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Abstract

This thesis reports improved machine learning-based techniques to discriminate gen-
uine decays of tau leptons into hadrons and a neutrino against all main backgrounds at
the CMS experiment. The deep convolutional neural network, DeepTau, used for tau
identification by physics analyses of the 2016-2018 data-taking period at CMS, shows
a sizeably different performance on collider data versus Monte Carlo simulations. This
effect is particularly prominent for regions of parameter space that have high genuine tau
purity. The effects of this mismodelling on discrimination against quark and gluon jets
are reduced by introducing domain adaptation into the training workflow. This approach
was validated by comparing the performance of the resulting network on proton-proton
collision data and simulated events. The use of these adversarial machine learning tech-
niques reduced the discrepancies from 13.3% to 0.80% in the region where the purity of
hadronic taus is expected to be above 96%, while having no significant impact on tau
identification performance.



Preface

This work was undertaken at the EPFL Laboratory for High Energy Physics led by
Prof. Lesya Shchutska (LPHE-LS) in Lausanne, Switzerland, during my exchange year
from Imperial College London. I worked within the CMS Tau Physics Object Group
(POG) as a member of the CMS collaboration under the supervision of Dr. Konstantin
Androsov, within the tau algorithms subgroup.

I developed the domain adaptation techniques that have been integrated into the
DeepTau version 2.5 training workflow. This includes the event selection for the adver-
sarial dataset, necessary modifications to the network architecture and backpropagation
techniques, adversarial model tuning, training and evaluation.

Training of the default model that was used as a starting point for the adversarial
method, along with the working point calculations for the final model, were performed
by other members of the subgroup.

I presented the final DeepTau v2p5 model described in this thesis during CMS week
on the 28th of June 2022, at CERN in Meyrin, Switzerland, where it was approved by
the Tau POG. The model has been integrated into central CMS software, and scale fac-
tor measurements will be determined by the tau calibration-quality-modelling subgroup
towards the end of 2022.
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Chapter 1

Introduction

The tau lepton (τ) is the heaviest Standard Model (SM) lepton, with a mass of
1.78 GeV. This elementary particle plays a crucial role in many physics analyses at the
Compact Muon Solenoid (CMS) [1], from measurements of the properties of the Higgs
boson to beyond standard model (BSM) searches. The τ has a short lifetime and is
typically observed through its visible decay products. The majority of tau leptons decay
into a tau neutrino and hadrons, these are known as “hadronic taus” and denoted τh.
Signatures of jets originating from quarks or gluons, which are copiously produced in
proton-proton collisions, as well as electrons and muons, can be incorrectly reconstructed
as genuine hadronic tau decays.

At CMS, hadronic tau candidates are first reconstructed using the hadron-plus-strips
(HPS) algorithm [2–4]. The candidates are then identified as genuine τh decays using a
deep convolutional neural network (CNN) called DeepTau. This network simultaneously
discriminates candidates against all main backgrounds: electrons, muons and quark or
gluon jets. Tau identification relies on a combination of high level input variables, along
with information from reconstructed particles in the vicinity of the candidate. DeepTau
version 2.1 (v2p1) [5] was used for all recent Run 2 analyses involving taus at CMS. This
work is based on DeepTau version 2.5 (v2p5), which is currently being prepared for future
analyses including data from the early Run 3 period that started in 2022.

DeepTau is trained on Monte Carlo (MC) simulated events, but these simulations do
not provide a perfect description of the proton-proton (pp) collision data. This mismod-
elling in MC samples leads to discrepancies in the DeepTau v2p1 identification perfor-
mance. Previously, this was solved by performing a set of dedicated calibration measure-
ments, where simulations were fitted to the data to extract corrections in the form of
scale factors.

The goal of this work is to reduce the differences in tau identification performance for
discrimination against jets at a training level. A reduction in the effects of mismodelling
could allow the DeepTau discriminator score against jets to be used as an input for
analyses, and bring the scale factors closer to unity, with smaller uncertainties.

The method chosen is known as domain adaptation [6], and is implemented using ad-
versarial machine learning techniques. Similar methods to those introduced in this work
have been used at CMS previously [7]. It involves the introduction of a domain classifica-
tion subnetwork, to compete with the tau type classification. The additional subnetwork
discriminates between source and target domains: MC events and pp collision data re-
spectively. This method promotes the use of features that are useful for τh identification
but that are less sensitive to a change in domain. This approach could be more effective
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than dropping mismodelled variables completely, as they may still have some discrim-
inating power. Furthermore, mismodelling could manifest as a multidimensional effect
which is not visible on individual variable distributions.

This thesis is structured as follows. After a brief introduction to the Standard Model
of particle physics and tau leptons, a summary of the CMS experiment and τh recon-
struction is given. This is followed by an introduction to key machine learning concepts,
and the algorithms used. A description of the DeepTau algorithm along with the identi-
fication performance discrepancies is then given. Next, the adversarial training methods
implemented in this work are introduced, before an overview of the optimal configuration
and resulting performance. Finally, conclusions and future developments are discussed.
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Chapter 2

Tau Lepton in the Standard Model

2.1 Elementary Particles and Interactions

The Standard Model (SM) provides a description of elementary particles and their
interactions, accounting for the three fundamental forces that dominate at the particle
physics scale: the strong, weak, and electromagnetic interactions.

Elementary particles are classified into two groups: fermions ("matter" particles), and
bosons (force carriers).

The elementary SM fermions, which all have spin 1/2, and their electric charge and
mass1 are given in Table 2.1. These all have quantum number conjugate antiparticles.

Lepton Electric Charge Mass [MeV]
e− -1 0.511
νe 0 <1.1×10−6

µ− -1 105.7
νµ 0 <0.19
τ− -1 1776.9
ντ 0 <18.2

(a) Leptons

Quark Electric Charge Mass [MeV]
u +2/3 2.2
d -1/3 4.7
c +2/3 1.3×103
s -1/3 93
t +2/3 172.8× 103
b -1/3 4.2× 103

(b) Quarks

Table 2.1: Physical properties of elementary fermions [8]. All values in natural units.

There are six quark flavours: up (u), down (d), charm (c), strange (s), top (t) and
bottom (b), which can combine in pairs or triplets to form hadrons.

There are three charged leptons (ℓ): electron (e−), muon (µ−) and tau (τ−), and
three very weakly interacting neutral leptons: electron neutrino (νe), muon neutrino (νµ)
and tau neutrino (ντ ). There is a lepton number associated with each flavour of lepton
(electron, muon, tau) which is conserved in all SM interactions.

The physical properties of bosons are listed in Table 2.2, those with spin 1 are gauge
bosons, which are quantisations of the fundamental force fields. Gluons (g) are associated
with the strong force, photons (γ) with the electromagnetic force, Z and W± with the
weak force. The Higgs (H) is a scalar boson (with spin 0), and is a quantisation of the
Higgs field. The elementary particles acquire their masses due to the interaction with the
Higgs field via the Brout–Englert–Higgs mechanism [9, 10].

1Natural units (c=ℏ=1) are used throughout this work.
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Boson Electric Charge Mass [MeV] Spin
g 0 0 1
γ 0 0 1
Z 0 91.2×103 1

W± ±1 80.4×103 1
H 0 125.1×103 0

Table 2.2: Physical properties of bosons. [8]

2.2 Tau Lepton

The tau lepton (τ) belongs to the third generation of the SM leptons. Measurements
of the physics processes with taus in the final state provide stringent tests of the Standard
Model. Any deviations from the SM predictions would be evidence of BSM physics.

The τ was discovered at the Stanford Linear Accelerator Center (SLAC) in 1975
through observations of τ−τ+ pair production in e+e− collisions, and subsequent decay
to neutrinos, an electron and a muon [11]. The first precision measurements of the τ
mass and spin were then established at SLAC and at the German Electron Synchrotron
(DESY) Hamburg in 1978 [12, 13]. The lifetime of the τ was first measured from the
flight length of a tau decaying into three hadrons and a neutrino at SLAC in 1982 [14].

Tau leptons play a crucial role in many physics analyses of proton-proton (pp) colli-
sions at the LHC. These include SM precision measurements, measurements of the Higgs
boson coupling to taus, its charge-parity properties and Higgs self-coupling [15–18]. Some
BSM scenarios predict enhanced coupling to the third generation. Taus are instrumental
in searches for additional charged and neutral scalar bosons, heavy neutral leptons and
super-supersymmetric particles [19–23].

The tau is the most short lived lepton, with a mean life time of (290.3 ± 0.5)×10−15s
[8], it typically only travels a few millimetres before decaying. It is also the only lepton
massive enough to decay into hadrons and a neutrino, with a mass of 1776.86 ± 0.12
MeV [8].

The possible tau decays and their branching fractions (B) are shown in Table 2.3. The
neutrinos produced are typically undetected due to their weak interactions with matter.
Leptonic decays account for 35.2% of cases, however, in the majority (64.8%) of cases,
the tau decays into hadrons and a neutrino. These are referred to as hadronic taus (τh).
The most frequent hadronic decays produce one or three charged hadrons, typically pions
(π±), which can be accompanied by one or more neutral hadrons, usually neutral pions
(π0).
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Decay mode Resonance B (%)
Leptonic decays 35.2

τ− → e−νeντ 17.8
τ− → µ−νµντ 17.4

Hadronic decays 64.8
τ− → h−ντ 11.5
τ− → h−π0ντ ρ(770) 25.9
τ− → h−π0π0ντ a1(1260) 9.5
τ− → h−h+h−ντ a1(1260) 9.8
τ− → h−h+h−π0ντ ρ′(1600) 4.8
Other 3.3

Table 2.3: Tau lepton decays and their branching fractions (B) [8]. h± denotes a charged
hadron. The decays for τ+ are charge conjugates to those shown here, and their branch-
ing fraction values are identical. The most common intermediary resonance is shown,
although multiple are possible.
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Chapter 3

The CMS Experiment at the LHC

3.1 The LHC

The Large Hadron Collider (LHC) at the European Organization for Nuclear Research
(CERN) is a 26.7 km long two-ring-superconducting-hadron accelerator, situated under
the Franco-Swiss border near Geneva [24]. It was designed to accelerate and collide
protons (and lead nuclei) at centre of mass energies of up to

√
s =14 TeV (5.5 TeV for

lead nuclei).
A series of accelerators increase the energy of protons extracted from a hydrogen

source to 450 GeV at injection into the LHC [25, 26]. In the LHC, two counter-rotating
beams with 2808 bunches of 1.2×1011 protons are further accelerated using radiofrequency
cavities, and directed around the rings using superconducting magnets. The beams can
then be collided at different interaction points (IP), as shown on Figure 3.1.

