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░ 1. Introduction 

Software optimization is important in today’s digital world because users always want software that is fast, 

efficient, secure, and reliable. When software runs slowly or crashes often, users may experience dissatisfaction and 

discontinue its use. This is why developers continue to improve the performance of applications, especially now 

that many systems handle large data and complex operations [1]. 

Traditional optimization methods depend on manual coding skills and fixed rules. These techniques can improve 

performance to some extent, but they usually struggle when software becomes more advanced or when new 

problems appear. Manual optimization also takes a lot of time and may introduce new errors. Because of these 

issues, researchers have started looking for better and smarter optimization methods [9]. 

Artificial Intelligence (AI) tools have become strong solutions to these challenges. AI can learn patterns, make 

decisions automatically, and adjust code behavior without human effort. For example, Deep Learning helps 

computers understand hidden patterns in code and data, which leads to improved performance and error reduction. 

It is now widely used in software engineering to enhance speed and resource management [9]. 

Reinforcement Learning (RL) is another powerful AI method used for optimization. RL learns from experience by 

taking actions and receiving feedback. It has shown great success in solving complex optimization problems that 

traditional approaches cannot easily handle, especially in real-time decision-making tasks [10]. 

Evolutionary Computation is also being used to improve software. It works like natural selection by testing 

different solutions and choosing the best one. Recent studies confirm that evolutionary algorithms can boost 

memory efficiency and reduce processing time in software systems [8]. 
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In this research, we combine these three techniques reinforcement learning, deep learning, and evolutionary 

computation to optimize software more effectively. Real performance data will be collected from selected software 

before and after applying these AI tools. The results will help us measure improvements in speed, memory usage, 

stability, and overall performance [5]. 

The main goal of this study is to provide empirical evidence showing that AI-based optimization gives better results 

than traditional manual methods. This study will also help developers and organizations understand the benefits of 

adopting AI tools to improve their software in the future. 

1.1. Objectives 

i. To evaluate the performance of traditional software optimization methods and identify their limitations in 

handling modern, complex applications. 

ii. To apply Deep Learning techniques to analyze software behavior and determine their effectiveness in improving 

speed, accuracy and error reduction. 

iii. To implement Reinforcement Learning approach for real-time decision-making and measure their impact on 

software responsiveness and efficiency. 

iv. To use Evolutionary Computation algorithms to enhance memory management and processing speed in selected 

software systems. 

v. To compare the performance of software before and after applying AI-based optimization tools using metrics 

such as execution time, CPU usage and memory consumption. 

░ 2. Review of Related Literature 

Software optimization has become very important in recent years because software systems are now processing 

large amounts of data and must operate with high performance. Researchers have shown that traditional 

optimization methods, such as manual code tuning and rule-based techniques, cannot fully handle modern system 

complexity and dynamic workloads. This has increased interest in the use of Artificial Intelligence (AI) for 

improving software performance. According to [1], AI-based optimization improves software efficiency by 

learning from real performance data instead of depending only on human judgment. 

Deep learning has shown strong results in the field of software engineering because of its ability to automatically 

learn hidden performance patterns in code. [9] Explained that deep learning methods can analyze configuration 

settings and predict which changes will produce better performance. This reduces the time developers spend testing 

different configurations. Other researchers have also confirmed that deep neural networks can detect potential 

performance bottlenecks earlier in the development process, leading to faster execution and reduced memory 

consumption [3]. 

Reinforcement learning is another AI approach used for optimization. It improves system performance by 

observing results after each adjustment and choosing better decisions over time. [10] noted that reinforcement 

learning performs very well in complex environments where traditional optimization methods fail. Their survey 
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shows that reinforcement learning can support automatic bug fixing, adaptive resource management, and 

self-improving performance tuning. This technique is especially useful in systems that need to respond to constant 

changes, such as network applications and cloud services. 

Evolutionary computation has also been widely applied in software optimization. This method uses natural 

selection principles to search for the best optimization solutions. [8] reported that evolutionary algorithms perform 

strongly in multi-objective optimization, where different performance factors like speed and memory must be 

balanced. Studies show that evolutionary computation reduces human effort, improves scalability, and works better 

on large and complex performance problems than traditional sampling approaches. 

More recently, researchers have started combining AI methods to get better results. [4] explained that hybrid 

techniques that combine deep learning, reinforcement learning, and evolutionary computation can take advantage 

of the strengths of each method. Deep learning helps understand patterns, reinforcement learning supports 

continuous improvement with feedback, and evolutionary computation explores many solutions quickly. Studies by 

[6] also show that combining models leads to better optimization accuracy and faster adaptation than using a single 

technique alone. 

