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Abstract— High Energy Physics experiments use on-line
event validators (triggers) to distinguish known physics from
unstudied physics events. This article introduces a trigger-
ing scheme for high input rate processors, based on neu-
ral networks. The technique is applied to the Electron/Jet
discrimination problem, present at the Second Level Trig-
ger of the ATLAS experiment, being constructed at CERN,
Switzerland. The proposed solution outperforms the scheme
adopted nowadays at CERN, both in discrimination effi-
ciency and performance, becoming a candidate algorithm
for implementation at the experiment.
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I. INTRODUCTION

N High-Energy Physics experiments (HEP), it’s of prac-

tice to collide (bunches of) particles in order to pro-
duce unstudied physical phenomena. These experiments
use the state-of-the-art in signal detection in order to clas-
sify events that separate the physics one wants to observe
(signal) from the ones that represent already known events
(noise).

The event classification is commonly denominated trig-
gering in HEP experiments. Trigger systems are usually
very fast and robust due to the small time window for data
processing and to the violent conditions (radiation, years of
operation) they are submitted to. In modern experiments,
the trigger is composed of a few cascaded sections that can
perform slower but better filtering schemes. In this arti-
cle, we present a neural solution for (part of) the second
level trigger of ATLAS (A Toroidal LHC ApparatuS) ex-
periment located at CERN, Switzerland.

A. The ATLAS Experiment

The ATLAS experiment shall be ready to run in 2006.
It aims investigate the structure of matter using the state-
of-the-art in particle detection technology. For this matter,
the ATLAS collaboration is building a very large detector
(see Figure 1). The detector will be installed at one of
the collision points of the LHC (Large Hadron Collider),
which will be colliding bunches of protons at 14 TeV at the
center of mass. The LHC can produce 40,000,000 events
(collisions) per second and the ATLAS should select, on-
line, from those, the interesting ones to be recorded for
further analysis.

The ATLAS is actually a set of specialized detectors that
measure particle (object) features. At the inner part, there
are the track detectors, which are responsible for determin-
ing the particles trajectory. Surrounding the track detec-
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Fig. 1. A sketch of the ATLAS detectors. Notice, in scale, people at
the left-bottom corner.

tors are the calorimeters. Calorimeters measure the en-
ergy of particles by absorbing their energy while they cross
their interior!. At last, covering the whole structure, one
has muon detectors, signaling the existence of this type of
particles (muons) in a event.

There are two types of calorimeter at ATLAS, forming
two sections: electromagnetic and hadronic. The electro-
magnetic (e.m.) section is responsible for measuring the
energy of particles, like electrons and photons, while the
other section is responsible for heavier objects, like mesons
and jets (showers) of particles. The hadronic section sur-
rounds the e.m. section. All calorimeters of ATLAS are
segmented into cells, which helps dimensional positioning
at the structure. They are also subdivided into shelves, be-
ing the internal ones more segmented (more cells) than the
external ones. The arrangement is optimized for the classes
of particles the ATLAS experiment intends to detect.

The detector uses a special coordinate system which
transforms its toroidal aspect into planes of detectors,
stacked one above the other. The coordinates are ¢ =
atan(), the rotation angle, n = — log(tan(%)), the pseudo-
rapidity and the Cartesian coordinate z. This set can pin-
point the exact location of each detector component within
the ATLAS structure.

B. ATLAS Trigger

Due to the rare physics to be studied at ATLAS, most
collisions will produce already known, studied cases. It’s es-

I This is possible since particles loose energy while interacting with
the calorimeters, decaying into lighter objects.
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Fig. 2. Sketch of the triggering system of ATLAS.

timated that only a few bunch crossings per day will really
produce the physics of interest. Because of these statis-
tics, and to the volume of data produced at each iteration
(~1 megabyte), the ATLAS experiment will rely on a very
efficient triggering system that will classify, on-line, events
that possibly characterize the physics to be studied from
those corresponding to known processes [1].

The ATLAS On-line Triggering System (see figure 2 is
composed of three classification levels cascade connected.
Each of the triggering levels is more complex than the
previous one and analyze better the event in a consid-
erably slower manner. The first level is built upon low-
programmability hardware and optimized for speed. The
second and third levels use fast computing networks from
the commodity market. This choice allows the second and
third levels to be adapted and maintained along the oper-
ation time foreseen for ATLAS.

The whole triggering system works as follows: after an
event is produced by LHC and detected by ATLAS, the
First Level Trigger (T1), looking only into to the calorime-
ters and the muon detector, classify the incoming event
by searching the sensibilized regions of the detector (also
known as Regions of Interest - Rol). The outcome of the
search is a number of objects that may characterize an in-
teresting event. This method shall guarantee a reduction
on the event rate of 1000:1. The tagged events are sent to
Second Level Trigger (T2) for further analysis.

