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[bookmark: _Toc208349522]1.0 Abstract
This project investigates the design and implementation of an AI-powered tool that provides actionable feedback on programming code without directly supplying solutions. Unlike conventional AI coding assistants that risk fostering dependency by generating code on behalf of the user, this system aims to encourage critical thinking, problem-solving, and independence. The tool was developed as a proof of concept, integrating optical character recognition, programming language identification, large language models, and a graphical user interface into a single pipeline.
Open-source and accessible technologies formed the foundation of the implementation, including EasyOCR for text extraction, Pygments for language classification, and locally hosted LLaMA-family models through Ollama for feedback generation. A series of experiments evaluated the system in terms of OCR accuracy, robustness of outputs, programming language identification, computational performance, GUI usability, and full pipeline success rates. Results demonstrated that EasyOCR outperformed Tesseract in both character accuracy and downstream compatibility, while LLaMA-family models provided consistent feedback under Ollama, with limited variation in computational demands. The system reliably produced feedback that adhered to the no-code constraint, with success rates remaining high across a variety of programming languages and code samples.
While effective as a demonstration, the tool remains a prototype. Limitations included residual OCR errors, occasional verbosity or irrelevance in feedback, and a basic GUI lacking advanced features. Nevertheless, the project highlights the feasibility of designing AI systems that support learning by guiding users toward solutions rather than solving problems for them. In doing so, it contributes to ongoing debates around the role of AI in education and demonstrates how such tools can act as catalysts for reflection and growth. Future work could refine OCR performance, incorporate multimodal models, expand evaluation metrics to capture user learning, and polish the user interface for real-world deployment.

[bookmark: _Toc208349523]2.0 Introduction
In a time where artificial intelligence is increasingly integrated into software development workflows, the role of Large Language Models has expanded from basic code autocompletion to more complex reasoning and contextual assistance. Tools like GitHub Copilot, have demonstrated the power of LLMs to assist programmers directly within their development environments. However, most of these tools focus on code generation, offering solutions rather than fostering understanding. While such capabilities can boost productivity, they often risk bypassing the critical thinking and problem-solving skills essential to becoming a proficient programmer. This project explores an alternative paradigm: leveraging an LLM to provide non-intrusive, constructive feedback on code quality and problem-solving approaches, without revealing or generating code.
The proposed system combines real-time on-screen code capture with an instruction-tuned LLM, such as CodeLLaMA, to evaluate and interpret programming behavior. Instead of generating code, the system acts as a pedagogical assistant, offering high-level insights, constructive critique, and guidance based on programming principles, best practices, and computational thinking strategies. The primary objective is to enhance the learning experience by promoting active problem-solving and self-reflection, especially for novice programmers who may be tempted to rely on auto-generated answers.
This project situates itself within a growing body of research that emphasizes human-aligned language model behavior. Techniques such as instruction tuning and reinforcement learning with human feedback have enabled LLMs to follow natural language instructions while adhering to safety constraints, such as avoiding biased or harmful content. These advancements also open the door to customizing LLM behavior for educational purposes, such as encouraging helpfulness and clarity without substituting for human effort. Prior works including those by Wang et al. [1], Luo et al. [2], and Li et al. [3] have shown that LLMs can be fine-tuned to support learning through hints, explanations, and multi-step reasoning rather than direct answers.
A key innovation in this project is its use of screen-level code context, captured dynamically from the user’s programming environment to provide a code-less set of feedback. This allows the system to provide context-aware feedback, simulating the experience of a human tutor observing a student’s work in real time. The feedback provided by the LLM is shaped by careful prompt design and fine-tuning, guided by models such as CodeLLaMA, which have shown strong performance on understanding and reasoning over code.
This report details the design, development, and evaluation of the system, including its architecture, LLM integration strategy, data handling and privacy considerations, and prompting mechanisms. It also explores the educational philosophy behind the approach, drawing on pedagogical frameworks that emphasize scaffolding, metacognition, and guided discovery. Ultimately, the goal is to demonstrate how LLMs can be harnessed not just to write code, but to teach it, empowering users to develop stronger problem-solving skills and a deeper understanding of software engineering principles and computational thinking.

