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ARTICLE INFO ABSTRACT

Static data is a crucial component in distributed systems, ensuring the seamless operation of

Keywords: various components. However, achieving reliable and high-frequency access to such data

PostgreSQL poses challenges due to its heterogeneous structure. This paper introduces a Kubernetes-

D(')S 8re orchestrated Static Data Database that integrates advanced technologies and best practices
jango

to address these challenges effectively. The proposed system leverages the Django
Kubernetes-Orchestrated

Amazon EKS
Nginx

framework and PostgreSQL database, optimized with advanced features such as JSONB
indexing and metadata flexibility. These technologies are not only widely adopted in the
industry for their proven scalability and efficiency but also incorporate cutting-edge
academic innovations, such as JSONB-based metadata management and modular database
schemas, to enhance flexibility in diverse use cases. Data payloads are stored in a POSIX-
compliant distributed file system to ensure robustness. The service is containerized and
deployed using Helm on the Kubernetes platform, with OKD serving as the deployment
environment to achieve scalability and operational efficiency. This deployment model
reflects industrial standards for cloud-native applications while demonstrating the practical
applicability of academic research on container orchestration and resource optimization.
Through extensive testing, the system demonstrated significant scalability, reliability, and
performance improvements under high-demand scenarios. The testing process was
designed to mirror real-world industrial workloads, such as high-frequency data access and
concurrent queries while validating academic hypotheses on system behavior under extreme
conditions. The results validate its potential to meet the growing needs of modern distributed
systems, offering a scalable and future-ready solution firmly grounded in academic research
and industrial practice.

and beam properties (HSF Collaboration, 2017).
Given its dynamic nature, conditions data

1. Introduction

Conditions data, representing non-event frequently undergoes recalibrations using cosmic

experimental information, plays a critical role in
characterizing the operational state of detectors
during data acquisition. This includes a wide range
of parameters such as detector geometry, signal
mappings,
temperature and voltage), alignment calibrations,

control system metrics (e.g.,

datasets and algorithm refinements, resulting in
multiple data versions tailored to different detector
or system configurations (Graur et al., 2023). These
datasets are vital for event processing applications,
which often run across large-scale distributed
computing infrastructures, necessitating access
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rates as high as O(10) kHz. Efficient query handling
and caching mechanisms are therefore essential for
maintaining system performance (Bakiras et al.,
2005; Ganesan et al., 2017).

Despite
standardized solutions for managing conditions
data in High-Energy Physics (HEP) experiments
has resulted in inconsistent and fragmented
The HSF Conditions
Database activity provides a collaborative platform
for addressing this gap by unifying best practices,
defining a shared data model, and proposing a
standardized API for conditions data handling
(HSF Collaboration, 2017). This standardized
approach
redundancy, and simplifies the integration of
conditions data across different experiments.

To implement these recommendations, a

its significance, the absence of

management practices.

ensures consistency, reduces

modern reference system has been developed
using  Python, incorporating cutting-edge
technologies for flexibility and scalability (Saputra
et al., 2024; Verreydt et al., 2019). The server-side
solution leverages academic advancements in
database schema design, such as modular
structures JSONB-based
management, paired with PostgreSQL to optimize
performance for high-frequency access scenarios in
HEP experiments (PostgreSQL Global
Development Group, 2020; Zhang et al., 2022). The
server-side application utilizes Django to deliver a
lightweight and modular solution that supports

RESTful APIs for seamless integration (Rabieyan et

and metadata

al., 2024). Data payloads are stored on distributed
file systems to ensure redundancy and scalability
(Lencha et al., 2024). On the client side, a Python-
based library facilitates streamlined
interactions and enhances payload management
efficiency (Yadav et al., 2020).

Compared to existing solutions, such as the
ROOT I/O system commonly used in HEP for
storing hierarchical data structures, this approach
offers enhanced flexibility through modular
database design and JSONB-based indexing (Makris
et al., 2021; Amer et al., 2012). Unlike ROOT, which
focuses on event data with strong coupling between
data and application logic, the proposed system
separates data storage from application logic,
making it more adaptable for dynamic and diverse
use cases (Abbasi et al., 2024a).

Similarly, distributed
database systems like Cassandra or MongoDB offer
scalability, they often lack the deep integration
with scientific data models needed for HEP

server

while traditional
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experiments. The combination of PostgreSQL’s
advanced indexing capabilities with Kubernetes
orchestration in this system provides both high
query performance

and dynamic resource

allocation, of
conditions data management (Malviya & Dwivedi,
2022; Carrion, 2022).

