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Title: Data Models for ATLAS@CERN Experiment: A Comparative Analysis

1. Introduction

Among the most sophisticated and data-intensive scientific projects in particle physics, the ATLAS (A
Toroidal LHC ApparatuS) experiment at CERN's Large Hadron Collider (LHC) is With an especially eye
toward the Event Filter Tracking system within the ATLAS Trigger and Data Acquisition (TDAQ) system,
this paper attempts to examine and simulate the data structures underpinning the ATLAS experiment. We
will investigate several data modeling techniques to depict the complex data produced by particle
interactions and following detection procedures.

2. Domain analysis

2.1.Background

Modern physics's wonder, the ATLAS detector consists of multiple components intended to record several
facets of particle interactions. These subsystems comprise the calorimeters for particle energy
measurement, the Inner Detector tracking charged particles, and the Muon Spectrometer for muon
identification and measurement (ATLAS Collaboration, 2008).

Proton-proton collisions form the fundamental mechanism driving the ATLAS experiment. These collisions
generate a cascade of particles interacting with the several detector components at energy ranging up to 13
TeV. Every second, the ATLAS detector logs over a billion particle interactions producing around 1
petabytes of raw data (CERN, 2019).

The ATLAS TDAQ system depends much on the Event Filter Tracking system. Reconstructing particle
trajectories (tracks) from the raw detector data is its responsibility, therefore enabling the identification and
study of many particle types and their characteristics. This system has to make quick decisions on which

events to save for additional investigation and which to toss in real-time (Elsing et al., 2017).

2.2.Domain Model

The following model depicts the domain model experimented from ATLAS:
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Figure 2-1: ATLAS Experiment Domain Model

Within the ATLAS experiment, this domain model captures the primary entities and their interactions. The
'‘Event' is the core entity, a single particle collision. Every Event corresponds to several 'Tracks', which
show particle pathways across the detector. These tracks consist of "Hits," discrete interactions between
detector components. Comprising several 'Subsystems,' the 'Detector’ entity stands for the total ATLAS
detector. Every Subsystem creates "RawData," which the "EventFilter" subsequently handles to generate
rebuilt Tracks. From the physical detector components to the reconstructed particle tracks, this model

pT
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charge

catches the hierarchical character of the data creation and processing in the ATLAS experiment.

3. Data Models
3.1.Relational Model

In terms of a relational model, the previous model can be better described by the following schema:
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Figure 3-1: ATLAS Experiment Relational Model

This relational model includes the following key tables:

o > D

The model records the association with detector subsystems and raw data in addition to the links among
events, tracks, and hits. Underlined are primary keys; foreign keys are shown with arrows. For the ATLAS
experiment data, this relational approach presents various benefits. Above all, this method increases the
efficiency of searching linked data from several entities. It thus helps to guarantee data integrity by
supporting the application of restrictions. Moreover, higher efficiency lets the system manage big amounts

of organized data. It might, however, find it difficult to handle the high insertion rates demanded during

Event (EventID, Timestamp, Energy, LuminosityBlock)
Track (TracklID, EventID, pT, eta, phi, charge)

Hit (HitlD, TrackID, SubsystemlID, X, y, z)

Subsystem (SubsystemID, Name, Type)

RawData (RawDatalD, SubsystemID, EventID, Data)

data capture and adequately depict the hierarchical character of some data components.

3.2.Alternative Model: Object-Oriented Model

Acknowledged the above limitations, we further proposed an object-oriented model:
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Figure 3-2: ATLAS Experiment Object-Oriented Model

This object-oriented model represents the ATLAS data as a hierarchy of interrelated classes:

1. Event
e Attributes: eventID, timestamp, energy, luminosityBlock
e Methods: addTrack(), getTracks()
2. Track
e Attributes: trackID, pT, eta, phi, charge
e Methods: addHit(), getHits()
3. Hit
e Attributes: hitID, X, y, z
o Methods: getSubsystem()
4. Subsystem
o Attributes: subsystemID, name, type
e Methods: generateRawData()
5. RawData
e Attributes: rawDatalD, data
e Methods: process()




There are various advantages from this object-oriented approach. First of all, it is easy to grasp and operate
with since it quite reflects the physical layout of the experiment. Second, it makes more modular and
maintainable code possible by capturing data and action inside objects. Not least of all, the model permits
inheritance and polymorphism, which could help to depict several kinds of detectors or analysis techniques.
When working with very big datasets, this architecture could have performance issues, though, and it may

call for more intricate querying methods than the relational approach.

