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1 ABSTRACT 1

1 Abstract

The following report examines the CMS Data Quality Monitoring (DQM) system and the implemen-
tation of machine learning models to improve anomaly detection. The project focuses on building
an autoencoder model to achieve this goal. By training the model on what is considered ”GOOD”
data, extracted from CMS runs, the autoencoder is able to recognize normal patterns. Specifically, the
model analyzes missing transverse energy (MET) significance in each run, identifying deviations that
signal potential anomalies. This approach enhances the efficiency of data quality monitoring, aiding
physicists in maintaining the integrity of the collected data.
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2 Introduction

The European Organization for Nuclear Research, also known as CERN, was established in 1954 and
collaborates with universities and scientists worldwide. Located near Geneva, on the border between
Switzerland and France, CERN has a long history of groundbreaking particle physics experiments.
While it is most recently known for the discovery of the Higgs boson within the Large Hadron Col-
lider (LHC), CERN has been responsible for many other significant scientific advancements that have
transformed our understanding of physics. These include the development of the World Wide Web,
the discovery of the W and Z bosons, and ongoing research supporting the Standard Model of particle
physics.

Figure 2: Map of LHC

The Large Hadron Collider (LHC) is currently the world’s largest and most powerful particle ac-
celerator. In short and simple terms, the LHC accelerates particles (mainly protons) in both clockwise
and counterclockwise directions. When protons are accelerated to near the speed of light, they are
made to collide. The kinetic energy of these collisions is partially converted into new particles that
travel in all directions from the interaction point. These particles are studied using particle detectors.
The four main detectors built to measure the products of the collision are ATLAS (A Toroidal LHC
Apparatus), ALICE (A Large Ion Collider Experiment), CMS (Compact Muon Solenoid), and LHCb.
Out of these, CMS is the focus of this work.
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Figure 3: CMS detector

The main purpose of the CMS detector is to detect all particles produced during collision events in
the LHC, as well as measure their kinematic properties. The CMS detector is capable of reconstructing
and precisely measure the momentum of muons, electrons, photons, and hadrons produced during
collisions. Each layer of the detector plays a specific role in studying the energies and momenta of the
particles produced in these collisions, as will be explained in the next section. This detailed analysis
enables the understanding of fundamental physics processes and discovering new phenomena.

2.1 Problem Statement

The large volume of data from the detectors often includes anomalies, which will be discussed further
in this report. The current method of data monitoring in the DQM offline center at CMS is primarily
human-based. Machine learning, having become widely utilized in high-energy physics over the last
decades, provides a powerful toolset for anomaly detection within the DQM workflows of CERN and
its experiments. While artificial intelligence is often discussed in popular contexts, machine learning
is firmly based on statistical and mathematical techniques. It has been applied at CERN for many
years, long before the recent rise of AI in other industries. By implementing machine learning models,
the process of detecting anomalies can be simplified for shifters, allowing them to more efficiently flag
data for analysis by physicists. The next step is to determine which machine learning model is best
suited to achieve this goal.
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3 The Compact Muon Solenoid and the Large Hadron Collider

3.1 The Large Hadron Collider

To better understand the function and workings of the CMS, we first need a proper understanding
of the LHC. The Large Hadron Collider is injected with two beams of protons in opposite directions.
These protons are initially formed from hydrogen atoms, which are stripped of their electrons. The
protons are then injected and pre-accelerated outside the LHC using smaller accelerators, gaining speed
and energy. The protons are accelerated within electric fields, gaining a “boost”, meaning increasing
speed. Once injected into the LHC, the protons are kept in a circular path by superconducting magnets
that bend the path of the particles. Reaching a maximum energy of up to 6.8 TeV per beam, the
beams continue to travel in opposite directions within the accelerator. There are four main detectors
connected to the LHC: ATLAS, CMS, ALICE, and LHCb. These detectors are used to study the
“events” and particles produced in each collision.

3.2 The CMS Detector

With about 100 billion protons in each bunch, and over 2000 bunches in each beam, the bunches collide
approximately 25 million times every second. These colliding particles are then studied in the CMS.
The specialty of the CMS, compared to other detectors, lies in its layers and their unique functions,
as will be discussed later. At 15 meters high and 21 meters long, the detector was built on the surface
and slowly assembled fully by being lowered underground in slices in Cessy, France. It uses a 13-meter-
long, 5.9-meter-diameter superconducting solenoid to generate a 4 Tesla magnetic field. This solenoid
magnet is specialized in bending charged particles sufficiently to measure their momentum accurately.

Figure 4: CMS Detector

The Detector Layers
The CMS detector is designed with cylindrical symmetry around the collision point of the particle

beams. It is divided into a central part (the ”barrel”), consisting of concentric layers of specialized
detectors, and one closing section on each side (the ”endcaps”). Each layer of the CMS plays a crucial
role withing particle physics.
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Figure 5: CMS detector Animated

1. The Solenoid Magnet: The main component to be discussed within the CMS is the 13-meter
magnet. The solenoid magnet generates a strong magnetic field, made of a niobium-titanium
alloy conductor that is superconducting at 4 K, inside an aluminium structure. By bending
the paths of charged particles produced in collisions, the magnetic field of the solenoid helps in
analyzing the collision products. The momenta of these collision products within the CMS are
measured using the magnet. The curvature of the particles correlates with their momentum.

κ =
1

R
=

qB

p

2. The Silicon Tracker: The innermost part of the detector tracks the paths of charged particles
such as electrons and protons. It performs vertex reconstruction.

3. Electromagnetic Calorimeter (ECAL): The ECAL measures the energy of incoming elec-
trons and photons, which produce a shower in the calorimeter. When high-energy electrons or
photons enter the ECAL, they produce showers. The ECAL absorbs this energy and measures
it for further study.

4. Hadron Calorimeter (HCAL): Particles that do not interact with the ECAL react and create
showers in the HCAL to measure the energy of hadrons (composite particles that contain quarks).
The HCAL absorbs the released energy, which is crucial for detecting hadron particles and
distinguishing them from other particles.

5. Muon Chambers: Muons are similar to electrons but are heavier and penetrate more easily
through the CMS layers. The muon detectors is the only part placed outside of the solenoid
magnet. Muon chambers are specifically dedicated to tracking and measuring these muons.

3.2.1 CMS Data Acquisition and Triggers

Data first runs through a Level 1 Trigger that is hardware-based. It operates quickly and makes
decisions at a high rate of 40MHz to process readout data in real-time. The Level 1 Trigger is made up
of the Calorimeter Trigger, Muon Trigger, and a Global Trigger. The trigger’s algorithm then selects
which events are interesting for physics. Once accepted, the events are sent to the High-Level Trigger
System (HLT). The Level 1 Trigger uses customized FPGAs, ASICs, DSPs, and more.

Once they reach the HLT, running on GPUs and CPUs, the events undergo a more intricate process
of event reconstruction. The HLT is built using over 13,000 CPUs and primarily relies on a full software
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Figure 6: Data Processing Pipeline in CMS

farm. Combining both triggers helps to reduce the frequency of data acquisition from 40 MHz to 4000
Hz.

After passing through the HLT, data goes through the Data Quality Monitoring (DQM) System.
Given the complexity of a detector like CMS, a number of faults can result in corrupted or incomplete
data, so the DQM system is crucial for identifying and diagnosing these issues in real-time to ensure the
quality and integrity of the data being collected. Both online and offline components play important
roles in finalizing whether the data can be used in physics analyses. Starting with online DQM, the
data is monitored in real-time. Once the online DQM receives data from runs, it must make quick
decisions based on the available information. Small parts of the data are displayed in plots and for
each subsystem during the run; these help shifters decide whether to mark the data as GOOD or BAD.

Finally, the last step before analysis is carried out by the offline DQM. This role focuses on obtaining
the fully reconstructed data and verifying that the online DQM decisions were accurate. Offline DQM
teams have started using DIALS, a GUI that stores reconstructed data from runs, with a prompt
reconstruction done in 3 hours and a full reconstruction in 24 hours. Offline DQM focuses on reviewing
the complete data and ensuring that the flags (GOOD/BAD) match the information provided, allowing
the data to be sent for physics analysis.
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4 Data Quality Monitoring (Offline)

Offline DQM plays a crucial role after the CMS data acquisition and trigger system. Once the runs
are pushed into the Run Registry by the shifters on the Online DQM, the Offline DQM steps in
after a set period of time. It first analyzes a prompt reconstruction of the data, followed by a full
reconstruction. Experts then study the fully reconstructed data to monitor the detectors’ particle
reconstruction performance and overall health. Based on the analysis, the data is officially labeled as
”GOOD” or ”BAD” and pushed into the Run Registry.

