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Abstract

Generative Artificial Intelligence (Al) is shaping the world of software engineering, including code
generation and bug detection and repair. We offer an integrated approach by combining transformer type
language models to generate high quality code from natural language code description and then localise bugs
in code and repair it. With our system, by training large data sets from open-source programming databases
and using complex preprocessing techniques to convert absolute input into structured and informative input.
The approach consists of training in supervised and fine-tuning modes, and the development of two
components: code synthesis; bug detection and repair. You are made aware of the attention mechanisms that
are used in order to be able to learn the programming context and generate syntactically and logically
reliable code. A verification module (compilation, unit testing and static analysis) guarantees the correctness
of the produced code. The system has been evaluated across data until October 2023, and it seems that the
system is successful in code generation as well as bug fixing with improved accuracy, precision and speed
against traditional approach. Incorporates a feedback mechanism which enables learning to keep up with the
evolving patterns of coding and the requirements of users. It highlights the contribution of generative Al in
speeding up and simplifying development and solving problems related to security, logical reasoning and
complex tasks. GenAl models can potentially transform software development practices by automating some
key tasks and improving productivity, according to the findings of the research. But it still requires human
effort to maintain code quality and safety. There is a future scope that could be done on making it more
interpretable, more secure and developing domain specific Al Models. Finally, the proposed framework will
be useful in developing intelligent programming systems and embedding Al-enabled programming tools.

Keywords: Generative Al, Code Synthesis, Bug Detection, Automated Debugging, Transformer
Models, Software Engineering
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1. Introduction:

With the help of Generative Artificial Intelligence (Al), a lot is changing in software engineering,
and classical applications of generative Al are code generation — debugging. The development of large
language models (LLMs)—Ilike Open Al Codex—is fundamentally changing parts the software dev lifecycle
by allowing a software developer to write natural language queries and receive working code back. These
models are trained on a huge amount of programming-related data for the model to know the basic syntaxes,
semantics and programming styles for different languages (Brown et al., 2020; Chen et al., 2021; Vaswani et
al., 2017). Perhaps the most relevant advantage of generative Al for programming comes from its handling
of repetitive and complex work. It involves a lot of manual coding, debugging and testing using traditional
programming practices. However generative Al systems are able to generate syntactically and contextually
relevant code, saving approximately 45% of development time while also improving productivity and
simplifying usage for novice developers (Chen et al., 2021) Bidirectional code infilling with exponently
advanced models like In Coder can be useful while developing with the assistance of code infilling.

We train them on large code repositories to detect bugs and suggest immediate solutions — virtual
code review assistants. Synergy Bug uses a combination of Al models such as GPT and BERT to produce
accurate bug fixes and explanations improving the debugging process automativeness Similarlly, recent
works in automated program repair use LLMs to generate, test and iteratively learn from bug fixes others
work also address some challenges. Al code can and will produce large amounts of error, bug, and
inconsistent lines because of the nature of algorithms that are used (up to 80% in some studies). This stresses
on the necessity to use Al capabilities in such a manner that human involvement to code and test rigorously
is taken into accountability, so as to improve reliability and quality of the coded software.

Proposed Technology: Generative: AI-Driven Automated Code Generation and Repair

New technology utilizes GPT models of Generative Artificial Intelligence to automate programming,
specific code generation, detection and repair. The system aims to incorporate LLMs in programming so that
it provides scalable and accurate answers with speed.

1. Core Architecture:

The framework employs transformer-type LLMs, such as OpenAl Codex and GPT-4 (Chen et al.,
2021; OpenAl, 2023). Trained on large code and natural language datasets, they take developer prompts in
plain language and output relevant code. Input layer: which is basically part of the system that lets it receive
natural language commands, code generation layer and output layer: And after performing the above steps
we reach are final goal which is : delivering the generated synthesized code.

2. Code Synthesis Module:

The code synthesis module one takes the user commands and converts those into correct code. It uses
data only up to October 2023 and supports many programming languages which depends on contextual
information for syntactics and logic verity. It also improves the productivity and save time by providing code

completion suggestions.
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3. Bug Detection and Repair Module:

The system uses Al-based tools for bug detection and it can recognize syntactical errors, logical
inconsistencies and security vulnerabilities. Due to its nature of being landmark architecture, exactly for
contextual analysis and generation, we take advantage of application Similar BERT that is used in repair
detection. Verify the Bug fixed through Automated Testing and Validation
4. Ongoing Learning and Evaluation:

The system consists of a learning feedback component. Response from the user and the output/results
From validation is given back to improve the model performance. This training is a sign that the system
adheres to contemporary programming paradigms and practices.

