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Abstract 
Modern software systems exhibit increasing complexity, demanding sophisticated testing 
methodologies to ensure reliability and functionality. Traditional manual testing approaches often 
struggle to keep pace with this complexity, leading to inadequate test coverage and increased risk of 
unforeseen issues. This study explores the potential of Generative AI (GAI) in revolutionizing test case 
creation for complex systems. We delve into the practical application of GAI techniques, such as 
Variational Autoencoders (VAEs) and Generative Adversarial Networks (GANs), to generate diverse 
and realistic test inputs, simulate user behavior, and identify critical edge cases. We discuss the benefits 
of GAI-driven testing, including enhanced test coverage, improved fault detection, and accelerated 
testing cycles. Furthermore, we address the inherent challenges, such as data quality requirements, 
model interpretability, and the need for robust evaluation metrics. Finally, we present a roadmap for 
successful GAI implementation in real-world testing scenarios, emphasizing the importance of human-
in-the-loop approaches and continuous model refinement. 
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INTRODUCTION 

Today's software systems are becoming more complex and require more testing and optimization 
methods. Traditional testing methods often fail to address the diversity and nature of these systems [1]. 
This study aims to explore the application of AI in generating test cases for complex systems, thereby 
improving the overall quality and reliability of software products. 
 
MOTIVATION 

As software systems become more complex, the need for extensive testing increases, manually 
creating cases is time-consuming and prone to human error, and traditional automation systems cannot 
cover all possible cases. 

 

OBJECTIVE 
Discover how generative AI can help create 

testable solutions for complex processes, increasing 
coverage and efficiency. 

 

STRUCTURE 
This study is divided into sections containing 

background information, methodology, results, 
challenges, case studies, and conclusions. 

 

BACKGROUND 

Generative AI  

Generative AI consists of a class of algorithms 

that generate new data similar to the data given [2]. 

Key technologies include: 
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Variational Autoencoders (VAEs): VAEs uses a graphical design model to create new data by 

sampling from the latent space. This allows for the creation of changes from existing data by capturing 

a variety of possible states. 

 

Transformers: Transformers use a control system to control sequence-to-sequence operations, 

making them suitable for creating sequences such as letters or numbers. They are especially useful for 

creating complex workflows and multi-step processes. 

 

Software Testing  

Software testing is an important phase in the software development lifecycle that aims to identify and 

fix defects before deployment [3–7]. Test cases are an essential part of testing and are designed to check 

the specific performance and behavior of the system under test. 

• Types of Testing: With unit testing, integration testing, system testing, and validation, each test 

focuses on a different level of the system. 

• Importance of Test Cases: A test case evaluates the conditions under which the system is tested 

by specifying the input, expected results, and execution steps. They are important to ensure that 

the system works as intended [8–13]. 

 

Current Methods and Limitations 

Methods for creating test problems include building blocks, randomized tests, and standardized tests. 

However, these methods often face the following problems: 

• Scalability: Manual and stochastic methods are labor intensive and do not scale well with 

complex methods. The number of tests needs to increase exponentially as the system grows. 

• Coverage: It is difficult to keep track of all events and cases. Traditional methods may miss 

important cases and cause no defects. 

• Efficiency: Developing and managing cases can be time-consuming and prone to human error. 

This slows down the testing process and results in lower test scores. 

 

METHODOLOGY 

Data Collection  

The first step in creating a test problem using generative AI involves collecting different data and 

agents [14–20]. This data can include existing test cases, user reports and system files, storage of various 

applications and events. 

• Existing Test Cases: Use existing test data as the basis for modeling to ensure that the test data 

generated is relevant and meets the requirements of the system. 

• User Reports: Collecting information from user profiles can help capture real-world situations 

and situations that are not covered by current scenarios. 

• System Logs: Analyzing system data can provide insight into the behavior of the system over 

time and highlight potential areas for new trends. 

 

Here is a small comparative table for the different data sources used in generative AI-based test 

problem creation (Table 1). 

 

Table 1. Examples of data sources for test scenario generation. 

Data Source Description Example 

Existing Test 

Cases 

Predefined test cases used as a reference for generating 

new test scenarios. 

Functional test cases for a banking 

application. 

User Reports 
Data from users reporting issues or usage patterns, 

helping to cover real-world scenarios. 

Customer complaints about mobile app 

crashes. 

System Logs 
Historical system data capturing behavior over time, 

useful for detecting anomalies. 

Server logs indicating failed API 

requests during peak hours. 
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Model Training 
Generative models are trained on the collected data to learn the patterns and behaviors of the system. 

The selection of the model depends on the nature of the material and the specific requirements of the 
test data design study. 

• GANs: It is used to create accurate and versatile test results by learning the distribution of training 
data. GANs can create new problems that follow patterns found in objects, thus providing a 
variety of states. 

• VAEs: It is used to create variations of the experiment, exploring different permutations of the 
input conditions. VAE can generate new data that is similar to the training data but exhibits 
dynamic changes covering a wide range of possibilities. 

• Transformers: It is used to create a series of test steps, especially useful for testing processes and 
procedures. Transformer is an expert at handling complex processes and can create cases that 
contain multiple steps and interactions. 

 
Test Case Generation  

When models are trained, they can generate new data and new problems. These tests can be further 
validated and improved using domain knowledge and other considerations. 

