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Abstract

This paper presents a scalable Agentic Al framework for automating manual
test case generation in Quality Engineering (QE). Leveraging Real-time
Reinforcement Learning (RRL), multimodal LLMs, and agentic libraries, the
system transforms JIRA metadata and enterprise artifacts into high-quality test
cases. Grounded Vision Models like Gemini 2.5 Pro enable context-aware
processing of Figma, PDFs, and Confluence links. RRL outperforms static

KeyWOFdS' methods like RAG by learning from feedback and adapting instantly to
) evolving requirements. The architecture integrates semantic pattern
Real-time Reinforcement recognition, dynamic planning, and intelligent prompt validation to deliver
. . traceable, compliant outputs. Agentic libraries such as Stagehand, AskUI, and
Leammg_ (RR L)’ Adaptlve CrewAl orchestrate browser, visual, and multi-agent workflows. The proposed
Test Design, Large system reduces manual effort by over 75%, enhances coverage, and aligns with
Language Models, enterprise QA standards—positioning Al-driven QE as a strategic enabler of

speed, accuracy, and innovation.
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1. Introduction

Quality Engineering (QE) plays a crucial role in ensuring the delivery of reliable, high-
performance, and scalable software solutions, especially in today’s agile, fast-paced, and
ever-evolving development environments. By focusing on quality at every stage of the
software development lifecycle, QE helps organizations meet the growing expectations of
users while maintaining operational efficiency and fostering innovation. However, as
development teams scale, the challenges faced by large QE teams become increasingly
complex and multifaceted.

One of the primary hurdles is scaling manual test creation. With the rapid cadence of
development cycles, manual test creation often becomes a bottleneck, leading to
inefficiencies and delays. Additionally, ensuring consistency across test cases, particularly
when multiple teams are involved, can be difficult, resulting in discrepancies that may
compromise the overall quality of the product. Furthermore, as products evolve and undergo
frequent updates, QE teams often struggle to adapt to rapid changes, making it challenging
to ensure that test cases remain relevant and up-to-date with the latest requirements and
features.
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To streamline development and maintain alignment across teams, modern enterprises
increasingly rely on platforms like JIRA, Confluence, Figma, and JIRA Align as
their unified sources of truth. These tools serve as centralized repositories for housing critical
project artifacts, including business requirements, design workflows, user stories, and
strategic objectives. They enable cross-functional teams to collaborate effectively and stay
aligned throughout the development process.

However, despite the advantages of these platforms, translating these artifacts into
actionable test cases—a key step in the quality assurance process—remains largely a manual
and error-prone activity. Test engineers are often required to sift through lengthy
documentation, interpret design flows, and extract relevant details to create test cases that
align with the intended functionality. This not only consumes valuable time but also
introduces the risk of human error, which can lead to incomplete or inaccurate test coverage.
The result is a fragmented and inefficient testing process that fails to meet the demands of
modern software development.

To address these challenges, organizations need to embrace innovative solutions that bridge
the gap between their existing tools and quality engineering workflows. By automating the
transformation of requirements and design artifacts into test cases and integrating quality
practices seamlessly into development pipelines, teams can enhance efficiency, improve
consistency, and adapt to change at the speed of modern software development.

Aspect Current Challenge Al-Driven Opportunit

Time-consuming, inconsistent ~ One-click generation from source
artifacts

Difficult to scale across Agentic Al adapts to varied
teams/projects contexts

Fragmented across JIRA, Unified interpretation  via

Sources Confluence, Figma multimodal Al agents

Quality 78 Varies by engineer expertise Standardized, high-quality test

Coverage generation

Agentic Al introduces a transformative solution designed to revolutionize the quality
engineering process by automating the generation of test cases directly from tools like JIRA,
Confluence, Figma, and JIRA Align. By seamlessly integrating with these widely used
platforms, Agentic Al eliminates the need for time-consuming and error-prone manual test
creation. Instead, it leverages advanced Al algorithms to extract relevant information from
requirements, design flows, and other project artifacts, automatically transforming them into
actionable and comprehensive test cases.

Three key factors determine the success of Al infusion in QE:

1. LLM Architecture — Choosing between vision-based, non-vision, or grounded
models impacts the relevance and precision of generated tests.

