CERN-THESIS-2020-024

31/03/2020

@)

TECHNISCHE
UNIVERSITAT
DRESDEN

Efficiency Improvements
in Monte Carlo Algorithms for
High-Multiplicity Processes

Master-Arbeit
zur Erlangung des Hochschulgrades
Master of Science
im Master-Studiengang Physik

vorgelegt von

Katharina Danziger
geboren am 12.07.1995 in Ebersdorf jetzt Saalburg-Ebersdorf

Institut fiir Kern- und Teilchenphysik
Fakultat Physik
Bereich Mathematik und Naturwissenschaften

Technische Universitat Dresden
2020



Eingereicht am 31. Mérz 2020

1. Gutachter: Dr. Frank Siegert
2. Gutachter: Prof. Dr. Arno Straessner



Abstract

Monte Carlo event generators are essential tools bridging the gap between theoretical predic-
tions and measurements from contemporary collider experiments. Due to their importance and
intensive use, it is crucial that event generators provide precise predictions while preserving
reasonable computational costs. This thesis presents efficiency improvements for the SHERPA
event generator, in particular for high-multiplicity processes. A short introduction to Monte
Carlo techniques as well as concepts of perturbative QCD is given to serve as a basis for the
following discussions. Subsequently, the idea behind the Machine Learning based unweight-
ing is presented and the optimisation of the utilised Neural Network architecture described.
Resulting performance improvements in comparison to the “classic” unweighting prescription
are investigated. Significant time improvements are achieved for all examined processes. Fi-
nally, the problem of negative weighted events, as well as mechanisms to reduce the negative
weight fraction, are discussed with focus on Z and tf production in association with jets. In
both cases, the amount of negative weighted event can roughly be halved for the investigated

process setups.

Kurzdarstellung

Monte Carlo Ereignisgeneratoren sind unentbehrlich fiir den Vergleich zwischen theoretischen
Berechnungen und Messdaten gegenwiértiger Collider Experimente. Aufgrund ihrer Relevanz
und intensiven Nutzung ist es essentiell, dass Ereignisgeneratoren genaue Vorhersagen bei
gleichzeitig vertretbarem Rechenaufwand liefern. Diese Arbeit prisentiert Effizienzsteiger-
ungen fiir den SHERPA Ereignisgenerator, insbesondere fiir Prozesse mit hoher Multiplizitat
im Endzustand. Eine kurze Einfiihrung zu Monte Carlo Methoden sowie Konzepten der per-
turbativen QCD dienen als Grundlage fiir die darauffolgenden Diskussionen. Die grundle-
gende Idee des auf Maschinellen Lernens basierenden Unweightings und die Optimierung
des dafiir benutzten Neuralen Netzes werden anschlieffend beschrieben. Resultierende Leis-
tungssteigerungen im Vergleich zum “klassischem” Unweighting werden untersucht. Fiir alle
untersuchten Prozesse ergeben sich signifikante Zeitverbesserungen. Die Problematik nega-
tiv gewichteter Ereignisse sowie Mechanismen zur Reduzierung dieser werden diskutiert, im
Speziellen mit Fokus auf Z und ¢f Produktion in Verbindung mit Jets. Fiir die beiden unter-
suchten Prozesskonfigurationen kann der Anteil an Ereignissen mit negativem Gewicht unge-

fahr halbiert werden.
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1 Introduction

The field of particle physics studies the elementary constituents of matter and the interactions
between them. To this date, the Standard Model of particle physics (SM) is the most success-

ful theory describing all known fundamental particles and their non-gravitational interactions.

Many experiments have shown very good agreement with SM predictions, with a highlight
being the discovery of the Higgs boson in 2012 [1, 2|. Despite its success, the Standard Model
leaves some open questions unanswered and is thus not a complete theory of the fundamental
interactions. For instance, it does not incorporate the theory of gravity nor does it contain an
explanation for the existence of dark matter. The Nobel prize in physics 2015 was awarded for
the discovery of neutrino oscillations [3, 4]. However, this is only possible if neutrinos carry

mass contradicting the Standard Model which predicts them to be massless.

These and other observations are the motivation for searches of new physics beyond the Stan-
dard Model. One approach to study the properties of elementary particles and their interac-
tions are particle colliders, where particles are accelerated to very high kinetic energies and
brought to collision. As a result of the mass-energy equivalence, those accelerators enable the
production of heavy and possibly unknown particles, either by their direct measurement or
through the observation of deviations of known interactions measured at high precision. The
most famous example of such particle colliders is the Large Hadron Collider (LHC) at CERN
near Geneva [5]. The LHC is a circular collider with a circumference of 27 km primarily col-
liding proton beams accelerated to near the speed of light. With a centre-of-mass energy of
13 TeV, first reached in 2015 during its second operational run, the LHC holds the present

world record.

Probing the Standard Model and the search for new physics necessitate the comparison of ex-
perimental measurements and theoretical predictions. Due to the complexity of such particle
collisions, which involve a large number of final-state particles as well as non-trivial interac-
tions according to the theory of strong interactions, Quantum Chromodynamics (QCD), the
method of choice are computer simulation programs employing Monte Carlo methods. These
so-called Monte Carlo event generators are computational frameworks incorporating theoreti-
cal models in order to simulate particle collisions. The resulting final-states, called events, are
simulated at a level as seen by particle detectors. They can subsequently be fed into dedicated

detector simulations. Hence, event generators are essential tools used both by experiments and
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theorists. They enable the confrontation of measurements with generated data, allowing for
tests of predictions made by theoretical models as well as the interpretation of experimental
results. In addition, they can be used to simulate possible backgrounds and study detector
requirements, as well as determine necessary corrections to data. There are various examples
of available general-purpose Monte Carlo event generators, of which PYTHIA [6], HERWIG |7, §]
and SHERPA |9, 10] are the most prominent ones.

The importance and intense use of Monte Carlo event generators from experiments impli-
cate high demands in terms of precision at reasonable computing performance. However, the
ongoing efforts and progress for more accurate predictions impose computational challenges.
Improving the efficiency of the SHERPA event generator, especially for high-multiplicity pro-

cesses, is the subject of this work.

This thesis starts with an introduction to Monte Carlo methods in Chapter 2, followed by a
brief discussion on aspects of perturbative QCD in Chapter 3, which both build the theoret-
ical frame of this work. In particular, Monte Carlo integration and sampling techniques are
described and Monte Carlo event generators are discussed in some more detail. Furthermore,
fixed-order calculations, the concept of parton shower simulations as well as matching and

merging techniques, which combine the former two, are reviewed.

The subsequent Chapter 4 introduces the idea of the so-called Machine Learning based un-
weighting, aiming for performance improvements with regard to the unweighted event genera-
tion. The optimisation procedure of the utilised Neural Network architecture is described and
its performance investigated. Lastly, results for processes belonging to the W/Z+4 jets and

tt+3 jets groups are presented.

Finally, Chapter 5 deals with the problem of negative weighted events, which naturally arise
when going beyond the leading order in the perturbative expansion. They spoil the statistical
accuracy of event samples in comparison to only positive weighted events, making their reduc-
tion desirable. Mechanisms to decrease the negative weight fraction are reviewed and results

are presented for the production of Z as well as tf in association with jets.
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The aim of this chapter is to introduce some of the Monte Carlo techniques commonly used in
phenomenological particle physics. Broadly speaking, Monte Carlo methods are computational
algorithms exploiting the concept of randomness. Starting with the basic idea behind Monte
Carlo integration along with some variance reduction techniques, the sampling according to
a given distribution using Monte Carlo methods is discussed. Finally, Monte Carlo event
generators are introduced — the indispensable tools of particle physics, which form the basis of
this thesis. They utilise the above methods in order to integrate cross-sections and simulate
high-energy particle collision events, enabling the crucial confrontation between theoretical

predictions and experimental measurements.

2.1 Monte Carlo Integration

The calculation of particle collision cross-sections involves the integration over the momenta of
all final-state particles. The dimensionality d of this phase-space integral is set by the number n
of particles in the final-state, namely d = 3n —4. Here, the constraints due to four-momentum
conservation and on-shell conditions for all outgoing particles are already included. Traditional
numerical quadrature methods are insufficient to perform this type of integration as they will
not converge fast enough for large n. Table 2.1 shows a comparison of the convergence of
different numerical integration techniques in d dimensions. As can be seen, the error estimate
of the Monte Carlo technique scales like O(N~'/2) independent of the dimensionality of the

problem, making it the method of choice for high-dimensional numerical integration.

The basic idea of the Monte Carlo approach is the approximation of the integral I of f(Z) by

uniformly sampling its integration domain 2 |11, 12]

[asr@=r~1 =V Y f@) =V ). (2.1

Here, V' is the volume encompassed by € and (f), denotes the average of f with respect to
randomised, uniformly distributed #; = (x}, 22, ...,2%) € Q. N is the number of sample points.

The law of large numbers ensures that I is a consistent estimator® of I as it converges to the

!The function f must be integrable and is generally required to be finite everywhere and at least piecewise
continuous [11].
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exact value of the integral for N — oo. We define the weights w; := V- f(Z;), yielding

1 N
I~1Iy= Nzwi' (2.2)
=1

Thus, the integral is given by the average of the weights w;. Iy follows a Gaussian distribution
as a result of the central limit theorem. The corresponding standard deviation of the Monte

Carlo estimate is therefore given by

(2= e _y [ 2() (2.3)

v - .
a1 N_1 N_1

At this, o%(f) denotes the variance of f.

While independent of d, an error scaling of 1/v/N is still not a good convergence. Various
methods were developed in order to accelerate the error reduction by reducing the variance.
In the following, the most prominent ones, namely importance sampling, stratified sampling

and the multi-channel method, are discussed in more detail.

Numerical Integration Method Error Scaling

Trapezium rule o 1/N?/4
Simpson’s rule o /N4
Monte Carlo o 1/N/?

Table 2.1: Comparison of the convergence of different numerical integration techniques in
d dimensions. Here, N is the number of evaluation points.

2.1.1 Importance Sampling

The uncertainty of the Monte Carlo estimate will be sizeable if the integrand f(#) has large
fluctuations. Calculating the cross-section of a process involves the integration over the ab-
solute squared matrix element, which exhibits sharp peaks in various different regions of the
phase-space. Importance sampling addresses this problem by sampling from a well-known
distribution ¢(Z) with a similar shape as f(Z) instead of uniformly sampling the integration
domain. With this method, we effectively try to draw more samples in regions where f(Z) has
a higher contribution (“important” regions). Mathematically, importance sampling utilises the

relation dZ = dG(%)/g(Z), which corresponds to a change of integration variables. Hence,

veis, = [asra = [l Do = [ae@ D = v, (2.0
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where G(Z) is the primitive of g(Z). The relevant variance is now ?(f/g). In particle physics,
this corresponds to using a mapping of random numbers to four-momenta, which should cap-
ture the distribution of the squared matrix element for the process of interest as far as possible.
By choosing ¢(Z) to resemble f(Z) in shape, the variance can consequently be significantly re-
duced. The aim is to find such a ¢(Z), which must be integrable and invertible in order to
allow for fast sampling. Furthermore, g(Z) has to be a density, i.e. be non-negative in Q and

normalised to integrate to unity over the sampling space.

2.1.2 Stratified Sampling

The general idea behind stratified sampling is to divide the full integration region €2 into M

sub-domains €);, called stratum, with

M
U =2 (2.5)
j=1

and performing a Monte Carlo integration in each sub-domain. The integral is then given by

the sum over the partial results

V(e =2 Vil oo, - (2.6)

The overall variance is just the sum over the variances of the individual pieces, which will
be minimized by defining the domains dynamically, such that each contributes equally to the
total variance. This can be achieved in an adaptive way by introducing a different a priori
probability g; for picking a sub-domain €); to generate a phase-space point in it and, after a
sufficiently large number of function calls, updating them. After the optimisation step, regions
with a smaller variance, i.e. less fluctuations of f(Z), will have a smaller g; and will therefore
have fewer sampling points. On the other hand, domains with a high variance, that is with
more fluctuations, will obtain a larger g; and an increased number of points sampling the
phase-space in this sub-domain. Theoretically, the best scenario is to have a priori weights g;
that behave like the variance in each domain. However, it should be noted, that this method

can also lead to a larger variance if the choice is not appropriate.

2.1.3 Multi-Channel Method

As mentioned above, crude Monte Carlo integration will usually lead to poor results if the
integrand f(Z) has sharp peaks. This can be improved by flattening the integrand by using a
remapping of variables as shown in Section 2.1.1. However, it is often not possible to find a

suitable variable transformation that simultaneously remaps all peaks if the integrand exhibits
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different resonances in various regions of the phase-space. One solution to this problem is the
multi-channel method, first presented in the scope of particle physics in [13]. The underlying
idea is to construct a mapping function ¢(Z) as a weighted sum of m individual mappings

9;(Z), each capturing a single peak structure:

m

9(@) =Y ai- gi(7) with Z a; = 1. (2.7)

i=1

These single transformations are called channels and the «; the corresponding channel weights.

A specific channel is then selected with probability «;. Thus, the integral is given by

I N N S [ B A e R (D I
1_/def(x>_;az/gdaz<)g@)wN;; Ui _ g (2.8)

9(Zyn,)

with N; = «; - N. The integral estimate Iy is independent of the choice of the «;, while the
integration error is not. Therefore, choosing the channel weights to match their relevance in
the structure of f(Z), one can often significantly reduce the error of the Monte Carlo estimate.

More details on multichanneling and how to choose the «; can e.g. be found in [13] and [14].

Technically, the multi-channel method is a combination of the traditional Monte Carlo integra-
tion methods importance and stratified sampling. Namely, it performs a stratified sampling
over various importance samplings. In particle physics, the form of the matrix element is
known. The single phase-space mappings ¢g; can be constructed with the help of the individual

Feynman diagrams, each representing a resonance driven by its propagator term.

The work of this thesis is done within the Monte Carlo event generator SHERPA [10] which
employs the adaptive multi-channel method of [13, 15] and, by default, is used together with

a VEGAS [16] optimisation to calculate initial-state and final-state integrals.

