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Hadronically decaying tau leptons are a challenging signature to study given it can be mimicked by
quark and gluon jets, electrons, or muons. The identification of this signature via a convolutional
neural network performed by CMS during the LHC Run 2 brought a massive improvement
with respect to previous strategies. To further improve the identification and reconstruction of
hadronic decays of tau leptons, CMS has deployed, as of the start of Run 3, a new algorithm:
DeepTau v2.5. These proceedings present the performance resulting from these improvements in
the network architecture using Run 2 data and showcases the use of domain adaptation techniques
to improve the modelling of data.
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1. Introduction

Tau leptons are used extensively in various physics analyses, including in Higgs physics, where
they have the strongest Yukawa coupling to the Higgs boson among leptons, and in beyond the
standard model searches, where tau leptons provide access to spin information of the intermediate
state. Identifying tau leptons is particularly challenging because they decay before they reach the
innermost layer of the CMS detector [1, 2] and must be reconstructed through their decay products.
They decay into hadrons and neutrinos in about two-thirds of cases, appearing in the detector as
collimated low-multiplicity jets. Quark or gluon jets, which are widely produced in proton-proton
collisions (pp), can mimic jets formed by genuine hadronically decaying tau leptons (τh).

At the CMS experiment, tau leptons are reconstructed using the hadrons-plus-strips (HPS)
algorithm [3], which is seeded by Particle Flow [4] jets. The latter are clustered with the anti-
𝑘T algorithm [5], incorporating the information from CMS Tracker, Electromagnetic calorimeter
(ECAL), and Hadron calorimeter (HCAL). Tracks and energy deposits in the HCAL are used to get
the number of charged particles, while clusters in the ECAL that can not be matched to tracks are
mainly caused by photons originating from π

0 decays. The numbers of charged hadrons and neutral
pions are used by the HPS algorithm to assign the decay mode to the tau candidates. In a small
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Figure 1: Hadronic tau decay channels reconstructed by the HPS algorithm [6] from left to right: one charged
prong, one charged prong plus one π

0, three charged prongs, three charged prongs plus π
0. Intermediate

mesonic resonances shown are the ones providing the dominant contribution to the associated final state.

number of cases, light leptons can be misidentified as charged hadrons; this primarily happens to
the tau candidates with one charged hadron in the final state. There were several general purpose
algorithms developed at CMS that can differentiate between genuine τh and misidentified jets,
electrons and muons: UParT [7], PNet [8], and DeepTau that was specially designed for genuine
τh identification.

The scope of these proceedings is to provide a compressed yet explanatory review of the latest
DeepTau version, v2.5 [6], which incorporates domain adaptation [9] to reduce data–simulation
differences and a refined training strategy. In comparison with previous version v2.1 [10], v2.5
improves rejection of misidentified quark- and gluon-jet backgrounds by 30–50%, while providing
the same level of τh efficiency.
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2. Description of the DeepTau algorithm

Hadronic tau candidates that are reconstructed with the HPS algorithm should pass an additional
identification step to reject misidentified quark and gluon jets, electrons, and muons. This is done
via the DeepTau, a deep convolutional neural network (CNN). For the input, it takes two classes
of features: kinematic information about the tracks accompanying the hadronic tau candidate,
organised into bins of 𝜂−𝜙 space, and high-level features. The latter include a total of 43 high-level
input variables, encompassing τh kinematics (𝑝T, 𝜂, 𝜙, 𝐸 of the τh), event-level quantities such as
the median energy density 𝜌, and properties from HPS decay-mode reconstruction, including tau
lepton charge and the numbers of charged and neutral hadrons. Additional inputs describe track-
related information such as impact parameters, secondary-vertex properties, as well as observables
tied to π

0 strips reconstruction, pileup density, and calorimeter variables providing discrimination
against electrons. This choice of feature set is mainly motivated by previous studies of τh taggers
at CMS [10].