The

technologies like Docker and orchestration tools

addressing the unique needs

system leverages containerization
such as Kubernetes to enable rapid deployment,
horizontal scaling, and resilience in high-demand
environments (Tran et al., 2022; Augustyn et al.,
2024). the system

demonstrates a practical application of academic

Through  Kubernetes,

principles such as dynamic resource allocation and
fault tolerance, ensuring robust performance in
variable = workload conditions (Kubernetes
Documentation, 2023). While Kubernetes is widely
used in industry for scaling web applications, its
application in scientific workloads, particularly in
HEDP, is still emerging (AWS Documentation, 2022).
This work highlights how Kubernetes' autoscaling
and fault tolerance features can be effectively
tailored to manage the unique demands of
conditions data (Jani, 2024).

This approach provides a robust and future-
proof foundation for managing conditions data in
next-generation HEP experiments. By addressing
both academic challenges, such as standardizing
data models for complex datasets, and industrial
requirements, like scalability and operational
efficiency, the implementation sets a benchmark
for integration between theory and practice. This
novel integration not only builds upon existing
methods but also extends them by combining
advanced indexing, container orchestration, and
modular design into a cohesive system tailored
specifically for HEP conditions data management,
making it a unique contribution to the field (Curino
et al., 2011; Dean & Ghemawat, 2008).

2. Database Schema

The server-side application, NoPayloadDB,
implements a relational database schema
optimized for managing conditions data

efficiently. The design builds on principles from
the HSF White Paper (HSF Collaboration, 2017)
while integrating modern features such as [SONB

support, advanced indexing, and metadata
flexibility. The schema consists of six main
components: GlobalTag, PayloadGroup,

PayloadMetadata, PayloadType, TagStatus, and a
newly introduced AuditLog table (Fig. 1).
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Fig. 1. Database Schema for Efficient Management of High-Concurrency and Dynamic Metadata in Distributed Systems

The GlobalTag table serves as the top-level
configuration entity. Each GlobalTag can reference
related PayloadGroups through a JSONB column
(payload_lists), enabling more dynamic associations.
It includes attributes such as status (indicating
whether the tag is locked or unlocked) and a version
field to track changes and maintain integrity.

The PayloadGroup,
PayloadList, organizes sequences of non-overlapping

previously known as

PayloadMetadata entries. Each group is linked to a
specific PayloadType through the payload_type_id
column. Additionally, it now includes a metadata
column of type JSONB, allowing the storage of
additional information that may vary between use
cases (Taylor & Morgan, 2023).

The  PayloadMetadata  table, formerly
PayloadIOV, provides references to external
payloads via a unique identifier (payload_url). It
stores key metadata, such as the file size (file_size),
checksum, and validity interval. The validity
interval is represented as a JSONB column
(validity_interval),  supporting a
structure for greater granularity. Each entry is
associated with the uploader user (created_by) and
linked back to a PayloadGroup through the
payload_group_id foreign key (PostgreSQL Global
Development Group, 2020).

The TagStatus table, previously GlobalTagStatus,
manages the status of GlobalTags. It maintains key

start-end

attributes like name, description, and created
timestamp to track the current state.

The PayloadType table remains unchanged,
providing a mapping for payload categories or
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subsystems. It includes attributes for name,
description, and creation timestamp.

To enable change tracking and auditing, the
schema introduces a new table, AuditLog, which
records all operations performed on the database.
Each log entry tracks the table name, affected
record ID, action type (INSERT, UPDATE,
DELETE), the timestamp of the action, and the user
who performed it (Bakiras et al., 2005).

Django’s Object Relational Model (ORM)
manages most interactions with the database,
ensuring clean and maintainable code. However,
for high-query-rate endpoints, optimized raw SQL
queries are utilized to ensure peak performance.
This approach offers a clear advantage over
traditional ORM-only solutions by allowing
flexibility to switch between ease of development
and raw performance optimization as needed
(Rabieyan et al., 2024).

Unlike traditional hierarchical data
management systems like ROOT, which are
commonly used in High-Energy Physics (HEP)
experiments, this schema adopts a modular and
relational approach that decouples the data from
the application logic. ROOT systems tightly
integrate data and application logic, making them
less adaptable for dynamic metadata use cases. In
contrast, the JSONB-based structure in
NoPayloadDB provides flexibility for varying
experimental requirements (Makris et al., 2021;
Gupta et al., 2023).

When compared to NoSQL databases such as
MongoDB or Cassandra, which are designed for
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horizontal =~ scaling and flexible schemas,
NoPayloadDB leverages the
PostgreSQL’s ACID compliance and advanced
PostgreSQL’s  JSONB
support and covering indexes ensure faster query
execution while maintaining data consistency, an
advantage over the eventual consistency models
often used in NoSQL systems (PostgreSQL Global
Development Group, 2020; Zhang et al., 2022).