2.2 Monte Carlo Sampling

In the previous section, the Monte Carlo approach was introduced in order to deal with the
evaluation of high-dimensional integrals as needed for the calculation of cross-sections. A
further advantage of the Monte Carlo method is the possibility to generate events, since each
phase-space point corresponds to a set of momenta of the involved particles. With the help of
these simulated events, the distribution of observables can be histogrammed or the generated
events can be passed to a dedicated detector simulation in order to study its response and to

estimate signals and backgrounds in high-energy processes.

There are various methods to sample according to a function f(z) [14, 17]. In particle physics,

the function of interest might for example be a differential cross-section or a fragmentation
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function. If f(x) is non-negative in the range of interest [T, Zmaes] and has an invertible

primitive F'(x), an x can be selected using direct sampling

[ o= ] s -

= z=F" (F(xmm) + R(F(Tmas) — F(xmm))),

where R € [0,1] is an uniformly distributed random number. However, the function f(x) is

usually not that simple, requiring the usage of more complex procedures.

2.2.1 Hit-or-Miss Method

In the case that the maximum of f(z) is known, f(z) < funw VT € [Tmin, Tmas], @ hit-or-miss
is a failsafe sampling method that will always give the correct answer. The algorithm works

as follows:
1. Select an © = & + R(Tmazr — Tmin ), where R € [0, 1] is uniformly distributed
2. Generate (another) uniformly distributed random number R’ € [0, 1]
3. If f(z) > fmas - R, then retain x as final answer
4. Otherwise reject the z and return to 1. for a new try

The drawback of this method is the low sampling efficiency, if the function f(x) fluctuates too
wildly. Further methods, aiming at an improved sampling performance, can for instance be
found in [11].

2.2.2 Veto Algorithm

The sampling according to a Poisson distribution requires further considerations. First consider
the simple example of a radioactive decay. There, the probability that something happens at

a scale t, i.e. that a nucleus decays at time ¢, is given by

AN (t)
T

P(t) = — AN(1), (2.10)

where A denotes the decay constant and N the number of nuclei. Assuming the process to
start at time top = 0 with N(¢y) = 1, the solution is determined by

P(t) = Xexp { — At}. (2.11)

Now adding an explicit time dependence, i.e. A = f(¢), Equation (2.11) transforms into

Pl t) = f(¢) exp{ - / ' dtf(i)}. (2.12)

t
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In the case that f(t) has a primitive function F'(¢) with known inverse, ¢ values can be selected
correctly in a straightforward way, namely ¢ = F~*(F(¢') + In(R)), where R is an uniformly
distributed random number between zero and one. However, if f(¢) is not sufficiently nice
behaved, one may attempt to find a simpler function g(t), with f(¢) < g(¢) for all ¢ as well as
known and invertible primitive G(t). Just picking values according to g(t) and accepting them
with probability f(¢)/g(t) would yield the wrong result, since the effects of the exponential
term in P(t) are not accounted for correctly. A solution to this problem is an extension of the

hit-or-miss Monte Carlo to Poisson distributions, called veto algorithm |17, 18]:

1. Initialise with ¢ = 0 and ¢t = tg

2. Increment i by one and select new ¢; = G (G(t;—1) —In(R)), i.e. according to g(t) with

constraint t; > t,_4
3. Pick (new) uniformly distributed random number R € [0, 1]
4. If f(t;)/g(t;) > R, proceed, otherwise return to 2.
5. Retain last generated t; as final answer

With that, the probability that something happens at scale ¢ with n intermediate rejections is
given by

Pattt) = g - [ " g0}

[ oS- [}

where t,,11 =t and ¢ty = t. Disentangling the nested integrals in Equation (2.13) and summing

(2.13)

over n results in the exponentiation of g(¢) — f(¢) and thus Equation (2.12) is recovered [17]

as desired.

The veto algorithm is important for the construction of parton showers by means of a Monte

Carlo algorithm, which will be discussed in more detail in Section 3.2.

2.3 Unweighting

As already mentioned in Section 2.1.3, SHERPA utilises an adaptive multi-channel method to
compute cross-sections. At the same time, this integrator is nothing else than a phase-space
generator. Thus, the generated phase-space points can also be used to produce events. The
problem, however, is that these points will not be generated in accordance with the physical
phase-space measure but according to the adaptive functions of the multi-channel technique.

As a result, each event will need to obtain a weight w, given by the absolute squared matrix
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element |M]|? times a phase-space weight PS
w = |MJ* PS, (2.14)

corresponding to the underlying probability distribution. Following this, we effectively produce

so-called weighted events.

The generation of weighted events is undesirable from a statistical point of view. There may
be a multitude of events with small weights, which is equivalent to a low likelihood to occur,
resulting in large samples being required in order to receive a reasonable statistical accuracy.
While this may not be a major issue in terms of CPU time on the event generation side, these
events will have to enter a dedicated detector simulation to reconstruct the interactions with
detector material, which is the driving factor with regard to computational costs. Furthermore,
producing events pursuant to the underlying physical distribution will not only result in smaller

sample sizes, but also give a realistic representation of actual physical events.

The procedure to recover the desired underlying physics distribution from weighted events
is called unweighting. The simple idea is to generate weighted events and accept them with
a probability w/wn,.,, where the maximal weight w,,,, is determined during the adaptive
optimisation process of the integration phase. All accepted events then obtain an unit weight.
Events with small weights are more likely to be rejected than those with large weights and
vice versa, such that the probability for events in certain regions of the phase-space is directly

related to the number of events in this region.
A huge drawback of this procedure are low unweighting efficiencies, given by

=2 (2.15)

wmax

where w is the mean weight, especially when going to higher multiplicities in the final-state
or higher orders in the perturbative expansion, as a consequence of difficulties to sample the
underlying physics distribution. The unweighting efficiency signals how many events need to
be generated on average to obtain one unweighted one. This efficiency could be improved
by utilising an appropriate envelope ¢(Z) of the weight distribution w(Z) as a function of the
respective phase-space point Z. However, the distribution w(Z) is too complex to find a suitable
g(wW) due to its high-dimensional dependencies, such that usually a constant maximum w,,,,

is employed.

Figure 2.1 shows the event weight distributions for processes producing Z plus up to four
jets generated with the Monte Carlo event generator SHERPA. The difficulty to approximate
the underlying matrix element when going to higher multiplicities is reflected by broadening

weight distributions towards lower weights with more particles in the final-state. On top, the
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evaluation of the event weights gets increasingly expensive in terms of CPU time, leading to

severe performance losses, which is a huge challenge encountered in current event generators.

0t .
1 2+0j
6 il z+1j ]
5 o | —) 1
C T 743
R A ]
= [
o |
=0f ‘ ]
47 Ny
1 f }

0" : -
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Figure 2.1: Weight distributions for one million events for the production of Z plus jets at
leading order generated with the Monte Carlo event generator SHERPA.

2.4 Monte Carlo Event Generators

Monte Carlo event generators are indispensable devices in the field of particle physics. They
build the connection between experimental measurements and theoretical predictions in col-
lider experiments, enabling for precision tests of the Standard Model and the search for new
physics. Moreover, the tuning and design of detectors as well as the development of analysis
strategies rely on the exploitation of simulated events produced by Monte Carlo event genera-

tors.

The simulation of high-energy particle collisions is an extremely challenging task. Each col-
lision leads to complex final-states involving a large number of particles. At present, these
calculations are mostly done for proton-proton collisions as investigated at the LHC. The col-
liding particles are partons while experimentally hadrons, their colourless bound states, are
measured. This requires the modelling of the transition from the perturbative to the non-
perturbative regime of QCD, involving phenomenological fragmentation models which need to

be adjusted by comparison to data.

The basic idea of Monte Carlo event generators to deal with the above mentioned theoretical
challenges is to factorise particle scattering processes into several well-defined event stages,
each corresponding to a different kinematic regime. Figure 2.2 illustrates this exemplary for

the production of a Higgs boson in association with a top quark pair. Starting with the
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hard-scattering of incoming partons stemming from the colliding protons, highly energetic
and heavy particles may be produced by means of appropriate matrix elements, which are
exact to some order in perturbation theory. The heavy resonances with narrow widths, such
as top quarks, then decay. Going to lower energetic scales, the incoming hadrons as well
as the outgoing particles radiate lighter particles, like gluons and photons, producing initial-
and final-state radiation, respectively. The emitted particles tend to be collinear and are softer
than their emitters. Likewise, they are able to radiate further, producing a cascade of particles
which is realised through a parton shower algorithm. Parton showers approximately model
QCD Bremsstrahlung to exact perturbation theory, which is accurate to leading logarithmic
order. These emissions start at comparatively high energetic scales and evolve down to the
hadronization scale, which is of the order of a few Aqcp. The subsequently formed hadrons
might be unstable and decay further into practically stable hadrons that would finally reach
the detector. For hadronic initial-states, an additional difficulty arises. There, remnants of the
incoming hadrons may undergo secondary interactions, called underlying event, contributing
substantially to the final-state multiplicity. While being of great importance, such effects are
beyond QCD factorisation theorems and thus again require the usage of phenomenological

models that rely on parameter tuning with the help of experimental data.

Due to the great relevance of such Monte Carlo event generators, it is of utter importance
that they perform well in terms of precision while retaining decent computational costs. This
gets increasingly difficult when going to higher multiplicities in the hard-scattering and higher
orders in the perturbative expansion. Such efficiency problems are the concern of this thesis

and are dealt within the SHERPA event generator.
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Figure 2.2: [llustration of an event as produced by a Monte Carlo event generator. Depicted
is the production of a Higgs boson in association with a top and anti-top quark. The big red
blob represents the hard scattering, followed by the decay of the top quark pair and the Higgs
portrayed by the smaller red blobs. Additional hard QCD radiation is produced, illustrated in
blue, and a secondary interaction occurs (purple). At lower energies, the partons hadronize
(light green). The produced hadrons might be instable and thus decay further, depicted in
dark green. The photon radiation portrayed in yellow can happen at any stage.



3 Perturbative QCD in Monte Carlo

Event Generators

With the need and importance of Monte Carlo event generators reviewed in the previous
chapter, the focus hereafter is on a brief discussion on the physics implemented within them,
as needed within the scope of this thesis. Precise predictions are essential for the assessment
of experimental measurements and their comparison with theoretical calculations, for instance
with regard to potential deviations of the Standard Model. In the context of proton-proton
colliders such as the LHC, the theory of strong interactions is of particular interest. This
chapter will, therefore, focus on concepts of perturbative QCD which will build the foundation

for the discussion on the reduction of negative weighted events in Chapter 5.

Starting with a brief overview of fixed-order calculations, the underlying idea of parton shower
simulations will be discussed. Finally, matching and merging techniques will be reviewed,
which combine the two former concepts and aim at improving the perturbative description of

Monte Carlo event generators.

3.1 Perturbation Theory and Fixed Order Calculations

The perturbative approach to quantum field theory, more specifically the order-by-order as-
sessment of quantum mechanical transition matrix elements, is an essential tool to make pre-
dictions for high energetic particle collisions. The contributions to transition amplitudes at a
fixed perturbative order can be represented pictorially by Feynman diagrams, encoding math-
ematical prescriptions to evaluate them. The explicit computation gets increasingly complex
with a growing number of external legs and internal loops and necessitates the usage of com-

puter codes which automate their evaluation.

The calculation of hard scattering processes can be decoupled into the high-energy partonic
interactions and the low energetic evolution of each initial hadron using collinear factorisation?
[19, 20, 21|. With that, the inclusive cross-section for the collision of two hadrons hy and hs

!Collinear factorisation has only been proven for Drell-Yan production as well as deep-inelastic scattering [12].
Its application to other processes is not based on a mathematical proof, but is only justified by its successful
description.
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leading to an n particle final-state is given by

Ohy,hg—n = Z/dxa/dxb fz:l (l‘aa,uF) fl?Q(xbauF> &ab%n(,uFa,uR)a (31)
a,b

where a and b denote the colliding partons. In this context, the fgi are called parton distribution
functions (PDF). At leading order, they can be interpreted as probabilities to find a parton p
with momentum fraction z, inside the hadron h; at a resolution scale 1. The renormalisation
scale ur and the factorisation scale up are process-dependent quantities, where the former
signifies the scale at which the coupling constants are evaluated. For simple processes, both

scales are typically assumed to be equal.

On the other hand, the partonic cross-section 6,5, is evaluated as the integral of the absolute
squared matrix element ’./\/lab_m’2 over the available n-particle phase-space

n dg_;z n
Gapsm = /d&ab% = / [H me & (pa + P — Zpi) | Mg (3.2)
=1

i=1

Four-momentum conservation is encoded within the delta distribution. The partonic cross-
section can be made accessible by perturbative expansion in the strong coupling constant ag,

using the fact that ag is small in high-energy or short distance interactions, yielding

. N (as\"., . as . ag\2 .
6 =ak nZ:O (?> 6" = oM + FUNLO + (?> oNNLO (3.3)
Different hard processes will contribute with distinct leading powers k in the coupling con-
stant. For instance, in the case of vector boson production k is equal to zero, while for jet or
heavy quark production & = 2. While the leading order term (LO) gives a first approximation
of the total cross-section, the inclusion of higher order corrections, i.e. the next-to-leading
order (NLO), next-next-to-leading order (NNLO) term and so forth, adds to the convergence
of the result. The determination of higher order contributions gets increasingly difficult and
cumbersome. Some recent state-of-the-art results accomplish up to N3LO accuracy in QCD
[22, 23, 24] and NNLO in the electroweak (EW) sector [25].

Exemplary Feynman diagrams contributing at leading and next-to-leading order QCD to quark-
antiquark scattering are shown in Figure 3.1. At NLO, not only the leading order matrix
element, sometimes called Born-level term, but also virtual and real corrections contribute.
The former is given by adding a closed loop to the Born term, while the latter is obtained
by attaching an additional outgoing particle, i.e. an extra leg. It should be stressed that the
overall virtual correction is given by multiplication of the Born-level and the virtual correction,

whereas the real correction is derived from the absolute square of matrix elements with one
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additional emitted parton.

