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Abstract

workloads with minimal downtime.

The rapid evolution of cloud computing demands efficient and scalable solutions for compute and data partitioning across diverse
platforms. This paper introduces a novel cloud-agnostic framework designed to address the challenges of large-scale partitioning
strategies. By leveraging compute and data partitioning strategies, our approach ensures high performance, scalability, and
seamless integration across major cloud providers like AWS, Azure, GCP, and Oracle Cloud. We present real-world case studies
demonstrating the framework's effectiveness in significantly improving processing times, data integrity, and handling substantial
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Introduction

In today's multi-cloud landscape, enterprises increasingly seek
flexibility and cost optimization by leveraging multiple cloud
providers. However, managing large-scale compute and data
partitioning across these platforms presents significant
challenges. Traditional tools often struggle with scalability,
performance bottlenecks, and cloud-specific dependencies. This
paper proposes a novel solution that overcomes these limitations
by introducing a cloud-agnostic framework designed for high
performance and seamless integration across diverse cloud
environments. Our approach leverages asynchronous task
partitioning and cloud-native technologies to achieve efficient,
reliable, and scalable data and compute partitioning. We
demonstrate the framework’s practical impact through real-
world case studies showcasing its ability to improve processing
times, ensure data integrity, and handle massive workloads
seamlessly

Background And Motivation

As organizations increasingly adopt multi-cloud strategies, the
need for robust and efficient compute and data partitioning
becomes critical. This section explores the background of multi-
cloud adoption, the inherent challenges, and the motivations for
developing a cloud-agnostic partitioning framework.

Multi Cloud Adoption

The multi-cloud approach allows organizations to leverage the
best features of different cloud providers, optimize costs, and
avoid vendor lock-in. However, this strategy also introduces
complexity in managing data and compute resources across
heterogeneous environments.

Challenges In Multi Cloud Environments

e Data Consistency and Integrity: Ensuring data
consistency and integrity across different cloud platforms.

e Scalability: Managing scalable compute and data resources
efficiently.

e Performance Bottlenecks: Overcoming performance
bottlenecks due to diverse cloud infrastructures.

e Cloud-Specific Dependencies: Addressing cloud-specific
dependencies and vendor-specific APIs.

Literature Review

Cloud computing has revolutionized business operations,
offering scalable and flexible resources on demand. However,
the partitioning of compute and data across different cloud
environments remains a complex challenge. Existing
frameworks often lack the scalability and efficiency required for
large-scale  partitioning, particularly in  heterogeneous
environments. Research highlights the need for platform-
independent solutions capable of managing substantial
workloads with minimal disruption to business operations
(Smith et al.,, 2020; Johnson & Lee, 2021). Recent
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advancements in cloud-native technologies and successful case
studies underscore the demand for robust and adaptable
solutions. This study builds upon these insights by proposing a
cloud-agnostic framework that addresses current limitations and
anticipates future enterprise needs for high-performance,
seamless compute and data partitioning.

Theoretical Foundation

Related Work

Several studies have explored the challenges and solutions
related to compute and data partitioning in multi-cloud
environments. Smith et al. (2020) discuss the complexities of
cloud computing and propose initial solutions for migration.
Johnson & Lee (2021) focus on scalable data migration
techniques, highlighting the need for robust partitioning
strategies. Doe (2019) introduces asynchronous task partitioning
in distributed systems, emphasizing its importance for high
performance. Brown (2020) ensures data integrity in cloud-
agnostic migration frameworks, a critical aspect of partitioning
strategies.

Partitioning Alogrithams

Partitioning algorithms are central to the proposed framework.
They ensure that data and compute tasks are divided
efficiently, allowing for parallel processing and optimized
resource utilization.

Data Partitioning Algorithms:

e Hash Partitioning: Uses hash functions to distribute data
evenly across partitions. This ensures a balanced
workload.

e Range Partitioning: Divides data into ranges based on
key attributes. Suitable for ordered datasets.

e Composite Partitioning: Combines multiple partitioning
strategies to handle complex datasets effectively.

Compute Partitioning Algorithms:

e Task-Based Partitioning: Divides computational tasks
into smaller sub-tasks that can be processed
independently. This enhances parallel processing.

e Functional Partitioning: Splits the processing logic based
on functions or services, reducing bottlenecks.

e Dynamic Scaling: Adjusts the number of compute nodes
dynamically based on the current load and processing
requirements.