There are four major experiments on the LHC which study these high energy collisions:
A Toroidal LHC Apparatus (ATLAS), A Large Ion Collider Experiment (ALICE), LHC-
beauty (LHCb) and the Compact Muon Solenoid (CMS).

Figure 3.1: Diagram of the LHC. Beams are injected into each ring and accelerated,
before colliding at an IP. Adapted from [24].
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In particle physics, the probability that a certain event will take place is related to
its cross section (σevent), expressed in barns [b] (1b = 10−24 cm2). The event rate for a
specific physics process is:

Ṅevent = L · σprocess (3.1)

where L is the instantaneous luminosity [cm2s−1], a characteristic of the beam at the IP.
A common related unit is the integrated luminosity (Lint), from which the number of
events that occurred in a given time period can be determined:

Nevent = σprocess

∫
Lint(t)dt (3.2)

where Lint is typically expressed in inverse femto-barns [fb−1]. The integrated luminosity
delivered by the LHC to CMS during the Run 2 data-taking period (2015-2018) was
163.56 fb−1 [27–29]. This value is expected to increase to a total of around 460 fb−1 by
the end of Run 3 (2025).

Multiple pp collisions often occur simultaneously per bunch crossing, this effect is
known as pileup, and makes it more difficult to study events of interest. The distributions
of the mean number of (inelastic) collisions per bunch crossing in data collected between
2016 and 2018 by CMS are shown on Figure 3.2, the mean over the period was 29. The
cross section of pp collisions (σpp

in ) at the corresponding energy (
√
s = 13 TeV) was 69.2

mb [30].

μ

μ

μ

μ

σ

Figure 3.2: Mean number of collisions per bunch crossing for data collected by CMS
between 2016 and 2018 [30].
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3.2 The CMS Experiment

3.2.1 The CMS Detector

The Compact Muon Solenoid (CMS) experiment, located 100 m underground, is de-
signed to study proton-proton (and lead-lead) collisions at centre of mass energies of
up to 14 TeV (5.5 TeV for lead). The current detector supports luminosities of up to
2×1034cm−2s−1 for protons. The overall layout of the CMS detector is shown in Fig-
ure 3.3, it has a cylindrical shape, with a length of 21.6 m, a diameter of 14.6 m and a
weight of 12 500 t.

Figure 3.3: The CMS detector [1].

The coordinate system used by CMS is depicted on Figure 3.4. The x axis points
radially inwards, the y axis points upwards, and the z axis along the beamline in the
anticlockwise direction. The azimuthal angle ϕ is defined from the x axis in the x-y
plane. The angle of a particle relative to the beamline is described by its pseudorapidity
(η), which is defined as:

η = −ln(tan(θ/2)) (3.3)

where θ is the polar angle defined from the z axis.

The central feature of the detector is a 3.8 T superconducting solenoid magnet, en-
closing multiple subdetectors. It is used to bend the trajectories of charged particles in
order to measure their momenta and charge.

The inner tracker reconstructs the paths of charged particles (referred to as tracks),
with pseudorapidity coverage |η| < 2.5. The innermost part is a silicon pixel detector,
consisting of four layers in the barrel and three disk layers in the endcap regions, with
a total of 124 million pixels [32]. This provides high precision three dimensional particle
tracking and vertex location near to the IP, which is crucial for identifying decay signa-
tures of particles with a distinguishable secondary decay vertex such as τ leptons and b
quark hadronisation products (b hadrons). A lower granularity silicon micro-strip tracker
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Figure 3.4: The coordinate system used at CMS [31].

extends the coverage of the inner tracker to a total diameter of 2.5 m, and consists of 10
(12) layers of micro-strip detectors in the barrel (endcap) regions.

Two calorimeters, each with a barrel and two endcap sections cover |η| < 3.0. These
determine energy by measuring the cascade of secondary particles (shower) produced
when the original particle enters the material.

The lead tungstate crystal electromagnetic calorimeter (ECAL) measures the energy
of electrons and photons [33]. The scintillation light is absorbed by silicon avalanche
photodiodes in the barrel and vacuum phototriodes in the endcaps. The ECAL absorbes
98% of the energy of electrons and photons with energies of up to 1 TeV. A lead and
silicon preshower system, with finer granularity, is installed in front of the ECAL in the
endcap regions for π0 rejection against highly energetic photons.

The brass and scintillator hadronic calorimeter (HCAL) measures the energy of charged
and neutral hadrons [34]. After being converted by wavelength-shifting fibres, scintillation
light is detected by photodiodes.

Additionally, forward calorimetry extends the coverage provided by the inner calorime-
ters to |η| < 5.0.

The solenoid is surrounded by a steel flux-return yoke with four planes of gas-ionization
chambers embedded within it for muon detection with |η| < 2.4. The detection planes
consist of drift tubes, cathode strip chambers, and resistive-plate chambers depending on
the η region.

A more detailed description of the CMS detector can be found in [1].
The LHC bunch crossing rate is approximately 40 MHz, it is not possible to store the

large number of resulting events. A two-tiered trigger system is therefore implemented
to select potentially interesting events for physics analyses. The first level (L1) trigger
reduces the event rate to around 100 kHz using custom hardware to process signals from
the calorimeters and muon detectors [35]. A second high-level trigger (HLT) then runs
event reconstruction software optimised for fast processing, reducing the rate to around
1 kHZ before storage [36].

3.2.2 Event Reconstruction

Local event reconstruction within each subdetector provides information about mea-
sured particles. Examples of locally reconstructed properties include tracks and vertices
in the inner tracker, characteristics of energy clusters detected in the calorimeters, and
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tracks/hits in the muon chambers. Individual stable particles in an event are recon-
structed and identified using the particle-flow (PF) algorithm [37], by combining these
properties to obtain global event characterisation. A simplified diagram illustrating the
reconstruction of various particles is shown on Figure 3.5.

Typical signatures of different particle types are described below:
Photons are not detected in the tracker as they are not charged, but are absorbed in

the ECAL, and their energy is determined from the resulting electromagnetic shower.
Electrons are reconstructed from their tracks and their energy deposits in the ECAL.

Their momentum is determined from the momentum measurement in the tracker com-
bined with the electron energy measurement in the ECAL and the energy sum of all
photons emitted by the electron in the tracker (due to the bremsstrahlung effect).

Muons are reconstructed from tracks in the inner (silicon) tracker, and the outer muon
system. The charge and momentum of the muon are obtained from the curvature of the
track.

Charged hadron energy is determined from the momentum measured in the tracker
and energy deposits in the ECAL and HCAL. Neutral hadron energy is determined only
from the ECAL and HCAL measurements. Neutral and charged hadrons can initiate
hadronic showers in the ECAL, which are then fully absorbed by the HCAL.

Figure 3.5: Simplified sketch of particle interactions in a transverse slice of the CMS
detector. [37]

For further event characterisation, jets are clustered from PF candidates using the
anti-kT algorithm with a distance parameter of 0.4 [38, 39]. The momentum of the jet is
the vectorial sum of all particle momenta within it.

The transverse momentum of a particle is the momentum perpendicular to the beam
direction, it is defined as:

p⃗T = (px, py) (3.4)

where px and py are the x and y components of the momentum. The transverse energy
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is defined as:
ET = E sinθ (3.5)

where E is the energy of the particle.
The missing transverse momentum p⃗T

miss is the the total imbalance in transverse
momentum, it is computed as the negative vector sum of the transverse momenta of the
reconstructed jets, its magnitude is referred to as missing transverse energy [40]. The
presence of undetected particles (such as neutrinos) can be inferred from this quantity.

The primary pp interaction vertex is defined as the reconstructed vertex with the
largest summed physics object p2T , clustered from the tracks assigned to that vertex.
Physics objects include the reconstructed jets and missing transverse momentum. To
mitigate the effects of additional pp interactions contributing tracks and energy (pileup),
charged hadrons not originating from the primary vertex are discarded and energy cor-
rections are applied to the remaining PF jets.

Impact parameters dz and dxy are defined in the longitudinal and transverse planes
respectively as the distance between a reconstructed particle track and the primary vertex.

Electrons and muons are additionally reconstructed and identified using dedicated
standalone algorithms [41, 42], and identification efficiency working points are defined.
Leptonic τ decays are reconstructed using these methods.

Isolation variables are defined for electrons and muons to reduce contamination at
the analysis level from secondary electrons and muons produced in hadronic jet de-
cays. These variables are based on photon and hadron PF candidates within a cone
∆R =

√
(∆η)2 + (∆ϕ)2 of size 0.3 for electrons and 0.4 for muons. The relative isolation

variables are defined as:

I
e/µ
rel =

∑
pcharged
T + max

[
0,
∑

Eneutral
T +

∑
Eγ

T − pPU
T

]
p
e/mu
T

(3.6)

where p
e/µ
T is the transverse momentum of the electron or muon,

∑
pcharged
T the pT of

charged particles, and
∑

Eneutral
T ,

∑
Eγ

T to the transverse energy of neutral hadrons and
photons within the cone. The estimated contribution from pileup (pPU

T ) is subtracted,
this quantity is calculated differently for electrons and muons [18, 20].