T1 will only analyze each Rol (object) locally, ignoring
the occurrence of other objects during the event, and that
is why it is fast enough to cope with the high input rate
of the experiment. The T2 [2] is the first step of the trig-
gering process where the event will be analyzed globally,
looking to each of the objects tagged by T1. The T2 will
have at its disposal the data from all detectors (differently
from T1) and starts analyzing the event, confirming the

analysis performed by T1. Despite the existence of many
processing strategies, pre-triggering using calorimetry only
data is the most suited, since it allows faster processing of
the incoming T2 event rate (100,000 per second). At T3
(the Third Level Trigger), the event is also analyzed glob-
ally, with access to all detector data (not only per object
analysis as in T2). T2 should allow only 100 to 1,000 events
per second to hit T3.

C. Calorimetry Analysis in T2

Calorimetry analysis in T2 (pre-trigger) will be able to
distinguish many object types produced by the LHC inter-
actions. High energy (momentum) electrons though, are
likely to occur much more (~60-70%). Electrons are com-
monly confused with jets of particles by T1, because of
the way they interact with the calorimeters of ATLAS. For
each 25,000 objects defined as electrons by T1, only 1 is
likely to be an electron. This sets the background jet rate
at T2.

Particles interact with the calorimeters depositing their
energy along the penetration direction. As they interact
with the calorimeter and loose energy, particles decay into
less massive particles, that also interact with the calorime-
ter, producing a shower [3].

Electrons, differently from jets, loose almost 100% of
their energy into the e.m. section. Jets usually go a bit
further, being stopped only by the hadronic calorimeters.
It happens though, that sometimes jets develop a cascade
very much like electrons and seem confusing to T1. T2, de-
spite of that resemblance, can classify electrons a lot better
by using the calorimetry full granularity, only available at
this triggering level.

An example picture of an electron Rol is shown in Fig-
ure 3. This plot shows the amount of energy deposited by
the object at each calorimeter layer. The first four lay-
ers (left part) correspond to the e.m. calorimeter section,
while the remaining three, to the hadronic section.

II. CLASSICAL QUANTITIES

Electron/Jet separation is prototyped nowadays using
a bi-dimensional plotting-and-cutting strategy. Basically,
the Rol data are compacted into four highly discriminating
features, also called Classical Quantities:

1. e.m. energy - The sum of energies deposited in a 0.175
(in ¢) by 0.075 (in ) window at the e.m. section, centered
at the cell with the highest energy deposited at the second
e.m. layer;

2. hadronic energy - The sum of energies deposited in a
0.2 by 0.2 window centered at the energy with the highest
energy deposited at the second e.m. layer section;

3. e.m. rate - The rate of the sum of energies deposited
in a 0.175 (in ¢) by 0.075 (in ) window at the second e.m.
layer by a sum at a 0.175 by 0.175 window for the same
layer. Both windows are taken centered on the cell with
the highest energy deposited at the second e.m. layer;

4. strip rate - The rate between the difference and sum
of the two highest peaks at the first e.m. layer.
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Fig. 3. Electron interaction with the ATLAS calorimeter system,
which includes a pre-sampler layer. The layers, are in order, from the
center of collision to the outer detector part, from top to bottom, left
to right.

Quantities 1 and 2 are highly discriminating because one
expects electrons to concentrate all of its energy within the
e.m. section, while for jets it’s expected that one could
observe some energy at the hadronic sections. Also, since
electrons are single objects, as opposed to jets, it’s expected
that their interaction with the e.m. sections would not
spread-out a lot its energy. These features can be measured
by quantities 3 and 4.

The plotting-and-cutting method is applied by selecting
two out of the four variables described and choosing a cut
(threshold) based on a test set. This is done for every
combination of two variables, generating six cuts. The cuts
have to be applied by a specialist, as the cutting order
affects the efficiency of the method. It performs well for
the data sets, but is not scalable and suffers a lot from
input bias.

III. NEURAL DISCRIMINATION

Based on the previously described quantities, it was de-
veloped both a linear and a neural discriminator that would
perform the Electron/Jet separation task. At this section
we also show that another compactation scheme that better
preserves the object features can be adopted, outperform-
ing the results achieved with the Classical Quantities.

