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Abstract

Determining the position of the primary vertex that produces a Higgs boson is critical to
maximize our sensitivity to a Higgs signal. In H — vy decays the vertex reconstruction allows us
to calculate the photons direction accurately, and hence the di-photon invariant mass resolution.
The challenge is to select the correct one among the multiple possible positions. In our work, we
try to use some machine learning methods to improve the accuracy and efficiency of selection.
Furthermore, this project will investigate new options that will be optimal now (Run 2/Run 3)
and in the future (HL-LHC) using additional information from the reconstructed event. So far,
when using the random forest plus AdaBoost, we get the best accuracy rate of 96.5%.
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1 Introduction

After four-year operation for the ATLAS[2], beams in the Large Hadron Collider came to a stop in
December, 2018. Run 2 was an extraordinary resource for physicists, allowing them to perform the
most optimal exploration of the 13 TeV energy frontier.

Over the course of Run 2, ATLAS recorded about 150 fb~! of proton—proton collision data of which
94% are good for physics analysis, compared to 25 fb~! recorded in Run 1. Thus, study of the famed
Higgs boson was especially fruitful during Run 2.[T]

1.1 Aim and motivation of the works

H — ~~ plays an important role in the ATLAS experimental program because its signal to background
ratio is good and it has excellent two photon invariant mass resolution.[3] In the decay analysis, the
reconstruction of the primary vertex is critical to maximize our sensitivity to a Higgs signal. So our
objective is to select the correct one among the multiple possible positions.

There are several reasons that make this task challenging: First, photons are neutral particles, so
we can’t directly make the reconstruction of the position of the hard interaction of their tracks.[3]
Even, most of the photons will convert into et e~ pairs. Thus, we have to reconstruct the position of
photons either from their clustering positions or from conversion tracks. Moreover, it is also necessary
to discriminate between the hard primary vertex and the vertices originated from concurrent soft colli-
sions (pile-up vertices).[3] As you can see, there exists a lot of experimental parameters in the process
, which are what we are going to focus on.

As a result, the work will be done using simulated events of Run 2 environment and we’ve tried
several machine learning methods to improve the efficiency and accuracy of identifying primary vertex
in H — v events.

1.2 Analysis steps
The work is divided in the following steps:
e Pre-processing
- Understanding relations between features

- Selecting useful features

- Labeling data

e Machine learning
- Random forest
- Random forest + AdaBoost

e Post-processing

2 Software

During the analysis the following software have been used.

2.1 ROOT

ROOTE] is an object-oriented framework aimed at solving the big data analysis challenges of high-
energy physics. It is written mainly in C++ and can be used on Linux, macOS, or Windows. ROOT
also integrates super-smoothly with Python thanks to its unique dynamic and powerful Python =
C++ binding. In this project, we us ROOT to do basic data analysis.



2.2 Scikit-learn

Scikit-learn[5] is an open source Python machine learning library that supports supervised and unsu-
pervised learning. It also provides various tools for model fitting, data pre-processing, model selection
and evaluation, and many other utilities. In this project, we us Scikit-learn to do classification.

3 Pre-processing

3.1 Experimental parameters

A simple event diagram with the experimental parameters is shown in Figure.
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Figure 1: Event diagram (note that ~;,~2 represent the same two photons)

o General parameters
-pileup: The number of pp collisions in the event.
-true_z: The true position of the collision. (from MC)
-true_z1: The true origin the first photon. (from MC)
-true_z2: The true origin the second photon. (from MC)
-beamspot_Z: The center of the interaction region.
-beamspot_Z_width: The length of the interaction region.
-XXm: The mass of the 2 photons (MeV).
-XX_pt: The transverse momentum of the 2 photon system (MeV).
-XX_eta: The direction of 2 photon system.
-XX_phi: The direction of 2 photon system.

e Hadronic jets
-recoJets_pt
-recoJets_eta
-recoJets_phi
-recoJets_m: Mass of the jet.
-recoJets_z: Average z position of the tracks associated to the jet.
-recoJets_z_rms: RMS of the z position of the tracks associated to the jet
-recoJets_z_w: Weight average z position of the tracks associated to the jet.
-recoJets_z_rms_w: RMS of the weighted z position of the tracks associated to the jet.