3.2.3 Data and Simulated Events

Monte Carlo simulated event samples are used to train and validate the hadronic tau
(τh) identification performance of the neural network as well as the τh reconstruction
performance.

These are produced to correspond to the 2018 data-taking period, using a range
of different generators. W bosons produced in association with jets (W+jets), Drell-Yan
(Z/γ → ℓℓ) and diboson (WW, WZ, ZZ) event samples, are generated using MadGraph5
[43]. Events including top anti-top (tt) quark pairs and decays of the 125 GeV Higgs boson
(with various production mechanisms) to a pair of taus are generated using powheg [44].
Quantum chromodynamic (QCD) multijet production and BSM heavy gauge boson (Z’)
events with masses between 1-5 TeV are simulated using pythia [45, 46]. These Z’
events are generated to increase the number of high pT taus available. Tau lepton decays,
parton showering, hadronisation, and multiparton interactions are simulated using the
pythia programme with tune CP5 [47]. The generated events are then passed through
a simulation of the CMS detector with Geant4 [48].

13



Additionally, the adversarial training, validation and evaluation techniques presented
in this work use collider data collected by CMS in 2018.

3.2.4 Hadronic Tau Reconstruction

Hadronic tau candidates are reconstructed in one of their decay modes using the
“hadron-plus-strips” (HPS) algorithm. This method is summarized here, a detailed de-
scription can be found in [2–4].

Seed regions are defined around the reconstructed anti-kT hadronic jets, all particles
within a cone of radius ∆R = 0.5 around the jet axis are considered. Neutral pions
are reconstructed using dynamic strips in η-ϕ space containing the photon and electron
constituents of the jet. Charged hadrons (referred to as "prongs") are selected from
the PF candidates, the mass of the h± candidates is assumed to be the charged pion
mass. All possible τh candidates are then reconstructed from the hadrons and strips, in
several decay modes (DM). The HPS algorithm targets the five most common hadronic
tau decays, using seven reconstructed modes, including two which target decays where
one of the charged hadrons has not been reconstructed:

• DM 0: h± targeting τ± → h±ντ

• DM 1: h±π0 targeting τ± → h±π0ντ

• DM 2: h±π0π0 targeting τ± → h±π0π0ντ

• DM 10: h±h∓h± targeting τ± → h±h∓h±ντ

• DM 11: h±h∓h±π0 targeting τ± → h±h∓h±π0ντ

• DM 5: h±h±/∓ (missing h±) targeting τ± → h±h∓h±ντ

• DM 6: h±h±/∓π0 (missing h±) targeting τ± → h±h∓h±π0ντ

The CMS convention for numbering reconstructed tau decay modes is:

DM = 5(nh± − 1) + nπ0 (3.7)

where nh± is the number of reconstructed ("signal") charged hadrons, and n0
π the number

of reconstructed π0s.
A confusion matrix giving the fraction of each generated DM reconstructed as each

other DM is shown on Figure 3.6. These τh candidates were taken from a Z → ττ sample,
requiring pτT > 20 GeV [5]. A large fraction of τh are correctly reconstructed in their DM.

A diagram illustrating the four most commonly reconstructed decay modes (0, 1, 10,
11) is shown on Figure 3.7. DM 2, with one prong and two π0s is often reconstructed as
DM 1, so is not included. Neutral pions, which decay into two photons, are detected in
the ECAL, while charged pions are typically absorbed in the HCAL. The tracks of the τ
and the most common intermediary resonances are shown in the tracker.

The reconstructed τh candidates are subject to several constraints. The mass must
be compatible with the relevant resonance for the targeted DM. This corresponds to the
ρ(770) resonance if reconstructed as h±π0, to the a1(1260) resonance if in the h±π0π0 or
h±h∓h± modes, and to an expected mass spectrum if in the h±h∓h±π0 (several common
resonances). The charge of the τh must be ±1 unless reconstructed in a DM with a missing
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Figure 3.6: Decay mode confusion matrix [5]. For each generated DM, the fractions of
τh reconstructed in each DM, and the fraction not reconstructed are given.

Figure 3.7: Diagram illustrating hadronic tau reconstruction at CMS [31]. π0 → γγ
decays are detected in the ECAL, while π± are mostly absorbed in the HCAL, trajectories
are reconstructed in the tracker. The most common intermediary resonances are shown
here.

charged hadron, where the charge is set to that of the hadron with highest pT . Finally,
in this work pτT > 20 GeV, at the corresponding energies, τh decay products should be
boosted and contained within a narrow cone in η-ϕ space. Therefore all reconstructed
hadrons and strips need to be within a signal cone of ∆R = 3/pT [GeV], with a maximal
size of ∆R = 0.1, centered on the τh candidate axis.

Among the τh candidates in each seed region that pass these requirements, the one
with the highest pT is selected. The leading charged hadron is defined as the recon-
structed signal charged hadron with the highest pT .
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For decays with more than one reconstructed charged hadron, a secondary vertex is
fitted to the tracks associated to the signal charged hadrons to determine the point of
tau decay.
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Chapter 4

Machine Learning Techniques

4.1 Fundamentals

Machine learning (ML) techniques have been used in high energy physics for many
years, due to their powerful ability to learn complex features. The emergence of neu-
ral networks and deep machine learning permits further extension of the use of ML to
tackle very high dimensional problems. Supervised ML classification techniques are used
throughout this work. In supervised deep ML, a neural network is trained to make pre-
dictions (ypred) by finding correlations between input variables, called features (denoted
as x) and labels (denoted as ytrue) sampled from a dataset. Input features vary depend-
ing on the task, and can range from very low-level variables to properties of high-level
reconstructed objects. Labels contain "truth" values, for example the type of generated
particle. A dataset maps input features to labels. Relative importance of samples can
be specified by assigning weights, this is useful for correcting imbalanced datasets. For
classifiers, predictions made by the model are usually estimated probabilities that the
given example corresponds to each class.

The available data is typically split into training, validation and testing sets. This is
done to evaluate the ability of the model to make accurate predictions on unseen samples.
A model is trained on the training set, and evaluated on the validation set. A model with
good performance on the validation set is selected, and the results are confirmed on the
testing dataset.

4.1.1 Neural Network Training, Validation and Evaluation

A complete pass through both training and validation datasets is referred to as an
epoch.

The output returned by a model for a given sample depends on a set of trainable pa-
rameters (TPs). Inputs features are processed by layers consisting of many nodes which
output values depending on their TPs (called biases and weights). The operations applied
by nodes are differentiable, involving matrix multiplication and non-linear transforma-
tions. A neural network represents an ensemble of interconnected nodes. The outputs of
a model, being a combination of operations applied by the various nodes are therefore
differentiable with respect to the TPs of any layer.

During training, predictions are made for a batch of samples from the training dataset,
this is known as the forward pass.
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The loss is then calculated, which is a measure of the mismatch between the predicted
labels (ypred) and their true values (ytrue). Additional performance metrics are also com-
puted, for example accuracy, which is the weighted ratio of correct predictions over total
predictions.

The model TPs are initially random, those that result in minimal loss (and therefore
the most accurate predictions) are determined using gradients. These gradients are the
derivatives of the loss function with respect to the TPs for each node, and are calculated
using a process known as backpropagation. This involves computation of gradients start-
ing with the final layer, and moving "backwards" until the input layers are reached. This
is computationally efficient as components of the gradients from a layer are reused in the
computation of those for the previous layer.

An optimisation algorithm is then used to adjust the value of each TP to minimise
loss, this generally means adjusting in the direction the relevant (negative) gradient,
referred to as a gradient descent "step". The optimisation task can be complicated by
the presence of local minima. To overcome this, and reach optimal values more quickly,
gradient descent with momentum (change in gradient between steps) is used. Along with
the values of the gradients, the magnitude of the step is determined by hyperparameters,
the most influential of these is the learning rate. A large learning rate leads to faster
convergence, but can also result in sub-optimal and unstable performance, while a low
learning rate requires more time to converge and can be more vulnerable to local minima.

During validation the TPs are not modified. Predictions, loss and metrics are com-
puted for batches from the validation dataset. This is done to evaluate the performance
of the model and to make sure that it has not been "overtrained", where the network
learns specific characteristics of the testing dataset, and therefore has poor performance
on unseen data. The values of the loss and metrics should be comparable between train-
ing and validation. Typically, the model with the best validation performance is selected
for further testing.

To confirm the final performance of the model, predictions are computed for samples
from a sufficiently large testing dataset.

Receiver operating characteristic (ROC) curves can be used to evaluate performance
at different thresholds. These are typically used for binary classification, where there are
only two classes, or for multi-class classification with one signal and several background
classes.

ROC curves plot the false positive rate (FPR) against the true positive rate (TPR) as
shown on Figure 4.1. The TPR, also known as efficiency, is the probability that the model
correctly predicts the signal class. The FPR, or misidentification rate, is the probability
that the model incorrectly predicts the signal class. Performance at a certain efficiency
point is improved when the FPR for a given TPR is reduced.

Multi-class classifiers can also be evaluated using confusion matrices, such as the one
shown in the previous section Figure 3.6. These show the probabilities for each input
class ytrue to be predicted as belonging to every other class.

In the case of hadronic tau identification, the network used (DeepTau), is a multi-
class classifier, the signal class is defined as true hadronic taus, and the other classes
are backgrounds. Different ROC curves are computed to evaluate performance, showing
the misidentification rate for each background class against the true tau identification
efficiency.
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Figure 4.1: ROC curve example. Two curves with different performances are shown.

4.2 Deep Neural Networks

Deep convolutional neural networks (CNN) are a particularly effective way to tackle
classification problems with grid-like inputs. These models employ dense (fully-connected)
layers, along with convolutional layers.

Dense layers have connections between all nodes, the value outputted by such a layer
is:

σ(x ·W + b) (4.1)

where W is the weight matrix, x is the tensor inputted to the layer, σ is an activation
function and b is a bias vector that provides an arbitrary shift, both W and b are trainable
[49]. Each node receives inputs from all of the nodes in the previous layer.