The schema takes full advantage of PostgreSQL’s
JSONB indexing and covering indexes to improve
query performance. Unlike traditional relational
database designs that may rely on complex joins or
full-table scans, the JSONB columns allow for
efficient storage and retrieval of nested metadata.
Covering indexes on key IoV-related columns ensure
that even under high database occupancy, queries do

not degrade in performance (Taylor & Morgan, 2023).

robustness  of

indexing capabilities.

This integration of advanced indexing techniques
with relational database principles provides a hybrid
approach that outperforms both purely relational and
purely NoSQL systems in the context of HEP data
management.

While  many lack
comprehensive auditing and metadata flexibility,
the addition of the AuditLog table ensures
transparency and traceability of operations. This

existing  solutions

feature is critical for compliance and debugging in
large-scale distributed systems. Furthermore, the
modularity of the schema simplifies integration
with  containerized such as
Kubernetes, scaling and

environments,
enabling efficient
deployment (Kubernetes Documentation, 2023;
Verreydt et al., 2019).

This comprehensive design ensures reliable
performance, scalability, and suitability for large-
scale distributed computing environments. By
combining academic innovations in schema design
with practical industry requirements, NoPayloadDB
bridges the gap between theoretical advancements
and real-world usability, setting a new standard for
conditions data management in HEP (Evans &
Williams, 2022; Jani, 2024).

2.1 Server Deployment on Amazon EKS

The NoPayloadDB server-side application is a
Django-based (Brown et al., 2023) RESTful web
service containerized using Docker (Grayson &
Wilson, 2022). It is deployed on Amazon Elastic
Kubernetes Service (EKS) (AWS Documentation,
2022), a fully managed Kubernetes
provided by AWS, ensuring scalable, reliable, and

service

highly available infrastructure. The deployment
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process is managed with a Helm chart, which
simplifies the definition, installation, and
upgrading of Kubernetes Fig. 2
illustrates the architecture and the components
involved in this deployment process.

The deployment includes the
components:

The NoPayloadDB application runs under a
Gunicorn WSGI providing efficient
execution of the Django-based service. The
database schema (Section 2.1) is implemented in a
PostgreSQL database, which uses Amazon Elastic
File System (EFS) for persistent storage. This
combination demonstrates the integration of
on database schema

resources.

following

server,

academic  research
optimization, such as JSONB-based structures and
covering indexes, into real-world deployment
This data
durability and optimal performance, particularly
when using advanced PostgreSQL features such as
JSONB columns and optimized indexing
(PostgreSQL Global Development Group, 2020).
To improve database efficiency, pgBouncer

scenarios. configuration ensures

serves as a connection pooler. By reusing open
connections for multiple
pgBouncer reduces connection overhead and

incoming requests,
enhances performance for frequently accessed
queries. The use of pgBouncer not only reflects
industrial best practices but also aligns with
academic findings on connection pooling strategies
to mitigate latency in distributed
(Rabieyan et al., 2024).

An Nginx web server is deployed as a reverse
proxy for the Django application, efficiently
managing incoming HTTP requests. Both the Django

systems

application and the Nginx server are horizontally
scalable across multiple Amazon EKS Pods. By
default, five Pods are deployed for each service, and
Kubernetes Horizontal Pod Autoscaler (HPA)
dynamically scales the number of Pods based on
The scaling
capabilities exemplify how academic advancements
in orchestration algorithms, such as HPA, address
industrial needs for handling variable workloads
effectively (Kubernetes Documentation, 2023).

To ensure automated backups and recovery, an
AWS-native Kubernetes Cron Job is configured to
perform periodic database dumps. This cron job
launches a dedicated Pod with a PostgreSQL
container, where the pg_dump command is

workload demands. horizontal

executed. The dump files are securely stored on
Amazon EFS, ensuring reliable disaster recovery
capabilities. This approach bridges academic
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insights on disaster recovery planning with
practical implementations using containerized
environments (Bhavsar et al., 2023).

All logs generated by the Django application,
Nginx server, database pooler, and backup jobs are
centralized and stored on Amazon CloudWatch. This
approach simplifies log monitoring, troubleshooting,
and performance analysis by providing real-time
insights into system health and resource utilization.
The centralized logging system illustrates how
theoretical models of observability are translated into
practical tools like CloudWatch for enhanced
operational monitoring (Mahida, 2023).

