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Background Info

e [ am Carlos, from Ecuador

* B.Sc. in Physics at Yachay Tech (Ecuador)

* Master 1in Physics at the University of Padova (Italy):
U First steps in HPC

J Quantum Machine Learning for jet classification @LHCb

* Ph.D. student at Heidelberg University (Germany):
[ Search for dark photons from Charm decays @LHCb

» HLT2 Trigger Lines development

> Mass resolution studies



Quantum Machine Learning (QML)

O QML = Quantum Computing + Machine Learning -> deal with the increased luminosity &
limited bandwidth @ HL-LHC

O Quantum Computer is trained as a neural network.

d Quantum hardware is simulated using Pennylane (quantum differentiable programming)

Workflow of a QML algorithm:

1. Preprocess the Data
* Scale the data to be suitable for the Quantum Circuit
2. Choose a QML model

e QC simulation Z h
3. Embed the data into the model — x-x) —* ! A
e Feature map into quantum states

!

4. Train the mOdel —> Mean Square Error “a=
e Update the QML parameters up to minimize the cost function. o
5. Evaluate the model _, _b©
: , - Ntot
 Calculate the test accuracy using data not used in the training b()
6. Tune classical parameters > W= Woa— AV, C

e Learning rate can be modified to improve the accuracy
7. Measure the performance
e Use a scorer and compare it with the classical ML method.

— QMLvs. ML
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* Big room for improvement.
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New QC can be implemented



Future Prospects:

J QML developments:

Apply new QML algorithms and learn how to exploit features correlations.

Take profit of Quantum hardware with many qubits (simulations is
computational demanding).

* LHCb ongoing projects:
» QC for Track Reconstruction
» QML for b-jet flavour tagging

J About this workshop:
* Discussions about open source development.

Understand the needs in HEP analysis and how developers deal with it.
* Packaging of tools.






