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Artificial Neural Networks
• Biologically inspired computation, (first attempts in 1943) 

• Probabilistic Inference: e.g. signal vs background 

• Universal Computation Theorem (1989) 

• Common use in HEP, signal/background or particle ID with high-
level features derived from raw data as input. 

• Multi-layer (Deep) Neutral Networks: 

• Not a new idea (1965), just impractical to train. Vanishing 
Gradient problem (1991) 

• Solutions: 

• New techniques: e.g. better activation or layer-wise training 

• More training: big training datasets and lots of computation 
… big data and GPUs 

• Deep Learning Renaissance. First DNN in HEP (2014). 

• Amazing Feats: Audio/Image/Video recognition, captioning, and 
generation. Text (sentiment) analysis. Language Translation. 
Video game playing agents.   

• Rich field: Variety of architectures, techniques, and applications. 
Images from Wikipedia

http://link.springer.com/article/10.1007%2FBF02551274
https://en.wikipedia.org/wiki/Deep_learning#cite_note-ivak1965-25
https://en.wikipedia.org/wiki/Deep_learning#cite_note-HOCH2001-36
https://arxiv.org/abs/1402.4735


Feature Learning
• Feature Engineering: e.g. Event Reconstruction ~ Feature Extraction, Pattern Recognition, Fitting, …  

• Deep Neutral Networks can Learn Features from raw data. 

• Example: Convolutional Neural Networks - Inspired by visual cortex 

• Input: Raw data… for example 1D = Audio, 2D = Images, 3D = Video 

• Convolutions ~ learned feature detectors 

• Feature Maps 

• Pooling - dimension reduction / invariance  

• Stack: Deeper layers recognize higher level concepts. 

• Over the past few years, CNNs have lead to exponential improvement / superhuman performance on Image 
classification challenges. Current best > 150 layers.  

• Obvious HEP application: “Imaging” Detectors such as TPCs, High Granularity Calorimeters, or Cherenkov Ring Imaging.



Neutrino Physics

• 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)
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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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• Core Physics requires just measuring neutrino flavor and energy. 

• Generally clean (low multiplicity) and high granularity.   

• First HEP CNN application: Nova using Siamese Inception CNN.

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


LArTPC
• Liquid Argon Time Projection Chambers are the chosen technology for US’s flagship Short and Long 

Base Line (i.e. LBNF/DUNE) programs. 

• Tracking, Calorimetry, and Particle ID in same detector. 

• Goal ~80% Neutrino Efficiency. (~ 2x better than current). 

• Fully automatic reconstruction has been challenging and not yet demonstrated with required performance.  

• ICARUS relied on hand scans for pattern recognition. “User assisted reconstruction”. 

• Human eye does better than engineered reconstruction. 

• Ideally suited for Convolutional Neutral Networks. Efforts in LArIAT, DUNE, and MicroBooNE.

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”

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”

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.

5
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MicroBooNE-Note-1019-PUB

Figure 29: Fraction of cosmic-only events remained vs. neutrino event e�ciency. Each
point on the curve is for some cut value on the neutrino class score.

new methods to quantify this will be explored in future work.
Overall, this work takes the first steps in exploring CNNs and the broader discipline

of Deep Learning to LArTPCs. We have learnt the following lessons:

• It is necessary to consider a strategy to either crop or down-size for a large LArTPC
detector, and study the e↵ect. We have shown one possible method (demonstration
1).

• All else being equal, it is best to limit the down-size, as the networks use the dE/dx
information for classification. A factor of 2 downsizing of the images showed a clear
negative e↵ect (demonstration 1).

• For a particle classification task, using weights for a network trained for a greater
variety of features might perform better. This was seen in µ�/⇡� study where the
network trained for five-particle classification outperformed largely over the same
network trained for only µ�/⇡� sample (demonstration 1).

• The Faster-RCNN architecture can be used for neutrino interaction detection in a
large event image (demonstration 2).

