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Abstract

In this dissertation, the implementation of a Data-Quality Early Warning System (DQEWS) is explored.

We use unsupervised Machine Learning (ML) methods to evaluate Data-Quality (DQ) in the ATLAS

detector. We do so by observing and quantifying the evolution of Luminosity-Block (LB) data from

Inner Detector (ID) tracking information, with a single LB towards the beginning of a run used as the

reference. In this way, we obtain a trajectory that describes how the recorded LB data drift over the

course of a run. Within the scope of this project thus far, the following will be shown. The version of

the DQEWS algorithm defined as of the presentation of the results shown in this dissertation is shown to

sufficiently flag good LBs as ’good’, and bad LBs as ’bad’ under the condition that the flagging criteria

are evaluated on LB datasets that lie within a similar range of instantaneous luminosity as the LB datasets

used to construct the criteria.
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Chapter 1

Introduction

The Standard Model (SM) of particle physics is a theoretical model which is the current best description

of fundamental particles and their interactions. The particles which represent the basic constituents

of matter are fermions, and those which mediate their interactions are the interaction particles known

as vector bosons. Four fundamental forces (each described by an interaction particle) are postulated in

nature namely the gravitational, electromagnetic, weak and strong forces. For this project, the latter three

are relevant because the SM currently does not incorporate gravitational interactions. Four vector bosons

exist that correspond to the three relevant forces. The electromagnetic force is mediated by photons, the

weak force by the W and Z bosons, and the strong force by gluons. Additionally, the SM explains the

origin of the fundamental particle masses through their interaction with a scalar boson called the Higgs

boson [1].

Many predictions of the SM have been validated by various experiments around the world. For this

reason, the SM is one of the most successful theories in physics. One such experiment which has the

technological capability of validating theoretical predictions of the SM is the ATLAS experiment [2]. So

far, observations made at ATLAS mostly conform to the SM, with one of the existing imperatives being

to take more precise measurements of physical objects which exist within the experimental framework

that aims to understand the SM interactions and particles, and to extend our understanding Beyond the

Standard Model (BSM) as it currently stands.

In experiment, the process is such that the colliding particles are considered the initial state and primary

vertex. All resultant decay products from this initial state present within the detector sub-systems prior

to the measurement by the trigger menu are the intermediate states, and the final state particles are those

which are measured directly by the detectors and selected for storage and analysis.

Experiments which aim to prove various theoretical predictions of the SM require the acquisition of data

to be as precise as possible. In testing these theoretical predictions, measurements taken must be precise

in that the uncertainties of measurements are reduced as much as possible.

1
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Data are acquired with the Trigger and Data Acquisitions system (TDAQ) which is a sub-system in the

ATLAS detector. The LHC provides data at rates that are too high for the ATLAS detector to read-out and

store. Luckily most proton-proton collisions are not of interest and can be discarded. The trigger system

makes a quick decision about whether or not an event is interesting and should be read out. Following a

decision to read out an event by the trigger the data-acquisition process ensures that the many subsystems

of the ATLAS detector correctly read out and store the correct information. The trigger in run 2 of the

LHC is comprised of two independent levels, namely a hardware-based trigger (L1), and a software-

based High-Level Trigger (HLT) [3].

In this dissertation, we present the Data Quality Early Warning System (DQEWS) which is designed to

evaluate the validity of acquired information using Machine Learning (ML). Evaluation of information

by the DQEWS is done on data having passed through L1 and accepted into the HLT using various tools

to ensure that the acquired data do not contain unexpectedly different information (defects) from good

data, and that if data is bad, the DQEWS can flag it correctly. We validate that the data do not have

underlying distributions sufficiently different from others within a run of the detector in which the data

are flagged as ’good’ for physics analyses, where these differences of underlying distributions could be

the results of things such as temporary electronics failures, detectors not being at the correct voltage, and

mechanical failures of components in the detector. In particular, these defects denote situations where the

detector conditions are not nominal within some interval of validity (IOV) [4]. The IOV is specifically a

period during which the stored detector conditions are valid and applicable to the data taken. This period

may be represented with either start and end timestamps (in ns) issued by the Central Trigger Processor

(CTP). These time stamps are labelled with the Luminosity Block Number (LBN) [5]. In addition to

this, there are other reasons for failure such as temporary electronics failures or detectors not being at the

correct voltages etc. This can be identified, for example, by empty or zeroed out elements in the acquired

datasets.

Regarding the structure of this dissertation, the following protocol will be followed. The relevant theory

regarding the Standard Model, CERN and the Large Hadron Collider, the ATLAS detector, Data Acqui-

sition and quality, and ML will be presented in that order. After this, the analyses will be presented.

The tools with which Data Quality (DQ) will be analysed will be ML-based with the eventual goal of

monitoring DQ at ATLAS in real-time. This will be done by scanning reconstructed data Luminosity

Block (LB) by LB and alerting shifters if the data contains any anomalous information in any of the

scanned LBs. Anomalous information in this scope is any information that compromises the expected

trajectory of changes in the underlying distributions between each LB for each considered run. Anoma-

lous information may be detected in data at more than one level of analysis [6]. In this work I consider

at tracking information from the Inner Detector (ID) that is acquired and stored.
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The tools used to construct the DQEWS are binary classifiers. The particular type of binary classifier we

use in this implementation of the DQEWS is the Gradient Boosted Decision Tree (GBDT). The idea is

that this algorithm is used to quantify the separation between individual LB datasets with each instance of

a pair-wise comparison being termed a LB comparison. With the set of LB comparisons, we then obtain

fits of the trajectory of separation within a run. Additionally, we may calculate the variable attributions

to determine whether variables attributed by the GBDT contained in LB datasets flagged as ’bad’ by the

Good Runs Lists (GRLs) provided by the DQ group are consistent with the variables that are flagged

by the DQEWS. With the highest contributing, and potentially anomalous, variables computed by the

DQEWS we have strong indications of locations of, and non-mechanical reasons for, failure within the

ID sub-system that this anomalous variable comes from, and a time at which the failure occurred based

on the LBN identifier.

The anomalous variables which we aim to detect emerge within a dynamically changing environment at

the ATLAS detector during a particular run. Thus, the measurements taken are subject to effects resul-

tant from the proton-proton collisions, as well as other effects which affect observations. These effects

include but are not limited to pile-up, and background noise. Due to these sorts of effects, the under-

lying distributions of the acquired datasets are temporally subject to changes due to drifting variables

which form a basis of the space of measurements taken. The set of all the changes that occur from all

the comparisons is descriptive of drift occurring over the course of a run. By quantifying this drift, it is

then possible to flag drifting variables as those most degrading the DQ of acquired information over the

course of a run. The DQ is an integral consideration at ATLAS (and other experiments) as all physics

measurements are taken from acquired data.

The analyses performed in this thesis make use of data collected from Run-2 of the ATLAS detector with

proton-proton collisions with a centre-of-mass energy of up to
√

s = 13 TeV.
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The Standard Model of Particle Physics

This chapter motivates our need to be able to detect anomalous features in data that we analyse in our

attempts to further understand the physics of our reality.

The standard model of particle physics provides the current most accurate description of our reality

through the analysis of its fundamental constituents. These constituents are the particles defined at a

fundamental level by Quantum Field Theory (QFT). QFT provides a unified framework for describing

fundamental particles through the integration of relativity and quantum mechanics [7].

The dynamics of the system are determined using a slightly modified version of the action principle,

S, and imposing the condition of zero variation of the action, δS with boundary conditions giving us

the Euler-Lagrange equations of motion. This is done in this way because it allows us to generalise the

dynamics of point particles over time to fields.

In QFT, there are two fields, each of which corresponds to the matter particles, and the force parti-

cles [7]. The fields are the solutions to Schrodingers equation when not considering relativity, and to

the Klein-Gordon equation when considering relativity. Real valued fields, when quantised, generate

wave-functions that represent free particles without charge while complex valued fields, when quantised,

generate wave-functions that represent free particles with charge. The particles are represented in tabular

form as shown in figure 2.1.

2.0.1 Fermions

The matter particles are half-integer spin particles called fermions. The fermions consist of two subsets

each of which contains a collection of a type of particle. Each of these fermions has an antimatter

counterpart which carries equivalent mass but opposite electric charge.

The first is the set of quarks which are particles that interact via the electroweak and strong forces. There

are three generations of quarks which consist of the pairs: up and down, charm and strange, and top and

4
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Figure 2.1: This figure shows the particles currently verified under the SM [8].

bottom.

The second is the set of leptons, which are also half-integer spin matter particles that interact via the

electroweak force. There are also three generations of leptons which consist of the electron, muon and

tau, along with their neutrino counterparts. [9]

2.0.2 Bosons

The force-carrying particles are integer spin particles. These particles are called the vector bosons. These

vector bosons each mediate one of three fundamental forces. Namely, the electromagnetic, the weak, and

the strong forces. Note that the gravitational force is not described by the SM. Four types of vector bosons

exist for the three relevant forces in the SM. The electromagnetic force is mediated by photons, the weak

force by the W and Z bosons, and the strong force by gluons.

An additional zero spin scalar boson exists called the Higgs-Boson. The Higgs boson has zero spin,

zero charge and zero colour. It is highly unstable and as a result, decays into other particles almost

instantaneously. It is responsible for the mass of the W and Z vector bosons by it’s association with what

is called the Higgs field. This Higgs field is what is responsible for the masses of all particles, including

the Higgs boson, by their coupling to this field. The mass is acquired by a spontaneous symmetry-
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breaking mechanism which is responsible for the near-instantaneous decay [10]. It is noted that there

may be more than one candidate particles for the Higgs boson.

Photons and gluons are massless because they do not interact with the Higgs field.

2.1 Predictions

Consistency of SM theory with measurements taken by detector systems establishes an approach to a

more consistent understanding of reality. It is through the measurement of the physical processes in

such a way that theory and experiment converge, possibly leading to technological advancement, that

it is possible to justify the high operational costs of these experiments to governments. This is in the

sense that the governments that fund large experiments that employ thousands of scientists need to be

incentivised to maintain this funding. These incentives include but are not necessarily limited to the

possibility of creating new technologies through the discovery of new knowledge, and the training of

individuals able to make use of the cutting edge technologies required to do these tasks entering their

nations’ work-forces. This is important because without this funding, the progress of our understanding

of particle physics, and resultantly the SM, will come to rely only on private individuals that are able to

do expensive High-Energy Physics (HEP) research without governmental funding. This would lead to

an exodus of trained scientists into fields like software development and consulting should the private

funding be insufficient to compensate scientists with living wages. This may, for some time, lead to a

slowing of the rate of development within the field until such a time that these private individuals can

fund the compensation of these scientists needed to reclaim the current rate of advancement within this

field. For a reason such as this, predictions that may lead to discoveries are helpful to the rate of progress

of our understanding of reality.

One such discovery is the famous Higgs-Boson particle. While no new technology has yet become of the

discovery, its measurement validates prior theory. This principle of using experiment to validate theory

is akin to painting the bulls-eye first then shooting the arrow, rather than the other way around. This is in

the sense that in the latter case, by painting the bulls-eye after the arrow pierces some surface, one may

analogously be considered as first configuring some piece of machinery for no particular problem and

then obtaining the best solution to a particular problem using that machinery. It is not disputed that this

methodology may work, but it does not include an initial purpose. It is this initial purpose that politicians

may look at and see confirmation, through experiment, of theories that may make it easier to justify the

continued operation of the facilities that perform these experiments. This approach ensures that there is

a tangible utility in scientific research in the form of technological advancement.
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2.2 Beyond the Standard Model

The SM is currently an incomplete system of physics [11]. The compulsion to continue to theorise new

physics stems from this incompletion defined by the inability of the SM to describe all of what we can

indirectly observe through experiment. This is the search for Beyond Standard Model (BSM) physics.

Numerous theories aim to explain beyond standard model (BSM) physics. There are Grand Unified

Theories, Technicolor, String Theory, and more recently, the Computational Universe [12, 13].

Evidence for BSM physics is currently observational in the sense that measurements have not directly

been taken but suggestions of various phenomena exist through discrepancies seen in what is expected

by theory. There are numerous examples from models that contain data that the SM cannot describe [14].

One such example is that we are currently unable to account for a large portion of the matter in our uni-

verse. Estimates of the amount of mass we are unable to account for are generally approximately 70%

of the total mass density in our universe. This unaccounted-for matter has been suggested by various

astrophysical observations that would be impossible without including this unaccounted-for matter. This

unaccounted-for matter is chargeless, colourless, non-baryonic but is massive [14]. The term for this

unaccounted for matter is Dark Matter (DM). The goal of the search for BSM physics is to find experi-

mental evidence for candidate particles described by the theories mentioned above. Achieving this goal

requires that we be able to theoretically describe candidate particles (or possibly a set of particles), and

be able to construct experiments that can take precise and repeatable measurements of DM.

A necessary condition for candidate particles for DM is that they have an extremely small interaction

with the three fundamental forces of the SM in order to be compatible with existing observations. Exper-

imental searches for BSM physics, can be targeted to a specific effect predicted by a particular model, or

designed to broadly search for deviations from the Standard Model expectations, which can be targeted

for detailed study. It is important that when effects beyond the SM are measured, that the system taking

these measurements is robust to errors that may mistakenly be seen as evidence, and that failures within

the measurement system be swiftly identified. To ensure such robustness, a measurement system’s ability

to detect both anomalous acquired information and anomalous self-diagnostic information is important.
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CERN and the LHC

3.1 CERN overview

CERN is the European Organization for Nuclear Research. It is an international research organisation

whose initial goal was to represent peaceful world co-operation at the forefront of science. In the context

of the era of the organisations’ inception, this makes sense as it shortly followed the end of the second

world war when our world was starved of peace. [15]

CERN was founded in 1954. It provided, and continues to provide, the infrastructure and resources

needed to initiate science research that may guide humanity forwards by advancing the frontiers of pos-

sible engineering, and technological applications in general. It was founded by 12 nations.[15]

As of today, CERN has 22 member states, not necessarily within Europe’s borders. These are states

who contribute financially and are represented on the CERN council. Several other states are associate

members, observers, or applicants for either full or associate membership. [15]

Primarily, CERN exists now for the same reasons as it did at the time of its founding. Open access has

been culturally practised at CERN since its founding, achieved through using a mass mailing system.

With the invention of the World Wide Web by Tim Berners Lee, while he was working at CERN, more

efficient distribution of information was possible. CERN has an Open Access Policy that continues to

reflect these values. This policy communicates that authors publishing as affiliates of CERN are required

to publish their peer-reviewed primary research articles with open access [16].

In addition to being a bastion for sharing and improving knowledge, CERN provides the infrastructure

needed for high-energy particle physics research. There are various accelerators at CERN which are

collectively referred to as the accelerator complex, shown in figure 3.1.

This complex is a sequence of machines that can accelerate particles to increasingly higher energies.

Each machine injects the particle beam into the next one. The Large Hadron Collider (LHC) is the last

8
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Figure 3.1: The CERN accelerator complex with the various accelerators and experiments are shown

[17].

in this sequence of machines [18].

The LHC houses various experiments which aim to take measurements of different processes with the

overarching goal of us furthering our collective physical understanding of reality. It is the largest, and

most powerful, particle accelerator on Earth.

3.2 LHC overview

The LHC project was approved for construction by the CERN council in December 1994 and was built

during a period between 1998 - 2008. As a result of its construction, the world was ushered into an age

in which we saw an increase in the possibility of probing fundamental material structure for the proposed

Higgs-Boson (which has, at the time of the writing of this dissertation, been verified), and the postulated

range of particles predicted by theories of super-symmetry. [19]

The LHC has infrastructure for four major experiments. Each of these experiments occupies a particular

location along the circumference of the LHC ring, each known as an interaction point. The four exper-

iments are ALICE, ATLAS, CMS and the LHCb experiments. Each of these experiments focuses on
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some form of physics study such as the testing of theoretical physics models, like the SM, and are capa-

ble of probing for possible candidates for BSM particles like the postulated dark matter. The ATLAS and

CMS experiments are high luminosity experiments in search of dark matter [20] and other things such as

identifying the difference between matter and antimatter, and the reasons why subatomic particles have

such different masses [21, 22].

ATLAS and CMS are the largest of the experiments which both house general-purpose detectors [2].

ALICE is specifically a heavy-ion experiment in which Pb-Pb interactions that produce quark-gluon

plasma are analysed, and LHC-B is an experiment dedicated to the study of charge-parity violations and

other phenomena regarding the decay of beauty particles [23].

3.2.1 Global Layout

The LHC particle accelerator is contained in a circular tunnel with a circumference of 27 km which

passes through both France and Switzerland. The tunnel is submerged at a depth ranging from 50 -

179 m underground. The cross-sectional diameter of the tunnel is 3.8 m and is lined with concrete.

This tunnel contains two adjacent and parallel rings which each accelerate particle beams in opposite

directions. These rings are pictured below with locations of the four experiments shown.

Each of the four main experiments is located at a pit shown by a blue star in figure 3.2. These pits are the

locations at which the parallel rings intersect and are the interaction points of the accelerated particles.

3.3 Operation and Luminosity

A run of the detector is a period during which the LHC is operational and any of the four experiments

can acquire data. During a run of the LHC, beams of proton bunches 1 are accelerated and guided by

magnets up to the centre-of-mass collision energy of that run. These proton bunches then collide at four

interaction points along the ring of the LHC. These points each correspond to the centre point of one of

the four detectors.

Of all the proton-proton bunches that are accelerated, not all of them will interact through inelastic scat-

tering, to produce measurable processes. The experiments are interested in only the physical processes

that result from proton-proton inelastic scattering interactions. The interactions that produce these pro-

cesses are those that are then measured by one of the detector systems.

