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Plan
• Overview of basic concepts… a bit of a physics lecture. 

• Motivations: why do we need ML? 

• Since we are talking about imaging, I’ll focus on Deep 
Learning… Convolutional Nets. 

• Examples of Deep Learning in HEP detectors. 

• I googled and stole various figures from talks, papers, 
… apologies for not providing references…  difficult to 
identify origin of many of the figures.



Context



HEP Experiments
• 2 parts to HEP experiment:  

• source: e.g. LHC collisions creating quickly decaying heavy 
particles 

• detector: a big camera 

• pictures of long-lived decay products of short lived heavy/
interesting particles.  

• Detectors parts: Tracking, Calorimeters, Muon system, Particle 
ID (e.g. Cherenkov, Time of Flight) 
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Collisions Producing Top Quarks! 



Europe
• Europe: LHC at Energy Frontier: World’s most 

energetic proton-proton machine.  

• Found the Higgs in Run 1…  

• Next goals: 

• Test naturalness (Was the Universe and 
accident?) by searching for New Physics 
like Supersymmetry.   

• Find Dark Matter (reasons to think related 
to 1) 

• Study the SM Higgs find new Higgses 

• Run 2 at higher energy now.  

• Run 3 at higher luminosity by end of decade.  

• High Luminosity- LHC by 2025.  

• 100 TeV Machine later in the century? (In 
China?)



• US: Long Baseline Neutrino Facility (LBNF)/Deep 
Underground Neutrino Experiment (DUNE) at Intensity 
Frontier 

• Shoot intense neutrino beam through earth at a 
Near and Far (1300km) detector. 

• Physics Goals:  

• Study Neutrinos, especially Charge Matter 
Violation (Why is there Matter in the Universe?). 

• Supernova 

• Proton Decay  

• Dark Matter 

• Liquid Argon Time Projection Chambers (LArTPC) 
detector technology.  

• Short Base Line program and LArTPC R&D until 
~2020. (Many experiments ~ 100 Ton) 

• Beam to 10 kiloton DUNE in 2025…  

• Gradually expand to 40 kilotons and run for 30 
years.

US
● Long Baseline Neutrino 

Experiment is the next major 
neutrino experiment 
proposed

– Build a large scale (34 kTon) 
LArTPC deep underground

– Build it at a baseline that 
optimizes the oscillation 
parameters to probe CP 
violation and the mass 
hierarchy

– Build  it deep underground to 
maximize your sensitivity and 
allow you to do more physics

– Shoot a powerful beam of 
neutrinos at it

LBNELBNE
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Japan
Chapter 3
The International Linear Collider
Accelerator

3.1 The ILC Technical Design
3.1.1 Overview

The International Linear Collider (ILC) is a high-luminosity linear electron-positron collider based on
1.3 GHz superconducting radio-frequency (SCRF) accelerating technology. Its centre-of-mass-energy
range is 200–500 GeV (extendable to 1 TeV). A schematic view of the accelerator complex, indicating
the location of the major sub-systems, is shown in Fig. 3.1:
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Figure 3.1. Schematic layout of the ILC, indicating all the major subsystems (not to scale).

• a polarised electron source based on a photocathode DC gun;

• a polarised positron source in which positrons are obtained from electron-positron pairs by
converting high-energy photons produced by passing the high-energy main electron beam
through an undulator;

• 5 GeV electron and positron damping rings (DR) with a circumference of 3.2 km, housed in a
common tunnel;

• beam transport from the damping rings to the main linacs, followed by a two-stage bunch-
compressor system prior to injection into the main linac;

• two 11 km main linacs, utilising 1.3 GHz SCRF cavities operating at an average gradient of
31.5 MV/m, with a pulse length of 1.6 ms;
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• Europe: LHC at Energy Frontier 

• US: LBNF/DUNE at Intensity Frontier 

• Japan: International Linear Collider (ILC): Most energetic e+e- machine.  

• Japanese will hopefully build this in 2020s.  

• Precision studies of Higgs and hopefully new particles found at LHC. 