• It is possible to combine di↵erent detector information to enhance the feature in
image data. We have shown one method to combine PMT and TPC information
as illustration (demonstration 3).

• A multi-view architecture can be employed to process multiple TPC plane-views
for neutrino interaction selection, to greatly enhance the performance from using a
single plane information only (demonstration 3).

There are certainly many other avenues, besides the ones listed here, to study and possibly
improve performance. However, the proof-of-principle tests conducted in this work show
that CNNs can deliver results worthy of further exploration and provide a useful starting-
point for those interested in developing their own CNNs for reconstruction of neutrino
events in Liquid Argon TPCs.
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ν vs cosmic: 
εν= 85% 
 (1-εc)=85%

3.6 Particle Detection Performance MicroBooNE-Note-1019-PUB

Figure 12: Left: e� selection EP curve for 1:1 e� and � mixture (5200 events total).
Orange and cyan data points are from GoogLeNet and AlexNet respectively, trained
for 5 particle classification. Right: e� score distribution from GoogLeNet trained for 5
particle classification where score is re-normalized for e�/� separation purpose.

study how this separation power changes. However, that is beyond the scope of this
publication.

3.6 Particle Detection Performance

To assess the Faster-RCNN detection performance on the single particle sample, we let
the Faster-RCNN network infer a set of bounding boxes per class for each high resolution
event image containing one particle. Typical detection examples can be seen in figure
13. As it is done for all studies in this section, this study used the same training and
validation sample described in sec. 3.1.

To quantify the Faster-RCNN detection performance on the single particle sample
we infer a set of bounding boxes per class for each high resolution single particle image.
To quantify this performance we compute the intersection over the union of the ground
truth bounding box and the predicted box with the highest network score. This is the
standard performance metric used by object detection networks to compare with one
another. Intersection over union (IoU) is defined for a pair of boxes in the following way:
the intersection area between two boxes is first computed by calculating the overlap area
and then divided by the di↵erence between the total area of the two boxes and their
intersection area. Specifically for two boxes with area A1 and A2,

IoU =
A1 \ A2

A1 + A2 � A1 \ A2
. (4)

This quantity is unity when the predicted box and the ground truth box overlap perfectly.
In other words, the predicted network box is of the same pixel dimensions. In figure 14 we
plot the IoU for the di↵erent five-particle classes. We separate the detected sample into
the five di↵erent particle types and break down each sample by their top classification
score. The true class label is in the title of the plot, and the legend lists 1) the five particle
types that were detected for the sample, 2) the number of detections in the histogram for
that class, and 3) the class-wise fraction of all detections. For this plot we make a cut on
the network score of 0.5. We observe good detection accuracy and ground truth bounding
box overlap on the muon and proton classes. If we consider classification only, muons and
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μ− vs π−: 
εμ= 94% 
 (1-επ)=71.9%

3.5 e�/� Separation MicroBooNE-Note-1019-PUB

Figure 11: Left: µ� selection EP curve for 1:1 µ� and ⇡� mixture (6800 events total).
Blue and red data points are AlexNet and GoogLeNet respectively trained with a sample
set that only contain ⇡� and µ� as described in Sec.3.4. Orange and cyan data points
are from GoogLeNet and AlexNet respectively, trained for 5 particle classification. Right:
µ� score distribution from GoogLeNet trained for 5 particle classification where score is
re-normalized for µ�/⇡� separation purpose.

resolution image from the previous study. It is interesting to note that there is a small,
but distinct, set of ⇡� events that follow the µ� distribution. This makes sense since the
⇡� has a similar mass to the µ� and decays into µ�. As a result, some ⇡� can look very
similar to a µ�. A typical way to distinguish ⇡� is to look for a nuclear scattering, which
occurs more often for ⇡� than for a µ�. There can also be “kink” in the track at a point
where the ⇡� decays-in-flight into a µ�, although this is generally quite small. When
neither is observable, the ⇡� looks like a µ�, however when there is a kink or visible
nuclear interaction involved, ⇡� is distinct. This can be seen by a very sharp peak for ⇡�

in the right figure. The same reason explains why there is no µ� above 95% (with the
statistics of this sample) because µ� can never be completely distinguished from those
small fraction of ⇡� that do not carry any kink nor visible nuclear interaction.

