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Abstract 

This study aims to design and evaluate a Multimodal Generative AI Assistant capable of delivering 

real-time pedagogical feedback in large-scale computer science classrooms. The objective is to 

investigate whether integrating multimodal AI combining natural language processing, code 

analysis, speech interaction, and learning analytics can improve student learning outcomes, 

debugging efficiency, and engagement compared to traditional instructional support systems. The 

AI-assisted learning framework development and evaluation were based on Design Science 

Research (DSR) methodology. The system combines multimodal information of programming 

environments, natural language queries, and student interaction logs to produce contextual feedback 

based on generative AI models. A semester-long deployment was used, with 1,200 students, 600 in 

each control and AI-assisted group, using an A/B experimental design. Such quantitative measures 

as normalized learning gain, Time-to-Resolution (TTR), Hint Efficacy Score (HES), system latency, 

and multimodal synchronization accuracy were considered. The Technology Acceptance Model 

(TAM) and Subject Matter Expert (SME) audits were used to carry out a qualitative evaluation. The 

normalized learning gain of the AI-assisted group was found to be 0.73 versus 0.40 in the control 

group and statistically significant (p < 0.001), with a Cohen's d effect size of 0.91. The efficiency of 

debugging increased significantly, where Time-to-Resolution dropped on average by 134.5 minutes 
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to 11.2 minutes (91.6% decrease). The system had a multimodal synchronization accuracy of 97.2% 

and a response latency of 1.65 seconds, and had a hallucination rate of 0.85%. Perceived Usefulness 

(6.6/7) and Perceived Ease of Use (6.3/7) were highly accepted. The results indicate that multimedia 

generative AI assistants can profoundly improve learning outcomes, decrease the debugging 

duration, and offer learning support during real-time instruction in large computer science classes at 

scale. 

Keywords: Multimodal Generative AI, Technology Acceptance Model, Real-Time Pedagogical 

Feedback, Intelligent Tutoring Systems, AI Tutoring, Student Engagement, Learning Analytics. 

1 Introduction 

The accelerated development of Generative Artificial Intelligence (GAI) and multimodal learning 

systems is reshaping the contemporary educational setting, especially in mass courses of computer 

science where the student population is commonly too large to receive one-on-one feedback provided 

by an instructor (Liu et al., 2024). Conventional ways of teaching are based on manual scoring and late 

feedback, which may be counterproductive to the development of conceptual knowledge and          

problem-solving skills in students. The latest progress of multimodal AI with the ability to process text, 

speech, code, images, and other information connected to interaction simultaneously can reflect smart 

assistants capable of tracking the process of learning in real-time and provide people with adaptive 

pedagogical guidance (Jiang and Lai, 2025). The issue of the timely feedback is also relevant to learning 

outcomes within the framework of the computer science education, where the students will have to code, 

debug, design algorithms, and think conceptually. Multimodal generative AI assistants can read a code 

submission, comprehend natural language queries, analyze program code, and can even detect 

challenges of learning by reading the interaction patterns. They can also work as though they were 

teaching assistants, to supplement the work performed by the teacher with help in explaining, debugging, 

and personalized learning suggestions in real-time. With the growing trend of large-scale and hybrid 

models of learning in universities, applying multimodal generative AI to provide real-time pedagogical 

feedback is an opportunity to enhance engagement, understanding, and the learning process             

(Prasad et al., 2025). 

The proposed study will focus on the creation and evaluation of a multimodal AI-based generator 

capable of providing pedagogic feedback to classrooms of large-scale computer science in real-time. 

The study seeks to come up with an intelligent system that combines various modalities that include: 

text entries, software programs, interaction by voice, and logs of student activities in order to 

comprehend the learning actions and offer contextual teaching directions. The proposed system aims to 

provide explanations, bug recommendations, and concept elucidation instantly when users are working 

on a programming problem, by using the capabilities of the generative AI (Puvvadi et al., 2025). 

Moreover, the research will focus on the investigation of whether this type of AI-based help could help 

to increase student attention, learning productivity, and assist teachers in working with large classes 

where close feedback is not always an easy task. 

Even though there is growing interest in generative AI technologies in the educational setting, a 

number of shortcomings in the research exist to date. The majority of the existing AI-based educational 

systems are mostly concerned with text-based tutoring systems and do not support the capability of 

combining various data modalities, including speech, code input data, and real-time learning analytics. 

In addition, most of the intelligent tutoring systems do not support a learner, but instead, they only give 

feedback when the task is completed (Chen et al., 2025). Few studies have also been conducted in 

relation to the issues of scalability of providing individualized feedback in large computer science 
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classes where the instructor's focus is limited. Also, the current-day applications of generative AI in 

education are usually general-purpose tools that are not particularly designed to be used in the education 

of programming or learning algorithms. Such constraints present the opportunity of having a dedicated 

multimodal AI assistant that can provide contextualized and real-time pedagogical feedback during 

large-scale learning of computer science. 