• High granularity Silicon Tracking and Digital Calorimeters.4.6. SiD

Figure 4.2. The SiD detector, showing (left) an isometric view on the platform, and (right) a quadrant section.
Colour coding: tracking (red), ECAL (green), HCAL (violet) and the flux return (blue).

pixel disks. In addition, there are three silicon pixel disks at a larger distance from the interaction
point to provide uniform coverage for the transition region between the vertex detector and the outer
tracker. This configuration provides for very good hermeticity with uniform coverage and guarantees
excellent charged-track pattern-recognition capability and impact-parameter resolution over the full
solid angle. The vertex detector design relies on power pulsing during bunch trains to minimise
heating and uses forced air for its cooling. The main tracker technology of choice is silicon-strip
sensors arrayed in five nested cylinders in the central region with an outer cylinder radius of 1.25 m
and four disks in each of the endcap regions. The geometry of the endcaps minimises the material
budget to enhance forward tracking. The detectors are single-sided silicon sensors with a readout
pitch of 50 µm.

The choice of PFA imposes a number of basic requirements on the calorimetry. The central
calorimeter system must be contained within the solenoid in order to reliably associate tracks to
energy deposits. The electromagnetic and hadronic sections must have imaging capabilities that allow
both e�cient track-following and correct assignment of energy clusters to tracks. These requirements
imply that the calorimeters must be finely segmented both longitudinally and transversely.

The combined ECAL and HCAL systems consist of a central barrel part and two endcaps,
nested inside the barrel. The entire barrel system is contained within the volume of the cylindrical
superconducting solenoid. The electromagnetic calorimeter has silicon active layers between tungsten
absorber layers. The active layers use 3.5◊3.5 mm2 hexagonal silicon pixels, which provide excellent
spatial resolution. The structure has 30 layers in total, the first 20 layers having a thinner absorber than
the last ten layers. This configuration is a compromise between cost, electromagnetic shower radius,
sampling frequency, and shower containment. The total depth of the electromagnetic calorimeter is
26 radiation lengths (X0) and one nuclear interaction length. The hadronic calorimeter has a depth
of 4.5 nuclear interaction lengths, consisting of alternating steel plates and active layers. The baseline
choice for the active layers is the glass resistive-plate chamber with an individual readout segmentation
of 10◊10 mm2. Two special calorimeters are foreseen in the very forward region: LumiCal for precise
measurement, and BeamCal for fast estimation, of the luminosity.

The SiD superconducting solenoid is based on the CMS solenoid design philosophy and construc-
tion techniques, using a slightly modified CMS conductor as its baseline design. Superconducting
strand count in the coextruded Rutherford cable was increased from 32 to 40 to accommodate the
higher 5 T central field. The flux-return yoke is instrumented with position sensitive detectors to
serve as both a muon filter and a tail catcher. The SiD Muon System baseline design is based on

Executive Summary ILC Technical Design Report: Volume 1 31



Why go Deep?
• Better Algorithms 

• Hopefully DNN-based classification/regression out performs hand crafted algorithms. 

• For LArTPC, it may be able to do something we cannot do well algorithmically. 

• Unsupervised learning: DNNs classify without being told what are the classes.  

• The hope is that DNNs could make sense of complicated data that we don’t understand or expect (e.g. 
anomaly detection).  

• Faster Algorithms 

• After training, DNN inference is sometimes faster than algorithmic approach. e.g. Playing go. 

• Already parallelized and optimized for GPUs/HPCs. First broadly applicable and low threshold use of GPUs.  

• Industry building highly optimized software, chips, systems (HPCs), and cloud services.  

• DNN can encapsulate expensive computations, e.g. Matrix Element Method or simulation.   

• Easier Algorithm Development: Feature Learning instead of Feature Engineering  

• Reduce time physicists spend writing developing algorithms that process raw data into the inputs features 
(e.g. Reconstruction) to traditional analysis or Machine Learning. 

• Save on development time and costs.
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Moore’s law?
• For the first time, the cost of adding more transistors/silicon area has increased recently. 

• HL-LHC computing requirements will outpace Moore’s Law. 