”BAD DATA” indicates anomalies, such as issues within the calibration of the detector for each
run or problems with detector components. This classification helps identify and address potential
problems within the system.

During a run of the CMS, the detector is on for a time that can range from a span of minutes to
several hours. During the time the CMS is on, the detector is collecting data from the collisions. ”A
run’s duration depends on both the stability of the LHC and the CMS system. If any issues arise or
problematic results are detected, the run may be affected.

Lumisections are time frames of approximately 23.3 seconds, used to facilitate data analysis for
quality and detector health. Segmenting data into these smaller intervals allows for ore accurate
monitoring compared to analyzing an entire run in one histogram. This approach makes it simpler to
identify and select useful lumisections for research while discarding those that are not. By restricting
problematic data to just a handful of lumisections instead of an entire run, we can ”throw away” much
less good data, preserving more valuable information for analysis.

Each lumisection has multiple elements being monitored. Elements in the context of DQM are
simply distributions of physical observables. These monitored elements are studied by the offline
DQM team. Its important to understand in data taking, some of these elements may be off or not
meet the necessary requirements; meaning an anomaly can be detected.
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5 Machine Learning

Within this project, the goal is to implement machine learning models into the offline DQM process
to simplify the analysis and monitoring of data for physicists. Before discussing how machine learning
will be implemented, it’s important to understand what machine learning is and the specific type that
will be used.

Machine learning is a branch of artificial intelligence that focuses on developing algorithms that can
process data and make predictions or decisions based on statistical patterns. While deep learning is a
subcategory of machine learning, it involves more complex models, often with multiple layers of neural
networks. Unlike traditional machine learning models, which can include algorithms like decision trees
or support vector machines, deep learning models are typically more intricate and may require more
computational resources. Although deep learning and traditional machine learning models can operate
autonomously after being trained, they still require regular updates, monitoring, and maintenance to
remain effective. This is necessary to ensure the models continue to perform well as new data becomes
available, similar to the upkeep required for models like ChatGPT.

Machine learning is a process where algorithms are trained on data to identify patterns and make
predictions. Initially, the model’s performance may be limited, but as it is exposed to more data and
iteratively adjusted, its accuracy improves over time.

5.1 Autoencoders

When discussing the type of machine learning model to use in the project, autoencoders were found to
be most effective for anomaly detection. Anomaly detection involves training the model to recognize
expected patterns so that when something deviates from these patterns, it is flagged as an ”anomaly.”

Autoencoders are a type of machine learning model that compress input data through encoding
layers and then attempt to reconstruct it using decoding layers. The goal is for the model to recreate
the input as closely as possible, minimizing the difference between the original and the output. This
difference, or reconstruction error, is typically measured by mean squared error (MSE). When normal
data is processed, the MSE remains low. However, when unusual or anomalous data is fed in, the
model struggles to recreate it accurately, causing the MSE to spike. These spikes are often visualized
in plots, allowing users to clearly spot deviations and identify potential anomalies.

5.2 Supervised Learning vs. Unsupervised Learning

Machine learning has multiple methods; the two popular being ”supervised” and ”unsupervised”.
Supervised learning involves training a model on labeled data, where each input is paired with the
correct output. For example, when creating a classifier to differentiate between dogs and cats, a
supervised model would be trained on datasets containing images of dogs and cats, each labeled as
’dog’ or ’cat’. This labeled data allows the model to learn the distinguishing features of each category.

Figure 7: Supervised Learning Data Diagram

Figure 7 shows a diagram explaining the process of supervised learning. In this process, the model
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is trained on a labeled dataset containing examples of apples and bananas. After training, the model
is tested by being given an example it has never seen before, and it makes a prediction based on the
knowledge gained during training. The model’s ability to use labeled data during training is what
defines it as supervised learning.

Unsupervised learning involves training a model on unlabeled data, where no specific labels describe
what the data represents. In this approach, the model identifies patterns and similarities within the
data, allowing it to group or categorize the data into clusters based on those patterns without prior
knowledge of the categories.

Figure 8: Unsupervised Learning Data Diagram

Figure 8 illustrates the process of unsupervised learning. Unlike supervised learning, the model
here does not have predefined labels to guide its training. Instead, the model identifies patterns and
similarities within the data and organizes them into groups or categories. This type of training is more
flexible, as it allows the model to work with unlabeled data, though overfitting can still occur if the
model becomes too closely fitted to the specific patterns in the training data.

In machine learning, overfitting refers to a model that has been trained too specifically on the
details of the training data, causing it to perform poorly on unseen data. While unsupervised learning
deals with unlabeled data and focuses on identifying patterns or structures, it is not inherently less
prone to overfitting. In fact, overfitting can still occur if the model becomes too finely tuned to the
specific patterns or noise in the data, even without predefined labels.

5.3 Choosing Unsupervised Learning

Understanding the difference between learning types is crucial when deciding which to use in the model.
After careful consideration, it was concluded that unsupervised learning would be the most effective
choice for several reasons.

When considering the use of supervised learning to classify data as ’GOOD’ or ’BAD’, several
potential issues arise. One significant challenge is the inherent complexity and variability of the data
from the detectors. The behavior of particles and the scale of measurements can vary greatly, making
it difficult to create a comprehensive labeled dataset that covers all possible scenarios. If a model is
trained on a specific set of 100 ’GOOD’ and 100 ’BAD’ runs, it becomes tailored to those specific
conditions. However, in the context of DQM at CMS, this approach is limited because it’s impossible
to anticipate every type of ’BAD’ data that could arise in the future. Machine learning models are
only as good as the data they are trained on, and a supervised model may fail to correctly classify
new, unseen types of ’BAD’ data.

In contrast, unsupervised learning is a better approach in this context because it focuses on defining
what ’GOOD’ data looks like. This method allows the model to flag deviations from the norm as
potential anomalies, without needing a comprehensive labeled dataset of all possible ’BAD’ conditions.
This makes unsupervised learning more robust for the dynamic and unpredictable nature of CMS data.

Additionally, an unsupervised learning model might offer a more effective approach in this context,
depending on the nature of the data and the goals of the task. By training the model exclusively
on ’GOOD’ data, it can establish a baseline of what normal data looks like. When ’BAD’ data is
introduced, the model, having been conditioned to recognize ’GOOD’ data, will produce a higher error
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rate, indicating an anomaly. This approach could enhance the detection of anomalies and improve the
overall monitoring process.
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6 Methodology

When first introduced to this project and its goals, several issues arose, one of which was the lack of
experience in building and creating machine learning models. The first step in any machine learning
task is understanding the underlying mathematics to fully grasp whether the code is working correctly.
This was achieved by first breaking down the fundamentals of machine learning, one of which is
”weights.” In machine learning, weights refer to the parameters within neural networks that adjust
the strength of connections between neurons.

When building machine learning models like autoencoders, there are three key parts: the input
layer (which encodes the data), the hidden layers (which represent the compressed version of the
data), and the output layer (which decodes the data back to its original form). These layers are made
up of neurons, and the connections between them are called weights. The weights are essential for
learning—they start with random values and are gradually adjusted as the model is trained.

To be more precise, the activation of each neuron in a layer depends on the activations of the
neurons in the previous layer. This happens through a process where the inputs from the previous
layer are multiplied by the weights and then passed through an activation function. The process can
be described with the following formula:

aj = f

(∑
i

wijai + bj

)
Here, each neuron’s activation (aj) is calculated by adding up the contributions from the neurons

in the previous layer (ai), multiplied by their corresponding weights (wij), and a bias term (bj). The
function f , known as the activation function, determines how the neuron reacts to this sum.

During training, the model learns by adjusting these weights to reduce the difference between the
original data and the data reconstructed by the autoencoder. Over time, this helps the model better
understand the important features of the data.

6.1 Programs and Software

The programs and software used within the project must be flexible and be able to work with in
different places. The project uses a range of python libraries mainlyTensorFlows, Keras, Optuna, and
Matplotlib

6.1.1 Keras, Optuna, and Matplotlib

Keras
TensorFlow’s Keras was used to construct the machine learning model. TensorFlow, an open-source

platform by Google for machine learning developers, provides access to high-level APIs for developing
and training models. Compared to other platforms, Keras is simple and user-friendly when it comes
to defining, developing, and training models.

