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Abstract - Recent large-scale surveys reveal a disturbing 
paradox in programming education: whereas 84.2% of 
developers now use AI coding assistants, these tools produce 
incorrect code in 40% of complex situations. Even worse, 
novice programmers detect only 27% of such mistakes, 
embedding misconceptions that last for more than 18 
months and fundamentally undermine their skill 
development. This paper introduces Code Mentor, a 
multimodal AI tutoring system that revolutionizes the way 
students learn to program while preserving educational 
integrity. This system offers key innovations: the Semantic 
Code Similarity Detection Algorithm (SCSDA); an 
unprecedented four-stage validation framework that checks 
not only the accuracy but also the educational value of code 
suggestions, expected to achieve accuracy of over 90% due 
to strict pedagogical validation; Validated AI Learning 
Theory (VALT), the first ever holistic theoretical framework 
designed for AI-enhanced programming education that 
synthesizes key established learning theories to drive 
intelligent instruction; full VARK learning model integration 
and two pioneering metrics-the Learning Velocity Index 
(LVI) and the AI Dependency Coefficient (ADC). Code Mentor 
will achieve high educational impact due to effect sizes 
greater than Cohen's d > 1.0, fundamentally bridging the 
gap between convenient AI support and authentic 
programming mastery.)  
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1. INTRODUCTION 
 
1.1 The AI Education Crisis  
 
The fast development of AI in software development poses 
some serious challenges for programming education [2] 
[18]. Surveys with extensive responses from 481 
professional programmers show that 84.2% of them use 
AI coding assistants like Git Hub Copilot (37.9%) and Chat 
GPT (72.1%) [1]. While these tools have been widely 
adopted [9] [15], many educational issues remain 
unresolved [2]  [10]. 
 
Empirical evidence underlines the severity of the problem: 
40% of AI-generated code is erroneous in complex 
scenarios; novice programmers spot only 27% of those 
errors [9]. Only 23% of developers believe the code 

generated by AI is secure, while 17.7% of them identified 
output inaccuracy as their top concern [1]. These results 
point to a core disruption in the traditional  skill-building 
pipeline [10] [21]. 
 

1.2 Research Problem 
 
  Current AI coding assistants are optimized for 
productivity [13], rather than pedagogical effectiveness [2, 
18], leading to five critical shortcomings: 
 
1. Problem 1: Validation Gap: Tools generate code 

that is unverified [16], thus, making novice learners 
maintain misconceptions that prevail in 67.8% of the 
errors [12]. 

2. Problem 2: Context Blindness - 14.4% of 
developers refer to "lack of context understanding" as 
a barrier [1], which AI is unable to integrate course 
materials or learning objectives [4] [10]. 

3. Problem 3: Single Modality - Current tools are text-
based [6] [14] despite evidence that 36% of learners 
prefer visual, 26% prefer auditory, and 15% prefer 
kinesthetic approaches. 

4. Problem 4: Analytics Absence - Currently, there is 
no comprehensive tool for tracking student progress, 
locating weak learners, or monitoring AI dependency 
[11] [15]. 

5. Problem 5: Missing Pedagogical Theory - The 
systems developed so far are not supported by any 
theoretical learning science or principles of cognitive 
development [2] [18]. 

 

1.3 Our Proposed Solution 
 
  The design and architecture of Code Mentor, a 
comprehensive AI tutoring system created to fill these 
crucial gaps using the following innovations, are described 
in this paper: 
 
1. New Framework for Validation: The Semantic Code 

Similarity Detection Algorithm (SCSDA) is a multi-
phase procedure that verifies code recommendations 
for accuracy and alignment with instructional 
objectives [16] [22]. 

2. Full Multimodal Integration: The first thorough 
application of the VARK model in programming 
education [2]. 
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3. RAG in line with the course: Using course materials, 
this curriculum-specific retrieval-augmented 
generation [4] [8] improves the accuracy and 
relevance of AI programming recommendations [17] 
[19]. 

4. Structure of Theory: Established learning principles 
are synthesized by Validated AI Learning Theory, or 
VALT [18]. 

5. Novel Metrics: LVI (Learning Velocity Index) and 
ADC (AI Dependency Coefficient) are new metrics 
[11]. 

 

2. Related Work and Research Gaps 
 
2.1 Current State of AI Coding Assistants 
 
Over the past few years, the landscape of AI-assisted 
programming education has dramatically changed [2, 17, 
18]; yet, fundamental questions about quality and 
educational efficacy remain open [9, 16]. Sergey et al. [1] 
conducted the most comprehensive survey of AI assistant 
usage to date, analyzing 481 programmers across 71 
countries, highlighting patterns that both illuminate 
promise and peril in current tools [15]. Their results paint 
a compelling picture: an overwhelming 84.2% of 
developers regularly employ AI coding assistants, with 
Chat GPT emerging as the dominant tool used by 72.1% of 
respondents, while Git Hub Copilot serves as a secondary 
resource for 37.9% of users [1]. This wide-ranging 
acceptance belies some disturbing evidence of systemic 
quality issues [16, 22]. 
 