• We cannot assume that we will easily get 10x the computing power for same price in 10 years. 

• First estimates of cost of HL-LHC computing is several times LHC, even assuming Moore Law.     

• Solutions: 

• Quantum computers are no good for us… 

• Highly parallel processors (e.g. GPUs) are already > 10x CPUs for certain computations. 

• Unfortunately parallelization (i.e. Multi-core/GPU) has been difficult. 

• Trend is away from x86 towards custom hardware (e.g. GPUs, Mics, FPGAs, Custom DL Chips) 

• Deep Learning and Neuromorphic chips are a possible solution.  

• Think of the DL “seeing” tracks in silicon detectors like how DeepMinds’s AI sees moves on 
the go board. 

• Neuromorphic chips are incredibly power efficient.   



Particle Detectors



How do we 
“see” particles?
• Charged particles ionize media  

• Image the ions. 

• In Magnetic Field the curvature of 
trajectory measures momentum. 

• Momentum resolution degrades as 
less curvature: σ(p) ~ c p ⊕ d.  

• d due to multiple scattering.   

• Measure Energy Loss (~ # ions) 

• dE/dx = Energy Loss / Unit Length = 
f(m, v) = Bethe-Block Function 

• Identify the particle type 

• Stochastic process (Laudau) 

• Loose all energy → range out.  

• Range characteristic of particle type.

28 2 Interactions of Particles in Matter

Fig. 2.3 Energy loss in air
vs. the kinetic energy for
some charged particles.
Figure calculated using
Eq. (2.3)

For the purpose of a qualitative discussion the Bethe–Bloch equation can be
approximated as

dE
dx

≈ ρ (2 MeVcm2/g)
Z2

β2 (2.4)

If the density is expressed in g/cm3, the energy loss is in units MeV/cm. In the
literature, the term ‘energy loss’ sometimes refers to the loss divided by the density.
In the latter case, the energy loss has the units MeV cm2/g. For electrons with energy
of more than 100 keV, the velocity is close to the velocity of light (β≈1), and the
energy loss is about 2 MeV/cm multiplied by the density of the medium.

For all particles, the energy loss decreases with increasing energy and eventually
reaches a constant, energy-independent value. That value is approximately the same
for all particles of unit charge (see Fig. 2.3).

For alpha particles the velocity is usually much less than the velocity of light, and
the energy loss is much larger. However, the Bethe–Bloch equation is valid only if
the velocity of the particle is much larger than the velocity of the electrons in the
atoms, and for alpha particles, this condition is usually not satisfied. The velocity of
electrons in atomic orbits is of the order of 1% of the velocity of light. For particle
velocities that are small compared to the typical electron velocities in the atoms,
the energy loss increases with the energy and reaches a maximum when the particle
velocity is equal to the typical electron velocity. After this maximum, the energy
loss decreases according to the Bethe–Bloch equation. This behaviour is illustrated
in Figs. 2.4 and 2.13.

Since particles lose energy when travelling in a medium, they will eventually
have lost all their kinetic energy and come to rest. The distance travelled by the



Tracking
• Measure Charged particle trajectories. If B-field, then 

measure momentum.

PATTERN 

BANK

1 2 3 4
…

Track parameters found in a 2nd step

(more sequential, but fast if you used 

enough AM cells in the first stage)

A pattern is a sequence of hits in the different layers, represented by coordinates. 

A particle trajectory is a specific sequence of hits. Hit are read out sequentially, and 

compared in parallel to a set of pre-calculated “track patterns” - NO combinatorics. 

Based on 

custom ASIC

Matched 

patterns 

queued to 

 output. 

Track reconstruction by pattern-matching 

using “Associative Memory” 



How do we “see” particles?
• Particles deposit their energy in a stochastic process know as 

“showering”, secondary particles, that in turn also shower. 

• Number of secondary particles ~ Energy of initial particle.  

• Energy resolution improves with energy: σ(E) / E = a/√E ⊕ b/E ⊕ c.  

• a = sampling, b = noise, c = leakage.   

