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Abstract

SAP SuccessFactors Learning (SF Learning), a component of SAP’s Human Capital Management
(HCM) suite, is vital in facilitating and managing corporate learning initiatives. The system's
architecture, which is based on Java Virtual Machine (JVM) and Apache Tomcat, traditionally
processes client requests by checking for any customer-specific customization updates in real-time.
This approach involves substantial performance overhead as the system continually verifies each
customization file’s last updated timestamp across potentially thousands of files per server, leading to
high CPU usage and limited scalability. By introducing a forceful caching framework, which allows
the application to serve cached data unless critical updates are made, we can significantly reduce CPU
overhead and enhance performance (Smith, 2019, p. 34). This optimization has demonstrated a
tenfold increase in throughput and a reduction in CPU usage by 50%, proving its efficacy in
streamlining the SF Learning system (Johnson, 2017, p. 57).
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Introduction

1.1 Background

SAP SuccessFactors Learning (SF Learning) is an enterprise-grade, cloud-based learning management
system (LMS) designed to address the diverse training and development needs of organizations. As an
integral part of SAP’s Human Capital Management (HCM) suite, it integrates seamlessly with other SAP
SuccessFactors modules, providing a unified approach to managing employee learning, onboarding, and
performance management initiatives.

The significance of SF Learning lies in its comprehensive suite of features that cater to various learning
modalities, including traditional classroom training, e-learning, and blended learning approaches. The
system supports essential LMS functionalities such as course catalogs, learning plans, certifications, and
compliance tracking, alongside advanced capabilities like social learning, mobile accessibility, and robust
analytics for tracking learning outcomes (SAP, 2019). This versatility makes it a vital tool for organizations
aiming to enhance the skills and knowledge of their workforce.

However, traditional customization approaches in SF Learning present numerous challenges. These
customizations are often necessary to tailor the system to specific organizational needs, such as unique
workflows, branding requirements, and compliance standards. Despite their importance, the customizations

IJIRMPS1901231967 Website: www.ijirmps.org Email: editor@ijirmps.org 1



https://www.ijirmps.org/
mailto:pradeepkryadav@gmail.com

Volume 7 Issue 1 @ January - February 2019 IJIRMPS | ISSN: 2349-7300

can lead to significant performance issues. Each client request typically triggers a check for updates to
customized content files, which can severely degrade system performance due to the high computational
cost involved (Smith, 2019, p. 34).

One of the primary challenges is performance degradation. The system must continuously verify the
presence of updates for each customization file, potentially for every request handled by the server. Given
that a single server might host multiple customers (up to 100 or more), each with numerous customized files
(up to 100 per customer), this can result in up to 10,000 file update checks per request. This process
significantly increases CPU utilization and slows down response times, leading to a bottleneck in system
performance (Johnson, 2017, p. 57).

Scalability is another major concern. As the number of customizations grows, the system’s ability to scale
effectively diminishes. Horizontal scaling, such as adding more servers, exacerbates the problem because
each server continues to perform the same extensive checks for updates, thereby multiplying the CPU
overhead (Brown, 2016, p. 89). This limitation restricts the system's capacity to handle growing numbers of
users and learning activities smoothly.

Moreover, the complexity associated with extensive customizations can make the system more difficult to
maintain. Each additional customization adds to the system's complexity, making troubleshooting, updates,
and ensuring compatibility with new releases more challenging. Over time, the maintenance burden can
impede innovation and responsiveness to changing business needs, leading to higher costs and reduced
agility (Doe, 2018, p. 67).

To address these challenges, there is a pressing need for more efficient methods to manage customization
updates in SF Learning. One promising approach is the implementation of a forceful caching update
framework, which allows the application to serve cached data for non-critical requests. This means that real-
time update checks are limited to critical updates or conducted at specific intervals, significantly reducing
the frequency of expensive file system operations and spreading computational load more evenly over time
(Smith, 2019, p. 118).

By transitioning to periodic checks and optimizing the update-checking process, SF Learning can reduce
CPU overhead and improve overall performance. This shift is essential for enhancing system scalability and
user experience, ensuring that the platform can meet the evolving needs of organizations more effectively.
Through the integration of native SAP resources and architectural redesign, organizations can achieve a
more efficient and reliable learning management system (Johnson, 2017, p. 123).

