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Many extensions of the standard model can give rise to tau leptons produced with non-conventional
signatures in the detector. Certain long-lived particles may decay into tau leptons displaced sig-
nificantly from the primary proton-proton interaction vertex. Traditional tau reconstruction and
identification methods are not designed for such displaced signatures, necessitating the devel-
opment of specialized techniques. This note details an implementation of a machine learning
approach that employs the ParticleNet architecture to tag these displaced tau leptons effectively.
The newly developed tagger demonstrates strong performance in distinguishing tau leptons from
quark and gluon jets, particularly in events with large displacements of 10-100 cm, where it has a
typical efficiency of 70-80% at a misidentification probability of 1.8 × 10−4. Its performance is
validated with proton-proton data collected in 2018 by the CMS detector.
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Tau lepton identification in displaced topologies using machine learning at CMS

1. Introduction

Some extensions of the standard model (SM) [1, 2] provide strong motivation to search for
the tau slepton (𝜏̃), the supersymmetric partner of the tau lepton 𝜏, with a macroscopic lifetime.
This results in 𝜏 leptons displaced from the primary proton-proton interaction vertex (PV), called
displaced 𝜏. The decay of tau particles into hadrons, denoted as 𝜏ℎ, accounts for 64.8% of all 𝜏
decays. The traditional hadrons-plus-strips (HPS) algorithm [3, 4] is not designed to reconstruct
such displaced signatures. These proceedings introduce DisTau: a graph neural network (GNN)-
based tagger of jets to improve the identification of displaced 𝜏ℎs.

2. Reconstruction of 𝜏ℎ

The HPS algorithm was designed to efficiently reconstruct 𝜏ℎ originating near the PV. However,
its performance degrades significantly with an increasing distance between the PV and a 𝜏 production
vertex (𝑉 (𝜏)). In the Fig. 1, the efficiency of reconstructing an HPS 𝜏ℎ and an anti-𝑘𝑡 jet with distance
parameter 0.4 (AK4 jet) [5] are shown as a function of the transverse displacement between PV and
𝑉 (𝜏) (𝐿𝑥𝑦). A 𝜏ℎ or an AK4 jet is considered successfully reconstructed if it falls within a cone of
radius 𝑅 =

√︁
Δ𝜂2 + Δ𝜙2 = 0.4 around a generator-level 𝜏ℎ.

Figure 1: The fraction of displaced 𝜏ℎ candidates that are reconstructed by the traditional HPS algorithm
(red) and as AK4 jets (green), as a function of the transverse displacement between the PV and 𝑉 (𝜏) (𝐿𝑥𝑦)
on the generator level.

The displaced 𝜏 leptons are generated using simulations of long-lived 𝜏̃, which are hypothetical
supersymmetric partners of the 𝜏 lepton. For the simulation, a 𝜏̃ mass of 300 GeV and a lifetime
(𝑐𝜏0) of 100 cm are assumed. In this scenario, each 𝜏̃ decays into a 𝜏 lepton, with an associated
weakly interacting gravitino with mass of 1 GeV escaping detection. The HPS algorithm shows
a sharp decline in performance after 𝐿𝑥𝑦 > 0.1 cm, as it is not designed for displaced decays.
However, there is a small efficiency gain for 𝐿𝑥𝑦 > 30 cm, where the 𝜏̃ track is misidentified as an
isolated charged hadron, which may mimic one of the decay modes of the 𝜏ℎ. In contrast, AK4 jets
maintain high efficiency across a broader 𝐿𝑥𝑦 range, demonstrating their robustness in capturing
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displaced 𝜏ℎ over a wide displacement range. Based on this observation, AK4 jets can effectively
seed the reconstruction of displaced 𝜏ℎ leptons.

3. Displaced hadronic tau tagger

The DisTau tagger is based on the ParticleNet [6] architecture. The network is trained to
distinguish between displaced 𝜏ℎ and background jets from quarks and gluons.