• Density and Shape of shower characteristic of type of particle. 

• Electromagnetic calorimeter: Low Z medium  

• Light particles: electrons, photons, π
0
 →γγ interact with electrons in 

medium 

• Hadronic calorimeters: High Z medium 

• Heavy particles: Hadrons (particles with quarks, e.g. charged 
pions/protons, neutrons, or jets of such particles) 

• Punch through low Z.  

• Produce secondaries through strong interactions with the 
nucleus in medium. 

• Unlike EM interactions, not all energy is observed. 
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Calorimetry
• Make particle interact and loose all energy, which we measure. 2 types:  

• Electromagnetic: e.g. crystals in CMS, Liquid Argon in ATLAS.

• Hadronic: e.g. steel + 
scintillators 

• e.g ATLAS: 

• 200K Calorimeter cells 
measure energy 
deposits. 

• 64 x 36 x 7 3D Image



LHC detectors



• Charged Particles traveling faster than speed of light in medium 
emit Cherenkov light (analogous to sonic boom).  

• Light emitted in cone, with angle function of speed and mass. 

• Depending on context, allow for particle identification and/or 
speed measurement.

How do we “see” particles?



LARIAT MOTIVATION: NEEDS OF NEUTRINO EXPTS 
In neutrino experiments, try to determine flavor and estimate energy of 

incoming neutrino by looking at outgoing products of the interaction.  

2015/10/19 LARSOFT RECONSTRUCTION ASSESSMENT AND REQUIREMENTS WORKSHOP 2 

Incoming neutrino: 
 Flavor unknown 
 Energy unknown 

Outgoing lepton: 
 Flavor: CC vs. NC, !+ vs. !-, e vs. " 
 Energy: measure 

Mesons: 
 Final State Interactions 
 Energy? Identity? 

Outgoing nucleons: 
 Visible? Energy? 

Target nucleus: 
 Nucleus remains intact for low Q2 

 N-N correlations 

Typical neutrino event!

Jen Raaf

Neutrino Detection



Neutrino Detectors
• Need large mass/volume to maximize chance of neutrino interaction. 

• Technologies: 

• Water/Oil Cherenkov 

• Segmented Scintillators 

• Liquid Argon Time Projection Chamber: promises ~ 2x detection efficiency. 

• Provides tracking, calorimetry, and ID all in same detector.  

• Usually 2D read-out… 3D inferred. 

• Gas TPC: full 3D 

10

Principal of LArTPCPrincipal of LArTPC

LArTPCs make 3D reconstruction possible!

● wire planes give 2D position information
● the third dimension is obtained by combining timing information 
    with drift velocity (v

d
): x= v

d
(t-t

0
)  → hence, a “Time projection chamber”



ILC Detectors
• Precision measurements require excellent calorimetry 

• Aim for jet energy resolution giving di-jet mass resolution 
similar to Gauge boson widths 

• Various concepts ~ digital/high granularity calorimetry + 
particle flow. 

• Similarities to upgrade LHC forward detectors 

DESY, 7/7/2008 Mark Thomson 16

Calorimeter Reconstruction
� High granularity calorimeters –

very different to previous detectors
(except LEP lumi. calorimeters)

� “Tracking calorimeter” – requires
a new approach to ECAL/HCAL
reconstruction   

+PARTICLE FLOW

ILC calorimetric performance = HARDWARE + SOFTWARE

Performance will depend on the software algorithm

Nightmare from point of view of detector design/optimisation

DESY, 7/7/2008 Mark Thomson 43

e.g. change HCAL tile size  1x1 � 10x10 mm2

1x1 3x3 5x5 10x10 

“Preliminary Conclusions”
� 3x3 cm2 cell size
� No advantage � 1x1 cm2

• physics ?
• algorithm artefact ?

� 5x5 cm2 degrades PFA
• Does not exclude coarser

granularity deep in HCAL 







DL Based Reco
• Immediate uses: 

• “Imaging” detectors likely path: 

1. Improved classification/regression with Convolutional NNs.  

2. Fast Showers with Generative models.  

3. Feature (particle) extraction with Regional NN and semantic segmentation. 

4. Full event classification 

• Recurrent networks 

• Reinforcement training… turn reconstruction into a board game. 