-recoJets_nTrks: Number of tracks matched to the jet.



e Reconstrucetd primary verticies
-recoVtx nTracks: Number of tracks associated to the vertex.
-recoVtx_z: 7 position of the vertex.
-recoVtx_z_err: Unertainty in the Z position pf the vertex.
-recoVtx_pt
-recoVtx_phi
-recoVtx_eta
-recoVtx_theta
-recoVtx_sumpt
-recoVtx_sumpt2
-recoVtx_truthMatchType=(vector<int>*): Truth properties of the vertex.

-enum VertexMatchType{ MATCHED: > threshold (default 70%) from one truth interaction,
MERGED: not matched, SPLIT: highest weight truth interaction contributes to > 1 vtx (vtx with
highest fraction of sumpT2 remains matched/merged), FAKE: highest contribution is fake (if pile-
up MC info not present those tracks end up as ”fakes”), DUMMY: dummy vertex, NTYPES:number

of types }
-recoVtx_truthHStype=(vector<int>*): Truth properties of the vertex.

-enum HardScatterType{ CLEAN: matched, LOWPU: merged, but dominant contributor, HIGHPU:
merged and dominated by pile-up or fakes, HSSPLIT: split, NONE: not found, NHSTYPES }

-recoVtx_dphi: Difference in direction w.r.t di-photon system.

-recoVtx_dpt: Difference in transverse momentum w.r.t di-photon system.
-recoVtx_dphi_jet: Difference in direction compared to the jets associated to the vertex.
-recoVtx_dpt_jet: Difference in momentum compared to the jets associated to the vertex.
-recoVtxnjet: Number of jets associated to the vertex.

-recoVtx_dphi_jetFwd: Difference in direction compared to the jets associated to the vertex
including fwd jets.

-recoVtx_dpt_jetFwd: Difference in momentum compared to the jets associated to the
vertex including fwd jets.

-recoVtx njetFwd: Number of jets associated to the vertex including fwd jets.

e Photons
-cluster Pt
-cluster_Eta
-clusterPointing z
-clusterPointing z_err
-photonVtxPointing z: Z position from cluster-conversion vertex information.

-photonVtxPointing z err: Z position uncertainty from cluster-conversion vertex informa-
tion.

-photonTrkPointing nTrk: Number of tracks in the conversion vertex.
-photonTrkPointing z: Z position from conversion vertex information.

-photonTrkPointing z err: Z position uncertainty from conversion vertex information.
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Figure 2: Feature distribution of true vertices and background



3.2 Feature selection

In this section, we identify useful features from parameters in Section. by sense of physics and
checked if such feature distributions of true vertices are different from that of background vertices, to
avoid time- and memory-wasting in the learning process. To accomplish this, we separately plot some
of the physical quantities we consider to be more distinguishable between signal and background, and
observe their distribution. These features are shown in Figure.

We can see that at certain values, the occurrence of true vertices is higher. The lower energy of the
background is mostly due to soft QCD interactions of the protons, which are less than those able to
produce a higgs boson, and that is why they have less tracks. The bigger |d¢| of the vertex suggests
the di-photon system is recoiling from the other remnant of the proton collision or vice-versa. Such a
discrimination will be useful in the decision tree. Hence, we put them in to the classifiers and perform
training. The actually useful features for random forest classifier can be identified from the function of
the feature importance, which is shown in Figure. [] These features are proved to be useful. But one
other thing worth noting is that the parameters we have used so far is just an attempt, for completeness
or for improvement, we still have to add other might-be useful parameters to the classifier.
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Figure 3: Feature importance

3.3 Data labeling

We will use classification in our work. So before training, our first step is to label our data, which
means classifying all vertices in the event as either signal or background. Then after doing this, the
classifier will be trained to predict the testing data or in the future select the most likely vertex in the
event to be the signal vertex.

In data labeling, first we split each vertex in the same event into independent samples and keep
the original parameter entry to record the event to which the sample belongs.[Figure. @ Second we
use 0 and 1 to label each sample, where 0 represents background vertex and 1 represents true vertex.
More specifically, we label the vertex closest to the Monte Carlo simulation result (true_z) in each
event as true vertex.



entry recoVix_sumpt recoVix_sumpt2 recoVix dphi clusterPointing_z1 inting_z2 pl inting_z1 pl inting_z2 recoVitx_nTracks