In this project, the Sequential API was used to build an autoencoder. The Sequential model allows
for stacking layers in a linear fashion, which is suitable for creating the structure of an autoencoder.
The autoencoder itself consists of an encoder, a latent space (hidden layer), and a decoder. However,
it’s important to note that while a Sequential model is a convenient way to implement an autoencoder,
not all autoencoders are built using the Sequential API, and not all Sequential models are autoencoders.
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Figure 9: Sequential Model

Optuna
Along with Keras, the model would use the Optuna library. Optuna, an open-source framework, is

used to find the best hyperparameters in machine learning models. Hyperparameters are considered
the settings or parameters made to a machine learning model that are not learned. They influence
the learning process and the model’s performance. An example of a set hyperparameter would be
the learning rate of a model. It’s known for its high flexibility and various uses in machine learning
libraries, in this case, Keras and TensorFlow.

1 # Create and run the Optuna study

2 study = optuna.create_study(direction='maximize') # maximizing the metric

3 study.optimize(objective, n_trials=50)

4

5 # Print the best parameters

6 print("Best hyperparameters: ", study.best_params)

The following code snippet above uses Optuna to find the best hyperparameters. It first initializes
the core object called a study to perform the optimization, with the goal of maximizing the objective
function to achieve the most accurate outcome possible. The study.optimize function is then called
with the objective function, which defines what data is to be optimized and suggests hyperparameters.
The optimization process is set to run for 50 trials, during which the hyperparameter set is adjusted
based on the suggestions from the objective function. After completing all the trials, it prints the best
hyperparameters that resulted in the best performance, such as minimizing the loss if the objective was
to reduce Mean Squared Error (MSE) The following code is calculating the MSE of runs’ lumisections.

Matplotlib
Matplotlib is a Python library used for visualizing data in graph format. The library is used

multiple times within the project to visualize the data and ensure the reconstructed output matches
the initial input data. Matplotlib is also used to show the MSE (Mean Squared Error) of each run
through the model and to display the epoch at which early stopping is triggered.

1 plt.plot(auto_output[ls])

2 plt.plot(normalized_input[ls])

3 plt.xlabel('Bin')

4 plt.ylabel('Value')

5 plt.title(f'Autoencoder Output for Lumisection {ls}')

6 plt.show()

The following code is an example of how matplotlib is used to visualize the inputted data after
being normalized.

6.1.2 DIALS and CMS Run Registry

After selecting the necessary libraries, the next step was to connect to the data that will be used. As
discussed earlier, the project focuses on using data extracted from the CMS detector.

CMS Run Registry
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The CMS Run Registry is the final component of the offline DQM (Data Quality Monitoring)
system. It serves as a database that stores metadata for each run recorded by CMS. This includes,
but is not limited to, the DQM quality flag, which helps in assessing the quality and usability of the
data collected during each run. To train the model, it is crucial to use data considered ”GOOD,”
which can be found in the CMS run registry. It’s important to use the most recent runs for training to
maintain consistency in the age of the data. Training the model on older runs alongside more recent
ones can introduce problems, as differences in data, calibrations, and settings between these runs could
lead to inconsistencies and spikes in reconstruction performance. The data varies because the detector
undergoes constant aging and changes over time.

Figure 10: CMS Run Registry UI

Run 380360 was chosen as the test run after the model is trained. To ensure effective training, it
was important to use runs close to 380360 that were labeled as ”GOOD.” Therefore, any runs within
the range of 360000 to 390000 labeled as ”GOOD” were used for training and testing.

DIALS
DIALS, created by Gabriel Moreira, a member of the central DQM team, provides access to a

subset of the distributions used in the CMS DQM pipeline with per-lumisection granularity for all
registered CMS plots. It collects, organizes, and shares this data through a user-friendly web interface,
and more importantly, an API to fetch data, making it accessible even to those outside the DQM team
for analyzing past data, understanding detector health, and conducting studies.

Figure 11: Dials UI



6 METHODOLOGY 15

The model access the DIALS program through API, extracting any RUN data as necessary, specif-
ically data pertaining hadronic jets and missing transverse momentum (MET), as will be explained in
the following.

6.2 What Data is being trained on?

As previously mentioned, the detector collects a variety of data for the DQM, including detector
health, particle reconstruction, and physics studies. When developing a machine learning model to
detect anomalies in this data, it’s important to remember that each run measures many different
elements. The current model will focus on studying and detecting anomalies specifically in one of
these monitored elements within CMS runs: hadronic jets and MET.

Jets and MET
Jets refers to the sprays of particles produced when particles are scattered during collisions, while

MET (Missing Transverse Energy) is the missing energy in the transverse plane. Monitoring these
measurements provides shifters with valuable information about the health of the detector and the
calibration of its subsystems. Specifically, the data extracted from JetMET will focus on METSig.

METSig refers to MET Significance. As mentioned, MET is the missing transverse energy within a
collision. Initially, the transverse plane’s total energy is expected to be zero, and theoretically, it should
remain zero after the collision, as particles spray in opposite directions, balancing out. However, this
isn’t always the case. MET significance calculates the significance of the imbalance in the transverse
energy observed by the detector after a collision. It measures the deviation from the expected zero
energy balance, highlighting discrepancies that could indicate missing energy. This missing energy,
known as MET, could be due to unseen particles (like neutrinos or potential dark matter candidates)
or issues within the detector itself. The following shows the necessary equation to calculate the missing
energy.

E⃗miss
T = −

∑
observable

p⃗T,i (1)

S =
Emiss

T√∑
ET

(2)

METSig helps quantify how significant this missing energy is compared to what is expected, as-
sisting in identifying potential anomalies or calibrating the detector’s response to such events.
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7 Model Implementation

When implementing the code, several key functions help drive the training process of the model. But
before diving into the details of these functions, it’s important to first explain the structure of the
data being used. The data is extracted from the JETMET of a CMS run and focuses on specific
lumisections. Using DIALS, the data is gathered from histograms and stored in matrix form for each
lumisection.

The autoencoder then processes these matrices as input, learning to compress and reconstruct the
data to capture its most essential features. The model is trained with specific parameters, like batch
size and encoding dimensions, which are tuned to optimize performance. The next sections will explain
how each function contributes to data extraction, preparation, and model training, with the ultimate
goal of improving the model’s ability to capture and reproduce key patterns from the CMS run data.

7.1 Installations and Imports

1 # Installations

2 pip install cmsdials==1.3.0

3 pip install optuna

4 pip install numpy

5 pip install tensorflow

6 pip install keras

7 pip install matplotlib

8 pip install pandas

9 pip install pickle-mixin

10

11 # Python Imports

12 import os

13 import numpy as np

14 import tensorflow as tf

15 from tensorflow import keras

16 from tensorflow.keras.utils import plot_model

17 from tensorflow.keras import layers, models, optimizers, callbacks, regularizers

18 from tensorflow.keras.models import Sequential, load_model

19 from keras.models import Model

20 from tensorflow.keras.layers import Dense

21 import cmsdials

22 from cmsdials.auth.client import AuthClient

23 from cmsdials import Dials

24 from cmsdials.auth.bearer import Credentials

25 from cmsdials.filters import LumisectionHistogram1DFilters

26 import pandas as pd

27 import pickle

28 import optuna

29 from sklearn.metrics import mean_squared_error

30 import matplotlib.pyplot as plt

As mentioned previously, libraries and open-source tools such as TensorFlow/Keras, Optuna, and
Matplotlib are crucial for developing the model. CMS DIALS is also a key component, as it allows for
connecting through the API and authorizing the connection to the personal computer. Additionally,
several other imports and libraries are used to prepare and set up the environment for data extraction,
analysis, and model training and testing.

