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The ALICE experiment

ALICE - one of the experiments at the
Large Hadron Collider (LHC) at CERN

Heavy-ion collisions — production of
quark-gluon plasma (QGP)

e Deginnings of the Universe

e neutron stars
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Particle identification (PID)

Aim: provide high purity samples of particles of a given type

an essential step for many physics analyses, especially quark-gluon plasma measurements
e adistinguishing feature of ALICE among the LHC experiments:
o identification of particles of momenta from 100 MeV/c up to 20 GeV/c
o very good separation of pion, kaons, protons, electrons
o all known techniques employed: dE/dx energy loss, time-of-flight, Cherenkov radiation for
hadrons and transition radiation for electrons
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Present state-of-art

1. Traditional method:
o hand-crafted selections of selected quantities, e.g., no :

o  problems: -

m overlapping signals

m time-consuming optimization

log,(dE/dx)

2. Bayesian method (arxiv:1602.01392): anv-nuclexfU505026

o updating probability of an hypothesis with each new data (evidence)
o priors = best guess of true particle yields per events

o posteriors ~ purity

o increased purity, results concise with the traditional method

Both methods available in O — ALICE Run 3 software.

Can we go any better?


https://arxiv.org/pdf/1602.01392.pdf
https://arxiv.org/pdf/nucl-ex/0505026.pdf

Machine learning for PID

classification problem — a ML "'standard"’

can use various track parameters as input, more information accessed
can learn more complex relationships between PID and track properties
many software libraries available, no need to code from scratch

Note also the limitations:

e good quality of the training data (MC samples)
e hard to obtain systematic uncertainties
e hard to follow classifier's "'reasoning"’



Random Forest (RF) on Run 2 data

Preliminary work in 2019 for LHC Run 2

Tomasz Trzcinski, tukasz Graczykowski, Michat Glinka, ALICE Collaboration, et al. Using Random Forest classifier for particle
identification in the ALICE experiment. In Conference on Information Technology, Systems Research and Computational

Physics, pages 3-17. Springer, 2018

Why Random Forest?

e a set of decision trees, each trained on a random subset of the training data

e casy to parallelize, e.g., on GRID
e resistant to overfitting

Single Decision Tree

Our approach

e tree generation: Gini index R
e selection: majority of votes by trees () O

e adaptive boosting é o & é
© O O «

Gradient Boosted Trees
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TPC signal (a.u.)

Run 2 results

e pp at 7 TeV, Pythia 6 Perugia-0

e kaons vs other particles

Traditional PID:
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Contamination of kaon samples
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Domain adaptation

Training set: labeled data — MC samples
Apply set: unlabeled real data with different distributions of attributes

— worse performance on real data

How can we transfer the knowledge from training to inference?
Standard PID example: ''tune on data"
e (et parametrization from data — real data

e generate a random detector signal — MC data L bkl i
e equivalent distributions of real and MC samples — the dn‘ferences are statistical ﬂuctuatlons

Machine learning:

e actually learn the difference between data domains
e translate both data to a single common hyperspace




First results of domain adaptation

pp data at 13 TeV, LHC Run 2

training: PYTHIA 8 with Monash tune

classification improved — reduction of contamination
more research ongoing

No domain adaptation With domain adaptation
tpc vs momentum, classified as 2212 9 %100 300 tpc vs momentum, classified as 2212
1.8 x 10° 3 250
=
1.6 x 10° = 500
=
©
1.4 x 10° > 150
=
L
1.2 x 10° © 100
: O
E 50
107 0 1
10° 1g* 10 10

p (GeV/c) p (GeV/c)

-2 x10°

1.8 x 10°

1.6 x 10°

1.4 x 10°

1.2 x 10°

_100



Domain Adversarial Neural Networks (DANNS)

feature mapping: input — domain invariant features
particle classifier: recognize particles based on domain invariant latent space
domain classifier: recognize MC vs real samples

Training more complicated:

1. Train the domain classifier independently.
2. Freeze the domain classifier. A
3. Train jointly particle classifier and feature mapper
while fouling the domain classifier. .
4.  Weights of the feature mapper:
gradient from particle classifier T ‘
+ reversed gradient from domain classifier

Linear 200 nodes
Linear 200 nodes
Linear 200 nodes

Linear 200 nodes
Linear 200 nodes
Linear 200 nodes

/dent reverse

Linear 50 nodes
Linear 50 nodes

Application time similar to a standard classifier



Feature Set Embedding

Tracks of small momenta often do not reach TOF — no TOF signal signal available
Similarly, data might be missing from one or more other detectors.

Challenge: How can we keep classifying without making any assumptions about the missing values?

Feature Set Embedding (article):

Effect: simultaneous

learning of variants with and

without given feature

Development ongoing,
collecting the data from
various PID detectors.

instead of vectors, use (feature, value) pairs; no value — no pair
map pairs into an embedding space of fixed dimension

predict output class from embedded vectors
2 functions (networks) to learn: (feature, value) pairs—embeddings, embeddings—class

Input

Feature A: 0.15

Feature B missing
Feature C missing

o p
Feature D missing =—

Feature E: (.28
Feature F: 0.77

Feature G missing

Set Embedding

p(F,0.77)

(Non) Linear Combination Linear Descision

________ - Class 1
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—_— Class 3

[ ]
p(A,0.15)
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Image source: article



https://proceedings.neurips.cc/paper/2010/file/5f0f5e5f33945135b874349cfbed4fb9-Paper.pdf
https://proceedings.neurips.cc/paper/2010/file/5f0f5e5f33945135b874349cfbed4fb9-Paper.pdf

Integration with O?

02 Physics Python PidOnnxModel class 02 Physics
Model loaded via ONNXRuntime
PID ML producer task PID ML Python software Your main O2 analysis task

Convert tracks e 1N Neural network on comparable MC input data == »  Analyze input collisions and tracks
to PID ML input Store trained models on GRID using track PID from the PID ML task

e convenient interface clearly separated from the rest of analysis

e 1instance = 1 model = 1 particle specie recognized (yes / no)

e using all capabilities of Python ML libraries for training

e ONNKX file format and ONNXRuntime software used for inference in O? C++ environment

e already implemented, more extensions coming soon

Real-world analysis with ML PID:

e large volume of data needed — test on Hyperloop / GRID
e possible after enabling access to model files on GRID (in progress, coming soon)
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Summary and outlook

e very good Run 2 results with Random Forests classifying kaons
e no need for manual work, optimization
e promising domain adaptation results

Challenges:

e missing values — Feature Set Embedding
e analysis on GRID

Plans:

e consider adding more detector signals (TRD, HMPID) and encode the inputs

e achieve better performance than traditional methods for identification of kaons, pions, protons,
electrons

e estimate systematic uncertainties
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Thank you for your
attention!

© Klaus Barth
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Simple network implementation

linear layers with Leaky Rel .U, sigmoid at the end
simple: dropout after each linear layer

Parameters:

optimizer: Adam

output layer: 1 node (yes / no for a given particle)
loss function: binary cross entropy

scheduler: exponential with rate 0.98

learning rate: 0.0005

batch size: 64

epochs: 30

O PyTorch
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