• Novelty and Relevance: Ensure that test cases are developed to reflect new conditions while 
checking the impact on performance. 

• Validation: Use domain knowledge and heuristics to analyze test designs and ensure they are 
usable and useful for testing. 

• Refinement: Revise test cases based on recommendations and evidence to improve their quality 
and effectiveness. 

 
BENEFITS 
Increased Coverage  

The design is capable of generating a variety of experiments, including edge applications that 
traditional methods may miss [20–23]. This leads to more testing and more error detection. 

• Edge Cases: Generative AI can enable systems to be tested in a variety of situations by creating 

test cases that cover rare or unexpected scenarios. 

• Diverse Scenarios: Generative AI helps generate more help and reduce the risk of conflict by 

creating a wide range of variables. 
 

Efficiency  
The automated test case generation process reduces the time and effort required to create a case. This 

allows the diagnostic team to focus on the complexity and importance of the system. 

• Time Savings: Generative AI can quickly generate more scenarios, reducing the time required to 
create tests. 

• Resource Optimization: Through automated processes, the testing team can allocate resources 

more efficiently and focus on important tasks such as test execution and analysis. 

 
Adaptability  

Generative models can be iterated on with new data, allowing them to continue to adapt and evolve 
with changes in the system. This ensures that test data remains relevant and timely. 

• Continuous Improvement: As the process evolves, new components can be introduced into the 

training process, allowing the model to generate cases that reflect new and updated trends. 

• Adaptation to Change: Generative AI quickly adapts to changes in the system, ensuring test data 
remains relevant and up-to-date. 

 
CHALLENGES 
Model Training  

Training a suitable model requires a lot of good data and computational resources, and ensuring that 

these resources are available can be difficult. 
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Figure 1. Flow chart. 

 

Data Quality: Good training materials are essential for good model training. Ensuring cleanliness 

and data representation can be difficult. 

 

Computational Resources: Training such models, especially large models like GANs and 

Transformers, requires a lot of computing power. Access to sufficient resources is critical for training 

a successful model (Figure 1). 

 
Validation  

The test materials created must be proven to be effective and relevant. This may include additional 

steps such as book review or fact checking based on a previous process. 

• Relevance: Ensure that the test data generated is relevant to the system's performance and 

requirements. 

• Manual Review: In some cases, manual review is required to ensure that test data was generated 

with full effort. 

• Automated Validation: Establishing a validation process to assess the quality and impact of 

experimental design problems can help improve the validation process. 

 

Integration  

Integrating generative AI into existing testing models and processes requires careful planning and 

coordination. Building a strong relationship and seamless integration is key to getting the most out of 

this approach. 

• Compatibility: Ensure that AI models can be integrated with existing measurement tools and 

models without disrupting existing operations. 

• Coordination: Coordinate the integration process with testing teams and other stakeholders to 

ensure effective adoption and effective use of generative AI. 

 

CASE STUDIES 

Case Study 1: Financial Systems  

A financial method was chosen to demonstrate the use of AI in creating business challenges. The 

model was trained from historical business data and test data was generated to identify vulnerabilities 
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in the system's business operations. The results show that detection of flaws is greatly improved and the 

time required for testing is short. 

• Data Collection: Write job history documents that detail various types of jobs, case studies, and 

user interactions. 

• Model Training: The GAN is trained based on the collected data and gains knowledge about the 

distribution of work. 

• Test Case Generation: The GAN is trained to generate new scenarios that include similar events 

and business benefits. 

• Results: Effective testing improves error detection and identifies previously undiagnosed issues 

in business logic. It also reduces the time required to develop cases. 

 

Case Study 2: E-commerce Platforms  

An e-commerce project was chosen to demonstrate the use of generative AI in testing user 

interactions and feedback processes. The model is trained on user interaction data and system data to 

create test data that includes a variety of user behaviors and states. This allows for better coverage of 

the checkout edge and results in a more robust test. 

• Data Collection: Collect customer interaction data and system data to capture various user 

behaviors, interactions, and returns processes. 

• Model Training: The transformer model is trained based on the collected data to learn the 

sequence of user interactions and responses. 

• Test Case Generation: Training transformers created new tests that included different users of 

different situations and rescue methods. 

• Results: Test results better cover cases and improve the performance of the testing system. This 

e-commerce business benefits from greater defect detection and better testing procedures. 

 

CONCLUSION 

Generative AI provides an effective way to test data generated for complex systems. By using state-

of-the-art design, the testing team can achieve greater service, efficiency, and flexibility in the testing 

process. While challenges remain, the potential benefits make generative AI an important tool in the 

software testing arsenal. 

 

Summary  

Generative AI technologies like GANs, VAEs, and Transformers can improve the experimental 

design process for complex systems. Generative AI improves coverage, efficiency, and flexibility by 

creating test problems, enabling more efficient and comprehensive testing. 

 

Future Work  

Future research could focus on integrating AI with other measurement tools, exploring hybrid models 

that combine different techniques, and creating standard layers to control design test problems. 

Additionally, additional case studies and practical applications could provide a deeper understanding of 

the benefits and challenges of developing cases using generative AI. 

 

Call to Action  

Additional support and testing with AI products is essential in software testing. Organizations should 

explore the potential of generative AI to improve testing processes and increase the efficiency and 

reliability of software systems. 
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