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The lifetime frontier
Particle lifetimes in the Standard 
Model (SM) span many orders of 
magnitude 

Beyond-SM (BSM) physics could also 
manifest as long-lived particles (LLPs) 

Majority of CMS and ATLAS searches 
assume prompt decays of new 
particles… 
‣ Could easily miss a BSM signature
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What is LLP?

Long-lived particles in the 
standard model:
• approximate symmetries;
• kinematic suppressions;

First pixel layer (first 
layer of detector)

Detector 
tagged and 
energy 
detectable

Fig. credit: L. Lee @ ATLAS

For BSM particles:
• Prompt particles being 

actively probed;
• Detector Stable particles are 

probed as missing energy or 
EM charged stable particles.
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Long lived particles at CMS
A plethora of spectacular 
signatures 

Large amounts of phase space 
still uncovered 

Unconventional signatures, hard 
to reconstruct/identify physics 
objects 
‣ Key area to benefit from machine 

learning methods!
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Displaced jets
The experimental signatures of partons are jets 
— collimated sprays of particles 
‣ Up to 100 particles clustered in a narrow cone


Displaced jets is a dominant signature in many 
BSM theories 
‣ Need to be distinguished from regular SM jets


Several complementary approaches: no search 
has best sensitivity for all lifetimes 
‣ Displaced vertices

‣ Ionisation losses ( )

‣ Decays in the muon systems etc…

‣ Machine Learning techniques

dE/dx
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Displaced jet tagger 
A machine learning algorithm to 
identify (tag) generic displaced jets 

Input features (~700 total!): 
‣ Charged constituents (tracks)

‣ Neutral constituents (calorimeter 

clusters)

‣ Secondary vertices


Displaced jet features strongly 
depend on LLP  
‣ Parametrise network with LLP 

‣ Allows to identify displaced jets for a 

wide range of displacements (μm to m)

cτ0
cτ0
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Figure 2. An overview of the DNN architecture, which comprises convolutional and dense layers; the numbers of filters and nodes
are indicated. Dropout layers and activation functions are not shown. The input features are grouped by object type and (m! n)
indicates the maximum number of objects (m) and the number of features per object (n). The gradients of the class (Lclass) and
domain (Ldomain) losses with respect to the weights !w, used during backward propagation, are shown.

considers jets containing zero reconstructed secondary vertices. Zero padding is used to accommodate the
variable numbers of PF candidates and secondary vertices.

Each charged PF candidate is described by the following features: the pT relative and perpendicular to the
jet axis, the!! with respect to the jet axis, the track quality, and the transverse and three-dimensional
impact parameters (and their significances) of the track. Each neutral PF candidate is described by its energy,
the fractions of its energy deposited within the ECAL and HCAL subdetectors, the compatibility with the
photon hypothesis, the compatibility with the pileup hypothesis as determined by the PUPPI algorithm [75,
76]. Charged and neutral PF candidates are also described by the collinearity with respect to the jet axis and
the nearest secondary vertex. The features that describe each reconstructed secondary vertex include the
three-dimensional displacement (and significance) with respect to the primary pp collision vertex, the
number of associated tracks, and the following quantities determined from the four-momenta of the
associated tracks: pT, the!! with respect to the jet axis, and the invariant mass. The global jet features
comprise the jet momentum and pseudorapidity, the number of constituent PF candidates, the number of
reconstructed secondary vertices, and several high-level engineered features used by the CSV b tagging
algorithm [5].

Four sequential layers of one-dimensional convolutions with a kernel size of one are used, with each layer
comprising 64, 32, 16, 8, or 4 filters depending on the group of input features. Per particle candidate or
vertex, each convolutional layer transforms the features from the preceding layer according to its filter size.
By choosing a small filter size for the final layer, the overall operation can be viewed as a compression. After
each layer, a leaky rectified linear (LeakyReLU) [77] activation function is used. Dropout [78] layers are
interleaved throughout the network with a 10% dropout rate to mitigate overfitting. After the final
convolutional layer, the compressed feature vectors are flattened and concatenated along with the global jet
features. The input parameter c" 0 shown in figure 2 is described in section 5.3.

