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[bookmark: _Toc197021031]1.0 Introduction
[bookmark: _Toc197021032]1.1 The Context and Background
Artificial Intelligence, particularly in the form of large language models, has significantly transformed various domains, including software development. These models are capable of understanding and generating human-like text, and recent adaptations have extended their capabilities to source code, enabling tasks such as code completion, generation, translation, and debugging. Within this space, AI-assisted coding tools such as GitHub Copilot and Code Llama, have become increasingly prevalent in modern development environments. The field of natural language processing and machine learning for software engineering has experienced rapid advancements, driven by the evolution of transformer-based architectures and the availability of large-scale datasets. Tools like Code Llama [1], fine-tuned specifically on programming languages, represent a leap forward in intelligent software engineering assistance. Simultaneously, advancements in optical character recognition technologies such as Tesseract, and language identification tools like Pygments [2] and Guesslang [3] have made it feasible to process on-screen information and infer programming context in real time. Despite these innovations, current tools often emphasize automation over collaboration, focusing on completing or replacing user-written code rather than supporting the cognitive processes behind software design and learning. While models can provide suggestions, their interaction style tends to reinforce developer dependency, as shown in recent studies [4], rather than promoting deeper understanding or mutual problem-solving.
[bookmark: _Toc197021033]1.2 The Problem and the Current Challenges
Although LLM-based tools are increasingly used for programming support, there remains a significant gap in the development of intelligent systems that optimize and explain code collaboratively, rather than simply completing it. Most AI tools currently encourage reliance on generated outputs without enabling users to critically engage with suggestions or understand the rationale behind them. This hinders learning and limits the development of programming expertise [5]. 
Many code assistance tools are designed to provide fast, automatic completions, but they do not differentiate between novice and experienced users, nor do they adapt their behavior to promote learning through interaction. For instance, Peng et al. [4] found that tools like GitHub Copilot, while improving productivity, also increased the likelihood of users accepting incorrect code due to lack of scrutiny. Similarly, Prather et al. [5] highlighted the risk of over-reliance, particularly among novice developers, which can lead to a growing knowledge gap. Moreover, current systems are often IDE-dependent and lack the ability to function outside controlled environments, for example in environments like tutorials, forums, or PDFs. There is a lack of tools capable of extracting and interpreting code from arbitrary screen content, analysing it, and then suggesting meaningful, context-aware optimizations while fostering understanding.
[bookmark: _Toc197021034]1.3 Aim and Objectives
[bookmark: _Toc197021035]1.3.1 Aim
To develop an AI-powered assistant that promotes collaborative engagement in programming by extracting on-screen code and providing context-aware suggestions aimed at optimization and learning, rather than dependency.


[bookmark: _Toc197021036]1.3.2 Objectives
· Implement a mechanism for real-time screen text capture using OCR techniques to extract visible text from a user’s screen.
· Design a tool determines whether the extracted text is programming code and, if so, generates more optimal and explainable suggestions using a large language model.
· Evaluate the assistant’s effectiveness using performance metrics such execution time and memory usage as well as assess its ability to deliver clear, plain-English suggestions before suggesting code
[bookmark: _Toc197021037]1.4 Research Importance and Applications
This research is significant because it addresses the critical need for AI systems that enhance programmer competence rather than replace it. By building a tool that supports collaborative development, the project promotes active learning, critical thinking, and improved software quality. The proposed assistant will serve as an intelligent partner that not only helps solve programming problems but also explains solutions, offering users the opportunity to grow and learn from the interaction. Additionally, this research contributes to the broader discourse on ethical AI development, particularly in the context of responsible tool design that avoids creating over-dependence on automation and instead encourages meaningful human-AI collaboration.
Practical applications of this research are wide-ranging. For example, the tool could be used by students learning to code, professionals seeking optimization suggestions, or teams collaborating on large-scale software projects. It can assist developers outside of traditional IDE environments—such as when reading documentation or browsing code examples online. Furthermore, the architecture developed in this project could be extended to other domains where context-aware AI feedback is valuable, such as data science, cybersecurity scripts, or educational platforms.

