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Abstract.

Energy reconstruction is a crucial step for all calorimeters, which takes the digitized signal as

input, and outputs the energy of the sample of interest. This paper introduces different energy reconstruction
algorithms used in the CMS hadron calorimeter during LHC Run 1 and Run 2, and compares their performance.
A machine learning based algorithm is also presented, which shows improved performance.

1 Introduction

The Compact Muon Solenoid (CMS) is a multi-purpose
detector at the Large Hadron Collider (LHC) located at the
point-5 site of CERN. It is composed of four main sub-
detectors: tracker, electromagnetic calorimeter (ECAL),
hadron calorimeter (HCAL), and muon system. A detailed
description of the CMS detector can be found in Ref. [1].

The two major components of the HCAL are known
as the hadron barrel (HB) and the hadron endcaps (HE).
Between the magnet and muon system, the hadron outer
(HO) is placed to capture energetic hadronic showers. In
the forward region, the hadron forward (HF) is installed to
provide larger pseudorapidity (77) coverage of up to 5.

Both HB and HE are sampling calorimeters that use
alternating layers of brass as the absorber and plastic scin-
tillator tiles as the active material. Figure 1 shows a cross-
sectional view of the HB and HE in the r-z plane. Along
the n direction, the modules are segmented from 1 to 29
as labeled, and are referred to as in. In the r-¢ plane, the
modules range from 1 to 72, and are referred to as i¢p. Sim-
ilarly, the depth segments are shown in different colored
shades. The number of depth has been increased before
2018 data-taking.

As shown in Figure 2, the scintillation light is pro-
duced from the energy deposited by the hadronic shower
and propagated through wavelength-shifting (WLS) fibers
to the photodetectors and frontend electronics. Here, the
optical signal is converted into an analog electric signal,
which then is digitized by a Charge Integrator and Encoder
chip (QIE) that integrates the charge from the photodetec-
tor over an interval called “time sample" (TS) that corre-
sponds to the LHC bunch spacing.

This paper extends our previous publication in Ref. [3]
by introducing a machine learning based reconstruction al-
gorithm, which shows improved performance.
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2 Reconstruction Algorithms

Reconstruction algorithms take the QIE measurements of
eight TSs as inputs, and extract the energy in each channel
from the collision of interest. A challenge is that, as shown
in Figure 3, the width of the pulses obtained from the scin-
tillator tile is wider than one TS, meaning a leakage of the
in-time pulse to the next TSs.

In Run 1 the bunch spacing was 50 ns and the recon-
struction was a simple sum of QIE measurements in the
sample of interest (SOI) and SOI+1 after subtracting the
contributions from QIE and SiPM leakage current which
are usually referred to as pedestals. (For simplicity, “QIE
measurement” means pedestal subtracted QIE measure-
ment in the rest of the paper.) Then a correction factor is
applied to account for the tail extending beyond two TSs.
This algorithm is called MethodO (MO).

In Run 2, MO was expected to yield a poor energy
resolution due to out-of-time pileup (PU) contamination.
Therefore, new algorithms that extract only the energy for
SOI were developed.

Method2 (M2) is a pulse fitting algorithm that extract
the SOI energy by minimizing a y? defined as
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Figure 4 show the free parameters in the M2 minimiza-
tion; they are the pulse amplitude and arrival time of up to
three fitting templates, and a floating baseline.

A big disadvantage of M2 is its processing speed,
which is too slow to run in online reconstruction.
Therefore, a simplified algorithm was developed, named
Method3 (M3).

M3 also uses three pulses, but instead of fitting to full
eight TSs, it uses only the QIE measurements and the por-
tion of templates in SOI-1, SOI, and SOI+1. As shown in
Figure 5, the main difference compared to M2 is that the
pulse amplitudes are obtained not by fitting, but by solving
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Figure 1. A cross sectional view of the HB and HE in the -z plane. The in coordinates are labeled, and the depth segmentation is coded
in different colors. The number of depths of the HE was increased before the 2018 data-taking period. The location of the front-end

electronics (labeled “FEE”) is also shown.
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Figure 2. An illustration of HCAL readout chain.
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Figure 3. Average HE pulse shape measured in data. The red
solid line is the pulse shape used for reconstruction in data with
1 ns granularity. The yellow filled histogram is integrated from
the red line for each TS.

the following set of linear equations:
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Until 2017, M2 and M3 were used for offline and
online reconstructions, respectively. This inconsistency
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Figure 4. A demonstration of the M2 algorithm. The red, blue,
and green histograms represent the previous, in-time, and next
pulse, respectively. The arrows indicate the free parameters in
the minimization.

was resolved by a new algorithm, called Minimization At
HCAL, Iteratively (MAHI), which was in use since 2018.