The instantaneous luminosity for a colliding bunch pair is a parameter which is a measure of the rate of

1There are about 1011 protons per bunch [25]
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Figure 3.2: Illustration of the LHC ring showing locations of ALICE, ATLAS, CMS and LHC-B exper-

iments [24].

interactions that take place for some physical process per the processes cross section during a period of

time contained within the total duration of a run of the detector. It is mathematically defined as:

L=
Rinel

σinel
(3.1)

where L is the instantaneous luminosity, Rinel is the interaction rate of the physical process in question,

and σinel is the p-p inelastic cross-section.

A collider operating at some revolution frequency fr with nb proton-proton bunches crossing at an inter-

action point, equation (3.1) may be re-written as

L=
µ ·nb · fr

σinel
(3.2)

where µ is the average number of inelastic interactions per bunch crossing [26].
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The peak design centre-of-mass collision energy 2 and design luminosity 3 are 14 TeV and 1034 cm-1

respectively [27]. The peak instantaneous luminosity was 19 x 1033 cm-1 [28].

Run-1 of the LHC occurred between the years 2010 and 2012. During Run-1 the LHC was operated at

peak beam energies of 4 TeV with the corresponding centre-of-mass energy being 8 TeV [27].

Run-2 of the LHC occurred between the years 2015 and 2018. During Run-2 the LHC was operated at

peak beam energies 6.5 TeV with the corresponding centre-of-mass energy being 13 TeV [29].

3.3.1 Luminosity Decay

Luminosity decays over the course of a run due to degradation of intensities and emittances of the of

circulating beams. The primary source of this degradation while the LHC is operational is the beam loss

due to collisions [30]. The initial decay time of the colliding beams is:

τnuc =
Ntot,t0

L ·σtot · k
(3.3)

where Ntot,t0 is the initial beam intensity, L is the initial luminosity, σtot is the total beam cross-section

and k is the number of interaction points of the colliding beams. This initial decay time shows the direct

proportionality between the beam intensity and the luminosity of the collider

As functions of time, the beam intensity and luminosity due to only the effects of beam loss due to

collisions are given by:

N(t) =
Ntot,t0

1+ t
τnuc

(3.4)

L(t) =
L0

(1+ t
τnuc

)2 (3.5)

where the time required to reach 1
e of the initial luminosity is given by:

2This is the beam energy that the LHC machine is designed to be able to deliver. The beam energy has not been reached

during a run.
3This is luminosity that the LHC machine is designed to be able to deliver. The design luminosity has been exceeded by a

factor of two
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τ1/e = (
√

e−1)τ (3.6)

Assuming the peak LHC luminosity, L = 1034 cm-1 and the peak total colliding beam cross-section at a

center-of-mass energy of 14 TeV, σtot = 1025 cm-2 equation (3.6) yields:

τ = 29hours (3.7)

In addition to the above, we have other effects that result in beam loss such as Toucheck scattering 4 and

slow emittance blow-up 5 due to things such as beam-beam interactions [30].

The total luminosity lifetime may be estimated as a sum due to contributing processes:

1
τtot

=
1

τnuc, 1
e

+
1

τprocess1
+

1
τprocess2

+ ... (3.8)

The decay is further approximated as an exponential process so that the contribution of the different

processes to the decay may be easily added. This gives us the following [25] :

L(t) = L0exp(− t
τtot)

) (3.9)

3.3.2 Integrated Luminosity

While the instantaneous luminosity is important for determining the number of events measured by the

detector during a particular period contained within a run, the integrated luminosity is important as it

directly correlates to the total number of observed events over the course of a run [25]. We integrate

equation (3.9) over the duration of a run to obtain [30]:

Lint = L0τtot(1− exp(− Trun

τtot)
) (3.10)

4This is scattering of particles that occurs within the rings of the LHC itself.
5Emittance is the average spread of a particle within the collider. The emittance blow-up is the tendency of particles to begin

to travel in a more cloudy beam as opposed to a precise and streamlined beam
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where Trun is the duration of a run.
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ATLAS

The detector used by the ATLAS experiment is a multipurpose particle detector at the Large Hadron

Collider (LHC).

At the nominal interaction point of proton bunches, 10 11 protons will collide such that the collisions, at

their peak, are estimated to occur at 14 TeV with a design luminosity of 1034 cm-2 s-1 [2].

Figure 4.1: The ATLAS detector is shown above. Its total length is 46m, with a total weight of approxi-

mately 7000 tons [2].

15
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4.1 Co-ordinate System

The global reference frame of the detector system is a right-handed Cartesian coordinate system with the

origin point corresponding to both the nominal interaction point of the proton-proton collisions and the

centre of the detector.

The positive x-axis points to the centre of the LHC ring, the positive y-axis points upwards towards both

the surface of the earth and the sky, and the positive z-axis points anti-clockwise along the beam direction.

The transverse plane which has its basis vectors as the x and y axes is represented with polar coordinates

(r, φ ) with r being the radial distance from the z-axis and φ being the azimuthal angle about the z-axis.

The pseudo-rapidity (commonly referred to as the eta and shown in figure 4.3) is defined in terms of a

polar angle, θ , as η = -ln(tan(θ /2)) where θ is the polar angle between the particle 3-momentum and the

z-axis.

Figure 4.2: The coordinate system for the ATLAS detector is shown [31].

4.2 Sub-Detectors

The detector is comprised of three main sub-detectors that each performs a particular set of tasks for

the acquisition of information required to ultimately perform physics analyses. These sub-detectors

are the Inner Detector (ID), the Electromagnetic Calorimeter (ECal) and Hadronic Calorimeter (HCal),

and the Muon Spectrometer (MS). These are complemented by a magnetic system that consists of four

superconducting magnets whose positions in the detector are illustrated in figure 4.1. This magnetic

system is comprised of a central solenoid that provides a magnetic field of 2 T for the ID [33], a barrel

toroid, and two end-cap toroids that generate 1 T magnetic fields for the MS [34].
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Figure 4.3: A polar plot illustrating the pseudo-rapidity in the ATLAS detector coordinate system is

shown [32].

We provide descriptions of all these components but provide a more comprehensive description of the

ID as all data used for the content of the analyses in this dissertation contain only ID tracking variables.

The sub-detectors and their components descriptions will be mentioned from those closest to the proton-

proton interaction point, outwards.

Descriptions of the sub-detector components are given as context for the conditions that are descrip-

tive of the measurement system during operation, and how changes in these conditions may result in a

degradation of the quality of the recorded data.

4.2.1 Inner Detector and Track Reconstruction

To reconstruct and identify particles that result from the proton-proton collisions, ATLAS uses the ID.

The ID provides essential information for the reconstruction of physics objects such as electrons, muons,

τ-leptons, photons and jets. In addition, it provides information for the identification of jets containing

b-hadrons and for event-level quantities calculated using charged particle tracks [4].

The design of the ID aims to provide as efficient, precise and robust position and momentum measure-

ments, and identification of traversing charged particles as possible. These charged particles induce

electrical charge signals in the IDs components which are then read-out such that we may determine the

positions of the hits based on our understanding of the spatial configuration of the ID components. These

electrical charge signal measurements (these can also be referred to as hits) are then used to reconstruct

their trajectories (these are the tracks) using the positions of the signals and to estimate the associated

tracking variables [35]. Combining information about the electrical charges and tracks of these particles

incident to the ID components, we can calculate the particle momenta.
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The precision of the tracking variables is determined by factors including the resolution of measure-

ment devices, the magnetic field, distribution of material in the ID, and the orientation of the detectors

elements. Detector alignment is thus important to optimise this precision.

The ID is designed to have complete azimuthal coverage, and to have pseudo-rapidity coverage in the

region |η | < 2.5. In addition, it has been designed to provide sufficient transverse momentum resolution

1.

It provides charged particle identification over |η | < 2.0 and for energies between 0.5 GeV and 150 GeV

[2]. This range of energies is due to particles measured closer to the collision point having significantly

higher energies than those further out within the ID [36].

The ID operates within a 2 Tesla magnetic field provided by the toroidal magnetic system [37]. The

picture shown in figure 4.4 is a cross-sectional image to help illustrate the relative position of the sub-

detector components. On the right side of the image, the black line represents an individual track travers-

ing the ID. The green dots represent the intersection of the track with the surface of a sub-detector plane,

the red stars indicate the sub-detector measurements, and the blue lines represent the residual of the track

with the sub-detector hit[38].

Figure 4.4: Cross-sectional image of the ID sub-detectors, the TRT, SCT and Pixel Detector, from top to

bottom [38].

Sub-detectors

The ID detector consists of three sub-detectors, namely the silicon pixel detector, the silicon micro-strip

(or SemiConductor) Tracker (SCT), and the straw-tube Transition Radiation Tracker (TRT). Descriptions

1In the transverse plane which is perpendicular to the beam axis
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of these are as follows, and are all taken from [33]. These are described from the closest to the beam

interaction point outwards:

1. The silicon pixel detector provides three measurement points for particles incident from the col-

lision point. The Insertable B-Layer (IBL) is the innermost layer of the pixel detector which is

there to cope with the increase in instantaneous luminosity between Run-1 and Run-2 of the LHC.

The IBL has approximately 12 million pixels [39]. It then consists of 1744 silicon pixel modules

arranged in three concentric barrel layers, and two end-caps of three disks each.

The local x-coordinates of each module correspond to high-precision position measurements in

the global rapidity-azimuthal plane. The local y-coordinates are oriented approximately along the

global z-direction (beam axis) in the ID barrel, and along R in the end-caps. Each module is

read out by 16 radiation-hard front-end chips bonded to the sensor. The total number of read-out

channels is approximately 80.4 million. Pulses are read out if the signal from an incoming particle

exceeds some threshold.

2. The SCT provides eight strip measurements (that correspond to four points in space) of particles

incident from the collision point. It consists of 4088 modules of silicon-strip sensors arranged in

four concentric barrel layers, and two end-caps of nine disks each. These strips are approximately

parallel to the magnetic systems solenoid field and beam axis. Most of the modules consist of four

silicon strip sensors; two on each side. The strips are, again, read out by radiation-hard front-end

readout chips with each chip reading out 128 channels. The total number of read-out channels is

approximately 6.3 million

3. The TRT consists of 298 304 drift tubes (straws) read out by 350 848 channels of electronics. The

straws in the barrel region are arranged in cylindrical layers and 32 azimuthal sectors. They have

split anodes and are read-out on each side. The straws in the end-cap region are radially oriented 80

wheel-like modular structures [40]. It is the TRT that provides the ID with electron identification

via transition radiation 2 from polypropylene fibres or foils interleaved between the straws.

Shown below is an image to help illustrate the positions of the sub-detector components and their ele-

ments described in the above enumeration.

The ID takes measurements of the trajectories of the decay product particles from the collision event

that are not neutrally charged. The ID being the detector component physically situated closest to the

proton-proton collision vertex requires the ability to take high precision measurements with sufficiently

fine detector granularity due to the higher particle densities close to the interaction region. These high

2Transition radiation is emitted electromagnetic radiation from charged particles passing through some heterogeneous media
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Figure 4.5: Cross-sectional image of the ID detector showing the positions of the sub-detectors elements

relative to each other [33].

particle densities are considered to be dense, within this region , relative to the particle densities within

regions further out from the beam interaction point in which measurements fall under the cover of the

other detector components.

These high particle densities within the ID region strongly correlate with this region being a high ra-

diation environment. This imposes strong conditions on its various components and their service over

the sub-detectors 10-year design lifespan [2]. Over this lifespan, the silicon pixel layers must withstand

an integrated fluence 3 of approximately 8x1014neq/cm2 while inner parts of the SCT must withstand

approximately 2x1014neq/cm2 [2]. These silicon components need to be kept at temperatures between

−5°C and −10°C (implying coolant temperatures of approximately −25°C ) to maintain an adequate

noise performance subsequent to radiation damage. The TRT, however, is designed to operate at room

temperature.

Due to the above, it is imperative that radiation-tolerant materials are used, and that these materials do not

undergo significant structural changes from deformations due to heat following cycles of temperatures

between −20°C and 20°C [2].

3Radiant energy received by some unit surface integrated with the time of irradiation. It is normalised using non-ionising

energy loss (NIEL) cross-sections to the expected damage for 1 MeV neutrons.
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All information is presented as context for the conditions that are required for nominal operation for

the detector. Deviation from these conditions may lead to degradation of the Data Quality (DQ). It is

important to continuously assess our understanding of the detector in order to maintain sufficient DQ.

This is done by mitigating deleterious effects due to pile-up and by performing calibration checks to

ensure the system’s integrity.

Pile-up

The number of proton-proton interactions per bunch crossing follows a Poisson distribution. This al-

lows us to interpret the information acquired using a Poisson counting process. The mean value of this

distribution is given by µ .

Over the course of a run µ decreases with decreasing beam intensity and increasing emittance, The

largest value of µ thus occurs towards the beginning of the run and is µpeak [41].

Extending the logic from (4.1) we rearrange to obtain:

µ =
L ·σinel

nb · fr
(4.1)

The uncertainties of µ depend on the uncertainties of the measured L and σinel .

In-time pile-up is the impact from additional interactions within the same bunch crossing. Depending on

the duration of the read-out window of the ID, signals from neighbouring (in time) bunch crossing can be

present when the sub-detector is read out. The impact from these neighbouring bunch crossing is out-of-

time pile-up. Due to the time-resolution of the ID, out-of-time pile-up has a smaller impact than in-time

pile-up. Out-of-time pile-up slightly increases the track occupancy in the TRT (has a read-out window of

75 ns) in relation to the silicon detectors (have read-out windows of 25 ns). The number of reconstructed

tracks and vertices directly corresponds to the amount of in-time pile-up on an event-by-event basis [41].

Track and Vertex Reconstruction

The ID is sensitive to an increase in particle multiplicity with pile-up. As seen by the ID components this

is quantified by an increase in the number of channels that need to be read out (track occupancy) from

each of its components. This is challenging for the DAQ of the events. The pixel detector naturally has

the highest particle flux but has the lowest track occupancy due to the higher granularity of the modules.

The track occupancy then increases. and granularity decreases going outwards to the TRT. The increase
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in track occupancy makes track reconstruction challenging.

A single track from a particle would typically have 3 pixel clusters, 8 SCT clusters and 30 TRT hits.

Tracks for primary charged particles are constructed using a few algorithms that have different methods

of associating tracking information from hits in individual sub-detector modules. A primary charged

particle is defined as a particle whose mean lifetime is greater than 3×10−11 s and is directly produced

by any of the proton-proton interaction, the subsequent decays of such particles, or the interaction of

particles with a mean lifetime shorter than 3× 10−11 s. The transverse momentum for a track to be

reconstructed by the inside-out algorithm is required to be pT > 400 MeV.

The inside-out algorithm is the baseline algorithm used to efficiently reconstruct primary charged par-

ticles. The algorithm is instantiated using 3-point seeds (obtained from pixel clusters) in space 4 that

describe the measurements from the silicon detectors, and add hits moving away from the interaction

point using a combinatorial Kalman filter [42]. Using these point seeds the Kalman filter predicts the

most likely position which describes the next position in the trajectory of that particular particles’ track

and updates in that direction. The next prediction is then instantiated by the updated position of the next

chosen measurement that aligns with the track according to the filter [43]. After ambiguities in the track

candidates in this spatial region are resolved, the tracks are extended to the TRT.

Once the tracks are extended to the TRT, the Kalman filter is used in reverse and adds silicon hits. This

is referred to as back-tracking. Back-tracking reconstructs secondary particles. Secondary particles are

particles produced by interactions of primary particles. Tracks with a TRT segment but no back-tracked

extension back into the silicon detectors are referred to as TRT-standalone tracks [41]. Outlier clusters

are then removed along with the rejection of fake tracks. This is achieved using quality selection criteria

using limits on things such as the number of holes 5 per track [2].

Issues with track reconstruction lead to degraded track variable resolution due to incorrect signal assign-

ment, decreased efficiency and fake tracks being assigned. Increasing density of collisions with pile-up

degrades vertex resolution when a track is included in this vertex, or two vertices are combined into a

single reconstructed vertex [41].

Primary vertices are reconstructed by first using a primary vertex finding algorithm that associates re-

constructed tracks to vertex candidates, then secondly using a vertex fitting algorithm that reconstructs

the vertex position and its corresponding error matrix [44].

4These point seeds are 4-vectors
5A hole is defined as an active silicon sensor crossed by a track but not generating an associated cluster. By extension, this

excludes known disabled sensors
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The datasets used in the analyses of this dissertation contain the information of variables that describe

this reconstructed tracking information.

Alignment

Alignment is required to provide an accurate description of the geometry of the detector to obtain precise

locations and orientations of each of the tracking modules. Alignment of the ID is necessary for reaching

sufficient tracking performance. This alignment is done to determine the correct spatial positions of the

pixel and SCT silicon modules, and the TRT straw modules. In doing so, 6 degrees of freedom (rotational

and translational) are determined for each module treated as rigid bodies in 3-d space. The total number

of spatial degrees of freedom needing to be dealt with in alignment is 700 000 [45]. Additionally, it is

important to correct for imperfections within each module due to temperature gradients, module bows,

and other distortions[37].

The alignment of the detector elements is done using charged tracks, and for the SCT it is supplemented

laser interferometric monitoring 6.

4.2.2 Calorimeters

The ATLAS calorimeter system is composed of two main types. These are the Liquid-Argon (LAr)

electromagnetic calorimeter (EM), and the hadronic calorimeters. Each of these measures the particle

type in its name. The calorimeter system provides coverage of |η | < 4.9.

The calorimeters are sampling calorimeters. This is that they take measurements from showers of energy

produced by particles incident to the bulk of matter contained in the calorimeters using alternating layers

of active and absorbing materials. Sampling calorimetry, as opposed to homogeneous calorimetry, is that

alternating layers are used as opposed to a single (hence homogeneous) active layer being used.

The calorimeter system as a whole provides closure for electromagnetic and hadronic showers within the

region containing its components, thus stopping the propagation of matter within these types of showers

before they reach the muon spectrometry system [2].

