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1 Introduction
In order to answer essential scientific questions regarding to the structure of matter and fundamental physics,
high-energy physics research is carried out at the European Organization for Nuclear Research (Conseil
européen pour la recherche nucléaire - CERN), using large-scale particle accelerators to collide particles and
measuring the resulting subparticles by big detector complexes.

1.1 Experimental Environment
The so called Large Hadron Collider (LHC) is one such accelerator at CERN, providing four crossing points
where the particles collisions occurs. At one of these collision points, the Compact Muon Solenoid (CMS) is
located to provide multi-purpose experiments, like the investigation of the Higgs sector physics, measurements
for the Standard Model or the search beyond the Standard Model. The hermetic CMS detector is constructed
in several sub-systems, which enables five-dimensional measurements of the resulting particles.1

In the forward region of the CMS experiment, the detector end cap is located, consisting currently of
an electromagnetic and a hadronic calorimeter. The planned LHC upgrade to the High-Luminosity LHC
(HL-LHC) will result into a qualitative and quantitative increase in collision-rate, meaning that the detector
complex will have to deal with higher center-of-mass energies and a higher number of collisions. It also leads
to more event pileups, which refers to the circumstance where multiple collisions occur during the same
data-taking within the CMS detector. This makes it more challenging to isolate the data-taking from the
collision of interest.

Therefore the current detector component must be replaced with the new High-Granularity Calorime-
ter (HGCAL), to ensure that the material, the electronics and the readout sensors are able to withstand
the high radiation dose and to differentiate distinct events being recorded simultaneously within the detector.
By substituting the current endcap from the CMS system with the HGCAL, the new calorimeter is able to
provide a finer granularity to discriminate pileups and resist the ten times harsher radiation environment of
the HL-LHC. [1, 2]

1.2 Aim of this CERN Summer Student Project
The aim of this Summer Student project is the implementation and testing of an anomaly detection
system, based on an artificial neural network. Deep Learning techniques are currently used in both detector
as well as high-energy physics, and are useful approaches for anomaly detection in particle physics.

This project is focused on the autoencoder (AE) implementation and testing for the silicon sensors.
The AE is designed to enable the possibility to detect anomalies by compressing and decompressing the
measurement signal. As a result, this development could improve the process of testing and validating of the
test beam Runs before the upgrade. The following chapters will provide the reader with a basic understanding
of the functionality and development of this summer student project.

1The five information are the three location coordinates x, y, z, as well as the time t and energy E.
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2 Theoretical fundamentals
To comprehend the project development during this summer school period, a helpful background is presented
in the following chapters. The relevant knowledge ranges in the field of detector physics, data structures and
deep learning basics, with the aim to provide a helpful foundation for possible further developments.

2.1 Proton-Proton Collisions at the LHC
The first proton-proton collision at the LHC has occurred 2009 with a center-of-mass energy of 0.9 TeV.
2010, the accelerator operated during the first Run at 7 and 8 TeV, increasing the center-of-mass energy to
13 TeV at the second Run. The ongoing third Run provides energies further up to 13.6 TeV, started in 2022.

During each Run, each proton beam with 2500 packed bunches of ∼ 1011 protons within 25 ns bunch
spacing are traveling through the LHC beam pipe. In order to provoke a particle-particle collision, the beams
are accelerated in opposite directions and deflected to the collision points, where the center of the CMS
detector is located. This interaction between two protons is referred as an event, resulting to a production
of hundreds of different sub-particles.

The produced subatomic particles then interact with the CMS detector (presented in Figure 1), where the
particle information is measured by the concentric layers of the sub detector components, like the HGCAL.
[3]

Figure 1: View of the Compact Muon Solenoid with the current forward end cap, consisting of a separate
electromagnetic calorimeter and a hadron calorimeter. [3]
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2.2 High-Granularity Calorimeter
The whole calorimeter (Figure 2a) is thermally shield and is maintained at -30 °C. The longitudinal structure
of the HGCAL consists of two different compartments, the electromagnetic component (CE-E) followed by
the scintillator layers within the hadronic component (CE-H) (compare to Figure 2b).

(a) View of the HGCAL detector that will replace the HCAL
and the ECAL end cap, consisting of multiple Hexaboards.

(b) Cross section of the HGCAL, presenting the electromag-
netic compartment and the hadronic compartment with
the scintillator structure within.

Figure 2: Display of the HGCAL endcap [3]

The CE-E is build in several circular layers, in which multiple hexagonal silicon sensors are embedded,
as shown in Figure 3a. Two different radii are defined in order to distinguish between the different silicon
densities, providing cells of approximately 0.5 and 1.1 cm2. The planar silicon sensors are sandwiched between
a Cu-W baseplate and a printed circuit board, forming the composition into a silicon module. The CE-E
module is a stack of four different components: the Cu-W baseplate, the Kapton-gold sheet, the silicon sensor
and the printed circuit board (Figure 3b).