4. Critical Comparative Analysis

Because of its great scale, complexity, and real-time processing needs, the ATLAS experiment at CERN
presents special difficulties in data modeling. Applied in this field, the relational and object-oriented models
have different benefits and restrictions. We have to take into account several elements including data
integrity, query performance, scalability, and alignment with the physical structure of the experiment in

order to evaluate these strategies totally.

4.1.Relational Model: Strengths and Limitations

For many years, the relational model—first presented by E.F. Codd in 1970—has dominated database
management (Codd, 1970). In the framework of the ATLAS experiment, its strengths are several and
noteworthy.

First of all, the relational model's provision of ACID (Atomicity, Consistency, Isolation, Durability)
characteristics helps it to be rather good in preserving data integrity. This is absolutely vital for the ATLAS
experiment, where data accuracy rules. By means of foreign key constraints, for example, every Track in
the Track table is connected with a legitimate Event in the Event table, hence preserving referential integrity
over the dataset (Garcia-Molina et al., 2008).

Second, for ATLAS data analysis especially the robustness of the relational model in sophisticated querying
is quite important. SQL's support of subqueries, aggregations, and joins lets physicists quickly find
significant trends from the large dataset. SQL joins and filters allow one to effectively search for all tracks
with a transverse momentum (pT) above a given threshold in events with high energy (Abiteboul et al.,
1995).
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Commonly needed in particle physics analysis, this question shows the capacity of the relational model to

effectively correlate data across many entities.

Furthermore, the general acceptance of relational databases in scientific computing implies a rich toolkit
and optimization space. Partitioning techniques, for example, can help to control the enormous amount of
ATLAS data. Time-range based Event table partitioning helps to optimize searches for particular run
periods (Kyte et al., 2014).

In the ATLAS setting, the relational model does, however, also provide certain difficulties. Its difficulties
naturally depicting hierarchical or nested data structures is one major restriction. Without producing
sophisticated joins or denormalization, the detector's hierarchical structure (Detector > Subsystem >
Component) and the nested character of particle decay chains are not readily transferred to flat relational
tables (Cattell, 2010).

Managing the high frequency inserts during real-time data collecting presents still another difficulty. Data
produced by the ATLAS detector runs up to 1 PB/s; they must be filtered and stored in real-time (ATLAS
Collaboration, 2008). Particularly in relation to maintaining indexes and enforcing constraints, relational

databases can suffer with such high insertion rates (Stonebraker et al., 2007).

4.2.0bject-Oriented Model: Strengths and Limitations

Prominent in the 1990s, the object-oriented model presents different advantages and drawbacks for the
ATLAS experiment data. One main benefit of the object-oriented approach is how naturally it fits the
experimental physical layout. An object-oriented paradigm more naturally shows the hierarchical structure
of the detector and the intricate interactions among particles. A Detector object, for example, may include
several Subsystem objects, which in turn have several Component objects, therefore reflecting the real
ATLAS detector hierarchy (Booch, 1994).