Equation (3.2) only specifies the total cross-section for the final-state n and is therefore called
the inclusive cross-section. Any number of particles may emerge in addition to n. In fact,
the particles involved in the hard-scattering process are forcefully accelerated, leading to addi-
tional quark and gluon radiation off coloured particles, which themselves carry colour charges
and therefore emit further. Principally, exclusive cross-sections can be accessed by demanding
a specific number of additional particles or restricting the available phase-space, or both. In
event generators, an inclusive cross-section is produced according to Equation (3.2) and made
exclusive using a Markov chain Monte Carlo algorithm, known as parton shower, supplement-
ing the process with additional particles. This finally results in a high-multiplicity final-state,

while respecting the inclusivity condition of the original production of n.

q q q q q q
g g g
g g
q q q q q q
(a) Leading order dia- (b) Virtual correction at (c) Real correction at
gram next-to-leading order next-to-leading order

Figure 3.1: Feynman diagrams contributing to quark-antiquark scattering at LO and NLO.

3.2 Parton Showers

The task of parton showers is to approximate higher-order real emission corrections to the
hard scattering process. They are numerical tools generating emissions with gradually lower
energy off the initial- and final-state partons down to the validity region of perturbative QCD.
Substantially, they describe the evolution of partons from the scale of the hard process down
to a cut-off value, which is usually chosen to be the scale associated with the fragmentation
of partons into hadrons. The emissions are independent of each other and modelled in an
iterative way as a Markov chain. The parton shower approximation includes the dominant
contributions in each order, which are given by collinear and soft parton splittings, which
factorise off of the Born matrix element in their respective limits. Furthermore, they are based
on a leading colour approximation (large N.-limit?), such that a colour flow can be assigned

to each parton configuration, effectively neglecting colour correlations.

2Technically, QCD is a non-abelian gauge theory with SU(3) gauge symmetry. In terms of group theory,
the large Ne-limit consists of replacing the colour-octet gluons by a colour triplet-antitriplet pair, since
1/N¢ terms are omitted, whereas N = 3 is the number of colours. This leads to a simple colour topology,
amounting to a planar flow. Hence, each gluon is colour connected to only two and each quark to only one
other parton.
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The construction of parton showers can be done with the aid of Sudakov form factors, defined

APS) (¢ 1) —exp{ / dt/ / ZjK(t_,z,gb)}
:exp{ /t dcbl%f((cbl)},

which can be interpreted as the probability of a parton to not undergo a branching between

as

two scales t and t’. Here, ¢ is the azimuthal angle, z the splitting and ¢ the evolution variable.
The sequential emissions are ordered in terms of the parameter ¢, which is typically related
to the opening angle, virtuality or transverse momentum of the splitting, dependent on the
explicit shower implementation. These three variables together define the phase-space of the
extra emission ®,, where J is the Jacobian factor stemming from the relevant phase-space

mappings. The kinematic details of the branching are encoded in the splitting kernel K.

In order to generate emissions according to this probability distribution, the veto algorithm
as described in Section 2.2.2 is employed. In accordance with the notation established there,

f(t) corresponds to the splitting kernel K, integrated over the splitting variable z.

With that, the leading order cross-section in the parton-shower approximation to first order

in ag is given as

agg_/d%B(@B) A<PS>(tc,u22)+/u d<I>1 K(¢) AT (¢, 1)) | (3.5)

te

Here and in the following, p¢g denotes the parton shower start scale, defining the upper limit
of the shower evolution variable ¢, while %, is the cut-off scale specifying the transition to the
non-perturbative region. B(®p) is the absolute squared leading-order matrix element, incor-
porating flux and symmetry factors, whereas d®g means the corresponding Born phase-space
element. While the first term in the square bracket in Equation (3.5) describes the probability
of no further emission to occur above t., the latter produces one additional branching at t. Par-
ton showers respect unitarity, which is reflected by the fact that the square bracket altogether

integrates to one, leaving the total cross-section of an event sample unaffected, thus

/ dobQ = / do™© = / d®pB(dp). (3.6)

In other words, a parton may split or not, both probabilities adding up to one. Virtual
corrections are taken into account by the parton shower approximation as well, albeit more

implicitly through the no-branching probability between two scales, given by the Sudakov form
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factor. Hence, the shower resums the leading logarithmic terms to all orders, which originate
from virtual and unresolvable diagrams, as well as the corresponding logarithms stemming
from resolvable emissions. These logarithmically enhanced terms spoil the convergence of the
perturbative expansion such that any fixed-order calculation on its own will not give correct
results, necessitating either analytical or numerical resummation techniques to complement

the fixed-order results, whereas the latter can be achieved by means of a parton shower.

More detailed discussions on parton shower algorithms can be found in the literature, for
instance in |12, 17, 26, 27|.

3.3 Matching Parton Showers and Fixed-Order
Calculations at NLO

The previous sections briefly introduced both fixed-order calculations as well as the concept
of parton showers. As outlined above, the interplay between leading order matrix elements
and the parton shower is trivial. In this simple case no overlap in the respective radiation
patterns occurs and the shower algorithm can simply be attached on top of the LO result with
a starting scale related to the hard scattering. When going to NLO in order to improve the

perturbative description, the situation gets more complicated.

The main idea behind next-to-leading order matching is the consistent combination of parton
shower simulations with fixed-order NLO results. Here, we have to address the problem of
double-counting of terms present both in the real NLO emission and the parton shower calcu-
lation, while preserving the inclusive NLO accuracy. The two major approaches to tackle this
challenge are the MC@QNLO [28] and the POWHEG [29] method, respectively. In the following,
the focus will be on a variant of the MC@QNLO matching prescription, called S-Mc@NLO [30],
as implemented in SHERPA.

First of all, NLO calculations involve (infrared) divergent structures both in the virtual as
well as the real correction terms, however, these divergences cancel each other precisely due
to the KLN theorem [31, 32|. Yet, both contributions have separately unbounded weight dis-
tributions, which can not be calculated numerically within Monte Carlo event generators. By
isolating the divergent structures, subtracting these dipoles D®) from the real emission matrix
element R and adding the integrated subtraction terms I(5) back to the Born-like contribu-
tion, one obtains two separately finite terms. With that, the differential dipole-Substracted

cross-section at NLO can be written as

doNO — 4P, B(®g) + ‘7((1)3) + [(5)(@3)] +ddp [R(CI)R) — D(S)((I)R)], (3.7)
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where B and V are the matrix elements for the Born and renormalised virtual contribution,
while d®g, d®r denote the phase-space element for the Born and real configuration, respec-
tively. The Born and virtual term cover the same phase-space, while the real emission phase-

space is enlarged by one additional emitted particle, ®p = &5 ® P;.

As mentioned above, applying a parton shower resummation on top of an NLO calculation
results in the problem that both the real emission term as well as the parton shower cover
the same phase-space, leading to an unwanted double-counting if employed without correc-
tion. Figure 3.2 pictorially illustrates this issue. The basic idea to deal with this problem
is to subtract the parton shower contributions from R and, in order to preserve the shower
unitarity, re-add the “integrated” parton shower contribution with Born kinematics, effectively
performing an Additional subtraction with subtraction terms D). With that, Equation (3.7)

becomes

C10_NLO — d(I)B [B(@B) + V((PB) + ](S)((I)B)} + d(I)R [D(A)(CI)R) - D(S)(CI)R)
3.8
+ddy, [R(@R) — DW(%)} : (>

In general, it is not possible to subtract all soft divergences since the parton shower is based
on a leading colour approximation, therefore missing soft singularities in sub-leading colour
configurations. Hence, taking the usual shower kernels to define D™ would lead to non-finite

integration results.
In the S-MC@NLO prescription, DM is therefore directly set to the dipole terms D) in the
soft and collinear region and zero everywhere else [33]:

DWW = D¥o(ug —t). (3.9)

Now applying the parton shower resummation using D™ as splitting kernels yields

B - 1y DA (DL D) _
Omcanio = | dPpBW (@p) | AW (t, ud) + d‘I)lM AN 1d)
Q B((I) ) Q
N—— te B
unresolved ~~
resolved, singular (310)

J/

+ [don [R@w) - DY(0r).

g

resolved, non—singular, = H(A)

where B denotes the so-called next-to-leading order weighted Born cross-section given by

BAW(dp) = B(®p) + V(®g) + I (dp) + /d<I>1 [DM)(@B, ®,) — DO)(dp, (I)l)] (3.11)
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and HA = R — D™ describes the hard remainder term. The first emission is described in

terms of a modified Sudakov form factor

AW ) = exp{ - /t s %}. (3.12)

The first line in Equation (3.10) corresponds to so-called S-events, where the first emission is
generated as in the Standard parton shower, but including the full colour structure. It corre-
sponds to having either no resolvable emission between ,uQQ and t., or one emission generated
by the modified shower at a scale t. In contrast, the second line refers to H-events, where a
Hard emission is generated pursuant to the matrix element and the parton shower takes over
afterwards. During event generation, either a B or H seed event is chosen, according
to their respective cross-sections. The MCQNLO algorithm reproduces the next-to-leading
order accuracy while preserving the full (leading) logarithmic accuracy of the parton shower

resummation [30, 33].

A potential pitfall of the S-MC@QNLO method is the exponentiation non-positive subtraction
terms within the Sudakov form factors as a result of sub-leading colour configurations in the
real emission matrix elements. Consequently, Sudakov form factors may become larger than
one, loosing their interpretability as no-branching probability. A solution to this is an exten-
sion of the veto algorithm [18, 30| outlined in Section 2.2.2. More precisely, an additional
estimate h(t) is introduced, whereas the additional weight ¢(t)/h(t) is applied analytically
and not in a Monte Carlo fashion. In other words, the S-MCQNLO prescription employs a
weighted N = 3 one-step parton shower. With that, Equation (2.13) becomes
f(t)

Pu(t,t') = W)h(t) exp{ - /ttl dth(ﬂ}

[ - di oo - [ o)

(3.13)

The corresponding analytic weight for one accepted splitting with n intermediate rejections is

given by

t

)
t)

~g(
Wt by, ey tn) = "

" g(ts) h(t:) — f(t)
o h(t) g(t) — f(t:) (3.14)

=1

These weights effectively absorb the negative sign of the MC@QNLO splitting kernels and thus
may become negative. Furthermore, the density h(t) is not necessarily an overestimate of f(t),

leading to negative weights as well.

Negative weights are a severe problem of event generation, since they can spoil the statistical

accuracy of samples significantly. This issue, as well as mechanisms to reduce the negative
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weight fraction are discussed in more detail in Chapter 5. In contrast to the negative con-
tributions that appear in next-to-leading order calculations due to the subtraction formalism,
the positive and negative weight distribution in the MC@QNLO method are separately finite,

enabling the generation of unweighted events, in the sense of equally weighted, up to a sign.

Parton Shower

Figure 3.2: Pictorial illustration of the double-counting occurring during the application of
a parton shower algorithm on top of a next-to-leading order calculation.

3.4 Multijet Merging of Matrix Elements and Parton

Showers

Parton shower algorithms introduced in Section 3.2 only approximate higher-order real emis-
sions in the soft-collinear region. Hence, they are not reliable in the description of additional
hard emissions. The idea behind multijet merging is to improve the parton shower description
by consistently including higher-multiplicity matrix elements. This is done by dividing the
emission phase-space into two complementary regions, where the parton shower takes over the
soft regime of jet evolution, while the hard regime is described by means of appropriate matrix
elements, accounting for jet production. Generally, this decomposition can be described in
terms of a theoretical merging scale parameter ).,;. The first multijet merging algorithm was
presented in [34], named the CKKW method after its authors. In the following, the focus is
on the variant of this merging algorithm at leading order, called MEPSQLO, as implemented
in SHERPA [35].
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Including high-multiplicity matrix elements into the parton shower description necessitates
the evolution of the shower from varying phase-space and colour configurations. In order to
maintain the unitarity of the inclusive cross-section, matrix elements having m additional out-
going legs have to be reinterpreted as stemming from an underlying core process, which sets
the resummation scale ué. This leads to the construction of an inverted parton shower history
by means of a backward-clustering algorithm, that identifies intermediate splitting scales

by <t < o0 <ty <t < tcore:ﬂ2Q7 (315)

effectively setting the initial conditions of the shower. Here, t,, denotes the scale of the first
clustering step and so forth, down to the core scale t.... Figure 3.3 pictorially exemplifies
this clustering for m = 2 additional jets. The parton shower then starts off the identified
core process, incorporating the predefined splitting scales using a so-called truncated shower.
With that, the double-counting that would arise by plainly summing up all matrix elements
with differing multiplicity is removed by appropriate vetoes on shower emissions producing
additional hard jets above the merging scale (.., called Sudakov veto. Furthermore, emission

coming from the matrix element are restricted to be above Qcyt.

Considering the merging of matrix elements corresponding to the production of n and (n + 1)
jets into one inclusive sample, the expectation value of a given infrared-finite observable O can

be written as

Ohispsaro = [ AB.B(0,) {An@c,uéwapn)

HQ
+ / dq)lKn((I)l)An(thrla MZ))@(cht - QnJrl)O((I)nJrl) (316>
te
+ /dq)n-i-an—H(cI)n—f—l)An(tn—i-la Mé)@(Qn—H - cht)O(CI)n—H)'

This describes the first emission step, coming either from the parton shower or a matrix element.
Here, B,, and B, describe the leading order matrix elements with n and (n + 1) outgoing
legs, respectively. The matrix element region (Q,:+1 > Qeu) and the parton shower region
(Qni1 < Qecuy) are defined in terms of a hardness scale @),,+1 associated with the emission of

the (n + 1)th particle. This method can be extended to multiplicities as high as desired.

The idea of multijet merging can be expanded to next-to-leading order accuracy, where the
goal is to merge multiple MC@QNLO matched event samples of increasing jet multiplicity in a
consistent way. This method is called MEPS@QNLO. Details on the NLO merging technique
as employed within SHERPA are presented in |36, 37|.
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ty
t9
31
(a) Unclustered config- (b) Configuration after (c) Fully clustered con-
uration one cluster step figuration, core process

Figure 3.3: Pictorial representation of the determination of a clustering history involving
two cluster steps.