7.2 Harvesting DIALS

1 def harvest_DIALS(run, ME='JetMET/MET/pfMETT1/Cleaned/METSig'):

2 # Authenticate and initialize Dials client

3 credentials = Credentials.from_creds_file() # Assuming you have a credentials file

4 dials = Dials(credentials, workspace="jetmet")
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5 # Fetch data using the specified filters

6 data_ = dials.h1d.list_all(LumisectionHistogram1DFilters(me=str(ME), run_number=run))

7 # Process the results

8 results_ = [{'ls_number': result.ls_number, 'data': result.data, 'dataset': result.dataset}

9 for result in data_.results]

10 # Filter the results to only include those with 'PromptReco' in the dataset

11 filtered_results = [result for result in results_ if 'PromptReco' in result['dataset']]

12 # Sort the filtered results by lumisection number

13 sorted_ = sorted(filtered_results, key=lambda x: x['ls_number'])

14 # Extract lumisection numbers from the sorted results

15 ls_numbers = [histogram['ls_number'] for histogram in sorted_]

16 # Create a 2D array by vertically stacking the 'data' arrays from the sorted results

17 data_array = np.vstack([histogram['data'] for histogram in sorted_])

18 # Create the result as a tuple containing the data array,

19 #lumisection numbers, and sorted results

20 result = (data_array, ls_numbers, sorted_)

21 # Return the result

22 return result

The following function is used within the training model, to call into the DIALS API and extract
the necessary data the model will train or test on. It first accesses the workspace ”jetmet” using the
credentials, and the parameters set from METSig are used to easily retrieve the necessary run data.
After the data is harvested, it is filtered into the relevant data that will be used and saved into the
variable results . Important data to use includes the lumisection number, the data calculated for
MET significance, and the dataset. After the results are filtered to only include the prompt Reco in
the set.

1 def preprocess(output):

2 min_val = tf.reduce_min(output, axis=0)

3 max_val = tf.reduce_max(output, axis=0)

4 normalized_inputs = tf.where(max_val - min_val != 0,

5 (output - min_val) / (max_val - min_val + 1e-8),

6 tf.zeros_like(output))

7 return normalized_inputs

8

9 def calculate_metric(pred, true, anomaly_indices):

10 mse = tf.math.reduce_mean(tf.math.pow(pred - true, 2), axis=1)

11 mse_no_anom = mse[~anomaly_indices]

12 mse_anom = mse[anomaly_indices]

13 mean_mse_no_anom = tf.reduce_mean(mse_no_anom)

14 std_mse_no_anom = tf.math.reduce_std(mse_no_anom)

15 mean_mse_anom = tf.reduce_mean(mse_anom)

16 metric = np.abs(mean_mse_anom - mean_mse_no_anom) / std_mse_no_anom

17 return metric.numpy()

18

19 def objective(trial):

20 # Suggest values for hyperparameters using Optuna

21 batch_size = trial.suggest_categorical('batch_size', [32, 46, 64, 128])

22 encoding_dim = trial.suggest_int('encoding_dim', 10, normalized_inputs_good.shape[1])

23 encoding_dim_2 = trial.suggest_int('encoding_dim_2', 2, encoding_dim)

24 # Fixed learning rate

25 learning_rate = 1e-4

26 # Train the autoencoder model with the suggested hyperparameters

27 model, history = train_autoencoder_sequential(normalized_inputs_good,

28 encoding_dim, encoding_dim_2,

29 learning_rate, batch_size,

30 epochs=2000)

31 # Train the model on the good data

32 model.fit(normalized_inputs_good, normalized_inputs_good,

33 epochs=2000, batch_size=batch_size, verbose=0)

34 # Print the shape of the normalized input data
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35 print(normalized_inputs_good.shape)

36 # Predict using the trained model on the anomaly data

37 pred = model.predict(normalized_inputs_anomaly)

38 # Create a boolean array to mark the anomalous LS (Luminosity Sections)

39 anomaly_indices = np.zeros(normalized_inputs_anomaly.shape[0], dtype=bool)

40 anomaly_indices[anomaly_ls_index] = True # Marking the known anomalous indices

41 # Calculate the metric based on the predictions and true anomaly data

42 metric = calculate_metric(pred, normalized_inputs_anomaly, anomaly_indices)

43 # Print the type of the metric

44 print(metric.dtype)

45 # Return the calculated metric (to be maximized by Optuna)

46 return metric

The following functions are designed to assist in preprocessing, optimizing, and training the model.
The preprocess function is used to normalize the data. It does this by scanning through the data
and finding the minimum and maximum values for each feature. The data is then scaled to fit within
the range of 0 to 1, which aligns with the requirements set in the model’s layers. This normalization
process is crucial for ensuring successful training results.

The objective function is called and used during the optimization phase of the model. In this
function, hyperparameters are given suggested values, and the model is trained and fitted with these
values. The outcome returned by the metric determines the best hyperparameters for the model. The
objective function takes in two types of data: GOOD and BAD. This ensures that when an anomalous
run is encountered, the function can choose the hyperparameters best suited to detect future anomalies.

Within the objective function, the model first trains on a GOOD run (normal data) and then pre-
dicts and evaluates a BAD run (anomalous data). The objective function then calls the calculate metric

function. This function calculates the Mean Squared Error (MSE) for both the normal data and the
anomalous data, as well as the standard deviation of the MSE for the normal data. The calculate metric

function then returns a value stored in a variable called metric.
This is where Optuna comes into play. Optuna uses this metric value to optimize the hyperparam-

eters, aiming to find the best configuration that maximizes the model’s ability to detect anomalies.

1 # Create and run the Optuna study

2 study = optuna.create_study(direction='maximize') # maximizing the metric

3 study.optimize(objective, n_trials=15)

4

5 # Print the best parameters

6 print("Best hyperparameters: ", study.best_params)

The following code is used to normalize the data and find the best hyperparameters for the model.
The code calls the objective function and runs it for a specified number of trials—in this example, 15
trials. This means the model will be trained and evaluated 15 times, each with different hyperparam-
eters suggested by Optuna. The objective function runs a different trial with varied parameters each
time. At the end of the optimization process, the best hyperparameters, which result in the lowest
loss, will be printed.

Figure 12 shows the run of Optuna finding the best parameters for 14 trials. The trials run for
2000 batches that are hard coded, but stop training the models on the parameters per trial based on
the early stopping.

1 batch_size = best_params['batch_size']

2 encoding_dim = best_params['encoding_dim']

3 encoding_dim_2 = best_params['encoding_dim_2']

4 learning_rate = 1e-4

5

6 print(best_params)

7 print(f"BEST PARAMS :\nbatch size: {batch_size}\nencoding dimension:

{encoding_dim}\nencoding dimension 2: {encoding_dim_2}\n")↪→

8

9 # Build the autoencoder model

10 input_data = keras.Input(shape=(normalized_inputs_good.shape[1],))
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Figure 12: Results of 15 trials from the Optuna optimization process, as described in the code above.
The training stops at epoch 738, indicating that this was the optimal number of epochs to achieve the
best results. The shape of the output is 51 for the y-axis, with all trials having the same shape for
index [1]. At the end of each trial, the hyperparameters used and the resulting MSE (Mean Squared
Error) are printed. A lower MSE indicates better performance. Finally, the code prints the best
hyperparameters identified from the 15 trials for training the model.

11 encoded = layers.Dense(encoding_dim, activation='relu',

activity_regularizer=tf.keras.regularizers.l2(learning_rate))(input_data)↪→

12 decoded = layers.Dense(encoding_dim_2, activation='sigmoid')(encoded)

13 decoded = layers.Dense(encoding_dim, activation='sigmoid')(decoded)

14 decoded = layers.Dense(normalized_inputs_good.shape[1], activation='sigmoid')(decoded)

15

16 model = keras.Model(input_data, decoded)

17 model.compile(optimizer=tf.keras.optimizers.Adam(learning_rate), loss='mse')

18 early_stopping = tf.keras.callbacks.EarlyStopping(monitor='val_loss', patience=5,

restore_best_weights=True)↪→

19

20 # Train the model with the correct variable

21 history = model.fit(normalized_inputs_good, normalized_inputs_good, epochs=2000,

batch_size=batch_size, verbose=1, validation_split=0.2, callbacks=[early_stopping])↪→

22

23 # Save the trained model

24 model.save('model_new.h5')

In previous code shown above; it builds the layers of the autoencoder model. Each parameter plays
a significant role in training the autoencoder:

• Normalized Inputs: This refers to the input data that has been preprocessed and normalized.
Normalization ensures that the data has the same scale, which helps the model train and evaluate
more effectively.

• Encoding Dimensions: These refer to the number of neurons in each layer. The first encoding
layer reduces the input data size, while the second layer, known as the bottleneck layer, further
compresses the data by having fewer neurons than the first layer.

• Learning Rate: This parameter controls how much the model’s weights are adjusted during
training. It optimizes the model by determining the step size during each update to minimize
the loss function.

• Batch Size: This is the number of samples the model processes before updating its weights.
Smaller batch sizes allow for more frequent updates, while larger batch sizes offer more stable
updates.