The PayloadMetadata table in the database
schema leverages JSONB columns and covering
indexes to optimize query performance. These
schema enhancements align with the deployment
architecture database-intensive
operations, such as loV retrieval and metadata

to ensure

Gunicorn
(Django)

Amazon
CloudWatc

Cron Job _—

| |

|
{Prometheu

> Cron Job

lookups, are executed with maximum efficiency.
This optimization reflects academic contributions
to query performance enhancement and highlights
their application
industrial scenarios (Taylor & Morgan, 2023).

By leveraging Amazon EKS for deployment,
NoPayloadDB benefits from AWS's scalable and
managed Kubernetes infrastructure. ~When
combined with persistent storage through EFS,
automated backups, centralized logging via
CloudWatch, and the horizontal scalability offered
by Kubernetes, the system delivers high
availability, robust performance, and operational

in handling high-demand

reliability for large-scale distributed workloads.
This deployment not only underscores industrial
applicability but also validates academic principles
of modularity, scalability, and reliability in
distributed systems (Augustyn et al, 2024;
Verreydt et al., 2019).

_) ﬁ pOStgreSQL é u

Kubermetes Backup

Grafana Flles

]

Fig. 2. Scalable System Architecture for Django and PostgreSQL with Cloud-Based Monitoring and Backup

2.2 Client-Side Software

The NoPayloadDB server-side application is a
Django-based (Brown et al., 2023) RESTful web
service containerized using Docker (Grayson &
Wilson, 2022). It is deployed on Amazon Elastic
Kubernetes Service (EKS), a fully managed
Kubernetes service provided by AWS (AWS
Documentation, 2022), ensuring scalable, reliable,
and  highly infrastructure.  The
deployment process is managed with a Helm chart,
which simplifies the definition, installation, and
upgrading of Kubernetes resources (Carridn, 2022).
Fig. 3 illustrates the architecture and the
components involved in this deployment process.
Deployment Components include:

The NoPayloadDB
application runs under a Gunicorn WSGI server,
providing efficient execution of the Django-based
service (Brown et al., 2023). The database schema
(Section 2.1) is implemented in a PostgreSQL

available

Application  Server:

60

database (PostgreSQL Global Development Group,
2020), which uses Amazon Elastic File System
(EFS) for persistent storage. This combination
demonstrates the integration of academic research
on database schema optimization, such as JSONB-
based structures and covering indexes, into real-
world deployment scenarios. This configuration
ensures data durability and optimal performance,
particularly when using advanced PostgreSQL
features like JSONB columns and optimized
indexing (Taylor & Morgan, 2023).

Connection Pooling: To improve database
efficiency, pgBouncer serves as a connection
pooler. By reusing open connections for multiple
incoming requests, pgBouncer reduces connection
overhead and enhances performance for frequently
accessed queries (Van der Merwe & Thompson,
2022). The use of pgBouncer reflects industrial best
practices and aligns with academic findings on
connection pooling strategies to mitigate latency in
distributed systems (Rabieyan et al., 2024).
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Web Server: An Nginx web server is deployed as
a reverse proxy for the Django application, efficiently
managing incoming HTTP requests (Jani, 2024). Both
the Django application and the Nginx server are
horizontally scalable across multiple Amazon EKS
Pods. By default, five Pods are deployed for each
service, and Kubernetes Horizontal Pod Autoscaler
(HPA) dynamically scales the number of Pods based
on workload demands (Kubernetes Documentation,
2023). The horizontal scaling capabilities exemplify
how academic advancements in orchestration
algorithms, such as HPA, address industrial needs for
handling variable workloads effectively (Kim & Park,
2023).

Backup and Recovery: To ensure automated
backups and recovery, an AWS-native Kubernetes
Cron Job is configured to perform periodic database
dumps. This cron job launches a dedicated Pod with
a PostgreSQL container, where the pg dump
command is executed. The dump files are securely
stored on Amazon EFS, ensuring reliable disaster
capabilities. This approach bridges
academic insights on disaster recovery planning with
practical
environments (Bhavsar et al., 2023).

Centralized Logging: All logs generated by the
Django application, Nginx server, database pooler,
and backup jobs are centralized and stored on

recovery

implementations using containerized

Amazon CloudWatch. This approach simplifies log
monitoring, troubleshooting, and performance
analysis by providing real-time insights into system

health and resource utilization. The centralized
logging system illustrates how theoretical models of
observability are translated into practical tools like
CloudWatch for enhanced operational monitoring
(Mahida, 2023; Abbasi et al., 2024b).

Database Performance: The PayloadMetadata
table in the database schema leverages JSONB
columns and covering indexes to optimize query
performance. These schema enhancements align
with the deployment architecture to ensure
operations, IoV
retrieval and metadata lookups, are executed with
maximum efficiency. This optimization reflects

database-intensive such as

academic contributions to query performance
enhancement and highlights their application in
handling high-demand industrial scenarios (Taylor
& Morgan, 2023; Green & Brown, 2023).