The LAr EM calorimeter directly surrounds the ID. It is a high granularity LAr sampling calorimeter that

uses lead as an absorber. The LAr EM calorimeter is further divided into a barrel module, which covers

the region |η | < 1.475, and two end-cap modules which cover the region 1.375 < |η | < 3.2 on each end

6Using monochromatic light split and propagated towards some surface on which the reflected light beams have their phase

differences measured, thus providing a measurement of positional drift of components
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of the barrel module with some overlap. These barrel and end-cap modules are integrated along with

pre-samplers which are mounted in between the cryostat cold-wall and the aforementioned calorimeter

modules. The barrel pre-sampler covers |η | < 1.52, and the end-cap pre-samplers cover 1.5 < |η | < 1.8

The hadronic calorimeters are divided into three regions.

1. The first section is the central-most section which contains the barrel regions. This is further dived

into three sub-systems. The central barrel region which covers |η | < 0.8, and the two extended

barrel regions which each cover 0.8 < |η | < 1.7. All of these regions contain scintillator-tile/steel

hadronic calorimeters. Each of these barrel regions consists of 64 modules with azimuthal cover-

ages of π/32 rad.

2. The second section is that which houses the hadronic end-cap calorimeters. This section covers

the pseudo-rapidity range 1.5 < |η | < 3.2 and modulates LAr/Cu7 calorimeter modules.

3. The third section houses two Forward Calorimeters (FCals) at each end of the calorimetry system.

These calorimeters modulate both LAr/Cu and LAr/W8 modules for both electromagnetic and

hadronic energy measurements respectively. [37]

Pictured in figure 4.6 is an image illustrating the configuration of the calorimetry system and its labelled

components. It is noted that due to the accordion geometry of all the above-mentioned components,

azimuthal coverage covers a full revolution in φ, and thus is not specified.

Figure 4.6: Cross-sectional image of the calorimeter detector showing the positions of the sub-detectors

elements relative to each other [37].

Measurements are built into topological cell clusters using the spatial distribution of cell signals to allow

for the reconstruction of energy and directions of incident particles by combining them with ID tracking

information into jets [37].
7Liquid-Argon/Copper
8Liquid-Argon/Tungsten
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Particle jet reconstruction is done by combining tracking information outlined in section 4.2.1 with topo-

logical clusters of calorimeter information using particle flow [46].

4.2.3 Muon Spectrometer

The muon spectrometer directly surrounds the calorimetry system. It is designed to take momentum

measurements of muons with transverse momentum, pT > 3GeV . The muon momentum is determined

by measuring the curvature of muon tracks in a toroidal magnetic field.

These muon tracks fully penetrate (have no deposits in) the calorimeters, and enter the muon chamber.

The trajectory of these tracks is normal to the main component of the magnetic field such that the trans-

verse momentum is independent of pseudo-rapidity i.e has no non-zero components that are dependent

on the polar angle of incidence.

The magnetic field is provided by three toroidal magnets, one in the central region (barrel), and one for

each forward (end-cap)region. The pseudo-rapidity coverage for these regions are |η | < 1.1 and 1.1 < |η |

< 2.7 respectively with a field integral between 2 and 8 T·m [47].

The muon spectrometer is comprised of the following components

1. Monitored Drift Tube chambers (MDTs).

2. Resistive Plate Chambers (RPCs)

3. Thin Gap Chambers (TGCs)

4. Cathode Strip Chambers (CSCs)

MDTs are used for most of the acceptance range. The coordinate perpendicular to the direction of the

toroidal field is measured by the MDT and is referred to as the precision (or bending coordinate)[47].

The MDTs are complemented by the RPCs and TGCs which are fast-trigger chambers with good time

resolution. The RPCs trigger particles within the barrel region, and the TGCs trigger particles in the

end-cap regions.

In a small end-cap region that surrounds the proton-proton beam pipe, the CSCs are used instead of the

MDTs due to their ability to cope with higher particle multiplicities [48]. The configuration of these

components is shown below in figure 4.7
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Figure 4.7: Cross-sectional image of the ATLAS detector showing the positions of the muon spectrome-

ter components [37].

4.2.4 LUCID (LUminosity Cherenkov Integrating Detector)

Taking precise measurements of the absolute luminosity is important. In measuring the absolute lumi-

nosity, ATLAS assesses and controls systematic uncertainties that affect it. For these measurements to

be precise, calibration is required. This calibration relies primarily on LUCID2 (which we also refer to

as simply LUCID). LUCID is mentioned in particular as it is the detector that is dedicated to luminosity

measurements with a coverage of 5.6 < |η| < 5.9. These luminosity measurements are complemented by

bunch-wise measurements from other detectors and are taken online9.

4.3 Energy resolution

It is important that the jet energy and position resolution are known in order to make as precise and

detailed measurements of SM particles that decay to jets as possible. The Jet Energy Resolution (JER)

affects the missing transverse momentum (commonly referred to as missing transverse energy or simply

MET). The MET is particle energy in the plane tranverse to the beam direction that is not detected by

any of the sub-detectors but is expected due to energy and momentum conservation laws [49].

Measurements that involve particles that do not interact via the electromagnetic and strong forces, such

as neutrinos and potentially Dark Matter candidate particles, rely quite heavily on well constructed MET.

This is because the sub-detector components make use of particle interactions to take measurements.

9While the LHC is operational and measurements are being taken by ATLAS during proton-proton collisions
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The JER depends on the transverse momentum (pt) and is parameterized using a functional form of

calorimeter based resolutions. There are three independent contributions to the JER which are [49, 50]:

1. N: Term due to the contribution from electronic noise to the signal by front-end electronics, as well

as pile-up. This term is expected to dominate in the low pT region, below 30 GeV

2. S: Term due to statistical fluctuations in the amount of energy deposited in calorimeter cells. The

contribution is small for homogeneous calorimeters and larger for sampling calorimeters.

3. C: A constant term due to fluctuations that are a constant proportion of the pT such as energy

deposits in passive material (like solenoid coil), the initial point of the hadronic showers, and non-

uniformities of response within the calorimeter. This term is expected to dominate in the high pT

region, above 400 GeV

The general form of the JER in terms of the parameters described above is:

σ(pT )

pT
=

N
pT

⊕ S
√

pT

⊕
C (4.2)

The JER is defined in terms of the pT of the jet. Calculations done using this equation require that

jets must either recoil against some reference object whose momentum can be precisely measured or be

balanced with another jet in a dijet system.

In general, the energy resolution of massive objects may be written in a similar form to equation (4.8) as:

σ(E)
E

=
N
E

⊕ S√
E

⊕
C (4.3)

4.3.1 Electromagnetic calorimeter resolution

The design energy resolution for the EM calorimeter is:

σ(E)
E

=
170MeV

E

⊕ 10%√
E

⊕
0.7% (4.4)
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4.3.2 Hadronic calorimeter resolution

The standalone energy resolution for the hadronic tile calorimeter obtained using test-beams using single

pions is:

σ(E)
E

=
52.9%√

E

⊕
5.7% (4.5)

The noise term is negligable, and is thus excluded.

4.3.3 Muon spectrometer resolution

The resolution of a signal produced by a charged particle passing through a MDT above 100 GeV be-

comes important, and above 250 GeV becomes a dominant contribution to the transverse momentum

resolution calculation.

The MS design momentum resolution at 100 GeV, and at 1 TeV is given by equations (4.3.3) and (4.3.3)

respectively:

δ (p)
p

= 3%

(4.6)

δ (p)
p

= 10%

(4.7)

At high momentum, the pT resolution is determined by [51]:
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σ(pT )

pT
= σres× pT (4.8)

Where σres is the single-hit spatial resolution. The design resolution is σres = 80µm[52]
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4.4 Absolute Luminosity

A detector’s particle identification capabilities are important due to the precision with which measure-

ments need to be made. More specifically, in order to improve our ability to identify final state particles,

like leptons or photons, or to be able to take measurements of experimental parameters like the missing

transverse momentum, it is required that high luminosities be reached and that the detector has sufficient

ability to take measurements at these luminosities.

The absolute luminosity is a quantity that represents the geometric overlap of each beam accelerated in

the LHC that are visible to the ATLAS detector. It may be computed from parameters of the accelerator,

and measurements made by the detector using:

L=
fLHC ·∑nb

i=1 Ni1 ·Ni2

4πσx ·σy
(4.9)

where fLHC is the revolution frequency of the accelerator (the frequency with which some object will

take to complete one revolution of the LCH), nb is the number of colliding p-p bunches, Ni1 and Ni2 are

the number of protons per bunch in beams 1 and 2, and σx and σy are the corresponding beam width and

height for these aforementioned beams.

The sub-systems that have the capability for luminosity measurements, along with their respective cov-

erages, are as follows [53, 54, 55, 56]:

1. LUCID - Cherenkov detector dedicated to relative luminosity measurements with 5.6 < |η | < 5.9

2. EMEC - Endcap region of the Liquid-Argon Electromagnetic Calorimeter with 1.375 < |η | < 3.2

3. FCal - Forward Calorimeter with 3.1 < |η | < 4.9

4. TileCal - Scintillator-tile hadronic calorimeter which is divided into three cylinders with the long

barrel covering |η | < 1.0, and two extended barrels covering 0.8 < |η | < 1.7

5. HLT - High Level Trigger (will be discussed in more detail later on in this dissertation) with |η | <

2.5

Online measurements taken are complemented by offline measurements of reconstructed particles in

various bunch crossings, which is in essence counting the tracks of the particles. [53]
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4.4.1 Luminosity Blocks

Luminosity blocks (LBs) are the sets of information that describe all measurements taken within the

lowest resolution time unit during which ATLAS luminosity data is being recorded. An LB corresponds

to approximately 2 minutes of data taking and may be considered the atomic unit of data taking within

ATLAS. At the end of a run, there will be many LBs available. This temporally ordered designation of

measurements into LBs makes comparisons between these LBs from the sub-detectors within the same

run possible so that we may calibrate the models used to assess the validity of the measurements con-

tained within each LB. In addition to this, it allows us to track the behaviour of acquired LB information

in a way that allows us to determine how the underlying distributions that describe these data change

within a run.

4.5 Commissioning and Calibration

Commissioning and calibration of the ATLAS detector in preparation for the first run required that the

following necessary steps were taken [33]:

• Operation of services and controls

• Calibration of the detector

• Synchronisation of all sub-detectors

• Measurement of efficiency and noise occupancy for each sub-detector during operation

• Testing reconstruction software and tracking triggers on data

• Perform alignment of the detector

The data used for alignment preliminary track reconstruction commission were taken from Cosmic-ray

events. The events used mostly consisted of a muon traversing the full ATLAS detector. Muons are

suitable due to their kinematics working well for specific measurements. These measurements include

detector efficiency, tracking resolution, and detector response to ionisation as a function of the momen-

tum and incident angle of particles [33]. This calibration is important as it quantifies our understanding

of the detector system so that we may obtain the Data Quality of a system whose properties are known

at the time of measurements being taken.
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Data Acquisition and Quality

The ATLAS experiment makes use of its detector to record large amounts of physics events that are used

for analysis. Within a year during a run of the LHC, several petabytes of data are produced with various

physics conditions and data formats [57].

5.1 Event selection and triggering

The ability of the ATLAS trigger system to sufficiently process ID tracking information, with the goal

of reconstructing particle trajectories in a way that the ID, calorimeter and MS form approximately

integrable particle trajectories, is essential for the triggering of physics objects. These objects include

but are not limited to electrons, muons and b-jets [58].

The proton beams in the LHC consist of proton bunches that pass by one another at a sufficient rate to

allow individual protons within these bunches to collide once every 25 ns (the bunch spacing), where

the length of a single bunch is about 1 ns. At a design instantaneous luminosity of 1034 cm−2s−1 with

the aforementioned bunch spacing, the average number of interactions is approximately 23 per bunch-

crossing. This is, 109 interactions per second [59].

Table 5.1 presents the LHC parameters obtained during runs 1 & 2 as of the end of Run-2 in 2018. The

values obtained are from [60, 61].

Unique bunch-crossings and their resultant measured events must be associated to avoid background

from collisions corresponding to other bunch-crossings. In theory, for the operation of a trigger satisfying

these conditions within this environment, the analysis of event data must be done at a rate of at least 40

MHz to avoid dead time [59].

The increase in pile-up is attributed to the increase in luminosity. Measurements taken in an environment

with more pile-up contain larger and more numerous events within a given period, and as a result, take

32



Data Acquisition (DAQ) 33

Parameter Run-1 Run-2

Center-of-mass energy 7 TeV 13 TeV

Number of bunches 1400 2500

Bunch spacing 50 ns 25 ns

Peak luminosity 7 ·1033 cm−2s−1 2.1 ·1034 cm−2s−1

Peak pile-up 45 60

Event rate 20 MHz 40 MHz

Table 5.1: Table of peak LHC Parameters obtained in runs 1 and 2.

longer to process [62]. Due to this increase in data cardinality, it would be computationally infeasible to

store all the data for all of these interactions and thus, selective data storage is required.

As a direct result of the increased data cardinality, recorded events take up more computer memory and

require more time to process [63]. This increase in the computational demands on the systems designed

to take event measurements results in greater care required to ensure that events are measured with

sufficient event rate resolution and sensitivity to identify physics.

To achieve the acquisition of data with sufficient event rate resolution and sensitivity, ATLAS makes use

of a multi-level selection process, and a Data Acquisition (DAQ) process with a hierarchical structure.

The functional elements of the ATLAS DAQ system were comprised of three levels as deployed in Run-1,

and of two levels as deployed in Run-2 [59].

5.1.1 ATLAS DAQ System Information Flow

The three event selection levels defined in Run-1 were [64]:

1. First level trigger (L1). Hardware-based. The event input rate was the required event rate of 20

MHz. The event rate acceptance of the L1 trigger system was a maximum of about 60 - 65 kHz.

2. Second level trigger (L2). Software-based analysis of events within Regions Of Interest (ROIs)

marked by L1. The event input rate is the event acceptance rate of the L1 trigger. The maximum

event rate acceptance of the L2 trigger system was 5-6 kHz.

3. Event filter. Software-based analysis of the full event. The maximum event rate acceptance of the

Event Filter (EF) was about 600 Hz.

In Run-2, the trigger system consisted of two event selection levels. It used the low latency hardware-
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based L1 system which is then followed by a higher-level software-based High-Level Trigger (HLT)

system for a more detailed event reconstruction. The HLT in Run-2 incorporates the functionality of the

L2 and Event filter systems in Run-1 into one sub-system.

These L1 and HLT systems are described as follows:

1. First level trigger (L1). Hardware-based. The event input rate was at the required event rate of 40

MHz. The event rate acceptance of the L1 trigger system was a maximum of about 100 kHz.

2. High-Level Trigger (HLT). Software-based. The event input rate is the event acceptance rate of

the L1 trigger. The event rate acceptance of the HLT trigger system was 1.5 kHz.

Regions Of Interest (ROIs) are collections of acquired data within events that contain interesting infor-

mation that likely does not correspond to background events. These ROIs are areas in the detectors’

pseudorapidity-azimuthal space that contain objects that trigger the L1 system. These objects are ID

tracking information, higher granularity calorimeter information, and precision measurements from the

muon spectrometer. Due to a large amount of total possible acquired data, the detector data readout

rate should be reduced to save memory. In doing this the ROIs are identified by the L1 trigger and are

precisely the events that are inputted into the HLT for further processing.

L1 accept decisions 1 are distributed by the Timing Trigger and Control (TTC) system. The TTC is a

system that provides for the distribution of temporal information of acquired data. This acquired data is

recieved either directly by the front-end electronics or indirectly via the Readout Drivers (RODs). The

RODs are connected to the DAQ system via the Readout Links (ROLs). Acquired data are pushed from

the front-end electronics after classified by the L1 accept decisions into the RODs and are then forwarded

via the ROLs [64].

The Central Trigger Processor (CTP) forms the L1 accept decision and distributes it to the HLT, and the

TTC [65]. L1 accept signals inputted to the HLT are accurately timed with respect to each beam [64].

The general flow of information is illustrated below in figure 5.1:

The Readout System (ROS), L2 system and Event Builder are connected to two central core switches

(the ROS and L2 processing nodes) via a layer of concentrator switches. The second central core switch

provides redundancy and additional bandwidth for the first. Events are then built in the Event Building

block (see figure fig. 5.1) then transferred via a third core switch to the Event Filter block.

Revisiting and expanding on the description of LBs presented in section 4.4.1, we now discuss LBs from

the vantage point of newly presented information. An LB from the perspective of the DAQ system is a

1Accept decisions are the output of the particular trigger sub-system
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Figure 5.1: Illustration of general information flow of ATLAS Trigger and DAQ systems [66].

collection of events acquired during a short time interval (1-2 min) during which DAQ conditions were

stable. Stability here is defined in terms of constant luminosity and no changes in detector operating

conditions. The Luminosity Block Number (LBN) is issued with an integer timestamp (incrementing by

1 for each sequential LB) provided by the CTP, and communicated to the HLT. The LBN is stored along

with the acquired events in the event data.

5.2 Data Quality

The luminosity delivered by the LHC, the number of events recorded by an experiments detector, and

how many of these events are good for physics analyses are related and not equal. The number of

events that are good for physics in relation to the total number of events recorded by a detector is the

Data Quality (DQ). As shown in figure 5.2 we see the relationship between LHC delivered luminosity,

ATLAS recorded luminosity, and recorded luminosity of data good for physics, over the course of Run-2

of the LHC [4].

The DAQ system is designed to be able to handle significant changes in run conditions to minimise the

amount of data being lost or marked bad for physics analyses. The evaluation of this design function is

essential and is done by monitoring the DQ during DAQ periods to ensure sufficient quality of data for

physics analyses. DQ is analysed for individual sub-detector components.