The silicon sensor and the circuit board are in a hexagonal shape, in order to use the available area of
the layer from the CE-E more efficiently. Each so-called hexaboard is provided with a HGROC front-end
readout ASIC. They provide three measurements: the ADC charge, the Time of Arrival (ToA) and the Time
over Threshold (ToT). The information are stored at 40 MHz in a 512 buffer (compare to Figure 4). Each
HGROC is capable to read out 78 channels, although 4 channels are only in use for common-mode noise
estimation, meaning that 74 channels from the HGROC are used for this summer student project. It should
also be pointed out, that only the ADC values are used in this project.

(a) Front view of the hexaboard detector that will be embedded
in the CE-E.

(b) Stacked layers from a CE-C silicon module. The Cu/W
Base provides excellent thermal conductivity with reduced
thermal expansion, the Kapton sheet is used to provide a
connection to the sensor back-pane, the silicon sensor and
the hexaboard giving its structure and function.

Figure 3: Display of the Hexaboards [3]

The measurements and data from the 74 channels of the hexaboard, which are embedded in several
circular layers of the CE-E, and these in turn are embedded in the HGCAL subsystem of the CMS, are
providing the data set for this AE development, stored in the ROOT DataFrame. [1, 3, 4]
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Figure 4: Front-end ASIC HGROC chip for measuring the charge and time. The ADC, ToT and ToA are trans-
mitted to a concentrator ASIC, linking electrically via 1.28 Gb/s for each HGROC chip. [5]

2.3 ROOT Data structure
ROOT is a software framework developed at CERN for data analysis, mostly used in High-Energy Physics.
It’s object format provides a structure to deal with a high quantity of data for easy data access and data
saving.

The events generated during a test beam Run are stored in a binary format into the ROOT file system,
calling it a tuple. Its hierarchical data container are based on a tree structure, storing all relevant information
including the already mentioned ADC, ToT as well as the ToA data in one single ROOT file.

By accessing each sub storage systems in aTBranch structure and using the uproot Python package, the
relevant information like the ADC or the channel quantity can be read out into a pandas DataFrame. The
advantage of using the ROOT hierarchy structure is having no needs to allocate memory and avoiding object
creations. However, it requires just a one-time conversion of a ROOT TTree-file via a panda DataFrame into
multiple numpy Arrays.

The subsequent conversion into a numpy array allows the easy manipulation and processing in python,
but this requires a conversion in multiple batches, implemented in loops which results into a longer conversion
time.

2.4 Autoencoder
The fundamental structure of an AE lies within their artificial neural network, making it to a special subclass
of a deep learning system.

The basic idea of a computational neural network is to calculate the weights between the input and output
layers. By applying the backpropagation technique to train the AE, the system minimizes the prediction error
by adjusting the weights and biases between the layers of the hidden layer. [6, 7]

This particular deep learning system is designed for unsupervised learning and is used to transform the
information in the input layer into a reduced representation in a smaller dimension, called a “bottleneck”.
This process is referred as the “latent space” or “encoding”, which is why the first part of the AE is also
called the encoder. It’s complementary decoder reconstructs this reduced representation from the bottleneck
into its original dimension. To enable the network to recognize meaningful patterns - or anomalies in this
use case - a process of concatenated encoding and decoding facilitates the learning of the essential features.

The goal of such system is therefore to reconstruct the high-dimensional data set based on the reduced
dimensions based on it’s trained feature, making it to a useful tool for anomaly detection.2 A representative
example of such an architecture is shown in figure 5. [8]

2Popular use cases of the AE are also noise reduction and classification.

Page 6/15

http://www.cern.ch


CERN Summer Student Report

Figure 5: Schematic structure of an AE, combining the Encoder for the input data compression and the decoder
for data reconstruction, based on the encoded data in the latent space.

3 Anomaly Detection Strategy
Since the test runs provide a large number of events, hence a large amount of data and information, it
appears likely to develop a deep learning system for the anomaly detection. Earlier results and publications
has shown the feasibility and potential of AE for this task, tested on the predecessor of the HGCAL [9, 10,
11]. By using an unsupervised approach, the system is able to detect anomalies without the need of labeled
data and introducing it to data with anomalies.

The data preparation and manipulation of the event as well as the development, training and validation
of this AE environment are performed in CERN SWAN, a online platform providing Service for Web based
ANalysis. All python3 developments as well as resulting data and models are saved in the CERNBox as well
as in Gitlab.