Signal jets are taken from simulated long-lived 𝜏̃ samples, requiring 𝑝T > 20 GeV, |𝜂 | < 2.4
and matching within 𝑅 = 0.4 to generator-level 𝜏ℎ. Background jets come from simulation of
quantum chromodynamics (QCD) multi-jet processes. To ensure that the 𝜏ℎ is still reconstructed as
an AK4 jet, geometrical constraints are placed on the generator-level displacement: |𝑉 (𝜏)𝑧 | < 100
cm and |𝑉 (𝜏)𝑥𝑦 | < 50 cm, where 𝑉 (𝜏)𝑧 and 𝑉 (𝜏)𝑥𝑦 are respectively longitudinal and transverse
coordinates of 𝑉 (𝜏). The training uses three 𝜏̃ masses in the range of 100-400 GeV and lifetime of
10 and 100 cm. The sample is reweighted to match 𝑝𝑇 and 𝜂 spectra between signal and background.

The input to the network is features describing particles reconstructed by the particle-flow
algorithm [7] (PF candidates), limited to the first 50 (𝑝𝑇 -ordered) PF candidates in a jet. The
features used for each PF candidate are: Δ𝜂 = 𝜂jet−𝜂PF candidate, Δ𝜙 = 𝜙jet−𝜙PF candidate, momentum
and charge, probability of not being pileup candidate associated by the PUPPI algorithm [8] (PUPPI
weight), number of tracker hits (total, in pixel and strip detector), impact parameter and track fit
quality information, ECAL and HCAL energy deposition ratios relative to PF candidate energy,
association to the PV, particle type identified by the particle-flow algorithm. Each feature is
standardized to the interval [-1, 1]. No high-level jet information is used, allowing the network to
learn directly from the low-level data.

The architecture employs Dynamic Edge Convolution blocks to learn both local and global
relationships among PF candidates. The overall architecture is similar to the original ParticleNet,
with a reduced number of neurons and neighbours in each convolution block. The model consists
of approximately 100 000 trainable parameters.

4. Tagger performance

The performance of the DisTau tagger is evaluated using Monte Carlo (MC) simulations with
reconstructed AK4 jets having 𝑝T greater than 20 GeV and |𝜂 | less than 2.3. The 𝜏ℎ identification
efficiency was estimated from 𝜏̃ MC samples considering reconstructed AK4 jets that are matched
to 𝜏ℎ at the generator level. Comparisons were performed for three 𝜏̃ mass values, 100, 250 and
400 GeV, a lifetime of 10 and 100 cm, and the lightest supersymmetric particle mass equals to
1 GeV. Signal efficiencies are assessed for various working points (WPs). The jet misidentification
probability is estimated from 𝑡𝑡 MC samples using reconstructed jets that do not match prompt
electrons, muons, or products of 𝜏ℎ decays at the generator level. Figure 2 illustrates the DisTau
performance with 2018 MC simulations. Data set processes used for performance evaluation are
not included in the training.
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Figure 2: Receiver operating characteristic (ROC) curves illustrating the performance of the tau identification
algorithm on 2018 MC simulations. The signal efficiencies, derived from 𝜏̃ MC samples with masses of 100,
250 and 400 GeV, a lifetime of 10 cm (left) and 100 cm (right) and the lightest supersymmetric particle mass
of 1 GeV, are plotted against the jet misidentification probabilities estimated from 𝑡𝑡 MC samples. Various
working points (WPs) are indicated with thresholds defined as (from right to left) Loose (> 0.05), Medium
(> 0.7), Tight (> 0.99), Very Tight (> 0.997), and Very Very Tight (> 0.9992).

5. Tagger validation for background jets

The tagger is validated with data using jets from a Drell-Yan(DY)+jets enriched events, targeting
events with two muons in the final state.