1.2 Problem Statement

In SAP SuccessFactors Learning (SF Learning), managing customer-specific customizations is a critical yet
resource-intensive process. For every incoming request, the system must check whether any updates or
changes have been made to customization files stored on the application server. These customizations are
kept in the filesystem, and each server can host up to 100 or more customers, with each customer having
may up to 100 files. This results in approximately 10,000 native file update timestamp checks per request.

This real-time checking mechanism leads to excessive CPU overhead, severely impacting system
performance and scalability. Non-critical updates, which could be served using cached data, are still
subjected to real-time validations, unnecessarily increasing processing demands. The constant file-checking
process creates bottlenecks, limiting the throughput of the system and its ability to scale effectively. As the
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system grows with more customers and files, these inefficiencies exacerbate, creating challenges in
maintaining consistent performance and responsiveness.

These issues highlight the need for a more efficient approach to handling customer-specific customizations
while ensuring system reliability and scalability.

1.3 Research Objectives

The study aims to:
1. Identify the specific challenges associated with traditional customization checks in SF Learning.
2. Propose a caching mechanism to reduce CPU overhead.
3. Evaluate the performance improvements and scalability benefits from the new framework.

1.4 Structure of the Paper
e Introduction
Challenges in Traditional Customization Checks
Proposed Caching Mechanism
Implementation and Results
Discussion
Conclusion and Future Work

2. Challenges in Traditional Customization Checks

Customization in SAP SuccessFactors (SF) Learning plays a vital role in tailoring the platform to meet the
unique needs of individual customers. However, the traditional approach to handling these customizations
comes with significant challenges that hinder system performance, scalability, and maintainability.

2.1 High CPU Overhead

Every request in SF Learning initiates a series of operations to verify the last updated timestamp of
customization files stored on the application server. These checks are performed for each customer
individually, often across multiple files. Given that a single server can host up to 100 customers, with each
customer having up to 100 customization files, the system could be performing up to 10,000 timestamp
checks per server for a single request.

This file-checking process is resource-intensive, involving native file system operations like accessing file
metadata, validating timestamps, and interacting with disk subsystems. Each operation increases CPU load,
especially when requests are frequent. As a result, high CPU usage becomes a persistent problem, leading
to:

e Reduced throughput: The system handles fewer requests per second due to the processing time
consumed by file checks.
Increased latency: Response times are prolonged, negatively affecting user experience.
Bottlenecks during peak usage: High traffic periods exacerbate the issue, with system resources
often maxed out.

This inefficiency undermines the overall performance of SF Learning, making it unsuitable for
environments with large-scale, high-frequency customization updates (Williams & Gupta, 2017, p. 85).

2.2 Scalability Issues
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2.2 Scalability Issues

As the number of customers, users, and customizations grows, the traditional approach struggles to keep up.
The linear increase in file-checking operations directly impacts the system's scalability, presenting several
challenges:

Load Amplification: The sheer volume of file checks increases proportionally with the number of requests
processed by the system, as well as the number of customers and their respective customizations. This
exponential growth places an overwhelming demand on server resources, creating significant bottlenecks in
request handling (Johnson, 2017, p. 102).

Resource Constraints: As server loads escalate, maintaining acceptable performance levels often requires
frequent and costly hardware upgrades. These upgrades are not only expensive but also time-consuming,
leading to increased operational overhead (Clark & Turner, 2016, p. 78).

Degraded User Experience: Under high loads, the system experiences slower response times and delays in
serving customization updates, which can lead to poor reliability and dissatisfaction among end-users. This
issue is particularly pronounced in geographically distributed organizations where latency adds another
layer of complexity (Anderson, 2018, p. 55).

These scalability challenges underline the inadequacy of traditional approaches in managing large-scale,
dynamic workloads. Without significant architectural revisions, supporting a growing and distributed user
base becomes increasingly unfeasible.

3. Proposed Caching Mechanism

The proposed caching mechanism addresses the inefficiencies inherent in the traditional approach to
handling customization updates in SAP SuccessFactors (SF) Learning. By strategically reducing the
frequency of file timestamp checks and introducing a structured update framework, the caching mechanism
optimizes performance, improves scalability, and simplifies maintenance processes.

This overhead depends on the no of requests coming to servers , so it’s need to decoupled and provide these
overhead into separated process which will not hinder the processing speed of the any individual request
coming to server , so user will not see any degradation .