The trust deficit in AI-generated code is striking [1, 16]. 
Only 23% of the developers are confident in the security of 
the AI-generated code, while just 39% believe in the 
functional accuracy of the code [1]. These are not abstract 
fears but very real concerns rooted in concrete 
experiences [9, 21]: 17.7% of the users identify code 
inaccuracy as the main barrier to effective use, while 
14.4% report ongoing failures in contextual understanding 
[1]. These statistics demonstrate a basic paradox—
developers have gleefully adopted tools [15] that they at 
the same time do not trust [1, 16], which suggests that 
convenience has outrun reliability in the race to embed AI 
into programming workflows [13, 14]. 
 
While Prather et al. [12] documented the peculiar 
dynamics of novice programmers interacting with code 
generation tools, noting an unsettling phenomenon where 
students express surprise that "it knows what I want" 
without truly understanding the underlying mechanisms 
or limitations [12, 21], Liang et al.'s complementary 
research [9] supports these concerns through their 
extensive usability survey. Additionally, Barker et al.'s 
investigation [14] of programmers' interactions with code-
generating models revealed a pattern of engagement that 
reflects users' propensity to frequently accept 

recommendations made without sufficient understanding 
or verification [11, 14]. 
 
The implications for education are profound [2, 18, 20]. 
When such reservations are voiced by experienced 
developers about the quality of code generated with AI [1, 
16], the risks multiply exponentially for novice 
programmers [10, 12, 21]. Kazemitabaar et al. [10] 
investigated the usage of LLM-based code generators in 
solving introductory programming tasks by novices. The 
results showed disturbing patterns: students experience 
superficial success while developing minimal actual 
understanding [10, 21]. Students are not competent 
enough to identify subtle mistakes [9, 12], contextual 
problems to recognize inappropriate solutions [1, 4], or to 
demonstrate the metacognitive skills to distinguish 
between superficial correctness and deep understanding 
[10, 18]. This creates a hazardous learning environment 
whereby students confidently submit flawed code, 
internalize incorrect patterns, and establish persistent 
misconceptions that hinder their long-term development 
as programmers [2, 10, 12]. 
 
Mozannar et al. [11] provided valuable insights through 
modeling user behavior and associated costs in AI-assisted 
programming. Their model showed that apparent gains in 
productivity often mask hidden costs in terms of reduced 
learning and increased long-term dependency [11, 15]. 
Ziegler et al. [13] studied the productivity impact caused 
by neural code completion systems, but this study also 
largely centers on experienced developers [13]. Zhang et 
al. [2] performed a systematic literature review regarding 
artificial intelligence in computer programming education 
and synthesized the existing body of research, along with 
critical gaps that require attention [2, 18]. 
 

2.2 Validation Based Approaches 
 
Recognition of these quality issues [1, 9, 16] has 
stimulated nascent work on validation-enhanced AI 
assistant systems, but prior approaches are incomplete [3, 
4]. Chen et al.'s [3] Trace Mate system takes a seminal step 
forward, showing in a study of 60 computer science 
students that this sort of validation-based AI assistance 
lets learners solve problems more successfully, and be 
more confident in their solutions [3]. Trace Mate adds a 
new twist, automatically testing the functional correctness 
of code completions before presenting them to students 
[3, 16]. This added level of validation ensures students do 
not perpetuate obviously incorrect solutions [10, 12] and 
gives students a safety net against the worst kinds of 
mistakes coming from the AI [3, 9]. 
 
Nevertheless, Trace Mate's validation is still essentially 
restricted to automated testing for functional correctness 
[3, 16]. Even if a solution is technically correct, the system 
is unable to determine whether it is a suitable pedagogical 
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approach for the student's current skill level [2, 18]. A 
functionally correct solution could use sophisticated 
strategies that are beyond the student's understanding 
[10, 21], make use of libraries that have not yet been 
covered in the curriculum [4], or avoid basic ideas that the 
assignment was meant to reinforce [2, 18]. These 
pedagogical misalignments cannot be identified by Trace 
Mate [3], nor can it guarantee that approved solutions do 
more than just generate functional code—rather, they 
genuinely promote student learning [2, 10, 18]. 
 
Zhang et al. 's [4] Course-Scoped RAG system addresses 
different limitations by directly integrating curriculum 
materials into the AI assistance pipeline, through 
retrieval-augmented generation techniques [4, 8]. Lewis et 
al. [8] originally proposed RAG for knowledge-intensive 
natural language processing tasks, setting up the base 
approach that Zhang et al. adapted to educational 
applications [4, 8]. This implementation of Zhang et al. 
achieved impressive results among 120 students: a 28% 
improvement in assignment completion rates and a 45% 
reduction in conceptual errors [4]. Grounding the 
responses in course-specific material helps the system 
ensure greater alignment between AI suggestions and 
instructional goals [4, 18]. Students receive guidance that 
reflects their instructor's teaching approach, terminology, 
and pedagogical sequence [2, 4], rather than generic 
programming advice that might conflict with course 
objectives [1, 10]. 
 
