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Dark Matter 

M.Schumann, J. Phys. G 46 (2019),  103003

Dark Matter 
Exists

Beyond the Standard Model



Dark Matter Detection: Current Constraints
MET+X (jet, photon, W/Z (jets/ll),H(b/tau)+HF (b/t) pair+single top)

M.Schumann, J. Phys. G 46 (2019),  103003CMS Collaboration, Phys. Rev. D 97 (2018),  092005 



More Recent Review 

A. Radovic et al., Nature 560(2018) no. 7716,41
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Machine Learning techniques increase 
the discovery potential of the  

experiments



Nature paper
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• SMEFT (new physics deformations)  

• Top tagging 

• Novelty detection  

• Anomaly detection 

• Cosmological phase transitions 

• DijetGAN  

• many more..



DM at LHC: Monojet Channel 

ℒa ⊃ −
gagg

2
a Tr [GμνG̃μν]

CKK, Veronica Sanz, Michael Soughton, arXiv: 1910.06058 [hep-ph]

Axion-Like particles (ALPs) could decay 
after being produced but not inside the 

detector

Simplified models: spin-1 mediator 

ℒY = χ̄γμgV
χ χYμ



Analysis set-up

pj
T(MET ), η j, ϕ j p j

T > 130GeV

pp → ajALPs

pp → χχ̄jEFT, spin-1 mediator 

pp → χ̃0
1 χ̃0

1 jSUSY-WIMP

Feynrules Model : 
MSSM-SLHA2,ALPsEFT, DMSimp

 14 TeV, 400K events 
using MC@NLO Madgraph 
s =

CKK, Veronica Sanz, Michael Soughton, arXiv: 1910.06058 [hep-ph]

LO, parton level analysis

NLO, detector level analysis

pj1
T , pj2

T , η j1, η j2,MET, Δϕj1 j2, Δϕ j1
MET, Δϕ j2

MET pj1
T > 130GeV, pj2

T > 25GeV

200K events 
DELPHES (ATLAS default run card)



Kinematic Distributions

Azimuthal angular distribution, 
No preferred direction for the WIMP

ALP has similar distribution as  
SM background

Transverse momentum of the  jet 

pp → Z( → νν̄)j
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(Deep) Neural Network 

ϵS : Signal Selection
ϵB : 1−Background Rejection
AUC: Area under  the ROC curve

Training set: Test set = 70 %: 30%  
(data scaling)  

Hidden layers:  5 (optimised) 

Activation function: ReLu 

Dropouts: 0.2  

Loss function: Binary Cross-
entropy



DM Characterization



2D Distributions (LO Parton Level)



DNN for 2D Histograms
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TPC for Xenon1T Experiment

S1

S2

Dual-Phase TPC:

• Particle interacts with LXe

• Prompt scintillation, S1

• Ionisation electrons drift 
upwards due to Edrift

• Extracted using Eextraction at 
GXe

• Delayed signal, S2



TPC output as images

WIMP event
ER background  

Laidbax 
Wimprates 

Blueice
FAX PAX

https://github.com/XENON1T/pax
https://github.com/XENON1T/laidbax

Aalbers, J. (2018) Dark Matter Search with XENON1T (Doctoral dissertation, 
University of Amsterdam)

Simulation Tools for XENON1T



Convolutional Neural  Network 

• Convolutional layer: detect edges  

• Pooling: compress the information  

• Classification: (fully) connected hidden layers



WIMP versus  ER background

• CNN:
• 2 Convolution layers + 

ReLU activation function
• 20 Neurons per layer
• Pooling layer:
• Max Pooling
• Flatten
• ReLU activation function

• Output layer:
• Sigmoid activation function



Conclusions and Outlook

• We demonstrate the possibility of using ML for the Dark 
Matter Searches 

• It shows the promising reach for disentangling among 
collider Dark Matter searches as well as for the direct 
detection experiments 

• These works set the benchmark for the unsupervised 
anomaly detection methods 



TPC output

Detector output  can 
 be viewed as images

See e.g. Adamson, P. et al. Search for active-sterile neutrino mixing using neutral-current interactions 
in NOvA. Phys. Rev. D 96, 072006 (2017)

Neutrino Physics: 

The ATLAS Collaboration. Quark versus 
Gluon Jet Tagging using Jet Images 
with the ATLAS Detector. Report No. 
ATL-PHYS-PUB-2017-017, https://
cds.cern.ch/record/2275641 (CERN, 
2017) 
CMS Collaboration. New Developments 
for Jet Substructure Reconstruction in 
CMS. Report No. CMS-DP-2017-027, 
h t t p s : / / c d s . c e r n . c h / r e c o r d /
2275226(CERN, 2017)



PAX (Processor for Analysing Xenon)





Neural Network (NN): Basic Structure  

Input layer nodes: set of 
observables(kinematical 
features)/images 

Number of hidden layers 
(shallow or deep NN) 

Output layer: predictions 

Train the network using training sample and make predictions for the test set

Training sample, validation sample, test sample


