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AI Reaction ID

 Investigate using low level detector information to ID specific reactions pre-
reconstruction, for example with raw hits in the DC. There’s several potential 
applications:

 Improved triggering.

 Prescaling of data.

 Online analyses  during data taking.

 Investigate using reconstructed P/Theta/Phi to ID specific reactions at the 
analysis level towards background reduction and disentangling different 
physical processes.

 For these studies we used J/ψ photoproduction as an example because I 
had simulations and data at hand, the principle showed here is applicable 
to other reactions.



Supervised Machine Learning

 Reaction ID is a classification task for which 
supervised machine learning is well suited.

 This requires training data containing 
examples of each reaction we want to ID, 
which we can produce with GEMC 
simulations. 

 We’ll use deep neural networks (DNN) 
made of three hidden layers with 56/28/14 
nodes. For raw data we add convolutional 
layers (64/64/16 filters) to the DNN. 

 The convolutional layers apply filters to an 
image to enhance or remove certain 
features.
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Low Level Detector Information

 CLAS12 Drift Chambers measure the four 
momentum components of charged 
particles.

 They’re composed of 6 Layers per 6 
Super Layers each with 112 wires, per 
sector. We can create a 6x672 array 
with average wire hit in each superlayer 
such as:

 Wire=wire + (sector-1)*112

 The training samples have:

 Positive sample is the reaction of interest.

 Negative sample is mismatched particles 
from different events of the positive 
sample.
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Reconstructed 

Momenta
 We can also use the reconstructed values of 

momentum/Theta/Phi with either:

 An exclusive final state (e’ e+ e- p)

 An inclusive final state (e’ p, e’ e+ e- or e+ e- p)

 As before the training samples have:

 Positive sample is the reaction of interest.

 Negative sample is mismatched particles from different 
events of the positive sample.

 The training samples are constructed so that for each 
particle the momentum/Theta/Phi are similar in the 
positive and negative samples.

 What we want the classifier to learn are the kinematics 
of specific reactions and exclusivity quantities (ie 𝑀𝑀2).



Tails due to e+/e-

radiating photons
 We can also use the reconstructed values of 

momentum/Theta/Phi with either:

 An exclusive final state (e’ e+ e- p)

 An inclusive final state (e’ p, e’ e+ e- or e+ e- p)

 As before the training samples have:

 Positive sample is the reaction of interest.

 Negative sample is mismatched particles from different 
events of the positive sample.

 The training samples are constructed so that for each 
particle the momentum/Theta/Phi are similar in the 
positive and negative samples.

 What we want the classifier to learn are the 
kinematics of specific reactions and exclusivity 
quantities (ie 𝑀𝑀2).

Reconstructed 

Momenta



Invariant Mass  

from Exclusive DNN 
Selected by 

Classifier

Rejected by 

Classifier

Including 

radiative tails



Invariant Mass from 

Inclusive DNN  
Selected by 

Classifier

Rejected by 

Classifier

Lost Signal

Including 

radiative tails



Response and metrics

 The response is the classifier’s output.

 A tight cut on the response leads to a cleaner event 
selection, although at the expense of loss of signal.

 Metrics calculated here for testing sample with equal 
amounts of positive and negative sample events.

 Prediction rate for all is of order 105 𝑠−1 .

Training 

Sample

Accuracy Purity at 

Efficiency of 0.95

e’ e+ e- p 0.95 0.94

e’ p 0.95 0.94

e’ e+ e- 0.75 0.6

e+ e- p 0.9 0.85

e+ e- p

e+ e- p



Positive 

Sample

Negative 

Sample

RG-A Fall2018

|𝑀𝑀2| < 0.3 𝐺𝑒𝑉2

𝑄2 < 0.3 𝐺𝑒𝑉2

RG-A Fall2018

No Cuts

 Only consider e+ e- p 

case in data. 

 Try two datasets, RG-A 
Fall2018 and RG-B 

spring2019.

 Analysis procedures:

 Require e+/e-/p in FD.

 Have AI positron ID, EB 

PID for e-/p.

 Radiative corrections to 

e+/e-.

AI Reaction ID 

on Data



RG-B spring2019
J/𝜓 on Proton

𝑄2 < 0.3 𝐺𝑒𝑉2

Response>0.86

𝑄2 < 0.3 𝐺𝑒𝑉2

 Change training samples when using 
a deuterium target, or different beam 
energies (10.2 GeV and 10.6 GeV in 
spring 2019 RG-B).

 Simulated deuterium target with
elSpectro event generator. 

 We apply cuts on 𝑄2 to produce a 
clean sample. Most J/𝜓 past these 
cuts are retained by the classifier.

https://github.com/dglazier/clas12-elSpectro


Multiple Reactions

 For J/𝜓 analysis we rely on Bethe Heitler for normalization.

 Bethe Heitler has different kinematics to J/𝜓 and is removed by the classifier 
shown in the previous slide.

 We can train a classifier to ID 3 reactions:

 J/psi as before

 Bethe Heitler photo/electroproduction

 Combinatorial Background

 The principal can be applied to any analysis to disentangle different 
physical processes and sources of background.



Multiple Reactions

 Three training samples:

 J/psi as before

 Bethe Heitler

photo/electroproduction

 Mismatched particles from events in 

both above

 Use TCSGen for Bethe Heitler

photoproduction simulation and 

Grape for electroproduction.

 Overall accuracy of 90% on testing 

set.

https://github.com/JeffersonLab/TCSGen/tree/c90d8258f86b491abeef6d8f02116771d5bdaa7d


Conclusion and Next Steps

 Multivariate classifiers can be trained on simple kinematic information to identify 
reactions (for example J/ψ photoproduction). 

 This can be done both pre and post reconstruction depending on what we want to 
achieve.

 The classifiers can be trained on simulated data and applied to CLAS12 data taken 
both with a proton or deuteron target.

 We can remove large backgrounds by emulating these with mismatched particles 
from different events.

 Expanding on this, we can instead train our classifier to ID different physical processes 
and sources of background.

 Given interest, we want to write some simple software tool to make it easier to do. 



Backup Slides



RG-A fall2018 𝑀𝑀2 < 0.3 𝐺𝑒𝑉2

𝑄2 < 0.3 𝐺𝑒𝑉2

𝑄2 < 0.3 𝐺𝑒𝑉2

Response>0.1

 Simulation with a proton target, 

applied to RG-A fall2018.

 We apply cuts on 𝑄2 to produce a 
clean sample. Most J/𝜓 past these 

cuts are retained by the classifier.



Bias Towards 

Observable

 We can make some qualitative 

statements with regards to a 

potential bias towards the J/psi 

invariant mass.

 For example, the classifier can 

ID radiative tails.
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 We can make some qualitative 

statements with regards to a 

potential bias towards the J/psi 

invariant mass.

 When training only on e+/e-, we 

can see a bias on the testing 

data towards the J/psi mass.
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Bias Towards 

Observable

 We can make some qualitative 

statements with regards to a 

potential bias towards the J/psi 

invariant mass.

 When training only on e+/e-, we 

can see a bias on the testing 

data towards the J/psi mass.


