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Dark Matter

Baryonic Matter
5%

Dark Matter
26%

Dark Energy
69%

long-lived over the age of the Universe

feebly-interacting with photons and baryons

not too hot
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img source: https://particleastro.brown.edu/dark-matter/
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DM searches @ LHC — Monojet
Monojet channel = 1 or more hard jets  
recoiling against a missing transverse 
momentum and no isolated leptons
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The idea
One of the challenges for the Monojet searches is that we 

observe very similar jets for both signal and background

Analysis of jet substructure is needed

With Machine Learning we can effectively analyse low-level 
data

ML can learn both local and global correlations

GOAL: Design new analysis using ML
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GOAL: Design new analysis using ML
 We want approach that can be applied (with retraining):

 to real data

 to many BSM models

 We want to combine low-level and high-level information

 We want to include soft activity

 We want robustness againsts:

 changing masses of BSM particles in a reasonable range

 changing other model parameters, e.g. mixings

 We want to quantify the uncertainty of our method



Theoretical Model

Morskie Oko, Tatra, 
Poland
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Weakly Interacting Massive Particles (WIMPs)

Strongly Interacting Massive Particles (SIMPs)

Axions and axion-like particles

Dark photons

Sterile neutrinos

Primordial Black Holes

…

Dark Matter candidates
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Supersymmetry
symmetry relating fermions and bosons 

ψ ↔ ϕ
quark (up, down, …) <-> squark (sup, sdown, ..)
lepton (electron, muon, tau) <-> slepton (selectron, smuon, stau)
neutrino <-> sneutrino
gluon <-> gluino
B/W boson <-> bino/wino
Higgs (2!) <-> 2 higgsinos} neutralinos 

charginos 
(χ̃0

1, χ̃0
2, χ̃0

3, χ̃0
4)

(χ̃±
1 , χ̃±

2 )
mixing

Electroweakinos
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Benchmark model
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Benchmark model
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EWKino-squark squark-squarkEWKino-EWKino(Z → νν̄) + jets

ν
ν̄Z

j

j

Contributing signal processesSM background

mχ̃ ∈ {200, 300, 500, 700, 900, 1100} GeV
mq̃ ∈ {2.0, 2.2, 2.3, 2.7, 3.0} TeV
mg̃ = 10 TeV



Malbork Castle, Poland  
photo from museum’s FB page

Neural Network architecture
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Jets and jet tagging

Naive definition:
Collimated bunch of hadrons 
flying in roughly the same 
direction

Proper definition:
Collection of hadrons defined 
with a jet algorithm
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ParticleNet

Table from: https://arxiv.org/pdf/2405.14806

https://arxiv.org/pdf/2405.14806
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ParticleNet—edge convolutions
φ

η
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ParticleNet—edge convolutions
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ParticleNet—edge convolutions



R. Masełek ML coffee 17-01-2025

φ

η

ParticleNet—edge convolutions

xi1 = {log(pT), log(E), ηREL, ϕREL}i1

xi2

xi3

xi4

xi5

xin

xi
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xi1 = {log(pT), log(E), ηREL, ϕREL}i1

xi2

xi3

xi4

xi5

xin

xix′￼i =
1
k

k

∑
j=1

MLPΘ(xi, xij − xi)

ParticleNet—edge convolutions

Multi Layer Perceptron  
with trainable weights Θ shared among all edges

sum over k  
nearest neighbours

representation  
in a new space
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ParticleNet (lite)
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https://arxiv.org/abs/1902.08570
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Analysis

Dense (256, ReLU, L2=10-3)

Dense (128, ReLU, L2=10-3)

EdgeConv  (k=7)

EdgeConv  (k=7)

Global Average Pooling

Dense (256, ReLU, L2=10-3)

Dropout (0.5)

Dense (128, ReLU, L2=10-3)

Dropout (0.5)

Dense (2, Softmax)

coordinates
high-level 

features
particle 
features

Dense (128, ReLU, L2=10-3)

Dense (128, ReLU, L2=10-3)

Dense (128, ReLU, L2=10-3)

Dense (128, ReLU, L2=10-3) Dense (128, ReLU, L2=10-3)

•  

•  

•  

•  

•  

•  
• lepton veto  

•  

•  

•  

•  

• particle 

4 ≥ #jets ≥ 2
p1j

T > 520 GeV
η1j < 2.0
p2j

T > 320 GeV
η2j < 2.0
MET > 820 GeV

Δϕ (j1,2,3, pmiss
T ) > 0.8

Δϕ (j4, pmiss
T ) > 0.4

MET/ HT > 16 GeV
Meff > 1600 GeV

pT > 1 GeV

Preanalysis GNN model



Beach in Dębki, Poland

results
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Ensemble training
winoshiggsinos

mχ̃ = 300 GeV, mq̃ = 2.2 TeV
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Binary classification
threshold
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Binary classification

signalbackground
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Binary classification

signalbackground

TPR = TP/(TP+FN)
FPR = FP/(FP+TN)

(positive)(negative)
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Evaluation
winoshiggsinos

mχ̃ = 300 GeV, mq̃ = 2.2 TeV

better
better
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Signal efficiency vs. naive significance

winos

higgsinos

HL-LHCRun-3

mχ̃ = 300 GeV, mq̃ = 2.2 TeV

Z = S/ S + B
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Limits for winos
HL-LHCRun-3
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Limits for higgsinos
HL-LHCRun-3
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Comparison with BDTs (winos)

=
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Impact of the pT cut (winos)
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Cross evaluation for binos
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Limits for binos
HL-LHCRun-3



Interpretation

Sokolica peak, Poland
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Input-output correlation
winos higgsinos
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Variable shuffling
winos higgsinos
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Jet images (winos)

BLUE -> higher activity for background
RED -> higher activity for signal
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Summary
 Dark Matter can be searched @ LHC


 We introduce a new analysis based on GNN


 SUSY as benchmark model:


 EWKino pair production


 EWKino-squark associated production


 squark-pair production


 We evaluate our model:


 sample composition is crucial: the more squarks the easier the classification


 high robustness against a change of the EWKino type


 high robustness against the change of the masses of sparticles


 We derive the limits


 Our approach is better than BDTs


 Soft activity is used, but can simulation be trusted?


 We interpret the network’s behavior

https://arxiv.org/abs/2411.00093



Thank you for attention!  
rafal.maselek@lpsc.in2p3.fr

Dolina Chochołowska, Poland  
photo by Piotr Kałuża

mailto:rafal.maselek@lpsc.in2p3.fr
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Backup slides
Rafał Masełek
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Sample composition
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Mass dependence (winos)
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Mass dependence (higgsinos)
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Variable importance (winos)
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Variable importance (higgsinos)