[bookmark: _Toc208349524]3.0 Related Works
The rapid development of artificial intelligence and large language models has generated substantial interest in their application to programming, education, and human-computer collaboration. A growing body of literature now explores how natural language processing systems, code-oriented foundation models, and intelligent tutoring frameworks can transform the way learners and practitioners engage with software development tasks. These technologies hold promises not only for automating code generation but also for enabling new pedagogical approaches that emphasize problem-solving, collaboration, and cognitive support. Given the diversity and pace of research in this area, a systematic review is necessary to synthesize findings, highlight key trends, and identify tensions between technical capabilities and educational objectives. 
This review examines the intersection of several strands of scholarship: the evolution of LLMs and their adaptation for code-related tasks, surveys on evaluation methodologies for language models, educational uses of intelligent assistants, and the broader pedagogical implications of designing systems that guide rather than replace human reasoning. In doing so, it situates emerging research within the wider context of programming education and AI-assisted learning. By organizing and critically analyzing the current literature, the review aims to clarify how these contributions collectively inform the development of tools that encourage independent learning, simulate collaborative dynamics, and balance technological affordances with educational responsibility.
Recent years have witnessed the emergence of foundation models explicitly designed for programming tasks, among which Code LLaMA represents a significant advancement [4]. Built as an extension of the LLaMA framework [5], Code LLaMA leverages vast corpora of source code to generate, explain, and refactor programming artifacts with human-level fluency. These systems demonstrate not only impressive accuracy in code completion and synthesis but also contextual awareness that allows them to bridge natural language queries with executable solutions. From an educational perspective, their potential lies in lowering the barrier to entry for novice programmers by providing instant scaffolding in debugging or code comprehension tasks. Nevertheless, while their capacity to generate working code is often emphasized, this capability raises concerns for pedagogical use: learners may come to depend on code generation rather than cultivating problem-solving strategies themselves. This duality highlights a crucial consideration for the proposed assistant — the challenge is not whether models can generate code, but how their capabilities can be reframed toward fostering independent reasoning and teamwork-like interactions. Thus, Code LLaMA and LLaMA provide not only a technical foundation but also a pedagogical tension that informs the design of learning-oriented assistants.
The integration of LLMs into programming support tools is deeply rooted in broader developments in natural language processing and deep learning, as outlined by Arkhangelskaya and Nikolenko [6]. Their survey underscores how architectures such as transformers, self-attention mechanisms, and large-scale pre-training have revolutionized the field, enabling models to process linguistic and structural information at unprecedented scales. By highlighting both theoretical underpinnings and practical applications, they situate current progress within decades of incremental innovation, ranging from recurrent and convolutional models to fully attention-based systems. Crucially, their discussion emphasizes that the strength of such models lies not only in linguistic fluency but also in their adaptability across domains, including mathematics, programming languages, and multimodal contexts. This adaptability reinforces the viability of reimagining LLMs as collaborators in programming education, where the goal is not direct code generation but the translation of debugging and problem-solving practices into accessible guidance. Their work also highlights persistent challenges around interpretability, a consideration particularly relevant for education-focused systems where transparency and learner trust are essential. By grounding the design of programming assistants in these theoretical insights, research can position itself within the broader trajectory of NLP innovation while tailoring technical affordances toward pedagogical objectives.
While technical advances in LLMs have been rapid, systematic approaches for evaluating their effectiveness remain underdeveloped. Laskar et al. [7] provide a critical review of evaluation frameworks for natural language understanding, highlighting limitations in current benchmarks and the difficulty of assessing models across diverse linguistic and task-specific dimensions. Their analysis emphasizes that evaluation must go beyond narrow accuracy metrics to include considerations of fairness, generalization, and contextual alignment. For programming-related tasks, this concern is particularly salient: an assistant designed for learners should not only be judged by the correctness of its feedback but also by its ability to encourage reasoning, foster independence, and simulate collaborative team dynamics. Laskar et al. further argue for the adoption of multi-faceted and human-centered evaluation schemes, aligning well with the educational focus of systems that refrain from code generation. In this respect, their work suggests that the development of programming assistants must be accompanied by novel evaluative strategies capable of capturing pedagogical effectiveness rather than purely technical performance.
The rapid expansion of research on large language models has generated a need for integrative overviews that consolidate the state of the field. Naveed et al. [8] provide such a synthesis, cataloguing architectural innovations, training methodologies, application domains, and societal impacts of LLMs. Their review positions LLMs as transformative technologies that extend well beyond text generation, encompassing reasoning, knowledge integration, and multimodal processing. Particularly relevant to the present discussion is their observation that while LLMs excel in producing fluent outputs, their performance in reasoning-intensive domains remains inconsistent, often requiring careful prompt engineering or external scaffolding. This aligns directly with pedagogical concerns in programming education, where the aim is not only to solve problems but to cultivate systematic thinking. Naveed et al. also highlight ethical considerations such as over-reliance, hallucination risks, and transparency deficits, all of which take on heightened importance in educational contexts. Their overview demonstrates that while LLMs hold the potential to revolutionize collaborative learning environments, their successful integration into pedagogy depends on careful constraint and contextual adaptation. Thus, their synthesis reinforces the value of designing assistants that support reasoning without displacing the learner’s active engagement.
Izadi et al. [9] present a practical survey of language models for code completion, offering insights into both their technical performance and their implications for developer workflows. Their review emphasizes the strengths of LLMs in producing syntactically valid code completions and reducing routine programming overhead, but it also identifies persistent weaknesses such as semantic errors, lack of robustness in edge cases, and tendencies toward overconfidence. From a pedagogical standpoint, these findings highlight a central tension: while code completion tools can accelerate productivity for experienced developers, their role in learning environments is less straightforward. For novice programmers, reliance on auto-completion risks obscuring fundamental programming concepts and fostering shallow engagement. Izadi et al. stress the importance of evaluating not only technical benchmarks but also the human factors associated with model use, such as trust, dependence, and interpretability. This perspective directly informs the design of educational assistants, underscoring the need for approaches that guide learners through reasoning processes rather than substituting for them. By contextualizing the limitations of code completion systems, their work provides strong support for pedagogical models that intentionally withhold executable code while still leveraging LLMs’ strengths in explanation, contextualization, and feedback.
Prather et al. [10] explore the widening gap in computing education arising from the integration of generative AI, outlining both its potential benefits and its associated harms. On the one hand, they argue that generative models can democratize access to programming support, offering personalized explanations and lowering barriers for learners who lack access to mentorship or formal instruction. On the other hand, they caution that uncritical use of AI-generated solutions may reinforce inequities, with some learners developing dependency while others use the technology to extend their skills meaningfully. Their findings reveal a complex pedagogical landscape in which the same tool can either empower or hinder depending on its mode of deployment. In the context of assistant design, these insights emphasize the importance of carefully structuring interaction to maximize benefits while minimizing harms. Specifically, withholding direct code outputs can mitigate dependency risks while still providing scaffolding that empowers learners to engage actively with problem-solving. Prather et al. therefore highlight the dual role of generative AI in education: both as a facilitator of broader participation and as a potential source of new disparities, underscoring the responsibility of system designers to navigate this balance deliberately.
Ulfsnes et al. [11] examine how generative AI is reshaping software development practices, particularly in collaborative environments where developers interact with intelligent systems as co-creators. Their study emphasizes both the productivity gains and the socio-technical challenges introduced by such tools. While generative models are capable of producing functional code and documentation, Ulfsnes et al. note that their integration into team workflows raises issues of accountability, division of labor, and the erosion of traditional mentoring structures. These findings resonate with the design of educational assistants, which must simulate the collaborative benefits of team programming without undermining opportunities for learning. The authors highlight that generative AI is most effective when embedded in feedback-rich contexts where human developers remain active decision-makers. For pedagogical systems, this insight suggests that the assistant should function as a collaborator prompting discussion, reflection, and iterative refinement, much like an experienced teammate rather than an automated answer engine. By situating generative AI within the broader cultural shift in software development, Ulfsnes et al. underscore the importance of aligning educational assistants with collaborative norms rather than purely generative capacities.
Zacharias et al. [12] provide a survey of image processing methods for scene-text detection and recognition, identifying the key challenges in extracting textual data from varied and complex visual environments. Their work is highly relevant to the technical underpinnings of assistants that rely on optical character recognition to capture code directly from a user’s screen. They outline advances in convolutional neural networks and hybrid deep learning architectures that have significantly improved accuracy in detecting and segmenting text under noisy conditions, variable fonts, or irregular layouts. For programming assistance, these developments are essential to ensuring that learner-written code can be accurately captured and analyzed without introducing additional barriers or frustrations. Moreover, Zacharias et al. emphasize the role of preprocessing techniques and domain-specific adaptation, which are critical when dealing with highly structured text such as source code. By applying these insights, an OCR-enabled assistant can reliably bridge the gap between visual programming environments and natural language feedback systems. Their contribution demonstrates that effective integration of OCR is not merely a technical requirement but a foundational element in creating seamless user experiences that preserve the authenticity of programming workflows.
Peng et al. [13] investigate the impact of AI tools on developer productivity, drawing from empirical studies and industry case reports. Their analysis reveals that AI assistants such as Copilot and related systems can accelerate routine tasks, improve error detection, and reduce cognitive load in repetitive coding activities. However, they also highlight mixed results regarding deeper productivity measures, noting that developers often spend additional time validating and correcting AI-generated outputs. Furthermore, the study identifies changes in workflow dynamics, with AI shifting the balance between exploratory problem-solving and solution verification. These findings provide valuable insights for the design of educational programming assistants. In a learning context, productivity is not the sole or even primary metric of success; rather, the goal is: sustained cognitive engagement and skill acquisition. By reframing AI’s role from a productivity enhancer to a cognitive partner, educational assistants can avoid the pitfalls of over-automation. The work by Peng et al. therefore illustrates that while AI can streamline development, its long-term value depends on how it structures the developer’s engagement with tasks, a principle equally critical in pedagogical applications.
Wang et al. [14] introduce CodeT5+, an open large language model family designed specifically for code understanding and generation across diverse programming languages. Building on earlier CodeT5 architectures, the authors expand model capacity and training objectives to include multi-task learning for completion, summarization, and translation tasks. Their findings demonstrate that specialization significantly improves performance over general-purpose LLMs, particularly in benchmarks that require semantic reasoning and code comprehension. For education-focused applications, CodeT5+ illustrates how tailoring model objectives can align capabilities with user needs beyond raw code synthesis. Instead of emphasizing production of novel solutions, such models can be adapted to strengthen explanatory functions, enabling assistants to highlight intent, logic, and structure. Wang et al. further stress the importance of evaluation across heterogeneous programming tasks, a point that resonates with the necessity of diverse pedagogical assessments in programming education. Their contribution shows that with careful adaptation, models like CodeT5+ can be reimagined as reasoning companions that scaffold learning rather than as autonomous coders, making them valuable reference points for assistants designed to encourage independence.
Nijkamp et al. [15] present CodeGen, another family of open large language models trained on publicly available source code. Their study highlights the benefits of open access to reproducible research, enabling broader experimentation and evaluation by the research community. CodeGen demonstrates strong performance on standard benchmarks such as HumanEval and MBPP, showing that open-source models can rival proprietary systems in code generation tasks. However, the authors also emphasize persistent challenges such as data quality, model robustness, and the handling of edge cases in complex software projects. For an educational assistant, these findings underscore the risks of over-relying on raw generative capacity, as even high-performing models are susceptible to producing subtly flawed or non-generalizable code. By situating CodeGen within the landscape of accessible research, Nijkamp et al. also implicitly highlight the pedagogical potential of open models, which can be audited, fine-tuned, and repurposed for non-generative tasks such as explanation and feedback. In this respect, CodeGen provides both a technical benchmark and a conceptual reminder that transparency and adaptability are essential qualities for educationally oriented AI systems.