Architecture Overview

The proposed architecture comprises three primary components:
Source Systems, Partitioning Solution System, and Destination
Systems. These components can be deployed on Kubernetes for
enhanced container orchestration or externally for greater
flexibility. The design emphasizes horizontal scalability,
allowing for the dynamic adjustment of master and slave nodes
to efficiently manage varying workloads. We provide detailed

diagrams showcasing the interaction between these components,
the data flow, and the orchestration of tasks within the
framework.

Source Systems

Source systems encompass the diverse repositories from which
business objects are extracted. These can include:

Monolithic applications

APIls

S3 buckets

Databases

Cloud storage solutions (e.g., Google Cloud Storage, Azure
Blob Storage)

Data warehouses (e.g., Snowflake, Google BigQuery,
Amazon Redshift)

Partitioning Solution System

O O O O O

(@]

This system orchestrates and manages tasks, deployable on
Kubernetes or externally, comprising the following sub-
components:

similarly — Write the factories, Strategies and Executors for Reader, Mapping, Writer, Skip and Job Completion

e Master or Controller: Acts as a REST endpoint receiving
tasks and strategy. It creates partitioning tasks in the task
database and scales slaves based on message volumes in the
broker within the concurrency limits of source and
destination ~ systems.  The master  sends a
TaskCompletionEvent upon posting the last task partition
event marking task completion.
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e Task Database: Efficiently manages and executes tasks
and their partitions.

e Message Broker: Utilizes message broker technologies for
asynchronous parallel task processing, enhancing
performance and scalability.

e Slave Nodes: Execute tasks, including data reading,
processing, and writing to destination systems with real-
time status updates in the task database. These run as pods
in Kubernetes that are related to
PartitionedBusinessObjectMigrationStrategy.

e TaskCompletionExecutor: Validates the completion of all
partitioned tasks, handling retries, and generating messages
for manual correction of failed partitioned events.

e  One such example of Message broker pub sub functionality,
which was used in case studies:

RabbitMQ

Destination Systems

Destination systems store the migrated business objects. These
can include:

Microservices modernized systems

APIs

S3 buckets

Databases

Cloud storage solutions (e.g., Google Cloud Storage, Azure
Blob Storage)

o Data warehouses (e.g., Snowflake, Google Big Query,

Amazon Redshift

O O O O O

Design

The framework'’s design prioritizes optimized performance and
scalability through various partitioning strategies. These
strategies are categorized into data partitioning and compute
partitioning to ensure low latency and high throughput by
appropriately sizing the partitions. We provide detailed
examples and explanations of both data and compute
partitioning techniques, illustrating their application in real-
world scenarios. Additionally, we outline the process for
determining and optimizing partition sizes, emphasizing the
importance of balancing workload distribution and resource
utilization for optimal performance.

Task parttioning strategies
Data partitioning

Data partitioning involves dividing the data that is read from the
source and written to the destination:

o Data-based Partitioning: Dividing tasks based on data
attributes (e.g., date range, alphabetical range).

o Volume-based Partitioning: Splitting tasks based on data
volume to balance load.

o Hash-based Partitioning: Using hash functions to distribute
tasks evenly based on key attributes, ensuring balanced
workload.

o Range-based Partitioning: Dividing tasks based on specific
value ranges in the data, suitable for ordered datasets.

o Time-based Partitioning: Splitting tasks by specific time
intervals, effective for time-series data or logs.

o Composite Partitioning: Combining multiple strategies
(e.g., range and hash-based) for more complex datasets.

Compute Partitioning
Compute partitioning focuses on partitioning the processing
layer to optimize performance:

o Task-based Partitioning: Dividing computational tasks into
smaller sub-tasks that can be processed independently.

o Functional Partitioning: Splitting the processing logic
based on functions or services to improve parallel processing
and reduce bottlenecks.

o Dynamic Scaling: Adjusting the number of compute nodes
dynamically based on the current load and processing
requirements.