As such, despite these strengths, Course-Scoped RAG 
doesn't have mechanisms for real-time validation nor 
adaptive tutoring [4]. While it helps the relevance of AI 
responses [4, 8], it cannot ensure that responses are 
factually correct [16, 22] or appropriate for the particular 
students at their specific points in learning [10, 11, 18]. It 
is course-aware, but not student-aware [4], failing to 
provide personalized guidance either on individual 
progress, learning patterns, or emerging misconceptions 
[10, 11, 12]. 
 
More recent works have focused on other dimensions of 
the space [5, 6, 7]. Casas et al. [5] designed CLAPP, an LLM 
agent tailored for pair programming scenarios [5, 7], while 
Akhoroz and Yildirim [6] explored the use of 
conversational AI as a coding assistant and the degree to 
which dialogue-based interactions might enhance learning 
[6, 24]. The effects on student learning from AI-supported 
pair programming have been shown to be quantifiable in 
[7]; however, there are still open questions about the long-
term retention and transfer of skills to contexts without 
support [7, 11, 18]. 
 
Beyond these specific systems, the broader landscape of AI 
coding assistants reveals a concerning lack of educational 
validation [1, 2, 16, 18]. Git Hub Copilot and Chat GPT [12, 
19, 20, 21] use no mechanisms in their systems to verify 

code quality [16], assess pedagogical appropriateness [2, 
18], or ensure curriculum alignment [4]. They function as 
power code generation engines optimized for expert 
developers [13, 14] rather than thoughtfully designed 
educational tools calibrated to support novice learning [2, 
10, 18, 20]. There is no protection against misleading 
suggestions for students using these tools [9, 12, 16], 
guidance toward educationally valuable approaches is not 
provided [2, 18], and there is no feedback to help build 
students' conceptual development [10, 11, 18]. 
 

2.3 Research Gaps 
 
Systematic analysis of existing approaches identifies five 
critical gaps that Code Mentor addresses, through its 
integrated architecture and novel validation framework 
[2, 18]. 
 
The lack of thorough validation represents the most 
fundamental limitation of current systems [3, 4, 16]. 
Validation approaches, in so far as they exist at all, focus 
narrowly on functional correctness via automated testing 
[3]. This one-dimensional verification ignores crucial 
pedagogical considerations that determine whether code 
is genuinely supportive of student learning [2, 10, 18]. 
Does the solution make use of concepts that students have 
mastered, or does it resort to unfamiliar techniques that 
may bewilder rather than enlighten them [10, 21]? Does 
the solution reinforce the specific learning objectives of 
the assignment at hand, or does it circumvent intended 
skill development through clever shortcuts [2, 4, 18]? Does 
the solution model good programming practices for 
beginners, or does it use advanced patterns that students 
cannot understand or maintain [10, 12, 14]? Current 
systems have no way of answering these questions [3, 4], 
leaving students vulnerable to technically correct but 
educationally harmful suggestions [9, 16, 21]. 
 
Second, the field lacks theoretical foundations designed for 
AI-enhanced programming education [2, 18]. The current 
learning theories emerged in traditional contexts where 
knowledge came from instructors, textbooks, and peer 
collaboration [18, 20]. AI assistants introduce 
fundamentally new dynamics: instant solution access, 
code generation by AI, and large-scale personalized 
guidance that no learning theory so far has ever 
contemplated [2, 17, 19, 20]. Zhang et al.'s systematic 
review [2] underlined this theoretical void, highlighting a 
lack of frameworks that explicitly address how AI 
transforms the learning process [2, 18]. Without 
frameworks that address the new affordances and risks 
[11, 18], educators and system designers lack principled 
guidance for integrating AI assistance in ways that 
genuinely enhance rather than undermine learning [2, 10, 
20]. Theoretically, the field is urgently in need of models 
that explain when AI assistance supports skill 
development versus when it creates harmful 
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dependencies [11, 15], how to balance support for 
immediate problem-solving against long-term conceptual 
growth [10, 18], and what pedagogical strategies prove 
effective in AI-mediated learning environments [2, 7, 18]. 
 