• Epochs: This parameter defines the number of times the model will go through the entire
dataset during training. For example, if the number of epochs is set to 5, the model will train
on the dataset five times.

These parameters work together to fine-tune the autoencoder, improving its performance in com-
pressing and reconstructing the input data.
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The API used in the code follows a straightforward approach to adding layers in a neural network
model. It begins with the input layer, which defines the input shape to ensure it matches the initial
data. The encoding layer follows, where the first parameter specifies the encoding dimensions, forming
a fully connected neuron layer. ReLU activation is applied to capture nonlinear relationships, and
regularization is used to prevent overfitting.

The next layer, known as the latent space, uses the second encoding dimension to further compress
the data, creating a bottleneck. The sigmoid activation function is then applied, ensuring that output
values are between 0 and 1. This is important when the output needs to represent a probability,
such as in binary classification tasks, where it expresses the likelihood of an input belonging to a
particular class. By constraining the output to this range, the results are easier to interpret and use
in decision-making.

After the latent space, the decoding stage begins, where the model gradually expands back to
the original encoding dimensions, reconstructing the data step by step. Finally, the output layer
fully reconstructs the data to match the original input size. The model is compiled using the Adam
optimizer, which is widely used for training deep learning models due to its adaptability with learning
rates. The model’s performance is measured using Mean Squared Error (MSE) as the loss function.

After the model is trained using model.fit, it adjusts its weights based on the input data to minimize
the loss function, improving the model’s reconstruction performance. During the training process, a
callback called ”Early Stopping” is often used. Early stopping halts the training when the model’s
performance stops improving, preventing it from running unnecessary epochs that could lead to over-
fitting. This means that instead of manually adjusting the epoch count for large datasets, you can set
a high number of epochs and rely on early stopping to stop the training at the optimal point when the
model no longer benefits from further epochs. This approach helps avoid overfitting by ensuring that
training is halted at the right time.

The model is then saved in a file labeled model new.h5. With the model created and saved, it
can be reloaded and further trained if needed. More importantly, it can be used on new data without
requiring retraining from scratch, while maintaining the same layout and using the best parameters
found.

1 def train_autoencoder_sequential(normalized_inputs, encoding_dim, encoding_dim_2,

learning_rate, batch_size, epochs=2000):↪→

2 # Define the Sequential model

3 model = keras.Sequential()

4

5 # Add layers to the model

6 model.add(layers.InputLayer(input_shape=(normalized_inputs.shape[1],))) # Define the

input layer↪→

7 model.add(layers.Dense(encoding_dim, activation='relu',

activity_regularizer=tf.keras.regularizers.l2(learning_rate))) # Encoder layer↪→

8 model.add(layers.Dense(encoding_dim_2, activation='sigmoid')) # Latent space layer

9 model.add(layers.Dense(encoding_dim, activation='sigmoid')) # Decoder layer

10 model.add(layers.Dense(normalized_inputs.shape[1], activation='sigmoid')) # Output

layer↪→

11

12 # Compile the model with Adam optimizer and mean squared error loss

13 model.compile(optimizer=tf.keras.optimizers.Adam(learning_rate), loss='mse')

14 model.summary()

15

16 # Define early stopping to prevent overfitting

17 early_stopping = tf.keras.callbacks.EarlyStopping(monitor='val_loss', patience=5,

restore_best_weights=True)↪→

18

19 # Train the autoencoder model

20 history = model.fit(normalized_inputs, normalized_inputs, epochs=epochs,

batch_size=batch_size, verbose=1, validation_split=0.2, callbacks=[early_stopping])↪→

21 model.save('model.h5')

22

23 # Return the trained model

24 return model, history
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Now that the model is saved, two new functions come into play. The first function is used to
train the autoencoder, and it is called within a larger function known as good training. Within
these functions, the model is loaded with its layers and trained on the RUNs that are inputted. As
mentioned earlier, the model is now trained exclusively on GOOD data labeled from the CMS Run
Registry.

The good training function can train either one run or multiple runs, depending on the user
input. If only one run is trained, the model will go through the process as usual. If multiple runs are
inputted into the model, the data from these runs will be extracted, concatenated to match the same
shape, and then trained as normal.

Finally, the Mean Squared Error (MSE) is calculated by comparing the MSE of all normalized
inputs and their reconstructions. The resulting data is then saved in a variable labeled mse data.

Plotting the mse data allows us to visualize the initial shape of the run’s data, how it evolves,
and ultimately provides a graph where each lumisection’s loss is displayed across the entire run.If a
spike is shown in a anomalous run, the user can input the lumisection to look at closer and see the
reconstruction error.

To run and reconstruct the model(rebuild it the same as an input ) a function was created to
evaluate, called evaluate autoencoder and plot. The function allows the user to enter the run
number they would want to check after training on good run, and see the reconstruction to detect
anomalies.

1 def evaluate_autoencoder_and_plot():

2 # Step 1: Input the run number

3 run = input("Enter Run Number:")

4

5 # Step 2: Load the trained autoencoder model

6 autoencoder_final_model = load_model('model_new.h5')

7

8 # Step 3: Fetch test data using the harvest_DIALS function

9 test_data_array, ls_numbers, sorted_results = harvest_DIALS(run,

'JetMET/MET/pfMETT1/Cleaned/METSig')↪→

10

11 # Step 4: Normalize the input data

12 normalized_input = preprocess(test_data_array)

13

14 # Step 5: Generate predictions from the autoencoder

15 auto_output = autoencoder_final_model.predict(normalized_input)

16

17 # Step 6: Calculate Mean Squared Error (MSE) for each lumisection

18 mse_data = tf.math.reduce_mean(tf.math.pow(auto_output - normalized_input, 2), axis=1)

19

20 # Step 7: Plot MSE as a function of Lumisection number

21 plt.figure(figsize=(10, 6))

22 plt.plot(ls_numbers, mse_data, marker='o')

23 plt.xlabel('Lumisection Number')

24 plt.ylabel('Mean Squared Error (MSE)')

25 plt.title(f'MSE as a function of Lumisection for Run {run}')

26 plt.grid(True)

27 plt.show()

28

29 # Step 8: Ask the user for the specific Lumisection number to plot, with an option to

stop↪→

30 while True:

31 try:

32 ls = input("Enter Lumisection Number to plot (or type 'X' to exit): ")

33 if ls.upper() == 'X':

34 break

35

36 ls = int(ls)

37 if ls in ls_numbers:

38 ls_index = ls_numbers.index(ls)
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39 plt.figure(figsize=(10, 6))

40 plt.plot(normalized_input[ls_index], label='Input', color='blue')

41 plt.plot(auto_output[ls_index], label='Output', color='red',

linestyle='dashed')↪→

42 plt.xlabel('Bin')

43 plt.ylabel('Value')

44 plt.title(f'Autoencoder Output vs. Input for Lumisection {ls}')

45 plt.legend()

46 plt.grid(True)

47 plt.show()

48 else:

49 print(f"Lumisection {ls} not found in the data. Please enter a valid

lumisection number.")↪→

50 except ValueError:

51 print("Invalid input. Please enter a valid number or 'X' to exit.")

52

53 # Step 9: After user exits, plot the average initial input vs. the average reconstructed

output↪→

54 avg_input = np.mean(normalized_input, axis=0)

55 avg_output = np.mean(auto_output, axis=0)

56

57 plt.figure(figsize=(10, 6))

58 plt.plot(avg_input, label='Average Input', color='blue')

59 plt.plot(avg_output, label='Average Output', color='red', linestyle='dashed')

60 plt.xlabel('Bin')

61 plt.ylabel('Value')

62 plt.title('Comparison of Average Initial Input vs. Reconstructed Output')

63 plt.legend()

64 plt.grid(True)

65 plt.show()

66

67 # Run the function

68 evaluate_autoencoder_and_plot()

The following figure is an example run in detecting anomalies in a GOOD run.
Following in figure 15, the model was then tested on runs that are flagged as BAD by experts from

the CMS run registry. The model will attempt to reconstruct the distribution, and if an anomaly is
found it will show a spike in the lumisection graph.
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Figure 13: Results of running RUN 390115 through the model and evaluating results. The model shows
the lumisections losses and then allows the user to view the reconstruction on whichever lumisection
they enter. The second graph shows lumisection 177.

Figure 15: Testing the model with a BAD anomaly showing a spike in the loss per lumisection, followed
y reconstruction comparisons for certain lumisections.
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Figure 15 clearly shows the spike on 716, to ensure there is a difference multiple lumisections were
checked to see where the anomaly is.