[bookmark: _Toc197021038]2.0 Related Works
The purpose of this literature review is to examine the existing body of research relevant to the development of intelligent code-assistive systems that leverage large language models, screen text recognition, and machine learning techniques. This review identifies key trends, frameworks, and research gaps in areas related to large language models for code, code completion and correction, scene-text extraction, and developer productivity. The review focuses primarily on work published in the last decade, especially studies from 2020 onward, due to the rapid advancements in LLMs and generative AI tools.
Recent advancements in LLMs have revolutionized code understanding, generation, and completion. Rozière et al. [1] introduced Code Llama, an open foundation model fine-tuned on source code, building upon the LLaMA architecture which, Touvron et al. also covered at great lengths [6]. These models have demonstrated superior performance on benchmarks for code generation, completion, and repair. The comprehensive overview by Naveed et al. [7] further outlines how LLMs, when adapted to source code, leverage their token prediction capabilities to generate syntactically valid and semantically meaningful suggestions, making them highly suitable for code-related applications. Laskar et al. [8] offered a critical review of evaluation strategies for LLMs, highlighting challenges such as reproducibility, evaluation bias, and dataset limitations. These challenges point to the necessity of robust, context-aware systems that are not overly dependent on single-metric evaluations.
One of the core technical challenges in this project is real-time extraction and classification of screen text. Zacharias et al. [9] proposed a pipeline using Tesseract, a widely adopted open-source tool, to detect scene-text from images. While accurate for standard fonts and static images, Tesseract struggles with complex UI’s and varying screen resolutions, indicating a need for pre-processing or fine-tuning in real-world scenarios. Complementing this, Verma et al. [10] explored programming language identification using machine learning, proposing ensemble models that achieved high accuracy in classifying code snippets across different languages. This classification step is crucial for the assistant to apply the correct syntax and language-specific conventions when providing code suggestions or corrections.
Code completion systems powered by LLMs have been evaluated in depth by Izadi et al. [11], who benchmarked various models using practical coding tasks. Their findings emphasize that models fine-tuned specifically on code, such as Code Llama or OpenAI’s Codex, outperform general-purpose LLMs in syntactic precision and logical coherence. These findings support the use of a specialized model like Code Llama in this project.
Peng et al. [4] examined the impact of GitHub Copilot on developer productivity, providing empirical evidence that AI-assisted tools reduce task completion time and cognitive load. However, the study also cautioned about over-reliance, where developers may accept faulty suggestions without sufficient validation. This underscores the importance of explainability and user control in AI-assisted systems, guiding design choices in this project’s UI and feedback mechanisms.
As generative AI becomes increasingly embedded in software workflows, understanding its broader impact is essential. Prather et al. [5] highlighted a "widening gap" where new programmers benefit from AI assistance but may struggle to build foundational understanding. This insight is vital for this project, as the assistant will need to balance automation with educational feedback, helping users learn rather than blindly follow suggestions. Ulfsnes et al. [12] expanded on these concerns through a qualitative study on generative AI in collaborative environments. Their results indicated improved efficiency and brainstorming but noted risks in quality assurance and code consistency. These findings suggest that such systems should include safeguards, such as version tracking or explainable suggestions, which could be integrated into the proposed assistant.
This project synthesizes ideas across multiple disciplines—NLP, computer vision, and software engineering—to create a context-aware, intelligent assistant for code extracted from screen content. While many studies have evaluated LLMs or OCR tools independently, few have combined them into a unified application capable of real-time analysis and feedback. By incorporating real-time text extraction, code classification, and LLM-based suggestion generation, this project contributes a practical system that addresses identified gaps such as explainability [4], input classification [10], and context-sensitive corrections [11]. It also extends prior findings by proposing a tool that can function outside typical IDE environments, assisting developers who view code on web pages, PDFs, or online forums.
Ultimately, this review examined key literature across four thematic categories relevant to the proposed assistant: language models for code, screen-text recognition, developer productivity, and the socio-technical impacts of AI-assisted tools. While significant progress has been made in developing specialized LLMs, screen-based code recognition, and empirical evaluations of coding assistants, current systems still tend to foster user dependency rather than promoting collaborative engagement or learning. The lack of tools that can intelligently extract code from arbitrary on-screen text and offer clear, optimized, and explainable suggestions highlights a critical gap in the field. This project directly addresses that problem by integrating these technologies into a unified, real-time assistant designed to act as a collaborative partner, supporting understanding and mutual problem-solving rather than replacing the developer’s role. In doing so, it contributes to both the technical advancement of LLM integration and the development of more educational, user-centred AI tools in software development.