Chen et al. [16] provide one of the earliest systematic evaluations of large language models trained on code, focusing on the Codex family and its derivatives. Their study demonstrates that such models achieve state-of-the-art results on code completion and problem-solving benchmarks but also exposes their limitations, including frequent logical inconsistencies and susceptibility to adversarial prompts. Crucially, the authors emphasize that evaluation metrics must move beyond functional correctness to capture aspects of clarity, maintainability, and pedagogical suitability. For educational applications, this perspective is particularly significant: an assistant’s value lies not in producing optimal code but in helping learners navigate reasoning pathways and error diagnosis. Chen et al.’s work thus provides both methodological and conceptual grounding for the present review, highlighting the inadequacy of purely accuracy-based measures and the importance of holistic evaluation frameworks that reflect real-world usage and educational objectives.
Yujia Li et al. [17] present AlphaCode, a large-scale code generation system capable of achieving competitive performance in programming contests, including Codeforces challenges typically dominated by expert human programmers. The authors highlight AlphaCode’s novel sampling and ranking strategies, which allow it to generate a wide pool of candidate solutions and filter them to identify competitive outputs. While the achievement is significant from a technical standpoint, its implications for pedagogy are more ambiguous. On one hand, AlphaCode demonstrates that LLMs can approach or even surpass human performance in highly complex coding tasks. On the other hand, its strategy of brute-force candidate generation diverges sharply from human problem-solving practices, raising concerns about whether exposure to such outputs fosters genuine understanding for learners. For educational assistants, AlphaCode serves as a cautionary example: impressive raw performance does not necessarily translate into effective learning support. Instead, its contributions underscore the need to design systems that emulate the reasoning processes of human teams rather than the statistical abundance strategies of competitive AI.
Furthermore,  Raymond Li et al. [3] introduce StarCoder, an open large language model designed for broad accessibility in software development and research contexts. Trained on permissively licensed datasets, StarCoder exemplifies a trend toward democratization in code-focused AI, where transparency, reproducibility, and ethical dataset curation are prioritized alongside technical performance. The authors demonstrate that StarCoder achieves strong results across code completion and comprehension tasks, reinforcing the viability of open models as alternatives to proprietary systems. For educational contexts, StarCoder’s open nature offers a critical advantage: the possibility of fine-tuning and constraining model outputs to support pedagogical goals, such as explanation and error analysis, without the need for direct code provision. Moreover, the emphasis on permissive licensing mitigates ethical concerns around proprietary data leakage, making the model suitable for integration in learning environments where academic integrity and transparency are paramount. In this way, StarCoder contributes not only to technical progress but also to the broader project of aligning AI development with educational and societal values.
Practical tools such as Pygments [18] and Guesslang [19] play an enabling role in building intelligent assistants by handling the fundamental tasks of syntax highlighting and programming language detection [20]. Pygments, a widely adopted syntax highlighter, supports a vast range of programming languages and ensures that code is displayed in a structured and legible manner. Guesslang, by contrast, employs machine learning to infer the language of a code snippet without explicit specification, streamlining workflows where heterogeneous code bases are present. While these tools may appear peripheral to educational AI, they are essential in creating seamless user experiences where learners can engage with feedback without distractions caused by formatting errors or misidentification. Moreover, their open-source accessibility aligns with pedagogical priorities of transparency and reproducibility. In the context of an OCR-enabled assistant, Pygments and Guesslang ensure that extracted screen code is not only captured but also contextualized, forming the backbone for meaningful analysis and subsequent learner-focused interaction.
Vaishnavi and Kuechler [21] outline the principles of design science research as a systematic methodology for developing and evaluating technological artifacts. Their framework emphasizes iterative cycles of problem identification, solution design, implementation, and evaluation, providing a structured approach that is particularly suitable for projects at the intersection of computer science and education. The insistence of design science research on both relevance and rigor ensures that solutions are not only technically sound but also address real-world needs. For the development of a programming assistant, this framework provides methodological grounding, guiding the integration of OCR, language detection, and feedback systems into a coherent artifact. Furthermore, design science research stresses continuous reflection on the artifact’s impact, which is a point that resonates with the pedagogical aim of balancing assistance with independence. By positioning the assistant as an evolving design artifact, Vaishnavi and Kuechler’s work ensures that its evaluation extends beyond technical performance to include learner outcomes, making design science research a cornerstone of this literature review.
Evaluation choices shape how assistance is designed and judged. In programming, code-specific benchmarks such as CodeXGLUE and APPS sharpen the lens by measuring code understanding and problem-solving, including generation, translation, and reasoning under constraints [22] [23]. However, even these miss pedagogical effects like independence or transfer of debugging strategies. A synthesis of these sources suggests a dual-track evaluation for educational assistants in the form of code-task measurements and learner-centric outcomes. Namely measurements that are grounded in CodeXGLUE/APPS-style setups such as fix-rate, error coverage and explanation quality; and outcomes which are urged by broader LLM evaluation work [7] [22] [23] such as time-on-task quality, reduction in extraneous cognitive load, persistence, and post-task reflection. Concretely, assistance should be scored not only by correctness of detected issues but also by whether prompts nudge students to reason without emitting executable code, through things like structured hints, Socratic questioning, and rubric-aligned feedback.
Instruction-following is central to constraining models to guide rather than solve. Foundational work on reinforcement learning from human feedback shows that training with human feedback can align models to follow instructions more helpfully and safely, outperforming purely pre-trained baselines on follow-the-prompt behaviors [24]. Complementarily, research on scaling instruction-tuned LMs demonstrates that breadth and quality of task-instruction pairs yield robust generalization, improving zero-shot performance and adherence to user intent without task-specific finetuning [25]. For an educational assistant that must refuse to output code while still being maximally supportive, these results point to two levers: reward modeling that explicitly favors hinting, error-spotting, and reflective prompts; and instruction corpora curated to exemplify process-oriented help such explanations, decompositions and tests-first nudges, rather than solution dumps. Together, reinforcement learning from human feedback and large-scale instruction tuning establish a technical path to encode the assistant’s “teammate-like” persona and its refusal policy within the model’s default behavior.
Beyond human-authored datasets, Self-Instruct and Super-NaturalInstructions, expand instruction-following capabilities with self-generated and curated multi-task instruction sets, improving generalization and robustness to novel prompts [1] [26]. For pedagogy, these corpora can be adapted to emphasize learning-centric interactions that teach transferable practices rather than specific solutions. The key insight is coverage and diversity: broad instruction spaces reduce overfitting to narrow help styles and better capture the variety of mentorship moves a human teammate might use in code review or pair programming. When combined with strict refusal templates for code emission, the result is an assistant tuned to offer scaffolded dialogue, metacognitive prompts, and error-finding checklists, which are behaviors that align with the educational objective of building independence while retaining the feel of collaborative development.
Recent alignment work moves beyond RLHF to data- and objective-level refinements. Targeted human-judgment datasets improve specific conversational qualities such as helpfulness without overstepping, enabling fine-grained control over outputs in safety-critical contexts [27]. Direct Preference Optimization further shows that preference-based objectives can align models efficiently without online reinforcement learning, reducing complexity while preserving high-quality adherence to desired behaviors [28]. In an education-first assistant, these techniques can encode hard refusals for code generation and soft preferences for Socratic questioning, stepwise error localization, and standards-aligned feedback. For example, testing discipline, commenting, and readability. Because preference datasets are modular, institutions can tailor them to curricular goals, prioritizing things like, formative assessment language or teamwork norms mirrored from studio courses, while auditing the resulting policies for transparency and consistency across cohorts.
Instruction-following benchmarks in the coding domain highlight the difficulty of producing nuanced, context-sensitive outputs. Xu et al. introduce WizardLM, which refines large models through “evolutionary” instruction-tuning, producing stronger adherence to multi-step instructions without catastrophic overfitting [29]. Building on this, WizardCoder adapts the methodology specifically to programming tasks, showing gains on benchmarks such as HumanEval and MBPP [2]. While these systems are oriented toward producing executable code, their architectural insight is transferable, and structured instruction evolution yields models that respond more faithfully to pedagogical constraints as well. For a learning assistant that must avoid code generation, WizardCoder’s instruction-specialization pipeline can be inverted—replacing generation-oriented examples with explanation-oriented or error-spotting exemplars. The broader implication is that curriculum design for instructions matters as much as the model backbone: teaching a model to refuse code gracefully while offering layered, team-like feedback mirrors the careful iterative expansion WizardLM demonstrates.
Reasoning quality in LLMs can be shaped by prompting strategies. Wei et al. demonstrate that Chain-of-Thought prompting allows models to produce step-by-step rationales, significantly boosting accuracy on reasoning tasks [30]. Complementary work on Self-Consistency shows that sampling multiple reasoning chains and consolidating them yields higher reliability, particularly for math and logic [31]. For educational assistants, these techniques are vital because they mimic the reasoning transparency students need when debugging: not just “what is wrong” but “why does this lead to the error”. When tuned appropriately, Chain-of-Thought scaffolding can be used to teach students how to think through problems systematically, rather than shortcutting to answers. Combined with self-consistency, the assistant can provide multiple plausible pathways of thought, encouraging learners to evaluate alternative explanations and thus internalize critical thinking practices. This aligns strongly with the assistant’s “teamwork simulation” ethos by exposing diverse reasoning mirrors of how human teammates might debate or test hypotheses collaboratively.
The application of LLMs to developer productivity provides evidence of both benefits and risks. Barke et al. analyze how copilot-style tools change software engineering workflows, finding that they can improve speed but risk “offloading” critical thinking, particularly when students or junior developers over-rely on generated code . Sarsa et al. extend this observation in the educational context, reporting that students often accept AI-generated suggestions uncritically, bypassing opportunities for learning and reflection [36]. For an assistant intended to foster independence, these findings serve as a cautionary counterexample: the assistant should never behave like an autocomplete engine. Instead, its value lies in preserving the reflective struggle while scaffolding the process—e.g., pointing out mismatches between intent and syntax or suggesting alternative debugging strategies without revealing solutions. By reframing “productivity” as growth in computational thinking skills, these studies highlight the pedagogical necessity of constraining outputs. Thus, while LLMs clearly transform development practices, their role in education must be recast from accelerators to mentors that guide without shortcutting the journey
Manning et al. [32] shift attention from technical advancements to the broader societal and economic implications of AI adoption, proposing a research agenda that emphasizes labor markets, productivity, and long-term economic transformation. Although their discussion does not focus exclusively on programming assistants, it highlights the systemic consequences of deploying AI in skilled domains such as software development. They warn that automation risks displacing critical human expertise if it is not carefully aligned with roles that emphasize complementarity rather than substitution. This perspective resonates strongly with the pedagogical goals of the present project, where the assistant must be designed to support learning and collaboration rather than replacing the programmer’s cognitive work. By framing AI as an economic and social actor, Manning et al. remind designers of educational assistants that technological design carries downstream impacts: encouraging independence and skill-building not only benefits individual learners but also sustains the resilience of professional communities in the face of automation pressures.
Jiang et al. [33] provide a recent survey on large language models tailored to code generation, synthesizing trends in architecture, training methods, benchmarks, and application scenarios. Their work situates code models as part of a rapidly consolidating research field, where performance is evaluated against tasks such as completion, repair, and translation. Importantly, they highlight how many evaluations prioritize benchmark accuracy without sufficiently considering human-centered outcomes such as usability, interpretability, or learning impact. For an education-focused assistant, these insights underscore the limitations of adopting evaluation practices from industry or competitive programming contexts. Instead, Jiang et al. suggest that future work must emphasize hybrid evaluation, combining automated scoring with qualitative assessment of user experience. This aligns with the objectives of designing an assistant that fosters reasoning and independence, as benchmark success in raw code generation may be orthogonal to pedagogical value. Their synthesis therefore reinforces the need to repurpose technical advances toward educationally meaningful forms of assistance.
Xu and Zhu [34] examine the role of pretrained language models in neural code intelligence, offering an extensive overview of architectures and techniques that underpin many modern systems. They emphasize how transfer learning, large-scale datasets, and pretraining objectives have transformed performance across tasks such as code search, summarization, and defect detection. Particularly relevant is their observation that models trained on vast code corpora tend to encode not only syntax but also semantic regularities, enabling them to provide rich contextual cues even when they fail to produce flawless code. From a pedagogical standpoint, this suggests that pretrained models can be harnessed not primarily as code generators but as explainers and contextualizers which are roles that align well with an assistant constrained from producing executable solutions. Xu and Zhu also note persistent challenges such as dataset bias and overfitting to popular languages, concerns that directly affect fairness and accessibility in educational contexts. Their analysis highlights both the technical promise and the pitfalls of integrating neural code intelligence into learning environments.