3.5 e�/� Separation

We show a similar separation study for e� and � as we did for µ�/⇡�. This time, however,
we only show the result using five-particle classification, since we saw those networks seem
to perform better, presumably for similar reasons. The left plot in figure 12 shows e�

selection e�ciency and purity in a 1:1 mixture of 5200 events taken from the validation
set. The outer-most point achieves selection e�ciency of 94.3% with purity of 71.9%,
although one might want to ask for a better separation with less e�ciency depending on
the goals of an analysis.

e�/� Indistinguishability The right plot in figure 12 shows an electron classification
score distribution for both e� and �. The separation is not as strong compared to ⇡�/µ�:
the two types are essentially indistinguishable in the range of scores from 0.3 to 0.6. We
note that our high-resolution image has a factor of two in wire and six in time compression
applied, and hence this might be the highest separation achievable. It may be interesting
to repeat more studies across di↵erent downsizing levels (including no downsizing) and
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e− vs γ: 
εe= 94.6%  
(1-εγ)=79.2%

e− vs γ: 
εe= 90%  
(1-εγ)=2%

μ− vs π−: 
εμ= 90% 
 (1-επ)=15%

Neutrino: 
εCC= 80% @ εNC= 5% 
ενe= 80% @ ενμ= 15% 

• First Studies Based on out-of-box CNN 

• MicroBooNE Note and LArIAT 
(independent by AF): 

• Particle ID: MicroBooNE and 
LArIAT 

• Neutrino ID: LArIAT 

• Cosmic Rejection: MicroBooNE 

• Energy Regression: LArIAT (in 
progress) 

• Observations: 

• LArTPC easier than image 
classification. Shallower networks 
sufficient. 

• Higher resolution is better 

• Larger training sample is better 

• More readout planes are better

LArTPC CNNs

Signal Efficiency
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http://www-microboone.fnal.gov/publications/publicnotes/MICROBOONE-NOTE-1019-PUB.pdf


Semantic Segmentation

4.3 Performance MicroBooNE-Note-1019-PUB

Figure 22: Example of cosmic background events (both top and bottom) with detected
neutrino bounding boxes with score less than 0.1. One can see many proposals were made.
Both figures show the full region of 6048 time-ticks and 3456 wires on the collection plane.
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3.6 Particle Detection Performance MicroBooNE-Note-1019-PUB

Figure 13: Example detections for each of the five particle classes using high resolution
images (576 by 576 pixels). The blue box is the true bounding box. The red box is the
network inferred bounding box. The detection score and inferred class sits atop the red
box on the top left corner. It’s interesting to note the network’s ability to capture a
shower-type particle’s ionization charge within the detection box

protons have the smallest contamination from other particle types. This could be a result
of the strong classification performance of the AlexNet classifier model revealed in figure
9. The electron and � samples had expectedly mutual contamination between the two as
previously revealed by the pure AlexNet classifier. We also find a small contamination of
piminus detection in the electron and � samples at the low IoU range indicating that some
piminus have features shared with electrons and gammas. This is consistent with lower
energy gammas and electrons appearing track like in liquid argon. It is also interesting
to note that both classes’ IoU are similar, meaning the network is able to encapsulate
the charge that spreads outwards as the shower develops. This means the model values
the shower-like nature of electron and � as essential and uses these learned features for
classification. Lastly, the ⇡� particle exhibits the least number of detections above a
threshold of 0.5. We also find the largest contamination from µ�.
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4.3 Performance MicroBooNE-Note-1019-PUB