Third, although there is considerable research evidence 
supporting multimodal learning approaches [2], single-
modality bias is a pervasive feature of existing 
implementations [1, 6, 9, 12]. Current AI coding assistants 
are overwhelmingly text-based, offering code suggestions 
and explanations in written language alone [1, 9, 12]. This 
design choice ignores decades of research indicating that 
students learn more when information arrives through 
multiple sensory channels [2, 18]. Visual learners benefit 
from diagrams, flowcharts, and animated visualizations 
illustrating the program behavior [2, 14]. Auditory 
learners understand concepts more readily via spoken 
explanations and verbal reasoning processes [2, 6]. 
Kinesthetic learners want hands-on manipulation and 
interactive experimentation [2, 7]. By limiting output to 
text, current systems systematically disadvantage students 
whose learning preferences diverge from reading-based 
instruction [2, 10], thus unnecessarily limiting the 
accessibility and effectiveness of AI assistance [9, 18, 21]. 
 
Fourth, comprehensive analytics for monitoring student 
progress and AI dependency remain absent from existing 
tools [11, 15]. Despite emerging evidence showing that 
excessive reliance on AI assistance can hinder the 
development of skills [10, 11, 12, 21], no extant systems 
quantify or prevent harmful over-reliance on AI [11, 15]. 
Students can easily achieve transient success by accepting 
AI recommendations without any deep understanding [10, 
12, 21] and then find themselves at a loss when AI 
assistance is removed during examinations or professional 
applications [11, 18]. The field is devoid of metrics that 
can quantify this over-reliance and interventions that help 
reduce it [11, 15]. Without systematic monitoring [11], 
educators cannot identify students who develop unhealthy 
patterns of reliance until there is an academic 
performance collapse in unassisted contexts [10, 18]. And 
without adaptive interventions, systems cannot 
incrementally reduce assistance as students build 
competence [11, 18], thereby missing chances to foster 
independence and self-efficacy [2]. 
 
Fifth, state-of-the-art solutions remain fragmented and 
uninterrupted; useful features are distributed across the 
various disconnected tools and research prototypes [2, 3, 
4, 5, 6]. Validation is provided by Trace Mate [3] but not 
Course-Scoped RAG [4]; curriculum integration exists in 
Course-Scoped RAG [4], not Trace Mate [3]. Neither 
incorporates multimodal presentation [2], dependency 
monitoring [11], nor comprehensive instructor analytics 
[15, 18]. Students and educators must cobble together 
multiple tools [1, 9], each addressing different needs but 
none providing comprehensive support for AI-enhanced 

programming education [2, 18]. This fragmentation 
increases cognitive load [10, 18], creates compatibility 
issues, and prevents synergistic benefits that emerge 
when the respective complementary features work in 
concert [2, 18]. 
 
Code Mentor fills these gaps through an integrated 
architecture that features multi-stage validation ensuring 
correctness for both functional and pedagogical aspects [3, 
4, 16], a deep theoretical grounding in the novel Validated 
AI Learning Theory framework [2, 18], full VARK learning 
model integration covering all sensory modalities [2], 
continuous monitoring through the AI Dependency 
Coefficient to detect and prevent harmful reliance patterns 
[11, 15], and unified platform design to deliver 
comprehensive features through a single coherent system 
[2, 18]. This is a holistic approach, really a fundamental 
reimagining of AI coding assistance [17, 19, 20]—not just a 
code generation tool [13, 14] but sophisticated 
educational technology designed from the ground up to 
support genuine skill development while embracing AI's 
powerful possibilities [2, 7, 18]. 
 

3. Theoretical Framework: Validated AI Learning 
Theory 
 
We propose Validated AI Learning Theory (VALT), 
synthesizing four established learning theories for AI-
enhanced education [2, 18]. 
 

3.1 VALT Foundations 
 
Cognitive Load Theory: Artificial intelligence must 
decrease extraneous load without reducing germane load, 
which is necessary to construct the schema [2, 10, 18]. 
 
Social Constructivism: AI acts as a "more knowledgeable 
other" that provides scaffolding within the Zone of 
Proximal Development [2, 7, 18]. 
 
Bloom's Taxonomy: AI assistance is calibrated to 
cognitive complexity levels, progressing from knowledge 
to evaluation [2, 18]. 
 
Self-Determination Theory: AI preserves student 
autonomy and intrinsic motivation [2, 11, 18]. 
 

3.2 VALT Core Principles 
 

Table – 1: VALT Core Principles. 

Principle Definition 
Operational 
Metric 

Validation 
Primacy 

All AI suggestions 
undergo 
pedagogical 
verification  

Validation 
accuracy ≥90% 
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Progressive 
Disclosure 

Information 
complexity 
matches the 
learner stage 

Complexity 
differential ≤1 
level 

Multimodal 
Accommodation 

Support all VARK 
modalities 
simultaneously 

100% VARK 
coverage 

Metacognitive 
Transparency 

AI reasoning 
processes are 
explainable 

≥85% 
comprehension 

Adaptive Fading 
AI assistance 
decreases with 
competency 

Dependency 
<0.4 

 

4. Proposed System Architecture 
 
4.1 System Overview 
 
Code Mentor provides a distributed micro services 
architecture [4, 8, 17, 19] which the given following Figure 
1 gives the view of system design with data flow and 
interactions [4, 8]. 