To increase the purity of the DY(𝜇𝜇)+jets process, the following selection requirements are
applied. Two oppositely charged, well-identified, and isolated muons are required, each with
|𝜂 | < 2.4, transverse momentum 𝑝T > 28 GeV, transverse impact parameter |𝑑𝑥𝑦 | < 0.045 cm,
and longitudinal impact parameter |𝑑𝑧 | < 0.2 cm. The invariant mass of the muon pair must
be consistent with the 𝑍-boson mass 70 < 𝑚(𝜇𝜇) < 120 GeV. Events with additional leptons
or 𝑏-tagged jets are excluded. At least two AK4 jets are required, each with 𝑝T > 30 GeV and
|𝜂 | < 2.3, and being separated from the muons by 𝑅 > 0.4. The leading two jets are also required
to be separated from each other by |Δ𝜙| > 0.5. Additionally, the leading PF candidate in the jet is
required to be associated with the PV.

With these selection criteria, DY(𝜇𝜇)+jets purity exceeds 96%. Figure 3 illustrates the tagger
output distribution for the leading and sub-leading jets in DY(𝜇𝜇)+jets sample. An overall good
agreement between MC and data is observed. However, fluctuations are observed due to the limited
number of background events for high-score regions.

6. Tagger validation for genuine 𝜏ℎ

Given that events from SM processes do not exhibit signal-like displaced 𝜏ℎs, there is no direct
method to validate the performance of the DisTau tagger on displaced tau objects with real data.
Consequently, the validation can be performed only with prompt 𝜏ℎs. Well-identified hadronic tau
leptons from 𝑍-boson decay in the DY+jets process are utilized. While not an ideal approximation,
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Figure 3: MC-to-data agreement of the DisTau tagger output score for 𝑝T-leading (left) and subleading
(right) jets from the 2018 data within the DY(𝜇𝜇)+jets enriched sample, requiring presence of at least two
additional jets. The lower panels show data-to-MC ratio.

Figure 4: MC-to-data agreement of the DisTau tagger output score for the jet matched to the reconstructed
𝜏ℎ for the 2018 data in the DY(𝜇𝜏ℎ)+jets enriched sample. The lower panel shows data-to-MC ratio.

these hadronic taus serve as the most suitable proxy for signal-like behavior available in the real
data.

The selection requirements are applied to increase the purity of the DY(𝜇𝜏ℎ) + jets process.
A pair of oppositely charged muon and 𝜏ℎ candidate reconstructed with HPS are required, with an
invariant mass consistent with the visible 𝑍-boson mass, 60 < 𝑚(𝜇𝜏ℎ) < 80 GeV. The muon must
be well-identified and isolated, with |𝜂 | < 2.4, 𝑝T > 25,GeV, |𝑑𝑥𝑦 | < 0.045 cm, and |𝑑𝑧 | < 0.2 cm.
The 𝜏ℎ candidate is required to pass a tight identification criterion with DeepTau algorithm [4],
have 𝑝T > 30 GeV, |𝜂 | < 2.3, |𝑑𝑧 | < 0.2 cm, and must be separated from the muon by 𝑅 > 0.5.
The transverse mass of the muon and missing transverse energy is required to be less than 60 GeV.
Additionally, there must be one AK4 jet matched to the reconstructed tau lepton within 𝑅 < 0.3,
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with 𝑝T > 30 GeV and |𝜂 | < 2.3.
With these selection criteria, the purity of the DY(𝜇𝜏ℎ)+jets process exceeds 86%. The

agreement between data and MC simulation for the the DisTau tagger score for the AK4 jet matched
the reconstructed 𝜏ℎ is shown in Fig. 4. There is a good overall agreement between MC and data.

7. Summary

A novel neural-network-based displaced 𝜏ℎ tagger (DisTau) has been developed. It demonstrates
promising performance for discriminating 𝜏ℎ against quark and gluon jets. Its behaviour was
validated with 2018 data, with data samples dominated by events from DY+jets process. The
tagger score distribution in simulation is found to agree well with real data for both background and
signal-like jets. Since the methodology focuses on identifying displaced tau leptons with minimal
use of any process-dependent kinematic properties, the tagger is expected to be applicable to various
searches involving displaced 𝜏 signatures.
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