3.5 Combining Matching and Merging

The matching of next-to-leading order calculations as well as the merging of multiple fixed-
order matrix elements with parton shower algorithms, as discussed in the precious sections,
can be combined into a hybrid approach called the MENLOPS method [36, 37, 38|. It com-
bines NLO matching for the lowest-multiplicity with a LO multijet merging for the matrix
elements with higher multiplicity. Especially the reliable modelling of processes contributing
as background for potential physics beyond the Standard Model necessitates the inclusion of

additional jet multiplicities at leading order.

In accordance with the leading order merging prescription, the NLO real emission correction
has to be constrained to not produce any additional jet. The expectation value of an arbitrary

infrared safe observable to O(ag) for an n, (n 4 1) particle final-state, can be written as

(Ohspsops = [ 40BN | AN p2)0(@,)
vo DYV (@, 1) 4 (A) 2
4 / a0, 2O P AN (1210 Qo — Qs )O(Dy 1)
t B () (3.17)
+ / dq)n-i—lH?gA)(q)n—H)A?(lPS) (tn+1> MzQ)@(cht - Qn+1)0(q)n+l)

+/d(I)nJrlkr(LA)(q)n+1)Bn+1(q)n+l)A7(zPS) (thrla ,ug))@(QnJrl - cht)o(q)nJrl)-
The higher-multiplicity part is multiplied by a local K-factor /{;7({4), given by

(3.18)

BYY(2.) Hp(Pni1) ) | Ha(Pas)
B (@ni) = Bu(®,) (1 - Rn(<1>n+1)> TRy @)’

which incorporates NLO corrections to the lowest multiplicity final-state n, effectively minimis-
ing discontinuities along Q... This K-factor tends to one for hard emissions since H, — B,.1.
On the other hand, H,, — 0 for a soft additional parton, yielding A - B / B,,. Again, this

method can be extended to multiplicities as high as desired.



4 Improvements of Unweighting

Performance

The theoretical foundations of the generation of unweighted events were already discussed in
Section 2.3. While the computational costs of event generation is increasing rapidly when
going to higher-multiplicities in the hard scattering and higher orders in the perturbative ex-
pansion, the driving factor is the subsequent detector simulation. Thus, with regard to the
statistical accuracy, it is preferable to use fewer equally weighted events than many events
with large weight fluctuations. Certainly, unweighted events must also be preferred because
of their natural-like distribution, i.e. they produce a much more realistic description of actual
physical events. The unweighting of events can, however, become highly inefficient as a result
of broadening weight distributions towards lower values as a consequence of the increasing

difficulty to approximate the underlying matrix elements.

This chapter will introduce a method to tackle this problem by employing Machine Learn-
ing algorithms in order to increase the unweighting performance. After introducing the basic
idea of the so-called Machine Learning based unweighting, the fundamentals of artificial neu-
ral networks, in the following implicitly referred to as neural networks (NN), are discussed.
The optimisation procedure of the neural network architecture used throughout this thesis
is described and its performance investigated. Finally, results for processes belonging to the

V+4 jets and tt+3 jets groups are presented.

4.1 Machine Learning Based Unweighting

4.1.1 Introduction to Machine Learning

Machine Learning (ML) is the science of programming computer systems so they can perform
a specific task without explicit instructions by learning from data [39]. A prominent daily
example is a spam filter. There is a vast amount of different types of ML systems. A common
way to classify them is to distinguish between whether they are trained with human supervision,

superuvised learning, or not, unsupervised learning.

In supervised learning, the algorithm obtains the training data including the desired output,

called labels. The algorithm aims at learning the functional dependence between the given
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input and output in order to predict the outcome of new, unseen data. Supervised learning
tasks can be further categorised into classification and regression tasks. While classification
algorithms try to predict discrete values, called classes, regressors have a continuous range as
output. On the other hand, unsupervised learning algorithms receive unlabelled training data.
They try to find patterns and structures within the data for example clustering or grouping

of data points.

The problem at hand, which will be discussed in the following, is a supervised regression task.

4.1.2 Basic ldea

In Section 2.3, the decreasing unweighting efficiency when going to higher multiplicities was
already discussed. Not only more events need to be generated on average in order to obtain
one unweighted event, but also the time needed for the evaluation of the matrix element and
phase-space weight per generated event is increasing significantly with more particles in the

final-state. This is were Machine Learning comes into play.

As mentioned above, supervised learning algorithms try to learn the relationship between input
and output variables to be able to estimate the outcome of new incoming data. The underlying
idea of the Machine Learning based unweighting is to utilise the capability of these algorithms
to predict approximated weights a, effectively learning the integrators, and using them to
decide whether the event survives the unweighting criterion or not. The virtue of this method
is the time saving concerning the calculation of the matrix element and phase-space weight,
improving the unweighting performance if the Machine Learning algorithm is capable to make
fast and precise predictions. In other words, the ML based unweighting employs Machine
Learning models to determine whether an event is likely to survive the unweighting condition,
saving CPU time otherwise required to explicitly calculate the event weight for events that
will probably be thrown away anyway. The true weight is only calculated for events passing

the unweighting criterion using the approximated weights.

The ML models are of course not able to predict the “true” weight w perfectly. Using the
predicted weights a, without correction, would thus lead to a bias in the physics description.
Hence, events surviving the unweighting procedure with the approximated weight will need to
obtain the weight %. To see why this holds, consider the sum over the probability to accept an

event P; times its final relative weight r; for the classic and ML based unweighting procedure

Z PidaSSiC . r;:lassic — Z Wi 1= Z @i . % — Z ]DiML . ?"ZML. (41)

- - wma:r - wma:r -
(2 3 (3 (2

A comparison of both unweighting methods is displayed in Figure 4.1. One can think of the

weight # as a sort of correction factor, taking the mismatch between w and a into account. If
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a overestimates w, the event will be more likely to pass the unweighting step, but will receive a
smaller weight # in return. Equally, if the ML model underestimates the true weight, making

it less likely to pass the unweighting criterion, it will obtain a larger weight.

Classic Unweighting Machine Learning based
Unweighting
1: Generate event 1: Generate event
2: Calculate corresponding weight w 2: Calculate approximated weight a
3: Generate uniformly distributed 3: Generate uniformly distributed
random number R € [0, 1] random number R € [0, 1]
4: if w > R - Wy then 4: if a > R - w4, then
accept event and apply go to 6
unit weight
5: else 5: else
go back to 1 go back to 1

6: Calculate event weight w and

keep event with weight z := %

Figure 4.1: Comparison between the classic and the Machine Learning based unweighting
procedure up to the first unweighting step.

The basic idea of the ML based unweighting was first formulated in [40], however without
explicit implementation into SHERPA. Possible performance improvements were studied based
solely on statistical calculations using Python, neglecting all times needed aside from the
calculations of the approximated weights a. Besides assessing the actual possible time im-
provements, a direct implementation also allows to verify that the ML approach does not

influence the physics description.

The workflow of SHERPA can be divided into an integration and a subsequent event genera-
tion phase. First, the cross-sections of the hard processes are evaluated and, simultaneously,
the integration over the phase-space is optimised. Afterwards, events can be generated using
the results obtained during the integration phase. In case of the ML approach, the training
points needed to train the algorithm are obtained during the integration, reusing the phase-
space points and corresponding weights needed to calculate the cross-section of the process in
question. Thus, the integration phase is extended by the training of the Machine Learning
algorithm. The trained model can then be used to predict the approximated weights during

the event generation.

Events obtained using the Machine Learning prescription shown in Figure 4.1 are still weighted.
Only in the case that the approximated weight a is equal to the true weight w, the fraction

xr = 7 will be one. Hence, a second unweighting is needed.
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Second Unweighting

As discussed above, the Machine Learning based unweighting approach necessitates the appli-
cation of two unweighting procedures. The problem at hand, however, is to find the maximum
Tmae Needed to perform the second unweighting step. To address this issue, a sufficiently
large set of test points has to be generated in order to be able to estimate the second maxi-
mum. Therefore, a “second” integration phase is employed, effectively extending the regular
integration stage by generating more phase-space points than necessary to evaluate the total
cross-section. These test points are then feed to the trained algorithm. Just taking the max-
imum of the resulting < distribution would lead to a too large Z4,- The maximum would
likely be an outlier, significantly underestimating the true weight w. Consequently, the cor-
responding event has a smaller chance to survive the first unweighting criterion and w might
have been small (in comparison to w,,,,) already. Hence, the acceptance probability for this
specific event tends to zero and using it for the definition of x,,,, would spoil the success of

the Machine Learning based unweighting.

During this thesis, another approach is followed to determine an estimate of the second max-
imum. After the generation of the test points, which should be at least of size of the sample

used for the training process to obtain a reliable result, one proceeds as follows:
1. Iterate through the test points k times.

2. Keep the maxima x% = (%)k of events that would have survived the first unweighting
maxr

criterion.

)

g @8 final maximum 2,4,

3. Take the median of the individual maxima Ule x

It cannot be guaranteed that no weight x will exceed z,,,.. Therefore, events generated using
the Machine Learning based unweighting will effectively be partially unweighted. As a result,
one may need to generate more events using the ML approach in order to achieve the same
statistical accuracy in comparison to only equally weighted events. In order to take this fact

into account, we define the second unweighting efficiency e

:%.%:N];ﬁ, (4.2)

€9

where the sum runs over all N final weights x; of events passing the second unweighting. In
general, the statistical accuracy of a sample consisting of N events with weights w; can be

calculated as

1 oV Zzwg w;=const=:c \/ngil_\/ﬁ_ 1 (4 3)
Ny Sow end N YN |

If 24, is @ true maximum, the effective number of events N4 will be equal to N and conse-

quently €5 = 1. The effective factor f.g that the Machine Learning based unweighting is faster
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than SHERPA is therefore given by

t
feﬁ _ SHERPA &, (44)
TML

The final weight w/™* obtained after the second unweighting step is then

@(1— o )+ ni @( T —1)] (4.5)
xmam Imaa: xmaz

where R € [0, 1] is a uniform distributed random number. As will be discussed in Section 4.3,

final T
w; = Wmaz * Tmaz * @ - R

xmaaz

for the processes tested within this work, there are only a few events that exceed the second

maximum and only by a small factor.

Error Definition

Mathematically speaking, optimisation problems consist of the maximisation or minimisation
of a real function f (5) by systematically selecting the values of the parameter vector J within
an allowed domain and computing the value of f. An optimisation algorithm frequently used
in Machine Learning is Gradient Descent as well as variants of it such as Batch, Stochastic and
Mini-batch Gradient Descent. The general idea is to iteratively tweak the parameters of the
Machine Learning algorithm in order to minimise a so-called cost function, also referred to as
loss function, for example the mean squared error (MSE). The cost function is used to estimate
the error between prediction and the correct result. During the training, the parameters are
gradually adjusted, attempting to decrease the cost function, until a good prediction is received
and the algorithm converges to a minimum. For more details on Gradient Descent (and variants
of it), see e.g. [39, 41].

The values of the event weights span several orders of magnitude, making it very difficult
for Machine Learning algorithms, such as neural networks, to learn their distribution. Thus,
the logarithm of the weights is used for training. Using the MSE as cost function, one then

effectively calculates the mean squared logarithmic deviation (MSLD), defined as *

MSLD = — i[ln (a:) } Zl 2( ) :%élﬁ (Z’—) (4.6)

often also called mean squared logarithmic error (MSLE). The advantage of this error definition

is that the ratio ¥ is important instead of their difference. Considering truth prediction pairs

2
'Usually the mean squared logarithmic deviation is defined as MSLD = 4 Zil [ln(ai +1) — In(w; + 1)} )

i.e. with an additional “4-1” in order to avoid taking the logarithm of zero, which is not defined. For the
problem at hand, the plus one can be omitted, since events with weight equal to zero are unphysical in the
sense that their probability to occur is zero and will thus be thrown away.
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(wi,a;) = (107", 10~V with n € N, one obtains the same weight z; = “ for all n and
consequently the same MSLD, but differing MSE. Moreover, w = ¢-a and a = ¢ - w, with ¢
a constant larger than zero, will yield the same MSLD, as desired. Hence, the mean squared

logarithmic deviation is used in the following to quantify the performance of the ML model.

4.1.3 Software and Workflow

Nowadays several machine learning algorithms are available that can be used to solve the re-
gression problem at hand. During this thesis, the utility of (boosted) decision trees, random
forests and neural networks were investigated in terms of speed and accuracy. While being
faster?, random forests and (boosted) decision trees turned out to be inadequate in comparison
to employing neural networks. The reason is a decreased efficiency for the first unweighting as
a result of poorer prediction accuracy and the resulting increased maximum for the second un-
weighting x,,4., effectively nullifying their faster performance per approximated weight. Thus,

only neural networks are discussed further in the following, see Section 4.2.

During this thesis, the neural networks are parametrised using Keras [42] with TensorFlow
[43] backend. The input features and corresponding event weights used for training are ob-
tained during the integration phase. After training the neural network in Python, its topology
and weights are saved as JSON file. During event generation, the saved model is loaded in
order to predict the approximated event weights a using frugally-deep [44] as basic frame, with
several modifications made in order to be compatible with SHERPA. The main advantage is
that SHERPA is only extended by a small header-only library without the need to link against
TensorFlow. One CPU core is used per prediction. Event generation in SHERPA can be par-
allelized trivially by starting multiple instances of SHERPA with different random seeds. It
should be noted that in the future, implementations of event generators on accelerators such
as GPUs and TPUs may become available enabling a speed up of the neural network in terms

of prediction time within SHERPA.