Convolutional layers can process grids of inputs and be used to reduce dimensionality,
as it is often too computationally expensive to directly process all grid cells, which can
have many inputs. These layers are often used in image recognition problems, and work
by successively applying a convolution operation with a "filter", this reduces the size
of the grid in each dimension when no padding (artificial extension) is applied. More
information on convolutional layers can be found in [50–52]. A diagram illustrating how
filters are applied in convolutional layers is shown on Figure 4.2.

Regularisation can be used to prevent overtraining, in CNNs dropout regularisation is
effective, where a random fraction of TPs are not used on each forward pass. This helps
ensure that the model does not develop dependence on a small set of TPs [54, 55].

Activation functions

Activation functions can be used to introduce nonlinearities to the values outputted
by nodes within layers. This allows the model to learn more complex correlations between
inputs than a simple weighted sum.

In this work, a parametric rectified linear united activation function (PReLu) [56] is
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Figure 4.2: Illustration of a convolutional layer [53]. The 3×3 filter is applied successively
to all areas of the grid (input image), and outputs are passed to the output array, thereby
reducing the dimensionality.

used extensively, which is defined for each element xi of the input vector x as:

σPReLU(xi) =

{
xi, if xi > 1

αixi, if xi < 0
(4.2)

where αi is an element of α, a vector of TPs.
Additionally, activation functions can be used to transform an output. For example,

the sigmoid function converts the weighted sum of inputs to a value between 0 and 1:

σsigmoid(x) =
1

1 + e−x
(4.3)

Another example is the softmax function, useful for multi-class classification, which
returns the estimated probabilities yα that an example belongs to each class α, ensuring
that the sum of all of the probabilities equals unity. The probability of each class yα is:

yα = σsoftmax(x)α =
exα∑
j e

xj
(4.4)

where
∑

j is a sum over all of the outputs for normalisation of the probabilities.

Loss functions and minimisation

Various loss functions are used in this work.
Binary cross entropy loss is used for the binary classifier that discriminates between

domains (data/MC), where the label for any sample is zero or one. It is defined as:

Hbin(y
true, ypred) = −ytruelog(ypred)− (1− ytrue)log(1− ypred) (4.5)

The loss function used for tau type classification includes categorical cross entropy
and focal loss components. Categorical cross entropy is defined as [57]:

H(ytrue,ypred) = −
∑
α

ωαy
true
α log(ypredα ) (4.6)

20



where α includes all of the classes, and ωα is used for sample normalisation.
To give more importance to areas of parameter space where it is difficult to assign a

class, focal loss functions are used, defined as [58]:

F (ytrue,ypred; γ) = −ytrue(1− ypred)γlog(ypred) (4.7)

In this work, TPs are initialised using He uniform variance scaling [56]. Minimisation
of loss is done by adjusting the TPs with optimiser algorithms. These take gradients
of the loss with respect to the TPs, obtained by backpropagation, as inputs. Two such
algorithms are used, the adaptive momentum estimation (Adam) [59], and its closely
related Nesterov-accelerated variant (NAdam) [60].

4.3 Domain Adaptation and Adversarial Machine
Learning

In particle physics, neural networks are often trained on simulated event samples, as
the generator level truth is available, and defining regions in collider data with sufficiently
high purity is difficult. However, these simulations may not provide a perfect description
of the data. Mismodelled variables can lead to performance discrepancies when the
network trained on simulations is applied to data. Domain adaptation is a technique
where a model is trained with the additional goal of performance invariance between a
source domain (e.g. MC samples) and a target domain (e.g. pp collision data). This
method encourages the use of features that are useful for the classification task but that
are invariant to a domain change.

Domain adaptation by backpropagation, is a technique where a domain classifier with
loss Ladv is introduced in parallel to a label classifier with loss Lclass, after a set of fea-
ture extracting common layers. This has been used previously at CMS for displaced
jet identification [7]. The method relies on sign reversal of the Ladv gradients during
backpropagation. This leads to minimisation with reduced sensitivity to mismodelled
variables, as the optimiser effectively minimises Lclass − λLadv, where λ is a hyperparam-
eter that determines the magnitude of the domain loss. A mathematical description of
this gradient reversal technique can be found in [6].

The approach taken in this work is similar, with adversarial machine learning tech-
niques used to implement domain adaptation, with minimal modifications as described
in chapter 6. Two subnetworks are trained with competing goals, one for tau type clas-
sification and the other for domain prediction (data/MC).
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Chapter 5

Hadronic Tau Identification at CMS

5.1 DeepTau: CNN-based Tau Identification Algorithm

Hadronic tau candidates that have been reconstructed by the HPS algorithm are
identified using DeepTau, a deep convolutional neural network (CNN). DeepTau simul-
taneously discriminates hadronic tau candidates against quark and gluon jets, muons
and electrons. It uses a combination of high level input variables and information from
particles in the vicinity of the candidate. The network outputs an estimation of the
probabilities that a candidate is an electron, muon, hadronic tau, or quark/gluon jet.

DeepTau version 2.1 (v2p1) [5] was used for all recent Run 2 analyses involving taus
at CMS. This work is based on the next iteration, version 2.5 (v2p5), which is currently
being prepared for early Run 3 analyses and Run 2 and early Run 3 combinations.

5.1.1 Inputs

Low-level inputs are arranged in inner and outer grids, centred on the candidate axis,
defined in η-ϕ space, with 11×11 and 21×21 cells respectively. These overlapping grids are
shown on Figure 5.1, the inner cells have a size of 0.02×0.02, and the outer cells 0.05×0.05.
Properties of contained reconstructed particles are stored in each cell, which are divided
into three blocks: electron/photon (e/γ), muon (µ) and hadron (h±/h0). Seven different
types of particles can be used as inputs, the five kinds that can be reconstructed by the
PF algorithm (e, γ, µ, h±, h0), as well as PAT (physics analysis toolkit) muons and
electrons that have been reconstructed from dedicated standalone algorithms [41, 42].

The low-level inputs include basic kinematic properties of each object: transverse
momentum (pT ), and distance from the τh axis in η-ϕ space (∆η and ∆ϕ).

PAT electron information includes the electron track quality and compatibility with
the measured ECAL cluster, as well as cluster shape. PF electron and photon inputs
include information about the track, distance from the primary and secondary vertices,
and an estimated probability that the particle comes from another pp interaction (pileup),
computed using the pileup-per-particle identification (PUPPI) algorithm [61].

PAT muon information includes track quality, the hits in each muon station (layers
of the muon system), and ECAL deposits. PF muon inputs include the track quality,
primary and secondary vertex association, and the PUPPI.

PF charged and neutral hadron information includes PUPPI and the fraction of energy
deposited in the HCAL. Additionally, PF charged hadrons have track quality, as well as
primary and secondary vertex association.
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The inner grid encapsulates the signal cone, within which the τh decay products are
found, hence the finer binning. The outer grid contains the isolation cone of radius
∆R=0.5, the cells in this grid are generally less occupied.

Figure 5.1: Inner and outer grid layout in η-ϕ space [5]. The inner grid encapsulates the
signal cone of maximal radius 0.1 (which contains the π± and π0 candidates) and consists
of 11×11 cells with a size of 0.02× 0.02 each. The outer grid contains the isolation cone
of radius 0.5, and consists of 21× 21 cells with a size of 0.05× 0.05 each.

There are 43 high-level input variables, these include τh kinematic quantities such
as η, ϕ, pT , the τh energy E, the median energy density in the event (ρ), defined as
the median value of the scalar pT sums of all PF candidates across various detector
regions (this variable is strongly correlated to the number of pp interactions in the given
event). Other properties include reconstructed tau charge, number of charged and neutral
hadrons associated to the τh by HPS decay mode reconstruction and characteristics of
energy deposits from various particle types in the isolation cone. Information about the
tracks is also used: impact parameters, secondary vertex information if reconstructed in
a multi-prong DM and flight length. Observables related to the η and ϕ distributions
of the reconstructed energy in the π0 strips, estimated pileup density, and calorimeter
variables that provide good discrimination against electrons are also included. The high-
level features mostly correspond to variables that were previously found useful in boosted
decision tree classifiers [2].

Integer inputs and variables with finite domain are transformed linearly to limit their
values to the [−1; 1] range. Other inputs are standardised using their mean values (µ)
and standard deviation (σ):

xstd =
xorig − µ

σ
(5.1)

where xstd is the standardised input, which is then clipped to [-5,5] to remove outliers,
and xorig is the original.

MC candidates are assigned a tau type: electron fake τe, muon fake τµ, quark/gluon jet
fake τj and genuine hadronic tau τh. τe, τµ and τh are assigned by matching reconstructed
candidates to generated leptons from the primary pp interaction within a cone ∆R < 0.2
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of them. Candidates matched to generated electrons and muons with pT > 8 GeV,
including those originating from leptonic tau decays, are assigned the τe or τµ types
respectively. Those matched to generated hadronic taus with visible pT > 15 GeV are
assigned τh. If a candidate is not matched to a generated lepton, it is matched to a jet,
and assigned τj. Only jets originating from the primary pp interaction are considered.

A balanced mix of around 108 candidates with different tau types from various MC
events is used for training DeepTau in the default configuration. τe, τµ, τh and τj are
sourced from Drell-Yan to (Z/γ → ℓℓ), tt (semi-leptonic and hadronic decays) and W+jets
events. Additional τj are obtained from QCD multijet samples, and additional τh from
H → ττ events (with various production mechanisms) and τ gun, where only the tau
decay was simulated (without the pp interaction). Additional τe were obtained from
Z’→ ee decays with mZ′ between 1 and 5 TeV.

A loose selection is applied, with the candidate required to be correctly reconstructed
by the HPS algorithm, and have a transverse momentum between 20 < pτT < 1000 GeV.
Additionally, limits are imposed on the pseudorapidity |ητ | < 2.5 and longitudinal impact
parameter |dz| < 0.2 cm (distance between the leading charged track and primary vertex).