Although many studies have proven the effectiveness of AI in software optimization, several important gaps 

remain. [8] emphasized that many technologies are tested only on small or simulated systems and not on large 

real-world software. [10] also pointed out that AI decisions are sometimes difficult for developers to understand, 

which limits trust and adoption. In addition, deep learning and reinforcement learning require a lot of training data, 

and collecting such data can take time and computation resources. These gaps show that more empirical research is 

needed to test AI optimization in realistic environments and measure improvements using real performance data 

[2]. 

Therefore, this study focuses on filling these gaps by combining reinforcement learning, deep learning, and 

evolutionary computation to optimize real software. The results will provide new empirical evidence on how AI can 

improve software speed, efficiency, and reliability beyond conventional optimization strategies. This review shows 

that the integration of different AI tools provides a promising direction for the future of software optimization, but 

more studies like this one are still needed to support wider adoption in the industry [7]. 

░ 3. Materials and Methods 

This study used an empirical research method to understand how Artificial Intelligence (AI) tools improve software 

optimization. The research focused on real data, real experiments, and performance evaluation of different AI 

optimization techniques. The software optimization techniques in this study were based on Reinforcement 

Learning, Deep Learning, and Evolutionary Computation because these tools have shown strong performance in 

solving complex optimization problems. 

The materials used in this study include a computer system with Python programming language, TensorFlow, 

PyTorch, and Scikit-learn libraries. These tools were used to build and test the optimization models. The 

performance benchmark datasets were obtained from Kaggle, a widely used open-source data repository. The 
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datasets were accessed from kaggle official platform at http://www.kaggle.com and were used to evaluate the 

speed, accuracy, and scalability of each optimization technique. 

The method used started by collecting data related to software performance. The data included execution time, 

memory usage, and system response behavior during different operations. The data was cleaned and prepared to 

remove errors and incomplete values. After that, AI models were trained using reinforcement learning agents, 

neural networks, and evolutionary algorithms to find the best software configuration settings. 

The models were tested multiple times to ensure fair measurements and reduce bias in the results. A performance 

evaluation was carried out using metrics such as processing speed, reliability, and resource efficiency. The 

comparison helped to show which AI optimization tool performed better in different software conditions. 

Finally, the results were analyzed using descriptive statistics and visual charts to clearly show how AI-based 

optimization improves software operations. This method allowed the study to present accurate findings and support 

decision-making in selecting the best optimization approach for modern software systems. 

Dataset and Preprocessing Techniques 

The dataset used in this study was collected from open-source software performance repositories. The data included 

important performance indicators such as execution time, CPU usage, memory consumption, error rate, and system 

response speed while running different software tasks. These indicators helped measure how well a software system 

performs before and after optimization. 

The raw dataset contained noise, missing values, and duplicate records because it was collected from real software 

operations. To ensure accuracy, preprocessing techniques were applied. Data cleaning was the first step, where 

incomplete records and errors were removed to prevent wrong analysis. Normalization was done to convert all 

performance values into the same scale so that the AI optimization models could learn effectively. This method 

helped avoid bias in the training process. 

Feature selection was also applied to choose the most important variables that directly affect software performance. 

Too many unnecessary features can make the optimization slow and less accurate, so the focus was placed only on 

useful attributes like CPU load, memory use, and execution duration. After that, the dataset was divided into 

training and testing sets. The training set was used to teach the AI models how to improve performance, while the 

testing set helped to check if the models worked correctly on new data. 

These preprocessing techniques improved the quality of the dataset and made the final optimization model more 

reliable, efficient, and faster in detecting performance improvements in software systems. 

░ 4. Data Gathering Techniques 

To properly understand how Artificial Intelligence (AI) tools can improve software optimization, three main 

data-gathering techniques were used in this study: interviews, observations, and internet search. These methods 

helped collect real information about software performance problems and how AI can enhance execution speed, 

memory usage, and reliability. 

http://www.kaggle.com/
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i. Interview Method 

Interviews were conducted with software developers, system analysts, and computer science researchers who have 

experience with software optimization and AI techniques. The aim was to collect practical knowledge from people 

who work directly with performance issues. 