4.2 Neural Networks

4.2.1 Fundamentals of Neural Networks

Artificial neural networks are brain-inspired computational models. Biological brains are com-
posed of numerous and strongly interconnected neurons and artificial neural networks try to
loosely model them. They consist of connected units or nodes, also called artificial neurons,

and just like biological neurons receive short electrical impulses via synapses in brains, each

2The prediction speed of the machine learning models is dependent on their architecture. One can construct
simple neural networks which are able to predict faster than a very deep decision tree. However, the accuracy
and ability to generalise may decrease with simpler topologies.
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connection can transmit a signal represented by a real number to other neurons. One of the
simplest neural networks architectures is the perceptron, invented in 1957 by Frank Rosenblatt
[45]. In the following, only feedforward neural networks, as used within this thesis, are dis-
cussed. In contrast to recurrent neural networks, wherein connections between nodes can form
cycles or loops, signals are only passed forward. More details on recurrent neural networks

can for example be found in [39, 46].

Mathematically, artificial neurons are functions g of an input ¥ = (21, zs, ..., x,) weighted by
a vector Wy = (wyg, Wag, ..., Wnx) and optionally supplemented with a bias by. The resulting

real number is passed through a non-linear function known as activation function f, giving
yr = gu(T) = fbx + Z TiWik).- (4.7)
i=1

Figure 4.2 schematically illustrates a single artificial neuron. A feedforward neural network
consists of discrete layers of such neurons, where the output of a neuron of one layer becomes
the input of neurons of the subsequent layer. While the size of the first (input layer) and
last layer (ouput layer) are determined by the size of the features and corresponding labels
according to required task, the dimension and number of intermediate hidden layers can be
chosen freely. The activation functions may differ for each layer. A simple neural network with
two input variables, one hidden layer with three nodes and two output variables is represented

in Figure 4.3.

Figure 4.2: Schematic representation of a single artificial neuron (node k) receiving an
input vector ¥ = (x1,x2,...,x,). Fach input x; is multiplied with a corresponding weight
w;g. The results are summed up, possibly adding a bias by, and passed through an activation
function f.

The weights and biases are learnable parameters of the network that are optimised during the
training process in order to minimise the loss function and obtain a good predictive model.
Backpropagation [47] is a widely used algorithm to train feedforward neural networks for
supervised learning tasks. The algorithm first makes a prediction, called forward pass, and

measures the error between prediction and correct result in terms of the cost function. Using
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Input Layer Hidden Layer Output Layer

Figure 4.3: Illustration of a simple fully connected feedforward neural network with two
mput variables i;, one hidden layer with three nodes hyp and two output variables oy,
where k € {1,2,3} and I,m € {1,2}. The values of the hidden layer are given by

h = f(Zl wy 1 + bk> and the outputs by o, = f(Zk Wi Rk + bﬁn) The activation
functions f may differ.

the chain rule of differential calculus, the error gradient is propagated from output to input
layer in reverse measuring the error contribution from each connection, called backward pass.
A complete pass, forward and backward, through the entire training dataset is called epoch.
Initially randomly assigned weights and biases are then gradually adjusted during the training
process by utilising gradient descent or one of its variants. A proper tuning of the weights
and biases ensures lower errors, making the model more reliable by increasing its ability to

generalise.

In order to asses the performance of the neural network on new data, the dataset is usually
divided into a training and a test set. While the former is used to actually train the algorithm,
the latter enables an unbiased evaluation of the networks performance on a representative,
statistically independent dataset. The test set is not used for the optimisation. In each epoch,
the loss for both sets is calculated, called the training and validation loss, respectively. The
difference between the two indicates how well the model is generalising to unseen records. If
the training error is low but the validation error is high, the model has learned the training
set to well and is hence overfitting. Ideally, both errors should become equal and decrease
with each epoch until the validation loss starts converging or increasing again as a result
of aforementioned memorising of the training data, indicating to stop the learning process.
Commonly and henceforth, 80% of the dataset is used for training and the remaining 20% for
validation. Additionally, a new test set containing one million points is utilised to asses the

networks performance after the training.
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Aside from the training process itself there are many parameters whose values are set before
the learning process begins. The number of layers, neurons per layer, weight initialisation,
number of epochs and the activation function used for each layer are just a few examples.

These hyperparameters also need to be tuned to achieve a good performing model.

4.2.2 Optimisation of the Neural Network

The variety of tunable parameters of neural networks make the choice of an optimal network
architecture a non-trivial task. In addition, with regard to the Machine Learning based un-
weighting, the model topology should not only perform well for one specific process but is

ought to generalise to a multitude of processes.

Fine-tuning the parameters of a neural network can be done following different approaches.
Two commonly deployed examples are grid and random search. The idea behind a grid search
is to simply define a set of parameter values, train the model for all possible parameter combi-
nations, and select the one performing best. If the hyperparameter search space is large and
in order to make an educated guess on parameters for the grid search, it is often preferable to
apply a randomised search. Instead of checking all possible combinations of hyperparameters

within the customised ranges, a given number of random sets of the parameters is investigated.

In contrast, the optimisation of the neural network for the Machine Learning based unweighting
is done following a heuristic approach for one representative process, namely gg — e~ et ggdd
at leading-order. For the examined process groups V-+4 jets and tt+3 jets, there are O(100)
contributing processes. These processes are of particular interest as they take up a major part
of the CPU resources of the ATLAS and CMS experiments at CERN with regard to event
generator usage. Conducting the hyperparameter tuning for every single process would be
unreasonable and spoil the potential benefit of the ML approach. The performance of the
obtained configuration for other processes is checked afterwards, see Section 4.3. The investi-
gation of high-multiplicity processes is not only interesting because of their low unweighting
efficiencies, but they are also important for the search of new physics beyond the Standard

Model where they contribute as background.

In the scope of this thesis, only simple fully connected feedforward neural networks are ex-
amined. One could think of more complex network structures, though the model should not
only be able to give precise but also fast predictions for the problem at hand. The considered
hyperparameters, their respective investigated ranges and options as well as the finally imple-
mented values are listed in Table 4.1. The final values are obtained by taking the mean of five
optimisation runs with different random seeds for each parameter and errors are estimated
using the sample standard deviation. If not otherwise stated, a training period of 50 epochs is

used throughout this chapter. The starting point is a network architecture consisting of two
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hidden layers with 64 nodes each, random weight initialisation, rectified linear unit (ReLU)
[48] activation function for the hidden layers and Adam [49] optimiser. While optimising one
hyperparameter, all other parameters are left at their default values. The individual consid-
ered hyperparameters will be briefly reviewed in the following. Note that the optimal choice
of some hyperparameters can be dependent on the value of others. Furthermore, it should

be stressed, that there is no perfect NN architecture that is suited for all process groups and

multiplicities.
Hyperparameter Final Value Tested Values
Hidden Layers 3 {1, 2, 3, 4}
Nodes per Layer 64 {32, 64, 128, 256}

Activation Function ReLLlU {Tanh, Sigmoid, ReLU, Elu,
Leaky ReLU, Softsign}

Optimiser Adam {RMSProp, Adam}
Learning Rate 1073 {1071, 1072, 1073, 1074, 107}
Dropout 0.0 {0.0, 0.1, 0.2, 0.3, 0.4,
0.5, 0.6, 0.7, 0.8, 0.9}
Epochs 200 {[1, 300]}

Table 4.1: Hyperparameters investigated during the optimisation process of the deep feed-
forward neural network used for the Machine Learning based unweighting. The examined
parameter options or ranges as well as the eventually implemented values are listed.

Choice of Input Features

In order to train supervised regression algorithms a set of labelled training data is needed. The
algorithm tries to model the relation between features and labels. Hence, the input needs to

be chosen carefully in order to get a precise prediction.

To predict the event weight w, which is given by the absolute squared matrix element times a
phase space weight, different input features are feasible. One obvious possibility, for instance,
is to use the four-momenta of the hard scattering. However, the performance of a Machine
Learning algorithm can sometimes be improved by reducing the number of features and select-
ing a subset of relevant inputs, effectively filtering out features that are not useful in addition
to the remaining ones. Moreover, reducing the number of input variables cuts down the com-
putational costs of the training process and (slightly) decreases the size of the neural network.
Hence, also the three-momenta, as well as the energies of the particles in the hard scattering

are tested for their utility as input features.

Also the random numbers, used to calculate the four-momenta, can serve as input to the ML

algorithm. Considering a 2 — n process, in total 3n random numbers are generated per event.
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Two of these are needed for the determination of the energy fraction of the initial-state particles
according to their PDFs. Further, 3n — 4 random numbers need to be generated, since each of
the n outgoing particles has three degrees of freedom, the minus four stemming from energy-
momentum conservation. The two remaining random numbers are used for the selection of
the initial-state and final-state channel®. The meaning of the other random numbers is defined
by these channels. They specify the mapping from the random numbers to the four-momenta.
The random numbers naturally lie between zero and one. To compare the different features,

the momenta and energies are hence scaled to a range of [0, +1] as well.

Figure 4.4 (a) shows the MSLD obtained for the different input features. Using the random
numbers as input clearly results in the highest error among the tested features. A reason for
this is the large number of channels, especially concerning the final-state. As mentioned above,
the two random numbers used for the channel selection determine the transformation utilised
to calculate the four-momenta from the other random numbers. Explicitly adding the channel
indices as input did not improve the performance. While an explicit channel separation, i.e.
using a prescribed initial- and final-state channel, enhances the predictive power in compari-
son to the general case, the random numbers still result in the highest error among the tested
features. The more high-level features, such as the momenta, are independent of the respective

channels, making it easier for the ML algorithm to learn the weight distribution.

Lacking the additional information of the spatial momentum components, the energies give
higher deviations in comparison to the four- and three-momenta. The best performing under
the tested features are the three-momenta with a slightly lower error than the four-momenta.
The particles involved in the scattering process are light partons and leptons which are treated
massless during the calculations. The additional information on the energies can hence be cal-
culated using the three-momenta and is therefore obsolete. In other words, the neural network
is able to learn the underlying Lorentz structure. Hence, the additional energy input even
slightly decreases the performance of the network as it increases its complexity while, in fact,
being redundant. As a result, the three-momenta are used as features. For heavy particles with
non-negligible masses such as top quarks, one could still think about using the four-momenta
instead. The learning curves for the three-momenta, averaged over the five runs, are plotted
in 4.4 (b).

Feature Scaling

Some Machine Learning algorithms®*, such as neural networks, do not perform well if the in-

put exhibits widely varying scales, which is due to individual features governing the employed

3SHERPA uses an adaptive multi-channel method for the evaluation of the initial- and final-state integrals, see
2.1.3. Roughly speaking, each propagator term is mapped to a different channel.

4For instance, tree-based algorithms, such as decision trees and random forests, are independent of the feature
scaling.
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Figure 4.4: Comparison of the performance of different input features. The given values
and their corresponding uncertainties are calculated as the means and standard deviations
obtained from five optimisation runs for each set of features.

metric. Performed during the data preprocessing step, data normalisation can improve the
training process by transforming the data into a particular range. In addition, gradient de-
scent has been shown to converge substantially faster with an appropriate feature scaling [50].

Scaling the target values is generally not required.

So far, the three-momenta were scaled to a range of [0,+1] in order to match the natural range
of the random numbers. In addition, a scaling of [-1,4+1| and [-0.5,40.5], as well as mean
normalisation and standardisation, where the features are scaled to have zero mean and unit
variance, are tested. A comparison of the obtained deviations are illustrated in Figure 4.5 (a).
Aside from the rescaling to [0,+1], all investigated feature scaling behave roughly equally well.
In the following, a normalisation to [-1,+1] is chosen. Figure 4.5 (b) shows the learning curves

received for this scaling.

Hidden Layers and Nodes per Layer

As described in Section 4.2.1, the number of nodes in the input and output layer are predeter-
mined by the dimensions of the features and labels of the respective task. In contrast, the size
and number of hidden layers can be tuned in order to optimise the performance of a neural net-
work. Using just one hidden layer already enables to model very complex functions, provided
it has enough nodes. However, deeper networks, i.e. with more hidden layers, exhibit a higher
parameter efficiency than shallow nets. Shallow networks can be exponentially less efficient
in terms of complexity than deeper ones [51, 52|, making the latter much faster to train. On
the other hand, deep networks are often affected by the problem of vanishing or exploding

gradients making them trickier to train. Furthermore, they are prone to overfitting. The van-
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Figure 4.5: Comparison of the performance of different feature scalings. The given values
are calculated as the means obtained from five optimisation runs for each scaling variant.

ishing and exploding gradient problems are difficulties encountered in the training of neural
networks with gradient-based learning methods and backpropagation, mentioned in Section
4.2.1. The former is the issue of vanishingly small gradients, effectively preventing the weights
to change during the update and, in the worst case, completely stopping the network from
further training. The latter is the problem of accumulating large error gradients, resulting in
very large updates of the networks weights during the training process with the effect of an

unstable model which is unable to learn from the training data.

In terms of nodes per layer, many different approaches are common. One example are funnel-
shaped architectures, with a decreasing number of nodes for deeper intermediate layers. A
simpler approach, also used in this study, is to use the same number of nodes for every hidden

layer, additionally reducing the number of hyperparameters.

Figure 4.6 (a) shows the errors obtained for different hidden layers and nodes per layer com-
binations. It can be seen that the error decreases when going to deeper and wider network
architectures but the improvement seems to converge. The more complex topologies require a
longer training process to optimise the weights and biases and possibly more training points to
further decrease the obtained deviations, which should be avoided due to performance reasons.
Regarding the Machine Learning based unweighting, precision is not the only concern but also
the prediction speed. The respective time improvements obtained by using the NN to predict
the approximated event weight a in comparison to the time SHERPA needs to calculate the
matrix element and the phase-space weight (making up the event weight w) are displayed
in Figure 4.6 (b). As a trade-off between precision and speed, an architecture consisting of
three hidden layers and 64 nodes per layer is selected and used in the following. This topol-

ogy enables an over 800 times faster evaluation of a than required by SHERPA for the exact
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calculation of w, while also showing a comparatively low error.
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Figure 4.6: Comparison of the performance of different hidden layer and nodes per layer
configurations in terms of accuracy and speed. The mean squared logarithmic deviations are
calculated by taking the mean of five optimisation runs for each combination. The factor that
the neural network is faster than SHERPA per event weight is determined by implementing
one model for each configuration into SHERPA and measuring the times needed to calculate
as well as to approximate the weight by generating ten thousand weighted events, respectively.