5.1.2 Architecture and Loss Function

The DeepTau v2.5 architecture is shown on Figure 5.2, it is similar to the v2.1 archi-
tecture. There are three subnetworks, which process the high level features, inner and
outer grids separately, before they are combined for the final classification.

The high level features are processed through fully connected layers, yielding 52 out-
puts. The inner and outer grids are processed in similar ways. The three individual
blocks of a grid are first processed separately, before being concatenated and passed
through more dense layers, resulting in 64 outputs per grid cell. Convolutional layers are
then used to reduce the dimensions of the outputs to a flat representation (1×1 grid),
leaving 64 outputs from each grid. The kernel/filter size used is 3×3, without applying
padding, this means that the size of the grid is reduced by two in each dimension for
every layer. The number of layers necessary to process the inner grid is therefore 5, and
the outer grid 10.

These outputs are then concatenated and processed through final dense layers, before
a final layer with four nodes which uses a softmax activation function to yield class
probability estimates. The predicted output takes the form: ypred = (ye, yµ, yτ , yjet).

Batch normalisation [62] and regularisation (with dropout rate of 0.2) are applied
after each fully connected and convolutional layer. Nonlinearities are introduced using
the PReLu activation function.

The loss function used during NN training is a sum of a cross entropy term [57] for the
hadronic tau target class, a focal loss component [58] for classification against all back-
grounds combined, and three individual components for classification as muons, electrons
or jets when yτ > 0.1. Focal loss components are added as binary cross entropy assigns
more importance to high efficiency regimes, which tend to have higher misidentification
rates and are therefore not usually the regions used for physics analyses. Furthermore,
in regions where τh ID efficiency is low, binary signal against background classification is
more important than distinguishing between background types.
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Figure 5.2: Diagram of the DeepTau v2.5 architecture - Default Configuration. Adapted
from [5]. Each group of input variables (high-level features, inner cells and outer cells) are
initially processed separately. The high level features and grids are first processed using
dense layers. The dimensionality of each grid is then reduced to 1×1 using convolutional
layers. All processed features are then concatenated and passed through dense layers,
before a final softmax layer which yields probability estimates that the candidate is an
electron, muon, hadronic tau or jet.

The loss is defined as:

L(ytrue,ypred) = κτHτ (ytrue,ypred;ω)︸ ︷︷ ︸
Separation for all α

+ (κe + κµ + κj)F cmb(1− ytrueτ , 1− ypredτ ; γcmb)︸ ︷︷ ︸
Focused separation of e,µ,jet from τh

(5.2)

+ κF

∑
i∈{e,µ,j}

κiθ̂(yτ − 0.1)F i(y
true
i , ypredi ; γi)︸ ︷︷ ︸

Focused separation of τh from e,µ,jet for yτ>0.1

where α ∈ {e, µ, τ, jet}, ypred and ytrue are the predictions and generator level truth
respectively. Hτ is categorical cross entropy loss with ω a varying parameter for sample
normalisation. F x is normalised focal loss, θ̂ is a smooth step function that approaches 1
for yτ > 0.1 and 0 for yτ < 0.1, this disregards discrimination between e, µ and jets when
the probability of a genuine τh is low. The default values of the κ and γ terms are given
in Table 5.1.

The setup uses the TensorFlow [63] Python library with Keras [49] as an interface.
The discriminators against jets, muons and electrons are defined as:

Dα(y) =
yτ

yτ + yα
(5.3)
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Parameter Value Emphasis on
κe 0.4 τe separation
κµ 1.0 τµ separation
κτ 2.0 τh separation
κj 0.6 τj separation
κF 5.0 High τh ID efficiency
γe 2.0 τe separation
γµ 2.0 τe separation
γj 2.0 τe separation
γcmb 2.0 τe, τµ,τj separation combined

Table 5.1: Default values of the parameters used in the classification loss function for
DeepTau v2p1 and v2p5 training.

where α ∈ {e, µ, jet} and yτ is the predicted probability of a hadronic tau. De, Dµ

and Djet are referred to as DeepTau scores VSe, VSmu and VSjet respectively. Each
discriminator has a defined set of working points (WP) which are used to guide physics
analyses, each with target tau ID efficiencies (probability for a genuine τh to pass the
discriminator) reported in Table 5.2.

VVTight VTight Tight Medium Loose VLoose VVLoose VVVLoose
De 60% 70% 80% 90% 95% 98% 99% 99.5%
Dµ 99.5% 99.8% 99.9% 99.95%
Djet 40% 50% 60% 70% 80% 90% 95% 98%

Table 5.2: Target τh identification efficiencies for each working point [5].

5.2 Interdomain Discrepancies in Identification Perfor-
mance

DeepTau v2p1 was trained exclusively on MC simulated events, and while these gen-
erally provide a good representation of the pp collisions, some of the features used as
inputs are not perfectly modelled. As a consequence, the previous setup shows increasing
discrepancies between observed data and MC predictions for high Djet scores, as can be
seen on Figure 5.3. This is particularly problematic since the affected region is the most
important for analyses, as it has the highest genuine τh purity.

Previously, this mismodelling was corrected using a set of dedicated calibration mea-
surements, known as scale factors, for each DeepTau working point, where simulations
were fitted to the data to extract corrections. However, such corrections render the use
of raw DeepTau score as an input for analysis unreliable, and lead to larger uncertain-
ties. Furthermore, the presence of these discrepancies during the training step, which is
performed entirely on MC events, could be leading to sub-optimal performance.

Simply removing mismodelled variables is not possible, as preliminary studies do not
point to which subset of variables is affected. Also, some of these variables could still be
important for classification even if they are not perfectly modelled.
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Work in progress Work in progress

Figure 5.3: DeepTau v2.1 discriminator score distribution against jets for observed data
and MC simulations. Increasing discrepancies can be observed for high Djet scores as a
result of mismodelling in the MC samples used for training. Courtesy of Izaak Neutelings.
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Chapter 6

Adversarial Domain Adaptation for
Tau Identification

The performance discrepancies between data and MC samples can be reduced at
a training level by implementing domain adaptation using adversarial machine learning
techniques. This involves simultaneously training two subnetworks with competing goals.
In this case, one is used for τh classification, and the other for domain discrimination
between data and MC events. The goal is to maximise the classification performance
while minimising data/MC discrimination.

The advantages of this method are that the scale factors to correct residual differences
could be brought closer to unity with smaller uncertainties. The use of the raw DeepTau
VSjet score as an input for analyses could sizeably improve sensitivity, but is not currently
recommended because of the large effects of mismodelling, if these effects are reduced it
would become a viable option. Additionally, the network optimisation algorithm would
have the opportunity to find trainable parameters (TP) values that provide good τh

discrimination, but that are less sensitive to mismodelling.
The challenge is that collider data is required to train the data/MC discriminator,

and a region with sufficient tau purity and control over background for this adversarial
dataset therefore has to be defined. Also, this approach is not a fix of the underlying
problem, which is MC mismodelling, a problem that is much harder to resolve.

6.1 Event Selection and Mixing

Training the adversarial subnetwork requires an adversarial control region dataset,
with a mix of data and MC events to discriminate. Due to memory constraints and a
limited number of available events, batches of 100 taus were chosen, with 50 data, and
50 MC events (from various event types).

6.1.1 Baseline Selection

The adversarial control region baseline selection is similar to that used by H → ττ
analyses [18, 20] in the µτh channel for 2018. This decay channel is chosen as there is
good control over τh purity and background.

Selected events are required to contain a muon which satisfies several criteria. It must
have a transverse momentum pµT > 25 GeV, pseudorapidity |ηµ| < 2.1, relative isolation
Iµrel < 0.15 and impact parameters (distance between the muon track and primary vertex)

28



|dz| < 0.2 cm, |dxy| < 0.045 cm. It must also pass the medium muon ID as defined in
[42].

Additionally, events must contain a τh candidate correctly reconstructed by HPS in
a decay mode, with pτT > 20 GeV, |ητ | < 2.3, and impact parameter (distance between
leading charged track and primary vertex) |dz| < 0.2 cm. The candidate must also pass
the medium DeepTau v2p1 jet discriminator (Dv2p1

jet > 0.883).
If there is more than one muon/tau candidate fulfilling the criteria above, the most

isolated candidate is selected, unless they are equal in which case the highest pT candidate
is chosen. The candidates in the selected pair are required to be separated by ∆R >
0.5, and to have opposite electric charges. The transverse mass mT of the muon plus
the missing transverse energy (MET) is required to be less than 30 GeV, where mT =√

2pµTp
miss
T (1− cos(∆ϕ)) with ∆ϕ the azimuthal separation between the muon and MET.

This cut suppresses the W+jets background.
Finally, extra lepton vetoes are applied:

• The event must contain no additional muon with pµT > 10 GeV, |ηµ| < 2.4, Iµrel <
0.30, passing the medium muon ID.

• The event must contain no additional electron with peT > 10 GeV, |ηe| < 2.5,
Ierel < 0.30, passing the 90% electron ID working point as defined in [41].

• The event must contain no pair of muons with opposite charge separated by ∆R >
0.15, both with pµT > 15 GeV, |ηµ| < 2.4, Iµrel < 0.30, |dz| < 0.2 cm, |dxy| < 0.045
cm, and passing the loose muon ID [42].

Events were selected using the SingleMuon trigger, and requiring the reconstructed
muon to match the online muon reconstructed at HLT.

This baseline selection was applied to 2018 collider data collected by CMS, as well as
Drell-Yan, tt and W+jets MC events.

6.1.2 Final Selection and Sample Weighting

A final selection was then applied to the pre-selected samples, requiring the transverse
momentum of the τh candidate pτT > 30 GeV, a DeepTau v2p1 VS jet score Dv2p1

jet > 0.90 to
focus on region with highest discrepancies, that the candidate passes DeepTau v2p1 very
very loose WP VS electrons (Dv2p1

e > 0.168), and tight WP VS muons (Dv2p1
µ > 0.875).

