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Searching for Dark Matter with Semi-Visible Jets in the 
ATLAS Experiment at the Large Hadron Collider

Introduction & Motivation 
• The Standard Model (SM) provides the best known description of the fundamental particles 

and their interactions, but fails to describe the nature of dark matter (DM) 

• Some theories suggest DM contains "dark quarks” which produce (invisible) dark hadrons 
that partially decay back to (visible) SM particles, generating “jets” that are semi-visible 

• We search for evidence of these dark quarks  producing semi-visible jets (SVJs) through a 
new, heavy mediator particle , which could bridge the SM and the dark sector 

• The parameter space we search spans the  mass and fraction of invisible hadrons 
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Machine Learning Methodology 
• Separating SVJs from QCD jets is challenging, since we have to rely on subtle differences 

between the hundreds of particle tracks associated with each object 

• This large parameter space leads nicely into a machine learning (ML) approach 

• The number of tracks is inherently variable per jet and their ordering permutation 
invariant, so we look for ML techniques that can exploit both of these features 

• The PFN allows for permutation invariance by creating a symmetric observable  from an 
arbitrary number of track features, letting us model SVJs as an unordered set of tracks 

• The fixed length observables  produced in the PFN’s latent space encode event level 
features that can be utilized to broaden the sensitivity beyond the SVJ signal model 

• We apply a VAE over the PFN latent space for semi-supervised anomaly detection
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𝒪a = ΣiΦa(pTi, ηi, ϕi)

AS = (1 + e−log10(ℒ))
−1

Particle Flow Network (PFN) - Supervised

Anomaly Detection on Particle Flow Latent Space (ANTELOPE) - Semi-Supervised

𝒪a = ∑
i

Φa(pTi, ηi, ϕi, Ei, d0i, z0i)

These observables are 
fed to a network  that 
is optimized for binary 
classification
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Anomaly score (AS) 
determined from VAE loss

 ℒ = MSE + KLD

Background Estimation
• The background QCD processes to SVJs produce a smoothly falling distribution in  which 

can be fit & estimated with a 5-parameter fit function 

• This functional strategy is developed and tested in the control & validation regions
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f(x) = p1(1 − x)p2xp3+p4 ln x+p5 ln2 x ,    are free parametersx ≡ mT / s pi

Search Strategy 
• The analysis strategy is defined based on the two different ML algorithms 

• Exclusion region: Particle Flow Network (PFN) → supervised ML 

• Uses a functional form fit of the transverse mass, , to define the background shape & 
set limits on the signal cross section for SVJ production 

• Anomaly detection region: ANTELOPE → semi-supervised ML 

• Uses the functional form fit of  to define the background shape & perform a bump hunt 
for any (model-independent) excesses of expected events (no SVJ model input) 

• Analysis regions are built from each of the ML tool scores and subleading jet width  
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Exclusion Region Anomaly Region

Control: < 0.05 
Validation:  > 0.05 & AS < 0.7 
Signal:  > 0.05 & AS > 0.7
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Control:  < 0.05 
Validation:  > 0.05 & PFN Score < 0.6 
Signal:  > 0.05 & PFN Score > 0.6
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Jet width  calorimeter 
measurement of jet width 
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Systematic Uncertainties 
• We account for a variety of systematic uncertainties that impact both the normalization and 

shape of our signals in the statistical treatment due to modeling and detector effects 

• These include uncertainties due to the luminosity of the LHC, the theoretical modeling of 

the SVJs, detector effects in jets from combined performance (CP) measurements, and 

systematic effects due to mismodeling of the background estimation (spurious signal)

Statistical Analysis & Results
• Fits are performed to the exclusion and anomaly region  spectrum in the signal region, and no significant deviations from the background prediction are observedmT

Normalization
Luminosity 0.83%

Spurious signal O(1-10)%

Theory ISR/FSR 20%

Theory      + PDF   20%

Shape
Jet CP (16 contributions) Negligeable

αs

Exclusion Region Anomaly RegionLimits BumpHunter

• In the exclusion region, the fitted shapes are used to set limits on the  

• Values of  from 2000 to 3200 GeV with varying  fractions ranging from 0.37 to 0.2, 
respectively, are excluded at the 95% confidence level

σ × Br (pp → Z′￼)

mZ′￼ Rinv

• In the anomaly region, the fitted shape is used as input to BumpHunter to determine the 
largest deviation from the background-only model, and to assess model independence 

• Order of magnitude improvement in generalizability w.r.t. model dependent strategy!