This paradigm also shines in capturing behavior as much as facts. A Track object, for instance, might have
methods for computing derived properties or running fits in addition to storing characteristics including pT,

eta, and phi:

self, pT, eta, phi, charge



self pT = pT
self eta = eta
self phi = phi
self.charge = charge
self
self pT * cosh(self eta

self): # Implementation of Kalman filter for track fitting

In a major scientific project like ATLAS, where software develops over decades, this encapsulation might
result in more modular and manageable code—which is very vital. Additionally providing flexibility in
modeling complicated objects and interactions is the object-oriented model. One can use inheritance and
polymorphism to depict several kinds of particle or detector component. A base Particle class could be
expanded, for example, to particular kinds including Electron, Muon, or Jet, each with unique
characteristics and techniques (Blaha et al., 2004).

self, pT, eta, phi
self pT = pT
self eta = eta
self phi = phi
Particle
self, pT, eta, phi, charge
__init__(pT, eta, phi
self.charge = charge

Particle



self, pT, eta. phi, flavor
__init__(pT, eta, phi
self flavor = flavor

While keeping a constant interface, this method enables more specific handling of several particle kinds.
Still, the object-oriented paradigm has certain difficulties in the ATLAS environment. Performance for
extensive data processes is one major problem. Although object-oriented databases exist, for complicated
searches over vast datasets their performance usually falls short of that of relational databases (Cattell,

2010). For ATLAS, where studies sometimes call for scanning billions of events, this might be troublesome.

Furthermore, especially for aggregate tasks, querying systems in object-oriented systems can be more
difficult. Although object-oriented query languages such as OQL exist, for complicated analytical searches
they are less standardized and often less expressive than SQL (Bertino and Martino, 1991).

4.3.Comparative Analysis and Hybrid Approaches

A hybrid strategy incorporating aspects of relational and object-oriented models would be most suitable for
the ATLAS experiment given the strengths and limits of both models. An object-relational mapping (ORM)
framework is one possible hybrid technique. This would let an object-oriented model be used at the
application level, mapped to a relational database for storage. This capacity is offered by Python's
SQLAIchemy framework or Java's Hibernate framework (Bauer and King, 2006). Using the querying
capability and optimization strategies of relational databases, this method might provide the simple
modeling of the object-oriented paradigm.

Using several models for several phases of data processing is another hybrid method. The intuitive
representation of the detector structure and particle hierarchies of the object-oriented model is useful in the
stages of real-time data collecting and event filter tracking. After that, the data might be converted and kept

in a relational style for long-term storage and sophisticated analysis projects.

Certain contemporary database systems—such as Postgres with its JSONB data type—offer means to store
and search hierarchical data inside a relational structure (Obe and Hsu, 2017). This could offer a

compromise whereby complicated, layered structures could be kept using SQL's querying capability.



4.4.Considerations for Future Development

Data modeling may have to change as the ATLAS experiment develops, especially with improvements for
the High-Luminosity LHC. New paradigms such as NewSQL systems or NoSQL databases might have

more advantages.

Column-oriented databases such as Apache Parquet or Cassandra, for example, could be helpful for some
kinds of ATLAS studies that scan vast amounts of data but just access a few properties (Abadi et al., 2008).
Representing and querying intricate particle decay chains (Robinson et al., 2013) could have application in

graph databases.

Furthermore, the growing relevance of machine learning in particle physics study implies that data models

enabling simple integration with ML frameworks could become even more important (Guest et al., 2018).

In essence, both relational and object-oriented models have advantages and disadvantages even if they
provide reasonable methods to depict ATLAS experiment data. The most interesting path seems to be a
hybrid or multi-model approach using the advantages of every paradigm for various facets of data
processing and analysis. Constant evaluation and data modeling approach adaption will be essential to
guarantee effective data management and enable innovative physics findings as the experiment and its data

issues develop.

5. Conclusion

Because of its complexity and great volume of data produced, the ATLAS experiment at CERN offers
special difficulties in data modeling. Although both the relational and object-oriented models provide

workable methods to show this data, each has advantages and drawbacks.

A multi-model approach is advised considering the several needs of the ATLAS experiment, from real-time
data collecting to long-term storage and analysis. Combining a relational model for long-term data storage
and advanced analysis chores with object-oriented models for the Event Filter Tracking system and other

real-time processing components could help to create this.

Future research should concentrate on using and testing these models in practical settings as well as
investigating other developing data modeling paradigms that can provide further advantages for high-

energy physics studies.
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