Finally, the reconstructed tau decay mode was required to be 0, 1, 10 or 11 (1 or 3 prong
with or without a π0).

To recreate the mix of contributions from different event types that are present in
data, MC τh were taken from Drell-Yan and tt, τj from W+jets and tt semi-leptonic
events. Additionally, τj were taken from QCD multijet samples, and τµ from different
Drell-Yan files, with a looser selection necessary due to a lack of events after the baseline
selection. This looser selection only required the candidate to be correctly reconstructed
by HPS, pass the final selection above, |dz| < 0.2 cm and |ητ | < 2.3 cuts.

The proportions of different MC contributions present in the final mix were determined
from those in the DeepTau v2p1 discriminator distribution shown on Figure 6.1, kindly
provided by the Imperial College London CMS H → ττ group.

The 50 MC taus per batch were split into: 36 τh from Drell-Yan (deemed equivalent
to µ → τ embedding) , 2 τh from tt, 5 τj from W+jets, 5 τj from QCD multijet, 1 τj from
tt and 1 τµ from Drell-Yan (equivalent to Z → µµ).
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Figure 6.1: DeepTau v2p1 VSjet score distribution courtesy of the Imperial College Lon-
don CMS H → ττ group. The increasing data/MC discrepancies seen previously for high
Djet scores are present.

To avoid large values for the final pT weights, a fraction of events in the high pT bins
from the QCD multijet, and τh Drell-Yan samples were dropped using a probabilistic
approach. The fractions of events per bin that were expected from these contributions
was determined from pT spectra provided by the H → ττ group.

Each contribution was then reweighed to the corresponding expected pT spectrum
from H → ττ , no η reweighting was necessary. The resulting pT and η spectra of the
adversarial control region dataset are shown on Figure 6.2.

The DeepTau v2p1 VS jet scores of this dataset are shown on Figure 6.3. The dis-
tribution is similar to the analysis configuration in Figure 6.1, with the familiar trend of
increasing discrepancies in the high τh purity bins (signal region) present. The final ad-
versarial dataset contained 1875 batches of 100 taus. 1125 batches were used for training
and validation, and 750 for testing. Data event were labelled unity, and MC events were
labelled zero.

6.2 Adversarial Network Architecture and Backpropa-
gation

The second step in implementing adversarial training was modifying the network
architecture to introduce the adversarial subnetwork. The DeepTau v2p5 architecture in
adversarial configuration is shown on Figure 6.4.

A new adversarial block was introduced, which in the same way as the final classifi-
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Figure 6.2: pT and η spectra of the resulting adversarial control dataset. After pT weight-
ing only, the data/MC agreement for both distributions is good and no η weighting is
necessary.
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Figure 6.3: DeepTau v2p1 VSjet score distribution for the adversarial control region
dataset. This is not a perfect replica of the H → ττ analysis distribution but displays
the familiar data/MC discrepancies in the high purity bins.

cation layers, takes the processed high and low level variables as inputs, before passing
them through four dense layers. A sigmoid activation layer is then used to cast the output
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Figure 6.4: Diagram of the DeepTau v2p5 architecture - Adversarial Configuration.
Adapted from [5]. A set of final adversarial layers was introduced for domain (data/MC)
discrimination, this consists of several dense layers before a softmax layer which yields an
output yadv between zero and unity. The modified backpropagation is shown, gradients
passed to the optimisation algorithm in the common layers are a linear combination of
classification loss gradients and sign reversed adversarial loss gradients.

to a value between zero and unity, denoted as yadv. With the chosen labelling convention
yadv = 1 indicates a candidate is from data, and yadv = 0 indicates an event is from MC.

The adversarial loss function Ladv, used to compare this prediction to the labels, is
defined as:

Ladv = Hbin(y
true
adv , y

pred
adv ) (6.1)

where Hbin is defined in Equation 4.5. Additionally, an adversarial binary accuracy
metric was introduced, which evaluates the fraction of candidates for which the network
can successfully predict the domain (data or MC). The high level, inner and outer grid
processing layers (including the convolutional layers) are referred to as common layers,
as inputs for both the final adversarial and classification layers pass through these.

The training workflow for DeepTau v2p5 has two steps. First, the model is trained
with the default architecture shown in Figure 5.2 for 5 epochs. Each epoch corresponds
to approximately 308 000 batches of 250 taus from the default training dataset, and
takes between 1.5-2 days to complete. The purpose of this default training is to obtain
a good tau type classification performance baseline, before applying adversarial domain
adaptation methods. The second step is to continue training the model on a mixed dataset
for 1 epoch, introducing the adversarial architecture. For this step, 1 epoch corresponds
to 100 000 batches, where each batch contains 100 taus from the default dataset, and 100
taus from the adversarial control region dataset. The number of adversarial taus used
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for training is 75 000, the network cycles through these in a loop. 32 500 adversarial
taus were used for validation. One epoch of adversarial training takes between 12 and 15
hours. Training was performed using NVIDIA Tesla V100, NVIDIA GeForce GTX
1080 Ti or NVIDIA Tesla T4 GPUs.

Alongside the architecture change, the network backpropagation procedure was mod-
ified to change the gradients passed to the optimisation algorithm for the common layers.

The classification loss (default), given in Equation 5.2, is denoted as Lclass and is
computed on the tau type classification output, with only the taus from the default
dataset. The adversarial loss, Ladv is computed on the adversarial output with the taus
from the adversarial dataset.

The gradients for the final classification and adversarial blocks are first calculated
normally, as the gradients of Lclass and Ladv respectively. These are referred to as clas-
sification and adversarial gradients. To prevent data/MC discrimination in the common
layers, the signs of the adversarial gradients are then reversed and combined linearly with
the classification gradients. This is expressed in the form:

k1 ·
∂Lclass

∂w⃗
− k2 ·

∂Ladv

∂w⃗
(6.2)

where k1 and k2 are the adversarial hyperparameters that determine the relative impor-
tance of tau type classification and avoiding data/MC discrimination. The sign reversal
of the adversarial component of the gradients in the common layers means that the opti-
miser partly attempts to adjust the layer weights in the opposite direction to one which
leads to good data/MC discrimination. There is no sign reversal in the final adversarial
layers, as this provides a good measure of how much the network can actively discriminate
data and MC with the information available at the output level of the common layers.

The gradients that are passed to the optimiser therefore encourage minimisation with
reduced sensitivity to mismodelling. Two optimisers are used, each with a different learn-
ing rate. The principal optimiser targets the common layers and final classification layers,
the adversarial optimiser the final adversarial layers.

The DeepTau algorithm is principally written in Python with the data loading done
using C++ for efficiency. The current version, including all of the changes necessary for
the adversarial domain adaptation implemented in this work is publicly available [64].
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Chapter 7

Model Optimisation, Results and
Discussion

7.1 Model Tuning and Cross Checks

Various hyperparameters and properties of the NN model can be adjusted to optimise
identification performance while minimising data/MC discrepancies. These include the
adversarial hyperparameters k1 and k2, the learning rates of the principal and adversarial
optimisers, as well as the optimisation algorithms used (NAdam, Adam). For all testing
described here, a binary cross entropy loss function was used for Ladv.

7.1.1 Evaluating Data/MC Discrimination Performance

Along with the adversarial accuracy metric, the adversarial output yadv provides a
method to evaluate data/MC discrimination. By plotting the predictions for data and
MC events, the domain predicting power of the model can be determined. For a model
which accurately discriminates data and MC, each distribution should lean towards a
different value, 1 or 0 for data and MC respectively. If the network cannot discriminate
between the two domains, the distributions of yadv should be comparable.

To test whether the DeepTau v2p5 NN architecture is potentially capable of learning
differences between data and MC domains, a pilot training with the adversarial hyper-
parameters set to k1 = 0 and k2 = −1, and started without a pre-trained network,
was performed. This meant that the optimiser for the common layers did not try to
achieve good classification, and that the effects of the adversarial gradient reversal in
Equation 6.2 were removed. The principal and adversarial network optimisers therefore
both attempted to achieve good data/MC discrimination. Training was performed for 10
000 batches on the mixed dataset (with 1000 batches validation). A plot of the yadv pre-
diction for data and MC contributions is shown on Figure 7.1. Along with the adversarial
accuracy value of 69% during both training and validation, the skewed distributions on
the plot confirm the ability of the network to pick up differences between data and MC
based on the provided input features defined in subsection 5.1.1.

Trials using regularisation to monitor the input weights of each layer, as well as
disabling certain subsets of variables yielded no conclusive results. The mismodelling is
therefore most likely a multidimensional effect.

34



0.0 0.2 0.4 0.6 0.8 1.0
yadv

0

200

400

600

800

1000

1200

1400

1600

Ev
en

ts

59.7 fb 1 (13 TeV)CMS Work in progress

Monte Carlo
Data

Figure 7.1: Testing ability of network to discriminate data and MC. The two distributions
are skewed towards their respective domain labels (MC : 0, data : 1)

7.1.2 Choice of Starting Model

Hyperparameter optimisation for the default DeepTau v2.5 training to be used as a
baseline for the adversarial training step was performed within the CMS Tau Physics
Object Group (POG). First, a model was trained for 3 full epochs with the NAdam
optimiser and a learning rate of 10−3 as a baseline. Various optimiser algorithms and
learning rates were then tested, continuing training from the baseline for 2 epochs. The
best performing models used the NAdam and Adam optimisers and learning rates of 10−4.
Particularly, these showed slight increases in performance against electrons compared to
the 3 epoch default. The performance of the NAdam and Adam models were very similar.

The model selected as a baseline for the adversarial training step was the training
continued with NAdam and a learning rate of 10−4. This was done as slight degradation
in identification performance against electrons was noted in preliminary testing of adver-
sarial training, so a starting model with the best possible performance against this type
was preferable.

