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• Aim: Develop a ML-based algorithm to detect Soft Unclustered Energy Patterns 

     (SUEP) in real time at the LHC


• Deploy this algorithm in a High Level Trigger (HLT) system


• Physics motivation: SUEP may be a signature of strongly-coupled hidden valleys, hidden extensions of the standard 
model (SM) [JHEP 08 (2017) 076]


• Main background for the (gluon-gluon production) SUEP search: SM QCD events


• A computer-vision problem: the data are RGB images


• Use case: energy deposits (in 𝞰-ɸ plane) in the inner-tracker, ECAL and HCAL sub-detectors of the CMS detector


• We are developing an autoencoder exploiting convolutional neural networks (ConvAE) 

• Biggest challenge: sparsity of the training data (see next slide)


• The unsupervised learning of ConvAE using QCD events will make it capable to detect any anomalous (non-QCD) 
physics event (with large loss values) if it will occur in the proton-proton collisions

https://link.springer.com/article/10.1007/JHEP08(2017)076#citeas
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Energy deposits: QCD
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• Signature of two QCD jets (spray of particles) random in the 𝜂-ɸ plane
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Energy deposits: SUEP
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• Spherically-symmetric signature of large number of particles in ɸ
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ConvAE reconstruction
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QCD TEST INPUT
PREDICTION

Training loss

X_train: 50k QCD events

batch_size = 128
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Latent-space feature (0, 0, 62)
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• Latent space features give separation between SUEP and QCD 


• We are investigating to build a metric from all (1280) latent space features
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X_test: 4k QCD/SUEP events
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ConvAE loss
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X_test: 4k QCD/SUEP events
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Alternative loss function
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• Not all inputs produce an output 🤨 but the ones which do, it’s exactly the same (high-energy) pixels 🙂

PREDICTION
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ConvAE loss
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X_test: 4k QCD/SUEP events
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Summary
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• Development of ConvAE for SUEP detection in real time at an HLT at the LHC is near its completion


• Biggest challenge: highly-imbalanced training data


• Intermediate filters in the encoder capture the nature of the inputs pretty well but the decoder 
reconstruction is not yet optimal!


• Several technical aspects, i.e., loss function, activation function, batch size, etc., are under 
investigation


• Variational ConvAE is under study as well. The latent-space loss can serve the purpose.


• Our work focuses on detecting a SUEP signal; however, the technique can be applied to any new 
physics model that predicts signatures anomalous to the QCD events!
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Backup slides
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QCD and SUEP samples generation (pythia8244)
• Beams:eCM = 13600 GeV 

• QCD (1M events): 

• HardQCD:all = on


• PhaseSpace:pTHatMin = 200 <= minimum gen-level pt cut in GeV


• PhaseSpace:pTHatMax = 7000 <= maximum gen-level pt cut in GeV 

• PartonLevel:ISR = on


• SUEP (100k events per Higgs boson mass point): 

• Only HiggsSM:gg2H = on


• PartonLevel:ISR = on


• Higgs boson mass = 125 GeV, 400 GeV, 700 GeV, 1 TeV (Today’s results are for 1 TeV) 


• Dark meson mass = 2 GeV and BR = 100% (2 dark photons)


• Dark photon mass = 0.7 GeV and BR = 15% (e+e-), 15% (mu+mu-), 70% (pi+pi-)


• Dark temperature = 2 GeV


• Delphes-3.5.0 is used for CMS detector simulation 

• # pile-up events = 50 

• Pile-up corrections are applied for tracker only
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Other details
• Event selection:  

• |eta| < 2.5


• HT > 500 GeV


• QCD eff: ~85%


• SUEP eff: ~2.1% (125 GeV), ~10.4% (400 GeV), ~18.4% (700 GeV), ~22.7% (1 TeV)


• CMS ECAL granularity: 0.0175 x 0.0175 radians2 => 286 𝜂 bins x 360 ɸ bins


• Since CMS HCAL granularity is 0.0875 x 0.0875 radians2, each HCAL tower is divided into 25 towers 
each having 1/25th of energy


• RGB channels are separately normalised using x /= 2000 and then fed to the ConvAE for training/validation

QCD SUEP(1TeV)
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True and predicted E
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X_test: 4k QCD/SUEP events
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Alternative loss function
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Training loss

X_train: 50k QCD events

batch_size = 128
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P

✏2i (i runs on non-zero input pixels only)

Total trainable parameters = 195,977

Loss = 1 -

P
(X·Y )P

(X)+
P

(Y ) (X = input; Y = prediction)

Adam(lr = 5e-4)

Loss =
P

✏2i (i runs on non-zero input pixels only)

Loss = 1 -

P
(X·Y )P

(X)+
P

(Y ) (X = input; Y = prediction)

Layer Kernel size Activation Output shape

Input (288, 360, 3)

Conv1 3 ELU (288, 360, 32)

AvPool1 3 (96, 120, 32)

Conv2 3 ELU (96, 120, 32)

AvPool2 2 (48, 60, 64)

Conv3 3 ELU (48, 60, 64)

AvPool3 2 (24, 30, 64)

Conv4 3 ELU (24, 30, 64)

AvPool4 2 (12, 15, 64)

Conv5 2 ELU (12, 15, 64)

AvPool5 3 (4, 5, 64)

Conv (Latent space) 2 ELU (4, 5, 64)

�2
=

NeventsX

j=1

3X

i=1

(xcorr
i,j � bj � ajxi,j)

2

�2
i

(�i = hit unc.) (1)


