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‣ IML Workshop 2017 Challenge [20 March - 22 March] 
‣ Challenge: Discriminate between quark-induced vs gluon-

induced jets using reconstructed features 
‣ Metric: Area under the Curve of the Receiver Operating 

Characteristic (ROC AUC) 
‣ Details: https://gitlab.cern.ch/IML-WG/IMLWorkshop2017-

Challenge

https://gitlab.cern.ch/IML-WG/IMLWorkshop2017-Challenge
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‣ The Dataset
‣ Randall-Sundrum gravitons from  

proton-proton collisions at sqrt(s) = 13 TeV 
‣ Pythia decays to either: gg or qqbar with q = u,d,s,c,b
‣ Delphes detector simulation 
‣ fastjet reco using anti-kT (R=04) + ParticleFlow 
‣ pT range clipped to [100-130] GeV 

‣ Dataset split
‣ Total trainable data: 7,586,910 

‣ Quarks: 5,472,795  
Gluons: 2,214,115

‣ Validation split: 100,000 (13%) 
‣ Total test data: 3,135,239  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‣ Original inputs: 
mass: reconstructed jet mass  
ntowers: number of calorimeter towers associated with jet  
shape radial: sum[trk pT * DeltaR(trk,jet)] weighted by jetPt 
dispersion: RMS of track pTs
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‣ Additional inputs: Include a few other reconstructed quantities corresponding 
to energy deposits from different subdetectors
‣ ntrks: number of tracks connected to tower 
‣ trkPtSum: scalar sum of all the track pTs 
‣ towESum: scalar sum of all the tower energies 
‣ towEemSum: scalar sum of all the EM tower energies 
‣ towEhadSum: scalar sum of all the Hadronic tower energies 

‣ And, of course, jetPt
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‣ Augmented inputs:
‣ To account for possible differences in scaling of these new inputs wrt jetPt 

and even wrt themselves, take the ratio of above inputs with jetPt and with 
each other  
e.g. towEemSum / towEhadSum and its inverse

‣ However, taking ratio could also possibly “divide out” any differences in 
scaling if quantities are correlated, so additionally take product with jetPt 
(and each other) to enhance any such correlations
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‣ Our inputs now span very different orders of magnitude 
‣ Very important to scale and center distribution of data otherwise optimizer will fail 

train!
‣ Can use sklearn.preprocessing.StandardScaler 
‣ Allows us to save transformation and reapply to test set later



IML Challenge | Model

8

‣ Fully-Connected (FC) Neural Network
‣ 2 hidden layers 
‣ 20% dropout 
‣ sigmoid activation 
‣ weights initialized via glorot_normal 

‣ Training Parameters
‣ Initial learning rate (LR) of 5.e-03 
‣ Decay LR by 0.1 every 8 epochs  

to a minimum of 1.e-06   
‣ Batch size of 64 samples 
‣ Adam optimizer 
‣ Run for 20 epochs or until “convergence”
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‣ Validation set size: 100,000 samples
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‣ Validation set size: 100,000 samples
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‣ Validation set size: 100,000 samples 
‣ ROC AUC: 0.7993
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‣ Test set size: 3,135,239 samples
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‣ Test set size: 3,135,239 samples 
‣ ROC AUC: 0.7921