MAHI extracts pulse amplitudes A; by minimizing a
x? defined as

=pi-d [pA-d] )

Figure 6 shows two example of MAHI fitting.
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Figure 5. A demonstration of the M3 algorithm. Pulse templates
for SOI-1, SOI, and SOI+1 are shown in blue, yellow, and pink,
respectively. In each template only the portion within the range
of SOI-1 to SOI+1 is used. Gray component shows the baseline.
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Figure 6. Representative fit results from MAHI for high-energy
(upper) and low-energy (lower) hits. The points are QIE mea-
surements (converted to units of energy), and the filled his-
tograms represent fitted pulse shapes. The fit result for each
pulse, labeled by its position relative to the SOI, is listed in the
legend. The total uncertainty is shown by the hatched areas.

3 Reconstruction Performance

First, we study the reconstruction performance using iso-
lated tracks in 2018 data, with the same method in HCAL
calibration [2]. As shown in Figure 7, a Gaussian function
is fit to the ratio and the corresponding o~ and i from the fit
are regarded as the resolution and response. The normal-
ized resolutions (o-/u) are also noted on the figure. The
measured energy resolution for each method in this study
is comparable.
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Figure 7. Energy resolutions of M0, M2, and MAHI, using iso-
lated track momentum as a reference. The vertical bars show the
statistical uncertainty in the number of tracks in each bin.

The second performance study is based on missing
transverse momentum (MET) response and resolution, us-
ing 2018 data triggered by two muons. After the recon-
struction of the Z boson, the MET of the event is projected
to the Z py direction, and thus form the parallel and ver-
tical components of the recoil system with respect to the
Z pr direction. The resolution at a certain Z pr is defined
as the standard deviation of the parallel or vertical com-
ponent energy distribution in that Z pr bin, as shown in
Figure 8.
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Figure 8. MET resolutions as a function of the Z boson pr,
measured in a data set triggered by two muons. The left (right)
plot is the resolution of the component parallel (perpendicular)
to the Z boson’s pr. Error bars reflect statistical uncertainties.

4 Reconstruction Using Machine Learning

As introduced in Section 2, each of the three pulse fitting
algorithms, namely M2, M3, and MAHI has its own dis-
advantage.

For M2, the major disadvantage is the processing
speed. Because of this, it can only fit up to three pulses,
which limits the performance at low energy / high PU, es-
pecially for high-luminosity LHC.

For MAHI on the other hand, it’s able to fit up to eight
pulses, but the degree of freedom of the pulse arrival time
is removed. This limits MAHI performance, especially at
high energy, where the hit timing variance (due to fluctua-
tions in hadron shower development, etc) plays an impor-
tant role in the resolution.

Considering these disadvantages of analytical (i.e.
pulse fitting) methods, a machine learning based approach
is developed, which is called Deep Learning Processes for
HCAL INtegration, AKA DLPHIN.

As shown in Figure 9, the central feature of the DL-
PHIN architecture is a 2D CNN. The input to the first di-
mension is the QIE measurements in eight TSs, which is
the same as the analytical reconstruction methods. The
second dimension is the depth, which exploits correlations
among channels in an HCAL tower. Since hits from PU
usually deposit energy in low depths, adding the second
dimension gives the neural network more information, and
thus improves the performance, especially at low energy.

Two performance studies were done using 2018 Monte
Carlo (MC) samples. The upstream performance study
is on HCAL channel level, which compares the recon-
structed energy by different algorithms to GEANT4 simu-
lation, using a charged pion MC sample. The resolution is
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Figure 9. An illustration of DLPHIN architecture.

defined as the standard deviation in each bin of the simu-
lated hit energy.

Figure 10 shows that, as explained above, MAHI (M2)
has a better resolution at low (high) energy, while DL-
PHIN has the best resolution in the full spectrum.
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Figure 10. HCAL channel level resolution using a pion MC sam-
ple, using GEANT4 simulated hit energy as a referee .The res-
olution is defined as the standard deviation in each bin, and is
normalized with response. MAHI (blue) has a better resolution
at low energy, M2 (black) better at high energy, and DLPHIN
(red) is better in the full spectrum.
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Figure 11. PF jet level resolution as a function of generator-level
jet pr. The left plot is for barrel (0 < || < 0.5); the right plot is
for endcaps (2.1 < || < 2.5). The HCAL energy is reconstructed
by MAHI (blue) and DLPHIN (red) respectively

The downstream performance study is on particle flow
(PF) [4] jet level, which compares the reconstruction-level
and generator-level jet pr, using a QCD MC sample. Two
sets of HCAL reconstructed energy using MAHI and DL-
PHIN are the only difference in this study.

At low pr, PF jet resolution is dominated by tracker
performance, so it is similar between the two methods.
Athigh pr where HCAL performance becomes important,
DLPHIN improves the resolution up to 5% in barrel, and
10% in endcaps, as shown in Figure 11. The improvement
is more significant in endcaps due to HE fine segmenta-
tion, which better exploit DLPHIN’s 2D CNN architec-
ture.

5 Summary

We introduced four HCAL energy reconstruction algo-
rithms used in HLC Runl and Run 2, namely MO, M2,
M3, and MAHI. Each of them has its own advantage and
disadvantage. We also presented a machine learning based
algorithm, DLPHIN, which shows improved performance
in MC simulations. We are now studying its performance
in data.
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