[bookmark: _Toc197021039]3.0 Research Methodology
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[bookmark: _Toc197021060]Figure 1: Research Onion Diagram 
This study adopts a Design Science Research approach [13], which is highly appropriate given the project’s objective to develop a functional software artefact in the form of a collaborative coding assistant that intelligently extracts screen text, determines whether it is code, and provides optimized, user-friendly suggestions. The DSR paradigm aligns well with the aim of solving a practical and observable problem through innovation and iterative development.
The methodology adopted for this study is structured using Saunders’ Research Onion [14] framework, progressing from philosophical assumptions to practical data collection and analysis strategies. This approach ensures methodological coherence aligned with the project's aim to develop and evaluate an AI-powered code assistant that promotes collaborative development over dependency.
[bookmark: _Toc197021040]3.1 Research Philosophy
This research is underpinned by the positivist philosophy, which asserts that knowledge should be based on observable phenomena and empirical evidence. The central problem being the over-reliance on generative AI tools among programmers, has been identified and discussed across a range of industry sources and academic literature. Positivism is suitable here because the effectiveness of the proposed tool can be objectively measured through quantifiable metrics such as performance and readability. This allows for systematic, unbiased evaluation of the AI assistant’s ability to enhance collaboration and understanding during software development.
[bookmark: _Toc197021041]3.2 Research Approach
A deductive approach is employed in this study, as it starts from an existing theory: the growing dependency on AI-generated code solutions among developers, particularly beginners. Rather than challenging this theory, the project seeks to develop a system that addresses it by fostering collaborative engagement with AI tools. A hypothesis is implicitly formed that integrating screen-text extraction, code detection, and suggestion capabilities into a single tool will reduce dependency and improve comprehension and will be tested through the implementation and evaluation of the software.
[bookmark: _Toc197021042]3.3 Methodological Choice
This study follows a software development research strategy, wherein the outcome of the research is the software artefact itself. The success of the project will be evaluated based on the tool’s functionality, efficiency, and user-focused features. This form of applied research enables direct testing of the tool's practical effectiveness in meeting the study’s objectives, including its ability to intelligently detect code from on-screen text and suggest improvements in an interpretable manner.
[bookmark: _Toc197021043]3.4 Method Choice
A mixed-method approach is adopted, combining both qualitative and quantitative techniques. While the program operates on qualitative input data—text and image-based code snippets—the evaluation metrics are both quantitative and qualitative. Quantitative metrics include execution time and memory usage of the optimized code, while qualitative assessment involves the readability and interpretability of the assistant’s suggestions, particularly the clarity of explanations provided before code outputs. This blended method provides a holistic evaluation of the assistant’s utility, both technically and educationally.
[bookmark: _Toc197021044]3.5 Time Horizon
This research adopts a cross-sectional time horizon, as it focuses on analysing the system and gathering data at a single point in time. Since the assistant is being developed and tested in a controlled environment over a short duration, longitudinal data or long-term observation is not necessary. The required performance and usability data can be collected efficiently during the evaluation phase without extended tracking of user behaviour.
[bookmark: _Toc197021045]3.6 Techniques and Procedures
The project does not involve the development of new AI models but instead uses pre-trained models such as Code Llama and Guesslang, which are already capable of language understanding and code classification. Minimal tuning or retraining is anticipated, allowing the focus to remain on integration and intelligent system behaviour.
Data Collection
· Code samples from the researcher’s own past programming projects will be used to test the assistant’s ability to recognize and optimize code.
· Realistic screen-based scenarios will be simulated to test the assistant’s code extraction and suggestion mechanisms.
Data Analysis
· Quantitative analysis will involve measuring performance metrics such as execution time, memory usage, and code correctness (through automated testing or logical evaluation).
· Qualitative analysis will assess the clarity of explanations provided by the assistant, especially in terms of how effectively it communicates suggestions in plain English prior to presenting code.
· Readability will be rated using heuristics such as code simplicity, presence of explanatory comments, and logical structure.
Together, these analytical strategies will validate whether the assistant meets its aim of supporting programmer understanding and reducing blind reliance on AI-generated solutions.


[bookmark: _Toc197021046]3.7 Study Resources and Materials

	
	Resource
	Justification

	Language and Software
	Python
	Core language for system logic and ML integration

	
	Visual Studio Code
	Simple and easy to use IDE

	
Libraries and Tools
	Jupyter VS Code Extension
	Better readability and structure in VS code