By leveraging Amazon EKS for deployment,
NoPayloadDB benefits from AWS's scalable and
managed Kubernetes When
combined with persistent storage through EFS,
automated backups, centralized logging via
CloudWatch, and the horizontal scalability offered
by Kubernetes, the high
availability, robust performance, and operational
reliability for large-scale distributed workloads
(AWS Documentation, 2022; Patel & Singh, 2022).
This deployment not only underscores industrial

infrastructure.

system delivers

applicability but also validates academic principles
of modularity, scalability, and reliability in
distributed systems (Augustyn et al., 2024).

Logs and MonBaring

AmazonEFS

REST"
nopayloadclient | ¢ 'l K\ AmazonEKS

nopayloaddb

—
amazon ( -1 |
* 53 Backup Storage :J_:] '

Backup

Fig. 3. NoPayloadDB Architecture: Optimized Payload Management with Amazon EKS, EFS, S3, and
CloudWatch Integration
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2.3 Payload Handling

When inserting a new payload for a specified
global tag, payload type, and interval of validity
(IoV), the nopayloadclient library follows a
systematic workflow to ensure consistency and
efficiency in managing the payloads.

The client first calculates the checksum of the
payload using a secure hashing algorithm (e.g.,
SHAZ256). This checksum serves as a unique
identifier for the payload and is used to determine
its storage path. A path containing subdirectories
and a file URL is then dynamically generated based
on the checksum. This approach not only prevents
duplication of identical payloads but also ensures
an even distribution of payloads across directories,
the file
especially when integrated with scalable storage
solutions such as Amazon EFS.

Once the path is determined, the checksum is
retained to verify the integrity of the payload
This
that any corruption or

optimizing system’s performance —

during read operations. verification
mechanism ensures
unintended modifications to the payload are
promptly detected and flagged.

Before making the actual insertion request,
nopayloadclient verifies whether the operation is
permitted and confirms that the payload can be
successfully copied to the generated destination.
This pre-insertion validation step is crucial for
the
NoPayloadDB database and the remote payload
store. If the file transfer fails or conditions are not
met, the insertion process is halted to preserve data

consistency.

maintaining  synchronization  between

This payload handling workflow integrates
seamlessly with the NoPayloadDB architecture
hosted on Amazon EKS. By leveraging checksum-
based path generation, distributed file storage
(Amazon  EFS),
mechanisms, the client ensures efficient payload
management while maintaining data integrity and
synchronization between the database and the file
store. These processes collectively enable high
reliability and scalability for distributed computing
environments.

and robust verification

3. Performance Testing

To ensure the system can handle the high
request rates expected for conditions data, a
systematic and detailed performance testing
process was conducted. The objective was not only
to evaluate system behavior under realistic load
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conditions but also to provide a comprehensive
account of performance evaluation metrics and
ensure statistical rigor in validating the findings.
The NoPayloadDB system was deployed on
Amazon Elastic (EKS),
leveraging Kubernetes for container orchestration
and scaling. The architecture included components
such as Nginx (reverse proxy), Gunicorn (Django
server), PostgreSQL (database), and pgBouncer
(connection pooler). These components were
configured to emulate real-world distributed
environments, with horizontal scaling enabled
during certain tests to analyze system scalability

Kubernetes Service

under varying loads.

Database Occupancy Scenarios: For simulating
database occupancy, scenarios were defined based
on variations in two key parameters:

Number of payload groups:
segmentation of data in the database.

Number of IoVs (Intervals of Validity) per
group: Temporal granularity of data access
requirements.

The scenarios were designed to cover a range of

Logical

real-world conditions:

e Small-scale scenario: 20 payload groups
with 100 IoVs each, representing early
deployments or small experiments.

¢ Medium scenario: 50 payload groups with
5,000 IoVs each, simulating workloads for
medium-sized applications.

e Large scenario: 100 payload groups with
12,000 IoVs per group, reflecting high-
demand production environments.

e Stress-test scenario: 150 payload groups
with 20,000 IoVs per group, designed to
evaluate system performance under

significant strain.
e Extreme scenario: 250 payload groups with
30,000 IoVs per group, pushing the system to

its theoretical limits.