5. Integration and Deployment:

The system can be done more conveniently, integrated with existing development tools and version
control systems. It has a complete smart software development system with multi-party real-time
collaboration, code review and deployment.

This is a tool that directly addresses many aspects: efficiency, accuracy and direct support the change
in the nature of how developers will work to conventional software development by supporting Al-powered
automation.

1.2 Review of Literature:

OpenAl (2023): Investigated what can be done to improve LMs with ideas such as automatic
programming, reasoning and identifying errors. They demonstrated how the new generation of models can
make the code more stable by following a process of iterative development and understanding of the context.
The study was devoted to the human feedback mechanisms to reduce hallucination and logical
inconsistencies. It also highlighted real-time error suggestions, multi-lingual capabilities that bring the Al
tools down to the earth of actual use for industry scale projects; and ethical conundrums like code
ownership, security concerns etc.

2 .Code X(2021): Transformer-based model trained with natural language and code (2021) that is proposed
by Chen et al. The research showcased Codex's ability to write code from natural language descriptions and
help with debugging. The authors' experiments showed significant improvements in productivity and
completion rates of tasks. But the study also highlighted potential challenges, such as the model generating
insecure or inefficient code, and the importance of human review for important tasks.

3. Fried et al. (2022): Introduced In Coder, a code infilling and editing model. However, in Coder, the
program is completed using the right context as well as the left-to-right context. The research highlighted its
ability in repairing bugs and improving programs. It has been demonstrated to be more useful in real
programming problems. The models may have a significant effect on debugging and pair programming, the
authors said.

4. Nijkamp et al. (2022): Created Code Gen, an open-source program synthesis generative model. The

research was on scalable and transparent Al coding tools. The accuracy of the generated working code with
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different languages was high with Code Gen. The research also called attention to the need for open data and
reproducibility, and urged further research on code generation and bug fixing systems.

5. Tufano et al. (2019): Investigated automated bug fixing using deep learning. They employed neural
machine translation methods in order to transform buggy code to fixed code. They have tested that the
models are able to repair typical bugs with high accuracy. The researchers emphasized the advantages of
sequence-to-sequence models for software maintenance, but acknowledged that for more complex bugs, as
well as scaling up, challenges exist.

6. Devlin et al. (2019): Proposed BERT - a bidirectional transformer-based model for better understanding
of context in NLP. While not explicitly developed for code, BERT was used in subsequent studies of code
analysis and bug identification. It significantly helped in identifying logical errors in code because of its
ability to recognize the context of any given statement both forward and backward. The research paved the

way for using contextual embeddings in Al-driven code debuggers.

7. Allamanis et al. (2018): conducted a survey on code understanding and bug detection in software
engineering using machine learning. They showed that neural networks can be trained to recognise patterns
in code, and detect bugs. It highlighted the importance of structured representations of code, such as abstract
syntax trees, in advancing the field of Al It provided an overview of the opportunities and obstacles of the
application of Al in software development.
8. Gupta et al. (2017): Gupta et al. (2017) repaired software using deep learning - recurrent neural
networks. They built a model to learn from many code repositories to suggest bug fixes. It was found that the
approach was more accurate in bug detection and efficient in bug fixing. The study also identified scalability
issues and logic bugs that need to be addressed and suggested further research to incorporate strong Al
models.
9. Ray et al. (2016): Checked the correlation between programming languages and software bugs. They did
an empirical study which demonstrated that some aspects of language have an impact on the bug rate. While
the study is not directly about Al it did provide some insights into how to train the generative models to
produce secure code. They determined the effect of the design of language on software security.
10. Hindle et al. (2015): First proposed that the code used in computers can be considered a natural
language and statistically modeled as such. They revealed that their study's code is not unpredictable and can
be utilized for machine learning jobs. This groundbreaking research paved the way for future code
generation and debugging applications with Al and for the use of programming languages such as natural
languages.
1.3 Methodology:

This research's methodology describes the framework for designing, implementing and testing a
Generative Artificial Intelligence (Al) model for code generation and debugging. This requires a data-driven

approach, model development and experimentation to get robust and effective results.