Figure 23: Top: an example of a true neutrino (yellow box) event where the network
found the highest score bounding box in the wrong location (red box). Bottom: an
example of cosmic-only event where the network found a bounding box (red) with high
neutrino score. There is no neutrino interaction in this event. Both figures show the full
region of 6048 time-ticks and 3456 wires on the collection plane.
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Low score for real Cosmics (data)

4.3 Performance MicroBooNE-Note-1019-PUB

Figure 21: Detected neutrino bounding box within an event image. Top: Muon and
charged pion produced from a ⇡ 1 GeV neutrino. The detection box (in red) appears to
capture a neighboring cosmic ray, but maintains the overall shape of the ground truth
box (in yellow). Bottom: CC event with muon and proton produced. Both figures are
zoomed-in from the original event display, and the length scale of the truth box are shown
in cm.
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Reasonable Mistakes? High Score for overlaid neutrinos (sim) 

MicroBooNE



NEXT Experiment
• Neutrinoless Double Beta Decay using Gas 

TPC/SiPMs 

• Signal: 2 Electrons. Bkg: 1 Electron. 

• Hard to distinguish due to multiple scattering. 

• 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.

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

Table 3. Summary of DNN analysis for different Monte Carlo datasets. The accuracy was com-
puted assuming that the classification of the DNN corresponded to the category (signal or back-
ground) with the higher (> 50%) probability. In each case, approximately 15000 signal and 15000
background events were used in the training procedure, and between 2000-3000 signal and 2000-3000
background events independent of the training set were used to determine the accuracy.

2x2x2 voxels Run description Avg. accuracy (%)
Toy MC, ideal 99.8

Toy MC, realistic 0⌫�� distribution 98.9
Xe box GEANT4, no secondaries, no E-fluctuations 98.3

Xe box GEANT4, no secondaries, no E-fluctuations, no brem. 98.3
Toy MC, realistic 0⌫�� distribution, double multiple scattering 97.8

Xe box GEANT4, no secondaries 94.6
Xe box GEANT4, no E-fluctuations 93.0

Xe box, no brem. 92.4
Xe box, all physics 92.1

NEXT-100 GEANT4 91.6
10x10x5 voxels

NEXT-100 GEANT4 84.5

at the ends of the tracks produced by energetic electrons. The production of secondaries
coupled with energy fluctuations in energy deposition seems to be the principle cause of
accuracy loss in the DNN analysis. Future studies geared toward developing a DNN targeted
on the problem at hand, and attempting to extract information on what characteristics of
the tracks it is “learning,” would lead to a more complete understanding of the possibilities
and limitations of a DNN-based analysis.

Acknowledgments

This work was supported by the European Research Council under the Advanced Grant
339787-NEXT and the Ministerio de Economía y Competitividad of Spain under Grants
CONSOLIDER-Ingenio 2010 CSD2008-0037 (CUP), FPA2009-13697-C04-04, FPA2009-13697-
C04-01, FIS2012-37947-C04-01, FIS2012-37947-C04-02, FIS2012-37947-C04-03, and FIS2012-
37947-C04-04. JR acknowledges support from a Fulbright Junior Research Award.

References

[1] S. Agostinelli et al. Geant4—a simulation toolkit. Nucl. Instrum. Methods A, 506:250–303,
2003.

[2] Frank T. Avignone, Steven R. Elliott, and Jonathan Engel. Double beta decay, Majorana
neutrinos, and neutrino mass. Rev. Mod. Phys., 80:481–516, 2008.