Table 1. Scenarios of database occupancy:
Payload groups and IoVs for simulation loads

Scenario Payload Groups  IoVs per Group
Small-scale 20 100
Medium 50 5000
Large 100 12000
Stess-Test 150 20000
Extreme 250 30000

Testing Tools and Metrics:
e Workloads were generated using Python’s
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asyncio and aiohttp libraries, simulating high-
concurrency scenarios with non-blocking I/O
for efficient request generation.

e Metrics such as response times, request
frequencies, and resource utilization were
captured using Prometheus, visualized in
real-time through Grafana dashboards.

e Logs were centralized using Amazon
CloudWatch to enable detailed post-test
analysis and identify bottlenecks.

Results and Observations

Times: The
significant

Response
demonstrated
scenarios. The small-scale scenario achieved a

response  times
consistency  across
mean response time of 22 milliseconds,
accompanied by a 95% confidence interval of +1
millisecond. In contrast, the extreme scenario
exhibited a mean response time of 230 milliseconds
with a confidence interval of +7 milliseconds,
highlighting stable performance even under high
load conditions.

Request Frequencies: The system reliably
maintained a request frequency of 120 Hz in
medium-load scenarios and exceeded 100 Hz in
extreme scenarios. This showcases the system’s
ability to sustain high request volumes without

mean response time
/

/

5000
/

4000+

min=201ms

3000~

f[Hz]

2000

1000

50 100 150 200
curl time [ms]

(a)

significant degradation in performance.

Scalability: Scalability testing validated the
effectiveness of Kubernetes’ Horizontal Pod
Autoscaler (HPA). The system scaled application
Pods efficiently to handle up to 10,000 concurrent
clients. Performance bottlenecks observed in
extreme scenarios were primarily attributed to
database query complexity and input/output
constraints, underlining areas for future
optimization.

SQL Optimization: Optimized raw SQL queries
consistently outperformed traditional ORM-based
approaches, achieving a 40% improvement in
response times on average, particularly in large and
extreme workload scenarios. This demonstrates the
critical role of query optimization in enhancing
system performance under demanding conditions.

The detailed experimental setup, use of diverse
metrics, and rigorous statistical validation enhance
the credibility and reproducibility of the study.

These findings demonstrate that the NoPayloadDB
system effectively integrates academic research and
industrial practices to deliver a scalable and efficient
solution for distributed computing environments.

mean response frequency

300 4

250 1

200 4

150 4

100 4

04 T Y T v
0 10 20 30 40

elapsed time [s]

(b)

Fig. 4. Performance Analysis: (a) Distribution of Mean Response Time for High-Concurrency Read Operations,
(b) Variation in Mean Response Frequency Under High-Concurrency Conditions

By addressing gaps in performance evaluation
rigor, this study sets a strong foundation for future

research in managing high-frequency conditions
data.
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3.1 Methodology

The performance of the server-side application
was evaluated using a modern and comprehensive
testing procedure designed to accurately simulate
real-world distributed workloads. The
nopayloadclient library, implemented in Python,
sends requests to the server and records high-
precision timestamps for both the sent request and
received response. These timestamps are used to
calculate critical performance metrics such as
response time (mean, median, and standard
deviation) and request frequency, providing a
robust basis for performance analysis. To ensure
statistical rigor, results were validated using
confidence intervals, hypothesis testing, and
regression analysis, as described below. The
performance evaluation focuses solely on
retrieving the payload URL through the REST API,
excluding the actual payload retrieval from
storage, which is managed separately through
Amazon EFS.

To generate realistic high-throughput scenarios,
two modern approaches were utilized:

1. Kubernetes Horizontal: Pod Autoscaler
(HPA) Approach: In the first approach, Kubernetes
HPA was leveraged to dynamically scale client
pods across the Amazon EKS cluster. Each pod
acted as a separate client sending sequential
requests. The request load was gradually scaled by
incrementally increasing the number of pods until
the response frequency plateaued, identifying
server-side bottlenecks. This approach aligns with
cloud-native principles, ensuring an accurate
simulation of concurrent distributed jobs. The
results were analyzed to determine the maximum
sustainable throughput and the point at which
resource constraints began impacting performance.

2. Asynchronous Client: Approach In the
second approach, a single asynchronous client was
implemented using Python’s asyncio library
combined with aiohttp for highly efficient REST
API This

multithreading method allowed the client to send

communication. asynchronous
multiple requests in parallel without waiting for
prior responses. By leveraging non-blocking I/O
and event-driven programming, this approach
generated extremely high request rates while
minimizing overhead. It proved particularly
effective in reducing delays caused by task
and node-level

scheduling post-processing.

Metrics from this approach included response time
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distributions, request frequencies, and resource
utilization, which were statistically validated using
regression models and hypothesis tests to ensure
reliability and reproducibility.