Devlin et al. [35] introduced BERT, a foundational transformer-based model that revolutionized natural language processing through bidirectional contextual embeddings. Although BERT itself was not designed for programming tasks, its architecture laid the groundwork for many later models in code intelligence by demonstrating the effectiveness of masked language modeling and deep bidirectional representation learning. For educational assistants, the significance of BERT is less about its direct application to code and more about its methodological influence: it showed that pretraining on massive corpora followed by task-specific fine-tuning could yield versatile and interpretable systems. This paradigm underlies many current code-focused LLMs, which inherit both the strengths and weaknesses of contextual embedding approaches. The enduring lesson for pedagogy is that even models optimized for linguistic fluency can be adapted to reasoning-oriented tasks if their training objectives are aligned accordingly. Thus, BERT’s legacy provides a theoretical foundation for designing assistants that emphasize understanding, context, and process over raw generative output.

Liu et al. [36] propose “Chain of Hindsight,” a technique for aligning language models by leveraging past errors and corrections as training signals. Their approach improves model reliability and adherence to user expectations by explicitly encoding reflective feedback into training pipelines. For an educational assistant, this is particularly relevant because reflection is not only a desirable model behavior but also a key learning outcome for students. By adapting hindsight-based alignment, an assistant could model the process of iterative improvement that mirrors how learners review mistakes, incorporate corrections, and refine their understanding. Liu et al.’s results suggest that models can be optimized not just to avoid errors but to demonstrate the reasoning pathways by which errors are identified and corrected. An approach directly analogous to collaborative code review practices. Incorporating such alignment strategies could strengthen the assistant’s capacity to simulate team-like reflection and metacognitive dialogue without resorting to code provision.
Szafraniec et al. [37] investigate code translation using compiler representations, framing translation as a structured transformation task that benefits from explicit program analysis. Their results show that integrating compiler-level information yields improved fidelity in translating between languages, particularly when maintaining program semantics. Although their study is oriented toward translation accuracy, its implications extend to educational contexts as it demonstrates the importance of interpretability and structured representation in mediating between surface syntax and underlying logic. For a pedagogical assistant, compiler-informed representations could serve as an analytical backbone for generating feedback that emphasizes logical equivalence, intent, and structure rather than syntax alone. This highlights a pathway for assistants to provide learners with meaningful insights into how their code maps onto computational processes, fostering deeper conceptual understanding. Szafraniec et al.’s contribution therefore illustrate the value of augmenting neural models with formal structures to enhance clarity and robustness, which are qualities essential for educational applications.
Le et al. [38] introduce CodeRL, a reinforcement learning framework that combines pretrained models with execution-based feedback to improve code generation. Their system demonstrates that grounding model behavior in execution results can substantially enhance problem-solving accuracy. From an educational standpoint, CodeRL raises both opportunities and challenges. On one hand, execution-driven feedback aligns closely with how learners test and debug their code, suggesting a natural fit for pedagogical scaffolding. On the other hand, its orientation toward maximizing correctness risks reinforcing solutionism rather than fostering process-oriented reasoning. For an assistant designed to avoid code generation, the insight from CodeRL lies in its methodology: execution traces and error states can be repurposed as sources of hints, explanations, and debugging prompts rather than final answers. In this way, reinforcement learning techniques that prioritize feedback over output can be adapted to support metacognitive growth, showing how even generative frameworks can be redirected toward reflective learning goals.
Husain et al. [39] present the CodeSearchNet challenge, a benchmark designed to evaluate code retrieval and natural language to code matching across diverse programming languages. Their work highlights the importance of retrieval-based evaluation, where the goal is to find semantically relevant code snippets rather than generate novel solutions. This approach offers a compelling parallel for educational assistants. By focusing on retrieval and explanation, assistants can provide learners with guidance that emphasizes similarity, precedent, and context without supplying executable code. CodeSearchNet also underscores the critical role of high-quality, multilingual datasets, which ensure that systems remain accessible and equitable across different programming communities. In educational contexts, such diversity is vital for supporting learners with varied linguistic and cultural backgrounds. Husain et al.’s benchmark thus not only contributes to technical progress but also provides conceptual tools for designing assistants that prioritize relevance and interpretability over automation.
Jain et al. [40] propose contrastive learning techniques for code representation, demonstrating that embedding models trained with contrastive objectives capture semantic relationships more effectively than purely generative approaches. Their results show improvements in downstream tasks such as code search, classification, and summarization, underscoring the potential of contrastive methods to enhance representational quality. For a pedagogical assistant, contrastive embeddings offer a means to identify conceptual similarities between learner code and canonical patterns, enabling feedback that highlights alignment or divergence without providing direct solutions. This reflects how human mentors often guide students by referencing comparable examples rather than rewriting code for them. Moreover, contrastive training can improve robustness to superficial variations, ensuring that feedback remains focused on underlying logic rather than surface errors. By reframing code understanding as a relational rather than generative task, Jain et al. provide an important methodological foundation for assistants designed to simulate team-like dialogue that emphasizes reasoning over answers.
Fried et al. [41] present InCoder, a generative model for code infilling that combines causal and masked language modeling to handle both sequential and bidirectional contexts. Their work demonstrates strong performance in completing partial code and providing flexible infilling across multiple languages. While such capabilities are valuable in development environments, their pedagogical implications are more complex. Automatic infilling risks short-circuiting the learning process if presented directly to students. However, InCoder’s architecture highlights the potential of hybrid modeling to balance context-sensitive reasoning with generative fluency. For an educational assistant, this dual capacity could be redirected toward explanation rather than completion: instead of filling gaps with code, the assistant might use similar techniques to fill gaps in reasoning, supplying narrative descriptions of what might logically follow from a given state. InCoder thus provides both a technical advance in code modeling and a cautionary lesson in how generative capacity must be carefully constrained to serve educational ends.
The literature reviewed demonstrates the breadth and depth of research converging on the intersection of large language models, programming education, and intelligent tutoring. Across technical innovations, from foundational architectures such as BERT [35] to domain-specialized models like CodeT5+ [14], WizardCoder [2], and StarCoder [3], a consistent theme emerges: while language models excel at generating functional code, their unrestrained deployment in educational contexts risks undermining the cultivation of reasoning, problem-solving, and independence. This tension is echoed in evaluation studies [7], productivity research [13], and pedagogical critiques [10], which collectively argue that the success of AI in learning environments cannot be judged by benchmark performance alone but must be grounded in human-centered outcomes such as trust, interpretability, and cognitive growth.
Several works further emphasize the necessity of methodological innovation to align AI systems with educational responsibility. Approaches such as reinforcement learning from human feedback [24], preference optimization [28], and hindsight alignment [36] show that it is possible to steer models toward reflective and collaborative behaviors. Complementary advances in OCR [12], syntax detection [18] [19], and retrieval-based code intelligence [39] reveal how technical scaffolding can support seamless interaction without resorting to direct solution provision. Together, these strands highlight that the pedagogical value of AI lies not in accelerating code production but in shaping the learner’s engagement with reasoning processes, much like a teammate guiding reflection during collaborative programming.
In sum, the literature points toward a paradigm in which AI assistants are designed less as generative engines and more as cognitive partners. Collaborators that foster independence by simulating the feedback, questioning, and scaffolding characteristic of effective team-based learning. For the present project, this synthesis affirms the central design choice to prohibit code generation, ensuring that the assistant remains a facilitator of understanding rather than a substitute for it. The reviewed works thus provide both the technical foundation and the pedagogical rationale for creating an AI system that balances technological sophistication with educational integrity.
[bookmark: _Toc208349525]4.0 Problem Statement
The accelerating development of large language models for code has created a paradox for computing education. On one hand, foundation models such as Code LLaMA [4], StarCoder [3], and Codex [16] demonstrate remarkable fluency in generating, completing, and refactoring code across multiple programming languages. These systems, building on the innovations in deep learning architectures like BERT [35] and specialized frameworks such as CodeT5+[14], have proven their ability to bridge natural language queries with executable software artifacts. On the other hand, this very capacity raises profound pedagogical risks. If learners can rely on generative tools to produce functional solutions, they may bypass the processes of reasoning, debugging, and conceptual understanding that constitute the core of programming education. The problem, therefore, is not whether LLMs can generate code, but whether they can be adapted to promote learning without undermining it.
Scholars in computing education and human-AI interaction have repeatedly warned of this tension. Prather et al. [10] highlight the “widening gap” that generative AI introduces: while some students use tools like GitHub Copilot to accelerate their learning, others develop dependency patterns that limit their skill growth. Similarly, Amoozadeh et al. [42] find that students often accept AI-suggested code uncritically, treating assistants as autocomplete engines rather than as opportunities for reflection. This study confirms that unrestrained code generation risks short-circuiting the very struggle through which learners internalize problem-solving strategies. Thus, while AI offers the promise of broader access to programming mentorship, its design must be carefully constrained to prevent substitution of reasoning with automation.
Evaluation research further reinforces this concern. Laskar et al. [7] demonstrate that most evaluation frameworks for LLMs remain narrowly focused on accuracy, benchmark performance, and syntactic validity. These metrics do not capture whether systems foster independence, trust, or transferable debugging skills which are the outcomes that are central to education. Jiang et al. [33] and Xu & Zhu [34] echo this limitation in their surveys, emphasizing that benchmarks such as HumanEval or MBPP are useful but insufficient when applied to pedagogy. The absence of learner-centric evaluative frameworks creates a blind spot in current AI development, where without new assessment methods, educational assistants risk being optimized for code correctness rather than cognitive growth. This gap directly motivates the need for an alternative paradigm. One where assistants are judged by their ability to scaffold understanding rather than output executable solutions.
The literature also indicates that while LLMs excel in fluency, they remain inconsistent in reasoning-intensive domains. Naveed et al. [8] observe that careful prompt engineering or external scaffolding is often required to guide models toward coherent reasoning, particularly in domains requiring systematic logic. Chen et al. [16] reveal similar findings in their evaluation of Codex, noting frequent logical inconsistencies and adversarial vulnerabilities. AlphaCode [17], despite achieving human-competitive results in programming contests, relies heavily on brute-force candidate generation strategies that diverge from human reasoning processes. These findings underline a critical point: raw performance in code generation does not equate to educational suitability. The emphasis on output fluency must be recalibrated into an emphasis on reasoning transparency, explanation, and collaborative dialogue if these systems are to serve as effective learning partners.
Another dimension of the problem concerns workflow integration and the simulation of teamwork. Ulfsnes et al. [11] demonstrate that generative AI reshapes collaboration in professional software teams, raising new issues around accountability and division of labor. In educational contexts, these same dynamics risk eroding mentorship and peer-to-peer learning if assistants act as silent solution providers rather than as interactive collaborators. An assistant that simulates the behaviors of a supportive teammate through questioning assumptions, pointing out errors, and encouraging reflection, would more closely align with the social practices of programming education. The literature consistently shows that AI is most effective when embedded in feedback-rich contexts where humans remain active decision-makers [11], a lesson highly relevant for pedagogical design.
At a technical level, the problem is further complicated by the challenge of accurately capturing and interpreting learner-written code. For assistants designed to analyze code from the user’s screen, reliable optical character recognition is essential. Zacharias et al. [12] review state-of-the-art OCR techniques, highlighting how noisy environments, irregular fonts, and complex layouts continue to challenge accuracy. Complementary tools like Pygments [18] and Guesslang [19] are required to identify syntax and programming languages, ensuring that extracted text is contextualized before feedback is generated. Without robust preprocessing pipelines, assistants risk misinterpreting learner input and delivering misleading or frustrating guidance. These technical barriers underscore the need for carefully designed, open-source, and reproducible workflows that minimize user friction while maintaining accuracy.
Beyond technical concerns, the problem statement is sharpened by broader economic and ethical perspectives. Manning et al. [32] argue that AI adoption in skilled domains such as software development risks displacing human expertise unless systems are designed for complementarity. If educational contexts embrace tools that substitute for reasoning, the long-term effect may be a workforce less prepared to engage in creative problem-solving. This reinforces the project’s premise that the assistant must act as a collaborator, not a replacement, ensuring that learners build durable skills rather than outsource them. Ethical issues raised by Naveed et al. [8] and StarCoder’s emphasis on transparency [3] further support this view, as trust and openness are essential in educational environments where academic integrity and equity are paramount.
The gap in current research and practice is therefore clear. Existing LLM-powered tools are overwhelmingly optimized for productivity, automation, and benchmark performance. Few, if any, are designed to explicitly avoid code generation while still supporting learners. Yet the reviewed literature consistently indicates that unrestrained generation undermines reasoning, exacerbates inequities, and risks dependency [10] [36]. At the same time, studies show that explanation, retrieval, and contrastive representation learning [40] provide viable alternatives for supporting understanding without outputting solutions. Similarly, instruction-tuning methods such as reinforcement learning from human feedback [24], preference optimization [28], and hindsight alignment [36] demonstrate that AI systems can be steered toward collaborative, and reflective behaviors. These findings collectively justify the need for a new kind of assistant — one that enforces refusal to generate code yet actively scaffolds the learner’s reasoning.