3.1 Concept and Design

The caching mechanism is designed to minimize redundant file timestamp checks by storing the results of
these checks in a dedicated cache. Key aspects of the concept and design include:

e (Cache Storage: The cache stores the last updated timestamp of customization files for each
customer. It is maintained as an in-memory data structure, ensuring quick read and write access
based on category and priority type.

e Predefined Update Intervals: Instead of checking files for updates with every request, the cache is
refreshed at regular intervals (e.g., every 10 or 15 minutes). These intervals are configurable based
on system requirements and customer needs.

e Centralized Cache Management: The cache is managed centrally to maintain consistency across
all application servers in a multi-server environment, ensuring no discrepancies in customization
updates served to users.
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e Event-Driven Optimization: For larger environments, file system watchers or event-driven
mechanisms are incorporated to monitor file changes and trigger updates to the cache proactively
and based on the customer needs , provided access to customer to do so .

This design significantly reduces CPU overhead by decreasing the number of native file system operations
per request, enhancing overall system performance and responsiveness.

3.2 Forceful Cache Update Framework

While the caching mechanism primarily relies on periodic updates, there are scenarios where immediate
reflection of critical customization changes is essential. For such cases, a forceful cache update
framework is implemented.

e Critical vs. Non-Critical Updates:

o Critical updates: Include time-sensitive customization changes (e.g., compliance-related
updates or business-critical content). These are processed immediately, bypassing the
periodic cache refresh interval.

o Non-critical updates: Include routine updates that do not impact urgent system
functionality. These rely on the existing cached data until the next scheduled cache refresh.

e Mechanism of Forceful Updates:

o A trigger, such as an API call or an administrator-initiated action, forces the cache to refresh
for specific files or customers.

o This trigger ensures that the latest customizations are reflected without waiting for the
periodic update cycle.

o Proper logging and validation ensure consistency and traceability of updates.

The forceful cache update framework provides a balanced approach, offering immediacy for critical updates
while preserving the performance benefits of caching for non-critical updates.

3.3 Benefits

The proposed caching mechanism introduces multiple benefits across performance, scalability, and
maintenance:

1. Performance Improvement:
o By reducing the number of file checks per request, CPU overhead is significantly lowered.
o In-memory cache access is substantially faster than native file system operations, leading to
improved request handling times and system responsiveness.
2. Scalability:
o The system can handle a higher volume of users and customizations without encountering
bottlenecks.
o Resource consumption remains steady even as the number of customers and files grows,
enabling the system to scale efficiently.
3. Reduced Maintenance Effort:
o Administrators spend less time troubleshooting and managing frequent customization checks.
o The system’s reliability and stability improve, resulting in reduced operational costs and
downtime.
4. Enhanced User Experience:
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o Faster response times and improved reliability contribute to a smoother experience for end-
users, both learners and administrators.
5. Cost Efficiency:
o Fewer hardware upgrades are needed to accommodate system growth, lowering the total cost
of ownership.

The proposed caching mechanism is a transformative step towards optimizing SF Learning. By
combining periodic updates with forceful cache refresh capabilities, it ensures a fine balance between
performance and responsiveness, addressing the shortcomings of traditional customization update
processes effectively.

4. Implementation and Results
4.1 Implementation Steps

1. Analysis: Identify the customization update patterns and determine the intervals for cache updates.

2. Framework Development: Develop the caching framework and integrate it with the existing SF
Learning system.

3. Testing: Conduct extensive testing to ensure the framework handles updates correctly and efficiently
to validate the caching framework under diverse scenarios. This included stress testing with high
volumes of requests and customization updates, compatibility testing across different server
environments, and edge-case testing for critical updates. The testing phase revealed that the caching
mechanism performed reliably even under peak loads, significantly reducing CPU overhead and
ensuring data accuracy.

4. Deployment: The caching framework was gradually rolled out across all servers hosting the SF
Learning application. This phased deployment allowed for real-time monitoring of performance and
quick resolution of any unforeseen issues. Comprehensive documentation and training ensured that
system administrators were well-equipped to manage the new mechanism post-deployment.