– 17 –

be chosen for determining whether an event is classified as signal or background. It can be
simply chosen as 50%, meaning the category with greatest probability is the classification
of the event, or it can be varied to reject further background at the expense of signal
efficiency. Figure 8 shows the corresponding pairs of signal efficiency and background
rejection produced by variation of this threshold, while for the values reported in table
2 the threshold was chosen such that the signal efficiency matched that reported in the
conventional analysis. Note that to optimize the sensitivity to 0⌫�� decay, one would seek
to maximize the ratio of signal events detected divided by the square root of background
events accepted (see [14]). Thus we define a figure of merit F = n

s

/

p
n

b

, where s and b are
the fractions of signal and background events accepted. This quantity is shown alongside
the plot of signal efficiency vs. background rejection in Fig. 8. In table 2 we reported
the values of background rejection corresponding to the signal efficiencies studied in the
classical analysis, though these did not optimize the figure of merit. For optimal figures
of merit, we would have signal efficiency of 69.0% (62.5%) and background acceptance of
2.5% (5.8%) for 2x2x2 mm3 (10x10x5 mm3) voxels.

Figure 8. Signal efficiency vs. background rejection for DNN analysis of voxelized (2x2x2 and
10x10x5 cubic mm), single-track NEXT-100 Monte Carlo events. The figure of merit F to be
maximized in an optimal 0⌫�� search is also shown as a function of background rejection.

6.2 Evaluating the DNN analysis

We now ask what is causing some significant fraction of the events to be misclassified in
the analysis described in section 6.1. To address this, a similar analysis was run on several
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6 Event classification with a DNN

Here we investigate the performance of a DNN in classifying events into two categories,
“signal” and “background,” and compare the results to the conventional analysis described in
section 4.2. We chose to use the GoogLeNet DNN for this initial study, as its implementation
was readily available in the Caffe [12] deep learning framework along with an interface,
DIGITS [4], which allows for fast creation of image datasets and facilitates their input to
several DNN models. In order to generate large numbers of events with which to train
the DNN, an alternate GEANT-based Monte Carlo, which we call the “xenon box” (Xe
box) Monte Carlo, was run in which the NEXT-100 detector geometry was not present,
and background events (single electrons) and signal events (two electrons emitted from a
common vertex with a realistic 0⌫�� energy distribution) were generated in a large box
of pure xenon gas at 15 bar. These events were then subject to the same voxelization
procedure and single-track cut as described in section 2.1.

For two different configurations of voxel size, GoogLeNet was trained on 202400 Xe box
input events using one or more NVidia GeForce GPUs. Each event was input to the net as
a .png image consisting of three color (RGB) channels, one for each of three projections of
the 3D voxelized track, (R, G, B) ! (xy, yz, xz). This information for a signal event and
a background event was shown earlier for different voxelizations in Fig. 4 and Fig. 5.

6.1 Analysis of NEXT-100 Monte Carlo

To compare the ability of the DNN to classify events directly with the performance of the
topological analysis of section 4.2, we consider NEXT-100 Monte Carlo events that have
passed the pre-selection cuts described in 4.1, with chosen voxel sizes of both 2 x 2 x 2 mm3

and 10 x 10 x 5 mm3. For each chosen voxel size, Monte Carlo events that were subject to
the standard “blob cuts” of the classical analysis were classified by the corresponding DNN
trained using Xe box events. Note that the background events used in this comparison
were those produced by the 214 Bi decay. The results are shown in table 2. The DNN
analysis performs better than the conventional analysis, but there is still potential room for
improvement.

Table 2. Comparison of conventional and DNN-based analyses. The comparison shows, for a given
percentage of signal events correctly classified, the number of background (214Bi) events accepted
(mistakenly classified as signal).

Analysis Signal eff. (%) B.G. accepted (%)
DNN analysis (2 x 2 x 2 voxels) 86.2 4.7

Conventional analysis (2 x 2 x 2 voxels) 86.2 7.6
DNN analysis (10 x 10 x 5 voxels) 76.6 9.4

Conventional analysis (10 x 10 x 5 voxels) 76.6 11.0

Because the output layer of the DNN gives a probability that a given event is signal
and a probability that it is background, and these probabilities add to 1, a threshold may
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• Idea 2: systematically study the relative importance of various physics/detector effects. 

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

• Turn on effects one-by-one.



Semi-supervised Learning
• Basic idea: Train network to reproduce the input.  

• Example: Auto-encoders 

• De-noising auto-encoders: add noise to input only. 