Similarly — Write the factories, Strategies and Executors for Reader, Processing, Writer, Skip and Job Completion

Task Execution

PartioningStrategyExecutor and associated reading, writing,
partitioning, skip and failover and job completion strategies are
package, as docker and orchestrated and placed into Kubernetes
as Pod Deployment.

o Reading: Slave nodes read data from source systems based
on assigned partitions. Specific algorithms and steps used in
the reading phase are detailed.

o Processing: Data is processed, transformed, and validated,
incorporating business logic for transforming data from
source to destination systems. The logic behind dynamic
scaling and its implementation is explained.

o Writing: Processed data is written to destination systems,
with real-time task status updates in the task database.
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Detailed steps and algorithms used in the writing phase are
provided.

Failure Handling
Robust mechanisms ensure high performance and scalability:

o Reader Failures: Implement retries for transient issues and
log persistent failures for manual intervention. Case studies
where these mechanisms were successfully employed are
included.

o Processor Failures: Reprocess data where possible; critical
failures trigger alerts. Metrics and statistics on recovery
times and success rates are provided.

o Writer Failures: Retry mechanisms similar to reader
failures, with escalation for persistent issues. Examples of
successful failure handling in real-world scenarios are
included.

o Node Failures: Redistribute tasks to healthy nodes for
continuity.

o TaskCompletionExecutor: Validates task completion,
handling retries and logging persistent failures for manual
correction.

Recovery Mechasims

Recovery strategies include and status of completion will be
handled by master:

o Dead Letter Queues: Store failed tasks for further analysis
and manual correction, with subsequent re-execution.

o Manual Correction: Administrators correct issues and
reprocess tasks.

o Task Database: Reinsert tasks for reprocessing.

Performance Evaluation

Benchamarking methodlogy

The benchmarking methodology includes the test environment
setup, datasets, and performance metrics used to evaluate the
framework. Performance metrics include throughput, latency,
scalability, and fault tolerance.

Experimental Results

The results of performance tests are presented, demonstrating
the framework's efficiency and scalability.

e Throughput: The data processing rate was measured,
showing high throughput rates.

e Latency: The latency introduced by partitioning and task
execution was evaluated, demonstrating minimal impact.

e Scalability: The framework's ability to scale horizontally
and vertically was assessed, showing significant
improvements.

e Fault Tolerance: The resilience to node failures and other
faults was tested, showing robust fault tolerance
mechanisms.

Compartitive Analysis

A comparative analysis of the proposed framework with
alternate solutions is provided, using graphs and tables to
illustrate the comparative performance.

Solution | Throughput (GBE/hr) | Latency (ms
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Scenario

Source System: Legacy monolithic application
Destination System: GCP with Kubernetes
Data VVolume: 5TB of mixed data types Process
Process

o O O

Task Partitioning: Data partitioned by business object type.

Task Execution: Slave nodes read data from the legacy
system, transform it for the microservices architecture on
GCP, and write it to the appropriate services.

o Failure Handling: Implemented robust logging and retry

mechanisms for failures.

o Recovery: Tasks reprocessed from the task database for any
failures.

Results

O O

O

Performance: Migration rate of 1TB per hour with dynamic
scaling of resources.

o Scalability: Nodes dynamically added to handle peak loads,
reducing migration time by 30% compared to traditional
ETL tools.

Data Integrity: No data loss or corruption observed.

@)
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Infrastructure Configuration, Performance metrics

+ Infrastructure Configuration
* Business Object Framework:
* GKE Cluster configuration — 16 Core, 64 GB and 100 GB Hard Disk
* Bitnami Rabbit MQ basic configuration
* Source:
« API: Dev environment, Database: Oracle Dev
* Destination:
= API: Dev environment, Database: Cloud SQL
* Performance
+ BLOB/CLOB to Google Attachments = 50 minutes for 1 million attachments

* Database records — 70 minutes for 1 million records

Use Case2: Cloud Migration For Retail Enterprise
Scenario

o Source System: On-premises PostgreSQL database
Destination System: AWS S3
o Data Volume: 10TB of structured data

Process

o

o Task Partitioning: Data partitioned by date ranges.

o Task Execution: Slave nodes read data from PostgreSQL,
transform it for S3, and write it to S3 buckets.

o Failure Handling: Read/write failures
reprocessed.

o Recovery: Failed tasks moved to dead letter queues and
manually corrected if necessary.
Results

logged and

o Performance: Migration rate of 1TB per hour with dynamic
scaling of resources.

o Scalability: Nodes dynamically added to handle peak loads,
reducing migration time by 30% compared to traditional
ETL tools.

o Data Integrity: No data loss or corruption observed.