In summary, the problem addressed by this project lies at the intersection of technical capability and pedagogical responsibility. Large language models have reached a level of fluency and contextual awareness that makes them powerful collaborators, but their potential in education remains undercut by risks of over-automation and dependency. Current evaluation practices, workflow integrations, and technical pipelines are not sufficient to ensure that these tools foster independence, reflection, and collaborative learning. Therefore, there is a pressing need to design an assistant that leverages the explanatory and analytical strengths of LLMs while explicitly prohibiting code generation. By simulating the role of a teammate in a programming environment, such an assistant can address the limitations identified in the literature, offering a pathway to align technological progress with educational integrity.
[bookmark: _Toc208349526]5.0 Methodology
The methodology of this project was designed to support the development of an AI-driven software assistant that provides programmers with actionable, reflective feedback while deliberately avoiding the direct provision of code. The rationale behind this design is rooted in the recognition that existing AI tools, while powerful, often foster dependency rather than independence. By shifting the focus from automatic code generation to feedback that encourages critical engagement, the system was intended to operate more as a collaborative partner than as a surrogate programmer. This section outlines how the project was conceived, implemented, and refined, drawing upon principles of design science research and building upon existing advances in optical character recognition, natural language processing, and large language models.
At the philosophical level, the study is grounded in a positivist orientation. The problems of over-reliance on AI-generated code and the lack of tools that promote learning rather than automation are observable phenomena that can be addressed through empirical experimentation. By adopting this stance, the project treated its central question and focus as one that could be measured and evaluated through systematic testing. A deductive approach underpinned this process, beginning with the existing theory that code-completion tools foster dependence, and developing a tool to address that issue directly. This also shaped the hypothesis that a system combining OCR, programming language classification, and constrained LLM outputs could help users understand their code without simply fixing it for them.
The methodology followed the logic of design science research, in which the central outcome is an artifact produced through iterative cycles of design, implementation, and evaluation. Rather than purely theorising about how such a system might function, the research advanced through the construction and testing of prototypes, each stage yielding practical insights that informed refinements. This iterative character is visible in the evolution of the OCR component. The project began by experimenting with Tesseract, a widely used open-source OCR engine. Tesseract’s popularity, lightweight design, and accessibility made it a natural first choice, especially given the project’s commitment to reproducibility and open-source tools. However, experimentation revealed significant weaknesses when applied to programming text. Fonts with unusual kerning or colour contrasts led to frequent misclassification, symbols such as colons and braces were often omitted, and characters like “i”, “1”, and “l” were routinely confused. These errors were not trivial, since code is highly sensitive to even single-character mistakes. Although preprocessing techniques such as converting screenshots to greyscale improved results somewhat, Tesseract consistently produced noisy outputs that undermined subsequent steps.
Recognising these limitations, the project transitioned to EasyOCR, a deep learning-based OCR library built with PyTorch. Unlike Tesseract’s rule-based architecture, EasyOCR leverages trained neural networks to recognise a wide variety of characters and languages. In practice, this proved significantly more reliable for programming text, even when dealing with non-standard IDE themes or varying resolutions. Errors still occurred more than it was desired, but they were still far less frequent and less disruptive than the errors generated under Tesseract. By reducing noise at the earliest stage of the pipeline, EasyOCR laid the foundation for more effective feedback downstream. This transition also exemplifies the project’s iterative methodology, where decisions were not predetermined but emerged from empirical comparison and evaluation.
Once text was extracted, the next challenge was determining whether it represented code, and if so, which language. This step was necessary because the assistant was intended to be context-aware. Feedback about variable naming, indentation, or error handling depends heavily on the conventions of a given language. To achieve this, the project initially employed language classification tools such as Pygments, an open-source syntax highlighter that can infer language from textual patterns. By integrating OCR outputs with Pygments, the system could automatically classify code snippets and adapt the subsequent LLM prompts accordingly. This step was only tested with the noisy Tesseract outputs as when EasyOCR was introduced, Pygments was phased out, and language recognition could be handled largely by the AI models powering the application, considering that with less noise they were much more reliable when it came to language recognition. Although, a manual language input from the user was made optional, just in case the program struggles. Nevertheless, the results confirmed that higher OCR accuracy directly improved classification rates. For instance, Python code misread by Tesseract as lacking colons was sometimes misclassified as pseudocode, whereas EasyOCR preserved the structural cues necessary for correct identification. This demonstrated the cascading effect of early-stage decisions and how accuracy at the OCR level had a measurable impact on the performance of later stages.
The extracted and classified text then required preprocessing before being passed to the LLM. This stage was crucial, as raw OCR outputs often contained artifacts such as duplicated whitespace, line merging, or segmentation errors. The preprocessing pipeline normalised these outputs, repairing obvious issues and structuring them in a way more amenable to analysis. A key technique used here was chunking, by dividing large code excerpts into smaller sections. This served several purposes. First, it prevented exceeding the input limitations of the LLM, which cannot process arbitrarily long text. Second, it enabled more granular analysis, with the LLM able to focus on smaller units of code at a time. Third, it created the possibility of parallelisation in future work, where multiple chunks could be processed simultaneously. After analysis, the outputs from individual chunks were recombined into a coherent feedback report for the user. The chunking mechanism required experimentation to balance granularity with coherence. Too small and the context was lost, too large and performance degraded.
At the center of the system was the large language model, which was tasked with generating feedback. While tools such as OpenAI’s ChatGPT were initially considered for this role, practical constraints made them unsuitable. Free versions imposed usage limits, while paid access was deemed outside the scope of this project’s reproducibility goals. Furthermore, outsourcing OCR or feedback generation to proprietary APIs risked undermining the open-access ethos that underpins the work. As a result, the project turned to open-source models, particularly Code LLaMA, which is fine-tuned on programming languages. Code LLaMA provided strong performance in recognising patterns and reasoning about code, but its use required careful constraint to ensure it did not simply output code snippets. This was achieved through prompt engineering, where the model was instructed to avoid direct fixes and instead produce descriptive, actionable feedback. For example, rather than rewriting a faulty loop, the model would highlight that the loop structure was inefficient and suggest reconsidering how termination conditions were checked. Iterative testing was crucial here, as early prompts often resulted in the model attempting to “helpfully” supply code. Through successive refinements, prompts were developed that maintained the model’s analytical capabilities while mostly suppressing its generative tendencies. That being said, after careful prompt engineering it would sometimes still fail to comply with the “no code” rule, however after testing other models, like LLaMA2 and LLaMA3, they seemed slightly less keen to provide code if the prompt specified its avoidance, which was presumably because unlike CodeLLaMA, they were not designed specifically for programming tasks.
The evaluation of the system combined both quantitative and qualitative elements. Quantitatively, performance metrics such as runtime, and memory usage were recorded. These provided objective measures of efficiency and reliability, ensuring that the tool was not only functional but also practical to use. Qualitatively, the focus was on the clarity and usefulness of the feedback. Since the system’s educational value depended on its ability to communicate effectively, outputs were reviewed for actionability, adherence to the no-code policy, and encouragement of reflection. Failures, such as outputs that included code snippets or that were too vague to be useful, were documented and used to refine the system further. This mixed-method evaluation reflects the methodological choice for this project: a blend of objective performance analysis with subjective assessment of readability and interpretability. 
The final component of the methodology concerned the user interface. A graphical user interface was developed to make the tool accessible and intuitive. Developed using the tkinter library, and while simple in design, the GUI allowed users to manually decide when to take screenshots, process them, and receive feedback without needing to interact directly with the underlying codebase. This was important not only for usability but also for aligning with the project’s pedagogical goals. If the interface had been overly complex, users would have spent more effort managing the tool than engaging with their own code. Testing of the GUI focused on responsiveness, error handling, and user experience. Errors were inevitable, particularly when OCR struggled with unusual inputs, but the GUI was designed to communicate these issues clearly rather than failing silently. This transparency further reinforced the collaborative ethos of the tool, positioning it as a partner that explains its limitations rather than an oracle that must be trusted blindly.
Throughout the methodology, an emphasis was placed on reproducibility. Every major tool employed throughout the process was open-source and freely available. This ensures that others can replicate the work without encountering paywalls or proprietary restrictions. The choice of open-source tools was not only practical but also ethical, reflecting a commitment to accessibility and community-driven improvement. By documenting each stage of the pipeline and the challenges encountered, the project contributes not only a working proof of concept but also a framework others can adapt or extend.
Overall, the methodology reflects the guiding principles of design science, which are, iterative development, empirical evaluation, and practical problem-solving. Starting from the recognition of a real-world challenge, the project advanced through cycles of design, testing, and refinement to produce a working prototype that addresses this problem in a novel way. OCR engines were compared and selected based on empirical performance, preprocessing pipelines were constructed to manage the quirks of OCR outputs, LLMs were constrained to encourage reflective feedback, and a GUI was built to ensure accessibility. Each stage informed the next, and failures were as instructive as successes. The result is not just a piece of software but a demonstration of how AI can be reoriented from an automation-first paradigm to one that prioritises collaboration, learning, and independence.