• Help with detector optimization: 

• DL provides easily obtainable, consistent, and probably optimal metrics.  

• Just simulate… no need to build reco tuned to every possibility.  

• Understand the fundamental limits but turning on physics / detector effects one by one in 
simulation. 



Towards LHC DNNs Reco
• Calorimetry most natural starting point. 

• High likelihood of success: 3D Image (~ 64 x 36 x 7) classification + Energy Regression, similar to LArTPC. 

• High impact:  

• Improve ID and energy resolution make the peaks stand out. 

• Turn DNN into generative model for fast shower simulation. 

• High potential: we don’t use all information so room for improvement 

• e/gamma: take full advantage of the high granularity and accordion structure 

• hadronic calibration: take full advantage of longitudinal sampling and other handles  

• particle flow: correlate with tracks (and vertex) for hadronic calibration, taus, jet-tagging, boosted 
objects…  

• Imagine Inner Detector and Muon Spectrometer as additional high resolution longitudinal layers.   

• Tracking  

• Primarily addresses a computing problem: Tracking in trigger for HL-LHC 

• Much more difficult.  

• You’ll hear more about tracking later this session…



Examples



Nova

• 40% Better Electron Efficiency for same background.

http://arxiv.org/pdf/1604.01444.pdf

oscillation parameters via the disappearance of ⌫µ and appearance of ⌫e from neutrino oscillation.
NOvA consists of two functionally identical detectors in the NuMI (Neutrinos at the Main Injector)
beam [39] at Fermilab which produces a focused beam with an initial flavor composition largely
dominated by ⌫µ and a small intrinsic ⌫µ, ⌫e, and ⌫e components. Placing the detectors o↵-axis
at 14.6 mrad provides a narrow-band neutrino energy spectrum near 2 GeV. The Near Detector,
located at Fermilab, is placed 1 km from the neutrino source; the Far Detector is located 810 km
away near Ash River, Minnesota. The NOvA detectors are composed of extruded PVC cells filled
with liquid scintillator which segment the detector into cells with a cross section 3.9 cm wide ⇥
6.6 cm deep. The cells are 15.5 m long in the Far Detector. Scintillation light from charged particles
can be captured by a wavelength shifting fiber which runs through each cell. The end of the fiber is
exposed to a single pixel on an avalanche photo-diode array to record the intensity and arrival time
of photon signals. The spatial and absolute response of the detector to deposited light is calibrated
out using physical standard candles, such that a calibrated response can be derived which is a good
estimate of the true deposited energy. Parallel cells are arrayed into planes, which are configured in
alternating horizontal and vertical alignments to provide separate, interleaved X-Z, and Y-Z views.
The 14,000 ton Far Detector, which is used for the training and evaluation of CVN in this paper,
consists of 344,064 total channels arranged into 896 planes each 384 cells wide [6]. Information
from the two views can be merged to allow 3D event reconstruction. A schematic of the detector
design can be seen in Figure 2.

Figure 2. Schematic of the NOvA detector design
The two figures on the right show the views through the top and side of the three-dimensional figure
on the left. They show the ‘hits’ produced as charged particles pass through and deposit energy in
the scintillator-filled cells. Illustration courtesy of Fermilab.

Reconstruction of the neutrino energy and flavor state at the detector is essential to neutrino
oscillation measurements. The neutrino flavor state can be determined in charged-current (CC)

– 5 –
Figure 7. Output of the first inception module

Shown above are three example input images and corresponding example human readable feature
maps from the output of the first inception module in the Y view branch of our trained network.
The top-most feature map for each event seems to be particularly sensitive to hadronic activity and
the bottom-most feature map seems to be sensitive to muon tracks. Shown are an example ⌫µ CC
DIS interaction (top), ⌫µ CC QE interaction (middle), and ⌫ NC interaction (bottom).
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reject cosmic backgrounds while retaining well-contained neutrino events inside the signal energy
window with high e�ciency. We quote our selection e�ciencies relative to true contained signal,
again matching the approach described in [52] for ⌫e and [53] for ⌫µ tests respectively.