3.1 Training Data preparation
For the data preparation the procedure is visualized in the Figure 6. The data preparation consists of
following steps:

Figure 6: Visualized Steps for the Data preparation for the AE-Training.
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(a) (b)

(c) (d)

Figure 7: (a) Raw signal (unprocessed event). Those events are used for data preparation and AE training.
(b) Processed Signal (with substituted pedestal values).
(c) Event sorted by ADC value (pedestal). Values fluctuating outside a range are defindes as outliers.
(d) Zoomed processed Signal.

The first step of the data preparation is the extraction of the events information from the ROOT storage
using the python package uproot. By doing this, the event data are stored in a .ROOT-file. To extract the
relevant information from the detector, the corresponding segment of the HGROC must be first defined and
selected. For this usecase, one segment from the HGROC (0 and 1 has been selected). The way of definition
and calling of the HGROC are documented on this webpage3. One example for such event in displayed in
the Figure 7a.

For the data selection, one million events from one single HGROC, equally to 74 channels, was extracted,
providing a dataset of 74.000.000 values. After extracting the data, the .ROOT-file is converted into a
numpy-array for the easy use of data processing and array manipulation. This will also allow the usage of
the data-format for the AE training.

After extracting and converting the data, two thresholds - an upper and a lower threshold - are set for
the anomalies for each single event. The thresholds are set a priori with a pedestal difference bigger than
five. Since the review and statistical pre-analysis on the mean and standard deviation, the values for setting
thresholds a set at a step difference of five (compare to Figure 7c). This step is processed by sorting each
event individually by pedestal value and determine any signal differences bigger five. The determined values
are set as the lower and upper threshold values at these two points.

3courtesy of Pedro Silva.
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Once the thresholds are set for each event, each pedestal of every single event is compared with the
event specific threshold by a simple boolean function. Values beyond the scope of validity are then marked
for processing. All values outside this range4 are substituted with a random generated noise, based on the
Gaussian distribution, as seen in picture 7b.

Those marked values respectively the channels will be substituted by a simulated noise value, generated
by a random number generator based on the Gaussian distribution. The grand-mean and grand-standard
deviation are calculated by the mean value over all events, excluding the marked values in each event. This
two grand statistical parameters define the µ and σ of the Gaussian distribution for the substitution values.
By doing this procedure over all events individually, a systematical bias can be eliminated.

After all anomalies are substituted, the cleaned events are saved in a .ROOT-Dataset for the use of
training. They are stored in a random order to ensure an even distribution in a set of training and test data.

3.2 Anomaly Detection Implementation
For the anomaly detection method, an unsupervised AE was build with totally twelve hidden layers. The
AE architecture is implemented using PyTorch and includes an encoder, decoder, and a bottleneck layers
based on four nodes. To quantify the difference between the input file and the output file, the reconstruction
loss is calculated using the Mean Squared Error (MSE) of the input data x and the reconstructed output x’,
according to equation

L(x, x′) = ||(x − x′)||2. (1)

In both the encoder and the decoder, the hidden layers compresses and the input data into the bottle neck
and decompressed the latent space using six multiple affine linear transformations according to the equation

y = xAT + b, (2)

where T contains the weights and b the bias. Each layer is followed by a Rectified Linear unit function,
defined as

ReLU(x) = max(0, x). (3)

As the activation function, the sigmoid function from equation 4 was used in the penultimate layer.

S(x) = 1
1 + e−x

(4)

Those transformation are implemented in the PyTorch library [12]. The input layers consists of 74 nodes,
corresponding to the ADC values of one single event. The dimension is then expanded from 74 to 148
nodes, and then continuously halved until the neck bottle has an account dimension of 2. The decoder then
reconstructs the compressed information in the reverse direction back to the original dimension.

4This is for this use case and training defined as Anomaly.
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3.3 Autoencoder Training
Based on the AE implementation described in the previous chapter, the deep learning system is trained
with a dataset based on a test Run from 2023, in which the HGCAL is tested with a pedestal Run. The
training dataset are the prepared events declared as anomaly free, in which the outliers were substituted by
the generated noise signal (compare to chapter 3.1). The total event batch was split into a training dataset
consisting 600.000 events, a validation dataset of 300.000 and a test dataset consisting 100.000 events.

For the training, following parameters has been set:

• batch size: 4096

• shuffle parameter: true

• training quantity: 600.000 events

• optimizer: Adam optimizer

• learning rate: 1e-3

• weight decay: 1e-11

• epoch number: 50

• loss function: MSE Loss function

All the processed and unprocessed Training data has to be transferred to the AE by creating a DataLoader.
PyTorch’s DataLoader enables simple processing of large amounts of data and access to functions such as
batching or shuffling. For the training process, the training efficiency has been increased by moving the
dataset as well as the AE model to the graphic processing unit (GPU) of SWAN, using the version 105a
Cuda 11.8.89. The Compute Unified Device Architecture (CUDA) from NVIDIA allows a parallel computing
and faster training progress, based of the GPU.
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4 Results
To verify the functionality of the AE, a simple analysis based on histogram examination has been performed.
To investigate the training quality of the AE, the loss functions of training and validation data are analyzed
and compared.