Use Case 3: Financial Data Processing

e Scenario: Source System - On-premises SQL Server;
Destination System - Azure SQL Database; Data VVolume -
15TB of financial transactions.

e Task Partitioning: Data partitioned by transaction date
and customer ID.

e Task Execution: Slave nodes read data from SQL Server,
transform it for Azure SQL Database, and write it to the
destination.

e Results: Migration rate of 1.5TB per hour, dynamic
scaling, zero data loss.

Use Case 4: 10T Data Aggregation

e Scenario: Source System - 10T devices streaming data to
AWS Kinesis; Destination System - GCP BigQuery; Data
Volume - Continuous stream of 10GB/hour.

e Task Partitioning: Data partitioned by device ID and
timestamp.

e Task Execution: Slave nodes process real-time data from
Kinesis, transform it for BigQuery, and write it to the
destination.

¢ Results: Real-time processing with minimal latency,
scalable to handle increased data volume.

Alternate Solutions

In the process of identifying the optimal solution for cloud-
agnostic compute and data partitioning, several alternate
solutions were evaluated. The following table summarizes the
features and capabilities of these solutions compared to the
proposed solution using Apache NiFi.

Sn  Approach or Data BLOB/CLOB  API- Leveraging Platform Autoscale Fault
o  Product Migratio migration Business current neutral Tolerant
n Object Code - Reusability
Migration Hibernate

1 IDSS No No No No No No No

2 Oracle Golden Yes Yes No No No No No
Gate

3 Oracle CDC - Yes No No No No Yes Yes
Stream set

4 lsprier Yes Yes No No No No Na

5 COZYRAC Yes Yes No No No No No

6  litter Bitter Ves Yes No Na No No No

7 dbconvert Yes Yes No No No No No

8  Talend ETL Ves Yes No Na No Yes Yes

9 Striim Yes Yes No No No Yes Yes

Sno  Approach or Data BLOB/CLO APl - Business Leveraging Platform Fault  Auto
Product Migrati B Object Migration  current neutral tolerant  scale

on migration Code - Hibernate  Reusability

10 SQS+AWS Batch Yes Yes Yes Mo No Ves Yes

11 SQS+AWS Lambda Yes Yas Yes No No Yes Yes

12 Azure Data Factory Yes Yes Yes No No Yes Yes

13 Azure Service Bus +VM  Yes Yes Yes No No Yes Yes
Scale set

14 GCPPubSub+ Cloud Run  Yes Yes Yes No Na Yes Yes

15 GCPPubSub+VMScale  Yes Yes Yes No Na Yes Yes
set

16  Google Data Flow Yes Yes Yes No No Yes Yes

17 Kubernetes|GKE or AKEor  Yes Yes Yes Yes Yes Yes Yes

onprem or EKE}+ Docker +
Spring Batch Master Slave
+ work Queue

Challenges And Limitations With Alternate

Solutions

Challenges With Apache Nifi
Complexity:

o Intricate Data Flows: As data flows become more complex,
managing and maintaining them can be challenging,
necessitating skilled personnel.

o Steep Learning Curve: While the drag-and-drop interface is
user-friendly, understanding and effectively utilizing NiFi's
full capabilities requires significant learning and experience.
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Scalability:

o Cluster Management: Setting up and managing a NiFi
cluster can be complex and requires a good understanding of
distributed systems and cluster management.

o Resource Management: Ensuring optimal performance
requires careful tuning of resource allocations, which can be
challenging without in-depth knowledge.

Enterprise Support:

o Limited Support: The open-source version lacks dedicated
enterprise support, which can be a drawback for
organizations needing guaranteed SLASs and support.

Data Provenance Overhead:

o Performance Impact: The comprehensive data provenance
tracking can introduce performance overhead, which might
impact throughput for very high-volume data flows.

Custom Processor Development:

o Development and Maintenance: Creating and maintaining
custom processors in Java requires development skills and
ongoing maintenance, adding to the operational complexity.