5.2.1 Data Quality Monitoring Framework

Due to the complexity throughout the DAQ process at ATLAS, automatic DQ assessments of incom-

ing data, and visualisation tools for easy identification of any issues are necessary. The Data Quality

Monitoring Framework (DQMF) monitors the DQ and operational conditions of the DAQ system. [67].
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Figure 5.2: Integrated luminosity delivered by the LHC, recorded by ATLAS during stable beam condi-

tions at centre-of-mass energy 13 TeV, and the integrated luminosity of data certified for physics analysis

[4]

.

The concept of the DQMF is that of a DQ ’tree’. The leaf nodes of this tree are histogram checks, and

interior nodes combine results from their child nodes. The histogram checks that produce DQ results

range in complexity from tests that simply identify empty histograms, to 2 tests and distribution shape

comparisons.

The DQ results propagate up towards the parent node of the tree. The DQ flags implemented are green,

yellow, red, and undetermined. Green signals that the automated histogram checks passed the criteria,

yellow signals the proposal of a manual review of the histogram in question, and red signals the existence

of a potential issue [4]. The ’undetermined flag’ is used in cases such as the statistics being too few for

sufficient checks to be performed [68].

5.2.2 Data Quality Conditions

The DQ conditions are recorded by setting defects in the defect database. This defect database is con-

tained within the conditions database. All temporal configuration, status, and calibration information are

stored in this conditions database.

A defect is an issue recorded within an Interval Of Validity (IOV), with LB-level resolution, during which
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the detector conditions are not nominal. Defects are stored for further evaluation. They do not necessarily

indicate that data need to be rejected (hence their distinction from flags). A versioning mechanism is

in place to ensure the reproducibility of results and allows for the evolution of defects with a gained

understanding of detector problems.

There are two types of defects. These are [4]:

1. Primary defects: This type of defect is normally set manually by DQ and subsystem experts as

described in section 5.2.1. By default, primary defects are set to ’absent’ for an IOV unless the

defect is loaded during DQ review. These defects are associated with individual LBs, and are

stored.

2. Virtual defects: This type of defect defines the logic used to evaluate the toleration of a primary

defect, and whether rejection of data is necessary due to the presence of the primary defect should

it not be tolerable. Virtual defects are defined by logical combinations of either primary defects

or other virtual defects, and are computed upon access (they are not stored like primary defects).

They effectively combine defects into higher-level concepts [69].

An illustration of the logic of primary and virtual defects is given below:

Figure 5.3: Illustration of primary and virtual defects [70]

.

An example of a defect sufficient to reject data for physics analyses is; a LAr calorimeter virtual defect

is defined by all LAr calorimeter system defects serious enough for rejection of data. The virtual defect

contains information that references primary defects that describe conditions where the relevant data

should not be used. Using this virtual defect simplifies querying the defect database when constructing a

Good Runs List (GRL).
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5.2.3 Online Monitoring

Online, the DQMF allows the avoidance of recording faulty data by automatically performing checks on

histograms from the various sub-systems at all stages of the data flow and flagging problems to the shift

crew as they occur. The automation of the histogram checks using machine learning is helpful because

as more information is gained over the course of the LHC being operational, case-by-case checks by in-

spection would become tedious. This is particularly the case given that the knowledge and understanding

of defects are enhanced over the course of a run, so the training data used to classify faulty data become

more than sufficient for automation.

The crew on-shift interacts with the DQMF with the Data Quality Monitoring Display (DQMD) which is

a platform used to alert the crew to problems and allow them to debug. As of Run-2 DQMF is designed

to be able to monitor electronic channels from all sub-detectors [71]. This monitoring occurs live, and

allows for the monitoring of performance and detector status. An example of this online monitoring is

if we look at the hit occupancy per unit area in the Pixel, SCT and TRT subsystems in which cold spots

are present. The cold spots are as a result of possibly non-operational modules shown in black in figure

5.4. This may point to a calibration issue that would be difficult to identify using individual subsystem

monitoring alone. This is an example of a test whose results would be propagated up the DQ tree (as

described in section 5.2.1) to give top-level flags of the conditions.

Figure 5.4: Image showing interface of DQMD allowing the monitoring of individual modules [72]

.

Where relevant, data of monitored runs are overlain with data from an assigned reference run. In ad-
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dition, there is a mechanism that allows the viewing of the same monitoring output from different runs

synchronously. An illustration of this is shown in figure 5.5. The figure shows a monitored online run

with a reference run and includes a visual interface that describes the configuration. The configuration

specifies input location, the checks and thresholds of the histograms [72]. The cold spots mentioned

above shown in terms of the histograms are the white (as opposed to light purple) parts that should be

filled in on the left histogram in figure 5.5.

Figure 5.5: Illustration of a histogram for a monitored run (left) shown against a histogram for reference

a run (right), with configuration information shown below them [72]

.

5.2.4 Data Quality Evaluation

The ultimate evaluation of online DQ results from the consolidation of the online DQ assessments for

each of the sub-detector components. DQ is then monitored offline using fully reconstructed data [67].

This ideally occurs within 24 hours of the data being recorded to verify detector calibration and align-

ments.

The final product of the evaluation of ATLAS recorded data described above is the GRL for the run

in question. The GRLs are lists of all the LB datasets within some runs of a data-taking period of the

detector that are good for physics analyses. The GRLs are generated using the offline DQ assessments

[71]. The GRLs are stored in a set of XML files that contain lists of LBs that are certified for physics

analyses.

Using the information in these files, the integrated luminosity of data recorded by ATLAS that is ’good

for physics’ is calculated.



40

5.2.5 Data Quality Performance

All problems that result in the rejection of data are taken into account when calculating the DQ efficiency.

The DQ efficiency is calculated as a weighted fraction of the integrated luminosity of the good for physics

data with the integrated luminosity of recorded ATLAS data. This weighted fraction is that of the blue

histogram in the numerator and the yellow histogram in the denominator of figure 5.2. Only periods

during which recorded data are intended for physics analyses are used in calculating the DQ efficiency

i.e this excludes commissioning and detector calibration runs.

DQ defects can be associated with physics objects that correspond to a particular sub-detector. As a

result, the DQ efficiency may be expressed within the context of each sub-detector.

To illustrate how the results of DQ efficiency may be expressed, the total Run-2 DQ efficiency is shown

in figure 5.6, with the efficiencies for each of the sub-detectors given as well:

Figure 5.6: Table presenting individual and combined DQ efficiency at ATLAS for Run-2 [4].

The high obtained combined DQ efficiency of 95.6% in Run-2 was achieved by consistent detector

maintenance, software development and DQ assessments [4].
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Machine Learning

Machine learning may loosely be considered as the automated detection of meaningful patterns in data.

It is important when formulating a problem in machine learning (or in any field) to specify the context

in which the problem is being formulated. In doing so, the data which may be useful given a particular

problem will take different forms, and will require different procedures to obtain solutions most relevant

to the scope.

Machine learning, in the context of electronic computers, means enabling machines with the ability

to learn without having to explicitly program the function which maps the learned ’knowledge’. It is

generally used in data analysis.

At ATLAS, machine learning is used on several levels along the chain of tasks. This results from the

fact that we may use classification algorithms for pattern recognition, and by extension, these algorithms

are applicable in duplicate removal, quality selection, outlier detection, and rejection, as well as event

selection within some range of acquired data. In general, it is good for use in high-energy physics

environments as it aids us with particle identification in searching for rare signals while maximising the

suppression of all background information [73]. In the most relevant cases to this dissertation, it may

be used for determining separation between acquired data for DQ validation using quality selection, and

outlier detection.

6.1 Applications

Current research in machine learning is focused on multiple tasks such as computer vision, variable

ranking, collaborative filtering, automatic translation, classification, and named entity and speech recog-

nition.

Of these aforementioned methods, the most relevant to this thesis is classification. Classification is

used when some decision-making process between possibly distinguishable datasets is required. This

41
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may take on different forms depending on the particular task and in doing so, several machine learning

algorithms and methods may be used [74].

6.2 Methods

In general, there are four machine learning methods. These are:

• Supervised learning

• Unsupervised learning

• Semi-supervised learning

• Reinforcement learning

The lines between supervised and unsupervised learning blur depending on the particular tasks required

to be completed, and by extension, the forms of data used in the tasks. More precisely the degree of

supervision is given by the proportion of labelled data in relation to unlabelled data within the dataset.

Labelled, in this context, means that all the vectors in each dataset have names that correspond to some

type of measurement or detector state variable. Full supervision would thus be the consideration of

datasets in which all the variables are labelled, as input, and the target output variables are given as

well. This is giving the algorithm input information and the desired output information, and training

the algorithm to learn the underlying distribution that can map some new input information to its unique

output information.

The algorithms used in this project are to determine the separation between datasets and identify which

variables in these datasets contribute the most to this separation to identify points of failure within the

ATLAS detector. This is that particular variables (or events or tracks within those variables) descriptive of

each vector contained in the variable space of each of the datasets corresponding to subsequent luminosity

blocks are compared with the corresponding variable in subsequent datasets. However, the two target

variables for each dataset comparison in the DQEWS procedure, ’good’ or ’bad’, are not given as input

to training. As such,the DQEWS procedure is unsupervised.

It is noted that the flagging of information gives us the ’good’, and ’bad’ (if anomalous), target variables

for the DQEWS procedure. These target variables are not obtained by training an ML algorithm that

takes as input any information and outputs either of these variables. A distinct methodology to this is

used in combining the outputs of each individual ML algorithm to obtain the target variables, and is

described in section 6.6.
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6.2.1 Supervised learning

In the case of supervised learning, the idea is for the parameters of the function outputted by the train-

ing procedure to infer a mapping learned from labelled training data. The labelled training data implies

known variables used for inference of some output that takes into consideration all these labelled vari-

ables (or labelled input vectors). Supervised learning may be said to be performed using some known

’ground truth’ given by labelled desired outputs of the supervised algorithm in question.

Analogously, we may consider supervised learning in terms of autonomous agents. Consider some au-

tonomous agent which takes as input some sensory information represented by a sequence of inputs (our

training dataset). The agent has embedded in it the desired output of the procedure. The key point here

is that the agent can be thought of as learning by example. This, in particular, is effectively equivalent to

a machine defined within its own formal system which has a set of inference rules for the transition of its

inputs to output. These inference rules are known.

Rigorously, the training set of the machine consists of n ∈ N ordered pairs, (x1, y1 ), ..., (xn, yn ) where

each of xi are elements of some dataset and each of yi are the corresponding labels. In the case of unsu-

pervised learning, the input data may be labelled, but the primary distinction from supervised learning is

that the desired outputs and their labels are not given.

6.2.2 Unsupervised learning

Similarly, we may analogously consider unsupervised learning in terms of the previously mentioned

autonomous agents. Consider some autonomous agents which take as input some sensory information

represented by a sequence of inputs (our training dataset) possibly but not necessarily labelled. In this

case, the autonomous agents do not receive labelled target output datasets. The idea here is that the agent

builds a representation of the input datasets such that it may then be used to infer a decision, predictions,

communicate inputs to some other automaton, and reconstruction, through learned data representation

[75]. The key point here is that the agent does not have a reference point for its output. It is learning by

what can effectively be thought of as trial and error.

Rigorously, unsupervised learning may be viewed in terms of learning a probabilistic model of the input

dataset. When the neural network trained such that it contains this probabilistic model is inputted with

some vector [xt, ..., xn] for n ∈ N given a set of previous inputs x1, ..., xt-1, the neural network models the

probability distribution P(xt, ..., xn | x1, ..., xt-1) for t ∈ R .

Such models may be used for anomaly (or outlier) detection or monitoring. As a simple case, consider
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xt, ..., xn as a set of acquired data from some sub-detector of ATLAS and assume that P(xt, ..., xn | x1, ...,

xt-1) is the learnt probabilistic model. This model may then be used to infer some new dataset given the

learned underlying distribution. Each variable in this dataset may be probabilistically evaluated, and if

this probability is low, the model is either poor, or the detectors’ operational conditions are insufficiently

calibrated [75]. This is due to this low probability meaning a low ability of the model in question to be

able to find patterns in the data obtained from some sub-detector.

6.3 Classification

Classification is a procedure that distinguishes information in distinctly labelled datasets. These datasets

contain vectors of the information that is to be classified in relation to other such datasets. The set of

datasets used in some classification procedure defines the classification problem-space. Each of these

datasets is defined as one of the true classes. A solution in a classification procedure is a quantification

of the separation observed between a chosen set of datasets, each represented by a true class-label.

A set of numbers, for {z1, ..,zi} ∈ Z is used to represent the true class-labels corresponding to all data

within a dataset in a multi-class classification procedure. Y (A) = B is the function of the classification

procedure which maps the input dataset A to the output dataset B. It is this mapping that allows us to

quantify the separation between our datasets.

In a binary classification procedure, as is the relevant case for this thesis, the true class-labels are the two

integer values in the set {z1,z2} ∈ Z. These numbers which are also the lower and upper bounds of the

sets that represent background and signal in that order, by convention.

Binary classification may be done using algorithms that construct a model trained to classify vectors

within datasets where classification is not the primary function (in the case of neural networks), or using

algorithms constructed for classification (in the case of decision trees, K-Nearest Neighbours, and Sup-

port Vector Machines). The most common techniques used for classifying events are Bayesian networks,

Decision Trees, K-Nearest Neighbours and Support Vector Machines [76]. Relevant to the analyses done

within the scope of this dissertation, we expand on Decision Trees.

6.3.1 Decision Trees

A Decision Tree is a directed acyclic graph [77]. This is that the nodes of this graph represent a transfor-

mation of the inputted information, and the links connecting the nodes in this graph are uni-directional

such that information is transmitted in only one direction. The initial node has no incoming links and is
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referred to as the root node [78]. All nodes perform a binary split operation of an inputted event with

one child-node for some potential value corresponding to each of these splits. These child nodes then

perform this same operation producing their children. An illustration of this procedure is shown in figure

6.1.

The procedure generally halts once no nodes at some layer are in disagreement about a classified event,

or when the defined maximum depth of the tree is obtained. However, there are numerous halting criteria

discussed below.

In a classification procedure that takes large datasets, it is common to have a collection of trees (or

forests). The formal term for a forest is a disconnected directed acyclic graph.

Figure 6.1: Example of decision tree showing process of binary split operations with criteria defined for

each node.

6.3.2 Boosted and Gradient Boosted Decision Trees

Boosted Decisions Trees (BDTs) are a class of algorithms used in machine learning for classification

problems. They take as input some dataset with variable (or feature) vectors which are descriptive of each

dimension of a dataset, and another dataset with equivalent variable labels but possibly distinguishable
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values in each of the vectors. BDTs make use of decision trees and apply to them a procedure known as

boosting, and gradient descent. Generally, there are two widely used boosting procedures. Adaptive and

gradient boosting. In this dissertation we discuss only Gradient Boosted Decision Trees (GBDTs).

Boosting is a meta-heuristic algorithm 1 used primarily for reducing bias and variance in supervised

learning approaches. The boosting algorithm allows for a series of decision trees (these are weak learn-

ers) that a set of decision trees that have a high error rate to be combined such that a resultant forest (or

ensemble) with a lower error rate (this is a strong learner) is attainable [80]. It follows that boosting may

be considered as a set of algorithms that convert weak learners to strong ones [81].

Gradient descent is an iterative optimisation algorithm used to find local minima of differentiable func-

tions [82]. The GBDT algorithm is a combination of boosting and gradient descent. The idea is that the

GBDT classifies each event in the variable vectors to determine the degree of similarity between the two

datasets that it has been trained on. It does so by estimating some function F̃(v’) of the true function

F(v) that maps v to v’ where v, v’ ∈ RN are vectors in an N-dimensional variable space, where there are

J number of them which correspond to each unique event in the dataset. The model, F̃(v), that describes

this mapping is trained in an additive manner such that in every step the a new tree is added to the forest

in the optimisation process of the algorithm.

GBDT algorithms determine this model by minimising, through gradient descent, what is called the

regularised objective which is defined as [83]:

Lt(y) =
N

∑
x′

l(Fi, F̃i
(t−1)−Y (vi))+Ω(Yt) (6.1)

Here, each operand contained in the regularized objective is:

1. l is a differentiable convex loss function that determines the difference between prediction of the

vector label, ỹi
t of the i-th instance at the t-th iteration of the boosting procedure.

2. Fi is the true model for input vector vi

3. F̃i
t−1 is the prediction of the true model at iteration, t-1

4. Y (vi) is an individual regression tree structure contained in the forest that has some weight, w

5. Ω(Yt) is a term used to penalise the complexity of the model by reducing its propensity to over-fit

1Heuristic algorithms are search algorithms that are used for finding approximate solutions to problems where exact solu-

tions may be computationally expensive. Decision trees are a heuristic algorithm [79]. Boosting is an algorithm that aims to

improve the decision tree algorithm through heuristic methods.
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The regularised objective is minimised using a second-order Taylor expansion such that:

Lt(y) =
N

∑
x′
(l(Fi, F̃i

(t−1)
)+gi ·Y (vi))+

1
2
·hi ·Y (vi)

2)+Ω(Yt) (6.2)

Where the first and second order gradients of the loss function, gi and hi are defined as:

gi =
∂

∂ F̃i
(t−1) l(Fi, F̃i

(t−1)
) (6.3)

hi =
∂ 2

∂ F̃i
(t−1)2

l(Fi, F̃i
(t−1)

) (6.4)

Halting criteria

The growth of trees and forests by GBDT algorithms continues until a stop criterion is triggered. Com-

mon halting criteria are [78] :

1. All instances in the training set belong to a single class

2. The maximum defined depth of nodes has been reached

3. The number of cases in the terminal node is less than the minimum number of cases for the parent

notes

4. If a node is split, the minimum number of cases in one or more child nodes is less than the minimum

number of required cases for child-nodes

5. The best splitting criteria is not greater than a certain threshold

The GBDT halting criterion which gets triggered generally depends on which hyper-parameters one

chooses to use to instantiate the model.