] 0 1.633276 1.767972 2.091142 -21.095335 4.450816 0.0 0.0 41
1 0 1.390695 1.669842 2.412117 -21.095335 4.450816 0.0 0.0 20
2 0 1.531884 1.651738 -1.347121 -21.095335 4.450816 0.0 0.0 32
3 0 1.490315 1.441895 2912775 -21.095335 4.450816 0.0 0.0 39
4 0 1.167896 1.236481 1.785630 -21.095335 4.450816 0.0 0.0 16
5 0 1.077219 1.042398 -0.730479 -21.095335 4.450816 0.0 0.0 15
6 0 1.005396 0.958269 2.280881 -21.095335 4.450816 0.0 0.0 13
7 0 0.854982 0.953054 1.126697 -21.095335 4.450816 0.0 0.0 8
8 0 0.824721 0.935388 -2.353534 -21.095335 4.450816 0.0 0.0 6
9 0 0.772029 0.692645 2.908410 -21.095335 4.450816 0.0 0.0 8
10 0 0.804503 0.674586 -0.839742 -21.095335 4.450816 0.0 0.0 9
1" 0 0.612453 0.448598 1.026081 -21.095335 4.450816 0.0 0.0 6

Figure 4: Data after pre-processing

4 Random forest

4.1 Concept

This supervised learning procedure operates according to the “divide and conquer” principle: sample
fractions of the data, grow a randomized tree predictor on each small piece, then paste (aggregate)
these predictors together into a forest. With using Gini factor, each tree decides the sample either true
or false, and then the forest votes for the prediction.[6]

There are two kinds of trees to build up a random forest : imbalanced trees and balanced trees.
Imbalanced tree means, all classes are supposed to have weight one. In our case, class 0 accounts for
about 95% while class 1 accounts for 5%. On the other hand, balanced tree uses the values, which are
inversely proportional to class frequencies in the input data, to adjust weights.

4.2 Implementation and result

For analysis, we use three indicators to distinguish quality of models: confusion matrix, balanced
accuracy and normal accuracy (imbalanced accuracy). The formula for calculating balanced accuracy
is:
accuracy(class 0) + accuracy(class 1)
2

First we tune the hyper-parameter of the trees in random forest. We have tried some parameters
under the constraints of memory and time. The following parameters are most suitable for the current
situation but not optimal. We set min_samples_leaf=0.1, which means the minimum number of
samples required to be at a leaf node is 0.1 times the size of the training set. We implement these
imbalanced trees and adjust the value of t n_estimators, but the imbalanced accuracy is limited to
95%.[Figure [5] From the confusion matrix we know that the classifier always labels our testing set as
class 0, so implementing balanced trees is imperative. Repeating the above actions and we see the
accuracy will reach saturation at n_estimators=400 but less than 80%.[Figure [5]

5 Random forest + AdaBoost

5.1 Concept

Boosting is an approach to machine learning based on the idea of creating a highly accurate prediction
rule by combining many relatively weak and inaccurate rules. Pseudocode for AdaBoost is shown
below[7] :

Listing 1: AdaBoost Pseudocode

Given: (x1,%1) ,--., (Tm,ym) where z, € X, y; € {-1,+1}.
Initialize: Dy(i)=1/m for i=1,...,m.
For t=1,..,T:
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Figure 5: Imbalanced accuracy of imbalanced and balanced random forest

Train weak learner using distribution D;.

Get weak hypothesis hy: X — {—1,+1}.

Aim: select h; with low weighted error:e = Piup,[he(x;) # yi] -

Choose at:%ln(lz—f‘).

Update, for i=1,...,m:Dp1() = Dt(i)emp(_z?‘y"’h‘(xi)).

Zy is a normalization factor (chosen so that D;i; will be a distribution).
Return the final hypothesis:

H(z) = sign(¥,_; ahi(z))

5.2 Implementation and result

We use random forest again as the weak learner and set T = 100. Since it is a weak learner, we
set n_estimators of the random forest as 2, which means building two trees in one forest, and set
max_depth as 1, which means a tree has a single node. Again, this is the most suitable hyper-parameters
so far, but not optimal. The prediction percentage of each actual class and the number of samples are
shown in Table. [

PREDICTED | PREDICTED PREDICTED | PREDICTED
NEGATIVE | POSITIVE NEGATIVE | POSITIVE
ACTUAL 6774970 1167228 ACTUAL 7906940 35258
NEGATIVE (85.3%) (14.7%) NEGATIVE (99.6%) (0.4%)
ACTUAL 75169 338676 ACTUAL 263437 150408
POSITIVE (18%) (82%) POSITIVE (63.3%) (36.7%)

Table 1.A Balanced tree

Table 1.B Imbalanced tree

Table 1: Confusion matrix

So for balanced tree: the imbalanced accuracy is 85.1% and the balanced accuracy is 83.6%, for
imbalanced tree: the imbalanced accuracy is 96.4% and the balanced accuracy is 67.9%, which are
an improvement of just using random forest.