The proposed hypothesis of the study is that multimodal generative AI assistant can contribute to the 

effectiveness and efficiency of pedagogical feedback to a considerable degree when applied to the 

classroom setting of a computer science course (Mittal et al., 2024). It is hypothesized that real-time      

AI-based instructions will improve the comprehension of the programming concepts by the students, 

their ability to debug programs better, and their overall performance in learning, compared to the 

conventional delayed feedback systems. As well, the study presupposes that the analysis of various 

interaction modalities will facilitate the AI assistant to deliver more tailored and context-sensitive 

learning assistance, such as submitting codes, text-based questions, and classroom activity patterns. As 

a result, the system is anticipated to increase student participation and engagement in large-scale 

computer science courses (Gao et al., 2025). 

This research contributes to the advancement of AI-driven educational technologies by proposing a 

multimodal generative AI assistant framework designed specifically for real-time pedagogical feedback 

in large computer science classrooms. The study introduces an integrated architecture that combines 

natural language processing, code analysis, speech recognition, and interaction analytics to better 

understand student learning contexts. It further develops a real-time feedback mechanism capable of 

generating instant explanations, debugging guidance, and learning recommendations during 

programming activities. Another important contribution is the development of a scalable AI teaching 

assistant model that supports large numbers of students while maintaining personalized feedback. 

Finally, the research establishes an empirical evaluation framework to measure improvements in student 

engagement, learning outcomes, and feedback effectiveness, thereby demonstrating the practical value 

of multimodal generative AI in modern computer science education. 

This article examines the role of a Multimodal Generative AI Assistant in providing real-time 

pedagogical feedback in large-scale computer science classrooms. The research starts with an 

introduction giving the background of the problems of delayed feedback and low availability of 

instructors in programming education. A literature survey is conducted to examine current trends in 

generative AI and multimodal systems of education. The methodology of the research explains the 

design science research, system structure, implementation of an experiment, and data gathering. The 

results section gives both quantitative and qualitative assessments of learning outcomes, efficiency of 

debugging, efficiency of the system, and acceptance of the system by the users. The findings and their 

implications for scalable AI-assisted education are interpreted in the discussion. Lastly, the conclusion 

is a wrap-up of the main results and prospective studies. 

2 Literature Survey 

The adoption of Generative Artificial Intelligence (GenAI) in mass Computer Science (CS) courses has 

triggered the transition from fixed delivery to being dynamically and in real-time pedagogical. This 

survey will examine the development of multimodal GenAI assistants and their ability to offer 

personalized feedback and interactive learning experiences. 
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The recent developments have put the focus on the shift toward multimodal frameworks instead of 

text-only models. The future of educational AI is the Artificial General Intelligence (AGI) capabilities, 

when models process text, image, and audio to provide human-like instructions at the same time            

(Lee et al., 2025; Lang et al., 2025). In real-life scenarios, systems such as VoxGuru and other                    

AI-enhanced assistants can be used to offer real-time Q&A as well as conversational learning within 

dynamic settings, which effectively serves to bridge the gap between student inquiry and real-time 

conceptual clarification (Dhathrinadh et al., 2025; Saravanan & Shankar, 2025). Moreover, the 

multimodal data integration gives the possibility to gain a deeper understanding of embodied learning 

and science assessment (Cosentino et al., 2025; Gao et al., 2025). 

Education in Computer Science, specifically at scale (such as Harvard CS50), has been first in 

applying GenAI to ensure educational quality at scale. The studies demonstrate the importance of           

AI-assisted 24-hour tutoring and rubber ducking to facilitate high-quality instruction without adding 

faculty load (Liu et al., 2024). An essential part of this success is the so-called pedagogical prompting 

that will make sure that AI interactions can lead students to conceptual cognition, but not raw code 

(Mutanga et al., 2025). Multimodal GenAI is also exploited with the help of tools, such as 

"MindScratch," where a visual program can be created to help students connect abstract logic to physical 

outputs (Chen et al., 2025). 

One of the fundamental advantages of GenAI is the democratization of personal feedback in higher 

education. Recent literature deals with the issue of personalization of the formative feedback where the 

AI is adjusted to a tone and difficulty level depending on the level of the mastery that the learner at that 

point has (Akhasbi et al., 2025; Puvvadi et al., 2025). This can be confirmed by models of deliberate 

teaching practice, as in this case, AI serves as a thoughtful collaborator to pupils and teachers          

(Aperstein et al., 2025). Systematic reviews support GenAI as an effective method in improving 

assessment efficiency and feedback generation, but note that the human-in-the-loop control is necessary 

to make the process pedagogically accurate (Mittal et al., 2024; Yavariabdi et al., 2025). 