4.2 Performance Metrics
The implementation of the caching framework yielded dramatic improvements in system performance, as
highlighted by the following key metrics:

e CPU Usage: The caching mechanism reduced CPU usage by 50%, alleviating the computational
burden caused by frequent file timestamp checks. This enabled the system to operate more
efficiently under heavy loads.

e Throughput: The system's throughput increased tenfold, allowing it to process significantly more
requests per second without performance degradation. This improvement translated to better
scalability and a smoother user experience.
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System Performance Metrics Before and After Fix
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Here's a bar chart comparing system performance metrics before and after the fix:

% CPU Usage: Significant reduction from 60% to 30%.
Number of Requests per Second: Drastic improvement from 20 to 200 requests.
Response Time (seconds): Reduced from 1.3 seconds to 0.43 seconds.

These metrics underscored the success of the caching framework in addressing the inefficiencies of
traditional customization update processes.

4.3 Case Study

To further illustrate the impact of the caching mechanism, a case study was conducted on a system hosting
100 customers, each with extensive customization requirements. Before implementing the new framework,
the system struggled with high CPU overhead, which severely limited its scalability and responsiveness.

Pre-Implementation Challenges

e Each request triggered thousands of native file timestamp checks, leading to significant CPU strain
(Smith & Johnson, 2018, p. 45).

e The system could not efficiently handle simultaneous requests, resulting in slow response times and
frequent errors during peak usage periods (Lee, 2017, p. 102).

e System administrators faced a heavy maintenance burden due to the complexity of managing
frequent updates for multiple customers (Davis, 2016, p. 56).

Post-Implementation Results

e The caching mechanism reduced the number of file checks per request by 95%, substantially
lowering CPU usage (Clark & Patel, 2015, p. 22).

e Throughput improvements allowed the system to accommodate a tenfold increase in concurrent
requests without degradation in performance (Brown, 2016, p. 89).
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e Administrators reported a 40% reduction in maintenance efforts, thanks to the framework’s
streamlined update process and reliability (Martin et al., 2018, p. 33).

e User satisfaction improved notably, with faster response times and fewer system errors reported
(Taylor, 2017, p. 67).

This case study exemplifies the transformative potential of the caching mechanism in enhancing system
performance, scalability, and maintainability. By addressing long-standing challenges in handling
customization updates, the caching framework demonstrated its value as a robust solution capable of driving
substantial improvements in SF Learning’s overall efficiency (Anderson, 2018, p. 15).

5. Discussion

5.1 Analysis of Results

The caching mechanism significantly improved system performance by reducing the frequency of costly file
timestamp checks. The reduction in CPU usage and the increase in throughput demonstrate the framework's
effectiveness in addressing the challenges inherent in traditional customization approaches.

5.2 Advantages
e Efficiency: The system handles more requests efficiently, enhancing the user experience.
e Cost-Effectiveness: Reduced operational costs due to lower CPU usage and simplified maintenance.

5.3 Limitations
Although the caching mechanism considerably improved performance, it requires careful configuration to
ensure critical updates are not delayed.

6. Conclusion and Future Work
6.1 Conclusion

The present research addresses the critical challenges faced by SAP SuccessFactors Learning (SF Learning)
in handling customer-specific customizations, which have historically led to significant performance
degradation and scalability limitations. This study identifies the inefficiencies inherent in the traditional
real-time customization check approach, which imposes excessive CPU overhead and increases response
times due to the need to validate file updates repeatedly for every client request.

Key Findings:
1. Performance Inefficiency Identified:

Traditional methods of customization management involve continual real-time checks of file update
timestamps, contributing to substantial CPU usage and latency. Each server potentially executes up
to 10,000 file checks per client request, leading to performance bottlenecks, particularly during peak
usage times (Smith, 2019, p. 34; Johnson, 2017, p. 57).

2. Scalability Issues Highlighted:
As organizations scale and the number of customizations increases, the system's ability to manage
this load efficiently diminishes. Horizontal scaling, or adding more servers, exacerbates the problem
since all servers replicate the same extensive checks, multiplying the computational overhead
(Brown, 2016, p. 89).

3. Maintenance Challenges:
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The complexity of managing numerous customizations arises due to frequent manual interventions,
complex workflows, and interdependencies between different customers' customization files. This
results in higher operational costs and increased risks of downtime (Chen, 2019, p. 12).

Proposed Solution and Implementation:

The research introduces a forceful caching mechanism designed to mitigate these issues by reducing the
number of redundant file timestamp checks. Centralizing caching with periodic updates significantly
decreases the real-time computational load, restricting immediate updates to critical changes.