6 Post-processing

After training several classifiers of random forest+AdaBoost, there are some ways to do ensemble.



6.1 Adding up the probability of each classifier

In this way, we let the output of the prediction be probability of each class and add them up sample
by sample. Then, the class with higher probability will be the final prediction. Another thing worth
mentioning is that there isn’t any sample with same probability of each class.

We use two balanced tree classifiers and two imbalanced tree classifiers to do ensemble and get the
imbalanced accuracy of 94.9% and balanced accuracy of 77.5%.

6.2 Voting by three classifiers

When using two imbalanced tree classifiers and one balanced tree classifier, the imbalanced accuracy
comes to 96.4% and balanced accuracy comes to 69.3%.

When using one imbalanced tree classifier and two balanced tree classifiers, the imbalanced accuracy
comes to 86.5% and balanced accuracy comes to 83.5%.

6.3 Voting by two classifiers

In this way, we use one balanced tree classifier and one imbalanced tree classifier for ensemble. Let
the first digit be the result of balanced tree and the second digit be that of the imbalanced tree. The
possible set of the result becomes {00,01,10,11}. After some simple statistics, {01} doesn’t exist, so
the set of the result becomes {00,10,11}. And the fact that 01 doesn’t exist is reasonable.

Since the entry feature, used to label which vertex belonging to which event, is useless in random
forest, which can be seen by the feature importance function of the classifier in scikit-learn, manually
post-processing is needed.

Step 1. If the result is {00}, then the final result is class 0.

Step 2. If the result is {11}, it is highly possible that the vertex is true vertex. Since there is only
one true vertex in each event, we have to understand how the result distributes by event first.
In this testing set, there is 56.7% with zero {11}, 41.1% with one {11}, 2.1% with two {11},
0.1% with three {11}. Sine the number of {11} in each event is less than four (the number
of reconstruction vertices in one event ranging from 0 to 50) and events with more than one
{11} account for a very small part , it is acceptable to do following things : If the event has
more than one {11}, then the final result of all {11} vertices becomes 1 and for {10} vertices
in this kind of event, the final result is suppressing to 0.

Step 3. Now the problem is, there is 56.7% of the events that doesn’t have {11} vertices.

The number of {10} in this case can be seen from Figure. [6}

event

No

0.0 25 5.0 7.5 10.0 125 150 17,5 20.0
No. {10}

Figure 6: Imbalanced accuracy of imbalanced and balanced random forest
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We have some different choices now :

case 1. Let 10 in these events be 0

case 2. Let 10 in these events be 1

In case 1, imbalanced accuracy comes to 96.5% and balanced accuracy comes to 68.4%. In
case 2, imbalanced accuracy comes to 89.1% and balanced accuracy comes to 83.8%.

7 Comparison and Conclusion

The results of the various methods described above are shown in the Table. 2} So far, the two indicators
have not been able to achieve the best at the same time. But overall, the results after manual post-
processing are better. In the future, detailed figures of decision trees from the classifiers can be used to
in-depth understand the use of different features in decision-making, in order to improve the accuracy.
The example decision tree diagram is shown in Figure. [7]

Method ‘ Balanced Accuracy ‘ Imbalanced Accuracy
Add up probability 77.5% 94.9%
Three classifiers vote 69.3% 96.4%
Two classifiers vote 68.4% 96.5%
(case 1)
Two classifiers vote 83.8% 891%
(case 2)

Table 2: Results

recoVtx_sumpt <= 1.4
gini=0.5
samples = 21129812
value = [16712032.4, 16713085.5]
True

False

XX_pt <= 31253.0 T =0d
o les = 6684871
samples = 14444941 [ samples =
value = (11887583 1 2540399,0] ) \value = [4824449.3, 14172686 5]

gini = 0.4 gini = 0.2
samples = 7250625 samples = 7194316
value = [5929751.0, 2002613.0] value = [5957832.1, 537786.0]

Figure 7: Tree of random forest
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