 

Fig – 1:  Code Mentor System Architecture showing six 
distinct layers from frontend to infrastructure. The system 
processes student requests through API Gateway, four 
processing engines (AI, Validation, Multimodal, Analytics, 
Sandboxed Executor and Data Persistence with three 
security layers protecting each tier (dotted lines). Average 
response time is under 3 seconds. 

A. DATA FLOW EXAMPLE 
 

● Student submits code → Frontend → API Gateway 
[4, 6] 

● API Gateway → AI Engine (RAG retrieval) [4, 8] 

● AI Engine generates suggestion [17, 19, 23] → 
Validation Pipeline [3, 16] 

● Validation passes all 4 stages [3, 16, 22] → 
Multimodal Generator [2] 

● Content created for all VARK modes [2] → Student 

● Interaction logged → Analytics Engine [11, 15] 

● Dashboard updated → Instructor notified if 
needed [18] 
 

 B. SECURITY LAYERS 
 

● Layer 1: JWT Authentication at API Gateway 

● Layer 2: Rate Limiting (DDoS protection) 

● Layer 3: Input Sanitization (Injection prevention) 
[22] 

● Layer 4: Secure Code Sandbox [16, 22] 

● Layer 5: End to End Data Encryption 
 

 C. ARCHITECTURE DESIGN PRINCIPLES 
 

● Micro services: Independent scaling and 
Deployment [17, 19]. 

● Real-time Processing: Web Socket driven instant 
updates and collaboration [5, 6, 7]. 

● Fault Tolerance: Circuit breakers and smooth 
fallback modes [17]. 

● Caching Strategy: Employ Red is cache for 
speedy access to common data [4, 8]. The target is 
an 80% hit rate, ensuring the same data is not 
fetched over and over again [8]. 

● Security First: Multiple defense lawyers from 
edge to data storage [16, 22] 
 

4.2 Semantic Code Similarity Detection Algorithm 
(SCSDA) 
 
SCSDA reflects our key innovation, a four-stage validation 
pipeline [3, 16], to achieve accuracy >90% [16]. Figure 2 
depicts the detailed workflow of the validation process 
with decision points and feedback loops [3, 16]. 
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Fig – 2:  SCSDA Four-Stage Validation Pipeline with 
decision logic. Stage 1 checks syntax and is passed by 
~98%. Stage 2 examines pedagogical considerations. 
Appropriate using the P-Score formula (~94% pass), Stage 
3 predicts educational impact of ~96% pass, and Stage 4 
generates an adaptive Multimodal presentation based on 
the student profile. Rejected suggestions trigger feedback 
loops (dotted arrows). 

 

 

A. Key Design Decisions in SCSDA 

● Multistage filtering: eliminates different kinds of 
errors at each stage [3, 9, 16]; the overall accuracy 
improvement will be compounded [16]. 

● Early Rejection: Syntactic errors are caught 
immediately [3, 16], thus saving computational 
resources [17]. 

● Pedagogical Scoring: Novel P(s,c,k) formula 
evaluates educational appropriateness [2, 4, 18], 
not just correctness [3, 10, 16]. 

● Adaptive Presentation: Same validated code, 
presented differently, according to learner profile 
[2, 11, 18]. 

● Continuous Learning: All decisions are logged to 
improve future suggestions [11, 15, 17]. 

B. Mathematical Foundation 

Pedagogical appropriateness score P(s,c,k): 

P(s,c,k) = 0.30·semantic_similarity(s, canonical) + 
0.25·complexity_match(s, level) + 
0.25·concept_alignment(s, objectives) + 
0.15·style_compliance(s, standards) - 0.05·security_risk(s) 

Where P ∈ [0,1], with P ≥ 0.7 required for approval[3,16] 

4.3 Course-Aligned RAG Architecture 

Our RAG system [4, 8] integrates curriculum materials for 
context-aware assistance [4]. Figure 3 illustrates the 
complete retrieval and generation workflow [8]. 
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Fig – 3:  RAG Pipeline Architecture for course-aligned AI 
assistance. The system processes queries through 
understanding and augmentation. stages, retrieves 
relevant contexts from three vector databases  (18.5K 
lecture materials, 12.7K assignments, 28.4K solutions) 
using semantic similarity (cosine distance < 0.3), ranks 
and assembles top-5 contexts, then generates responses 
via GPT-4/Claude. Weekly update loop maintains a 
knowledge base of currency. 

A. RAG System Performance Considerations 

● Retrieval Accuracy: Target 85%+ relevant 
documents in top-5 results [4, 8]. 

● Latency: <200ms for vector search [8], <2s total 
pipeline [4]. 

● Freshness: Weekly updates for course materials 
[4], daily for student discussions [4, 6]. 