A. Neural Training and Data Samples

The Electron/Jet classification per Rol basis can be bet-
ter accomplished using neural networks. This classification
method is well suited for the job, since it comprises several
characteristics which are interesting to T2:

o Scalability - the neural network can be rescaled to suit
changes in calorimetry configuration;

o Easy management and upgrade - environmental changes
can be easily incorporated by re-training the network;

o Robustness - in the case of hardware failure, some
calorimeter cells may be unavailable for T2. Neural Net-
works can cope with that, due to its distributed process
characteristic;

o Efficiency - Neural Networks can achieve very high dis-
crimination efficiencys;

o Fast operation - Neural Networks can be implemented in
a variety of platforms (or co-platforms), allowing very fast
execution;

The network model of choice for this work was the fully-
connected feed-forward three layer perceptron. The train-
ing method adopted was back-propagation using variable
sized batches with momentum and learning rate decay [4].
The perceptrons use the hyperbolic tangent as activation
function. During the neural network training phase, the
stop criteria used was proportional to the network discrim-
ination efficiency (maximum product of classification ef-
ficiencies, taking in consideration all possible thresholds
for the network output), instead of the mean-square-error
(MSE). This way, network training would be focused on
providing better discrimination capabilities instead of only
minimizing the output error.

The data sample consisted of around 600 electrons and
3,600 jets, being equally divided into subsets for training
and testing the network performance. The objects in con-
sideration are derived from careful Monte Carlo simulations
to reproduce the physics to be studied and have fulfilled T'1
selection criteria. Because of that, the number of available
electrons is much lower than the one for jets. The Rol size
given at the database was the one predefined for electrons,
0.4 in n versus 0.4 in ¢.

B. Results for the Four Classical Quantities

The Region of Convergence [5] for the neural and linear
discriminators can be seen at Figure 4. The (jet) false
alarm was pre-multiplied by 25 kHz, as this is the estimated
background rate.

For the same data set, neural networks have performed
a lot better than linear discrimination using the four
quantities described. Notice that the plotting-and-cutting
method doesn’t allow us to plot a precise RoC since
the overall discriminator threshold is placed at the sixth-
dimensional space, as there are six of them. With optimiza-
tion though, it can be seen that this method gets close, but
is still worse, than using neural networks for this problem.

C. A Different Compactation Approach

As the reader may have noticed in Figure 3, the total
number of cells per Rol is rather big (around 1,000). Neu-
ral Networks, despite also being suited for such a large in-
put vector, can train and operate faster with smaller ones.
Therefore, some sort of data compactation that would not
remove important object features is desirable for design-
ing a compact, but efficient classifier. Also, the energy of
particles may vary a lot from event to event and a clever
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Fig. 5. Object interaction with the calorimeters, as a shower of
particles is produced.

normalization scheme has to be implemented, in order for
a single network to be able to cope with full energy ranges.

It is reasonable to assume that the objects would de-
cay into less massive ones, generating a shower of par-
ticles, isotropically. This shower would resemble a cone,
if one takes in consideration all the path the object tra-
verses while interacting with the calorimeters. This decay-
ing scheme is simplified in Figure 5.

Based on this observation a new compaction strategy is
developed. This scheme is based on adding the energy sam-
pled by cells grouped into concentric rings [6]. It gathers
the deposited cell energies at the same layer in a way that
“square” rings are formed, starting from the cell with the
maximum energy deposition at the current layer (the first
ring), as exemplified in Figure 6.

It’s clear from the drawings that there will be some
opened rings. In fact, the pre-sampler layer does not form
proper rings, but columns of cells are added to form the
ring sums of this layer. Also, as one goes from the center
to the outer part of the layer, the signal/noise ratio is likely
to be decreased. The approach adopted at this work was
to sum all rings from a determined point on, forming the
final ring sum of each layer. All ring sums (58 in total for
each Rol) are fed into the neural network input nodes, for

(Second EM Layer)
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Fig. 6. Building rings with the cells’ deposited energies.
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performing Electron/Jet discrimination. Normalization of
input vectors is performed by using the total Rol energy of
all sections included at the Rol for each ring sum [?].

The results applying this compression strategy and nor-
malization scheme can be seen at Figure 7. This result
was achieved by using the same strategy for neural train-
ing as explained in section ITI-A. As one can observe, this
compression strategy performs a lot better than the one
adopted at CERN. The neural network used at this run
had only 5 hidden neurons. This result suggests that fur-
ther compression could be achieved without compromising
the discriminator performance.

C.1 Input Relevance

As speed requirements are very tight at T2, a further
compactation of the input data space of the neural network
was developed. For this, the relevance of each input node
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VARIABLE DESCRIPTION FOR THE CHART IN FIGURE 8.

