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1 Introduction

Many beyond the standard model (BSM) theories predict massive particles that may decay
to the standard model Higgs boson plus a vector boson (W* /W™ or Z), or quark. With the
recent discovery of the Higgs boson [1, 2], searching for BSM particles using Higgs boson final
states have now become common. The Higgs boson decays to a bb pair with a branching fraction
of ~ 58%, and hence this is the decay mode that is often used in BSM physics searches. The
W bosons or the Z boson is typically required to decay into a leptonic (electron or muon) final
state, to provide a clean signature to trigger on, with relatively low backgrounds. A combination
of the two allows for a full mass reconstruction of many new physics particles like resonances
decaying to dibosons [3], or vector-like quarks [4].

Because the BSM particle searched for is mass, about 1 TeV or above, the decay products
are highly Lorentz-boosted. This leads to high transverse momentum (pr) jets arising from the
H — bb decay, in these events. The high pr results in the b quark-antiquark pair to be very
close to each other, other, and merge into one jet, that is typically reconstructed using large
jet sizes (AR = 0.8). The distribution of pr of the Higgs boson is shown on Fig. 1 (left).
The Higgs boson has large pr with the maximal value of %mx. On the Fig. 1 (right) there
is the pseudorapidity (n) distribution. As one can note from this plot the Higgs boson is very
centralized.
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Figure 1: Left: pt distribution of the Higgs boson. Right: 7 distribution of the Higgs boson.

Figure 2 shows that the distance AR between simulated b and b quarks is inversely pro-
portional to pr. This work focuses on the improvement of the Higgs jet mass resolution using
a regression technique. The regression makes use of boosted jets with substructure informa-
tion [6], coupled with the pecularities of a b quark decay, like the presence of a soft lepton (SL)
inside the jet. It has allowed to improve the resolution of the mass reconstruction and transverse
momentum of the Higgs boson. The results of this investigation are shown in the report.
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Figure 2: Distance AR between b and b quarks depending on pr of the Higgs boson

2 Reconstruction of boosted H — bb jets

The importance of physics at transverse momenta pt >> myz has implications for the structure of
the final state because at high transverse momenta, ”signature” particles, W, Z, Higgs bosons and
top quarks, have very collimated decays (due to their relativistic boost). Standard approaches
for identifying these particles fail because all the decay products end up in a single jet. The work
so far on identifying hadronic decays of boosted heavy particles has fallen into two broad classes:
particles with two-pronged decays (the electroweak (EW) bosons), and those with three-pronged
decays (top quarks). In two-pronged jets which are interested in there are two main issues of
jet reconstruction resulting in jet mass error. First is mass loss because of perturbative gluon
radiation for small distance parameter. Vice versa for bigger AR values there is significant
contribution of underlying events (UE) events and pileup. So that one can understand the task
of minimizing both types of contribution [5]. The jet pruning algorithm [7] is used to remove
UE and pileup component of the jet energy. The data to be regressed is AKS8 jet, which was
defined by anti-kt algorithm with AR equal to 0.8. Figure 3 shows the high efficiency of this
jet definition for high pr.
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Figure 3: Left: Comparison of mass reconstruction for anti-kt algorithm with AR = 0.8 and
AR = 0.4. Right: Efficiency of AK8 and AK4 jets. Distribution ”FatjetAK8pruned_pt” was
obtained by pruning [7] of ungroomed data.

From the Fig. 3 one can see that AKS jet’s reconstructed pr is close to simulated one and
its efficiency is equal to 100% for wide range of high pr that is much better than AK4 jet’s
efficiency for instance.



3 Mass Regression

The Toolkit for Multivariate Analysis (TMVA) [9] provides a ROOT-integrated environment for
the processing, parallel evaluation and application of multivariate classification and multivariate
regression techniques. All multivariate techniques in TMVA belong to the family of ”supervised
learning” algorithms. They make use of training events, for which the desired output is known,
to determine the mapping function that either describes a decision boundary (classification) or
an approximation of the underlying functional behavior defining the target value (regression).
The mapping function can contain various degrees of approximations and may be a single global
function, or a set of local models [9].

In this work the Boosted Decision Tree (BDT) method is used. A decision (regression) tree is
a binary tree structured classifier (regressor). Repeated left /right (yes/no) decisions are taken on
one single variable at a time until a stop criterion is fulfilled. The phase space is split this way into
many regions that are eventually classified as signal or background, depending on the majority
of training events that end up in the final leaf node. In case of regression trees, each output node
represents a specific value of the target variable. The boosting of a decision (regression) tree
extends this concept from one tree to several trees which form a forest. The trees are derived
from the same training ensemble by reweighting events, and are finally combined into a single
classifier (regressor) which is given by a (weighted) average of the individual decision (regression)
trees. Boosting stabilizes the response of the decision trees with respect to fluctuations in the
training sample and is able to considerably enhance the performance w.r.t. a single tree [9].