[bookmark: _Toc208349527]6.0 Experiments
The experimental phase of this project was designed to evaluate both the individual components of the system and the overall integration of the pipeline. Each experiment was intended to answer a clear research question, and together they provided a comprehensive picture of the tool’s technical feasibility and educational value. Rather than treating these experiments as isolated, they were conceived as interconnected layers of assessment, beginning with the performance of OCR engines, progressing through the system’s ability to generate consistent outputs, moving to classification of programming languages, measuring computational efficiency, evaluating the usability of the graphical interface, and finally testing the pipeline as a whole. In this way, the design of the experiments mirrored the layered architecture of the software itself.

[bookmark: _Toc208349528]6.1 Experiment 1: Tesseract + Pygments vs EasyOCR
The first experiment addressed the fundamental question of which OCR engine would provide the most accurate and useful input for the pipeline. Tesseract, as the most common open-source OCR tool, was initially paired with Pygments, a syntax highlighting library, to aid in programming language identification. EasyOCR, a deep learning-based alternative, was then tested as a replacement.

[bookmark: _Toc208349529]6.1.1 Methodology
· A mixed set of representative screenshots containing code in different programming languages was prepared. Most of the screenshots were taken from one of my own passion projects, while a couple others were taken from other sources, such as:
· Reddit
· Github
· Stack Overflow
· Each screenshot was passed through Tesseract and EasyOCR
· The outputs were evaluated along three dimensions:
· Character-level accuracy - Frequency of substitutions, omissions, or insertions
· Syntax preservation - Whether structural elements such as indentation and brackets were retained
· Downstream compatibility - Whether the text was usable for subsequent programming language identification and LLM feedback

[bookmark: _Toc208349530]6.1.2 Purpose
This experiment aimed to determine whether the higher computational demands of EasyOCR were justified by tangible improvements in recognition quality. Given the project’s reliance on accurate text for downstream tasks, the OCR component was a critical bottleneck.

[bookmark: _Toc208349531]6.2 Experiment 2: Presence vs Absence of Outputs
The second experiment focused on measuring the robustness of the pipeline in producing outputs. Since the system is intended for end-user interaction, consistency is as important as accuracy. This is because a system that fails intermittently undermines trust and usability.

[bookmark: _Toc208349532]6.2.1 Methodology
· A corpus of code samples of varying lengths and complexity was prepared
· Each sample was passed through the pipeline multiple times
· For each run, it was recorded whether the system successfully produced feedback or whether the process failed

[bookmark: _Toc208349533]6.2.2 Purpose
The aim was to quantify the system’s output success rate. This provided insight into the reliability of the system under different conditions and informed refinements to error handling mechanisms.

[bookmark: _Toc208349534]6.3 Experiment 3: Programming Language Identification
An important intermediate step in the pipeline is correctly identifying the programming language of the input code. Accurate identification is essential because it shapes the feedback: for instance, advice for Python differs substantially from advice for Java.

[bookmark: _Toc208349535]6.3.1 Methodology
· Screenshots containing code in several programming languages were processed using EasyOCR
· The rate of correct identifications was measured and compared between the two OCR engines

[bookmark: _Toc208349536]6.3.2 Purpose
This experiment tested not only OCR accuracy but also the semantic integrity of the recognized text. A system that consistently misidentifies programming languages would fail to provide relevant feedback, undermining its educational purpose.

[bookmark: _Toc208349537]6.4 Experiment 4: Computational Performance
While accuracy is vital, computational efficiency also determines the practicality of the system. A tool that takes excessive time to process a screenshot or requires prohibitively high resources may not be viable for everyday use.

[bookmark: _Toc208349538]6.4.1 Methodology
· The same set of screenshots was processed using EasyOCR, with runtime and resource usage measured for each
· Metrics included average processing time per screenshot and memory consumption
· Measurements were repeated under varying system loads to simulate realistic conditions.

[bookmark: _Toc208349539]6.4.2 Purpose
This experiment quantified the trade-off between accuracy and efficiency. While EasyOCR is expected to be more computationally demanding due to its deep learning backbone, the question was whether the performance overhead was acceptable for an interactive tool.

[bookmark: _Toc208349540]6.5 Experiment 5: Graphical User Interface Testing
Since the tool includes a GUI for interaction, usability testing formed an essential part of the experiments. Even if the backend functions reliably, the front-end must be intuitive and stable for the tool to achieve its aims.
[bookmark: _Toc208349541]6.5.1 Methodology
· The GUI was tested across multiple scenarios: selecting screenshots, processing them, and displaying feedback.
· Tests focused on responsiveness, error handling (e.g., when invalid inputs were provided), and consistency of user experience.
· Additional attention was given to whether the GUI effectively communicated errors and guided users toward corrective action.

[bookmark: _Toc208349542]6.5.2 Purpose
The GUI testing ensured that the system was usable in practice, not just in theory. This aligned with the educational aim of, if the interface frustrated or confused users, the pedagogical value of the feedback would be diminished.

[bookmark: _Toc208349543]6.6 Experiment 6: Full Pipeline Success Rate
Having evaluated individual components, the next step was to test the end-to-end performance of the full pipeline. This experiment assessed whether screenshots could be transformed into feedback consistently and effectively.

[bookmark: _Toc208349544]6.6.1 Methodology
· A range of screenshots, varying in programming language, code length, and visual presentation, were passed through the entire pipeline.
· Success was defined as the system producing coherent, actionable feedback that adhered to the no-code constraint.
· Failures were categorized (e.g., OCR errors leading to unreadable input, LLM generating invalid outputs, or system crashes).

[bookmark: _Toc208349545]6.6.2 Purpose
The goal was to measure the system’s holistic reliability. Unlike earlier experiments focused on isolated tasks, this test captured the integration of all components, reflecting the actual user experience.

[bookmark: _Toc208349546]6.7 Experimental Design Rationale
Across all six experiments, the design reflected consistent logic, which was moving from component-level evaluation toward pipeline-level evaluation. This layered approach provided a comprehensive understanding of how each part of the system contributed to the whole. Moreover, the experiments were deliberately structured to reflect the dual aims of the project, both the technical feasibility and pedagogical alignment. For instance, measuring whether outputs adhered to the no-code policy was as important as measuring runtime or recognition accuracy, since educational value was central to the research question.
In conclusion, the experiments formed the empirical backbone of the project’s methodology. Each was designed to illuminate a particular aspect of the system, but together they provided the evidence needed to refine the design in meaningful ways. OCR comparisons clarified the choice of EasyOCR over Tesseract. Output presence testing and pipeline success rates revealed the conditions for reliability. Language classification experiments confirmed the importance of clean OCR outputs for semantic accuracy. Computational tests quantified the trade-offs between speed and accuracy. GUI testing ensured that the software could be realistically deployed for user interaction. Finally, a full pipeline evaluation showed how the pieces fit together in practice. Through this structured but iterative set of experiments, the project was able to validate its methodological choices and demonstrate the feasibility of its central aim to create an AI-powered assistant that supports programmers through collaborative, educational feedback rather than ready-to-go solutions.

[bookmark: _Toc208349547]7.0 Results
[bookmark: _Toc208349548]7.1 Tesseract + Pygments vs EasyOCR Testing Results
The first set of tests was designed to compare the outputs of Tesseract and EasyOCR as the OCR backbone for the pipeline. Results were analysed in terms of three key criteria: character-level accuracy, syntax preservation, and downstream compatibility.
At the character level, Tesseract produced a noticeably higher rate of substitutions, omissions, and insertions than EasyOCR. Common confusions included mistaking the letter “i” for the digit “1” and failing to recognise colons, semicolons, or braces that are critical to syntactic structure in languages such as Python, C, and Java. EasyOCR, by contrast, was more consistent in preserving these characters, though it was not error-free. For example, EasyOCR occasionally misread small fonts or unusual ligatures, but the frequency of such errors was substantially lower than Tesseract.
For the purpose of analysis, screenshots showing similarly sized chunks of code were analyzed with both the Tesseract OCR system and EasyOCR. Although, because the screenshots were taken from different sources, it meant that the level of noise in the screenshots also differed. However, after analysis, below are the average values from ten different code examples:

	OCR Method
	Avg. Character Accuracy (%) 
	Avg. Substitution Errors
	Avg. Omission Errors
	Avg. Insertion Error

	Tesseract
	69%
	86
	93
	0

	EasyOCR
	81%
	47
	42
	12


[bookmark: _Toc208349579]Table 1: OCR Error Rates

Beyond raw accuracy, syntax preservation revealed stark contrasts. Tesseract often failed to maintain indentation in many cases, which fundamentally alters the meaning of code in languages such as Python and would compromise any subsequent feedback. Missing braces in C or Java similarly reduced the integrity of outputs. EasyOCR performed better, retaining most structural elements with minimal distortion.
The third dimension, downstream compatibility, linked OCR accuracy directly to later stages of the pipeline. With Tesseract outputs, Pygments often misclassified languages due to missing syntactic cues, such as Python code being labelled as pseudocode. EasyOCR outputs, on the other hand, enabled correct classification more consistently and resulted in more coherent LLM feedback. The improvements in downstream compatibility underscored the cascading importance of the OCR choice.
Overall, the results of the first set of tests justified the additional computational cost of EasyOCR. While Tesseract was faster and lighter, its outputs introduced significant noise that propagated through the system. EasyOCR, though slower, provided a foundation that made the pipeline usable for its intended pedagogical purpose.