Since the output of the final softmax layer in CVN is normalized to one, it can be loosely
interpreted as a probability of the input event falling in each of the thirteen training categories. For
the results presented in this paper a ⌫e CC classifier was derived from the sum of the four ⌫e CC
component probabilities. Similarly, the four ⌫µ CC components were summed to yield a ⌫µ CC
classification. Figure 9 shows the distribution of the CVN ⌫e CC classification parameter for true
⌫e CC events from ⌫µ ! ⌫e oscillation and the various NuMI beam backgrounds broken down
by type. Figure 10 shows the cumulative e�ciency, purity, and their product when selecting all
events above a particular CVN ⌫e CC classification parameter value. Excellent separation between
signal and background is achieved such that the only significant background remaining is that of
electron neutrinos present in the beam before oscillation; CVN does not attempt to di↵erentiate
between ⌫e CC events from ⌫µ ! ⌫e oscillation and those from ⌫e which are produced promptly
in the neutrino beam; these di↵er only in their energy distributions. Figures 9 and 10 also show
the performance of the CVN ⌫µ CC classification parameter. As with ⌫e, excellent separation is
achieved.

A common way to assess the performance of a signal selection is to compute a Figure of Merit
(FOM) given the number of selected signal events S and background events B. The FOM = S/

p
B

optimizes for a pure sample useful for establishing the presence of the signal S in the presence
of the background, while FOM = S/

p
S + B optimizes for an e�cient sample useful for making

parameter measurements with the signal S . Table 1 shows the e�ciency, purity, and event count
at the maximal point for both optimizations when using CVN to select ⌫e CC events, and Table 2
shows the same for ⌫µ CC events. Using CVN we were able to set selection criteria well optimized
for either FOM when searching for both surviving ⌫µ and appearing ⌫e events.

CVN Selection Value ⌫e sig Tot bkg NC ⌫µ CC Beam ⌫e Signal E�ciency Purity
Contained Events � 88.4 509.0 344.8 132.1 32.1 � 14.8%

s/
p

b opt 0.94 43.4 6.7 2.1 0.4 4.3 49.1% 86.6%
s/
p

s + b opt 0.72 58.8 18.6 10.3 2.1 6.1 66.4% 76.0%

Table 1. A table showing relative selected event numbers for the various components of the NuMI beam,
e�ciency, and purity for two di↵erent optimizations for the selection of appearing electron neutrino CC
interactions. E�ciency is shown here relative to the true contained signal. The numbers are scaled to an
exposure of 18 ⇥ 1020 protons on target, full 14-kton Far Detector.

CVN Selection Value ⌫µ sig Tot bkg NC Appeared ⌫e Beam ⌫e Signal E�ciency Purity
Contained Events � 355.5 1269.8 1099.7 135.7 34.4 � 21.9%

s/
p

b opt 0.99 61.8 0.1 0.1 0.0 0.0 17.4% 99.9%
s/
p

s + b opt 0.45 206.8 7.6 6.8 0.7 0.1 58.2% 96.4%

Table 2. A table showing relative selected event numbers for the various components of the NuMI beam,
e�ciency, and purity for two di↵erent optimizations for the selection of surviving muon neutrino CC in-
teractions. E�ciency here is shown here relative to the pre selected sample. The numbers are scaled to an
exposure of 18 ⇥ 1020 protons on target, full 14-kton Far Detector.

Perhaps the most important way to assess the performance of the CVN classification param-
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http://arxiv.org/pdf/1604.01444.pdf


LArTPC

LArTPC'sLArTPC's

Note: This table was first produced by my boss Mitch Soderberg and if he had patented it 
he would have 10's of dollars because it shows up in every LAr talk I've ever seen!