2. Algorithmic Approach — RAG suits context-rich scenarios; RL excels in adaptive,
feedback-driven environments. Each has trade-offs in complexity and scalability.

3. Agent Selection — Teams must decide between custom-built, reusable, or open-
source agents. Vision-enabled agents are ideal for Ul workflows; non-vision agents
suit APl and logic-based testing.
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Together, these choices shape the effectiveness, scalability, and ROI of Al-driven QE
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Figure 1. Benefits Agentic Al

2. Research Method
LLM Architecture:

In modern Quality Engineering (QE), the ability to process diverse enterprise artifacts—
such as Figma designs, PDFs, PPTs, screenshots, JIRA stories, zip files, Word documents,
and Confluence links—is essential. The emergence of Grounded Vision Models—LLMs
that combine multimodal input handling with contextual grounding—has significantly
enhanced the automation and intelligence of testing workflows.

Use Grounded Vision Models for QE have better outcomes because of following:
v Handle multimodal inputs (text, image, document, design files)

v Support long context windows for large enterprise artifacts

v Deliver context-aware outputs grounded in real data

v' Enable traceability and compliance in test generation and defect analysis

. Gemini 2.5 Gemini Flash

Avrtifact Type GPT-40 GPT-4Vv Pro Thinking
Figma Designs X
PDFs
PPTs
Screenshots
JIRA
Stories/Tests
Word Docs
Confluence
Links
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Table 2. LLM Input Handling capabilities

Model Multimoda  Context  Processing  Output Best For
| Input Windo Speed Quality
Support w
GPT-40 Text, 128K ~148 Strong JIRA story
images, tokens tokens/sec general- parsing,
PDFs, purpose test case
screenshots reasoning generation
GPT-4vV  Text+ 128K Similar to Enhanced ul
vision tokens GPT-40 visual validation,
(Figma, understandin visual bug
screenshots) g detection
Gemini Text, 1M ~219 Superior End-to-end
2.5 Pro images, tokens tokens/sec reasoning, test
video, (M grounded automation
voice, large soon) outputs , design-to-
docs test
workflows
Gemini Text, 1M Fastest, Balanced Real-time
2.5 Flash  images, tokens controllabl quality- defect
Thinkin video (fast e latency speed-cost triage,
g mode) exploratory
testing

Gemini 2.5 Pro proves to be more comprehensive, grounded QE workflows
Algorithmic Approach

In the pursuit of scalable, precise, and adaptive Quality Engineering (QE) automation, the
choice of an algorithmic strategy is as pivotal as the design of the underlying model
architecture. The ability to automate test creation and execution at scale while maintaining
accuracy and adaptability is critical in today’s fast-paced development environments, where
requirements and systems are constantly evolving. Traditional approaches, such
as Retrieval-Augmented Generation (RAG) and fine-tuning, have long been valuable
tools in the QE automation landscape. RAG, for instance, enhances the contextual relevance
of test cases by combining retrieval mechanisms with generative capabilities, while fine-
tuning allows for customization and optimization of pre-trained models to cater to specific
testing needs.

However, as software development cycles become increasingly agile and dynamic, these
traditional methods often fall short in addressing the need for continuous adaptability. This
is where Real-time Reinforcement Learning (RRL) introduces a transformative shift.
Unlike static approaches, RRL leverages feedback loops from real-time interactions,
enabling systems to learn and optimize their behavior dynamically. In the context of QE,
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this means that RRL can evolve test cases in response to changing requirements, design
updates, and system behaviors, ensuring that the testing process remains robust, relevant,
and aligned with the latest development goals.

By continuously learning from the environment and iteratively improving its performance,
RRL not only adapts to change but also anticipates potential gaps, proactively enhancing test
coverage. This makes it particularly well-suited for dynamic environments, such as those
found in modern DevOps and agile workflows, where the pace of change is relentless, and
traditional static approaches struggle to keep up. Furthermore, RRL’s ability to optimize
testing strategies in real time reduces manual intervention, minimizes errors, and allows QE
teams to focus on higher-value tasks, such as analyzing results and addressing critical quality