● Scalability: Vector DB handles 200K+ documents, 
sub-second retrieval [8, 17]. 

4.4 Multimodal Content Generation 

Table – 2: Multimodal Implementation Plan 

Modality Technology 
Content 
Types 

Target 
Users 

Visual 

D3.js, WebGL 

Execution 
traces, 
flowcharts 

 

36% 
learners 

Auditory 
Web Speech 
API 

Code 
narration, 
explanations 

26% 
learners 

Read/Write Markdown 
Adaptive 
documentatio
n 

23% 
learners 

Kinesthetic 
React DnD Interactive 

exercises 
15% 
learners 

 

5. Novel Metrics and Contributions 

5.1 Learning Velocity Index (LVI) 

We propose LVI as the first standardized metric for 
measuring conceptual understanding development rate. 

A. Definition 

LVI = (Conceptual_Growth_Rate × Transfer_Coefficient) / 
AI_Dependency_Factor 

Where: 

● Conceptual_Growth_Rate: Rate of increase in 
mastered concepts per unit time. 

● Transfer_Coefficient: Accuracy on new or 
unseen problem types. 

● AI_Dependency_Factor = 1 + (AI_reliance - 
optimal_reliance) LVI ∈ [0,1] 

B. Interpretation 

● LVI < 0.3: Below expectation, requires 
intervention 

● LVI 0.3-0.6: Average progress 

● LVI > 0.6: Excellent learning velocity 
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5.2 AI Dependency Coefficient (ADC) 

ADC distinguishes healthy AI collaboration from harmful 
over-dependence. 

A. Definition 

ADC = 0.30·Usage_Frequency + 
0.35·Task_Complexity_Correlation + 
0.35·Independent_Performance_Degradation 

Where ADC ∈ [0,1]: 

● ADC < 0.4: Healthy collaboration 

● ADC 0.4-0.6: Warning zone 

● ADC > 0.6: Unhealthy dependency (intervention 
needed) 

6. Implementation Plan and Methodology 

6.1 Technology Stack 

We propose LVI as the first standardized metric for 
measuring conceptual understanding development rate. 

● Frontend: Using WebGL for quick, interactive 
graphics [2] and a Monaco code editor, it was 
created using React and Tailwind CSS [14]. 

● Backend: Redis for quicker data access [8] and 
MongoDB for storage [4], all arranged into 
modular services using Node.js and Express [17]. 

● AI Layer: Makes use of Pinecone for vector 
embedding storage [8] and LangChain with 
OpenAI models [17, 19]. 

● Infrastructure: Applications run inside Docker 
containers managed through Kubernetes with the 
use of continuous integration and deployment 
handled via GitHub workflows [17]. 

6.2 Development Phases 

Table – 3: Development Timeline 

Stage Duration Activities Deliverables 

Stage 1 

Days 1–28 Organizing, 
designing, and 
producing early 
prototypes 

 

System design 
and UI 
prototypes 

Stage 2 
Days 29–
70 

Core 
development 

AI integration 
and a simple 

Stage Duration Activities Deliverables 

Stage 1 

Days 1–28 Organizing, 
designing, and 
producing early 
prototypes 

 

System design 
and UI 
prototypes 

using MERN 
stack 

coding 
interface 

Stage 3 
Days 71–
98 

SCSDA 
implementatio
n 

Validation 
pipeline 

Stage 4 
Days 99–126 Multimodal 

creation of 
content 

VARK support 

Stage 5 
Days 127–
154 

Analytics 
dashboard 

Instructor 
tools 

Stage 6 
Days 155–
182 

Testing and 
pilot 
deployment 

MVP release 

 

6.3 Development Phases 

A. Proposed Study Design 

● Sample Size: More than 150 students constitute 
the sample size from three institutions [4, 10, 21]. 

● Time frame: 12–16 weeks [4, 10] 

● Design: Randomized controlled trial design [3, 7, 
18] 

● Control Group: Traditional IDE + autograder [3, 
16] 

● Experimental Group: Full Code Mentor platform 

● Language used: Python, JavaScript, C++ [9, 16] 

B. Primary Outcomes 

● Proficiency in programming (scale 0-100) [2, 9, 
10, 18] 

● Debugging proficiency [9, 16, 24] 

● Conceptual understanding [2, 10, 18, 21] 

● Ability to transfer knowledge [2, 18] 
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C. Secondary Outcomes 

● Learning Velocity Index (LVI) [11, 18] 

● AI Dependency Coefficient (ADC) [11, 15] 

● Student satisfaction [9, 12, 21] 

● Instructor workload [1, 18] 

7. Expected Outcomes and Projections 

7.1 Performance Projections 

Drawing from the extant literature, we anticipate that: 
Comparing Current Tools 

Table – 4: Projected Outcomes Based on Literature 

Metric Baseline Projected 
Source/Ration
ale 

Validation 
Accuracy 

 

60% 

90-95% 

 

Trace Mate [3] 
attained 78%; 
our multi-phase 
strategy ought 
to surpass 

Programmin
g 
Competency 

50 
(control) 

75-80 
Course RAG [4] 
improved by 
28%. 