Challenges With Alternate Technologies

e Talend
o Cost:

Expensive Commercial Versions: While Talend offers
an open-source version, the commercial versions with enhanced
features and enterprise support can be quite expensive.

o Complexity:

Steep Learning Curve: Talend's extensive features and
tools come with a steep learning curve, particularly for advanced
capabilities.

e  Mulesoft Anypoint Platform
o Cost:

High Licensing Costs: MuleSoft's subscription-based
licensing model is expensive, making it less accessible for
smaller organizations.

o Complexity:

Complex Setup and Management: The platform's setup
and ongoing management require skilled personnel, which can
be a barrier for organizations with limited resources.

e Stream Sets Data Collector
o Support:

Limited Enterprise Support: The open-source version
lacks comprehensive enterprise support, which might be
necessary for mission-critical applications.

o Pipeline Complexity:

Managing Complex Pipelines: Designing and
managing very complex pipelines can be challenging, requiring
a deep understanding of the tool.

e  Snaplogic
o Cost:

Subscription-Based Model: The subscription-based
pricing can be prohibitive for some organizations.
o Customization:

Customization Limits: Compared to other open-source

solutions, SnapLogic offers less flexibility in customization.
e Oracle Golden Gate
o Cost:

High Licensing Costs: Oracle Golden Gate is a
premium solution with high licensing costs, which can be a
barrier for many organizations.

o Vendor Lock-In:

Limited to Oracle Ecosystem: Golden Gate is best suited for
Oracle databases and environments, which can lead to vendor
lock-in.

e  Azure Data Factory
o Complexity:

Complex Integration Scenarios: Handling very complex
integration scenarios can be challenging without significant
expertise.

o Cost:

Cost Management: Managing and predicting costs in a
pay-as-you-go model can be complex, especially for large-scale
data movements.

e  Google Data Flow
o Complexity:

Steep Learning Curve: Understanding and effectively
using Google Data Flow requires a significant learning curve.
o Cost:

Pay-As-You-Go Model: Similar to Azure Data Factory,
managing costs can be complex, especially with high-volume
data flows.

e  GCP Pub/Sub with Cloud Run
o Complexity:

Managing Distributed Components: Handling and
managing distributed components in a serverless environment
can be complex and requires a good understanding of cloud-
native architectures.

e Kubernetes with Spring Batch Master-Slave
o Complexity:

Setup and Maintenance: Setting up and maintaining a
Kubernetes cluster with Spring Batch Master-Slave architecture
requires significant expertise in both Kubernetes and Spring
Batch.

o Resource Management:

Efficient Resource Utilization: Ensuring efficient
utilization of resources in a Kubernetes environment can be
challenging, requiring continuous monitoring and tuning.

Conclusion

The proposed cloud-agnostic framework offers a robust and
scalable solution for massive compute and data partitioning in
multi-cloud environments. By leveraging asynchronous task
partitioning, cloud-native  technologies, and adaptable
partitioning strategies, the framework empowers enterprises to
achieve efficient, reliable, and seamless partitioning. Future
work will focus on enhancing the framework's capabilities to
support more complex data transformations and further
improving its scalability and fault tolerance.
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Glossary Of Terms

This glossary defines key terms used throughout the paper to
enhance readability for a broad audience in the field of
engineering technology and science.

Asynchronous Task Partitioning: A method of
dividing tasks into smaller, manageable units that can be
processed independently and concurrently.

Cloud-Agnostic: Capable of operating across multiple
cloud platforms without being tied to any specific
provider.

Data Provenance: The tracking of the origins and
transformations of data throughout its lifecycle.

Dead Letter Queue: A queue used to store messages
that cannot be processed successfully, enabling further
analysis and correction.

Horizontal Scalability: The ability of a system to
increase capacity by connecting multiple hardware or
software entities so that they work as a single logical
unit.

Auto-Scaling: A feature in cloud computing that
automatically adjusts the number of computational
resources based on the current load and performance
requirements.

Kubernetes: An open-source platform for automating
the deployment, scaling, and management of
containerized applications.

Master Node: The primary node responsible for
orchestrating tasks and managing worker nodes in a
distributed system.

Message Broker: A software intermediary that
facilitates the exchange of messages between
applications, enhancing scalability and reliability.

Slave Nodes: Worker nodes that execute assigned tasks,
such as reading, processing, and writing data, in a
distributed system.

Task Completion Executor: A component that verifies
the successful completion of all tasks and handles retries
and error management.

Task Database: A database that stores task-related
information for efficient management and execution.
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