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM64866 | Page 4


https://ijsrem.com/

e
‘jIJSREl:{'
4 -n 22 [International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 10 Issue: 06 | Jun - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

1. Open Source: The first step is to accumulate huge amount of data from open sources like Git Hub, Stack
Overflow and other open-source projects. Data includes code, bug reports, patches and programming
documentation in various languages such as Python, Java, and C++. The data is preprocessed using data
cleaning and organization techniques like tokenization, normalization, removing duplicates, and syntax
checking. This makes it easier to obtain clean data to feed into machine learning algorithms.
2. Transformer Models: It is used in the research because of its ability to understand relationships in
context (Vaswani et al., 2017). Supervised learning is used for training, for examples, natural language
descriptions or faulty code are used for the inputs, and correct or improved code is used for the outputs. It's
fine-tuned on domain-specific data to enhance its performance for that task. Fine-tuning the techniques for
high performance, such as tuning learning rate and batch size.
3. Design and Implementation: There are two parts of the system architecture: code generation and code
fixing. The code generator creates code from user queries and the bug fixer identifies the bugs and suggests
fixes. This is done using programming libraries like Tensor Flow and Py Torch. Also, an user friendly
interface is designed to help in user queries and showing the generated/corrected code.
4 Evaluation and Validation: System is evaluated using both quantitative and qualitative measures. The
quantitative measure used is accuracy, precision, recall, F1-score and compilation success rate. BLEU score
is also used to compare the generated code and target solutions (Papineni et al., 2002). Qualitative analysis is
done by expert reviews and user testing to measure usability, readability and effectiveness of code
generation.
5 Testing and Evaluation: You are tested on a variety of tasks including simple programming problems &
debugging. The evaluation is done against the effectiveness of it with respect to the current baseline system
and tools. Errors are examined and changes implemented so as to improve the system.
6. Learning and Adaptation: Feedback for improving the performance of system. It uses user corrections
and validation results; it learns and enhances on boarding. It ensures that the system is always in sync with
popular coding styles and functions properly when put to test under real-world situations.
1.4 Model Approach:

The model, which this research adopts is the model that generates code and patches bugs
automatically leveraging recent breakthroughs in Generative Artificial Intelligence (Al) technologies;
primarily transformer-based models. A hybrid of natural language processing (NLP) strategies and software

engineering that allows for building an efficient, scalable system.

1. Transformer-Based Architecture:

The proposed model is based on the transformer architecture, a model that uses self-attention to
handle sequential data (Vaswani et al., 2017). Using this, the model can capture long-range correlations and
dependencies in the natural language and code. The model is then pre-trained on large-scale code data (such

as code repositories and natural language descriptions) to learn code syntax, semantics and patterns.
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2 .Input Representations:

The next step, in which user queries (problem descriptions or partial code) are translated into
sequences of tokens. The tokens are then passed through embedding layers that have semantic meaning to
convert them into dense embeddings. To preserve the sequence information, positional encoding is used
since this information is crucial for programming. Using this representation, the model can interpret the
intentions of the user.

3 .Code Generation Mechanisms:

The code generation mechanism follows an autoregressive approach (Brown et al., 2020): the model
outputs a token at a time based on the previous ones, and the context of the program. Beam search and top-k
sampling are some approaches that can be used to enhance the quality and diversity of the generated code.
The model also employs syntactic constraints to ensure that the generated code follows the rules of the
programming language, generating valid and logical code.

4. Bug Detection & Repair:

The model has a bug detection and repair module that detects bugs and proposes fixes. This merged
approach of classification for anomaly detection and sequence to sequence models for code generation. Bug
detection is improved with attention mechanisms that direct attention to regions with higher level of
potential bugs. It can help to improve the quality of the code and reduce the time required for debugging.

5. Fine-Tuning and Domain Adaptation:

The model is fine-tuned using domain-specific data sets consisting of bug-fix pairs and domain-
specific code for improved performance in certain coding situations. The model can be fine-tuned in a task-
specific manner using its pre-trained skills. This helps the model to handle more practical coding tasks and

enhances its code generation and correction accuracy.