concerns.
Feature RRL-Based RAG-Based Fine- Prompt
System System Tuning Engineering
Learning Learns and Static Learns from  No learning;
Capability improves over retrieval; no labelled data  relies on
time learning prompt quality
Adaptability  Instantly Requires Needs Manual prompt
adapts to new reindexing retraining updates
JIRA patterns and prompt for new
tuning patterns
Behavior Tunable Limited to Controlled Limited
Control rewards for retrieval via training control
clarity, accuracy data
novelty,
diversity
System Lightweight, Requires High Minimal
Footprint in-memory embedding compute infrastructure
store and and storage
retrieval
engine
Outcome Evolves test Generates High Fast but
Benefit cases with best  plausible but precision for  inconsistent
practices generic narrow outputs
suggestions domains
Business Accuracy, Contextual Precision, Speed,
Benefit scalability, relevance, domain flexibility
infra efficiency  traceability alignment
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Use Case Mapping

QE Use Case Recommended Why It Works

Approach
Manual Test Case RRL Learns from evolving story
Generation from JIRA patterns, adapts instantly
Requirement RAG Retrieves and grounds outputs
Traceability from in enterprise documentation
Confluence
Defect Classification and  Fine-Tuning Learns from historical defect
Prioritization data for high accuracy
Exploratory Testing and Prompt Fast setup, flexible for varied
Log Analysis Engineering inputs

For dynamic QA environments, RRL-based systems offer unmatched adaptability,
precision, and infrastructure efficiency. Unlike RAG, which rephrases retrieved content,
RRL learns and evolves, making it ideal for real-time test case generation. Fine-tuning
remains valuable for domain-specific tasks, while prompt engineering supports quick
experimentation

Agentic Library Selection

Agentic libraries are the backbone of intelligent QA automation. For browser-centric and
visual workflows, Stagehand and AskUI offer unmatched flexibility and precision. For
orchestrating complex test generation pipelines, LangGraph and CrewAl provide robust
multi-agent coordination. Browserbase ensures scalable execution,

while DSPy accelerates performance-focused tasks

Agentic libraries differ in their strengths — some excel in browser automation, others
in multimodal reasoning, and some in workflow orchestration.

Library Core Best For Modality  Unique
Strength Support Capabilities
Stagehand Al-powered Ul testing, Text + Natural language
browser form Vision browser control,
automation interaction, atomic actions (act,
visual extract, observe),
regression Gemini/OpenAl
integration
Browserbase  Scalable Web scraping,  Web + Serverless browser
browser test execution API fleet, stealth

infrastructure at scale
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Library Core Best For Modality  Unique
Strength Support Capabilities

automation, live
view debugging

AskUI Visual-first Cross- Vision + Pixel-level
(Vision Al) test platform Ul NLP automation, self-
automation workflows healing tests,
natural language
commands
CrewAl Multi-agent Distributed Text + Task delegation,
collaboration testing tasks Memory crew-based

orchestration

DSPy Eval-driven Performance- Text ReAct-centric, fast
agent focused test output generation
synthesis generation

Stagehand + Gemini for browser-based multimodal agents, AskUI for visual-first
automation, and CrewAl for orchestrating multi-agent QE systems proved to be effective
from Web, Mobile & API Testing Perspective

Technique of Collecting the Data

The analysis of collected data is central to improving test design efficiency and software
quality. Agentic Al uses a Real-time Reinforcement Learning (RRL) framework to analyze
and act on Jira story metadata. The technique involves:
1. Pattern Identification: Semantic embeddings help detect recurring issues, edge
cases, and testable behaviors from Jira stories.
2. Insight Generation: The RL agent learns from feedback and generates high-
coverage, human-readable test cases with minimal rework.
3. Bug Detection: Discrepancies between expected and actual outcomes are flagged
using GUI and API-level understanding.
4. Dynamic Planning: The system adapts test strategies in real-time, evolving with
changing story patterns.
5. Reporting: Detailed metrics—effort saved, test usage, and coverage—are logged
and visualized to guide QA improvements.

Hypothesis

Automating manual test case generation using a Real-time Reinforcement Learning (RRL)
framework—trained on Jira story metadata and guided by advanced semantic pattern
recognition—has the potential to revolutionize the test design process. By leveraging
reinforcement learning's dynamic adaptability, the system can continuously learn from real-
time feedback loops and fine-tune its performance to accommodate evolving story structures
and requirements.
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This innovative approach will significantly enhance the speed, accuracy, and scalability of
test case creation, reducing manual effort by over 75% while achieving comprehensive test
coverage, including edge cases that are often overlooked in traditional methods. By
automating traditional labor-intensive processes, the system will not only reduce human
error but also deliver high-quality, cost-effective test cases with minimal infrastructure
overhead.