Debugging 
Proficiency 

Baseline +35-40% 

Debugging time 
was reduced by 
40% with Trace 
Mate [3]. 

Misconcepti
on 
Reduction 

38% errors 

20-25% 

Research on 
education [7] 
reveals 
improvements 
of 25–40%. 

Multimodal 
Advantage 

 

Only text 

+25-40% 

Approaches 
that have been 
validated show 
improvements 
of about 2×. 

Transfer 
Success 

35% 

65-75% 

Approaches 
that have been 
validated 
demonstrate a 
~2× 
improvement. 

Effect Size 
(Cohen's d) 

N/A 

1.0-1.5 

Combined 
interventions 
point to 
significant 
results. 

 

7.2 Comparing Current Tools 

Table – 5: Expected Performance vs Current Tools 

Feature 
GitHub 
Copilot 

ChatG
PT 

Trace
Mate 

Code 
Mentor 
(Expected) 

Validation 
Accuracy 

 

~60% 

~58% 

 
~78% 90-95% 

Course 
Alignment 

No No No Yes 

Multimodal 
Support 

No No No 
Complete 
VARK 

Dependenc
y Detection 

No No No Yes (ADC) 

Learning 
Analytics 

 

No No Basic 
Comprehen
sive 

Theoretical 
Foundation 

No No  Partial Yes (VALT) 

 

8. Discussion and Implications 

8.1 Addressing Critical Gaps 

The system proposed in this work addresses five critical 
gaps, identified in Section II [2, 18]: 

● Gap 1: Verification - SCSDA offers multi-tiered 
confirmation [3, 16] with an expected accuracy of 
90-95% [16], eliminating injurious 
misunderstandings [9, 10, 12]. 

● Gap 2: Theory - VALT provides the first 
comprehensive pedagogical framework for AI-
enhanced learning [2, 18]. 

● Gap 3: Multimodality - Complete VARK 
integration [2] accommodates all learning 
preferences [2, 18]. 

● Gap 4: Dependence - ADC allows for earlier 
identification and intervention regarding 
unhealthy dependence [11, 15]. 

● Gap 5: Integration - whole features integrated 
onto one unified platform [2, 4, 18]. 
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8.2 Wider Effects 

● Educational Equity: It helps learners with 
diverse learning styles and backgrounds through 
a multimodal approach [2, 18, 20]. 

● Scalability: Cloud-based architecture [17] 
enables deployment across institutions with 
constrained resources [4, 18]. 

● Economic Value: Likely to enhance outcomes [4, 
9, 10] while simultaneously decreasing the 
instructor workload by 30–35% [1, 18]. 

● Industry Connection: Students learn various AI-
driven skills that include teamwork [5, 7, 13], 
which are trends currently in demand at the 
workplace [1, 13, 15]. 

8.3 Difficulties and Challenges 

A. Workflow Challenges 

● Computational requirements for real-time 
multimodal generation [2, 17] 

● Scaling vector databases for extensive course 
repositories [4, 8, 17] 

● Management of false positive rates in validation 
[9, 16, 22] 

B. Research Challenges 

● Getting a large enough sample for a thorough 
assessment [9, 10, 21] 

● Assessing the retention of skills over time [7, 10, 
18] 

● In educational settings, adjusting for confounding 
variables [3, 18] 

C. Implementation Challenges 

● Adoption and training of instructors [1, 15, 18] 

● Integration with current LMS systems [4, 18] 

● Preserving precision in various programming 
languages [9, 16, 22] 

9. Conclusion and Future Work 

In order to overcome significant shortcomings in the 
available programming education resources [1, 2, 9, 18], 
this paper suggests Code Mentor, an all-inclusive AI 
tutoring system. Among our contributions are: 

 

● Technical Innovation: Using multi-stage 
pedagogical verification [3, 16], the SCSDA 
validation algorithm is expected to be 90–95% 
accurate [16]. 

● Advancement of Theory: The first thorough 
theory for AI-enhanced learning is provided by 
the VALT framework [2, 18]. 

● New Metrics: Learning efficiency and healthy AI 
collaboration can be measured thanks to LVI and 
ADC [11, 15, 18]. 

● Design Comprehension: An integrated platform 
that combines analytics [11, 15], course alignment 
[4, 8], multimodal support [2], and validation [3, 
16]. 

● Expected Impact: We project Cohen's d>1.0 
effect sizes [4, 7, 18], which indicate a significant 
improvement in education [2, 10, 18], based on 
current research [3, 4, 7, 10]. 