The resulting feature vector is fed into a multilayer perceptron, a series of dense layers comprising 200,
100, or 50 nodes. The softmax activation function is used in the last layer. Categorical cross entropy is used
for the loss function to predict the jet class probability. The DNN provides an estimate of the probabilities for
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Domain adaptation
Tagger is trained on simulated 
signal and background jets  
‣ Jet input features can be poorly 

modelled in simulation

‣ Tagger can “learn” unphysical 

features


Use a transfer learning method 
called domain adaptation (DA) 
‣ The resulting discriminant is 

domain invariant

‣ The tagger can be applied in a 

search with much higher 
confidence!
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Figure 4. Distributions of the maximum probability for the LLP jet class obtained from all selected jets in a given event,
Pmax(LLP|c!0). The distributions from pp collision data (circular marker) and simulated events (histograms) are compared in the
µ+jets (upper row) and µµ+jets (lower row) CRs, using a DNN trained without (left column) and with (right column) DA. All
probabilities are evaluated with c! 0= 1 mm. The Jensen–Shannon divergence (JSD) is introduced in the text. The lower
subpanels show the ratios of the binned yields obtained from data and Monte Carlo (MC) simulation. The statistical (hatched
bands) and systematic (solid bands) uncertainties due to the finite-size simulation samples and the simulation mismodelling of
the mistag rate, respectively, are also shown.

of agreement between data and simulation is further quantified by the Jensen–Shannon divergence (JSD)
[85], a measure of similarity between two probability distributions that is bound to [0, 1] and takes a value of
zero for identical distributions. The JSD is reduced by an order of magnitude following the application of
DA. The quoted uncertainties in JSD reflect the finite sizes of the data and simulated samples.

The application of DA leads to significantly reduced biases and uncertainties in the modelling of
P(LLP|ctau) and related variables in the signal-depleted CRs. This behaviour would translate into an
improved treatment for the estimation of SM backgrounds in the SR and the associated experimental
systematic uncertainties. However, only modest gains in sensitivity to new high-mass particle states may be
expected, as the dominant uncertainties arise from the finite-size samples of pp collision data and simulated
events.

7. Performance

The performance of the tagger is demonstrated using simulated event samples for split SUSY benchmark
models with an uncompressed mass spectrum, as defined in section 4, and c! 0 values of 1 mm and 1 m. The
two values of c! 0 give greater weight to the roles of the tracker and calorimeter systems, respectively.
Negligible SM background contributions are expected for the 1 m scenario. An inclusive sample of t̄t events
is used to provide both light-flavour (udsg) jets, through initial-state radiation and hadronic decays of the W
boson, and b jets, with pT > 30 GeV and |"|< 2.4.

The efficiency of the tagger to identify correctly the LLP jet class depends on the chosen working point,
defined by a threshold requirement on the jet class probability. The mistag rates for the remaining jet classes
also depend on the same working point. The receiver operating characteristic (ROC) curves that provide the
LLP jet tagging efficiency and the mistag rate for the udsg jet class as a function of the working point are
shown in figure 5. The uncertainties indicated by the shaded bands are determined from the standard
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Without DA With DA

Much improved agreement between 
data/simulation in a control region
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Searching for Heavy Neutral Leptons
Heavy Neutral Leptons (Right Handed 
Neutrinos) could: 
‣ Explain non-zero neutrino masses

‣ Provide a dark matter candidate

‣ Account for the matter-antimatter asymmetry


HNLs are sufficiently long-lived in the mass 
range of 1-20 GeV 
‣ Can decay to displaced jets with leptons

‣ Very difficult to discriminate against background 

low-energy (pileup) QCD jets


Current work: adapt the displaced jet tagger 
to search for HNL decay products
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