The DeepTau v2p5 VS jet score distribution for this default trained model was eval-
uated by computing classification predictions using the adversarial testing dataset. The
distribution is shown on Figure 7.2. The familiar data/MC discrepancies are present in
the signal region (final bins), with the differences as high as 13.3% in the last bin.

7.1.3 Adversarial Hyperparameters k1, k2
The most important hyperparameters are k1 and k2, as their relative values dictate

how much reducing the data/MC discrepancies is prioritised. Setting k1 to zero as done in
the discrimination test above is not an option as good tau type identification performance
must be maintained. k1 = 1 was chosen for all of the following tests, so that only
k2 must be varied, this is valid as the relative values of the classification and adversarial
components are more important than the absolute values of the combined gradients during
optimisation.
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Figure 7.2: DeepTau VSjet distribution for the default trained model. The familiar
data/MC discrepancies in the signal region are present, reaching as high as 13.3% in the
final bin.

The models were trained for 50 000 batches (validation 5 000) with the chosen 5 epoch
default model as a starting point. The NAdam optimiser was used, with a learning rate
of 10−3 for the common and classification layers, the value typically used for DeepTau
classification. A higher learning rate of 10−2 was selected for the adversarial layers, to
ensure that the corresponding final layer weights could rapidly learn to identify data/MC
discrepancies. The first adversarial hyperparameter was set to k1 = 1, and various k2
values between 1 and 10 were tested. The DeepTau v2p5 VS jet score distributions for
k2 = 1 and k2 = 10 are shown on Figure 7.3.

The model with best data/MC agreement in the final bins was with k2 = 10, shown
on Figure 7.3b. Full training for values higher than this was not attempted, in order to
avoid degrading tau type classification, which had been observed in preliminary trials.

7.1.4 Relative Class Importance in Lclass

The relative importance of each class in the classification loss is determined by con-
stants κe, κµ, κτ and κj as shown previously in Equation 5.2. These values are normalised
to a sum of four. The default unnormalised values of these are [κe = 1, κµ = 2.5, κτ =
5, κj = 1.5].

Degradation of tau identification performance against electron and muon fakes after
the adversarial training step was noted during testing. To reduce these effects, partic-
ularly for discrimination against electrons, training was performed with modified loss
constants, assigning more importance to electron and muon separation. Along with the
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(a) k1 = 1, k2 = 1
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(b) k1 = 1, k2 = 10

Figure 7.3: Comparing DeepTau v2p5 distribution for different adversarial hyperparam-
eters. The best agreement in the signal region was for k1 = 1 and k2 = 10.

default values, three sets of loss constants were tested, the raw values and normalisation
factors are shown in Table 7.1. Each value is multiplied by the normalisation factor for
the classification loss calculation.

These models were trained with the same configuration as the k1 = 1, k2 = 10 model
described above.

Note κe κµ κτ κj Normalisation factor
Default 1 2.5 5 1.5 4/10

1.5 5 5 1.5 4/13
Increased τe and τµ separation 2 5 3 1 4/11

2 5 6 1 4/14

Table 7.1: Loss constant values tested to improve ID performance against electrons and
muons.

Minimal identification performance degradation against electrons was for raw values
[κe = 2, κµ = 5, κτ = 6, κj = 1].

7.1.5 Optimiser Configuration and Minimisation Stability

The optimiser algorithms tested were Adam and variant NAdam, which DeepTau v2p5
default training hyperparameter tuning showed have similar performances. It is important
to ensure stability of the adversarial training, with minimal fluctuations between runs for
repeatability.

The starting learning rates were chosen as 10−3 for the principal optimiser (common
layers + final classification), and 10−2 for the adversarial optimiser (final adversarial
layers/domain prediction). These values were chosen to match the order of magnitude
difference between the domain discrimination and tau type classification importance in
the common layers done by setting k1 = 1 and k2 = 10.
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The DeepTau discriminator distributions against jets for models trained for half an
epoch (50 000 batches) were compared for the NAdam optimiser with no decay, and the
Adam optimiser with a learning rate that decays by a factor 103 during training (NAdam
did not support decaying learning rates). The DeepTau score distributions shown were
evaluated on the adversarial testing dataset of 75 000 taus.

The results of three runs for NAdam with constant learning rate 10−3 are shown on
Figure 7.4. Fluctuations between in the ratios for the final five bins range between 3 and
8 %.
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Figure 7.4: DeepTau score distributions against jets for 3 runs. NAdam optimisers were
used with no decay in learning rate, there are noticeable fluctuations in the data/MC
ratios in the signal region.

The results for Adam with the exponentially decaying learning rate, starting at 10−3

and reducing to 10−6 after 50 000 batches are shown on Figure 7.5. Fluctuations in the
final bins were significantly reduced, with variations in the final ratios ranging between
0.7% and 3%. Similar results were found using an exponentially decaying rate with a
factor 102 decay after half an epoch.

The Adam optimiser was therefore chosen with a decay rate of 103 after a full epoch
(100 000 batches). Other algorithms could be tested in the future, but Adam is similar
to NAdam, which was extensively tested during DeepTau development and is known to
provide good performance.

7.2 Optimal Configuration

The final model was trained for a full epoch of 100 000 batches with the adversarial
subnetwork introduced. The starting model chosen had been trained with the default
DeepTau v2p5 configuration with the NAdam optimiser for three epochs with a learning
rate of 10−3 followed by 2 epochs with 10−4, resulting in a total of 5 epochs.

The adversarial hyperparameters were set to k1 = 1 and k2 = 10. The Adam optimi-
sation algorithm was used, with initial adversarial and classification learning rates of 10−2

38



0

1

2

3

4

5

Ev
en

ts
/B

in
 W

id
th

1e6 59.7 fb 1 (13 TeV)CMS Work in progress

Monte Carlo (Test 1)
Monte Carlo (Test 2)
Monte Carlo (Test 3)
Data (Test 1)
Data (Test 2)
Data (Test 3)

0.90 0.92 0.94 0.96 0.98 1.00
DeepTau v2p5 VSjet

0.75

1.00

1.25

Ob
s/

Ex
p

Figure 7.5: DeepTau score distributions against jets for 3 runs.Adam optimisers were
used with a factor 103 decay in learning rate by the end of training. There is a reduction
in fluctuations between runs in the signal region.

and 10−3 respectively, decaying by a factor 103 after a full epoch. Modified classification
loss constants were used: [κe = 2, κµ = 5, κτ = 6, κj = 1].

7.2.1 Data/MC Discrimination Performance

The data/MC discrimination performance was evaluated on the adversarial control
region testing dataset of 75 000 data and MC taus. The adversarial accuracy during
training and validation was 51%. The adversarial output yadv is plotted for data and MC
events on Figure 7.6. The two distributions are similar, with mean values (µ) of 0.4954
and 0.4943 for data and Monte Carlo respectively, and similar standard deviations (σ) of
0.013 and 0.014. The model therefore successfully avoided discriminating between data
and MC events.

The impact of this on the DeepTau v2p5 discriminator distribution against quark/gluon
jets for the final model (after adversarial training) is shown on Figure 7.7. The model
was evaluated on the 75 000 taus from the adversarial testing dataset, and the contri-
butions were separated into different MC event types and data. There is a significant
improvement in data/MC discrepancies in the final bins after adversarial training. The
differences in the final bin are reduced from 13.3% to 0.8%, the τh purity in this region is
estimated from the proportions of different MC samples in the final model distribution
to be above 96%. Agreement in the signal region overall is very good. There are very
few events with scores below 0.9, which is due to the cut on DeepTau v2p1 VSjet for the
adversarial dataset. The number of events for both data and MC events in the final bins
is larger than for the starting model.

The adversarial training therefore successfully reduced the effects of MC mismodelling
on the DeepTau VS jet score distribution.
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Figure 7.6: Adversarial output. The data and MC distributions are similar, the network
successfully avoided discriminating between domains.
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Figure 7.7: DeepTau v2p5 discriminator distribution against jets after adversarial train-
ing. There is significant improvement in data/MC agreement in the signal region, with
the discrepancies in the final bin reduced from 13.3% to 0.8%, where the τh purity is
estimated to be above 96%.
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7.2.2 Tau Type Classification Performance

While data/MC disagreements in the DeepTau VS jet distribution have been signif-
icantly reduced in this final model, good tau type identification (ID) performance must
be maintained. To evaluate identification performance, ROC curves were plotted which
compare DeepTau v2p1 with DeepTau v2p5 both before and after the final adversarial
training step. These show the misidentification rate (probability for an electron, muon
or quark/gluon jet to be incorrectly identified as a τh) against the τh ID efficiency (prob-
ability of a true τh to be successfully identified).

Inclusive plots, showing all of the commonly reconstructed decay modes combined,
can be found in this section. These plots are shown for the central pseudorapidity region
(0 < |η| < 2.3), and are separated into low (20-100 GeV) and high (100-1000 GeV) pT .
Identification performance for individual decay modes and for the forward pseudorapidity
region (2.3 < |η| < 2.5) can be found in Appendix A.

The model performances were first evaluated for MC events corresponding to the 2018
data-taking period, these are referred to as Run 2 events. The models were then evaluated
on preliminary MC events corresponding to the upcoming Run 3 period (2022-2025), and
the performance was compared with equivalent Run 2 events.

Working points

Working points (WP) were determined for the final DeepTau v2p5 model, with the
same target efficiencies as shown in Table 5.2. The corresponding thresholds for each
discriminator were calculated and are shown on Table 7.2. These are the cuts on discrim-
inator scores that analyses should apply for each WP.

VVVLoose VVLoose VLoose Loose Medium Tight VTight VVTight
De 0.0990 0.2384 0.4136 0.6880 0.8704 0.9669 0.9882 0.9951
Dµ 0.2949 0.4746 0.7454 0.9172
Djet 0.4083 0.6285 0.8052 0.9233 0.9632 0.9799 0.9884 0.9931

Table 7.2: Working point discriminator thresholds for the final DeepTau v2p5 model.