6.3.3 Gradient Boosted Decision Tree Performance

A classification can be made by choosing a classification threshold above and below which the clas-

sification probability for a specific event in the subject dataset places it in either the background (or
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reference) class or the signal (or subject) class when compared to the reference dataset; with each dataset

represented with binary classification true-class labels defined in the third paragraph of section 6.3.

The GBDT then produces the GBDT score with which the quality of agreement between the compared

datasets may be assessed where 0.5 means that the compared datasets are statistically equivalent, and 1

means they are statistically distinct.

6.4 Model performance

Ensuring that the performance of a model is sufficient in that it does not over-train is important for the

extraction of quantitatively useful results. Over-training of a model commonly occurs when the hyper-

parameters of a model are insufficiently chosen for a particular modelling task. Hyper-parameters are

numbers inputted into the definition of the model which have a range of effects on the model that they

define. In the most relevant case, they may be thought of as the intrinsic characteristics that define the

structure of the graph that describes the model, and how information passes through its links.

Hyper-parameter optimisation may be done by inspection i.e by manually tuning the inputted values. It

may be done more efficiently by grid-searching.

Grid-searching is a method in whilabelch a models performance is checked for a set of chosen hyper-

parameter values. Each of these hyper-parameter values is defined on an n-dimensional search-space that

is the grid. Each point on this grid corresponds to a possible best model [84]. All positions on this grid

are checked such that all combinations of the chosen hyper-parameters to be grid-searched are tested for

the model.

The desired output behaviour of the model may be given. This is that the grid-search procedure may

be guided by the desired behaviour of a particular performance metric [84]. For example, in a binary

classification procedure with precisely the same two datasets to be classified, it is possible to optimise

a grid searching procedure to check for the hyper-parameters which either minimise or maximise the

GBDT score over the set of hyper-parameter configurations available in the search-space. Each of these

situations is very likely to result in two different hyper-parameter configurations.

Performance metrics

For a binary classification task, results may be presented in a 2 × 2 Confusion Matrix (CM). The matrix

elements take on some number y ∈ R in the interval [0, 1].
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CM =

T P FN

FP T N

 (6.5)

The CM elements are the True Positive (TP), False Negative (FN), True Negative (TN), and False Positive

(FP) predictions of the classification task.

The CM matrix elements are sufficient for determining performance metrics which are used to evaluate

the performance of the binary classifier. The following performance metrics are calculable using these

matrix elements [85].

Precision: This is a measure of all correctly identified positive cases of a particular multi-class classifi-

cation procedure from all predicted cases in some set of data.

Precision =
T P

T P+FP
(6.6)

Recall: This is a measure of all correctly identified positive cases of a particular multi-class classification

procedure from all actual cases in some set of data.

Recall =
T P

T P+FN
(6.7)

F1-score: The F1-score is obtained by calculating the weighted harmonic average of precision and recall

[86]

F1-score =
T P

T P+FN
(6.8)

Accuracy: This is a measure of all correctly identified cases in general. The accuracy is commonly

interpreted as the GBDT score.

Accuracy =
T P+T N

T P+T N +FP+FN
(6.9)

Error: 1 - Accuracy. This is a measure of all incorrectly identified cases.
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Error = 1− T P+T N
T P+T N +FP+FN

(6.10)

Receiver Operating Characteristics: Receiver Operating Characteristic (ROC) analysis is a method bor-

rowed from Signal Processing and has become a standard for binary classifier evaluation. It compares

the TP Rate (TPR) and the FP Rate (FPR) [87]. On a ROC curve, the FPR is plotted against the TPR.

The ROC curve illustrates the ability of a binary classifier to discriminate between events in a pair

of datasets. It gives the probability that an event is classified correctly at the classification threshold

particular to a unique pair of compared datasets. In particular, the area under the ROC curve (ROC AUC)

is the measure used to describe the separation between datasets analysed using ROC analysis.

6.5 Anomaly Detection

The ability to detect anomalies (or outliers) within the data descriptive of an environment is as necessary

for the observation, and experience, of ideal conditions of some agent interacting with this environment.

To the experimental physicist, an ideal environment may include something along the lines of all ac-

quired data being usable and having been acquired with no errors anywhere along the path of the flow

of information from the initial acquisition of physical data to the final analysis, possibly leading to ver-

ification of theory i.e discovery. This is an ideal situation that does not exist precisely as written, but

may be asymptotically approached should the ability to isolate anomalous events in the acquired data be

maximised.

Anomaly detection in temporal data, using machine learning, requires methods that allow for the con-

sideration of information allowing the determination of the resultant dynamics that emerge from this

information. Time is represented by the association of acquired data that when split into datasets and

placed in order, each dataset represents a discrete constituent of temporally ordered information. The set

of all these associative datasets contain all information acquired over the course of a DAQ period. We

note in particular that while these datasets associate and form discrete elements of time, we do not spec-

ify any assumptions of causality from one set to another given that changes to acquired data may occur

suddenly due to unexpected changes in the measurement systems configuration. This removes the notion

of pure causality between acquired data, although causality exists to some degree given the physics of

the particles being measured.
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6.6 Concept drift

Concept drift is that the statistical properties of data change with time in the sense that there are changes

in the underlying distributions of datasets with time. These changes, when considered between sets of

transformations and parameters within some formally defined system, represent conditions sufficient for

the definition of concepts, and their situational changes. A concept is defined as the joint probability

distribution of a set of input variables, and their labels. This is, a concept defined for a dataset with n

variables where n ∈ N. The concept is the set of ordered pairs, (x1, y1 ), ..., (xn, yn ) where all of xn

∈ Nm are vectors in an m-dimensional event space which contain the information for the corresponding

variable label yn. The joint-probability distribution of this set may be written as p(x,y) such that:

Concept = p(x,y) (6.11)

Concept drift is defined as the change of p(x, y) with time. Mathematically this may be expressed as ∃

x such that pt0(x, y) 6= pt1(x, y) where t0 and t1 are different positions in time [88]. One may extend this

logic to treat these concepts as able to encompass periods of time. This may be expressed as ∃ x such

that p[t0, t1](x, y) 6= p[t1, t3](x, y) where t0 where [t0, t1], [t1, t3] are distinct periods in time [89].

Concept drift may occur in different ways. These are:

1. The variables underlying distributions may drift while the variable labels underlying distributions

remain unchanged.

2. The variables underlying distributions may remain unchanged while the variable labels underlying

distribution drifts.

3. A combination of both variables and their labels drifting.

In addition to the particular variable and variable-label configuration, concept drift may occur with dif-

ferent trajectories of the concepts that define a system with time. An illustration of this is shown below:

Research of concept drift involves the development of methods and techniques for the detection of drift

of datasets over time. In some environment where machine learning is used for inference, the problem

of concept drift must be addressed to maximise the accuracy 2 of predictions [91].

The machine learning environment that the DQEWS makes use of is defined, in this dissertation, as

2This is a distinct meaning of accuracy from accuracy defined as a binary classification performance metric
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Figure 6.2: Here we have sudden, gradual and reoccurring types of drift [90].

supervised. We know, from the DAQ process, all variable labels of the training and testing datasets

inputted into our model.

Concept drift as considered from the perspective of the DQEWS is therefore described in such a way that

drift is to be observed for the underlying distributions, and therefore for the attributions of all variables,

xi, within the ordered pairs that define equation (6.11) as well.

The DAQ system in the context of concept drift is as follows. In ATLAS, the DAQ system as described in

section 5.1.1 is additionally a time-continuous process. In particular, this means that over the total time

interval (run) during which the detector is acquiring data through measurements taken by the various

sub-detectors, these measurements do not stop being taken for the duration of this acquisition process

[4].

These measurements are sorted into datasets which contain all the information for measurements taken

during a particular sub-interval over the course of this run. These sub-intervals of time within this run

are the LBs. This sorting of all acquired data into LBs is, in principle, what allows us to determine

the temporally dependent dynamics of the particular sub-system having acquired the data used in the

analysis, in such a way that we may use binary classification machines to determine the magnitude of

separation between some configuration of LBs over the course of this run. This is a description of the

problem of concept drift exhibited by the acquired data at ATLAS.

Within the context of this dissertation, this configuration of LBs that allows us to quantify drift is to be

considered in such a way that the data corresponding to the initial and succeeding LBs are contiguously

arranged and separable in such a way that the ensemble method 3 that describes the drift procedure is

possible. This drift procedure is a streaming data classification problem that makes use of an incremental

3Not to be confused with ensemble learning, where several models are trained and combined to produce a single solution

from the sum of the constituent models’ outputs
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learning framework.

6.6.1 Classification Procedure

The classification procedure is that numerous unique GBDT models are incrementally trained in such

a way that a baseline input LB is used as reference, and each subsequent LB contained within the set

of all available LBs are used as subject. Assessing the validity of taken measurements may be done by

determining the separation between these LBs.

The classification procedure is implemented as follows. A LB contains data that may be represented n

ordered pairs (x1,y1), ...,(xn,yn) n ∈ N which describe a concept of the dataset such that:

Λ = p(x,y) (6.12)

The set of all available temporally ordered LBs is the incoming data-stream. This data stream is the set

of sequential LBs such that:

Λset = {Λ1, ...,Λn} (6.13)

where Λn is the information contained in most recently acquired LB and n is card(Λ− set) which equals

the total number of available LBs for training.

The designation of accurate time-stamps for each LB is helpful for the comparisons as it allows us to

distinguish between data acquired during particular intervals in time. Following this, we distinguish

between the information contained within a LB and a naming structure based on these accurate time-

stamps that represent the information contained within a LB.

These time-stamps are issued by the Central Trigger Processor of ATLAS with labels of Luminosity

Block Number (LBN) identifier where N ∈ N, or a Run Number (Run N)[92]. A LB is precisely the

information contained in data acquired during the defined period, and the LBN is the label that points

to that LB i.e The 14th Luminosity Block (LB 14) is the recorded information that corresponds to a

Luminosity Block Number of 14 (LBN of 14).

We represent this set in terms of the LBN identifiers such that:
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LBNset = {LBN1, ...,LBNn} (6.14)

where LBNn is the most recently acquired LBs LBN identifier, and n is card(LBNset) also equalling the

total number of available LBs for training. This step is important because using LBNs to point to the

information contained in the LBs allows us to identify the particular point in time a particular LB was

acquired during a run.

Using equations (6.13) and (6.14) we describe the method in the following way. We train numerous

unique GBDT models to describe the ensemble such that a single set of compared reference and subject

LBs are concepts written as:

LBcomparison = {Λre f erence,Λsub ject}

= {pre f erence(x,y), psub ject(x,y)}

= {pt1(x,y), pt2(x,y)}

(6.15)

Which we may generalise for all compared LBs as follows:

LBcomparisons = {{pti(x,y), pt j(x,y)} : i ∈ LBNSet, j ∈ LBNSet and i < j} (6.16)

equation (6.16) is the set of pair-wise combinations of LBs such that for some reference LB denoted by

index i, we have a corresponding subject LB denoted by index j. The subject LB is ordered in time later

than the reference LB by construction.

We may then make use of some distance measure M to determine the magnitude of difference between

two concepts separated by some temporal period. Here, M may be any statistical distance measure

between two distributions. Outputted from the GBDT training procedure, one may make use of any

performance metric that describes the discrepancy between the inputted datasets as the statistical distance

measure.



Machine Learning 55

6.6.2 Drift Procedure

We specifically define the drift procedure in the context of this dissertation as a generalisation of the

classification procedure. This generalisation is the consolidation of the elements in the set that describe

the classification procedure (the LB comparisons) such that we may make inferences on the system as a

whole. The drift procedure takes drift into account by making further comparisons of the LB comparisons

contained in the set defined by equation (6.16).

An illustration of drift is given in figure 6.3 for some arbitrary run A where all the acquired LB informa-

tion is good for physics, and for some arbitrary run B where all but one of the acquired LBs are good for

physics.

Figure 6.3: Illustration of good drift, and drift containing anomalous information.

For the illustration of concept drift, let us consider M = ∆GBDT score for a particular comparison of

reference and subject LBs. In figure 6.3 the magnitude of M directly corresponds to the purity of the

green squares. The drift is shown by a whitening of the green squares with increasing ∆LB, and for this

arbitrary Run-A, this drift is expected as it is observed for LB information contained in the GRL. For

our arbitrary Run-B, the red LB is anomalous in the context of how we expect drift to occur. The goal

of the drift procedure is to flag good LBs as ’good’ and bad LBs as ’bad’. Using the example of the

two arbitrary runs shown in figure 6.3, the idea is that we construct the flagging criteria using only good

data (like Run-A) and then evaluate the criteria to see if a bad LB in some other run (like Run-B) will be

flagged as ’bad’.

Quantifying drift

The path length, P of drift may be taken into account. This is the cumulative deviation in a performance

metric over subsequent LB comparisons with a particular LB used as the reference LB. The total duration
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of this cumulative deviation is the region of this path length allowing us to define PRegion. Taking the sum

of deviations we have.

PRegion =
N

∑
i=1

∆φi (6.17)

For example [{1: ’LB1’, 2: ’LB2’}, {1: ’LB1’, 3: ’LB3’}] (from Run-A in figure 6.3) the LB compar-

isons of LBs contained in a run are compared, where elements of this list are the LB comparisons, to

obtain the deviation:

Deviation∆LBcomparisoni = ∆φi (6.18)

The average drift rate (for a particular performance metric) is then the quotient of this path length with

the duration of monotonicity

DriftRateavg =
PRegion

∆LBRegion
(6.19)
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Analysis

7.1 Description of used data

The model which describes the flow of information from raw data of physics events that enter the HLT

is called the Event Data Model (EDM) [93]. There is an EDM that corresponds to only the ID. The data

used for these analyses are n-tuples constructed from full event data from the ID 1.

We refer to a subset of all the information contained in a LB as a LB dataset. The LB datasets used in

these analyses are from runs whose data were acquired during Run-22 of the ATLAS detector for proton-

proton collisions at a centre of mass energy of up to
√

s = 13 TeV. In these analyses the data used does not

include data taken in other runs. All of the LB datasets mentioned are from runs that are not necessarily

flagged as ’good for physics’ according to the DQ group. This is because of the goal of constructing the

DQEWS being to be able to identify and flag LB datasets that are not good for physics analyses.

All data used for analysis are LB datasets that are n-tuples that have been constructed to contain only the

ID tracking information from each run. Each of the LB datasets used in these analyses contains a subset

of information acquired information during a LB time interval at ATLAS. This is because each LB is

comprised of several LB datasets that contain the information acquired during that period. The informa-

tion contained within a sub-interval within a LB is considered to be indistinguishable from information

contained within some other sub-interval of that same LB. Within the context of DQEWS, this means

that in a binary classification procedure using a GBDT, a comparison of LB datasets that contain subsets

of information from data taken during an LB time interval should yield performance metrics that indi-

cate indistinguishable classes. We test for separation between pairwise combinations of the LB datasets

available at the time of training. For evaluation of the drift procedure by taking these LB comparisons,

we may use either all the available LBs or some subset of them. A used subset is for fixed reference LB

1All data used in these analyses was prepared for me by my co-supervisor, J.R.Catmore, University of Oslo
2Data taken during the period 2015-2018
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i, with all j < card(LBNset) in equation (6.16).

7.1.1 Variables

Tracks have associated vertices as mentioned in section 4.2.1. The ID tracking variables contained in the

LB datasets are the properties of the tracks.

The tracking variables are defined in such a way that they contain information from both local and global

position coordinates, and include general properties about tracks and the quality of their fits.

A single track, T , expressed with respect to the nominal beamline axis may be parametrised at the perigee

as:

T = (d0,z0,φ ,θ ,
q
p
) (7.1)

The parameters in equation (7.1) are defined as follows [94, 95]:

1. d0: Transverse impact parameter.

2. z0: Longitudinal impact parameter.

3. φ : Momentum azimuthal angle.

4. θ : Momentum polar angle.

5. q
p : Charge divided by the momentum.

d0 and z0 are parameters that are the distance between the center of the beamline (z-axis) and the track,

and the distance between the impact point and the primary vertex along the z-axis respectively.

The general properties of tracks have their own associated tracking variables. These variables are based

on the following:

• Number of hits on a module contributing to a tracks fit.

• Number of shared hits on a module. contributing to a tracks fit and another tracks fit.

• Number of holes. This is the number of crossed modules where no hit was found.

• Number of crossed inactive modules that should be counter as a hit.
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• χ2 and number of degrees of freedom values.

The uncertainties in an estimate of T (equation (7.1)) are described in a covariance matrix, C [43].

The covariance tracking variables in the data are the upper triangular elements of this matrix. These

covariance matrix elements are shown in table A.1 as ’cov’ with the row and column numbers in their

names.

The variables in the LB datasets used in the analyses in this dissertation are ID tracking variables only.

Each of these variables is represented by a vector whose elements correspond to a single track. The list

of variables contained in the LB datasets used for the analysis contained in this dissertation is shown in

table A.1.

7.2 Smooth Instantaneous Luminosity Regions

The use of all available LB datasets and taking only the difference in LBNs between our pair-wise LB

comparisons as the independent variable does not take into account the amount of acquired information

contained within a LB.

The drift procedure requires that the independent variable of the constructed trajectory of separation

plots be approximately monotonic, in a similar fashion to the passage of time, to yield useful results

representing drift over the course of a run.

Of the LB datasets we have available, while the GRL flags may state that a particular LB is ’good’, it is

important to ensure that the corresponding instantaneous luminosity is within some interval that displays

approximately continuous behaviour in accordance with the monotonicity of the passage of time.