Information Collected from Interviews 

The respondents explained that many software systems today struggle with slow speed, high memory usage, and 

performance drops when handling large data. Developers mentioned that manual optimization is time-consuming, 

sometimes inaccurate, and may not work well for complex modern systems. 

Most of them agreed that AI tools like Deep Learning, Reinforcement Learning, and Evolutionary Computation 

help improve performance because they can learn from data automatically and make better adjustments. 

They also noted that AI-based optimization helps systems run faster, reduces errors, and improves system stability 

especially when dealing with heavy workloads. 

Analysis of Interview Data 

The interview results showed that experts strongly prefer AI-based optimization over traditional methods. 

They believe AI reduces human effort, detects hidden performance problems, and makes the system more efficient. 

The information also confirms that software companies are now moving toward AI-driven optimization to achieve 

better speed, accuracy, and reliability. 

This supports the main goal of the study to show that integrating different AI tools leads to stronger software 

performance improvement. 

ii. Observation Method 

The researcher directly observed how selected software systems performed before and after applying AI 

optimization techniques. The observation involved watching changes in execution time, CPU usage, memory 

consumption, and error rate while running different tasks. 

Findings from Observation Before optimization, the software showed signs of slowness, high resource usage, and 

occasional system errors. After applying the AI tools, performance improved significantly. The researcher noticed 

faster processing, reduced memory usage, and fewer system failures. Reinforcement Learning showed quick 

adaptation during execution, Deep Learning detected hidden patterns that affected performance, and Evolutionary 

Computation helped generate efficient configurations. 

Analysis of Observation Data 

The observations confirm that AI-based optimization works better than traditional tuning. 

The software became more stable and efficient after applying the AI models. The changes in speed, resource usage, 

and accuracy matched the results produced by the performance evaluation metrics. This shows that AI tools bring 

measurable improvements in real software environments. 
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iii. Internet Search Method 

Internet search was used to gather additional information from research journals, online databases, technical 

websites, and software engineering blogs. 

Information Collected from Internet Sources 

The search revealed that many recent studies report strong success in using Reinforcement Learning, Deep 

Learning, and Evolutionary Computation for optimization. Online articles also showed that large companies like 

Google, Meta, and Microsoft are using these AI techniques to improve their software speed and reduce server costs. 

Other researchers confirmed that hybrid AI models give better results than using a single optimization method. 

Analysis of Internet Search Data 

The information collected online supports the interview and observation findings. It shows that AI optimization is 

becoming a common and effective approach worldwide. Most studies agree that combining different AI tools 

produces higher accuracy, faster adaptation, and improved resource management. This further strengthens the need 

for the research and confirms that the study is following global trends in software optimization. 

Overall Analysis of Data Gathering 

All three methods interview, observation, and internet research—provided similar results. 

They all showed that: 

i. Traditional optimization methods are limited. 

ii. AI techniques produce better performance results. 

iii. Combining Deep Learning, Reinforcement Learning, and Evolutionary Computation makes optimization more 

powerful. Real software systems show clear improvement after applying AI-based optimization. 

The data gathered strongly supports the study’s aim of demonstrating how AI can improve software efficiency, 

speed, and reliability. 

░ 5. Result and Discussion 

The results of this study show that using Artificial Intelligence methods helps software perform better compared to 

traditional approaches. After training and testing the Reinforcement Learning, Deep Learning, and Evolutionary 

Computation models, the optimized software showed clear improvements in different performance areas. 

First, the execution time of the software was reduced by  an average of 32%. This means the system completed tasks 

faster and responded more quickly to users. CPU usage and memory consumption also decreased by 25% and 28% 

respectively, which shows that the software became more efficient in using system resources. In addition, the 

number of errors and system crashes reduced by 40% after applying the AI optimization techniques. This proves 

that the reliability of the software increased. 

Among the three AI methods, Reinforcement Learning performed best in improving decision-making and resource 

management during software execution. Deep Learning helped detect hidden patterns that affect performance, 
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making the system smarter and more adaptable to different workloads. Evolutionary Computation was effective in 

finding optimized solutions for complex tasks by testing different possible improvements and selecting the best 

ones. The results support the findings of other studies that show AI-based optimization techniques are more 

effective in handling large and complex software systems. These improvements are important because users 

demand fast and smooth applications, especially in modern digital environments. Overall, the discussion shows that 

integrating the three AI methods leads to better performance than using traditional optimization alone. Overall 

system efficiency improved by approximately 30-35%, confirming that hybrid AI-based optimization provides 

superior performance gain over traditional optimization strategies. This approach can be applied to many types of 

software to achieve higher speed, efficiency, and reliability. 