The proposed solution provides distinct advantages over static, retrieval-based methods
(e.g., Retrieval-Augmented Generation or RAG) by dynamically adjusting to shifting QA
environments, ensuring long-term adaptability and relevance. Semantic embeddings,
combined with reward shaping, will ensure that generated test cases adhere to QA
standards and are aligned with the specific needs of the development team. Moreover, real-
time integration with Jira eliminates the need for cumbersome reindexing or prompt
tuning, enabling seamless adaptation to changing project requirements and priorities.

Key assumptions underpinning this hypothesis include:

1. Superiority of Reinforcement Learning: Reinforcement learning can surpass
traditional retrieval-based methods in dynamic, fast-evolving QA environments by
leveraging its ability to optimize decision-making through continuous feedback.

2. Semantic Intelligence: Advanced semantic embeddings and reward shaping
mechanisms can effectively guide the generation of test cases that are not only
accurate but also contextually relevant and aligned with industry QA standards.

3. Real-time Adaptability: Direct integration with Jira ensures that the framework
evolves alongside the project, continuously adapting to new story structures and
metadata without requiring extensive manual intervention or reconfiguration.

4.

By addressing these challenges, the proposed RRL framework has the potential to redefine
how test cases are designed, empowering QA teams to focus on higher-value activities
while ensuring robust software quality and rapid iteration cycles.

Combeo Chart: % Stories Evaluated vs. Effort Savings %

Beta User 1 Beta User 2 Beta User 3 Beta User 4 Beta User 5 Beta User 6
User

Figure 5. RRL Output Effictiveness
Research Chronological
Research Design:
The Agentic Al Test Generator employs a sophisticated, multi-stage, intelligent pipeline

to seamlessly transform Jira stories, associated documentation, and metadata into high-
quality, actionable manual test cases. Designed with scalability, precision, and adaptability
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at its core, the system leverages cutting-edge Al technologies to streamline and elevate the
test generation process.

Key Features of Architecture:

1. Real-Time Adaptability:
The Agentic Al Test Generator dynamically adapts to changes in Jira story
structures and updates. By integrating directly with Jira in real time, it ensures that
newly added, modified, or evolving requirements are immediately reflected in the
generated test cases. This eliminates the need for manual syncing or
reconfiguration, enabling QA teams to remain agile in fast-paced development
environments.

2. Semantic Depth and Contextual Awareness:
At the heart of the architecture is a deep semantic understanding engine that
processes Jira story metadata, descriptions, and attachments. Using advanced
natural language processing (NLP) and semantic embeddings, the system interprets
story intent, relationships, and edge cases with remarkable accuracy. This ensures
that the generated test cases are not only comprehensive but also contextually
aligned with project goals and standards.

3. Reinforcement-Driven Refinement:
The pipeline incorporates a reinforcement learning framework that continuously
improves its performance based on feedback loops. By analyzing the quality,
coverage, and utility of generated test cases, the system learns to refine its output
over time. This reinforcement-driven approach ensures that test cases evolve to
meet the highest standards of precision and relevance, even as story structures or
QA priorities shift.

4. Multi-Stage Processing Pipeline:
The architecture is structured as a series of intelligent processing stages, each
designed to enhance the depth and quality of test case generation:

o Story Analysis and Decomposition: Jira stories are broken down into
granular components, such as acceptance criteria, preconditions, and key
scenarios. This ensures no detail is overlooked.

o Pattern Recognition and Semantic Mapping: Advanced pattern
recognition identifies recurring structures and dependencies, while semantic
mapping aligns story elements with standardized testing frameworks.

o Test Case Generation and Categorization: The system autonomously
generates test cases, categorizing them by type (e.g., functional, edge, or
regression) and priority.

o Feedback Integration and Optimization: Generated test cases are
validated against QA feedback, with continuous improvement cycles to
enhance accuracy and coverage.