→ Dense
40% more dense than water

→ Abundant
1% of the atmosphere

→ Ionizes easily
55,000 electrons / cm

→ High electron lifetime
Greek name means “lazy”

→ Produces copious 
scintillation light

Transparent to light produced

Liquid Argon is an excellent choice for neutrino detectors:
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Read out charge and light produced 
using precision wires and PMT's
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Jonathan Asaadi
Syracuse University

Tracking, Calorimetry, and Particle ID in same detector. 
Goal ~80% Neutrino Efficiency. 

All you need for Physics is neutrino flavor and energy.  

Jonathon Asaadi



LArTPC Challenges
• Goal is to identify neutrino flavor (electron or muon) and 

energy:  

• Classification: Charged Current (flavor from type of 
lepton) vs Neutral Current (flavor impossible to 
determine):  

• Electron vs pi0: look for 1 or 2 MIPs. Track vs 
displaced vertex. 

• Muon vs charged pion.  

• Energy:  

• Electron: sum observed charge in track/shower 

• Muon: Range (if it stops) or Multiple scattering. 

• CNNs now being investigated by various experiments for 
classification. Various levels (low to high): 

• Identification of EM/Hadronic deposits. 

• Single particle and Cosmic Rejection. 

• Multiple particle ID: Semantic Segmentation. 

• Full Neutrino Identification.

• Other interesting problems: 

• First attempts at energy reconstruction…  

• ID of neutrino interaction (DIS, resonant, quasi-
elastic, …) 

• Three 2D views to 3D. 

• Noise suppression via auto-encoders? 

• …

e/π0 Separation

• e/π0 separation can be achieved using topological and 
energy information.

- There is usually a gap between the photon conversion point 
and the neutrino interaction vertex.

- Electron and photon have different energy deposition profiles.
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Raw Data: Wire ADC vs Time x Planes 
(LArIAT Simulation)

Deep Convolutional Neutral Network 
(GoogLeNet)

LArIAT 
e/gamma PID

Best Results: 2% 
fake at 90% Electron 

Efficiency

Out of the box Feasibility 
Study with No attempt at 

optimization.

Train

• First results with neutrinos:  

• 5% NC at 80% CC 

• 15% Muon CC at 80% Electron CC 

• Regression working on Neutrino Energy  

• DL efforts present also in other LArTPC 
experiments (not yet public). 

• May be easy and ideal tool for Detector 
Optimization.



NEXT Experiment
• Neutrinoless Double Beta Decay using Gas 

TPC/SiPMs 

• Signal: 2 Electrons. Bkg: 1 Electron. 

• 3D readout… candidate for 3D Conv Nets. 

• Just a handful of signal events will lead to 
noble prize 

• Can we trust a DNN at this level?
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Why high pressure gas?

• Topological reconstruction:!

• ßß events in Xe gas at 15 bar are twisted tracks of ~10 cm length with high 
energy deposits at either end. 

• Single electrons from natural radioactivity will only have a high energy 
deposit at one end.
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Figure 1. Monte-Carlo simulation of a 136Xe bb0n event in xenon gas at 10 bar: the ionization track, about
30 cm long, is tortuous because of multiple scattering, and has larger depositions or blobs in both ends.

Figure 2. The Separate, Optimized Functions (SOFT) concept in the NEXT experiment: EL light generated
at the anode is recorded in the photosensor plane right behind it and used for tracking; it is also recorded in
the photosensor plane behind the transparent cathode and used for a precise energy measurement.

3.1 Development of the NEXT project: R&D and prototypes

During the last three years, the NEXT R&D program has focused in the construction, commission-
ing and operation of three prototypes:

• NEXT-DBDM,shown in figure 3. This is an electroluminescent TPC equipped with a compact

– 5 –
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NEXT Detector Optimization
• Idea 1: use DNNs to optimize detector. 

• Simulate data at different resolutions 

• Use DNN to quickly/easily assess best performance for given 
resolution. 

• Idea 2: understand the relative importance of various physics/
detector effects. 

• Start with simplified simulation. Use DNN to assess performance. 

• Turn on effects one-by-one.