The regression seeks to improve the mass resolution of the jet. However we use as the
target value, the ratio of the Higgs boson pr from simulations to the reconstructed jet pr

p%en'H / p%mnedj “* as the target value in performing the regression. It is expected that the pruned
mass of the jet scales the same way as p%en'H / p]%m"edj e,

The variables chosen for the regression correspond to the properties of a Higgs jet, for instance
the kinematic variables like the jet pp, n and the mass (ungroomed, groomed vs. calibrated and
uncalibrated), and well the properties of a B hadron decay, like the presence of a secondary
vertex (SV) and soft leptons. B tagging is frequently used for identifying Higgs jets. The newly
developed “double b tagger algorithm” [8] holistically identifies jets from massive resonances
like the Z or the Higgs bosons decaying to a bb pair. This information is also used for the
regression to study the effects of flavour tagging. The baseline regression (Cat 0) uses the

following variables:

1. The ungroomed AKS jet pr;

2. The pruned AKS jet pr ;

3. The pr of the pruned AKS jet after jet energy calibrations are applied to the pruned mass;
4. The n of the pruned AKS jet after jet energy calibrations are applied to the pruned mass;
5. The number of tracks associated with the AKS jet;

6. The mass of the leading SV associated to the AKS jet;

7. The SV energy ratio to that of the AKS jet, of the leading secondary vertex associated to
the AKS jet;

8. The SV energy ratio to that of the AKS jet, of the subleading secondary vertex associated
to the AKS jet;

9. The number of SL associated to the AKS jet;



10. The p*e! of the leading soft lepton associated to the jet.
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Figure 4: AKS jet mass distribution for different SL cases: all events marked in black, events
with SL is marked in green and events without SL are marked with red color

The presence of the SL from a semileptonic B hadron decay inside the jet significantly
distorts the mass distribution. It can be attributed to neutrinos accompanying such a decay,
which escapes undetected, thereby reducing the energy of the original parton. The influence of
SL presence on reconstructed mass is shown on Fig. 4. As one can see distribution of events
without SL has narrower the Higgs boson mass peak.

In addition we define two more categories of regression:

1. Cat 1 = Cat 0 + the double b tagger information;
2. Cat 2 = Cat 0 - the soft lepton information.

B tagging is important and provide us with information about whether event is signal or
not. Another regression category uses different values of parameter mx

On Fig. 5 there is a fit with gaussian function. And on Fig. 6 there is a fit with Crystal
Ball (CB) function on the narrower range. The gaussian function gives less o value because it
fits only the peak of the distribution.
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Figure 5: Right: non-regressed jet mass distribution gaussian function fit. Left: Regressed jet
mass distribution gaussian function fit.

The fit results are presented for different regression trainings in Tables 1 and 2. Table 1 is
for the gaussian function fit and Table 2 is for the CB one.
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Figure 6: Left: non-regressed jet mass distribution CB fit. Right: regressed jet mass distribution
CB function fit

Table 1: The gaussian function fit of different categories of regression

training mean o o/u
non-regressed | 118.10 | 8.79 | 0.0744
Cat 0 123.35 | 9.00 | 0.0729
Cat 1 123.36 | 9.05 | 0.0734
Cat 2 123.32 | 9.16 | 0.0743
varied mx 125.05 | 10.74 | 0.0859

Table 2: The CB function fit of different categories of regression

training mean o o/u
non-regressed | 117.07 | 9.23 | 0.0788
Cat 0 123.51 | 9.68 | 0.0784
Cat 1 123.49 | 9.62 | 0.0779
Cat 2 123.45 | 9.64 | 0.0781
varied mx 125.16 | 10.10 | 0.0807

4 Summary

We consider boosted H — bb jets which were defined by AK8 method. We apply regression
technique to jet mass reconstruction. In regression we use several different methods with several
different sets of training variables.

This application results in improvement of the mass reconstruction by 3-4 percent.

There are several options to improve regression results. First is more careful pileup rejection.
Second is using several different mx values. And third is considering other decays for example
with diboson or H + t production.
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Appendix. All the other fits of regressed mass distirbution
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Figure 7: Cat 1 regression. Left: gaussian function fit. Right: CB function fit
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Figure 8: Cat 2 regression. Left: gaussian function fit. Right: CB function fit
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Figure 9: Regression using different mx. Left: gaussian function fit. Right: CB function fit