Activation Function

The output of a node is calculated in terms of a transfer function called activation function
f. The prediction of the event weight is a regression task resulting in a real number as
output. Therefore, a simple linear activation function ( flz) = a:) is used for the output layer®,
leaving its input unchanged. For the hidden layers, a multitude of different activations are
possible. In the interest of simplification, the same activation is used for all intermediate layers,
again reducing the number of tunable hyperparameters. An overview and definitions of the
investigated activation functions can be found in the appendix, see Figure A.1. Activation
functions including adjustable parameters are left at their default values. As can be seen in
Figure 4.7 (a), ReLU, defined as

f(x) = 2% = max(0, x), (4.8)

yields the lowest error and is hence implemented in the final NN architecture. Figure 4.7 (b)
shows the training and the validation curve received for this activation, respectively. In addi-

tion, the ReLLU activation is more computationally efficient than the also widespread charac-

5Classification task require different activation functions for the output layer, such as softmax.



4.2 Neural Networks 43

teristic “S-shaped” curves (sigmoid curves), since it just picks the positive part of its argument
without the need to perform expensive exponential operations as in sigmoid-like functions.
The major benefit of ReLLUs, however, is the reduced likelihood of vanishing gradients due to
the fact that it does not saturate for large input values as opposed to the hyperbolic tangent
or sigmoid function, which saturate at one. A faster learning is further achieved thanks to the
constant gradient of ReLLUs. Another benefit is sparsity for x < 0, effectively reducing the
complexity of the neural network, leading to decreasing time and energy consumptions due to

a reduced number of computations while potentially increasing its ability to generalise [53].
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Figure 4.7: Comparison of the performance of different activation functions used for all
hidden layers. The given values are calculated as the means obtained from five optimisation
runs for each activation.

Weight Initialisation

So far, the weights of the NN were initialised randomly before the training process. A proper
weight initialisation is important to alleviate the problem of vanishing or exploding gradients.
Furthermore, it can also speed up the training process considerably. Two modern activation-
aware techniques to initialise the weights are Xavier [54] (or Glorot) initialisation established
for the hyperbolic tangent and sigmoid activations, and He [55] initialisation used for ReLU
and its variants such as ELU. The underlying idea behind Xavier as well as the He initialisation
techniques is to make the variance of the outputs of a layer equal to the variance of its inputs.
In other words, they try to balance the variance of the activation, effectively accelerating the
learning process and reducing the exploding and vanishing gradient problem. Since ReLU is
the activation used for the hidden layers of the neural network architecture within this thesis,

the He weight initialisation technique is used in the following.
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Optimiser and Learning Rate

Optimisation algorithms try to minimise the cost function, which is dependent on the model’s
internal learnable parameters, the weights and biases in the case of neural networks and calcu-
lated by comparing the models predictions to the expected output values. These parameters
are updated in the direction of the optimal solution, e.g. minimising the loss for instance by
utilising gradient descent based algorithms. Different optimisation algorithms with varying
degrees of accuracy and rapidness like classical stochastic gradient descent (SGD), Root Mean

Square Propagation (RMSProp) [56] and Adam [49] optimisation are available.

While SGD maintains a single unchanged learning rate throughout the learning process, Adam
computes individual adaptive learning rates for the different parameters based on estimations
of first and second-order moments of the gradients. On the other hand, RMSProp adapts
per-parameter learning rates based on the average first moment (the mean) of the gradients
for the weight. The learning rate determines how much the model is changed in response to
the estimated error in each update of the model parameters. Too small learning rates result
in a longer training process with the chance to get stuck in a local minimum. Choosing a too
high learning rate, on the other hand, may result in an unstable training process that does

not converge or learning a sub-optimal set of weights too fast.

The Adam and RMSProp optimisers are tested with varying initial learning rates. All other
parameters of the optimisers are left at their default values, as recommended for both algo-
rithms. As can be seen in Figure 4.8, the Adam optimiser with a learning rate of 1073 yields

the lowest deviation among the tested setups and is therefore implemented.
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Figure 4.8: Comparison of the Adam (blue) and RMSProp (orange) optimisers with differ-
ing learning rates. All other tunable parameters of the optimisers were left at their default
values. The deviations are calculated as the means obtained from five optimisation runs for
each learning rate and optimiser. The MSLD obtained for a learning rate of 0.1 are outside
the presented value range.
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Dropout

Deep neural networks tend to easily overfit too small training datasets. Dropout [57] is a
method to prevent this issue by ignoring a certain, randomly chosen amount of neurons along
with their connections during each training step. Neurons trained with dropout are able to
co-adapt with their adjacent nodes and tend to be less sensitive to slight changes in the inputs,
thus raising the networks ability to generalise. It is a computationally light regularisation

method to reduce overfitting and enhance the networks generalisation capability.

Various dropout rates were tested in the course of this thesis, see Table 4.1. However, non-
vanishing dropout rates lead to a deterioration of the NN prediction capability. As can be
seen in the previous learning curves, e.g in Figure 4.7 (b), the employed model does not show

signs of overfitting, therefore rendering the use of dropout obsolete.

Number of Training Points

Until now, one million phase-space points are used for the training process motivated by the
number of phase-space points typically generated during the integration phase, which are of
the order of O(10° — 10°), depending on the process in question. Here, 80% of the dataset is
used for the actual training of the network and the remaining 20% are utilised for validation.
Choosing a too small training sample generally poses the risk of overfitting. The model learns
the “small” training set too well, thereby loosing its ability to correctly predict the output of
new input samples. On the contrary, using a larger training sample is almost always better
when it comes to generalising to unseen data. The drawback of an increased number of training
points, however, is the likewise extended training time. In case of the ML based unweighting,
one advantage is the reusage of phase-space points generated to evaluate the cross-section of
the given process in order to train the neural network, effectively recycling them. Hence, to
enlargen the training set, one also has to artificially extend the integration phase, which might

spoil the potential time improvements of the ML unweighting approach.

The number of training points was varied between 10%, which is of the order of the size of one
iteration during the integration step, and 2.5 million. The obtained deviations are illustrated
in Figure 4.9. As can be seen, increasing the training size beyond one million points does not
reduce the mean squared logarithmic deviation by more than its indicated uncertainties. On
the other hand, decreasing the number of training points below that mark leads to a poorer
performance of the neural network, due to the model memorising the small dataset. Thus, a

training set size of one million points is retained.

It should be mentioned that one could think about training the algorithm in parallel to the
integration phase by feeding the O(10%) points generated during each integration iteration to

the NN and training it for several epochs until the new set of phase-space points is generated,
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effectively employing online learning. However, in the course of this thesis, the entire training

set is used to train the neural network, for simplicity.
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Figure 4.9: Comparison of differing numbers of phase-space points used to train the neural
network. The mean squared logarithmic deviations are calculated by taking the mean of five
optimisation runs for each training set size. The finally employed number of training points
is coloured orange.

Epochs

Finally, the number of epochs, that is the number of complete passes through the entire
training data as part of the iterative optimisation procedure, is tweaked. The neural network
was trained for 300 epochs in total. The resulting learning curves, averaged over five runs, are
displayed in Figure 4.10. The validation error converges around 200 epochs, while the training
error is still slightly decreasing due to the model memorising the training set. Training the
model beyond that does not improve its prediction capacity, hence, in the following, the

networks are trained for 200 epochs overall.

4.2.3 Examination of the Optimised Neural Network

The hyperparameter choices derived in the previous section, see Table 4.1, are used to train
the neural networks in the remaining part of this chapter. In the following, the performance

of the resulting models, exemplary for the process gg — e~ et ggdd, is examined.

In Section 4.2.2, it was already pointed out that the employed NN architecture is able to
predict the approximated weight a roughly 800 times faster compared to the time SHERPA
needs to evaluate the exact event weight w by calculating the matrix element and the phase-
space weight. However, for the success of the Machine Learning based unweighting, a precise

prediction capability of the model is just as important. Figure 4.11 shows the distribution of
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Figure 4.10: Training (blue) and validation (orange) loss of the optimised neural network
trained for 300 epochs. The given learning curves are determined by taking the mean obtained
from five individual runs. The dashed line illustrates the stopping point for the training of
the finally implemented model.

relative weights @ = * obtained by generating one million weighted events within SHERPA.

Roughly 51.4% of the weights z lie in a range of [0.5,2.0],

=0514  with A= (4.9)

It can be seen, that the model has a slight tendency to overestimate the event weight for this

specific process.
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Figure 4.11: Distribution of weights x = 7 using one million test points generated with

SHERPA for the process gg — e"etggdd at a centre-of-mass energy of 13 TeV. Roughly
51.4% of the weights lie in a range of [0.5,2.0], illustrated by the dashed lines.
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As already discussed, the Machine Learning based unweighting necessitates a second unweight-
ing step. The procedure to determine the second maximum x,,,, is described in Section 4.1.2.
Again using one million test points, the evolution of z,,,, with the number of iterations is dis-
played in Figure 4.12. The value of z,,,, converges slowly and, after 50 iterations, a maximum

of 25.32 is received and used in the following.

60 ]

Maximum

10F -

0 | Il 1 |
10 20 30 40 30

[teration

Figure 4.12: Fvolution of the second mazimum T, with the number of iterations using
the procedure as described in Section 4.1.2 for the process gg — e~ et ggdd. The error band
is given by the standard deviation of the respective iterations. One million test points are
used for each iteration.

While the previous results try to estimate the performance of the neural network, a true investi-
gation of its capabilities can only be made by running SHERPA with and without the ML based
unweighting and comparing the results. The event generation of high-multiplicity processes is
CPU intensive, making the use of local devices unfeasible. The simulations are therefore run
on the Bull high-performance computing (HPC) cluster Taurus of the ZIH®, which is part of
the TU Dresden. By default, jobs on Taurus run in shared-mode, i.e. multiple jobs can run on
the same compute nodes, leading to interferences spoiling the reliability of time measurements.
For benchmarking purposes, an exclusive job allocation is necessary, which ensures that no

other jobs run on the exploited computing nodes.

Table 4.2 lists the results obtained for various random seeds using exclusive job allocation. The
times per (partially) unweighted event are determined by generating one thousand events per
random seed using the “classic” and the ML based unweighting prescription within SHERPA.
The second unweighting efficiencies €5 and effective factors f.4 that the ML approach is faster
than plain SHERPA are calculated using Equation (4.2) and (4.4), respectively. It is apparent
that the second unweighting efficiencies are close to one for all investigated random seeds. This

is reflected by the relative event weight distribution shown in Figure 4.13. Consequently, most

6See https://tu-dresden.de/zih /hochleistungsrechnen /hpc for details.
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events do not exceed the second maximum. Those exceeding x,,., are rare and do so only by a
small factor. Overall, the Machine Learning approach accelerates the unweighted event gener-
ation by a factor of 5.8 for gg — e~etggdd. The time needed to train the neural network and
to determine the second maximum z,,,, are considered to be negligible. This is justified since
the training process takes roughly one hour on a single CPU core (Intel® Core™ i5-6200U
CPU@2.30GHz) and could easily be speeded up by utilising GPUs. Taking these additional
times into account, the ML approach would catch up with plain SHERPA after less than 300

events and will outperform it significantly afterwards.

Random tSuprpa PET tuL per (part.) g3 fep

Seed unw. event [s] unw. event [s]

1234 24.96 4.16 0.94 5.67
2468 22.05 4.00 0.99 5.47
3702 22.41 4.14 0.99 5.38
4936 25.48 4.09 0.99 6.16
6170 24.98 3.83 0.96 6.23
7404 24.68 4.09 0.99 6.01
8638 24.56 3.97 0.98 6.08
9872 21.89 4.07 0.99 5.30
11106 23.69 3.92 0.99 6.00
12340 23.62 3.92 0.98 5.92

Table 4.2: Average times needed to generate one (partially) unweighted event for the process
g9 — e~etggdd in SHERPA at a centre-of-mass energy of 13 TeV with and without the
Machine Learning approach for different random seeds. Generating one thousand events per
random seed and using exclusive job allocation, the timings t, second unweighting efficiencies
€2 and the resulting feog are determined.
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Figure 4.13: Relative event weight distribution of ten thousand events generated using the
Machine Learning approach for the process gg — e~ eTggdd at a centre-of-mass energy of
13 TeV. The relative weights w; are calculated after the second unweighting step employing
Equation (4.5).

4.3 Results

So far, the optimisation of the neural network and its resulting performance were described
using the example of the process gg — e etggdd. This section presents results for other
processes belonging to the Z+4 jets, W+4 jets and tt+3 jets process groups. In addition,
only time improvements were studied until now, without verifying that the physics description
is not altered by the use of the Machine Learning based unweighting approach. Hence, a
confrontation of important Monte Carlo validation observables between SHERPA with and
without the ML based unweighting method is illustrated for one exemplary process for each
group in the following. It is worth mentioning that all presented time improvements can
likewise be translated into energy savings as no notable additional computing resources are

needed for the Machine Learning approach.

SHERPA has two built-in tree-level matrix element generators, namely AMEGIC [58] and COMIX
[59]. Within the scope of this thesis, AMEGIC is used to generate matrix elements in the context
of the Machine Learning based unweighted.

4.3.1 Z+jets
Performance Improvements

The optimisation procedure of the neural network was described in detail in Section 4.2.2. The
hyperparameters are tuned with respect to one illustrative process as an individual tuning is
not practicable. A priori, it is not clear how well these parameter choices will work for other

processes.
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Results obtained for other processes belonging to the Z+44 jets group as well are presented
in Table 4.3. The cross-sections o are obtained by generating between 5 - 10° and 5 - 10*
unweighted events in SHERPA with and without the ML approach. The respective processes
are majorly selected because of their comparatively high cross-sections, hence making up the
bulk of this specific process group. One process with a relatively low cross-section, namely

utt — e~ et gggg, is investigated in the interests of comparability.