The τh identification (ID) efficiencies for different WPs as a function of pT are shown
on Figure 7.8 calculated for MC events corresponding to the 2018 data-taking period.
The efficiencies generally increase as a function of pT except for discrimination against
electrons, where for the Medium to VVTight WPs there is a decrease for pT > 100 GeV.
This is a problem that should be addressed in future versions of DeepTau, by increasing
the number of high pT taus and their relative importance during training.

Run 2 Performance

The final DeepTau v2.5 identification performance was first evaluated on events cor-
responding to the Run 2 data-taking period. τh were selected from H → ττ events, τj
from tt and τe and τµ from Drell-Yan events. The WPs for DeepTau v2p1 and the final
DeepTau v2p5 model have been added to these curves and are displayed as points.

The performance against quark/gluon jets is shown on Figure 7.9. The DeepTau v2p5
performance before and after the adversarial training step was applied are almost identi-
cal, and show significantly improved performance compared to DeepTau v2p1. Good tau
identification performance against jets was therefore maintained.
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(a) Against jets (b) Against electrons

(c) Against muons

Figure 7.8: τh ID efficiencies as a function of pT for the final DeepTau v2p5 working points
(WP). There is an increase in efficiency with pT for against all types, except electrons
where for the tighter WPs there is a decrease for pT > 100 GeV.

Identification performance against electrons is shown on Figure 7.10. There is slight
degradation of the performance compared to the starting v2.5 model, particularly in the
low pT region. The final model ID performance is still significantly better than v2.1, so
these small losses are acceptable. Furthermore, the ID efficiency and misidentification
rates will be recalculated after scale factors (SF) are calculated, this may reduce the
performance degradation observed.

The identification performance against muons is shown on Figure 7.11. There is a
more notable performance degradation than against other backgrounds, the final model
performance is comparable to DeepTau v2.1. However, discrimination against muons is
already good compared to other tau types, and is not a priority. Furthermore, there
are known discrepancies between data and MC performance for muons, and adversarial
training techniques to reduce these will be implemented in the coming year, which may
improve performance. As for electrons, the performance will be reevaluated once the final
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Figure 7.9: Inclusive DeepTau ID performance against jets. Good performance is main-
tained after adversarial training.
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Figure 7.10: Inclusive DeepTau ID performance against electrons. Slight performance
degradation after adversarial training.

SFs are computed.
Overall, good ID performance on Run 2 events was maintained after adversarial train-

ing, corresponding to a significant improvement compared to DeepTau v2p1 against most
types. The observed performance losses against electrons and muons are acceptable given
what is gained in DeepTau VSjet data/MC agreement. These losses may be less signifi-
cant once the model with the final SFs is evaluated.

Preliminary Run 3 Performance

The identification performance of the models was then evaluated on preliminary MC
events corresponding to the upcoming Run 3 data-taking period. τh were selected from
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Figure 7.11: Inclusive DeepTau ID performance against muons. Acceptable performance
losses after adversarial training.

Run 3 Drell-Yan events (due to lack of available H → ττ), τj were selected from tt and
τe/τµ from Drell-Yan. For comparison, performance was evaluated on equivalent Run 2
events: τe, τµ, τh from Run 2 Drell-Yan, and τj from Run 2 tt.

The Run 3 performances against jets are compared with Run 2 on Figure 7.12. Deep-
Tau v2p5 both before and after the adversarial training step was applied shows relatively
stable performance when evaluated on Run 3 instead of Run 2, with very little degrada-
tion in both regions. DeepTau v2p1 is more sensitive to this change, with larger losses
between the two periods. The Run 3 performances of DeepTau v2p5 before and after the
adversarial training was applied are compatible, with no significant performance losses.
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Figure 7.12: Comparison of inclusive DeepTau ID Run 2/3 performances against jets.
Some degradation for Run 3 v2p1 compared to Run 2. No notable performance degrada-
tion after adversarial training.
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The Run 3 performance against electrons is compared to Run 2 on Figure 7.13. There
are performance losses for all models evaluated on Run 3 events, these are particularly
significant in the high pT region for low τh efficiencies. There is slight performance
degradation after adversarial training in the low pT region.
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Figure 7.13: Comparison of inclusive DeepTau ID Run 2/3 performances against elec-
trons. Performance degradation for all Run 3 models compared to Run 2, particularly
for high pT . Slight performance degradation after adversarial training.

Finally, the Run 3 performance against muons is compared to Run 2 on Figure 7.14.
There is relatively stable performance between the models evaluated on Run 2 and Run
3 events in the low pT region, but significant degradation for high pT . There are slight
performance losses for low pT after adversarial training, with the most significant losses
seen in the high pT region, where DeepTau v2p1 outperforms post-adversarial v2p5 by
a notable margin. This degradation is likely related to a strong dependence on the pT
and η spectra of the events used for evaluation. For this plot, τh had to be taken from
Drell-Yan for a fair Run 2/3 comparison, which have different spectra than H → ττ
events. The effect can be seen by referring back to Figure 7.11, where the Run 2 high
pT performances between v2p1 and v2p5 post-adversarial are more compatible than the
Run 2 performances shown here.

The overall Run 3 performances for all models are degraded compared to Run 2,
particularly against electrons and muons. These differences can likely be reduced in the
future, as DeepTau v2p5 was trained exclusively on events corresponding to the end of
Run 2 (2018). There are plans to include samples from Run 3 MC events in the training
dataset for the next DeepTau versions.

Similarly to Run 2, performance for the DeepTau v2p5 model before and after training
was compatible for discrimination against jets. There was some slight performance degra-
dation against electrons, and quite significant degradation against muons, particularly for
high pT . This is acceptable given the gains in data/MC agreement.
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Figure 7.14: Comparison of inclusive DeepTau ID Run 2/3 performances against muons.
Significant performance degradation for all Run 3 models compared to Run 2 for high
pT . Significant performance degradation after adversarial training for high pT .

46



Chapter 8

Conclusion

The training of the new version of the deep convolutional neural network, DeepTau
v2.5 (v2p5) which simultaneously discriminates reconstructed hadronic tau (τh) candi-
dates against electrons, muons and quark/gluon jets at CMS was presented. The final
model includes domain adaptation techniques to reduce the effects of mismodelling in the
Monte Carlo (MC) simulated events used for training on the discrimination performance
against jets.

After an introduction to tau leptons in the Standard Model, the CMS experiment and
τh reconstruction were presented. This was followed by descriptions of machine learning
concepts and the DeepTau algorithm along with the previous identification performance
discrepancies. The adversarial training methods implemented in this work, the hyper-
parameter tuning that led to the final model, and the resulting performance were then
discussed.

Domain adaptation using adversarial machine learning techniques was introduced into
the DeepTau v2p5 workflow. This involved adding an adversarial subnetwork, that at-
tempted to discriminate between collider data and Monte Carlo (MC) events, in parallel
to, and using the same processed features, as the tau type classifier. The goal was to max-
imise classification performance with poor data/MC discrimination. Modifications were
made to the network architecture and gradient calculation used for trainable parameter
optimisation.

The optimal configuration was determined after testing various hyperparameter com-
binations, and the resulting model was successfully prevented from discriminating be-
tween data and MC. This led to a significant improvement in agreement in the signal
region of the DeepTau discriminator distribution against jets, with discrepancies being
reduced from 13.3% to 0.80% in the region where genuine τh purity is above 96%.

Good overall tau type identification (ID) performance on 2018 MC events was main-
tained, with slight degradation against electrons, and acceptable performance losses
against muons. Preliminary ID performance on MC events corresponding to the Run
3 (2022-2025) data taking period was slightly worsened, but improved with respect to
DeepTau v2p1 in most regions. This degradation in performance was expected, because
the NN was not trained on Run 3 datasets due to their limited availability at the time
when the training was performed.

The final adversarial trained model has been reviewed and approved by the CMS
Tau Physics Object Group (Tau POG). The corresponding code has been integrated into
central CMS software. DeepTau v2p5 will be used for early Run 3 physics analyses, as
well as Run 2 and early Run 3 combinations.
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The CMS Tau POG plans to implement similar adversarial domain adaptation meth-
ods to reduce the effects of mismodelling in regions dominated by the other tau types (τe,
τµ and τj). The first of these will be for the discriminator against muons, for which there
are large discrepancies between the data and simulations in the endcap regions, reaching
as high as factor 5.
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Appendix A

Identification Performance Plots

A.1 Run 2 Samples
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Figure A.1: Run 2 inclusive identification performance in the forward pseudorapidity
region.
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A.1.2 Central Region by DM
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Figure A.2: Run 2 individual DM identification performance against jets in the low pT
central region.
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Figure A.3: Run 2 individual DM identification performance against electrons in the low
pT central region.
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Figure A.4: Run 2 individual DM identification performance against muons for individual
decay modes in the low pT central region.
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A.1.3 Forward Region by DM
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Figure A.5: Run 2 individual DM identification performance against jets in the low pT
forward region.
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Figure A.6: Run 2 individual DM identification performance against electrons in the low
pT forward region.
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Figure A.7: Run 2 individual DM identification performance against muons in the low
pT forward region.
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A.2 Run 2/Run 3 Comparison
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Figure A.8: Comparison of Run 2/3 inclusive identification performance in the forward
pseudorapidity region.
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A.2.2 Central Region by DM
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Figure A.9: Comparison of Run 2/3 individual DM identification performance against
jets in the low pT central region.
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Figure A.10: Comparison of Run 2/3 individual DM identification performance against
electrons in the low pT central region.
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Figure A.11: Comparison of Run 2/3 individual DM identification performance against
muons in the low pT central region.
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A.2.3 Forward Region by DM
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Figure A.12: Comparison of Run 2/3 individual DM identification performance against
jets in the low pT forward region.
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Figure A.13: Comparison of Run 2/3 individual DM identification performance against
electrons in the low pT forward region.
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Figure A.14: Comparison of Run 2/3 individual DM identification performance against
muons in the low pT forward region.
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