• Sparse auto-encoders:  

• Sparse latent (code) representation can be exploited for 
Compression, Clustering, Similarity testing, …  

• Anomaly Detection

• Reconstruction Error 

• Outliers in latent space 

• Transfer Learning

• Small labeled training sample?  

• Train auto-encoder on large unlabeled dataset (e.g. data). 

• Train in latent space on small labeled data. (e.g. rare 
signal MC). 

• Not hard to imagine HEP applications. 



Learning Representations
• Example: Daya Bay Experiment (Evan Racah, et al) 

• Input: 8 x 24 PMT unrolled cylinder. Real Data (no simulation)  

• 2 Studies: 

• Supervised CNN Classifier

• Labels from standard analysis:  Prompt/Delayed Inverse Beta Decay, 
Muon, Flasher, Other. 

• Convolutional Auto-encoder (semi-supervised) 

• Clearly separates muon and IBD delay without any physics knowledge. 

• Potentially could have ID’ed problematic data (e.g. flashers) much earlier.

7

(a) Example of an “IBD delay” event (b) Example of an “IBD prompt” event

Fig. 5: Raw event image (top row) and convolutional autoencoder reconstructed event image (bottom row).
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(a) An IBD delay event in cluster A (b) An IBD prompt event in cluster A

(c) An IBD delay event in cluster C (d) An IBD prompt event in the blue cluster below the letter B

Fig. 3: Representative examples of various IBD events in Figure 2. Clusters in Figure 2 where each event appears called out
by letter

Fig. 2: t-SNE reduction of representation learned on the last
fully connected layer of CNN

supervised convolutional neural network. Figure 2 shows the t-
SNE visualization of the outputs from the last fully connected
layer of the CNN. This visualization shows in two dimensions
how the each example is clustered in the 26-dimensional
feature space learned by the network.

We also show, in Figures 3a and 3b, example PMT charges
of different types of events that are in clusters in the t-SNE
clustering (Figure 2) that contain a mix of labels near each
other, as well as examples contained in well separated clusters
in Figures 3c and 3d.

2) Interpretation: Our results suggest that there are patterns
in the Daya Bay data that can be uncovered by machine
learning techniques without knowledge of underlying physics.
Specifically, we were able to achieve high accuracy on classi-
fication of the Daya Bay events using only the spatial pattern
of the charge deposits. In contrast, the physicists used the
time of the events and prior physics knowledge to perform
classification. In addition, our results suggest that deep neural
networks were better than other techniques at classifying
the images and thus finding patterns in the data. As shown
in Table II, our CNN architecture had the highest F1-score
and accuracy for all event types. In particular, it showed
significantly higher performance on classes “IBD prompt” and
“flasher”. Not only did the supervised CNN perform better in
classifying the data then other shallower ML techniques, such
as KNN and SVM’s, but it also discovered features in the data
that helped cluster it into fairly distinct groups as shown in
Figure 2.

We can further investigate the raw images within the clusters
formed by t-SNE. For example, in Figures 3a and 3b the
CNN has identified a particularly distinctive charge pattern
common to both images. These are labelled as different
types because prompt events have a large range of charge
patterns, some of which very closely resemble delay events.
The standard physics analysis is able to resolve these only
by using the time coincidence of delay events happening
within 200 microseconds after prompt events, while the neural
network solely has charge pattern information. Figures 3c and
3d, on the other hand, show images from more distinct prompt
and delay clusters, respectively, illustrating that prompt events
deposit less energy in the detector on average.

t-SNE reduction of 26-dim 
representation of the last fully connected 
layer.
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Such clustering suggests that, with help from ground truth
labelling, deep learning techniques can discover informative
features and thus find structure in raw physics inputs. Because
such patterns in the data exist and can be learned, this suggests
that unsupervised learning also has the potential to discover
these patterns without needing ground truth labeling, so we
turn to that analysis in the next section.