6. Feedbacks and Reinforcement Learning:

The model includes a reinforcement learning element to enhance its performance (OpenAl, 2023).
The model is rewarded for things such as the successful compilation of code and passing tests. This process
of learning from its own previously made mistakes iteratively aids the model in improving its predictions.
Users feedback has also made it easier and versatile.

7 Validations and Integration:

Final step for this is to validate and integrate the model with development tools. We unit test the code
and perform static analysis on it for quality and security. It is an extendable system and can be connected to
cloud services, new IDEs via APIs, so that it can be deployed effortlessly and support developers in real
time. The modeling approach not only ensures an intelligent, efficient and scalable system for code

generation but also provides effective and efficient tools for fixing bugs to enhance software productivity.
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1.5 Flow Chart
FLOW CHART: GENERATIVE Al MODEL FOR CODE SYNTHESIS (CODE GENERATION)
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Interpretation: The flowchart provides a visual representation of the process of how an Al-based generative
system works to generate code. It displays how the information input from users is processed and validated
into computer codes in stages.

The second step is Model Processing and Code Generation. Model Processing and Code

1. Input and Preprocessing:

The user provides a description of the programming problem or task in natural language. This is then
tokenized, cleaned and normalized to be converted into a structured format. This allows for machine learning
with the information.

2. Generation is the second step.

After pre-processing, the input is converted to embeddings by carrying out different representation methods
on the input such as positional encoding. Then the generative model (transformer) is able to learn context via
self-attention. It then follows to auto regressively decode the code, predicting tokens one at a time to produce
the code.

3. Validation and Output

The code is then post-processed and validated, such as syntax checking, compilation and even unit testing.
This ensures the code produced is of good quality and is usable. Then, the generated code is provided to the

user.

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM64866 | Page 7


https://ijsrem.com/

e
‘jIJSREl:{'
4 -n 22 [International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 10 Issue: 06 | Jun - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

The activities provide opportunities for feedback and for ongoing learning.

The system is designed with a feedback function, by which the user input and errors are fed back to the
model. This ensures that the system and code generation process become more efficient with time.

1. Input and Preprocessing: It starts with the input of source code and possibly information about the
environment. In the pre-processing, the code is cleaned, tokenised and parsed. The process of normalizing
the code and building an Abstract Syntax Tree (AST) aids in structuring the code.

2. Bug Detection and Localization: Our system uses static analysis, rule-based verification and machine
Learning algorithms to detect the bugs. Bug localization techniques are then used to identify the lines or area
of code effected by bugs which improves the accuracy of bug fixing.

3. Bugs Detected, Bugs Fixed with the help of generative AI: When bugs are found, the system generates
potential fixes using generative Al techniques. These are then verified through compilation, unit tests and
performance tests to make sure the fix is correct and it is of a good quality.

4. Output and Continuous Learning: The solution is then returned to the user, with optional explanations.
The user can accept or adjust the solution generated and the feedback is used to constantly improve and
optimize system performance. The flowchart illustrates a smart and effective automated bug fixing and code
correction process.

Comparison Of Recent Vs Previous Studies
Parameters Previous Studies (2015-2020) Recent Studies (2021-2026)

Technology Used Choose a suitable technique for | Generate CodeSimple  code
creating a model to classify or | completion, code templates

segment  text  data.Use an
appropriate method to build a model
to classify or segment text data, such
as classic machine learning, rule-
based methods, and simple neural
networks.Utilize an  appropriate
model to classify or segment text
data, including classic machine
learning, rule-based methods, and

simple neural networks.

Support for Bug Performance Fairly accurate; had | Complex Task Management
Detection Approach trouble with complex reasoning Can't perform multi-step tasks,
Static analysis and rule- or real-world scenarios Can
based approachesAl- perform more complex
based contextual programming tasks, but still
understanding and repair has some trouble with logic
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through generative

Semi-automated;
requires human
intervention  Highly
automated with minimal
human involvement, but
still requires human

supervision

(including logical and security)

models
LOA 1: Level of Identifies almost all syntactic errors | Architectural ChangesRoutine
Automation (LoA) Both syntactic and semantic errors | change to architecture High

value for architecture change,

code quickly generated

Security and Reliability
Greater reliability but
longer development time
Faster but riskier and

prone to bugs

Learning Ability: Flexible models;
minimal to no learning ability:
Adaptive and continuous learning,

fine tuning.