9.1 Future Work 

A. Phase Immediate (6–12 months) 

● Full implementation of the system [17, 19] 

● 50–100 students in a pilot study [3, 10, 21] 

● Verify the accuracy of SCSDA [3, 16] 

● Improve Multimodal Content Creation [2] 

B. Phase of Development (1–2 years): 

● Comprehensive randomized controlled trial [3, 7, 
18] 

● Deployment across multiple institutions [4, 18] 

● Studies on long-term retention [7, 10, 18] 

● Industry collaboration for career monitoring [1, 
13, 15] 

C. Phase of Strategy (2–5 years) 

● Application in various fields (mathematics, 
physics) [2, 18] 

● Neural network-based advanced personalization 
[17, 19, 23] 

● Worldwide implementation in developing areas 
[18, 20] 

● Integrating augmented reality [2] 
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A paradigm shift from productivity-focused AI tools [13, 
14] to education-focused systems [2, 18, 20] that augment 
rather than diminish human capabilities [11, 18] is 
represented by Code Mentor. Finding a balance between 
the development of practical skills and AI support [10, 11, 
18] is crucial for success in this field [1, 2, 15], and this 
system is designed to address this issue [2, 3, 4, 18]. 

10. Contribution Summary 

In the following five ways, this paper advances the field of 
AI-enhanced programming education [2, 17, 18, 20]: 

● C1: Semantic Code Similarity Detection 
Algorithm (SCSDA) - An innovative four-stage 
validation framework [3, 16] that combines 
syntactic verification [16], pedagogical 
appropriateness scoring [2, 4, 18], educational 
impact prediction [10, 18], and adaptive 
presentation [2, 11]. SCSDA assesses AI 
recommendations on several pedagogical 
dimensions [2, 3, 18] with an estimated 90–95% 
accuracy [16], in contrast to current binary 
validation techniques [3, 9]. 

● C2: Validated AI Learning Theory (VALT) - The 
first comprehensive theoretical framework 
specifically designed for AI-enhanced 
programming education [2, 18], synthesizing 
cognitive load theory [10, 18], social 
constructivism [7, 18], Bloom's taxonomy [2, 18], 
and self-determination theory [11, 18] into five 
operationalized principles with measurable 
indicators [11, 18]. 

● C3: Innovative Educational Metrics: Learning 
Velocity Index (LVI)-[11, 18] to gauge the rate of 
conceptual development [2, 10, 18] and AI 
Dependency Coefficient (ADC) [11, 15] to 
differentiate beneficial cooperation [7, 11] from 
detrimental over-reliance [10, 11, 12, 21], 
allowing for early intervention [11, 15, 18] before 
dependency patterns solidify [11, 15]. 

● C4: Comprehensive Multimodal Architecture: 
This design synchronizes the delivery of visual [2, 
14], auditory [2, 6], read/write [2, 4], and 
kinesthetic [2, 7] content on a single platform and 
is the first full implementation of the VARK 
learning model in programming education [2]. 

● C5: Integrated Educational AI System - A 
comprehensive system design [4, 8, 17, 18] that 
combines validation [3, 16], course alignment [4, 
8], multimodal support [2], adaptive tutoring [11, 
18], and instructor analytics [11, 15, 18]. The 
fragmented nature of existing educational 

technology solutions [1, 2, 9] is addressed by this 
integrated approach [2, 18]. 

11. Validation Strategy 

We propose comprehensive validation across multiple 
dimensions [3, 9, 16, 18] in order to assure system 
effectiveness [9, 16, 21]: 

11.1 Technical Validation 

● Unit testing at every validation stage [3, 16] - 
target of >95% code coverage [16, 22] 

● Integration testing for the entire pipeline [3, 8, 16] 

● Performance benchmarking [13, 17]: the target 
response time is less than 3 seconds [4, 8] 

● Security auditing for sandboxed code execution 
[16, 22] 

11.2 Pedagogical Validation 

● Expert review by more than 5 computer science 
educators [2, 18] 

● Usability pilot testing with 20–30 students [9, 10, 
21] 

● Iterative improvement in response to instructor 
input [1, 15, 18] 

● Verification of curriculum alignment across 
courses [4, 18] 

11.3 Empirical Validation (Proposed Study) 

● Randomized controlled trial involving more than 
150 students [3, 4, 7, 10, 18, 21] 

● Assessments conducted before and after using 
approved tools [9, 10, 18] 

● Tracking longitudinally for at least 12–16 weeks 
[4, 7, 10, 18] 

● Several outcome measures (transfer [2, 18], 
debugging [9, 16, 24], competency [2, 10, 18]) 

11.4 Metric Validation 

● Correlation between LVI and final performance 
(target: r>0.7) [11, 18] 

● ADC predictive validity for dependency patterns 
[11, 15] 

● Inter-rater reliability for qualitative assessments 
(κ>0.8) [9, 18] 
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