Examples of simulated events
• Simulated signal (below) and background (above) events: 2x2x2 mm voxels

• Simulated signal (below) and background (above) events: 10x10x5 mm voxels

Examples of simulated events
toy MC, ideal  —————————————————— 99.8

Run (2x2x2 voxels, unless otherwise noted) Accuracy (%)

toy MC, realistic 0vbb E distribution ————————- 98.9
MAGBOX, no deltas, no E-fluctuations —————— 98.3
MAGBOX, no deltas, no E-fluctuations, no brem ——— 98.3
toy MC, realistic 0vbb E distribution, double MS ——— 97.8
MAGBOX, no deltas ————————————-——— 94.6
NEXT-100 fast analysis —————————-———— 93.1
MAGBOX, no E-fluctuations ———————————— 93.0
MAGBOX, no brem ———————————————— 92.4
MAGBOX, all physics —————————-————— 92.1

10x10x5 NEXT-100 fast analysis —————-———— 86.5

Understanding the DNN analysis

(Preliminary results)



ATLAS Calorimeter
• Ideally suited for “imaging” 

• Electromagnetic- Highly transverse and longitudinal segmented. 

• Hadronic- Longitudinal sampling 

• 200K Calorimeter cells measure energy 
deposits. 

• ~ 64 x 36 x 7 3D Image 

• Interesting Challenges: non-uniform 
granularity, cylindrical geometry.
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DNN Calorimetry Subtleties   
• Requires some thinking about DNN structure 

• Full Calorimeter or Cluster?  

• Clusters: Address eta/phi dependence with some linear at low resolution and then use regional 
CNNs.    

• Non-uniform segmentation in longitudinal sampling layers 

• Presents challenge to CNNs.  

• Consider example solution: layer wise 2D Convolutions/Pooling into 3D feature maps   

• How do you align features?    

• Fully connected? 200K cells is relatively small. Clusters are even smaller.  

• Cylindrical boundary conditions: simple solution is to duplicate phi strip  

• Need cells (some clustered cells and Tower grid in xAOD) 

• Pileup? 

• Need large training samples… e.g. Photon Filtered Jet Samples



Obstacles 
• Data 

• Detector level studies require CPU intensive simulations.  

• DNNs require large training sets with full level of detail. 

• Experiments have such samples, but they are not public. 

• Difficult to collaborate. 

• Training 

• Many HEP physicists don’t have access to GPUs. 

• Training on Multi-TB data-sets is difficult. 

• Collaboration with ML experts. 

• Level of precision and scrutiny in HEP necessitates domain specific knowledge, 
if not for developing the technique, for convincing HEP. 

• Eventually, we need to integrate into HEP software and build systems. 



Tomorrow’s Session
• We will introduce two large public datasets. 

• LCD Calorimeter 

• LArIAT LArTPC detector.  

• Several HEP colleagues here are already applying DNNs to these problems. 

• If you like, provide O(5) slides for tomorrow’s session.  

• Same for ML colleagues…  

• I’ll present some questions to help guide our discussions tomorrow. 

• Minimally, we hope to get some guidance on how to proceed. 

• I hope we can establish collaboration with ML colleagues.  

• Ideally, we can map out path to papers based on these new datasets.



• Tracking detectors (for charged particles): 

• Provide precise trajectory/location measurement, allowing reconstruction of vertexes.  

• At low momentum: measure momentum~curvature via tracking detector. At high energy: measure energy in calorimeter. 

• Identify type of particle: using dE/dx (good separation at O(100) MeV) 

• Electromagnetic Calorimeter: (electrons, photons, neutral pions). 

• Track pointing to energy cluster in calorimeter = electron. Else photon. 

• 2 photons = pi0. Separating 1 from 2 photons a key challenge. 

• Hadronic Calorimeter: (jets of hadrons initiating from a parton) 

• Cluster energy deposits ~ 1 (few) particles. Combine Clusters to form jets. Correct for unseen energy. 

• Particle Flow: Match track with cluster and replace cluster energy with track.  

• Muons: uniquely too heavy to get stopped in EM calo, and don’t feel strong force so can’t be stopped in hadronic calo.  

• Use 2ndary tracking system outside of calorimeters for ID and better momentum reconstruction.