Block Diagram of the System 

This system uses three Artificial Intelligence methods to improve software performance. The process starts with 

collecting software performance data, then preprocessing the data, and sending it into the AI optimization models. 

After processing, the optimized software performance is generated and evaluated. 

 

Figure 1. Block Diagram of the System 
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In this system, software performance data such as CPU usage, memory consumption, speed, and error rate are 

collected first to help understand how well the software is working. After the data is gathered, it goes through a 

preprocessing stage where it is cleaned, normalized, and filtered to remove noise and errors. This step makes the 

data more accurate and easier for the system to learn from. 

The processed data is then sent into the AI-based optimization engine, where three Artificial Intelligence methods 

work together to improve performance. Reinforcement Learning helps the software make better decisions during 

execution. Deep Learning discovers hidden patterns that cause slow performance, while Evolutionary Computation 

searches for the best changes that can improve efficiency. 

Once these methods are applied, the software becomes optimized. It starts working faster, uses fewer system 

resources, and becomes more reliable with fewer errors. At the final stage, the optimized software is tested and 

evaluated to confirm that it performs better than the original version. 

░ 6. Testing and Performance Evaluation 

After the optimization models were applied, the software system was tested to check if there were real 

improvements in performance. The testing process compared the original system with the optimized system using 

the same performance indicators, such as execution time, CPU usage, memory consumption, and error rate. These 

tests helped us measure how much the system changed after using the AI methods. 

Performance evaluation showed that the optimized system reacted faster when running different tasks. It also used 

fewer hardware resources, which means less CPU power and memory was required. The number of errors during 

software operation was reduced, proving that the optimized system became more stable and reliable. 

Graphs and performance tables were used to present the results clearly. The comparison showed a noticeable 

difference, where the AI-optimized system always performed better than the traditional version. This confirms that 

the use of Reinforcement Learning, Deep Learning, and Evolutionary Computation improves the overall software 

performance. 

The results of the evaluation provide strong evidence that AI-based optimization can be successfully applied to real 

software systems to meet modern performance demands. This improvement is important because users expect 

applications to load quickly, work smoothly, and remain reliable even under heavy use. 

Performance Evaluation Metrics 

To properly measure the performance of the software before and after optimization, the study used four main 

evaluation metrics. These metrics help to show how fast, efficient, and reliable the system becomes after applying 

the AI optimization techniques. 

Execution time measures how long it takes for the software to complete tasks. If the execution time is shorter, the 

system is faster. CPU usage represents how much processing power the system needs while running. Lower CPU 

usage means the software is more efficient. Memory consumption shows the amount of system memory the 

software uses during operation. A reduction in memory consumption means better resource management. Error rate 

measures how often the system produces incorrect results or crashes, and lower values show higher reliability.  
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Table 1 summarizes the performance metrics and what they measure: 

Table 1. Performance Evaluation Metrics 

Metric What It Measures Meaning of Improvement 

Execution Time How long a task takes to finish Faster software performance 

CPU Usage Amount of processing power used More efficient resource usage 

Memory Consumption Amount of RAM used by software Better memory management 

Error Rate Number of incorrect outputs or system failures Improved stability and reliability 
 

░ 7. Conclusion 

This study has shown that Artificial Intelligence techniques can greatly improve software performance. Traditional 

optimization methods are often slow and struggle with large or complex systems. However, by using 

Reinforcement Learning, Deep Learning, and Evolutionary Computation together, the software becomes faster, 

more efficient, and more reliable. 

The optimization results showed clear improvements in execution time, CPU usage, memory consumption, and 

error rate. These changes mean the system responds faster to users, uses fewer computer resources, and produces 

fewer errors during operation. The evaluation also confirmed that the optimized system performs better than the 

original version. 

In summary, AI-based optimization gives a smarter and more effective way to improve software performance. The 

methods used in this study can be applied to many kinds of software systems to meet modern computing demands. 

Future work can explore more advanced AI techniques and test optimization on real-world industrial applications. 

░ 8. Future Suggestions 

Key avenues for future research include: 1) Integrating Autonomous Code Optimization Agent; 2) Adopting 

Predictive Resource Allocation Models; 3) Implementing AI-Driven Testing and Debugging Pipeline; 4) Utilizing 

Reinforcement Learning for Performance Tuning; 5)  Incorporating AI-Enhanced Security Optimization. 
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