4.1 Training Performance
For the Analysis of the Training performance, the values of the lost function are plotted for each epoch-Run
during the training session. The same procedure has been performed during the test session.

Since the training loss function quantify the dissimilarity between the input and output value, the loss
curve are giving insights about the improvement of the model performance over epoch respectively over time.
The loss function is normalized by dividing Equation 1 by the number of channels.

As shown in picture 8, the Loss Function decreases from 1.017 to 1.005, showcasing that the AE is able
to learn from the Training Data and minimizing the differences from input- and output layer by optimizing
the connection between the layers. The Loss function shows a high fluctuation, which can be attributed
to possible instability during learning. The AE reached it’s plateau of training at a epoch of 40, where an
average loss of 1.005 is within the stochastic noise of each individual channel.

Figure 8: Normalized Training Loss function decreasing with each Epoch, showing the progress of reconstructing
the input signal.

4.2 Reconstruction Performance
As already discussed in chapter 4.1, the training loss decreases with each epoch while the validation loss
reaches a plateaus, suggesting that the AE may be over fitting. The adapted AE consisted of 14 layers,
reducing with each layer the node size by 10 nodes.

It could have happened, that the AE has become too specialized with optimizing of the neural network
and fitting to much the weights and biases. The model fails to generalize the new (validating) input data,
as seen in the validation loss function in Figure 9.
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Figure 9: Progress in the Training Loss Function but the Validation Loss Function, showing the current issue of
the AE to generalize the new input data.

4.3 Conclusion
Based on the loss function, a training success is possible through the processed data. The decrease in the
loss curve shows the learning process over time respectively epoch. In order to be able to train the AE
appropriately, a high number of possible training data was selected (600,000 events). In the course of the AE
implementation, the focus was also placed on a simple hiding layer and a simple parametrization was taken
into account.

Nevertheless, there is an overfitting according to the interpretation of the various loss functions. Further
work should be done on this challenge in order to be able to use the system effectively for anomaly detection.
A reduction in the learning rate and a possible adjustment of the regulation are recommended here. It may
also be useful to prepare the training data with a greater fluctuation and clearer recognition features so
that the AE can extract more structures and information. It has also maybe occurred because the validation
dataset could had too few data examples. Ultimately, however, this minimum viable project showed that an
AE for the HGCAL silicon sensors is possible, useful and further developed.

The AE is able to reconstruct the information from a processed signal, as seen in Figures in 10.

(a) Comparison of the processed data and it’s reconstruction. (b) Zoomed comparison of the input and output data.

Figure 10: Different comparisons of the Loss Functions.
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5 Summary
During the CERN Summer Student period, an Autoencoder for the Anomaly Detection has been successfully
implemented. The development environment was the CERN SWAN framework, in which all the implemen-
tation has occurred and are all available on Gitlab as well in the CERNBox (see section 3).

The development of the Anomaly Detection Strategy began with the data preparation, using numerically
determined thresholds to spot outliers. The determined outliers were manipulated with a Gaussian-based
random value. This Gaussian-based value were calculated by the grand-mean value as well as the grand-
standard deviation value over each channel for every single event.

For the for the AE Training, 60 % of the total prepared dataset were used and 30 % of the prepared
data for validation of the deep learning system. The remaining 10 % were reserved unprocessed for possible
testing the system.

The AE implementation was based on PyTorch, an open-source machine learning framework. The struc-
ture of the deep learning system consisted of 18 layers, which were connected by a combination of a linear
transformation functions and a rectified linear unit functions. The encoder compresses the input layer into
a two nod sized latent space, the optimization was based on the MSE loss function.

The investigation was based on a trivial Loss Function review. This showcased the usefulness, feasibility
and efficiency of this AE implementation. But the principle of this AE development should be also tested
for further use cases on different types of detector systems, multiple subatomic particle interactions as well
as different deep learning structures. It still needs some optimization of the hyperparamters, to fully unlock
the potential of the AE.

This brief Summer Student project seeds the investigation of Machine Learning based anomaly detection
tools for data quality monitoring of HGCAL. The HGCAL components were presented as an extremely
complex detector sub system, part of the overall research complexity at the LHC, but worth every effort in
the fundamental endeavor to understand the fundamental physics at CERN. Interdisciplinary cooperation
between a wide range of disciplines and international exchange between different nations is the way forward,
as practiced here at CERN.
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