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Abstract

Top quarks are unique probes of the standard model (SM) predic-
tions and have the potential to be a window for physics beyond the SM
(BSM). Top quarks decay to a Wb pair, and the W can decay in lep-
tons or jets. In a top pair event, assigning jets to their correct source
is a challenge. In this study, I studied different methods for improving
top reconstruction. The main motivation was to use Deep Learning
Techniques in order to enhance the precision of top reconstruction.

1 Introduction

Several reasons make top quarks notable particles for investigating SM and
probing BSM. Top quarks are the heaviest particles in the SM. Their mass
is 173.34 £ 0.27 GeV [1]. Due to that fact the lifetime of top quark is short.
Which opens a window for studying bare quarks [2]. The invariant mass
of top-antitop quarks (my;) is an interesting quantity due to the fact that
is sensitive to important physical points such as the top quark mass; QCD
predictions for PDFs, the strong coupling («y), and bound-states; resonant
production through new physics e.g. Z' — tt; and electroweak corrections
for the the particles Z, photon, and Higgs.

Besides the physical motivations for investigating top quarks, there are
several practical challenges. For instance, top quarks need to be recon-
structed from their decay products and neutrinos are not easily detectable.
Most importantly, assigning jets to their origin is a challenge.

In this project, starting from basic reconstruction methods such as R and
X2, as explained in the followings, finally I arrived at using a Deep Neural

Network (DNN) to improve the reconstruction of the ¢t system.
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Figure 1: Top decay

2 Basic reconstruction methods

2.1 The 6R approach

A top quark decays to a Wb pair. With some probability jets from W are
close enough in the phase space due to a slight boost of the W boson in
the laboratory. This idea leads us to the JR reconstruction method: to
reconstruct the W boson from the light jets, select the two closest ones.

2.2 The \? approach

The x? minimization is an approach that is helpful for testing the goodness-
of-fit [4]. In particular, according to Figure (1, among the all different com-
binations of jets, I select the combination that minimizes the y? expression:

o (mw —mpyp)? | (mw —myp)?
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It selects the combination that in the best way belongs to the top quarks
decay. LJ and BJ respectively stand for light jets and b-jets. myy and mq
are the masses of the W boson and the top quark. Finally, r is the resolution
of the detector for a specific decay that is known from the simulation. Table
shows the values of the parameters in the Equation [1| that I used in GeV.

W TWoy Tty Tty mw my
70 | 7.0 | 10.0 | 10.0 | 80.4 | 172.4

Table 1: Numerical values for the x? approach in GeV

2.3 Comparison between the two approaches

Figure (3| depicts the resolution (i.e. 7:;4 — 1 where myep, is the ”truth”
eny

mass of the ¢t from the simulation) for the two approaches. It is apparent
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Figure 2: The reconstructed mass of the tt system.
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Figure 3: The plot of "Z;% — 1 for different ranges of mgen, -
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from Figure 4] the x? approach performs significantly better for high jets
multiplicity.

3 Deep Neural Network

A neural network consists of several nodes and layers. Each layer consists
of nodes that are the places where the computations happen. Generally
speaking, each node is fed with inputs that are effective through a weight.
The weight of the connections between the nodes are trained using about
1 M simulated ¢t events with the full detector simulation. The sample is
weighted to a flat m,; distribution to avoid a bias from the simulated distri-
bution. Then the output goes to other nodes on the next layer [5].

A Deep Neural Network (DNN) is a neural network with more than one hid-
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Figure 4: Standard deviation of the resolution over the jet multiplicity.

Input

Jets four vectors (6 jets)
Leptons four vectors
Missing Transverse Energy
Number of different jets
CombinedSecondary Vertex
discriminator
And ..

Figure 5: The structure of a typical DNN that I used.



Techniques

Benefits

Adding more layers

To let the network grasp more non-
linear and sophisticated dependen-
cies.

Increasing epochs of trainings and
reducing the learning rate

Network can reach the truth value
with minor steps rather jumping
around the truth value.

Adding dropout layers

Prevents the network from over-
fitting.

Table 3: The machine learning techniques that I used.

den layer. Theoretically, every function can be estimated up to an arbitrary
precision with a neural network. However, in practice it very depends on

the structure of the problem.

In my case, I used a DNN to correct the m,; of the x? approach. Figure

shows the generic structure that I used.

3.1 DNN results

Table [2| shows the inputs to the network and Table |3 consists of the studied

techniques. Following is the structure of the best model I have studied:

e 4 layers, 128 nodes

e All the 4 layers shrinks into a node and then they are added to the

myz from the X2 as a correction.

e I used GaussianDropout technique (see Ref. [6]) that smears the in-

puts.

Figures [6] and [7] depict the resolution of this DNN in compared to the x2
approach. Table [4| shows the mean value and the standard deviation for the

four different approaches.

Jets four-vectors

Leptons four-vectors

MET

Number of different jets

CSV b-jet discriminator

my; from the x?

Table 2: The inputs to the network.

SR x> | DNN | [3]
Mean value 10% 7% 4 % 1%
Standard Deviation | 25.1% | 25.0% | 17.2% | 15.9%

Table 4: Comparison of the three different approaches
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Figure 6: The resolution of the DNN and the x? approaches for Mgen, < 600
GeV.
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Figure 7: The resolution of the DNN and the x? approaches for Mgen, > 600
GeV.



4 Conclusion

The main goal of this project was to assess if the reconstruction of the ms
variable can be improved by using machine learning techniques. My studies
have shown that is possible to improve over a baseline x?-based method
significantly (by almost 30%). With respect to the method employed in Ref.
[3], that is the best algorithm so far in the CMS TOP group, the results are
shown to be competitive, differing by ~2%. My result shows that neural
networks can be potentially useful for improving the LHC measurements in
the Run 2 and beyond. There is still plenty of room for optimization.
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