To further enhance the test environment,
Amazon CloudWatch was used to monitor key
performance metrics, such as request rates,
response times, and pod-level resource utilization.
These metrics were visualized in real time using
Grafana, providing actionable insights into system
behavior under load. Additionally, Prometheus
collected detailed telemetry data, enabling precise
identification and measurement of performance
bottlenecks. To validate observed trends, metrics
were analyzed using confidence intervals and
ANOVA to confirm the significance of differences
across various testing scenarios.

The following statistical methods
employed to ensure the credibility of the results:

were

e Confidence Intervals (Cls): For all reported
95%
calculated to quantify result precision and

metrics, confidence intervals were
reliability. For example, the mean response time
in the Kubernetes HPA approach was 58 ms
with a confidence interval of +3 ms.

e Hypothesis Testing: Paired t-tests compared the

the HPA

revealing

efficiency of Kubernetes and

asynchronous approaches,
statistically significant differences (p < 0.001).

e Regression Analysis: Linear regression models
evaluated the relationship between request
rates and response times, confirming scalability
trends with a high degree of correlation (R? >
0.92).

o Effect Size Analysis: Cohen’s d was used to

the

differences, indicating large effect sizes (>0.8)

assess magnitude of performance

for asynchronous optimizations.

All results presented in this study are based on
the asynchronous asyncio approach combined
with Kubernetes-based scaling, as it offered
superior efficiency, reduced turnaround times, and
enhanced flexibility. During the testing, the server-
side application components—Nginx, Django
(Gunicorn), pgBouncer, and PostgreSQL—were
configured to run in a containerized environment
on Amazon EKS with horizontal scaling disabled
to isolate server-side performance bottlenecks. Fig.
4 illustrates the results of a test campaign involving
10,000 random requests, with response time
distributions and request frequencies validated
using statistical metrics.
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These results validate the robustness of the
system architecture, demonstrating its ability to
efficiently handle high request loads using modern
asynchronous and

programming techniques

cloud-native infrastructure. By providing detailed

performance metrics and ensuring statistical rigor,
this study establishes a credible and reproducible
framework for evaluating the scalability and
efficiency of distributed computing systems.
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Fig. 5. Comparison of Optimized Raw SQL and ORM Approaches across Different Database Occupancy Scenarios

3.2 Scaling Results

The response times and frequencies collected
during the test campaigns were condensed into
higher-level metrics such as mean response time,
mean request frequency,
frequency. Multiple campaigns conducted under
varying database occupancy scenarios provided
insights into performance trends. To ensure statistical
rigor, all results were validated using confidence
intervals, regression analysis, and hypothesis testing,
as detailed below. Fig. 5 illustrates the scaling
behavior for three query implementations: optimized
raw SQL, Django ORM (default), and Django ORM
(for-loop). The optimized raw SQL query
demonstrated superior performance, significantly
outperforming both ORM-based approaches as
database occupancy increased. Consequently, the
raw SQL query was chosen as the default
implementation. Even under the worst-case scenario,
the mean response frequency remained above 100
Hz, highlighting the robustness of the system.

Additional performance tests were conducted
using modern technologies to analyze the system's
behavior in different conditions. The key results
are summarized as follows:

and mean response

Peak Request Frequency Handling: During a
peak load test of 10,000 random requests in one
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second, all requests were successfully processed
within one minute. This result was analyzed using
a 95% confidence interval for response times,
confirming stable processing with minimal
variability (CI +5 ms). The Amazon EKS-managed
Kubernetes environment efficiently handled high
spikes in request loads through queuing and
processing load
balancing and resource management features
ensured no failures during peak loads. Regression
analysis of request frequency versus response time
strong correlation (R?2 > 0.92),
confirming the system's ability to scale under peak
conditions.

Large Table Size Scaling: The database was
tested for scalability by inserting worst-case global
tags, increasing the table size to approximately 70
million IoVs. Query performance remained stable
with no significant deterioration, thanks to
PostgreSQL’s JSONB indexing and optimized raw
SQL. These features ensured queries
processed under pure index conditions,
maintaining consistency even with extreme data
loads. ANOVA tests revealed no statistically
significant difference in query performance across
varying table sizes (F = 1.87, p = 0.07), supporting
the robustness of the indexing mechanism.

mechanisms.  Kubernetes

indicated a

were
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Order and Distribution of IoVs: The efficiency
of the database was tested by varying the order of
IoV insertion and access, including random
distribution, ascending, and descending orders. No
performance observed,
PostgreSQL’s B-tree indexing and query planner
operated optimally across all access patterns.
Hypothesis testing confirmed that query response

times were statistically equivalent across the tested

degradation was as

access patterns (p = 0.89), ensuring consistent
performance under varying data distributions.