To take this into account, we look at the behaviour of instantaneous luminosity of all contained LBs

over the course of a run and check the LBN intervals within the run that correspond to intervals during

which the beam conditions were sufficiently stable to exhibit approximately continuous changes in the

instantaneous luminosity.

7.2.1 Choosing LBs

The order of the LBs inputted into the classification procedure is based strictly on the order of the LBs

in monotonically decreasing intervals of instantaneous luminosity. This order tends to correspond to the

order of acquired LBs based on strictly increasing LBNs, but is not the case in general given that there

are cases of sudden changes in the instantaneous luminosity in runs. I refer to these sudden changes in
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instantaneous luminosity as ’jump discontinuities’. These jump discontinuities seem to correspond to

LBs that have the ’Lumi_Rapidly_Changing’ tolerable defect which corresponds to reoptimizations of

beam conditions in the LHC during a run. At and near these jump discontinuities we observe later LBs

suddenly having higher instantaneous luminosities than earlier LBs.

Despite these jump discontinuities, the instantaneous luminosity is approximately monotonically de-

creasing over the course of a run, and the DQEWS has this condition built-in. This is why we require

that the conditions of the ordering of information be explicitly stated and that LB datasets which do not

satisfy this condition be excluded from the analyses.

The LB datasets that are inputted into the drift procedure are simply those that are contained within the

pseudo-continuous instantaneous luminosity regions that satisfy the above condition. The LB datasets

are shown in figures 7.1 and 7.2 where the black dots are all the LBs contained in the runs, and the

coloured dots are the used LBs in the respective runs. Each different colour corresponds to an LB that

lies within a pseudo-smooth region defined in-between the above-mentioned jump discontinuities. It is

these coloured LBNs that are then used in the analyses. Any LBs that are located precisely within the

range of LBNs of the jump discontinuities are excluded.

Figure 7.1: LBNs for LB datasets used from Run-349268 that are contained within pseudo-smooth

regions of instantaneous luminosity.
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Figure 7.2: LBNs for LB datasets used from Run-357409 that are contained within pseudo-smooth

regions of instantaneous luminosity.

The LB datasets (all acquired during Run-2) represented by the coloured dots in figures 7.1 and 7.2 that

we use in the construction and implementation of the DQEWS have their LBNs shown in table A.2 and

table A.3 in the appendix.

7.2.2 Goodness of LBs

The goodness of the LB data used is first obtained from the GRL and then assessed by the DQEWS

to check for equivalence. Given that all LB datasets used in these analyses contain only ID tracking

variables the goodness of the selected LB datasets, based on the GRL, have been presented as follows:

1. If the LB dataset is good there is either no ID tracking variables defect, or should there be such a

defect it is flagged as a tolerable defect

2. If the LB dataset is bad there is an ID tracking variable defect and it has been flagged as intolerable.

All except for one of the LB datasets that have been used in these analyses have been flagged as good for

physics in the GRLs generated by the ATLAS DQ group.

The bad LB dataset is the LB dataset with LBN 252 in Run-349268. The intolerable defects that result

in the ID tracking information contained in this LB being flagged as bad are as follows:

1. Pixel barrel in standby.

2. Pixel endcap A in standby.

3. Pixel endcap C in standby .
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4. Pixel region in standby.

5. Pixel layer 0 in standby.

7.3 Classification Procedure Implementation

Using the LBs for each run that we have, we have trained multiple classifiers for all LB pairs contained

within a run. This has been done because the idea is that we would like to obtain outputs from the

classifiers trained that allow us to determine a relationship between these outputs that describe the set of

data according to their flag on the GRL for that run.

For this dissertation Gradient Boosted Decision Tree’s (GBDT’s) 3 are used to classify tracks contained

in the LB pairs. The package used for classification was the XGBoost python package [96]. This package

makes use of a Gradient Boosted Decision Tree (GBDT) algorithm. The usage of a GBDT was chosen in

favour of other algorithms because of a combination of the classification power of decision tree methods

with respect to computational price and the ability to determine variable attributions for some trained

model. XGBoost also outperforms other tree-based models according to [96] based on the algorithms.

In principle, we have two categories of data that are to be classified by the GBDT and be determined

to be distinguishable from one another or not. These categories may take on various names depending

on the particular task, but in physics, these are by convention named the signal and background datasets

containing some equivalent number of variables (or variables) in some vector A. In this dissertation, the

two categories are any two LBs that are to be tested for degree of separation, where the first category is

the reference LB and the second category is the subject LB.

The reference LB is the LB that is first in the list of LBs, and the subject LB is any LB that succeeds the

reference LB that is contained in the set of LBs available for the particular run in question. For all LB

comparisons done in these analyses, the reference and subject LBs are contained within the same run,

and all LBs are those that pass the criteria described in section 7.2.1. The classification procedure defines

the set that contains all these individual LB comparisons.

7.3.1 Dataset prepossessing

Prior to the input of the LB datasets into the classification procedure, a few steps are done to ensure

consistent results for these analyses. These steps will be enumerated in order of doing.

3’Gradient boosted Decision Tree’ (GBDT), ’Gradient Boosting Machine’ (GBM) and gradient boosted regression tree’

(GBRT) may be used interchangeably
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1. We remove all variables that result in rapid drift of the GBDT errors. This is because while we

want to test for separation, the procedure is only helpful if there is sufficiently a fine resolution of

changes in separation that we can analyse to find a trend. In this step, the rapidly drifting variables

are [’trks_vx’, ’trks_vy’, ’trks_vz’, ’trks_pt’]. Further studies are needed to find the reason for

these variables resulting in rapid drift.

2. The ID tracking variable vectors in all of the LB datasets are then normalised using min-max

normalisation. Min-max is used because it scales all vectors such that all their values are between

0 and 1. It does not make their means the same. This is helpful since the features have varying

ranges so normalising them to being within the same range allows computation of the outputs to

more efficiently occur.

We note that additional variables are removed from the LB datasets because the goal was to find a

procedure that can generalise the flagging procedure between runs. Variables not contained in both of

Run-1 and Run-2 data are removed. In these studies we have used only Run-2 data and so the removed

parameters are [’radiusOfFirstHit’, ’pixeldEdx’, ’TRTTrackOccupancy’, ’TRTdEdx’, ’TRTd- EdxUsed-

Hits’, ’eProbabilityHT’, ’eProbabilityComb’, ’numberOfIBLOverflows- dEdx’, ’numberOfUsedHitsd-

Edx’]. More data from various runs is needed in order to more closely look at the effects of variables in

the LB datasets.

There are two possible variants in the structure of the LB datasets inputted into the GBDT that have been

tested. This has been done to test whether the drift procedure necessitates the use of all information in

an LB dataset, or whether a subset of information is sufficient to correctly flag information consistently

with the flags contained in the GRLs.

1. Using a subset of tracks contained in each LB dataset then training the GBDTs. This variant of LB

dataset structure hard-codes an equivalence in the size of the reference and of all the subject LB

datasets. A potential flaw with this approach is that situations in which a particular LB datasets

contain significantly fewer tracks may lead to operand mismatch errors. An additional flaw is that

not all the available information is used so the results may be skewed. For training the classifiers

in this case, we input 68 variables × 300 000 tracks.

2. Using all the tracks contained in each LB dataset then training the GBDTs. There are likely a

different number of tracks in every LB dataset. This variant has an advantage over the first in

that should an LB dataset with some LBN contain significantly fewer tracks compared to LB

datasets with close-by LBNs, this could be an indicator that this LB dataset is bad. However, the

computational demands on hardware are increased as compared to the first variant. For training
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the classifiers in this case, we input 68 variables × All tracks. The total number of tracks in each

LB dataset varies.

In this dissertation we implement the classification procedure using the second variant. This is done as

follows:

1. The hyper-parameters of each GBDT for the LB comparisons are obtained by grid-searching pos-

sible values and obtaining those optimal for not distinguishing between the two LB datasets in

our control LB comparison. The hyper-parameters may be limited as the LB datasets in the con-

trol LB comparison are the first two datasets that we have in the available set of data, but not the

first two in the pseudo-smooth instantaneous luminosity regions described in section 7.2. This

is due to a legacy iteration of DQEWS testing during which instantaneous luminosity was not

considered. Due to the use of full LB datasets, a contingent solution of splitting the first LB

dataset in the pseudo-smooth region would not be possible for grid searching on the reference

LB dataset in the pseudo-smooth luminosity region. For a more uniquely calculated configuration

of hyper-parameters, more data is necessary. However, this does not seem limiting to the results

since separation is relative to the reference LB, and the GBDT does not over-train even with these

nonunique hyper-parameters.

2. Training of GBDT models, according to equation (6.16) using the reference LB dataset in the

control LB comparison as the reference for all LB comparisons with the subject LB datasets for

each training instance being the subsequent LBs contained in the set of available LBs. The training

procedure is illustrated in figure 7.3

Figure 7.3: Flow of reference and subject LB dataset information in the GBDT training procedure.
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7.3.2 Performance evaluations

Over-training

In evaluating the performance of the trained classifiers, it is most important that we implement tests that

may output either numerical or visual representations that show signs of over or under-training. Over-

training is a direct result of the hyper-parameters not being appropriately chosen for the data inputted into

the untrained classifier. These hyper-parameters define the structure and behaviour of the classifier. It is

necessary to test for over-training because the validity of results depends on the classifier outputting in-

formation that truthfully represents the inputted information by neither removing nor adding information

through the introduction of noise.

Equivalent LB datasets should be indistinguishable 4 in that the vectors that span the space of the LB

datasets should have approximately equivalent (according to the performance metrics that quantify sep-

aration) internal structure, and relationships with the other vectors contained. This equivalence in the

distributions of two equivalent LB datasets means that a classifier trained to quantify the separation be-

tween them should be unable to distinguish them.

The test for over-training was implemented in the following way. We make use of a control LB compari-

son to test that the GBDT does not separate between the information in these LB datasets. Each run used

in the analyses has a unique control LB comparison which has both the reference and subject LB classes

as sub-sets of the same LB. The control LB comparisons make use of the first available LB datasets.

The reference and subject LB datasets have LBN = 5 for Run-349268 and LBN = 656 for Run-357409.

The reference and subject LB datasets for each run were provided already split (dataset splitting is not

included in the methodology of these analyses):

Using the control LB-comparisons, we perform a grid-search on a list of possible hyper-parameters to

determine those which define a classifier that does not separate between this control LB information for

each run. The idea was that the simplest model structure be used that does not over-train in the control

LB comparison whilst also sufficiently distinguishing between separate LB datasets.

The hyper-parameters were chosen by trial and error. This was done by inspecting the GBDT output

probability histograms of the control LB comparison. By eye, we found a set of hyper-parameters that

seemed to result in the least amount of over-training, shown by histograms for each class that overlapped

as much as possible with corresponding performance metrics with values as close to describing indistin-

guishable binary classes as possible. We then made use of the grid-searching to optimise the values of

4They are splits of data from a LB with the same LB number identifier
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these hyper-parameters to then maximise the indistinguishability between the LB datasets in the control

LB comparison. This was done by setting the grid-search to obtain a GBDT error as close to 0.5 as

possible. This is useful because the default classification threshold that defines the boundary at which a

binary classifier is unable to distinguish compared datasets is 0.5 [97].

After grid-searching we obtained the hyper-parameters shown in table 7.1:

Hyper-parameter Run-349268 Run-357409

Max-depth 5 3
N-estimators 120 120
Learning rate 1.2 1
Min-child-weight 2 3
Gamma 2 3

Table 7.1: Table presenting the optimal hyper-parameters obtained for each run using the grid-searching

procedure described.

The descriptions of the hyper-parameters chosen are as follows (taken from XGBoost documentation

[83]):

• Max-depth: The maximum depth of the tree. Larger max_depth results in a more complex model

that is more likely to over-fit in training.

Range: [0,∞)

• N-estimators: Number of individual gradient boosted trees. Equivalent to the number of boosting

rounds.

Range: [0,∞)

• Learning rate: Step size shrinkage used to prevent over-fitting. It does so as follows. After each

boosting step, we can calculate the weights of features. The learning rate shrinks these weights. A

larger value defines a more conservative algorithm.

Range: [0, 1]

• Min_child_weight: The minimum sum of instance weight needed in a child node. If a tree par-

tition step results in a leaf node with the sum of instance weight less than the defined value, the

process halts. A larger value makes a more conservative algorithm.

Range: [0,∞)

• Gamma: Minimum loss reduction required to make a further partition on a leaf node of an indi-

vidual tree. A larger value makes a more conservative algorithm.

Range: [0,∞)
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7.3.3 Performance Metric Calculations

To quantify separation between LB information we have used the GBDT error. The GBDT error calcu-

lated using the GBDT output-probability arrays with values defined in equation (6.5) then using equation

(6.10). This performance metric has been chosen because for increasing separation its value is decreas-

ing. This allows us to implement the drift procedure in a way that makes obtaining flagging criteria for

LB datasets that tighten over the course of a run easier due to convergence to an asymptote at 0 rather

than some other number.

7.4 Drift Procedure Implementation

The drift procedure is implemented in such a way that the main idea is to consolidate the outputs from

each LB comparison in the classification procedure.

After training our classifiers for each LB comparison, we calculate the performance metrics. We have

done so explicitly using the GBDT error. These show a general trend of increasing degree of separation

measured for each subsequent LB comparison over the course of a run. The instantaneous luminosity of

the LB comparisons subject LB is used as the independent variable. Using this, we show that drift occurs

over the course of a run as a function of the instantaneous luminosity.

A lower GBDT error corresponds to a higher degree of separation between compared LBs. This is

consistently shown for our available LB datasets.

7.4.1 Data-Quality flagging algorithm

Prior to describing the DQ flagging algorithm, we must distinguish between the flagging of information

on a run-by-run basis and a LB-by-LB basis. In the former case, the flagging requires that LB information

used to construct the flagging criteria, as well as the testing LB information for an entire run are acquired

and present at the time of analyses. In the latter case, only the LB information used to construct the

flagging criteria is required prior to analyses where testing LB information may be inputted into the DQ

flagging algorithm live. The DQ flagging algorithm described in this dissertation makes use of the latter

method.

The main idea behind constructing the DQ flagging algorithm is that:

1. We make use of the sequence of the performance metrics calculated from the drift procedure to
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determine the trajectory of the performance metrics. We use the trajectory to identify a general

trend of separation from some reference LB over the course of the optimising runs available LBs

to construct the flagging criteria. This trend is described by what is called the optimising curve.

2. We construct our flagging criteria using the optimising curve. Our flagging criteria are constructed

to flag LB datasets as either ’bad’ or ’good’. The LB datasets used to construct the flagging criteria

are called the optimising sets.

3. We test the flagging criteria using the performance metrics calculated using LB information from

a second run. The LB datasets used to test against the flagging criteria are called the evaluation

sets.

Determining a trend

The averages instantaneous luminosity of each LB generally decreases as a run progresses while the

GBDT errors of the LB comparisons generally increase. The instantaneous luminosity is used instead of

the ∆LB because by using it we have more physics information about the ID tracking vectors contained

in each LB dataset.

The idea is to determine a trend that approximates the trajectory of the drift of the acquired LB data

over the course of a run. We plot points of GBDT error vs instantaneous luminosity. We then determine

the trend-line from these points using the curve fitting function native to Scipy [98]. This function uses

non-linear least squares minimisation to fit a user-defined function to the input data. In doing this curve

fitting, we incorporate into all further analyses from this point onwards that our performance metrics are

a function of the data at some instantaneous luminosity. We refer to this fitted curve as the optimising

curve.

We would ideally determine the goodness of each of these fits to our data by performing a standard χ2

goodness-of-fit hypothesis test in the following way. The hypotheses of our test, with a significance level

of, α = 0.05 would be as follows:

• H0: Metrics are distributed in a way that the optimising curve sufficiently describes their relation-

ship.

• Ha: Metrics are not distributed in a way that the optimising curve sufficiently describes their

relationship.

The accept-reject conditions for our hypotheses would be as follows:
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• Accept H0 if p-value < α or χ2 < χ2
crit .

• Reject H0 if the accept condition is not met.

However, due to our inability to obtain estimations of the uncertainties for the GBDT error points, we

estimate the uncertainties (σi’s) as the residuals between the data points and expectation from the best fit

of the function in fig. 7.4, fig. 7.5, fig. 7.6, and fig. 7.7. The χ2’s are calculated using the estimated σi’s,

after the fact, based on the expected value of the fit in relation to the actual GBDT error points using

χ2 = Σr2
i /σ2

i , where ri are the residuals for each point, and ri = σi. This leads to estimations of χ2
i for

all points being equal to 1 so that our χ2/DoF = number of points/DoF. This was done because we do not

have calculated uncertainties for the LB comparison GBDT models themselves. More work is needed to

obtain these uncertainties. With proper uncertainty estimates, χ2/DoF should be close to 1.

The above χ2/DoF values are shown although given the construction of the σ ’s, the χ2 values are not

useful for goodness of fit hypothesis testing.

The fits for Run-349268 and Run-357409 are shown in that order. Within this order, the linear fits, and

then the exponential fits, are shown.

Figure 7.4: GBDT error plotted with linear function for each available LB in the pseudo-smooth instan-

taneous luminosity LBN domain in Run-349268.
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Figure 7.5: GBDT error plotted with exponential function for each available LB in the pseudo-smooth

instantaneous luminosity LBN domain in Run-349268.

Figure 7.6: GBDT error plotted with linear function for each available LB in the pseudo-smooth instan-

taneous luminosity LBN domain in Run-357409.

Figure 7.7: GBDT error plotted with exponential function for each available LB in the pseudo-smooth

instantaneous luminosity LBN domain in Run-357409.

The Run-357409 χ2/DoF for both the linear and exponential fits are lower than the Run-349268 χ2/DoF,

driven entirely by the difference between the number of points, since the number of free coefficients for
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the fitted curves remains the same between runs.