	
	Tesseract
	Text extraction

	
	Guesslang / Pygments
	Language classification

	
	Code Llama
	Generating feedback and code suggestions

	
Hardware
	12-Core CPU
	The CPU present within the computer used, efficiency

	
	32 GB RAM
	The RAM present within the computer used, efficiency

	
	AMD RX 7800 XT GPU
	The GPU present within the computer used, efficiency


[bookmark: _Toc197021067]Table 1: Resources and Materials
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[bookmark: _Toc197021048]4.1 Anticipated Results
Although the software development and evaluation processes are ongoing, it is anticipated that the final system will demonstrate several promising outcomes. The assistant is expected to successfully extract screen text in real time, accurately identify code using tools such as Guesslang or Pygments and provide optimized code suggestions supported by natural language explanations using Code Llama. These outputs will be assessed based on both performance metrics such as execution time and memory usage as well as user-facing qualities like readability and clarity.
It is also expected that, compared to traditional generative code tools that simply automate task completion, this assistant will provide a more collaborative and educational experience. The generated suggestions and explanations will likely support user understanding, especially for novice programmers, without fostering dependency on the tool itself.
From a technical perspective, the assistant is anticipated to perform reliably on a variety of programming languages and code snippets. Performance benchmarks are expected to show that the optimized code provided by the assistant executes more efficiently or at least comparably to the original versions, while being more readable or maintainable.
[bookmark: _Toc197021049]4.2 Implications
If successful, the findings of this study will offer several meaningful contributions:
· Theoretical Contribution: The project will validate the concept that AI tools can be reoriented from passive automation tools to active collaborative partners. This challenges the prevailing narrative of AI dependency and contributes to literature surrounding responsible AI use in programming education and software development.
· Practical Applications: The assistant could be adopted in coding environments or integrated into IDE plugins as a supportive feature for both beginners and experienced developers. Its emphasis on explanation and understanding may position it as a useful tool in educational contexts, bootcamps, or onboarding processes in software teams.
· Research Community Value: This project demonstrates a multi-model integration in the form of OCR, language detection, and generative AI, within a real-time, screen-aware system. It may inspire future research into hybrid assistants that combine vision-based input with language models for context-aware development support.
[bookmark: _Toc197021050]4.3 Limitations
Several potential limitations and challenges may affect the final outcomes of this study:
· Model Constraints: The performance of the assistant is heavily dependent on the quality of pre-trained models like Code Llama and Guesslang. Any inaccuracies in OCR or code classification could cascade and affect the final suggestions.
· System Performance: Real-time processing of screen content and large language model inference may introduce latency, particularly on machines with limited hardware capabilities. This could affect the user experience or limit the assistant’s responsiveness.
· Scope of Evaluation: The software will primarily be tested using projects and code snippets from a limited variety of programming languages. While this ensures controlled evaluation, it may limit the generalizability of the results across different types of codebases or user needs.
· Subjectivity of Qualitative Metrics: While performance metrics such as execution time and memory usage are quantifiable, evaluating readability and usefulness of explanations can be subjective. Without external user testing, these judgments will rely on internal heuristics and assumptions.
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[bookmark: _Toc197021052]5.1 Initial Presentation Timeline Gantt Chart
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[bookmark: _Toc197021061]Figure 2: Initial Presentation Timeline Gantt Chart
[bookmark: _Toc197021053]5.2 Project Proposal Timeline Gantt Chart
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[bookmark: _Toc197021062]Figure 3: Project Proposal Timeline Gantt Chart
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[bookmark: _Toc197021063]Figure 4: Anticipated Project Report Timeline Gantt Chart
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[bookmark: _Toc197021064]Figure 5: Anticipated Planning Stage Timeline Gantt Chart
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[bookmark: _Toc197021065]Figure 6: Anticipated Programming Stage Timeline Gantt Chart
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[bookmark: _Toc197021066]Figure 7: Anticipated Testing Stage Timeline Gantt Chart

[bookmark: _Toc197021058]6.0 Conclusion
This research project set out to design and implement an AI-powered software assistant that promotes collaborative coding by providing real-time, screen-aware support to programmers. Grounded in the positivist paradigm and built on a deductive approach, the study seeks to address the growing concern that many new and experienced developers, are becoming overly dependent on generative tools for writing code, rather than engaging in the learning and reasoning processes essential for long-term skill development.
By drawing from a multidisciplinary foundation including spanning natural language processing, code classification, screen-text recognition, and software optimization; The project aims to develop a tool that not only provides helpful code suggestions but also explains its decisions in natural language. The research design, guided by the principles of software development methodology and a mixed-methods approach, allows for both objective and subjective evaluation of the tool’s effectiveness.
Anticipated results suggest the assistant will be capable of identifying code accurately from on-screen text and improving its performance or structure, while also aiding user comprehension through clear, human-readable explanations. The implications of this work extend beyond the technical; they contribute to ongoing discourse in AI ethics, software engineering education, and responsible tool design.
Although certain limitations are present such as performance constraints and evaluation scope, they are acknowledged and will be addressed throughout the project as much as possible. Furthermore, this project lays the groundwork for future studies in the area of intelligent, human-centred development tools. Ultimately, it aims to redefine the role of AI in programming: from an automated code generator to a collaborative partner in learning and productivity.
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