B. Unsupervised learning with Convolutional Autoencoder

1) Results: For the convolutional autoencoder, we present
the t-SNE visualization of the 10 features learned by the
network in figure 4. To show how informative the feature
vector that the network learned is, we also show several
event images and their reconstruction by the autoencoder in
Figures 5a and 5b. More informative features that are learned
correspond to more accurate reconstructions because the 10
features effectively give the network the “ingredients” it needs
to the reconstruct the input 8x24 structure.

2) Interpretation: The convolutional autoencoder is de-
signed to reconstruct PMT images and so it learns different
features than the supervised CNN which is attempting to
classify based on the training labels. Therefore, the t-SNE
clustering for this part of the study (in Figure 4) is quite
distinct to that in the supervised section. Nevertheless we
were able to obtain well defined clusters without using any
physics knowledge or training. Specifically there is a very
clearly separated cluster that can be identified with the labelled
muons, and also a fairly clear separation between “IBD delay”
and other events. We even achieve some separation between
“IBD prompt” and “other” backgrounds which, as mentioned
above, is mainly achieved in the default physics analysis only
by incorporating additional information of the time between
prompt and delayed events.

By looking at the reconstructed images, we can see the au-
toencoder was able to filter out the input noise and reconstruct
the important shape of different event types. For example, in
Figure 5a, the shape of the charge pattern is reconstructed
extremely accurately, which shows that the 10 learned features
from the autoencoder are very informative for “IBD delay”
events. In Figure 5b, salient and distinct aspects of the more
challenging “IBD prompt” events are also reconstructed fairly
well.

As further work, it would be desirable to obtain better
separation between “flasher” and “other” events. Therefore
we intend to continue to tailor the convolutional autoencoder
approach to this application by considering input transforma-
tions that take into account the experiment geometry, variable
resolution images, and alternative construction of convolu-
tional filters, as well as more input data and full parameter
optimization of the number of filters and the size of the feature
vector.

VIII. CONCLUSIONS

In this work we have applied for the first time unsupervised
deep neural nets within particle physics and have shown
that the network can successfully identify patterns of physics
interest. As future work we are collaborating with physicists

Fig. 4: t-SNE representation of features learned by convolu-
tional autoencoder

on the experiment to investigate in detail the various clusters
formed by the representation to determine what interesting
physics is captured in them beyond the initial labelling. We
also plan to incorporate such visualizations into the monitoring
pipeline of the experiment and as part of other work [26] have
applied the autoencoder at scale to a large part of the entire
Daya Bay dataset (2.7 billion events).

Such unsupervised techniques could be utilized in a generic
manner for a wide variety of particle physics experiments
and run directly on the raw data pipeline to aid in trigger
(filter) decisions or in evaluating data quality, or to dis-
cover new instrument anomalies (such as flasher events). The
use of unsupervised learning to identify such features is of
considerable interest within the field as it can potentially
save considerable time required to hand-engineer features to
identify such anomalies.

We have also demonstrated the superiority of convolutional
neural networks compared to other supervised machine learn-
ing approaches for running directly on raw particle physics
instrument data. This offers the potential for use as fast selec-
tion filters, particularly for other particle physics experiments
that have many more channels and approach exabytes of
raw data such as those at the current Large Hadron Collider
(LHC) and planned HL-LHC at CERN [27]. Our analysis
in this paper used the labels determined from an existing
physics analysis and therefore the selection accuracy is upper
bounded by that of the physics analysis. Many other particle
physics experiments, however, have reliable simulated data
which could be used with the approaches in this paper to
better the selection accuracy achieved with those experiments’
current analyses.

In conclusion, we have demonstrated how deep learning can
be applied to reveal physics directly from raw instrument data
even with unsupervised approaches, and therefore that these
techniques offer considerable potential to aid the fundamental
discoveries of future particle physics experiments.

t-SNE reduction of 10 parameter latent 
representation.

http://arxiv.org/pdf/1601.07621v1.pdf


DL on Raw Data
• Recap: 

• Improved classification/regression with Convolutional NNs. 