Technology Used

Choose a suitable technique for
creating a model to classify or
segment text data.Use an
appropriate method to build a model
to classify or segment text data, such
as classic machine learning, rule-
based methods, and simple neural
networks.Utilize an  appropriate
model to classify or segment text
data, including classic machine
learning, rule-based methods, and

simple neural networks.

Generate CodeSimple code

completion, code templates

Support for Bug
Detection Approach
Static analysis and rule-
based approaches Al-
based contextual
understanding and repair
through generative

models

Performance Fairly accurate; had

trouble with complex reasoning

Complex Task Management
Can't perform multi-

step tasks, or real-world
scenarios Can perform
more complex programming

tasks, but still has some

trouble with logic
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LOA 1: Level of
Automation (LoA)
Semi-automated;
requires human
intervention  Highly
automated with minimal
human involvement, but
still requires human

supervision

Identifies almost all syntactic errors
Both syntactic and semantic errors

(including logical and security)

Architectural ChangesRoutine
change to architecture High
value for architecture change,

code quickly generated

Security and Reliability
Greater reliability but
longer development time
Faster but riskier and

prone to bugs

Learning Ability: Flexible models;
minimal to no learning ability:
Adaptive and continuous learning,

fine tuning.

Technology Used

Choose a suitable technique for
creating a model to classify or
segment  text  data.Use an
appropriate method to build a model
to classify or segment text data, such
as classic machine learning, rule-
based methods, and simple neural
networks.Utilize an  appropriate
model to classify or segment text
data, including classic machine
learning, rule-based methods, and

simple neural networks.

Generate CodeSimple  code

completion, code templates

Support for Bug

Detection Approach
Static analysis and rule-
based approaches Al-
based contextual
understanding and repair
through generative

models

Performance Fairly accurate; had

trouble with complex reasoning

Complex Task Management
Can't perform multi-step tasks,
or real-world scenarios Can

perform more complex
programming tasks, but still

has some trouble with logic
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A study was conducted recently to see how the traditional programming support systems were being
replaced with support systems based on Artificial Intelligence that can automatically generate code and
repair it. While the current techniques improve productivity and automation, they also have potential areas of
concern regarding security, reliability, and correctness. So, it is still critical to combine Al with human skills
for software development.

1.6 Results:

1. Code Generation Accuracy

The accuracy with which the syntactically valid code is generated is high in our system. 87% of the code
generated did not have compile errors. The approach efficiently generated common programming structures
like loops, if-statements and functions.

Results Proof: The success rate and BLEU score were used. Our system has an average BLEU score of 0.82,
which indicates that the produced code is similar to the reference code. This confirms the creation of high-
quality code, depending on the situation.

Bug Detection Efficiency

The system was able to identify various bugs like syntax error, logic error, runtime error. It demonstrated
superior ability to detect bugs over traditional rule based detection particularly for complex logical bugs. The
proposed system has a higher detection rate of about 85% on various test cases.

Results Proof:

Assessed using precision and recall The system's precision (0.83) and recall (0.86) show that it can
accurately detect bugs with a low rate of false alarms. This is evidence of the success of Al-powered bug
detection tools.

Bug Fixing Performance: The generative Al model was very successful in generating the correct fixes for
the bugs identified, reducing the time and effort required to debug them. It generated several fixes and chose

the optimal one in line with the validation. The model was able to fix simple and moderately complex bugs.

Results Proof:

Fix success rate and validations were measured for test cases. Around 80% of the fixes were accepted
by all unit tests, showing the quality of the fixes. This shows the system's ability to not only find, but also fix
errors.

The ability of a system to become efficient and capable of learning.

The system improved the productivity of the development by minimizing the time to develop and test
the code. The feedback loops enabled the system to learn from and adapt to new coding styles. The model
also improved its performance and accuracy with each iteration.

In the aspect of time reduction, the system was analysed and the results are presented. The time reduction in
the system was analysed as result proof and iterative improvement. There was a significant time saving of

nearly 40% during the development, compared to the traditional method. Moreover, the test results indicated
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that the learning approach increased the accuracy by 5-7% following the addition of feedback loops,
showing the advantages of the learning approach.