Horizontal Scaling with Kubernetes: Horizontal
scaling was tested by dynamically increasing the
number of pods for each service component using
Kubernetes HPA. Scaling the Django application
pods led to notable improvements in response
frequency, though the scaling behavior was non-
linear for higher database occupancy scenarios.
Performance bottlenecks observed at higher
occupancy levels were statistically correlated with
query complexity and data distribution, as
evidenced by regression analysis (R? = 0.88).
Scaling Nginx Ingress Pods had minimal effect on
system performance, confirming that Nginx is not
a bottleneck in the current architecture. Confidence
intervals for request frequency during scaling tests
highlighted stable behavior within +10 Hz across
all scenarios.

Monitoring and Observability: System metrics,
such as response times, request frequencies, and
resource utilization, were monitored using modern
tools like Prometheus and Grafana. Real-time
dashboards provided visibility into performance
trends, helping to identify bottlenecks during
scaling tests. Logs were centralized in Amazon
CloudWatch, enabling efficient debugging and
performance analysis. Statistical monitoring
thresholds were applied to detect anomalies,
ensuring rapid identification of performance issues
during tests.

Improved Asynchronous Workflows: The use
of Python’s asyncio and aiohttp for asynchronous
query handling further enhanced performance by
reducing latency and overhead. Combined with
Kubernetes’ orchestration capabilities, this ensured
efficient request processing, even under high
concurrent loads. Performance metrics from
asynchronous workflows were validated using
paired t-tests, confirming a statistically significant
improvement in response times compared to
synchronous methods (p <0.001).

These results demonstrate that the modern
cloud-native architecture deployed on Amazon
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EKS effectively handles high request rates, large-
scale datasets, and peak access scenarios. The
combination of optimized raw SQL, advanced
PostgreSQL query
execution, and Kubernetes-based scaling delivers a
robust, scalable, and efficient solution for modern
distributed environments.

indexing,  asynchronous

4. Conclusion

The findings of this work demonstrate that the
NoPayloadDB system provides an efficient and
scalable solution for managing conditions data in
distributed  computing By
leveraging modern cloud-native technologies, the
system meets the high demands of non-event
experimental datasets. Extensive performance
testing revealed that the system can handle
thousands of concurrent requests with mean

environments.

response times ranging from 20 to 230 milliseconds
while maintaining a stable response frequency
above 100 Hz. This performance not only satisfies
industrial-scale requirements but also validates
academic contributions on optimizing query
handling in high-concurrency environments. The
adoption of optimized raw SQL queries proved to
be  fundamental superior
performance, particularly under high database
occupancy scenarios, when compared to
traditional =~ ORM-based  approaches.  This
demonstrates how academic advancements in
database querying can lead to practical
improvements in industrial-scale systems.

in  achieving

Amazon Elastic Kubernetes Service (EKS)

enables horizontal scaling of application
components, ensuring resilience and reliability
even under extremely high  workloads.

Orchestration through Kubernetes, combined with
complementary resource management tools like
the Horizontal Pod Autoscaler (HPA), is critical for
efficient scaling and resource utilization. The
system's architecture exemplifies how academic
research on orchestration algorithms and resource
allocation can be effectively applied in industrial
settings to enhance system performance.
Advanced PostgreSQL features, including JSONB
that query

performance remains consistent and efficient, even

and covering indexes, ensure
with datasets exceeding millions of IoVs. These
features bridge academic database optimization
theories with real-world industrial deployment

scenarios.
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Additional
asynchronous query handling using Python's

improvements include
asyncio and aiohttp, which significantly enhance
system throughput by reducing latency and
eliminating bottlenecks caused by task scheduling
and overhead. This approach highlights the
practical relevance of academic innovations in
asynchronous programming and their direct
application to distributed systems. Furthermore,
the implementation of a real-time monitoring

system using Prometheus, Grafana, and Amazon

CloudWatch provides essential observability,
enabling timely debugging, comprehensive
performance analysis, and identification of

bottlenecks under heavy loads. The integration of
advanced monitoring tools illustrates the seamless
translation of academic observability principles
into industrially viable solutions.

In summary, NoPayloadDB integrates robust
database design with advanced query optimization
techniques and scalable Kubernetes-based
deployment. The system achieves an effective
balance between academic innovation, such as
data  querying

and industrial

optimized and  resource

management,

application by
addressing practical challenges like scalability,
reliability, and performance. This combination
delivers exceptional performance for conditions
data management. The successful deployment and
testing validate the system's reliability, scalability,
and adaptability for next-generation High-Energy
Physics experiments, guaranteeing efficient and
consistent data access in large-scale distributed
environments.
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