5. Scalability and Collaboration:
Built to scale effortlessly across projects of varying complexity, the Agentic Al
Test Generator supports cross-functional collaboration by aligning developers,
testers, and stakeholders. Generated test cases are easy to share, review, and
integrate into existing QA workflows, fostering seamless teamwork.
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Transformational Benefits:

o Accelerated Test Design: By automating the traditional time-consuming process
of test case creation, the system significantly reduces manual effort, allowing QA
teams to focus on higher-value tasks.

« Comprehensive Coverage: The intelligent pipeline ensures near-complete test
coverage, including edge cases and complex scenarios that are often missed in
manual processes.

o Cost Efficiency: Automation reduces the need for extensive human effort and
infrastructure, resulting in a highly cost-effective solution for QA.

o High-Quality Output: By leveraging semantic depth and reinforcement learning,
the system consistently delivers high-quality, actionable test cases that align with
industry standards.

Workflow Overview

1. Input Acquisition
e User Input: Story or Epic ID
o DG JIRA: Pulls story details, epics, comments, attachments, related bugs,
and existing test cases
e DG Confluence: Fetches supporting documentation and attachments
2. Context Processing
o Context Aggregator: Merges raw inputs from Jira and Confluence
o Coverage Analyzer: Evaluates completeness and relevance of the
aggregated context
e Gap Prioritizer: Identifies and ranks missing or weak coverage areas
3. Test Generation Pipeline
o Multi-Dimensional Generator: Produces diverse test scenarios using
feedback loops
o Quality Refiner (RL): Applies reinforcement learning to improve clarity,
coverage, and strategic alignment
o Document Intelligence & Bug Analyzer: Enhances test logic using
historical bug data and document insights
4. Prompt Engineering & Validation
o Intelligent Prompt Generator: Crafts context-aware prompts for LLM-
based generation
o Consistency Validator: Ensures prompt reliability; triggers fallback if
validation fails
5. Output Delivery
o Output Generator: Produces final, human-readable test cases
e JIRA Upload: Test cases are pushed back into Jira for QA consumption
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Figure 6. Architecture Overview

Agentic AI’s Real-time Reinforcement Learning (RRL) framework is revolutionizing
the generation of manual test cases by leveraging the power of adaptive learning and
continuous improvement. By transforming Jira metadata into high-quality test cases, this
cutting-edge framework addresses the limitations of traditional test generation systems and
sets a new standard for efficiency, accuracy, and scalability.

Key Differentiators of the RRL Framework:

1. Dynamic Learning vs. Static Retrieval:
Unlike traditional Retrieval-Augmented Generation (RAG) systems, which depend
heavily on static content retrieval and pre-indexed data, RRL introduces a paradigm
shift by dynamically learning and evolving in real time. RAG systems often
struggle to adapt to changing requirements or story structures, leading to outdated
or incomplete outputs. In contrast, RRL continuously refines its understanding of
Jira Metadata, ensuring that test case generation remains accurate and contextually
relevant even as project requirements evolve.

2. Semantic Pattern Embeddings for Contextual Understanding:
The RRL framework leverages advanced semantic embeddings to deeply
understand the intent, structure, and context of Jira stories. By identifying and
incorporating semantic patterns, it ensures that test cases align with the intricacies
of the project’s goals, acceptance criteria, and edge cases. This level of semantic
depth allows the framework to go beyond surface-level understanding, delivering
test cases that are both comprehensive and precise.

3. Gap Analysis for Holistic Coverage:
One of the standout features of the RRL framework is its ability to analyze gaps in
test coverage. By identifying missing scenarios, untested edge cases, or ambiguities
in story definitions, the system proactively addresses potential risks. This ensures
that the generated test cases provide holistic coverage, reducing the likelihood of
bugs slipping through the cracks during testing.
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4. Feedback-Driven Refinement:
Central to the RRL framework is a robust feedback loop that continuously
improves the quality of generated test cases. By incorporating feedback from QA
teams, developers, and test execution results, the system learns to refine its outputs
iteratively. This reinforcement-driven refinement process ensures that the
framework not only adapts to changing requirements but also becomes increasingly
effective over time.

5. Infrastructure Efficiency and Scalability:
Traditional test generation systems often require significant computational
resources, frequent reindexing, or manual intervention to stay relevant. Agentic
ATD’s RRL framework is designed to be lightweight and infrastructure-efficient,
enabling seamless integration into existing workflows without additional overhead.
Its scalable architecture ensures that it can handle projects of varying complexity,
from small-scale developments to enterprise-level applications.