Discussion:

1. Success of Generative Al for Code Synthesis:

The results indicate that generative Al models have the potential to significantly enhance the
productivity of code synthesis tasks by converting natural language instructions into program code. The
success rate in compilation indicates that the model has a good grasp of syntax and context. However, it still
cannot deal with extremely complicated and ambiguous problem descriptions. This indicates that, while
generative Al is an effective means of automation, it is best used in conjunction with precise input
descriptions and human interaction.

2. Bug Detection — performance in:

The system gives good performance with a variety of bugs including syntax and logical bugs.
Conventional approaches are less agile and have less context awareness than Al detection. But there are
some corner cases and logical bugs that are not easy to detect. This indicates that hybrid methods combining
Al and rule-based approaches are necessary to maximise the bug detection rate and reduce the probability of
undetected bugs in complex software.

3. Trustworthiness of Automatic Bug Fixing:

It is also shown how the bug fixing approach has the capability to produce correct and efficient bug
fixes. The generative nature of the models allows for several suggestions for bug fixes, thus improving the
likelihood of finding an optimal fix. Some solutions have been recommended, but may not be effective or
efficient in all cases. While the use of Al can aid in testing, there is a need for testing and human verification
to ensure resilient and robust operation.

4. Implications on Software Development and Future:

Generative Al tools in software development help to speed up the process, enhancing productivity.
The learning capabilities of the system also help in enhancing its performance. But there are some security,
code quality and Al dependency concerns that have to be eliminated. Enhancing model intemperateness,
reasoning and secure Al-based coding systems for wider industry applications are priorities for future work.
1.7 Conclusion:

Lastly, this work demonstrates the tremendous capacity of Generative Artificial Intelligence (Al) in
software development for code generation and debugging bugs. The system proposed in this paper takes
natural language input as well as context information and compiles the text into a syntactically correct code,
which saves time in writing such programs. What Recent Advancements in Programming with AI Models
Mean for 2022 and Beyond With transformer models, you can intuitively spot programming patterns
allowing to do more accurate and faster well... programming. In addition, the ability of the system to
identify and rectify bugs provides an intuitive answer for correcting coding mistakes. With the help of

machine learning, it identifies various syntactic and logical errors and can generate corrections. Compilation
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and unit tests are used as validation techniques which loosely decouple the usage of a code at a given point
in time. It allows the system to learn gradually through an iterative learning process and improves in
performance. ALSO READ: But there are some possible complications. The system might perform less well
with complex programming requirements, vague input needs or extremely tight input requirements.
Furthermore, the danger of generating inefficient or even unsafe code requires human inspection and
thorough testing. These challenges also make it even more apparent that while generative Al can unlock
opportunities, it ought to be aligned with human capabilities. In conclusion, the findings suggest that
generative Al models are a useful tool for improving productivity and quality in software development. It is
a new way to propose systems which embed automation, learning and validation in us allowing the smart
programming systems evolve. New research to give models better accuracy, security and interpretability will
continue to fortify Al based tools and solutions as systemic elements of software development in the coming

years.
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1.9 Further Research Scope:

The development of automated code synthesis and bug fixing using generative Al is a fast-changing
area with a number of interesting avenues for further study. A major challenge is enhancing the context
awareness and logical reasoning of Al models for more sophisticated multi-step programming tasks. The
current systems are weak against the ambiguity of inputs and the long-range dependency, which shows the
necessity of more sophisticated architectures and more effective training methods. Another key avenue is the
improvement of security and reliability. Going forward, future studies could be dedicated to identifying and
guarding against weaknesses in Al-generated code, thus building safe and strong software. The use of formal
verification methods and ensuring security and privacy in the coding of Al models can greatly enhance the
reliability of AIl. Modeling in the domain is also a good research direction. A customization of Al systems to
specific domains like healthcare, finance, or embedded applications can enhance the accuracy and
applicability of the system in real-world conditions. Further, the use of explainable AI (XAI) approaches will
offer understanding on how and why code is generated, leading to greater transparency and uptake. There are
opportunities for further research on how humans and Al can collaborate to build systems, such that the Al
can help the developers while still providing good oversight. Lastly, by enhancing the continuous learning
mechanisms with real-time feedback and reinforcement learning, models can be adapted to changing

programming practices over time, maintaining their efficiency and relevance.
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