Figure 16: The figure shows a reconstruction plot of lumisection 716 and 715, a clear difference as an
anomaly is found in 716. The error of reconstruction being high and obvious.

To ensure that the anomaly is in lumisection 716, the model was cross checked with the run registry,
as it is already labeled where the said anomaly is in the lumisections. The following figure , shows a
screenshot of the run registry showing that RUN 370144 has an anomaly in lumisection 716.

Figure 17: Screenshot from CMS run registry for RUN 370144 showing the anomalous lumisection is
716
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Figure 14: The results are the second part for RUN 380115, which is marked as a GOOD run in
the CMS run registry. It shows another lumisection being reconstructed similarly to the initial input,
followed by the full reconstruction of the observable distributions, with the Mean Squared Error (MSE)
used as a metric to evaluate the accuracy of this reconstruction.
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8 Conclusion and Future Works

8.1 Conclusion and Results

To conclude this project and report, a model for anomaly detection was successfully built, trained,
and tested. The project began with thorough research within the CMS framework to fully understand
the data being used. Following this, the role of machine learning models in anomaly detection was
explored, leading to the selection of an Autoencoder as the most suitable approach.

Using Python and libraries such as TensorFlow’s Keras, a simple sequential model was developed.
The model’s hyperparameters were optimized using Optuna, which helped identify the best configura-
tion for the Autoencoder. The model was trained on multiple datasets, ensuring that the reconstruction
error was minimized.

The final model effectively detects anomalies by training on ”GOOD” data and then reconstructing
the data. Anomalies are detected when a spike appears in the plot of Mean Squared Error (MSE)
per lumisection, as demonstrated in previous sections. This approach enables the model to accurately
identify deviations in the data, making it a valuable tool for anomaly detection in CMS data quality
monitoring.

8.2 Future Work

Anomaly detection is crucial for ensuring that anomalous data is removed before it is sent for further
analysis. Currently, the code is being modified and further developed to automatically remove any
anomalous lumisections, enabling the data to be cleared and prepared for physics analysis.

The primary goal of integrating anomaly detection machine learning models within the CMS DQM
is to improve the reliability of the monitoring process by supporting shifters with these ML tools. Once
these tools are in place, they can then be applied to study multiple monitored elements simultaneously,
enhancing the overall efficiency and accuracy of the monitoring system. Currently, the model is trained
to detect anomalies within the MET Significance of runs. In the future, the aim is to expand the
model’s capabilities to analyze multiple dependencies from runs, identifying the source of anomalies
more effectively.

For example, the model could take input data from MET Significance, MET Phi, and jets, allowing
it to study the entire run comprehensively. If an anomaly is detected, it would be identified within
a single model rather than requiring multiple machine learning models, each designated to a specific
monitored element. This integrated approach would streamline the process and improve the accuracy
of anomaly detection by leveraging correlations between multiple observables across various aspects of
the CMS data.

Figure 18: The figure illustrates an autoencoder that takes in two dependencies, METPhi and METSig,
and reconstructs them to detect anomalies. This approach enables anomaly detection within a single
model, eliminating the need for separate models for each dependency.
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11 Appendix: Full Code Listing

1 #!/usr/bin/env python

2 # coding: utf-8

3

4 # In[1]:

5

6 get_ipython().system('pip install cmsdials==1.3.0')

7

8 # In[2]:

9

10 import cmsdials

11

12 # In[3]:

13

14 get_ipython().system('pip install optuna')

15

16 # In[4]:

17

18 import os

19 import numpy as np

20 import tensorflow as tf

21 from tensorflow import keras

22 from tensorflow.keras.utils import plot_model

23 from keras.models import Model

24 from tensorflow.keras import layers, models, optimizers, callbacks, regularizers

25 from cmsdials.auth.client import AuthClient

26 from cmsdials import Dials

27 from cmsdials.auth.bearer import Credentials

28 from cmsdials.filters import LumisectionHistogram1DFilters

29 import pandas as pd

30 import pickle

31 import optuna

32 from tensorflow.keras.models import Sequential

33 from tensorflow.keras.layers import Dense

34 from tensorflow.keras.models import load_model

35 from sklearn.metrics import mean_squared_error

36

37 # In[5]:

38

39 creds = Credentials.from_creds_file()

40 dials = Dials(creds, workspace="jetmet")

41

42 # In[6]:

43

44 pip install numpy tensorflow keras matplotlib pandas pickle-mixin optuna

45

46 # In[7]:

47

48 import matplotlib.pyplot as plt

49

50 # In[8]:

51

52 def harvest_DIALS(run, ME = 'JetMET/MET/pfMETT1/Cleaned/METSig'):

53 # Authenticate and initialize Dials client

54 credentials = Credentials.from_creds_file() # Assuming you have a credentials file

55 dials = Dials(credentials, workspace="jetmet")

56

57 # Fetch data using the specified filters

58 data_ = dials.h1d.list_all(LumisectionHistogram1DFilters(me=str(ME), run_number=run))
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59

60 # Process the results

61 results_ = [{'ls_number': result.ls_number, 'data': result.data, 'dataset':

result.dataset} for result in data_.results]↪→

62

63 # Filter the results to only include those with 'PromptReco' in the dataset

64 filtered_results = [result for result in results_ if 'PromptReco' in result['dataset']]

65

66 # Sort the filtered results by lumisection number

67 sorted_ = sorted(filtered_results, key=lambda x: x['ls_number'])

68

69 # Extract lumisection numbers from the sorted results

70 ls_numbers = [histogram['ls_number'] for histogram in sorted_]

71

72 # Create a 2D array by vertically stacking the 'data' arrays from the sorted results

73 data_array = np.vstack([histogram['data'] for histogram in sorted_])

74

75 # Create the result as a tuple containing the data array, lumisection numbers, and

sorted results↪→

76 result = (data_array, ls_numbers, sorted_)

77

78 # Return the result

79 return result

80

81 def format_dials_output(data_):

82 results_ = [{'ls_number': result.ls_number, 'data': result.data, 'dataset':

result.dataset} for result in data_.results]↪→

83

84 # Filter the results to only include those with 'PromptReco' in the dataset

85 filtered_results = [result for result in results_ if 'PromptReco' in result['dataset']]

86

87 # Sort the filtered results by lumisection number

88 sorted_ = sorted(filtered_results, key=lambda x: x['ls_number'])

89

90 # Extract lumisection numbers from the sorted results

91 ls_numbers = [histogram['ls_number'] for histogram in sorted_]

92

93 # Create a 2D array by vertically stacking the 'data' arrays from the sorted results

94 data_array = np.vstack([histogram['data'] for histogram in sorted_])

95

96 # Create the result as a tuple containing the data array, lumisection numbers, and

sorted results↪→

97 result = (data_array, ls_numbers, sorted_)

98

99 # Return the resul

100 return result

101

102 def preprocess(output):

103 min_val = tf.reduce_min(output, axis=0)

104 max_val = tf.reduce_max(output, axis=0)

105 normalized_inputs = tf.where(max_val - min_val != 0, (output - min_val) / (max_val -

min_val + 1e-8), tf.zeros_like(output))↪→

106 return normalized_inputs

107

108 def calculate_metric(pred, true, anomaly_indices):

109 mse = tf.math.reduce_mean(tf.math.pow(pred - true, 2), axis=1)

110 mse_no_anom = mse[~anomaly_indices]

111 mse_anom = mse[anomaly_indices]

112

113 mean_mse_no_anom = tf.reduce_mean(mse_no_anom)

114 std_mse_no_anom = tf.math.reduce_std(mse_no_anom)
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115 mean_mse_anom = tf.reduce_mean(mse_anom)

116

117 metric = np.abs(mean_mse_anom - mean_mse_no_anom) / std_mse_no_anom

118 return metric.numpy()

119

120 def objective(trial):

121 # Suggest values for hyperparameters using Optuna

122 batch_size = trial.suggest_categorical('batch_size', [32, 46, 64, 128]) # Batch size to

try↪→

123 encoding_dim = trial.suggest_int('encoding_dim', 10, normalized_inputs_good.shape[1]) #

First encoding layer size↪→

124 encoding_dim_2 = trial.suggest_int('encoding_dim_2', 2, encoding_dim) # Second encoding

layer size, must be <= encoding_dim↪→

125

126 # Fixed learning rate (if you change batch size, learning rate should ideally be

adjusted, but it's fixed here)↪→

127 learning_rate = 1e-4

128

129 # Train the autoencoder model with the suggested hyperparameters

130 model, history= train_autoencoder_sequential(normalized_inputs_good, encoding_dim,

encoding_dim_2, learning_rate, batch_size, epochs=2000)↪→

131

132 # Train the model on the good data, using itself as the target (autoencoder task)