Since bL is small (in both fig. 7.5 and fig. 7.7), by a first-order Taylor expansion, the exponential fit is not

functionally different to the linear fit. We, therefore, opt to use the linear fit as the optimising curve for

each run as it has the fewest number of coefficients that describe its trajectory and to simplify, slightly,

the implementation of the DQEWS.

Constructing the flagging criteria

The flagging criteria are constructed using the trend determined by the performance metrics of the opti-

mising runs’ LB comparisons. This procedure may be applied for any chosen performance metric, but

for these analyses we have used the GBDT error due to its relationship with the GBDT score and the fact

that its value decreases as LB comparisons become more separated. This is helpful because dealing with

functions that converge to 0 is generally easiest.

We refer to the set of GBDT errors for all the available LB comparisons used to determine the trend as

the ’optimising data’. This trend is referred to as the ’optimising curve’ for a run.

Obtaining the tightest possible flagging criteria using the information from a particular optimising run

set may be done through Heuristic optimisation. In doing so, one may obtain a configuration of flagging

criteria that bind the notion of ’goodness’ to the behaviour exhibited by a particular known ’good’ run.

The idea behind constructing the flagging criteria borrows some principles from statistics to create a

crude Heuristic method that flags our known good LBs as ’good’. The LB that is flagged is the subject

LB in each LB comparison.

The general form of the equation the optimising curve, Ω, for the GBDT error with instantaneous lumi-

nosity as the independent variable that we have decided to use for simplicity of the DQEWS is:

Ω = a ·L +b (7.2)

Ωi denotes the optimising curve at an LB that has a particular instantaneous luminosity , Li at LB

comparison, i. The coefficients, ‘a’ and ‘b’ are decorrelated.

Once the optimising curve is determined, we use the function of this curve to obtain an approximate

value of the given GBDT error at some instantaneous luminosity. We then obtain a distance from each

of approximated GBDT error values that should flag good LB datasets as good. This is determined by

upper and lower thresholds that are based on upper and lower curves obtained by appropriately adding
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or subtracting 2σ errors of the optimising curve fits’ coefficients. The sign of the operations for each

coefficient is determined by the signs of the correlation coefficients contained in the covariance matrix

for the curve fit coefficients. The distance between the upper and lower curves defines the bandwidth for

acceptable data.

The upper curve is:

U pper = (a+2σa) ·L +(b+2σb) (7.3)

The lower curve is:

Lower = (a−2σa) ·L +(b−2σb) (7.4)

The optimising curves calculated in the analyses are monotonically increasing for the GBDT error for

increasing instantaneous luminosity.

We additionally note that the flagging thresholds are two-sided. This means that there are thresholds that

are calculated using the optimising curve that are both above and below the curve. This allows for the

flagging of LB comparisons that deviate from the expected trend in both situations of being too separated,

or not separated enough when compared to the surrounding LB comparisons. This is represented by a

two-sided inequality. GBDT errors of the LB comparisons for a run that are contained within the extrema

of this two sided inequality are flagged as ‘good’, and those which are not are flagged as ‘bad’. The flags

are placed in a list called the DQEWSGoodnessList.

Pseudo-code of the algorithm used to flag the chosen LB datasets is algorithm 1. The colours in this

block of pseudo-code correspond to the colours of objects in the figures in section 7.4.1 and section 7.4.1

to come.

How close a given GBDT error for an LB comparison is to its corresponding flagging threshold gives the

tightness of the flag. The tightness may be thought of as the degree of goodness of a particular LB. The

tightness of the flag is defined as Tightness∆LBcomparisoni and is calculated with:

Tightness∆LBcomparisoni =
GBDTerror−Ωi

(U pperi−Loweri
2 )

(7.5)
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Algorithm 1 DQEWS flagging algorithm

1: procedure DQEWSFLAGGING(p) . p is list of GBDT errors for LB comparisons in a run

2: if Run = RunN then . Run to test is defined by user

3: for i in GBDT error list do

4: if lower <= GBDTerror <= upper then

5: DQEWSGoodnessList.append(’good’)

6: else

7: DQEWSGoodnessList.append(’bad’)

8:

The distance between a particular LB comparisons GBDT GBDT error and the point on the optimising

curve at that LB comparisons instantaneous luminosity is in the numerator. Half of the band-with, defined

by the distance between the upper or lower curves is in the denominator. LB comparisons flagged as

’good’ have an absolute value of tightness below one. LB comparisons flagged as ’bad’ have an absolute

value of tightness above one. LB comparisons whose GBDT error lie above the optimising curve have a

negative value of tightness, and LB comparisons whose GBDT error lie below the optimising curve have

a positive value of tightness.

The tightness is a measure of how close a particular LB comparison is to being flagged as either ’good’

or ’bad’. A tighter flag has an absolute value of tightness value closer to one, and a looser flag has a

tightness value further from one.

The tightness is a helpful metric for the interpretation of the flags. This is because if a flag is good (or

bad) but the magnitude of tightness for that LB comparison is clearly different to others near it, and is

near the boundary between good and bad flags, that LB comparison may be assessed individually.

Flagging criteria have been constructed for each run. The flagging criteria are illustrated by showing the

curve that describes the criteria and testing the criteria on the same run to illustrate the containment of

the LB GBDT errors within the band of acceptable values for the GBDT errors to correspond to values

that flag the LB comparison as ’good’.

Self-evaluating the flagging criteria on same run

The flagging criteria are tested by applying them to evaluation data. The evaluation data is structured

in the same way as optimising data but is used as input to the algorithm rather than as internally loaded

information in the algorithm’s definition. There are three levels of flagging information. These are

enumerated as:
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1. It is important that we test that the flagging criteria constructed using an optimising runs’ LB

datasets flag these datasets contained within this run as good when using this same information as

the testing run. This is that all good LB datasets from the LHC Run 2 data-taking period and run

that the optimising curve is constructed with are flagged as good. This is a self-consistency check.

This check is to determine whether the flagging criteria work when tested on precisely the same

information. Criteria cannot fail this level of testing.

2. The criteria constructed using good LB datasets from the same LHC data-taking period (but not

necessarily the same run) flag these LB datasets as good.

3. Using our criteria that pass at least one of the above conditions, we insert the bad LB datasets into

the flagging Run set. Should criteria fail this level of testing, the criteria may simply be too tight

and may be readjusted; or this may also indicate problems with the data either used to optimise or

to evaluate the criteria.

To ensure self-consistency of the flagging criteria constructed using each runs data, we make use of two

equally sized (same number of tracks) LB dataset splits from the same LBN. With the set of all the first

LB dataset splits from equation (6.14), we construct the flagging criteria for this test. With the set of

all the second LB dataset splits, we test these flagging criteria. By doing this, we create a situation in

which which the flagging criteria constructed using a particular set of tracks are not tested on precisely

the same set of tracks because the result of a test in this manner test would be trivially consistent, and

this is not helpful. This is done to ensure that the flagging criteria work when testing them on equivalent

but independent information.

The self-consistency checks for each of the runs are shown as follows:

Figure 7.8: Plot for self-consistency check for Run-349268.

We see that for the self-consistency check of Run-357409 information the LB dataset with LBN = 1100

is flagged as bad. The fit of the optimising curve used to construct the flagging criteria used in this
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Table 7.2: Table for self-consistency check for Run-349268.

Figure 7.9: Plot for self-consistency check for Run-357409.

Table 7.3: Table for self-consistency check for Run-357409.

evaluation includes this LB. The reason for its inclusion is that prior to implementing the classification

procedure there are no obvious differences in the relationship between the LBN and the instantaneous

luminosity of this LB in relation to the other available LBs. In addition to this, there are no intolerable

defects that this LB has that the others do not.

When looking at the top 5 ranked variable attributions 5 for LB with LBN 1100 , and the next closest

available LB datasets prior and posterior, we have the values shown in tables 7.4, 7.5 and 7.6.

5Calculated using the gain method native to the XGBoost software package
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Rank Relative importance (%) Variable

1 11.68 numberOfSCTSharedHits
2 10.67 numberOfTRTTubeHits
3 8.80 cov02
4 8.15 numberDoF
5 5.29 numberOfSCTHoles

Table 7.4: Showing the 5 most important variables for differentiating LB 970 (7 244 633 tracks) from

the reference LB.

Rank Relative importance (%) Variable

1 11.27 numberOfTRTTubeHits
2 11.19 numberDoF
3 9.76 numberOfSCTHoles
4 9.07 numberOfSCTSharedHits
5 7.85 numberOfPixelSharedHits

Table 7.5: Showing the 5 most important variables for differentiating LB 1100 (2 835 968 tracks) from

the reference LB.

Rank Relative importance (%) Variable

1 12.46 numberOfTRTTubeHits
2 12.19 numberDoF
3 9.01 numberOfSCTHoles
4 8.87 cov04
5 6.99 numberOfSCTSharedHits

Table 7.6: Showing the 5 most important variables for differentiating LB 1236 (6 170 499 tracks) from

the reference LB.

There are no indications of attribution information being a strong factor for the higher lower GBDT error

computed for the LB dataset with LBN 1100

However, we see that the duration of LBN 1100, in relation to all the others used in the Run-357409

self-evaluation, is 10 seconds as opposed to 60 seconds. This is shown in 7.9. In addition to this, the total

number of tracks contained in the LB dataset with LBN 1100 is 2 835 968. The LB dataset that contains

the next fewest number of tracks has 5 713 268 tracks and has LBN 1300.

It is desirable to closely scrutinise the variable importances of LB 1100 to determine whether there are

indeed any actual differences in the tracking variable relative importance values calculated by the GBDT.

To this end, we look at density plots of the distributions of each of the top 5 variables attributed in the LB

comparison flagged as ’bad’, and compare them with density plots of the same variables in the adjacent

LB comparisons.
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Figure 7.10: Rank-1 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is numberOfTRTTubeHits in LB 970, LB 1100

and LB 1236. Reference LB 672 is shown for comparison.

Figure 7.11: Rank-2 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is numberDoF in LB 970, LB 1100 and LB 1236.

Reference LB 672 is shown for comparison.
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Figure 7.12: Rank-3 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is numberOfSCTHoles in LB 970, LB 1100 and

LB 1236. Reference LB 672 is shown for comparison.

Figure 7.13: Rank-4 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is numberOfSCTSharedHits in LB 970, LB 1100

and LB 1236. Reference LB 672 is shown for comparison.



Analysis 79

Figure 7.14: Rank-5 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is numberOfPixelSharedHits in LB 970, LB 1100

and LB 1236. Reference LB 672 is shown for comparison.
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Looking at the density plots of the top 5 ranked variables of the ’bad’ LB dataset and the closest available

’good’ LB datasets prior and posterior to it (figures 7.10, 7.11, 7.12, 7.13 and 7.14), we do not see any

significant differences in the plots that could indicate reasons for the ’bad’ flag based on the shape alone.

When looking at the GBDT output probability distribution of the bad LB comparison, we see a slight

difference in the shape of this distribution in relation to what we expect based on the shapes of the prior

and posterior LB comparisons of the nearest available LBs. We show the histograms to illustrate this in

figure 7.15, figure 7.16 and figure 7.17.

The shift in the GBDT output probability distribution as seen in 7.16 reflects the vastly differed sizes of

training data for the reference and subject LBs. This is that the tree learns that it is “always more likely”

for a track to be from the reference LB.

Figure 7.15: GBDT output probability histogram as a density plot (area under the curve normalised to

1) for LB 970 (7 244 633 tracks).

The sensitivity of the algorithm with respect to the choice of hyper-parameters for the self-evaluations is

insignificant in these self evaluation tests. Results supporting this statement are shown in B.1

Cross-evaluating flagging criteria between runs

We then perform tests on LB datasets between runs. For Run-2 we test the cases where the good LB

datasets available from Run-349268 or Run-357409 are used as the optimising data, and then the LB

datasets from the other run, including any bad LB datasets, are used as the evaluation data.

The only LB dataset that we have that is flagged as bad by the GRL with the issues being with ID

tracking variables is the LB dataset in Run-349268 with LBN 252. The results for the cross-evaluation
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Figure 7.16: GBDT output probability histogram as a density plot (area under the curve normalised to

1) for LB 1100 (2 835 968 tracks).

Figure 7.17: GBDT output probability histogram as a density plot (area under the curve normalised to

1) for LB 1236 (6 170 499 tracks).

where available Run-349268 LB datasets (excluding the bad LB dataset) are used as the optimising data

and the available Run-357409 LB datasets are used as evaluating data are shown in figure 7.18:
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Figure 7.18: Plot showing flagging criteria constructed using Run-349268 optimising LB datasets and

tested against Run-357409 LB evaluating datasets.

Table 7.7: Table for flags for Run-349268 optimising LB datasets used to construct the flagging criteria

tested against Run-357409 LB evaluating datasets.

For the results shown in figure 7.18 we note that the instantaneous luminosities of the Run-349268

optimising set lie have the extrema {6656 , 11550}cm−2 · s−1. The instantaneous luminosities of the

Run-357409 evaluating set have the extrema, {5245 , 16210}cm−2 · s−1.

The LB comparisons that are flagged correctly, with the exception of LBN 1100, in this cross-evaluation

are those that lie within the instantaneous luminosity range of [6273 , 11680]cm−2 · s−1. The extrema of

the subset of good flags in the evaluating set are numerically very similar to the extrema of the optimising

set. The infimum of the subset of good flags in the evaluating sets’ instantaneous luminosity range is

contained in the optimising sets’ instantaneous luminosity range. All bad flags, with the exception of

LBN 1100, lie outside of the optimising sets’ instantaneous luminosity range.

It seems that when evaluating the flagging criteria, extrapolation outside of the instantaneous luminosity

range of the optimising sets data does not work with the LB data-sets used for analyses. It is possible that

with a larger range of LBs available, the optimising curve fits may have been better such that extrapolation

may have been more successful.
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The results for the cross-evaluation where available Run-357409 LB datasets are used as the optimising

data and the available Run-349268 LB datasets (including the bad LB dataset) are used as evaluating

data are shown in figure 7.19:

Figure 7.19: Plot showing flagging criteria constructed using Run-357409 optimising LB datasets and

tested against Run-349268 LB evaluating datasets.

Table 7.8: Table for flags for Run-357409 optimising LB datasets used to construct the flagging criteria

tested against Run-349268 LB evaluating datasets.

For the results shown in figure 7.19 we note that the instantaneous luminosities of the Run-357409

optimising set have the extrema, {5245 , 16210}cm−2 · s−1. The instantaneous luminosities of the Run-

349268 evaluating set lie have the extrema {6656 , 11550}cm−2 · s−1.

All the LB comparisons are flagged correctly in this cross-evaluation. The extrema of the instantaneous

luminosities of our evaluating set are all contained in the set of instantaneous luminosities bounded by

the extrema of the optimising set. Thus, in this cross-evaluation, rather than extrapolating our flagging

criteria for instantaneous luminosity values smaller and larger than the extrema of the optimising set

described above, we are interpolating them to values between. This cross-evaluation supports our hy-

pothesis that extrapolation outside of the optimising set instantaneous luminosity range does not work,

while interpolation does. More data and tests are needed to more completely test this hypothesis.
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The LB comparison that is flagged as bad has the only available subject LB dataset in the evaluating

set that has intolerable defects. It has the following intolerable defects (all indicate failures in pixel

modules):

1. Pixel_Barrel_Standby.

2. Pixel_EndcapA_Standby.

3. Pixel_EndcapC_Standby.

4. Pixel_IBL_Standby.

5. Pixel_Layer0_Standby.

Taking a look at the variable attributions for the bad LB and the prior, and posterior LBs in a similar

fashion to the bad LB identified in section 7.4.1 we have:

Rank Relative importance (%) Variable

1 18.74 numberOfSCTSharedHits

2 7.32 numberOfTRTSharedHits

3 5.81 numberDoF

4 5.01 numberOfPixelSharedHits

5 4.67 numberOfSCTHoles

Table 7.9: Showing the 5 most important variables for differentiating LB 251 ()7 231 602 tracks) from

the reference LB.

Rank Relative importance (%) Variable

1 3.64 numberOfPixelSharedHits

2 3.61 z0

3 3.14 numberOfTRTSharedHits

4 2.60 numberOfSCTHits

5 2.37 expectNextToInnermostPixelLayerHit

Table 7.10: Showing the 5 most important variables for differentiating LB 252 (2 971 tracks) from the

reference LB.

The top-ranked variable attributed in the bad LB comparison is numberOfPixelSharedHits. This is some-

what consistent with the intolerable defects of this same LB. However, the relative importance of this top

variable is only 3.64 % and is not much different to the next four. This suggests that the separation is

being computed using all the variables. This reduces our confidence in the top-ranked variables’ attri-

bution value. This is because its’ similarity in value to the remaining top-ranked variables means that
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Rank Relative importance (%) Variable

1 13.94 numberOfSCTSharedHits

2 7.41 numberOfTRTSharedHits

3 6.24 numberDoF

4 5.45 numberOfSCTHits

5 4.77 numberOfPixelSharedHits

Table 7.11: Showing the 5 most important variables for differentiating LB 253 (7 751 098 tracks) from

the reference LB.

this variable does not more strongly contribute to the DQEWS flag than any of the others, but is one

of two that suggest failures in pixel modules. The second that suggests a failure in pixel modules is

expectNextToInnermostPixelLayerHit with a relative importance of 2.37 % at rank 5. With this said, it

seems as though all of the variables become less important with the key point being that all the variables

are driving the separation quantified between the LBs.

We look at the density plots in a similar fashion to those shown in section 7.4.1.

Figure 7.20: Rank-1 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is numberOfPixelSharedHits in LB 251, LB 252

and LB 253. Reference LB 57 is shown for comparison. Plot has broken axes to remove areas in plot

that do not give any information.

Looking at the shapes of density plots of the top 5 ranked variable distributions in figures 7.20, 7.21,



Analysis 86

Figure 7.21: Rank-2 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is z0 in LB 251, LB 252 and LB 253. Reference

LB 57 is shown for comparison.