[bookmark: _Toc208349549]7.2 Presence vs Absence of Outputs Testing Results
The second set of tests addressed a different dimension of performance: robustness. The aim was to measure how consistently the pipeline produced any output at all when given screenshots of code. A system that fails intermittently erodes user trust, regardless of how accurate the outputs are when they do succeed.
The test corpus included code samples of varying length, complexity, and visual presentation. Each sample was processed multiple times, and for each run, the outcome was recorded as either success or failure. 
Due to the design of the application, the tests proved that the application would always produce some form of output, even if it was not code free. Although, one issue that seemed to be prevalent throughout the testing is that there were feedback points that were not always necessary. For example, sometimes the assistant would comment on how function or variable names could be more descriptive, and although this was a valuable point in some code screenshots, that was not always the case.
From a pedagogical perspective, the most significant finding was that when outputs were produced, they adhered to the no-code policy in most cases and offered actionable feedback. In fact, around 85% of the feedback received from CodeLLaMA was code free. However, this varied slightly depending on which models were used for the testing. For example, when testing the LLaMA2 and LLaMA3 models, it seemed that they tended to provide a higher frequency of code free outputs, which was presumed to be because of the specialized nature of CodeLLaMA, although, it was difficult to tell as the actual difference in code free outputs between the models was small, which means this could also be simply attributed to the sample size, as a higher sample size could have yielded more reliable results.
	Model
	Avg. Code Free Feedback (%) 

	CodeLLaMA
	82%

	LLaMA2
	86%

	LLaMA3
	98%


[bookmark: _Toc208349580]Table 2: LLM Response Compliance Rates
[bookmark: _Toc208349550]7.3 Programming Language Identification Testing Results
The third set of tests evaluated how effectively the system could identify the programming language of input code once it had been processed through OCR. Language identification was a critical step because the relevance of LLM-generated feedback depended heavily on recognising the conventions of the correct language. Advice about indentation in Python, for example, is not meaningful in C++ or Java, where indentation is largely stylistic rather than syntactically mandatory.
The bulk of tests contained screenshots representing a balanced mix of languages, including Python, Java, C++, HTML and Ruby. Each image was processed by EasyOCR and CodeLLaMA. The overall classification accuracy was mostly good. Easily identifiable languages such as HTML, Java and Python were recognized every time they were presented, albeit with some uncertainty at times, as the output would sometimes contain keywords such as “likely”, or even explicitly say that it was difficult to tell. Nevertheless, it still identified most of the screenshots correctly. The only languages out of the five where it showed some signs of struggle were Ruby which was mistaken for Python, and C++ which was mistaken for C#.

	[bookmark: _Hlk208282153]Language
	Number of Samples
	EasyOCR Correct Identification %

	Python
	10
	100%

	Java
	10
	100%

	C++
	10
	90%

	HTML
	10
	100%

	Ruby
	10
	80%

	Total
	50
	94%


[bookmark: _Toc208349581]Table 3: Correct Language Identification Rates
From a pedagogical standpoint, these findings emphasised the importance of reliable OCR and classification. Misclassified languages not only reduced the accuracy of technical feedback but also risked confusing learners by suggesting corrections based on entirely different paradigms. EasyOCR and CodeLLaMA mitigated these risks, having very few misclassifications and therefore producing coherent guidance overall.
The key outcome of the third set of tests was confirmation that EasyOCR offered not only high raw accuracy but also good semantic alignment between input and output. Furthermore, it also confirmed that although the software offers the option to manually specify which programming language it will be analysing, CodeLLaMA was mostly capable of performing that task independently. By preserving critical syntactic cues, EasyOCR and CodeLLaMA enabled consistent language identification, thereby increasing the reliability of downstream LLM-generated feedback.

[bookmark: _Toc208349551]7.4 Computational Performance Testing Results
The fourth set of tests evaluated the computational performance of the various large language models integrated into the application. Unlike earlier tests on OCR efficiency, this experiment focused on runtime, resource usage, and system responsiveness, which are all critical factors for an interactive assistant, though accuracy remained the ultimate priority.
The tested models spanned sizes and generations: CodeLLaMA at 7B and 13B, LLaMA2 at 7B and 13B, and LLaMA3 8B. All were deployed locally via Ollama, which provided a unified interface for model loading, quantisation, and inference. It was expected that larger models would consume more resources, while LLaMA3 might show improved efficiency. Surprisingly, all models exhibited nearly identical runtime and resource usage.
This convergence could be explained by several factors. Ollama’s quantisation reduced memory demands across models, and its server-side resource management standardised workloads, flattening performance differences. Additionally, LLaMA3’s architectural improvements allowed it to maintain throughput comparable to smaller models without extra resources. From a user perspective, this means model choice can prioritise feedback quality over performance. While larger models occasionally provided more nuanced outputs, all models were broadly usable on typical hardware.

[bookmark: _Toc208349552]7.5 Graphical User Interface Testing Results
The fifth set of tests evaluated the performance and usability of the graphical user interface, which represented the user-facing layer of the system. While the backend determined the accuracy and efficiency of feedback generation, the GUI shaped the overall user experience. A technically sound backend would have limited value if the interface frustrated users or obscured the purpose of the tool.
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[bookmark: _Toc208349570]Figure 1: Application GUI
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[bookmark: _Toc208349571]Figure 2: Application GUI with Output
Testing involved scenarios such as selecting when to begin taking screenshots, processing them, and receiving feedback. Results were recorded in terms of responsiveness, error handling, and user experience. The interactions proceeded smoothly as the GUI was very simplistic, therefore selecting the desired models was reliable, and feedback was displayed consistently in the output window. Processing delays, tied primarily to EasyOCR’s runtimes, were visible but did not freeze the interface, which remained responsive throughout.
Edge case handling proved effective as well, for example when invalid inputs were provided in the user input box, such as gibberish, the software proceeded as normal and still managed to detect the correct programming language, instead of failing silently. Similarly, when OCR failed to extract text, the interface communicated that no usable code had been detected. However, testing did reveal areas for improvement, for example error messages were often generic and did not always specify the precise reason for failure. Adding more detailed error messages would allow users to troubleshoot issues independently.
As for usability, the GUI was intuitive overall as users can complete the basic workflow with little or no instruction, which aligned with the project’s educational goals. A few areas for refinement were identified, including the need for a progress indicator during OCR processing and optional advanced settings for experienced users.
The results of these tests as a whole showed that the GUI was fit for purpose as a proof-of-concept. While not polished at a commercial level, it was stable, accessible, and did not distract from the educational aims of the system.

[bookmark: _Toc208349553]7.6 Full Pipeline Success Rate Testing Results
The sixth and final set of tests assessed the performance of the pipeline as a whole. Unlike earlier experiments that focused on individual components, this test measured whether screenshots could be reliably transformed into coherent, actionable, and code-free feedback. Success depended on the smooth integration of OCR, programming language identification, LLM processing, and the GUI.
A mixed set of screenshots was used, ranging from simple Python snippets to more complex multi-language samples. Each was classified as either success (meaningful feedback returned) or failure (no useful output). Failures were further categorised into OCR errors, LLM errors, or GUI issues.
Results showed that the pipeline worked reliably for most straightforward inputs, with simple and medium-sized samples achieving relatively high success rates. However, the more complex inputs exposed limitations of the current system, those being that even though text was extracted from the screen, the language classification aspect of the software completely failed when there were more than one languages present on screen. Whenever that were the case, the software would only identify one of the languages, and then gave feedback based on that one language, which of course makes it redundant as the feedback may not necessarily apply to the other language.
	Sample Type
	Trials
	OCR Failures
	LLM Failures
	GUI Failures
	Success Rate (%)

	Python
	10
	0
	2
	0
	80%

	Java
	10
	0
	3
	0
	70%

	Mixed Code
	10
	0
	10
	0
	0%

	Overall
	30
	0
	15
	0
	50%


[bookmark: _Toc208349582]Table 4: Full Pipeline Testing Results
Qualitatively, most outputs adhered to the no-code policy and provided actionable guidance on structure, style, or debugging. The failures that occurred were typically either due to the few outputs that didn’t adhere to the no-code policy, or due to the aforementioned issue with having multiple languages on screen, in some cases for the mixed code samples, it was both.
Overall, the results confirmed that the pipeline functioned well under most conditions. While the complex samples revealed major areas for refinement, the system usually delivered its intended educational feedback, validating the feasibility of the integrated design.

[bookmark: _Toc208349554]8.0 Discussion
The aim of this project was 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. The results confirmed that such a system is technically achievable and pedagogically valuable, but they also revealed clear limitations. As a proof of concept, the application successfully demonstrated the potential of this approach, while making it equally clear that significant refinements would be required for real-world adoption.
At first glance, creating an AI tool to teach users not to depend on AI may appear counterproductive. However, there is an important distinction between relying on AI to complete work on one’s behalf and using AI as a means of self-betterment and personal growth. This project highlights this difference by acting as a reflective partner, prompting users to think critically and refine their own reasoning rather than supplying ready-made solutions. In this way, AI is repositioned from a tool of dependency to a catalyst for independent learning.

[bookmark: _Toc208349555]8.1 Strengths of the Assistant
One of the most significant achievements of this project lies in showing that AI can be directed away from simply generating code and toward fostering user independence. The majority of outputs adhered to the no-code policy and instead offered actionable suggestions about readability, structure, and debugging. This directly supports the educational aim of encouraging critical reflection rather than reliance on automation.
Another strength is the choice to build entirely on open-source tools. By using EasyOCR, Tesseract, Pygments, and LLaMA-family models through Ollama, the project ensured that it can be reproduced and extended by others without requiring costly subscriptions or proprietary services. This openness is especially important in the educational space, where affordability and accessibility are often key barriers to adoption.
The layered experimental design also provided a rigorous understanding of the system’s behaviour. Each stage was tested both individually and in integration. This offered clear evidence of where the system performed well and where weaknesses emerged.