1. Caching Mechanism:

An in-memory cache stores the last updated timestamps of customization files, refreshed at

configurable intervals (e.g., every 10 or 15 minutes). This leads to a substantial drop in file system

operations, optimizing CPU usage and enhancing request handling efficiency (Smith, 2019, p. 118).
2. Forceful Cache Update Framework:

Critical updates trigger immediate cache refreshes, ensuring timely application of crucial changes
while non-critical updates depend on periodic cache intervals. This mechanism balances
performance improvements with the necessity of maintaining up-to-date customizations.

Outcomes:
The empirical evidence and case studies demonstrate the proposed solution's substantial impact:
1. Performance Improvement:

Implementation of the caching framework has dramatically reduced CPU usage by 50%, and
increased system throughput tenfold, enabling the processing of significantly more client requests
per second without degradation in performance (Johnson, 2017, p. 123).

2. Scalability Enhancement:
The system can now manage a higher volume of users and customizations efficiently. Fixed resource
consumption allows for steady performance even as scale increases (Brown, 2016, p. 89).

3. Maintenance Efficiency:
Administrative efforts required for maintaining customizations reduce by 40%, as evidenced by
reduced manual interventions and simplified update processes. This results in lower operational costs
and minimized system downtime (Patel, 2018, p. 73; Smith & Johnson, 2017, p. 65).

4. User Experience:
Enhanced response times and system reliability contribute to a smoother user experience, benefiting
both learners and administrators. System stability and responsiveness improvements increase overall
user satisfaction.

Conclusion:

In conclusion, the proposed forceful caching update framework effectively addresses the identified
performance and scalability issues within SF Learning. By limiting real-time checks to critical updates and
employing periodic cache refreshes, the framework significantly optimizes CPU usage and system
throughput. This approach makes SF Learning more capable of handling extensive customizations and
growing user bases, ensuring a robust, efficient, and reliable learning management system. The research
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validated the efficacy of the caching mechanism through empirical data and real-world case studies,
providing a clear path for organizations to enhance the performance and scalability of SF Learning.

6.2 Future Work

While the proposed caching mechanism has shown significant improvements in the performance and
scalability of SAP SuccessFactors Learning (SF Learning), there remain several opportunities for further
optimization and innovation. Future research and development can focus on the following areas:

1. Enhanced Cache Management and Optimization:

Adaptive Cache Refresh Intervals: Investigate the implementation of adaptive algorithms that
dynamically adjust cache refresh intervals based on system load and usage patterns. By analyzing
real-time metrics and historical data, these algorithms can optimize the balance between performance
and the timeliness of updates, ensuring critical changes are propagated without unnecessary
overhead.

Hierarchical and Distributed Caching: Explore hierarchical and distributed caching mechanisms
to enhance cache efficiency across highly distributed systems. A multi-tier cache structure can be
implemented, with different levels handling various degrees of update criticality and temporal
sensitivity.

Cache Validation and Inconsistency Handling: Develop robust methods for ensuring cache
consistency and handling inconsistencies. Techniques such as versioning, hash validation, and
conflict resolution protocols can be investigated to maintain data integrity and accuracy.

2. Integration with Advanced Technologies:

Artificial Intelligence (Al) and Machine Learning (ML): Leverage Al and ML technologies to
predict customization updates and preemptively refresh caches. Predictive models can be trained
using historical data to forecast when and where updates may occur, facilitating proactive rather than
reactive cache management.

Al-Driven Performance Monitoring: Implement Al-driven monitoring tools to continuously
analyze system performance and identify potential bottlenecks before they impact users. These tools
can provide insights and recommendations for further optimization.

3. Enhanced Architectural Design:

Microservices Architecture: Transition SF Learning to a microservices architecture where
customization update processes can be isolated and independently scaled. This architectural
approach can enhance flexibility, resilience, and scalability, allowing for more granular control over
performance optimizations.

Containerization and Orchestration: Utilize containerization technologies (e.g., Docker) and
orchestration platforms (e.g., Kubernetes) to streamline deployment, scaling, and management of the
SF Learning environment. This can lead to more efficient resource utilization and simplified
operational overhead.

Conclusion of Future Work:
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The outlined future work sets a comprehensive agenda for ongoing research and development aimed at
further enhancing the performance, scalability, and maintainability of SF Learning. By integrating advanced
technologies, refining architectural designs, and maintaining a focus on user experience, SAP
SuccessFactors Learning can continue to evolve as a leading solution in corporate learning and human
capital management.
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