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Introduction
Wanted: Particle masses
me± , mπ± , mp , mK± , ...

Given: Information from CLAS12 sub
detector systems

Approach: Combine detector information
and feed them into a machine learning
algorithm
⇒ Get particle type

All results shown here are based on:
I Simulated single particle tracks
I GEMC
I COATJAVA
I Apache-Spark framework

Last Meeting:
I ROC-Curves and -Metrics
I Separation of of e− / π−

I Efficiency for e−: ∼ 95%
I No systematics related to magnetic

field
I Reliable performance for resolution

effects . 15%
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⇒ Todays Meeting:
i) Updates on the identification

of e− / π−

ii) Separation of K− / π−

iii) Deep Learning in PANDA
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https://gemc.jlab.org/gemc/html/documentation/runningJLab.html
https://github.com/JeffersonLab/clas12-offline-software
https://spark.apache.org/


Update on e−/π− Separation: Change of Momentum Range
Last Meeting

Last meeting: Momentum range up to 5GeV

Variables used for PID: p, ∆Ein, ∆Eout , ∆Epcal , Nphe(LTCC), Nphe(HTCC)

Efficiency for e−: ∼ 95%

Classifier: Neural Network, Boosted Decision Tree
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Update on e−/π− Separation: Change of Momentum Range
This Meeting

Momentum range up to 9GeV

Variables used for PID: p, θ, ∆Ein, ∆Eout , ∆Epcal , Nphe(LTCC), Nphe(HTCC)

Efficiency for e−: ∼ 95%

Classifier: Neural Network, Boosted Decision Tree
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Update on e−/π− Separation: Geometrical Performance

ROC-Curves for different detector regions ↓ θ ∈ [0◦, 45◦] → p ∈ [0.05GeV, 9.0GeV]

Performance shown here for a boosted decision tree

See different separation performance

⇒ Use different classifier in different detector regions ⇒ Optimize performance
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Update on e−/π− Separation: Purity Study
Issue/Problem: Purity changes with ratio: R ≡ #Background Events

#Signal Events

Having εS as signal efficiency and FPR as false positive rate, leads to:
Purity = εS × [εS + R × FPR]−1 / Here: εS = 95% and FPR = 5%

εS and FPR characterise the classifier used and are (ideally) constant
⇒ Calculate purity for different R and monitor performance
Maximize Purity:

i) FPR 7→ 0 (e.g. deep learning, combining classifier)
ii) Have control over R (e.g. cascade classification)
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Separation of K− / π−

Variables for PID:
p, θ, Nphe(LTCC), Nphe(HTCC),

∑
∆Ecal , ToF

Obtain efficiency for K−: ∼ 87%

Used a boosted decision tree for classification

Note: Variable selection has not been tuned
→ There is some room for improvement!
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Separation of K− / π−: Correlations

Look at correlations between classifier output(s)
Left: Just e− / Centre: Just K− / Right: e−, K− and π−

Perform a 2D cut ⇔ handle correlations
Just clustering algorithm to optimize event selection
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Deep Learning with PANDA
ML Group at IKP1 Juelich: M.C. Kunkel & W. Esmail

06. March 2018 Page 15

Input features :

Correlation Matrix:

PID performed at PANDA: ∼ 43 input variables
(e.g. momentum, position, raw energy, ToF, EMC hits, Muon quality,..)

Cut based PID

Daniel Lersch CLAS12 07.03.2018 8 / 9



Deep Learning with PANDA
ML Group at IKP1 Juelich: M.C. Kunkel & W. Esmail

06. March 2018 Page 16

• Neural Networks is about meaningfully transform the data

Neural Networks:

Transform

z Training loop of DNN:
¾ Input data, parameterize by weights (transform the 

data), predict and compute the loss score, and update 
(epochs).

PID performed at PANDA: ∼ 43 input variables
(e.g. momentum, raw energy, position, ToF, EMC hits, Muon quality,..)
Used/Tested boosted decision tree
Go over to Deep Learning in order to handle vast amount of information

I Trained a (deep) neural net with 3 hidden layers
I Optimization of node response functions

⇒ Apply and test this method for CLAS12
I Pros: Use raw data / second level trigger / handle multiple variable input
I Cons: Variable importance on specific PID / Redundancy / Complexity
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Summary and Outlook
2� Set up and use Machine Learning for PID of: e−, π− and K−

→ With efficiencies: 95%, 97% and 87%

2� Checked systematic influences and robustness
→ Magnetic field, resolution effects

2� First insights into deep learning in PANDA
2 Perform PID studies for p (ongoing)
2 Estimation of (model independent) Variable Importance (done, but lost code...)
2 Include further classifier algorithms (e.g. SVM, Likelihood,...) (partly done)
2 Possible X-check of PID-results (e.g. compare β(PID) with β(ToF))
2 Test methods on Data
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Backup: The e−π− Data Set
All Particles
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Backup: The e−π− Data Set
Electrons
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Backup: The e−π− Data Set
Negative Pions
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Backup: 1D Distributions before and after PID

Apply neural network algorithm on e−π− data set:
εS = 94%

PS = 62%
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Backup: 1D Distributions before and after PID
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Backup: Compare True and ID Distributions for true
Electrons

Apply neural network algorithm on e−π− data set:

εS = 94%

PS = 62%
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Backup: Comparison of PID-Plots

Top: MLP / Bottom: GBT
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Backup: Useful Relations
εS and FPR are features of the classifier and (ideally) independent of the ratio
between the species(
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Backup: Generating single Track Training Data

Java-based Module:
I Generate training data from reconstructed CLAS12 data
I Test a classifier on reconstructed CLAS12 data
I Can be run by/with multiple users/configurations

Module parameters are specified in a txt-file (see top figure)
Txt-file generation and submission to farm are run by a single script
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Backup: Training and Choice of the Classifier

Java-based Module:
I Specify the variables used for training
I Select the classifier that shall be trained
I Define how the classifier shall be trained
I Can be run by/with multiple users/configurations

Module parameters are specified in a txt-file (see top figure)
Txt-file generation and submission to farm are run by a single script
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Backup: Training a Classifier

  
NO
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Backup: Changing the Magnetic Field

Top: Classifier trained on: Tor. = −0.75 and Sol. = 0.8 and applied on: Tor. =
−0.75 and Sol. = 0.8
Bottom: Classifier trained on: Tor. = −0.75 and Sol. = 0.8 and applied on: Tor.
= −1 and Sol. = 1
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