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

• Experiments like NEXT may not need to write reconstruction software. 

• Detector Optimization and Systematic Studies. 

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

• Just simulate… no need to tune reconstruction to every possibility. 

• Unsupervised techniques: Identify features in data w/o simulation. 

• Other reco applications: 

• Studying DNNs to identify unknown features that can be exploited in normal reconstruction. 

• Auto-encoders: anomaly detection (monitoring), compression, de-noising, … 

• Generative models: Build model from training data that can generate new data.  

• e.g. Fast showers. 

• Build simulations purely based on data.



HL-LHC

Plots from here. 

M.Krzewicki, ECFA HL-LHC Computing, October 23, 2014

CPU online+offline

• rough estimates of the CPU resources needed, based on extrapolations 
• it is clear CPU usage must be improved
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Historical growth of 25%/year 
  

Room for improvement 
  

M.Krzewicki, ECFA HL-LHC Computing, October 23, 2014

ATLAS projections

• need to worry about disk and CPU usage for HL-LHC as well as access to disk 
(IO and capacity!)
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Projection to Run-4

-> need to worry about disk and CPU usage for HL-LHC
    as well as access to disk (IO and capacity ) !

• Computing is perhaps the biggest challenge for the HL-LHC 

• Higher Granularity = larger events. 

• O(200) proton collision / crossing. 

• High occupancy: untenable tracking due to tracking pattern recognition 
combinatorics. 

• Trigger may require Interaction Vertex reconstruction at 40 MHz.   

• O(100) times = data multi exabyte datasets.  

• Moore’s law has stalled: Cost of adding more transistors/silicon area no longer 
decreasing. 

• Preliminary estimates of HL-LHC computing budget many times larger than LHC. 

• Solutions: 

• Leverage opportunistic resources and HPC (most computation power in highly 
parallel processors). 

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

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

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

• Deep Learning and Neuromorphic processors are a promising solution. 

https://indico.cern.ch/event/346005/contributions/1749562/attachments/681981/936896/ECFA-HLLHC-Aix-Les-Bains-Krzewicki.pdf


Public Datasets
• Neutrino world has provided ideal playground for initial DL-based Reconstruction investigations. 

• Biggest obstacles to DNN research for LHC is Data accessibility. 

• Detector level studies require CPU intensive simulations.  

• DNNs require large training sets with full level of detail (i.e. not AODs). 

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

• Difficult to collaborate with DL community or other experiments. 

• Soon to be public datasets: 

• LArTPC (Sepideh Shahsavarani, AF): LArIAT detector. 1 M of every particle species (including neutrinos). 

• Calorimetry (Maurizio Pierini, Jean-Roch Vlimant, Nikita Smirnov, AF): LCD Calorimeter. 1 M electron/pi0 (so far)  

• Many currently unused handles in LHC experiments… e.g. sampling. 

• Improve Identification, e/gamma and hadronic Energy Resolution. 

• Fast Shower Generative Models  

• Tracking ML (David Rousseau, Andreas Salzberger, … ) 

• HL-LHC like detector/environment.



Why go Deep?
• Better Algorithms 

• DNN-based classification/regression generally out perform hand crafted algorithms. 

• In some cases, it may provide a solution where algorithm approach doesn’t exist or fails. 

• Unsupervised learning: make sense of complicated data that we don’t understand or expect.  

• Easier Algorithm Development: Feature Learning instead of Feature Engineering  

• Reduce time physicists spend writing developing algorithms, saving time and cost. 

• Quickly perform performance optimization or systematic studies.  

• Faster Algorithms 

• After training, DNN inference is often faster than sophisticated algorithmic approach. 

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

• Generative Models enable fast simulations. 

• Already parallelized and optimized for GPUs/HPCs.  

• Neuromorphic processors. 

• Deep Learning may be the disruptive enabler of HL-LHC computing.
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