133 model.fit(normalized_inputs_good, normalized_inputs_good, epochs=2000,

batch_size=batch_size, verbose=0)↪→

134

135 # Print the shape of the normalized input data for verification

136 print(normalized_inputs_good.shape)

137

138 # Predict using the trained model on the anomaly data

139 pred = model.predict(normalized_inputs_anomaly)

140

141 # Create a boolean array to mark the anomalous LS (Luminosity Sections)

142 anomaly_indices = np.zeros(normalized_inputs_anomaly.shape[0], dtype=bool)

143 anomaly_indices[anomaly_ls_index] = True # Marking the known anomalous indices

144

145 # Calculate the metric based on the predictions and true anomaly data

146 metric = calculate_metric(pred, normalized_inputs_anomaly, anomaly_indices)

147

148 # Print the type of the metric for debugging purposes

149 print(metric.dtype)

150

151 # Return the calculated metric (to be maximized by Optuna)

152 return metric

153

154 def train_autoencoder_sequential(normalized_inputs, encoding_dim, encoding_dim_2,

learning_rate, batch_size, epochs=2000):↪→

155 # Define the Sequential model

156 model = keras.Sequential()

157

158 # Add layers to the model

159 model.add(layers.InputLayer(input_shape=(normalized_inputs.shape[1],))) # Define the

input layer↪→

160 model.add(layers.Dense(encoding_dim, activation='relu',

activity_regularizer=tf.keras.regularizers.l2(learning_rate))) # Encoder layer↪→

161 model.add(layers.Dense(encoding_dim_2, activation='sigmoid')) # Latent space layer

162 model.add(layers.Dense(encoding_dim, activation='sigmoid')) # Decoder layer

163 model.add(layers.Dense(normalized_inputs.shape[1], activation='sigmoid')) # Output

layer↪→

164

165 # Compile the model with Adam optimizer and mean squared error loss
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166 model.compile(optimizer=tf.keras.optimizers.Adam(learning_rate), loss='mse')

167 model.summary()

168

169 # Define early stopping to prevent overfitting

170 early_stopping = tf.keras.callbacks.EarlyStopping(monitor='val_loss', patience=5,

restore_best_weights=True)↪→

171

172 # Train the autoencoder model

173 history = model.fit(normalized_inputs, normalized_inputs, epochs=epochs,

batch_size=batch_size, verbose=1, validation_split=0.2, callbacks=[early_stopping])↪→

174 model.save('model.h5')

175 # Return the trained model

176 return model, history

177

178 def good_training():

179 # Ask for run numbers input (comma-separated if multiple)

180 input_runs = input("Enter run number(s) separated by commas: ")

181 run_list = [item.strip() for item in input_runs.split(',')]

182

183 # Print the resulting list

184 print("Your run list is:", run_list)

185 outputs = []

186 histories = []

187 sorted_results_all = []

188 ls_numbers_all = []

189

190 if len(run_list) > 1:

191 print("Your runs will be concatenated")

192 for run in run_list:

193 output, ls_numbers, sorted_results = harvest_DIALS(run,

ME='JetMET/MET/pfMETT1/Cleaned/METSig')↪→

194 outputs.append(output)

195 sorted_results_all.extend(sorted_results)

196 ls_numbers_all.extend(ls_numbers)

197 print("Appended output list:", outputs)

198 output_finals = np.concatenate(outputs, axis=0)

199 print("Concatenated array:", output_finals)

200 else:

201 run = run_list[0]

202 output, ls_numbers, sorted_results = harvest_DIALS(run,

ME='JetMET/MET/pfMETT1/Cleaned/METSig')↪→

203 outputs.append(output)

204 sorted_results_all.extend(sorted_results)

205 ls_numbers_all.extend(ls_numbers)

206 print("Single output:", outputs)

207 output_finals = np.array(outputs[0])

208

209 normalized_inputs = preprocess(output_finals)

210 autoencoder_final_model = load_model('model_new.h5')

211 history = autoencoder_final_model.fit(normalized_inputs, normalized_inputs, epochs=2000,

batch_size=batch_size, verbose=1, validation_split=0.2, callbacks=[early_stopping])↪→

212 autoencoder_final_model.save('model_new.h5')

213

214

215 # Plot the training history

216 plt.figure()

217 plt.plot(history.history['loss'], label='loss')

218 plt.plot(history.history['val_loss'], label='val_loss')

219 plt.ylabel('Loss')

220 plt.xlabel('Epoch')

221 plt.legend(loc='upper right')
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222 plt.show()

223

224 # Evaluate the model

225 mse_data =

tf.math.reduce_mean(tf.math.pow(model.predict(normalized_inputs)-normalized_inputs,

2), axis=1)

↪→

↪→

226

227 # Print the best parameters used

228 print("The best parameters for the model that were used are:")

229 print("Encoding Dimension:", best_params['encoding_dim'])

230 print("Encoding Dimension 2:", best_params['encoding_dim_2'])

231 print("The batch size used:", best_params['batch_size'])

232 return model, sorted_results_all, normalized_inputs, ls_numbers_all

233

234 # In[17]:

235

236 learning_rate = 1e-4

237 best_params = {'batch_size': 46, 'encoding_dim': 115, 'encoding_dim_2': 70}

238

239 # In[10]:

240

241 output,ls_numbers,sorted_data=harvest_DIALS(380310) ##good run

242 normalized_inputs_good = preprocess(output)

243 print ("good inputs:",normalized_inputs_good)

244

245 output2,ls_numbers,sorted_data=harvest_DIALS(370144) ##bad run

246 normalized_inputs_anomaly = preprocess(output2)

247 anomaly_ls_index = 716

248 print ("anomoloy inputs:",normalized_inputs_anomaly)

249

250 # In[11]:

251

252 # Create and run the Optuna study

253 study = optuna.create_study(direction='maximize') # maximizing the metric

254 study.optimize(objective, n_trials=15)

255

256 # Print the best parameters

257 print("Best hyperparameters: ", study.best_params)

258 #367696

259

260 # In[14]:

261

262 batch_size = best_params['batch_size']

263 encoding_dim = best_params['encoding_dim']

264 encoding_dim_2 = best_params['encoding_dim_2']

265 learning_rate = 1e-4

266

267 print(best_params)

268 print(f"BEST PARAMS :\nbatch size: {batch_size}\nencoding dimension:

{encoding_dim}\nencoding dimension 2: {encoding_dim_2}\n")↪→

269

270 # Build the autoencoder model

271 input_data = keras.Input(shape=(normalized_inputs_good.shape[1],))

272 encoded = layers.Dense(encoding_dim, activation='relu',

activity_regularizer=tf.keras.regularizers.l2(learning_rate))(input_data)↪→

273 decoded = layers.Dense(encoding_dim_2, activation='sigmoid')(encoded)

274 decoded = layers.Dense(encoding_dim, activation='sigmoid')(decoded)

275 decoded = layers.Dense(normalized_inputs_good.shape[1], activation='sigmoid')(decoded)

276

277 model = keras.Model(input_data, decoded)

278 model.compile(optimizer=tf.keras.optimizers.Adam(learning_rate), loss='mse')
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279 early_stopping = tf.keras.callbacks.EarlyStopping(monitor='val_loss', patience=5,

restore_best_weights=True)↪→

280

281 # Train the model with the correct variable

282 history = model.fit(normalized_inputs_good, normalized_inputs_good, epochs=2000,

batch_size=batch_size, verbose=1, validation_split=0.2, callbacks=[early_stopping])↪→

283

284 # Save the trained model

285 model.save('model_new.h5')

286

287 # In[29]:

288

289 good_training() #380126,380127,380128

290

291 # In[18]:

292

293 good_training()#380349,380348,380346,380309

294

295 # In[38]:

296

297 good_training() #380308,380307,380306,380238,380236,380235,380197

298

299 # In[39]:

300

301 good_training() #380074,380066

302

303 # In[42]:

304

305 good_training()#380043,380056,380051,380052,380053

306

307 # In[17]:

308

309 good_training()#380033,380030,380029,380066

310

311 # In[25]:

312 good_training() #379866,379774,379765

313

314 # In[15]:

315

316 good_training() #379729,379661,379660

317

318 # In[ ]:

319

320 good_training() #370169,370172,370175,370129,370102

321

322 # In[13]:

323

324 import numpy as np

325 from keras.models import load_model

326 import matplotlib.pyplot as plt

327 from sklearn.metrics import mean_squared_error

328

329 run = input("Enter Run Number:")

330 # Load your trained model

331 autoencoder_final_model = load_model('model_new.h5')

332

333 # Fetch test data using the harvest_DIALS function

334 test_data_array, ls_numbers, sorted_results = harvest_DIALS(run,

'JetMET/MET/pfMETT1/Cleaned/METSig')↪→

335 normalized_input = preprocess(test_data_array)

336 auto_output = autoencoder_final_model.predict(normalized_input)
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337 # print(normalized_input)

338 # mse = tf.keras.losses.MSE(normalized_input, auto_output)

339 # print('MSE on test set:', mse.numpy())

340

341 mean_squared_error(normalized_input, auto_output)

342

343 # In[21]:

344

345 mse_data = tf.math.reduce_mean(tf.math.pow(model.predict(normalized_input)-normalized_input,

2), axis=1)↪→

346

347 # In[22]:

348

349 mse_data

350

351 # In[23]:

352

353 plt.plot(mse_data)

354

355 # In[27]:

356

357 ls = 75

358 plt.plot(auto_output[ls])

359 plt.plot(normalized_input[ls])

360 plt.xlabel('Bin')

361 plt.ylabel('Value')

362 plt.title(f'Autoencoder Output for Lumisection {ls}')

363 plt.show()

364

365 # In[28]:

366

367 run = input("Enter Run Number:")

368 # Load your trained model

369 autoencoder_final_model = load_model('model_new.h5')

370

371 # Fetch test data using the harvest_DIALS function

372 test_data_array, ls_numbers, sorted_results = harvest_DIALS(run,

'JetMET/MET/pfMETT1/Cleaned/METSig')↪→

373 normalized_input = preprocess(test_data_array)

374 auto_output = autoencoder_final_model.predict(normalized_input)

375 # print(normalized_input)

376 # mse = tf.keras.losses.MSE(normalized_input, auto_output)

377 # print('MSE on test set:', mse.numpy())

378

379 mean_squared_error(normalized_input, auto_output)

380 mse_data = tf.math.reduce_mean(tf.math.pow(model.predict(normalized_input)-normalized_input,

2), axis=1)↪→

381 print(mse_data)

382 ls = 715

383 plt.plot(auto_output[ls])

384 plt.plot(normalized_input[ls])

385 plt.xlabel('Bin')

386 plt.ylabel('Value')

387 plt.title(f'Autoencoder Output for Lumisection {ls}')

388 plt.show()

389

390 # Plot MSE as a function of Lumisection number

391 plt.figure(figsize=(10, 6))

392 plt.plot(ls_numbers, mse_data, marker='o')

393 plt.xlabel('Lumisection Number')

394 plt.ylabel('Mean Squared Error (MSE)')
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395 plt.title(f'MSE as a function of Lumisection for Run {run}')

396 plt.grid(True)

397 plt.show()

398

399 # In[29]:

400

401 run = input("Enter Run Number:")

402 autoencoder_final_model = load_model('model_new.h5')

403 test_data_array, ls_numbers, sorted_results = harvest_DIALS(run,

'JetMET/MET/pfMETT1/Cleaned/METSig')↪→

404 normalized_input = preprocess(test_data_array)

405

406 # Predict the autoencoder's output

407 auto_output = autoencoder_final_model.predict(normalized_input)

408

409 # Compute the overall Mean Squared Error (MSE)

410 overall_mse = mean_squared_error(normalized_input, auto_output)

411 print(f"Overall Mean Squared Error: {overall_mse}")

412

413 # Optionally, compute MSE using TensorFlow for verification

414 overall_mse_tf = tf.reduce_mean(tf.square(normalized_input - auto_output)).numpy()

415 print(f"Overall Mean Squared Error (TensorFlow): {overall_mse_tf}")

416

417 # Plot the average initial input vs. the average reconstructed output across all samples

418 avg_input = np.mean(normalized_input, axis=0)

419 avg_output = np.mean(auto_output, axis=0)

420

421 plt.figure(figsize=(10, 6))

422 plt.plot(avg_input, label='Average Input', color='blue')

423 plt.plot(avg_output, label='Average Output', color='red', linestyle='dashed')

424 plt.xlabel('Bin')

425 plt.ylabel('Value')

426 plt.title('Comparison of Average Initial Input vs. Reconstructed Output')

427 plt.legend()

428 plt.grid(True)

429 plt.show()

430

431 # Optionally, plot individual sample comparison

432 sample_index = 0 # Change this to plot a different sample

433 plt.figure(figsize=(10, 6))

434 plt.plot(normalized_input[sample_index], label='Input', color='blue')

435 plt.plot(auto_output[sample_index], label='Output', color='red', linestyle='dashed')

436 plt.xlabel('Bin')

437 plt.ylabel('Value')

438 plt.title(f'Comparison of Initial Input vs. Reconstructed Output for Sample {sample_index}')

439 plt.legend()

440 plt.grid(True)

441 plt.show()

442

443 # In[31]:

444

445 run = np.sum(normalized_input,axis=0)

446 plt.plot(run)

447

448 # In[19]:

449

450 def evaluate_autoencoder_and_plot():

451 # Step 1: Input the run number

452 run = input("Enter Run Number:")

453

454 # Step 2: Load the trained autoencoder model
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455 autoencoder_final_model = load_model('model_new.h5')

456

457 # Step 3: Fetch test data using the harvest_DIALS function

458 test_data_array, ls_numbers, sorted_results = harvest_DIALS(run,

'JetMET/MET/pfMETT1/Cleaned/METSig')↪→

459

460 # Step 4: Normalize the input data

461 normalized_input = preprocess(test_data_array)

462

463 # Step 5: Generate predictions from the autoencoder

464 auto_output = autoencoder_final_model.predict(normalized_input)

465

466 # Step 6: Calculate Mean Squared Error (MSE) for each lumisection

467 mse_data = tf.math.reduce_mean(tf.math.pow(auto_output - normalized_input, 2), axis=1)

468

469 # Step 7: Plot MSE as a function of Lumisection number

470 plt.figure(figsize=(10, 6))

471 plt.plot(ls_numbers, mse_data, marker='o')

472 plt.xlabel('Lumisection Number')

473 plt.ylabel('Mean Squared Error (MSE)')

474 plt.title(f'MSE as a function of Lumisection for Run {run}')

475 plt.grid(True)

476 plt.show()

477

478 # Step 8: Ask the user for the specific Lumisection number to plot, with an option to

stop↪→

479 while True:

480 try:

481 ls = input("Enter Lumisection Number to plot (or type 'X' to exit): ")

482 if ls.upper() == 'X':

483 break

484

485 ls = int(ls)

486 if ls in ls_numbers:

487 ls_index = ls_numbers.index(ls)

488 plt.figure(figsize=(10, 6))

489 plt.plot(normalized_input[ls_index], label='Input', color='blue')

490 plt.plot(auto_output[ls_index], label='Output', color='red',

linestyle='dashed')↪→

491 plt.xlabel('Bin')

492 plt.ylabel('Value')

493 plt.title(f'Autoencoder Output vs. Input for Lumisection {ls}')

494 plt.legend()

495 plt.grid(True)

496 plt.show()

497 else:

498 print(f"Lumisection {ls} not found in the data. Please enter a valid

lumisection number.")↪→

499 except ValueError:

500 print("Invalid input. Please enter a valid number or 'X' to exit.")

501

502 # Step 9: After user exits, plot the average initial input vs. the average reconstructed

output↪→

503 avg_input = np.mean(normalized_input, axis=0)

504 avg_output = np.mean(auto_output, axis=0)

505

506 plt.figure(figsize=(10, 6))

507 plt.plot(avg_input, label='Average Input', color='blue')

508 plt.plot(avg_output, label='Average Output', color='red', linestyle='dashed')

509 plt.xlabel('Bin')

510 plt.ylabel('Value')
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511 plt.title('Comparison of Average Initial Input vs. Reconstructed Output')

512 plt.legend()

513 plt.grid(True)

514 plt.show()

515

516 # Run the function

517 evaluate_autoencoder_and_plot()

518

519 # In[20]:

520

521 evaluate_autoencoder_and_plot()

522
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