Figure 7.22: Rank-3 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is numberOfTRTSharedHits in LB 251, LB 252

and LB 253. Reference LB 57 is shown for comparison.

7.22, 7.23 and 7.24 the following is observed:

1. The variable that has the most similar distributions between the three adjacent LBs is that of expect-

NextToInnermostPixelLayerHit (rank 5). The density plots for this variable seem to be precisely
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Figure 7.23: Rank-4 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is numberOfSCTHits in LB 251, LB 252 and LB

253. Reference LB 57 is shown for comparison.

Figure 7.24: Rank-5 variable by relative importance of bad LB comparison calculated using ’gain’

method density plot comparison. Compared variable is expectNextToInnermostPixelLayerHit in LB

251, LB 252 and LB 253. Reference LB 57 is shown for comparison.
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the same. This is shown in figure 7.24.

2. The variables that have the next most similar distributions are numberOfPixelSharedHits (rank 1),

z0 (rank 2), and numberOfSCTHits (rank 4). This is shown in figure 7.20, figure 7.21 and figure

7.23.

3. The variable that has the most dissimilar distribution of Lb 252 in relation to LB 251 and LB 253

is that of numberOfTRTSharedHits (rank 3). This is shown in figure 7.22. This figure shows that

after a value of 20 for numberOfTRTSharedHits, the distribution for LB 252 differs significantly

from that of LB 251 and LB 253.

By observing these distributions, a shifter should be able to identify this bad LB based on the differ-

ences in the shapes of the ranked variables shown when compared to the adjacent good LBs. We note

however, while there are differences that could point to problems as described in the above enumeration

(particularly in points 2 and 3), it is unclear whether these differences are due to actual differences in

the behaviour of the detector components at this time, or whether they are a consequence of the severely

limited number of tracks, or LB duration, in LB 252 as compared to LB 251 and LB 253. The severely

limited number of tracks in LB 252 opens the possibility that the shape of the histograms of the variable

distributions could smooth out and converge to the shapes of the histograms for LB 252 and 253 in the

event that statistics were increased. This suggests that future attempts at early DQ monitoring must take

into account the length of the LB under study, an easily implemented fix to reduce this type of false

positive.

The reasons for the differences in the shapes of the histograms of the variable distributions are unclear.

Despite the reasons being unclear for the top 5 variables using the ’gain’ attribution method, Lb 252 is

flagged as ’bad’ correctly. This suggests that studies on the effects of dataset sizes (and by extension,

lengths) and the methods used to obtain attribution values may be helpful. The goal is thus to obtain

an unambiguous procedure such that, in addition to correctly flagging LBs, the DQEWS is then able

to correctly attribute tracking variables that point to actual locations of failure in the detector while

explicitly taking into account the number of tracks in an LB.

The flagging criteria directly compare the GBDT error, and the difference between good and bad flags is

based only on the value of the GBDT error. The bad LB is more separated from the reference LB than the

other LBs within the evaluation run. When looking at the GBDT output probability distribution of the

bad LB comparison, we do however see a stand-out difference in the shape of this distribution in relation

to what we expect based on the shapes of the prior and posterior LB comparisons of adjacent LBs. We

show the histograms to illustrate this in figure 7.25, figure 7.26 and figure 7.27.
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Figure 7.25: GBDT output probability histogram as a density plot (area under the curve normalised to

1) for LB 251 (7 231 602 tracks).

Figure 7.26: GBDT output probability histogram as a density plot (area under the curve normalised to

1) for LB 252 (2 971 tracks).

The sensitivity of the DQEWS algorithm with respect to the choice of hyper-parameters for the cross-

evaluations is insignificant. All LB datasets contained within the instantaneous luminosity range of the

optimising LB datasets are flagged correctly. This is shown in appendix B.2. This supports the notion

that extrapolation of the flagging criteria outside of this range does not work.

This opens up new questions about the method of the DQEWS and the best ways to construct flagging

criteria that identify real reasons of failures in the ATLAS detector system consistently with the partic-

ular method used for variable attribution. Introducing usage of both an effective attribution method to
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Figure 7.27: GBDT output probability histogram as a density plot (area under the curve normalised to

1) for LB 253 (7 751 098 tracks).

improve model explainability, and GBDT output probability distribution shape analyses in addition to

the performance metric analyses may be helpful to begin understanding the full extent of the behaviour

that results in a particular flag. Fitting continuous distributions to the histograms for the GBDT output

probability distributions and observing the temporal behaviour of either one, or some combination of

the distribution variables may be a method that may lead to a more comprehensive and correct flagging

procedure for the DQEWS.
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Conclusion & Future Work

Flagging criteria have been constructed using the GBDT outputs of LB comparisons that test for sepa-

ration between LB datasets from Run-349268 and Run-357409 of the ATLAS detector that have been

flagged as good in the GRLs, by the DQ group, that represent a subset of ID tracking information con-

tained within a LB. The set of LB datasets inputted to the LB comparisons used to construct the criteria

has been termed the optimising set. These flagging criteria have then been evaluated using GBDT out-

puts of LB comparisons of LB datasets also from Run-349268 and Run-357409. The set of LB datasets

inputted to the LB comparisons used to construct the criteria has been termed the evaluating set. We note

that the reference LB datasets in the LB comparisons computed by the DQEWS are not at the beginning

of the runs used.

Self-evaluations 1, and cross-evaluations2 have been performed. The flagging criteria have been con-

structed as a function of the instantaneous luminosity. The instantaneous luminosity of the LBs contained

in each run do not necessarily have the same magnitudes. This results in constructed flagging criteria

that do not trivially generalise towards being able to flag all information correctly. In attempting to find

a sufficient solution to this, the construction and evaluation of the flagging criteria have been done in the

following ways:

1. Both the optimising set and the evaluating set contained precisely the same LB datasets from the

same run. As such, the LBNs for each LB dataset in both the optimising and evaluating sets has

a one-to-one mapping. From this, it logically extends that the instantaneous luminosities for each

LB dataset in both the optimising and evaluating sets have a one-to-one mapping. In this case,

an extension of the optimising curve to construct flagging criteria for LB datasets outside of the

instantaneous luminosity range of LB datasets in the optimising data does not happen. This is a

description of the self-evaluation described in section 7.4.1.

2. The optimising set and the evaluating set each contained different LB datasets from different runs.
1Optimising and evaluating sets contain same LB datasets from same run
2Optimising and evaluating sets contain different LB datasets from different runs

91
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The implication of this is that it is not necessarily the case that there is a one-to-one mapping of

the LBNs of the LB datasets contained in the optimising and evaluating sets. Here, it is necessary

to extend the optimising curve either backwards 3 or forwards 4, or both. With these extensions,

we effectively extrapolate our information to obtain approximate flags for LB comparisons that

contain LB datasets in the evaluating set outside of the instantaneous luminosity range of the

optimising sets LB datasets. In the case where the LB datasets used in the evaluation set have

instantaneous luminosities that lie within the range of the instantaneous luminosity extrema of LB

datasets in the optimising set, there is an interpolation of information, and thus the evaluations are

more robust. This is a description of the cross-evaluations described in section 7.4.1.

The DQEWS has been shown to sufficiently flag good LB datasets as good in the following cases.

• Optimising and evaluation sets are from the same LHC-Run and Run (our self-evaluations shown

in section 7.4.1), under the condition that all LB datasets contained are of sufficiently expected

duration and size.

• Optimising and evaluation LB datasets are from the same LHC-Run (our cross-evaluations shown

in section 7.4.1), under the condition that the range of instantaneous luminosity for the LB datasets

in evaluating set is similar to, or within, the instantaneous luminosity range of the LB datasets in

the optimising set.

Further studies need to be done to determine the precise behaviour of constructed flagging criteria eval-

uated via interpolation versus extrapolation of optimising set instantaneous luminosity information. The

DQEWS fails when attempting to extrapolate outside of the optimising sets instantaneous luminosity

range. However, it is noted that there is potential in improving the extrapolation ability should more data

be used in an optimising run. In addition to this, more detailed studies on the relationship between the

variables contained in the input LB datasets and the instantaneous luminosity may be helpful.

An issue with the DQEWS that has not been accounted for and has not been tested is in potential situa-

tions in which bad LB datasets contained in a run are not identifiable as bad based on the GBDT error

alone. Useful additions to the DQEWS in future may be along the lines of analyses of fitted continuous

distributions by incorporating tests for the drift in the distributions shape parameters in addition to tests

of separation.

The explainability of the GBDT models can be significantly improved, allowing for robust and consistent

variable attribution of LB comparisons. In doing so, the identification of areas in the detector based on

3if the available optimising data begins at a later LBN than the available evaluating data
4if the available optimising data begins at an earlier LBN than the available evaluating data
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these attributed variables can be made accurate. This would improve the diagnostic ability of the DQEWS

as currently defined. A suggested method of improvement in model explainability is the Shapley Additive

Explanation [100].

Extending these analyses by testing the ability of the DQEWS to analyse and flag information acquired

by all the ATLAS detector sub-systems is a further reaching goal.

The ideal case would be that the DQEWS as currently defined is robust when using LB datasets within

similar instantaneous luminosity regions to construct and evaluate the flagging criteria. Robust, in this

case, is that an extension of the variable-space of the LB datasets to include information from all detector

sub-systems will be sufficient to construct flagging criteria that correctly identify anomalous information

with the extended LB datasets.

Should the above suggestion fail, the DQEWS may need to define separate flagging criteria for each

detector sub-system and incorporate those results into a consolidated output.



Appendix A

Further detail of datasets used

The tables in this appendix are supplementary to the content in section 7.2.1.

A.1 Variables in LB datasets

These tables show the variables in the LB datasets used in the analyses.
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Run-2 DQEWS testing variables

chiSquared cov00

cov01 cov02

cov03 cov04

cov11 cov12

cov13 cov14

cov22 cov23

cov24 cov33

cov34 cov44

d0 numberDoF

phi qOverP

theta z0

expectInnermostPixelLayerHit expectNextToInnermostPixelLayerHit

numberOfContribPixelLayers numberOfDBMHits

numberOfGangedFlaggedFakes numberOfGangedPixels

numberOfInnermostPixelLayerHits numberOfInnermostPixelLayerOutliers

numberOfInnermostPixelLayerSharedHits numberOfInnermostPixelLayerSplitHits

numberOfNextToInnermostPixelLayerHits numberOfNextToInnermostPixelLayerOutliers

numberOfNextToInnermostPixelLayerSharedHits numberOfNextToInnermostPixelLayerSplitHits

numberOfOutliersOnTrack numberOfPhiHoleLayers

numberOfPhiLayers numberOfPixelDeadSensors

numberOfPixelHits numberOfPixelHoles

numberOfPixelOutliers numberOfPixelSharedHits

numberOfPixelSplitHits numberOfPixelSpoiltHits

numberOfPrecisionHoleLayers numberOfPrecisionLayers

numberOfSCTDeadSensors numberOfSCTDoubleHoles

numberOfSCTHits numberOfSCTHoles

numberOfSCTOutliers numberOfSCTSharedHits

numberOfSCTSpoiltHits numberOfTRTDeadStraws

numberOfTRTHighThresholdHits numberOfTRTHighThresholdHitsTotal

numberOfTRTHighThresholdOutliers numberOfTRTHits

numberOfTRTHoles numberOfTRTOutliers

numberOfTRTSharedHits numberOfTRTTubeHits

numberOfTRTXenonHits numberOfTriggerEtaHoleLayers

numberOfTriggerEtaLayers standardDeviationOfChi2OS

Table A.1: Table listing the variables contained in the LB datasets.
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A.2 Available and used LBNs

The LBNs that are used in the analyses are highlighted in green (for LBs flagged as good in the GRLs),

and red (for the LB flagged as bad in the GRLs) on these tables. The rest that are not used are left in

black text. This is determined by the procedure described in section 7.2.1.

Run-349268 LBN GRL Flag

5 Good
7 Good
11 Good
17 Good
19 Good
57 Good
67 Good
90 Good
110 Good
140 Good
180 Good
209 Good
230 Good
251 Good
252 Bad
253 Good
300 Good
400 Good
512 Good
745 Good
754 Good
760 Good

Table A.2: The LBNs for the LB datasets

available for these analyses with their cor-

responding flag in the GRLs for Run-

349268

Run-357409 LBN GRL Flag

656 Good
657 Good
660 Good
665 Good
671 Good
672 Good
673 Good
682 Good
697 Good
717 Good
750 Good
800 Good
870 Good
970 Good
1100 Good
1236 Good
1237 Good
1238 Good
1240 Good
1245 Good
1270 Good
1300 Good
1344 Good
1400 Good
1472 Good
1473 Good

Table A.3: The LBNs for the LB datasets

available for these analyses with their cor-

responding flag in the GRLs for Run-

357409



Appendix B

Results of analyses on hyper-parameter swap-

ping

This appendix contains the results for the flagging criteria (upper and lower curves) constructed using

GBDTs trained using swapped hyper-parameters for each of Run-349268 .

B.1 Self-evaluations with swapped hyper-parameters

The effects of swapping the hyper-parameters optimised using the methodology outlined in section 7.3.2

for each run have also been checked. This is using hyper-parameters optimised for GBDTs trained on

Run-349268 datasets to train GBDTs using Run-357409 datasets. For the self-consistency checks the

following is noted:

1. The bandwidth (distance between lower and upper curves) changes very slightly. There is a slight

reduction in the bandwidth. This is because the curve fit parameters and their errors do not change

significantly. This implies that there is a small sensitivity on the algorithm as a result of a change

in hyper-parameters. More tests needed to determine a more general understanding of the impli-

cations of hyper-parameter changes on the DQEWS for a larger set of LHC runs.

2. The flagged LB comparisons do not change. This is shown in figure B.1 and figure B.2 below:

3. The tightness of the LB comparisons differ slightly. Regarding the tightness of the flags for the

self-consistency checks we note the following:

• For the Run-349268 self-consistency check shown in figure B.1: The tightness of all of the

LB comparisons increases slightly (all values are numerically closer to one in the swapped

hyper-parameter evaluation) when using Run-357409 hyper-parameters to train GBDTs with

the Run-349268 data. Results showing this are in table B.1 below.
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Figure B.1: Plot for self-consistency check using hyper-parameters for Run-357409 to train GBDTs

using Run-349268 datasets.

Figure B.2: Plot for self-consistency check using hyper-parameters for Run-349268 to train GBDTs

using Run-357409 datasets.

Table B.1: Table for self-consistency check using hyper-parameters for Run-357409 to train GBDTs

using Run-349268 datasets.

• For the Run-357409 self-consistency check shown in figure B.2: The tightness of all of the

LB comparisons increases (all values are numerically closer to one in the swapped hyper-

parameter evaluation) when using Run-349268 hyper-parameters to train GBDTs with the
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Run-357409 data. Results showing this are in table B.2 below.

Table B.2: Table for self-consistency check using hyper-parameters for Run-349268 to train GBDTs

using Run-357409 datasets.

So, while the flagged LB comparisons do not change when swapping hyper-parameters, the tightness of

these flagged LB comparisons decreases.
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B.2 Cross-evaluations with swapped hyper-parameters

The effects of swapping the hyper-parameters for the optimising and evaluating runs are checked in the

same way as described in section 7.4.1. For the cross-evaluation tests we note the following:

1. The flagged LB comparisons change in one of the two cross-evaluations. This is again shown by

looking at the GBDT error points that lie between between the upper and lower curves. The results

for each of the swapped hyper-parameter cross-evaluations are as follows:

• The swapped hyper-parameter cross-evaluation in which the optimising datasets are from

Run-349268 and the evaluating datasets are from Run-357409 has one LB comparison that

is flagged differently to the normal test. This is shown graphically in figure B.3. LB com-

parison 6 at instantaneous luminosity 11680 cm−2s−1 is flagged bad instead of good.

Figure B.3: Plot showing flagging criteria constructed using Run-349268 optimising LB datasets and

tested against Run-357409 LB evaluating datasets. Hyper-parameters for each of optimising and evalu-

ating set GBDTs are swapped.

• The swapped hyper-parameter cross-evaluation in which the optimising datasets are from

Run-357409 and the evaluating datasets are from Run-349268 shows no changes. The figure

and results showing this are:
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Figure B.4: Plot showing flagging criteria constructed using Run-357409 optimising LB datasets and

tested against Run-349268 LB evaluating datasets. Hyper-parameters for each of optimising and evalu-

ating sets GBDTs are swapped.

2. The tightness of the LB comparisons differ. Regarding the tightness of the flags for the cross-

evaluations we note the following:

• For the cross-evaluation in which the optimising datasets are from Run-349268 and the

evaluating datasets are from Run-357409: The tightness of the LB comparisons changes

very slightly using Run-357409 hyper-parameters to train GBDTs with the Run-349268

data. Numerical values for the tightness which correspond to figure B.3 are shown in table

B.3 below:

Table B.3: Table for flags for Run-357409 optimising LB datasets used to construct the flagging cri-

teria tested against Run-349268 LB evaluating datasets. Hyper-parameters for each of optimising and

evaluating set GBDTs are swapped.

• For the cross-evaluation in which the optimising datasets are from Run-357409 and the eval-

uating datasets are from Run-349268: The tightness of all of the LB comparisons increases

(all values are numerically closer in magnitude to one in the swapped hyper-parameter evalu-
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ation) when using Run-349268 hyper-parameters to train GBDTs with the Run-357409 data.

The flagged LBs do not change when swapping the hyper-parameters. Numerical values for

the tightness which correspond to figure B.4 are shown in table B.4 below:

Table B.4: Table for flags for Run-357409 optimising LB datasets used to construct the flagging cri-

teria tested against Run-349268 LB evaluating datasets. Hyper-parameters for each of optimising and

evaluating set GBDTs are swapped.
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