All considered process are speeded up by the use of the ML prescription. The time improve-
ments vary between a few percent and a factor larger than eight. In general, the processes
experience significant time improvements. The neural network has difficulties approximating
the weights of du — e~ e™ ggdu, reflected by a comparatively high second maximum z,,,,. A
reason for this is that SHERPA seems to have problems in sampling this specific process, re-
sulting in a broader weight distribution making it increasingly difficult for the model to learn
it.

Process Tmaz  Osusrea [PP]  omp [PD]  tsusmes/tvn S
ug — e"etgggu  44.26 8.82(6) 8.84(6) 6.4(3) 6.1(3)
gd — e~ etgggd 30.06 5.34(3) 5.40(4) 9.3(5) 8.4(6)
du — e"etggdu 5255 1.614(10) 1.619(12)  1.33(12)  1.14(13)
gg — e“etggdd 2532  1.272(8) 1.281(8) 5.9(4) 5.8(4)
ut — e~ etgggg 41.35  0.194(3) 0.191(4)  8.74(14) 6.2(3)

Table 4.3: Results for processes belonging to the Z +jets group for pp collisions at a centre-of-
mass energy of 13 TeV using the NNPDF 3.0 NNLO PDF set [60]. An invariant mass cut of
Me—et+ > 66 GeV is applied and jets are defined using the anti-kr clustering algorithm with
R = 0.4 and pr > 20 GeV. The cross-sections o are obtained by generating between 5 - 103
and 5-10* unweighted events in SHERPA with and without the ML approach. Using different
random seeds and exclusive job allocation, the timings t, second unweighting efficiencies o
and the resulting fep are determined.

Physics Validation

The discussed time improvements would be meaningless if the Machine Learning procedure
influences the physics description, making it unusable for practical usage. To verify the valid-
ity of the Machine Learning based unweighting, results for different relevant observables are
investigated. Figures 4.14 to 4.15 show various important Monte Carlo validation observables
comparing the physics description of SHERPA with and without the ML approach, exemplarily
for the process gg — e"etggdd. As can be seen, the prediction of SHERPA and ML SHERPA
agree with each other within the given uncertainties. The statistical deviations can be reduced

by generating more events.
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Figure 4.14: Comparison of different Monte Carlo validation observables generated using
SHERPA with (blue) and without (orange) the Machine Learning approach for the process
g9 — e~ eTggdd at a centre-of-mass energy of 13 TeV. An invariant mass cut of M-+ >
66 GeV is applied and jets are defined using the anti-kr clustering algorithm with R = 0.4
and pr > 20 GeV.
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4.3.2 W+jets

Up to know, only processes belonging to the Z+4 jets group were examined. In order to
check how well the ML procedure generalises to other processes, this section investigates
its utility for the production of W bosons in association with jets, where the same Neural
Network architecture as described in Section 4.2.2 is used. Table 4.4 shows results for W +4 jets

processes.

Performance Improvements

Again, significant time savings could be achieved for all evaluated processes. In general, the NN
models are not able to learn the underlying weight distribution as well as in the case of Z+jets,
reflected by the slightly higher values obtained for the second maximum x,,,,. Nevertheless,

all investigated processes exhibit major performance improvements of at least 90%.

Process Tmaz O SHERPA [pb] OML [pb] tSHERPA/tML feﬁ‘
dg — e v.gggu  47.38 46.6(5) 47.1(6) 9.5(8) 8. 6(10)

g9 — e ggud 3454  11.37(7)  11.46(11) 4. 29(11) 4.0(5)
dd — e v,ggdu 5546  8.01(5)  T97(7)  2.6(3)  1.9(3)
du — e~ vegguu  47.74 7.42(7) 7.42(8) 3. 28(1 ) 2.6(3)
dii — e 17,9999 53.84  0.908(13) 0.897(23)  5.4(3)  3.8(6)

Table 4.4: Results for processes belonging to the W +jets group for pp collisions at a centre-
of-mass energy of 13 TeV using the NNPDF 3.0 NNLO PDF set [60]. Jets are defined using
the anti-kr clustering algorithm with R = 0.4 and pr > 20 GeV. The cross-sections o are
obtained by generating between 5 - 10° and 5 - 10* unweighted events in SHERPA with and
without the ML approach. Using different random seeds and exclusive job allocation, the
timings t, second unweighting efficiencies eo and the resulting fog are determined.

Physics Validation

In order to verify that the Machine Learning based unweighting preserves the physics mod-
elling of SHERPA in the case of W boson production as well, various Monte Carlo validation
observables are examined and illustrated in Figures 4.16 to 4.17 using the example of the pro-

cess gg — e U.ggud. Again, both unweighting prescriptions are compatible with each other.
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Figure 4.16: Comparison of different Monte Carlo validation observables generated using
SHERPA with (blue) and without (orange) the Machine Learning approach for the process
g9 — e v.ggud at a centre-of-mass energy of 13 TeV. Jets are defined using the anti-kp
clustering algorithm with R = 0.4 and pr > 20 GeV.
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Figure 4.17: Comparison of different Monte Carlo validation observables generated using
SHERPA with (blue) and without (orange) the Machine Learning approach for the process
g9 — e U.ggud at a centre-of-mass energy of 13 TeV. Jets are defined using the anti-kp
clustering algorithm with R = 0.4 and pr > 20 GeV.
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4.3.3 ti+jets

Finally, the performance of processes belonging to the ¢t+3 jets group are examined, effectively
checking the generalisation capability beyond the production of electroweak bosons in associa-
tion with jets. Even though the top quarks masses are not neglected during calculations, the

same neural network architecture using the three-momenta as input features is utilised.

Performance Improvements

The results are listed in Table 4.5. All processes receive major performance improvements of
at least 83%. In the case of ug — ttggu, the unweighting speed could be increased by a factor
of 23.6.

Process  Tpae  OSusrea [PP]  omp [PD]  fsuerea/tuL fefr
ug — tiggu 20.78  48.9(7) A7T7(7)  24.0(27)  23.6(27)
dg — ttggd 16.84  21.9(3) 21.6(4) 15.2(15)  14.3(15)
wu = tiguu 3043 6.09(4) 6.02(4)  3.63(25)  3.50(27)
du — tlgdu 38.78  2.888(13) 2.805(13)  1.85(8)  1.83(8)

Table 4.5: Results for processes belonging to the tt+jets group for pp collisions at a centre-
of-mass enerqy of 13 TeV using the NNPDF 3.0 NNLO PDEF set [60]. Jets are defined using
the anti-kr clustering algorithm with R = 0.4 and pr > 20 GeV. The cross-sections o are
obtained by generating between 5 - 10% and 5 - 10* unweighted events in SHERPA with and
without the ML approach. Using different random seeds and exclusive job allocation, the
timings t, second unweighting efficiencies €3 and the resulting f.gz are determined.

Physics Validation

Figures 4.18 and 4.19 illustrate several Monte Carlo validation observables for ¢ production in
association with jets, exemplarily for the process uu — ttguu. As can be seen, the results ob-
tained for SHERPA with and without the ML based unweighting are again in perfect agreement

with each other.
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Figure 4.18: Comparison of different Monte Carlo validation observables generated using
SHERPA with (blue) and without (orange) the Machine Learning approach for the process
uu — ttguu at a centre-of-mass energy of 13 TeV. Jets are defined using the anti-kr clus-
tering algorithm with R = 0.4 and pp > 20 GeV.
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Figure 4.19: Comparison of different Monte Carlo validation observables generated using
SHERPA with (blue) and without (orange) the Machine Learning approach for the process
uu — ttguu at a centre-of-mass energy of 13 TeV. Jets are defined using the anti-kr clus-
tering algorithm with R = 0.4 and pr > 20 GeV.






5 Reduction of Negative Weights

The various efforts in recent years to improve the predictive power of Monte Carlo event
generators is accompanied by an increased need of computational resources. One major reason
is the effect of negative weighted events, briefly mentioned in Section 3.3. While negative
weights are not a problem from a theoretical point of view, they are a major concern with
regard to the statistical uncertainty of Monte Carlo event samples. Significantly more events
need to be generate to achieve a reasonable statistical accuracy if a large fraction of events
is negative weighted. In the following, the origin of as well as mechanisms to decrease the
amount of negative weights are reviewed. In particular, the focus hereafter is on Z-jets and
tt-+jets process setups, since they constitute a major portion of Monte Carlo samples produced

for contemporary collider experiments.

5.1 Origin and Problem of Negative Weights

Negative weighted events are unavoidable when going beyond the leading order in theoretical
calculations. First of all, the real and virtual contributions of next-to-leading order computa-
tions are separately divergent, as discussed in Section 3.3. This introduces subtraction terms
which inevitably lead to negative weights. Furthermore, negative weights are a distinctive fea-
ture of MC@NLO-type matching procedures, which aim for a consistent combination of NLO
calculations and parton shower algorithms. In the context of the S-MC@NLO prescription,

the additional analytic weights may become negative due to sub-leading colour configurations.

Samples containing negative weighted events have a, comparatively, reduced statistical power.
Considering a negative weight fraction € and, up to a sign, equally weighted events with weights
w = +c, where ¢ is a constant larger than zero, the statistical accuracy of an event sample of
size N can be evaluated as

Vi wp 2N 1 1

1
Siwi e (1-2)-N (1-2) VN /Ny

(5.1)

This yields the effective number of events, given by N gz = (1—2¢)%- N, which incorporates the

diminished statistics in the presence of negative weighted events. Hence, we need to generate
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a factor

1

f(E):m

(5.2)
more events to get the same statistical accuracy in comparison to only positive weighted events.
Figure 5.1 illustrates this factor f as a function of the negative weight fraction €. As can be
seen, this factor increases drastically with growing . For instance, if a quarter of the events
have a weight smaller than zero, a four times larger sample has to be produced. While this
raises the computational cost on the event generation side, the more pressing issue are the
subsequent detector simulations, making up the major part in terms of CPU consumption. If
the negative weight fraction is too large, using full detector simulations becomes impractical.

Thus, it is of utter importance to reduce the amount of negative weighted events.

25

20f .

0.00 005 010 005 020 025 030 035 040
Negative Fraction €

Figure 5.1: Dependence of the factor f, quantifying the excess of events to be generated for
the same statistical accuracy as in the case of solely positive weighted events, on the negative
weight fraction €.

5.2 Mechanisms to Improve Negative Weight Fraction

5.2.1 Leading Colour Approximation

As can be seen in Table 5.1, S-events take up the major share of the negative weighted events
for Z-+jets and tt+jets processes. Hence, a first approach to decrease the negative weight
fraction is to establish (and validate) a leading colour approximation in the matching of NLO
calculations with the parton shower. There, sub-leading colour configurations in the real-
emission matrix elements are a source of negative weights. Running the usual S-Mc@QNLO
prescription, as described in Section 3.3, in a leading colour mode amounts to dropping the

analytic weights introduced in connection with the colour correct one-step parton shower.
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This approximation is further motivated by the fact that corrections to the large Ng-limit are
typically suppressed by 1/NZ, which would lead to corrections in the order of 10%. However,

the effects are usually significantly smaller and can hence be neglected.

Positive Negative Positive  Negative
Fraction Fraction Fraction Fraction
CSeH | wn 1% CS+H | W 9%
thereof S 88% 58% thereof S 91% 72%
thereof H 12% 42% thereof H 9% 28%
(a) pp — Z+0,1,2 jets@NLO~+3 jetsQLO (b) pp — tt+0,1 jets@NLO+2,3 jetsQLO

Table 5.1: Percentage of positive and negative weighted events and their composition of S
and H-events for proton-proton collisions at a centre-of-mass energy of 13 TeV.

5.2.2 H-Event Shower Interplay

The previously discussed leading-colour approximation efficaciously reduces the amount of neg-
ative weighted S-events. A further approach is to allow for a shower veto on the first emission
of H-events in the soft region, effectively treating them as in the merging prescription. This
Sudakov suppression reduces the number of H-events in the soft domain, which, consequently,
will be populated more by S-events. In combination with the above outlined leading colour
approximation, this further decreases the negative weight fraction. This, however, does not

influence ¢ in the high-p; region.

5.2.3 Local K-Factor

The negative weight fraction at next-to-leading order is increasing when going to higher mul-
tiplicities in the final-state. In the context of mutltijet merging employing the MENLOPS
method, see Section 3.5, an interpolating K-factor XY was introduced for the purpose of
smooth merging between the matrix elements of varying multiplicity. This K-factor is usually
defined on the highest multiplicity described at NLO QCD. By using ESY from the underlying
core process instead, the lower multiplicity matrix elements are effectively scaled up and hence
contribute more to the total event sample. Considering their, comparatively, smaller negative

weight fraction, this further reduces € in higher transverse momentum region.

Defining the local K-factor on the lowest multiplicity has the drawback that electroweak cor-
rections are effectively not taken into account. The weak bosons need additional partons to
recoil against in order to receive any transverse momentum pr. While the contributions of

electroweak corrections to the total cross-section are comparatively small, they can contribute
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significantly in the high pp-region, where they are enhanced due to the appearance of elec-
troweak Sudakov logarithms [61]. Consequently, modifying EYY in such a way may become
undesirably if these corrections get large. Hence, the applicability of this method needs to be

assessed depending on the considered process.

5.3 Results

This section presents results obtained for the previously discussed mechanisms with the aim
of reducing the amount of negative weighted events. More precisely, two process setups are

investigated, namely

pp — Z+0,1,2 jetsQNLO+3 jets@QLO
and

pp — tt+0,1 jets@NLO+2,3 jets@QLO,

both evaluated at a centre-of-mass energy of v/13 TeV using the NNPDF 3.0 NNLO PDF set
with ag = 0.118. In the case of Z production, an invariant mass cut of 66 GeV < m -+ <
116 GeV is applied. Furthermore, jets are defined using the anti-kr clustering algorithm with
R = 0.4 and pyr > 20 GeV. The merging cut Q. is set to 20 GeV in the case of Z production
and is equal to 30 GeV for ti+jets. All results are obtained using version 2.2.8 of SHERPA
with virtual contributions provided by OPENLOOPS version 1.3.1 [62].

In the following, all presented uncertainties correspond to the statistical Monte Carlo error.
Perturbative uncertainties can, for example, be accessed by variations of the renormalisation
scale ur and the factorisation scale pup, which are typically scaled up and down by a factor of

two.