[bookmark: _Toc208349556]8.2 Limitations and Challenges
Despite these strengths, it must be emphasised that the software is still a proof of concept and far from polished. Several limitations were observed during testing and development.
First, the reliability of OCR, while significantly improved with EasyOCR, was still imperfect. Small misreads occasionally cascaded into misclassification and reduced feedback quality. For short or simple samples this wasn’t as big of an issue, but complex inputs revealed fragility in the pipeline.
Second, while the GUI was stable and accessible, it remained basic. Features such as more detailed error messages, progress indicators, and advanced configuration options were not implemented. For real-world use, these refinements would be necessary to make the tool more user-friendly and scalable.
Third, although the experiments showed that LLaMA-family models could be run with relatively consistent performance under Ollama, this flattened view of computational performance limits fine-grained optimisation. In practice, larger models may still impose higher resource costs in certain environments, particularly on less powerful machines. Furthermore, testing also showed that responses and their formats needed further adjustments and tuning.
Finally, as a proof of concept, the evaluation was constrained by limited testing time and sample size. While results suggested promising pedagogical alignment, broader trials with more diverse inputs and real learners would be required to validate the system’s effectiveness beyond controlled experiments.

[bookmark: _Toc208349557]8.3 Pros and Cons of the Concept
Applications of this nature present both exciting opportunities and potential drawbacks.
Pros:
· Encourages independence by avoiding spoonfeeding code
· Supports learning by focusing on conceptual understanding and debugging strategies, as well as by fostering computational thinking
· It is reproducible and accessible due to its reliance on open-source tools
· Can be integrated into educational workflows as reflective assistants rather than automated coders
Cons:
· Risk of frustration when feedback is vague, especially for beginners who may need more concrete guidance
· Dependence on OCR quality introduces fragility, particularly with complex or messy inputs
· Requires careful design of constraints, which can occasionally fail
· At their current level of development, they lack the polish, scalability, and reliability of commercial systems
This balance underscores why the project should be understood as a demonstration of potential rather than a finished product.

[bookmark: _Toc208349558]8.4 Project Timeline

The project followed a structured timeline from initial planning through implementation, testing, and reporting. The Gantt charts summarise the major milestones, including literature review, methodology design, software implementation, iterative testing, and results analysis.

[bookmark: _Toc197021052][bookmark: _Toc208349559]8.4.1 Initial Presentation Timeline Gantt Chart
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[bookmark: _Toc208349572]Figure 3: Initial Presentation Timeline Gantt Chart
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[bookmark: _Toc208349573]Figure 4: Project Proposal Timeline Gantt Chart
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[bookmark: _Toc208349574]Figure 5: Project Report Timeline Gantt Chart
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[bookmark: _Toc208349575]Figure 6: Planning Stage Timeline Gantt Chart
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[bookmark: _Toc208349576]Figure 7: Programming Stage Timeline Gantt Chart
[bookmark: _Toc197021057][bookmark: _Toc208349564]8.4.6 Testing Stage Timeline Gantt Chart
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[bookmark: _Toc208349577]Figure 8: Testing Stage Timeline Gantt Chart
[bookmark: _Toc208349565]8.5 Project Organisation
To maintain organisation and ensure tasks were completed systematically, a Kanban board was employed. This approach provided visibility into ongoing, completed, and pending tasks, helping to track progress and prioritise work efficiently.
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[bookmark: _Toc208349578]Figure 9: Project Kanban Board
[bookmark: _Toc208349566]8.6 Discussion Summary
In summary, the project demonstrated the feasibility of building an AI-powered assistant that encourages independence rather than reliance. It highlighted both the promise and the limitations of such tools, confirming their potential as educational aids while making clear that further refinement is required for practical deployment. As a proof of concept, the application achieved its central aim of exploring a new way to align AI with learning goals, setting the stage for future iterations that could build on this foundation.

[bookmark: _Toc208349567]9.0 Conclusion
This project set out to design and implement an AI-powered tool capable of providing actionable feedback on code while avoiding the pitfalls of spoonfeeding users with complete solutions. The central aim was not to create a fully polished application, but rather to demonstrate the feasibility of such an approach as a proof of concept. Through the design, implementation, and evaluation of the system, this aim has been achieved.
The system successfully integrated several key components, such as OCR for extracting code from screenshots, programming language identification, large language models for generating reflective feedback, and a graphical user interface for user interaction, into a working pipeline. The experimental results confirmed that the pipeline could, in most cases, produce meaningful and code-free feedback that supported user reflection and problem-solving. These findings highlight that AI can be repositioned from a tool of dependency into one of self-betterment and growth.
At the same time, the project also revealed clear limitations. OCR accuracy, while improved with EasyOCR, remained a bottleneck in some cases, with small misreads cascading into reduced feedback quality. The GUI, though functional, was basic and would benefit from refinements such as clearer error reporting and progress indicators. Output quality was also somewhat inconsistent, with occasional verbosity or irrelevant suggestions. These limitations emphasise that the software remains in the proof-of-concept stage, and further development would be required to transform it into a deployable product.
Despite these challenges, the project has demonstrated the viability of an educational AI assistant designed to encourage independence rather than reliance. By adhering to the no-code policy and focusing on actionable feedback, the tool represents a new way of aligning AI with learning goals. In doing so, it contributes to broader discussions on how AI should be applied in education, not as a replacement for human reasoning, but as a catalyst for critical thinking and deeper understanding.
Future work could build upon this foundation by refining the OCR pipeline, testing more advanced multimodal models, improving the GUI, and incorporating metrics for measuring user understanding. With such refinements, the tool could evolve into a valuable educational resource, capable of supporting learners at multiple stages of their programming journey.
In conclusion, the project has achieved its primary objective of demonstrating a proof of concept. It highlights both the opportunities and challenges of using AI in a way that promotes independence, offering a strong starting point for further innovation in AI-assisted learning.

[bookmark: _Toc208349568]10.0 Recommendations
The software developed in this project should be understood as a proof of concept rather than a finished product, and there are several directions in which it could be improved. At the most general level, further work should focus on making the system more streamlined, user-friendly, and robust, so that it transitions from an experimental prototype into a reliable educational tool.
A key recommendation is to expand experimentation with alternative large language models. In this study, the use of LLaMA-family models was prioritised because they are open-source and accessible, which ensured that the project remained free to reproduce and improve upon. However, testing other LLMs, such as those offered by OpenAI or HuggingFace, could provide broader insight into performance trade-offs and potentially improve output quality. The limitation here is largely financial, as these models often require paid subscriptions or API credits, which was outside the scope of this project. Nevertheless, future work could explore these options to benchmark the software against a wider range of models.
Another avenue for improvement involves incorporating evaluation metrics that go beyond system performance to measure user understanding and cognitive growth. One possibility would be to integrate simple reflection prompts, asking users to comment on whether they understood the feedback or felt more confident in addressing their problem. Another would be to track patterns of usage, such as whether the same mistakes are repeated over time, or whether users struggle predominantly with basic versus complex concepts. These insights could guide the software to adapt its feedback, for example, by offering more detailed explanations of fundamental ideas if it detects persistent gaps in understanding, thereby avoiding the “waterfall effect” where a weak grasp of basics leads to larger difficulties later.
Looking ahead, there is also strong potential in making use of new multimodal models such as LLaMA4, which supports both text and image input. This could allow the application to bypass text extraction entirely, feeding raw screenshots directly to the model. Early versions of multimodal LLaMA variants, such as LLaMA3.2-Vision and LLaVA-LLaMA3, have already demonstrated this capability, but LLaMA4 promises to offer significantly greater power and flexibility. For example, its lighter configuration, LLaMA4 Scout, contains 109 billion total parameters with 17 billion active, while the largest forthcoming variant, LLaMA4 Behemoth, is expected to push these boundaries further. Restructuring the application to take advantage of such models would simplify the pipeline and potentially improve both accuracy and performance.
On a more practical level, several smaller refinements could meaningfully enhance the user experience. These include improving the filtering of code from outputs, since current compliance with the no-code policy is good but not flawless. Stronger noise filtration and more consistent formatting of inputs before they reach the LLM could also reduce irrelevant or redundant feedback. Another improvement would be enabling the model to determine when feedback is unnecessary. In some cases, the system flagged issues such as variable naming even when the code was already clear, which created unnecessary noise. Giving the system the capacity to suppress unhelpful or redundant comments would make the feedback cleaner and more focused.
The graphical user interface, though functional, could also benefit from further development. While it already enables end-to-end use of the system, additional refinements such as clearer error messages, progress indicators, and optional advanced settings would improve usability and accessibility. As with the rest of the system, the GUI is currently best seen as a working prototype that demonstrates feasibility but requires polish to meet the needs of real-world learners.
Finally, attention should be given to the quality of the outputs themselves. While many feedback messages were useful, some were verbose, tangential, or not directly relevant to the problem at hand. Future work should focus on improving prompt engineering and output filtering so that feedback remains consistently concise, actionable, and aligned with the user’s immediate goals.
In summary, while the project has successfully demonstrated that AI can be leveraged to provide reflective feedback without fostering dependency, significant work remains to transform this proof of concept into a polished educational tool. Improvements to model choice, evaluation metrics, multimodal capabilities, noise reduction, GUI design, and feedback quality all represent promising directions for future development.
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The detected programming language is Python.

There are several improvements that can be made to the code, but Without access to the original source code
it would be difficult to provide specific feedback. However, some general suggestions for improving the code
could include:

* Using more descriptive variable names, such as "input_file" and "output_file" instead of "INPUT TEXT_FILE"
land "OUTEUT_CODE_FILE". Tnis can make the code easier to understand and maintain.

* Adding comments to explain what each line of code does. This can help others who may need to modify or deb
g the code in the future.

* Using a more recent version of Pythom, such as 3.10, instead of 3.13.7.

* Using a consistent naming convention for variables and functions. For example, some variables are named wi
th underscores, while others are mot. It is recommended to use snake_case (lowercase with underscores betwee
n words) for all variable names and function names.

* Adding error handling to the code. For example, what if the input file does not exist? Or if the output fi
le cannot be written to?

* Using a more robust OCR library, such as Tesseract or Google Cloud Vision, instead of EasyOCR. These libra
ries are more accurate and can handle different languages and types of documents.

* Adding features to the code to make it more user-friendly, such as the ability to specify multiple input £
iles or output files, or to convert the OCR results into a structured data format like JSON or CSV.
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