Performance Advantage

Unlike conventional systems that rely on prompt tuning, static configurations, and frequent
reindexing to remain relevant, RRL-based agents operate dynamically and in-memory,
enabling them to evolve test logic in real time. This capability eliminates the bottlenecks of
traditional methods, allowing RRL systems to instantly adapt to changes in Jira stories,
acceptance criteria, or QA requirements without the need for manual intervention. The
result is a transformative leap in speed, efficiency, and alignment with QA standards.

By continuously learning from feedback and optimizing its decision-making processes, the
RRL framework reduces infrastructure costs, minimizes human effort, and ensures test
cases are always aligned with the most up-to-date project goals and regulatory
requirements. This real-time adaptability positions RRL as a game-changing solution in the
field of software testing, enabling QA teams to stay agile in increasingly dynamic
development environments.

Strategic Next Steps for Implementation :

To fully harness the potential of RRL-based test generation and elevate QA workflows to
the next level, the following actionable steps are recommended:
1. Deploy RRL-Based Test Generators
Integrate the RRL framework into existing QA workflows to enable real-time
transformation of Jira stories into high-quality test cases. Prioritize pilot
deployments in high-impact areas to demonstrate immediate value and build
organizational confidence in the system.
2. Monitor and Optimize
Continuously refine reward signals, semantic embeddings, and feedback loops to
enhance the precision and relevance of generated test cases. Use performance
metrics such as coverage, accuracy, and defect detection rates to iteratively
improve system outputs. Implement monitoring tools to track system evolution and
identify areas for further optimization.
3. Ensure Compliance with Security and Regulatory Standards
Guarantee that the RRL framework adheres to enterprise-grade security protocols
and complies with relevant industry regulations, such as GDPR, HIPAA, or ISO
standards. Establish robust governance policies to ensure the integrity, privacy, and
accountability of Al-generated outputs.
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4. Upskill QA Teams
Provide targeted training to QA teams to help them interpret, validate, and optimize
Al-generated test cases. Equip teams with the skills to leverage the RRL framework
effectively, fostering a collaborative environment where human expertise and Al-
driven insights work hand-in-hand. This will ensure that QA teams remain integral
to the testing process while benefiting from the automation capabilities of RRL.

5. Expand Research and Development (R&D)
Invest in ongoing R&D to explore hybrid models that combine RRL with other
advanced techniques, such as supervised learning or symbolic reasoning, to further
enhance the framework’s capabilities. Investigate opportunities to expand the scope
of automation to include areas like exploratory testing, test environment
provisioning, and defect triage.

Generative Al and the Future of QA

Generative Al and large language models (LLMSs) are ushering in a new era for software
testing, automating traditionally complex and time-consuming aspects of test design. By
improving test coverage, accelerating bug detection, and enabling rapid iteration cycles,
these technologies are empowering organizations to deliver higher-quality software at
unprecedented speeds.

Agentic AI’s RRL framework represents the next evolutionary step in this transformation.
Unlike static generation approaches, which produce outputs based on predefined templates
or retrieval-based methods, RRL systems dynamically learn, adapt, and evolve in response
to real-world inputs and feedback. This makes them uniquely suited to address the
challenges of modern software development, where agility and precision are critical to
success.

Why Embracing RRL Matters for Organizations

Adopting RRL-based test generation solutions positions organizations to lead in three key
areas:

o Quality: By ensuring comprehensive test coverage, including edge cases and
complex scenarios, RRL frameworks help reduce defects and improve software
reliability.

o Agility: Real-time adaptability enables teams to respond quickly to changing
requirements, accelerating development cycles and improving time to market.

e Innovation: Leveraging cutting-edge Al technologies demonstrates a commitment
to innovation, enhancing an organization’s competitive advantage and appealing to
top talent.

In conclusion, integrating RRL frameworks like Agentic Al into QA workflows is not just
a technological upgrade, it’s a strategic imperative for organizations aiming to stay ahead
in today’s fast-paced, quality-driven software landscape. By automating and optimizing
test design at an unprecedented scale, RRL empowers QA teams to focus on higher-value
activities, drive continuous improvement, and deliver exceptional software with
confidence.
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