5.3.1 Z+jets

The study of vector boson production in association with jets plays an important role in the
ongoing physics program of the LHC, where they can be measured with high precision and
thus enable stringent tests of the Standard Model. Furthermore, these processes contribute as
background to some of the most important searches for physics beyond the Standard Model,
e.g. dark matter or supersymmetric signatures. As a result, vector boson plus jet processes
constitute a vast amount of the Monte Carlo samples produced for the ATLAS and CMS
experiments at the LHC, making the reduction of negative weighted events for these processes
crucial. In particular, this section focuses on the negative weights of the above outlined Z+jets

setup.
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Negative Weight Fraction
Default 18.1%
 Leading Colour Mode | 14.0%
+ shower veto on H-events 9.6%
+ local K-factor from core 9.1%

Table 5.2: Fvolution of the mean negative weight fraction for pp — Z+0,1,2 jets@NLO
+3 jets@LO.

Table 5.2 shows the evolution of the negative weight fraction ¢ using the approaches intro-
duced in the previous section for Z+jets. As can be seen, ¢ is reduced by roughly a factor of
two, from 18.1% down to 9.1%. A reduction of negative weights is only useful if the physics
description is not altered in the sense of poorer predictive power. Figures 5.2 and 5.3 show a
comparison of the discussed approaches for various Monte Carlo validation observables. There,
the lower two ratio plots display the negative fraction ¢ and the corresponding factor f(e),
which indicates how much more events need to be generated on average in order to achieve
the same statistical accuracy as compared to only positive weighted events in each bin. All

observables show good agreement between default and the different mechanisms.

It is visible that the leading colour mode reduces the number of negative weights in the low
pr region, while it leaves € unchanged for large transverse momenta. The additional Sudakov
suppression on H-events further decreases the negative fraction for small pr. Defining the
local K-factor on the core process also lowers ¢ for large transverse momenta, where it nearly
approaches zero for the investigated observables. The transverse momentum of the Z bo-
son, shown in Figure 5.2 (a), is one of the standard candles of particle phenomenology and
thus of special interest. This particular observable shows deviations around the merging cut
Qeut=20 GeV. However, it should again be stressed that perturbative uncertainties are not
plotted for clarity. Taking them into account, all curves would agree with each other within

in the respective error bands.

It is essential for Monte Carlo event generators to describe the data as good as possible. Mea-
surements of the production of a Z boson in association with jets in proton-proton collisions at
a centre-of-mass energy of 13 TeV using 3.16 fb~! of data, collected by the ATLAS experiment
at the LHC [63], are compared to SHERPA in Figure 5.4. The Monte Carlo predictions are
in good agreement with the data, while again reducing the negative fraction significantly by

employing the above discussed methods.
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Figure 5.2: Monte Carlo validation observables comparing the different mechanisms to
reduce the number of negative weighted events,
Z+40,1,2 jets@QNLO+3 jets@LO. The lower two ratio plots display the negative weight frac-
tion € and the corresponding factor f(e), which indicates how much more events need to be
generated on average in order to achieve the same statistical accuracy as compared to only

positive weighted events, respectively.

as discussed in Section 5.2, for pp —



5.3 Results 67

= Default

—+— Leading Colour Mode
—+— + shower veto on H-events
—+— + local K-factor from core

10°

= Default

do/dHT [pb/GeV]
do/dA¢(jet 1, jet 2) [pb]

[T

i

Negative Fraction &
[}
N

10 ;— —+— Leading Colour Mode i

E —f— + shower veto on H-events
10 % = —+— + local K-factor from core 4

10 4
. E  SHERPA+OPENLOOPS 101 | SHERPA+OPENLOOPS _
10 E_ | | I \‘ | | | I ‘ I ‘ I ‘ I ‘ I ‘ I ‘ in|
T T L

g ‘ T T T T \‘ T :\ T ‘ T T ‘ T T ‘ T T ‘ T ‘ T ‘ ]:
1.15 - e E E
1.1 = ﬁ w L}[}E 1.05 E + =
o 1.05 £~ E ° E ;:H;E F|:| - -
'ﬁ 1.0 B ‘m e | : ﬁ 1.0 £ 1 | - 1 '—l—"|—|—|:
~ 0.95 B~ W :':”_J 3 &~ E iH-r __;'; E
0.9 E- = 0.95 — —
0.85 - £ 3
08 E—t+—t+—++++] RN : T T R e
E \ \ I E E \ \ \ \ \ RE
2 - d H e 2 = RE
= E E =1 E M1 =
s i i i L 2 s 4 1 [
k=t o E il | i = n k] = =i
z 1Nl il 5 E
-1 " -1 =
=) E =] 3
2 ] % =
3
=

Negative Fraction &
[}
Ll
Ul

o
= €
]
RN

=]
o
U1
HH‘ H\‘HH‘HH HH‘\H HH‘HH‘\\H‘\H\‘\H\‘HH‘\H

’ 75 I ‘ I ‘ I ‘ I ‘ I ‘ I ‘ 7;
(6) é 6 ? T ‘ L ‘ T ‘ L ‘ L ‘ L “g
; E e .
= E T 4L E
= I | S BN o I [ S
> E e T
1 N | = 1 E I ‘ I ‘ I ‘ I ‘ L1 ‘ L1 ‘ ;
10? 10> o 0.5 1 1.5 2 2.5 3
HT [GeV] A (jet 1, jet 2)
(a) Scalar sum of jet transverse mo- (b) Azimuthal separation between jets
menta HT Ag(jet 1, jet 2)

Figure 5.3: Monte Carlo validation observables comparing the different mechanisms to
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tion € and the corresponding factor f(e), which indicates how much more events need to be
generated on average in order to achieve the same statistical accuracy as compared to only
positive weighted events, respectively.



68

5 Reduction of Negative Weights

[pb/GeV]

jet
T

do/dp

MC/Data

Negative Fraction &

do/dHy [pb/GeV]

MC/Data

%éﬁ“_f
1@

Negative Fraction &

H

=)
4
\

=
[+
T

T
—4

—.—

— .
—e—

SHERPA+OPENLOOPS

ATLAS Eur. Phys. J. C77 (2017) 361 —4—

Leading Colour Mode —+—
+ shower veto on H-events —+—
+ local K-factor from core —+—

Default —+—

:

1.0 Trrrr 1

103

10

1.2

1.0

0.9
0.8
0.35
0.3
0.25
0.2
0.15
0.1
0.05

(=]
N
T T T IrTgr

—4

HNWR U N0

=
=}
<
N
Q
<

300

400 500 600 700
p?t (leading jet, > 1 jet) [GeV]

(a) Transverse momentum distri-

bution of leading jet

SHERPA+OPENLOOPS

ATLAS Eur. Phys. J. Cy7 (2017) 361 —4—

Leading Colour Mode —+—
+ shower veto on H-events —+—
+ local K-factor from core —+—

Default —+—

f

%

N
=}
[}

1200 1400
Hy [GeV]

(c) Hp distribution for all jets

= I I I I
g I —— ATLAS Eur. Phys. J. C77 (2017) 361 b
3 —+— Default
> [ —t— Leading Colour Mode
° —+— + shower veto on H-events
. —+— + local K-factor from core
10 —
SHERPA+OPENLOOPS
| | | | | |
115 ! ! ! ! =
g L —
g || F E
a =
~ —
Y =
= =
“
s iE
S —=
= E
g =
s —
= =l
4 =
2z =
s E
%0 -
) —
4 =
O E
) A R
\ \ \ E

1.5

2 2.5 3
A¢(leading, second jet)

(b) Azimuthal separation between
jets A¢(leading, second jet)

0(Z+ = Niess) [pbl
5
[ALL AL |

ATLAS Eur. Phys. J. C77 (2017) 361 —4—

Leading Colour Mode —+—
+ shower veto on H-events —+—
+ local K-factor from core —+—

I I I
Default —+—

10 —

[ SueErra+OPENLOOPS =

| | | | | | =

\ \ \ \ \ F El

s : | E
e I e i =
~ * T El
g I | E
= 3
s R —=
=1 =
5] =
o] —=
s =
£ —— =
£ =
=) E|
< =
% ‘\_\_h E
Z | | | | : | | =
\ \ \ \ \ \ \ E

S E
= =
| \ | 3

%
EN]

T
@

(d) Jet multiplicity

Figure 5.4: Comparison of the different mechanisms as described in Section 5.2 to experi-
mental Z +jets data measured by ATLAS [63]. The lower two ratio plots display the negative
weight fraction € and the corresponding factor f(g), which indicates how much more events
need to be generated on average in order to achieve the same statistical accuracy as compared
to only positive weighted events, respectively.
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5.3.2 ti+jets

The investigation of top quark pair production and decays in association with jets is crucial in
the context of LHC physics. These processes allow for a detailed examination of fundamental
parameters of the Standard Model, such as the mass of the top quark. In addition, they
represent an essential background for potential physics beyond the Standard Model, making
the reduction of negative weights for them desirable. However, the study of these processes is

very challenging as they involve heavy quarks carrying colour charges.

Negative Weight Fraction
Default 24.8%
" Leading Colour Mode | 187%
+ shower veto on H-events 14.5%
+ local K-factor from core 12.6%

Table 5.3: Evolution of the mean negative weight fraction for pp — tt+0,1 jets@NLO
+2,8 jets@QLO.

As can be seen from Table 5.3, ti+jets samples, as investigated in the scope of this thesis,
contain approximately a quarter of events with negative weights. This fraction can roughly be
halved using the mechanisms as discussed in Section 5.2. In Figures 5.5 to 5.7, the different
approaches aiming for the reduction of £ are compared for various Monte Carlo validation
observables. The methods are compatible with the default for all examined observables within
the respective errors. Again, the leading colour approximation reduces ¢ in the soft region,
whereas the shower veto on H-events decreases the negative weighted events in this region even
further. The fraction € can be lowered in the high p; sector by defining the local K-factor, as

needed for smooth merging, of the lowest multiplicity process at NLO.

Figure 5.8 compares the Monte Carlo results to measurements of top quark pair production
in association with jets for pp collisions at a centre-of-mass energy of 13 TeV collected by the
ATLAS detector, corresponding to an integrated luminosity of 3.2 fb™! [64]. In particular,
the transverse momentum of hadronically decaying top quarks as well as of the tt-system are

investigated, where all tested methods are in agreement with the data.
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Figure 5.5: Monte Carlo validation observables comparing the different mechanisms to
reduce the number of negative weighted events, as discussed in Section 5.2, for pp —
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tion € and the corresponding factor f(e), which indicates how much more events need to be
generated on average in order to achieve the same statistical accuracy as compared to only
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Figure 5.6: Monte Carlo validation observables comparing the different mechanisms to
reduce the number of negative weighted events, as discussed in Section 5.2, for pp —
tt+0,1 jets@NLO+2,3 jets@LO. The lower two ratio plots display the negative weight frac-
tion € and the corresponding factor f(e), which indicates how much more events need to be
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Figure 5.8: Comparison of the different mechanisms as described in Section 5.2 to experi-
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to only positive weighted events, respectively.






6 Conclusion and Outlook

Monte Carlo event generators are crucial tools needed for the confrontation of theoretical
calculations and experimental measurements. Due to their essential role in particle physics
phenomenology, it is of utmost importance that they provide precise predictions while main-
taining reasonable computational costs. However, the continual efforts to increase the precision

of Monte Carlo event generators comes at the expense of higher CPU consumption.

In this thesis, performance improvements concerning the general-purpose event generator
SHERPA, especially for high-multiplicity processes, were investigated. In particular, the fo-
cus was on improvements regarding the unweighted event generation speed as well as the
reduction of negative weighted events, which naturally arise when going beyond the leading

order in the perturbative expansion.

For the former, the so-called Machine Learning based unweighting prescription was imple-
mented in SHERPA and its performance in comparison to the “classic” approach investigated.
This method presents itself as an extension of the usual unweighting technique by incorporating
Machine Learning models in order to increase the unweighting speed. In this context, various
Machine Learning algorithms were tested for their utility, whereas Neural Networks turned
out to be most suitable. The optimisation procedure of the employed Neural Network was
discussed in detail and its prediction capability investigated. The unweighting performance
could be improved for all examined processes, namely processes belonging to the Z-+4 jets,
W4 jets as well as the tt+3 jets groups. Using the Machine Learning approach, CPU time
savings between 12% and a factor of 23.6 could be achieved. Multiple Monte Carlo validation
observables were inspected, comparing the physics description of SHERPA with and without
the Machine Learning approach. Both unweighting variants are in perfect agreement with each

other, validating the correctness of the Machine Learning based unweighting prescription.

Within the scope of this thesis, all matrix elements were generated and performance improve-
ments assessed using AMEGIC in the context of unweighted event generation. The CoMIx
matrix element generator enables the production of even higher multiplicity final-states and
could thus be subject of further studies. Currently, a lot of effort is put into improvements
of the Monte Carlo sampling utilising Neural Networks [65, 66, 67|, aiming to increase the
unweighting efficiencies. The interplay of these approaches with the Machine Learning based

unweighting could be an interesting aspect of future work. Furthermore, only processes at
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leading order were tested so far. The Machine Learning based unweighting could be extended

to higher perturbative orders in the future.

A second subject of this thesis was the study and reduction of the negative weight fraction ¢ for
next-to-leading order accurate samples. In particular, Z+jets and tt+jets were investigated.
A large number of negative weights spoils the statistical convergence of event samples and
is hence undesirable. In order to reduce the amount of negative weighted events, a leading
colour approximation in the matching terms of the S-MC@QNLO method was established and
validated, effectively decreasing the negative weight fraction in the soft domain. Together with
a Sudakov suppression on the first emission of H-events as well as a local K-factor modifica-
tion, € could roughly be halved for both investigated processes, from 18.1% to 9.1% for Z
production in association with jets and from 24.8% down to 12.6% in the case of the ¢t jets
setup. The examined approaches significantly reduce the negative weight fraction while still

being in good agreement with the SHERPA default and data.
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