Layer Chart Position
Pre-sampler from 1 to 6
First e.m. layer from 7 to 39

Second e.m. layer
First hadronic layer
Second hadronic layer
Third hadronic layer

from 40 to 49
from 50 to 52
from 53 to 55
from 56 to 58
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Fig. 8. The relevance values for each input variable for a trained

neural network that performs Electron/Jet separation.

is measured [7] at the end of the training phase. This
procedure is carried out using the following consideration:

N
R; = %Z [output(z}) — output(:n]|x] —=)) )

The relevance of each input is the mean value of the
squared error computed over all training samples when one
substitutes the actual input value by its mean. This rele-
vance mapping allows to measure the impact to the output
of the neural network when instantaneous values from a
variable are clamped to its mean value. If the neural net-
work output is significantly sensitive for a given variable,
its relevance shall be also great, else, this input variable
may be considered unimportant to the discrimination task
and may be even ignored. Figure 8 shows an example bar
chart of the relevance for a 58-input neural discriminator
already trained. As one can observe, not all variables seem
to be relevant to the discrimination task. The variables
shown at the chart are enumerated in Table I.

By applying cuts over the relevance, one may further
compact the input space by only retaining input variables
that pass the cut. Feeding the input nodes of a new neu-
ral classifier with such restricted number of qualified input
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variables, it may be expected that the discrimination ef-
ficiency is not significantly decreased after training. Tests
have been conducted cutting from 38 to 53 of the 58 inputs.
Figure 9 resumes the results. It shows the RoC of the best
discriminators found and the network topology in terms of
the number of input nodes (surviving variables) and hidden
nodes. All network topologies have a single output neuron.

D. Timing Issues

Due to the timing constraints [2], [8] for T2’s computer
network operation and T1 acceptance rate (100,000 Hz),
each event shall be analyzed in less than 10 ms. This gives
no more than 2 ms for Rol processing, as in average, 5
RoI’s are produced per event.

After implementing in C language all phases of T2’s lo-
cal processing, ending with electron/jet neural discrimi-
nation, it was achieved, with optimized code on a Pen-
timulI@300MHz, 13 ms of total application time, per Rol?.
This figure does not meet the second level trigger require-
ments.

Taking a closer look at the algorithm, one can realize
that the timing distribution for each separate task of the
processing goes as follows: 87% (11.31 ms) for data acqui-
sition, 7% (0.91 ms) for integrity checks, 5.8% (0.75 ms)
of the signal processing time is taken for ring extraction
and finally, only 0.2% (26 us) of the time is spent at the
neural processing. The first two phases of data processing
are common to every algorithm and, therefore, should be
the same no matter neural discrimination is performed or
not. Around 6% of the initial 13 ms (~ 780us) is spent in
particle discrimination.

The implementation of the same algorithm in a ADSP-
21062@40MHz of Analog Devices ([9]) shows that the tim-
ings could be reduced about 13 times, ending with a 1 ms

2This test was performed considering all 58 input rings and with 5
hidden neurons at the classifier



per Rol implementation, still using ADSP’s native C com-
piler, with no optimizations. That figure is far better than
the first one and make it feasible an implementation at T2,
using such DSP’s as co-processing nodes. DSP’s are cheap,
reliable and, as one can see, very fast, making it a very
interesting choice for T2’s processing network. Taking the
percentage in time for each of the phases for local process-
ing, data acquisition would take 870us, integrity checks,
70us, ring extraction 59us and neural discrimination only
1ps using the DSP implementation.

IV. CONCLUSIONS AND OUTLOOK

At this work, a neural classification technique for
calorimeter data, based on neural networks and topology
studies was developed. The technique was applied to the
Electron/Jet discrimination problem, present at the Sec-
ond Level Trigger (T2) of ATLAS.

The neural classifier, besides being faster, is also much
more efficient for T2, as could be plotted in Figure 9. That
plot also showed that the amount of data needed to perform
classification (number of rings) could be reduced (up to
5), still with gain compared to the algorithm proposed at
CERN. While tests have not been conducted to prove that
there shall be reduction at the overall processing time for
electron/jet classification at T2, it’s clear from the context
that such major change would produce significant impacts
to that, also saving ATLAS resources.

Being this the first time the whole local processing algo-
rithm is fully implemented, there was no comparison fig-
ures to these results. Despite of that, [10] showed that
the CERN equivalent for the last processing phase of elec-
tron/jet classification (neural processing) can be performed
in around 50us, also using a PII@300MHz. That number
is almost twice the one for neural classification (26us).

The redundancy (increased number of rings) could be
added, by considering more data to be used, making the
system more robust, while also increasing the algorithm
performance. Finally, the DSP implementation showed
that only the thirteenth part of the initial time estimative
would be need to implement the whole classification struc-
ture. That is far better than using conventional processing
(with PC’s) and is a realistic choice for T2.

The next step in this work will be the implementation
of the whole algorithm at the CERN prototype for T2. It
intends to confirm the expectations for neural processing
at that subsystem of ATLAS.
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