@ 0.4r frequency = 0.056, -
Six qubits, At = 0.1, 500 MC samples o AUC = 0.854
01 ‘ T < Six Qubits,
0.2 frequency = 0.2,
AUC = 0.820
=== Random choice
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What did the Hamiltonian learn?
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Classificationas a
quantum many-body problem




Tensor Networks: Origins

Tensor Diagram Notation

@ Maisix, A¥
? Rank 3 Tensor, "%

Scalar

'— Vector, v
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4 The computational cost of a rank-N tensor
| is O(dM) !

Computational cost is O(dV~1y?) Il
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Types of Tensor Networks comcoraen

S(p) = Tr[plogp]
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Classical

Not in this
talk! See:

[

Volume law
A S ~ Iy
AN
ANAA

T\ AAN

1 8.6.4

Multiscale Entanglement

Renormalization Ansatz

JYA, Spannowsky; PRA "22, arXiv: 2202.10471

FaN

/.\ /.\ /’\

14

Area law

S(p) ~ logy

Hilbert space dimensions (D)

o000 00

)

L__’ Bond dimensions ( y)

------------ Matrix Product States ---
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Why TNs “might” perform well in such tasks?

is bounded by its and

* Tensor Networks can capture
“anomalies”.

* We are dealing with sparse, locally
correlated calorimeter pixels.
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Matrix Product States for Classification
Cbi(X) = Rgyn (ﬁTﬂ/z) |0)
B .p0uine N | "
OO 0O 0O00O00O0Q0 =anrx)

o2 How to embed the data?

! p - = flix)=w', . &P Pnr(x)
*2» How to form a network? i * 0090000 - Woronn | !
. [
o¢ How to train the network?

P — % Z qtruth lOg <p(x(i); (9))

xeXx Stoudenmire, Schwab 1605.05775

Or anything else you like to minimise...

Novikov, Trofimov, Oseledets; 1605.03795

— — —— —_— — — —

we Traditionally NNs are trained with
SGD, but MPS is trained with

JYA, Spannowsky; JHEP 21, arXiv: 2106.08334
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Why finding a quantitative measure is important?

JYA, Spannowsky; JHEP 21, arXiv: 2106.08334

f
¢ o A n — based c'>rd'eri1'1g,'DI:2' H'ype'arsll)he're .
used and a | ~‘»" |
lead to the same . v
classification quality! \
MPS with DMRG, y=1-=10 \

—  MPS with SGD, y=10
— MPS with DMRG+ SGD, x=1-=10 -

[
o
o

'+ Understanding the network gives the
ability to build better training algorithms.

* Scientific data is - if we
know where the information comes from,
we can get rid of large amounts of data.

Entanglement Entropy

—

[
o
-

 S(p) = Trlplog p]
20 40 60

(and for pile-up
mitigatiOn to be conﬁrmed)! / Site
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Conclusion




Conclusion

| ** The name of the game is . Techniques developed for field theory
computations are easily transferable for ML applications!

e

** Designing from the ansitze can allow us to improve
training procedures and can be used for . (Thought: maybe
helpful to lock on a symmetry during training?)

S

———

E—

e

** Tensor Networks are the tool for the to understand quantum

l computing until the machinery is ready for more significant problems.
2B
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Correlations by SU(2) generators
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Top Tagging through MPS

Assumptions & Requirements

< No prior entanglement/correlation between pixels
< Network is a Born Machine — square of the wave-function CNN architecture from:

gives the probability of the classification.

< Maximum bond dimension that network can get is 20.

@' — pixels

n — based ordering, D =10 Hypersphere 1 — based ordering, D =10 Hypersphere

1 MPS Signal — -2 CNN Signal _ — CNN (AUC =0.975+0.069%) |
[ MPS Background Z _ > CNN Background | MPS with DMRG, y=1-20
- [ T (AUC=0.969+0.072%

=
o
IS

n' — pixels
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o
[
1
=
o
w
T

QCD-like

Top-like
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N

[GeV]
=)

pr
Background Rejection (1/ep)

Normalised Number of Events

¢’ — pixels
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Classification output Top tagging efficiency (eg)

n' — pixels
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Experimenting with 4-Qubits

Top Signal — Mean of 5000 events
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Experimenting with 4-Qubits

Top Signal — Mean of 5000 events
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Singular Value Decomposition

= R [
M = U S \Y%Al

Orthogonal singular Orthogonal singular

Positive definite singular
values in descending order

By changing the number of singular

column vectors rOW vectors

values one can change the accuracy of
the decomposition!!!

S — diag(ﬂl, ﬂz, *cc, /ln)

2B :
‘V%)urh.am A; also known as Schmidt values 25 Jack Y. Araz - Tensor Networks
niversity



Singular Value Decomposition
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Singular Value Decomposition

ST S IR

Bond dimensions, y, can be
adjusted by adjusting
singular values!
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Matrix Product States for Classiftication

- tmtr T

 How to embed the data?

* How to form a network? |

* How to train the network?

Prop(x) = P(x;) ® PPH(xy) ® -+ @ ¢PPi(x,)

— Data Embedding e
’ O

|
[
|

cos(x; m/2)]

PP(x) = or $P(x) = |

sin(x; 7/2) | 2
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OI’ coe

———— e — e e —

PPPPPPY




Density Matrix Renormalization Group Algorithm
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Z ltruth lOg( (l X))
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Density Matrix Renormalization Group Algorithm
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Adjust the bond

dimension via SVD! Node 1 Node 11
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Top Tagging through MPS
L.

117.5

Entanglement Entropy & Schmidt Decompostion
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Top Tagging through MPS

n - based ordering Entanglement Entropy & Schmidt Decompostion
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