DeepTau v2.5 adapts the architecture used in the previous version v2.1[10], while including
an important novelty: a domain adaptation [9] subnetwork.

i i

Figure 2: Schematic representation of DeepTau v2.5 architecture [6]. The general structure, inherited
from v2.1, includes three subnetworks and a common discriminator that returns probabilities of the object
being electron, muon, tau, and jet (𝑦e , 𝑦µ , 𝑦τ , 𝑦jet respectively). A domain adaptation subnetwork returns the
predicted labels for data and simulation (𝑦adv).

The main part of the algorithm consists of 3 subnetworks processing independently high-level
features, and the features binned in 𝜂 − 𝜙 space. Then they are concatenated and passed together
through a set of dense layers. A final softmax layer returns the probability of class assignment to
the input object: electron (𝑦𝑒), muon (𝑦𝜇), tau (𝑦τ), or jet (𝑦jet). Training of this classifier is done
exclusively on simulated events.
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The domain adaptation (adversarial) subnetwork favours combinations of features invariant to
the domain shift, i.e., training the model on simulation, and evaluating it on data [11]. The idea
is based on using a balanced mix of simulated events and pp collision data collected by the CMS
detector to train an additional classifier. It aims to discriminate data from simulation using the
features processed through 3 initial subnetworks. The adversarial output 𝑦adv is assigned to be 1
for data and 0 for simulation. The adversarial part of the loss function compares the predicted
adversarial output to the general truth value, using binary cross entropy [12] as a figure of merit.
During the model training, adversarial loss is included in the backpropagation as a penalty term to
prevent the model from learning the features specific only to the data or to the simulation.

3. Performance with
√
𝒔= 13 TeV data

The DeepTau model was trained on a set of simulated events and pp collision data collected by
the CMS detector in 2018 at

√
𝑠 = 13 TeV, using a dedicated control region enriched with Z → τ

µ
τh

process, in which one tau lepton decays to a muon, and the other decays hadronically. Domain
adaptation results in a coherent performance between simulation and data, as can be observed
by the significant mitigation of data-simulation discrepancies in the distribution of the DeepTau
discriminator against quark and gluon jets shown on Fig. 3.
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Figure 3: Distribution of the DeepTau discriminator against quark and gluon jets before (left) and after
(right) domain adaptation, for the 2018 dataset used for domain adaptation training [6].

Discriminators for each type of misidentification sources are defined as functions of the Deep-
Tau output nodes via the following expression:

𝐷𝛼 (𝒚) =
𝑦τ

𝑦𝛼 + 𝑦τ

, (1)

where 𝛼 can be e, µ,or jet.
A quantitative estimation of the DeepTau performance is evaluated as the misidentification

probability as a function of the genuine τh efficiency using simulated events from dedicated valida-
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tion regions: a tt-enriched region for 𝐷jet, a Z → ee region for 𝐷e , and a Z → µµ region for 𝐷µ .
The results are presented as functions of tau identification efficiency in Fig. 4.
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Figure 4: From left to right: jet, electron, and muon misidentification probability versus τh identification
efficiency evaluated on simulated events from the 2018 dataset [6].

DeepTau v2.5 outperforms previous version v2.1 having quark and gluon jet misidentification
probability 20-30% lower for a wide range of tau identification efficiency. Same effect is observed
for electron misidentification probability, while the discrimination of τh against muons has same
misidentification probability for both versions. A detailed study of DeepTau performance can be
found in Section 3 of Ref. [6]

4. Summary

These proceedings provide an overview of the most recent advancements for the identification
of hadronically decaying tau leptons using a convolutional neural network algorithm. The new
version of DeepTau improves upon its predecessor, providing robust rejection of quark and gluon
jets, electrons, and muons, while ensuring its performance in data and simulation is coherent using
domain adaptation techniques. This algorithm is instrumental for CMS physics analyses with
Run 3 data involving tau leptons.
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