In addition to the one-to-one tutoring, GenAI supports group work and immersive methods. Research 

examines the application of GenAI to facilitating multimodal collaboration in online classes and creating 

quality compositions (Wu, 2025; Jiang & Lai, 2025). New applications discuss the implementation of 

more than two AI pedagogical agents in Augmented Reality (AR) to assist in science education              

(Wei et al., 2025) and text-to-video tools to present the lesson in a linguistically responsive way          

(Min, 2024). The scaled training on these portable multimodal systems is also becoming scalable    

(Cioca & Cioca, 2025). In order to make these tools effective, the co-design workshops with students 

are becoming more popular in order to match the AI capabilities with the actual student needs           

(Prasad et al., 2025). 

The literature emphasizes that multimodal Generative AI has changed the large-scale education of 

Computer Science through the provision of real-time feedback and interactive learning with 

personalization. With the combination of text, audio, and visual inputs, AI assistants will be able to 

facilitate ongoing tutoring, clarification of concepts, and adaptive learning without overloading 

instructors. They also promote collaborative and immersive learning in these systems. Nevertheless, 

successful application entails human management to control pedagogical correctness, ethical 

application, and student learning significance. 
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3 Research Methodology 

Research Design and Procedural Framework 

This paper uses my Multi-Phase Design Science Research (DSR) approach, which is the most suitable 

for developing and accessing innovative IT artifacts in the educational ecosystems. The study will be 

organized into three cycles. The Relevance Cycle defines the requirements based on the analysis of the 

particular pedagogical issues of large-scale CS classes. The Design Cycle is dedicated to the 

development of the multimodal AI engine and its interface in a circle. Lastly, the Evaluation Cycle also 

strictly compares system performance with human-expert standards and student learning outcomes. 

Multimodal System Architecture and Data Fusion 

The technical core is based on a distributed cloud-based architecture that supports high concurrency and 

latencies of a few seconds. The system deploys a Multimodal Fusion Layer, which coordinates three 

input streams: visual information through the Integrated Development Environment (IDE) of the student, 

natural language queries (text or audio), and past performance data. 

The system uses a late-fusion technique, which obtains high-level features of each modality 

separately and combines them into a single state representation. This enables the generative engine to 

offer feedback not only on conceptually sound feedback but also on contextually sound feedback relative 

to the line of code that the student is currently editing. 

Pedagogical Scaffolding and Prompt Orchestration 

The methodology applies a Socratic Scaffolding Protocol to make sure that the AI acts as a mentor, but 

not as a solution provider. This is implemented via "Chain-of-Thought" (CoT) prompting and            

system-level guardrails. The assistant is programmed to map student errors to a taxonomy of cognitive 

blockers: syntax errors, logical fallacies, or algorithmic inefficiencies. Based on this classification, the 

engine generates hierarchical hints, starting with high-level conceptual analogies and only progressing 

to specific code-level pointers if the student demonstrates persistent "unproductive struggle" across 

multiple interaction turns. 

Experimental Setup and Deployment Strategy 

The system is deployed within a large-scale CS curriculum using a phased rollout strategy. A/B testing 

model is applied to compare performance of a treatment group (with the help of the multimodal AI 

assistant) and a control group (with the help of old-fashioned human-led forums and static 

documentation). The application is deployed on a scaled API framework and can maintain a stable 

platform even when the load is the heaviest, like during lab time or due to the assigned deadline. 

The experimental setup in figure 1 shows the structure of the experiment to test the multimodal AI 

assistant. The students will be separated into a control group with the help of traditional support systems 

and a treatment group with the help of the AI assistant. The telemetric interaction logs record quantitative 

metrics (time-to-resolution and hint depth), and the surveys and interviews are applied to provide 

qualitative information in relation to the Technology Acceptance Model. 
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Figure 1: Experimental deployment and data collection framework 

Data Collection and Analytical Instrumentation 

A combination approach is used to have a holistic view of whether the system is effective or not. The 

harvesting of quantitative data is through Telemetric Interaction Logs that record: 

• Time-to-Resolution (TTR): The duration from the initial error to a successful compilation. 

• Hint Depth: The number of levels of scaffolding to achieve student success. 

• Success Rate: The percentage of the correct self-correction in students under the influence of AI 

interventions. 

The data are collected in the form of qualitative information using Semi-Structured Interviews and 

validated surveys using Technology Acceptance Model (TAM), which assesses the Perceived Usefulness 

and Pedagogical Trust. 

Experimental Deployment and Data Collection Framework 

Framework for Multimodal AI Pedagogical Evaluation 

1. Participant Recruitment 

Large-Scale Computer Science Classroom Students (N ≈ 1200) 

2. Experimental Group Allocation  

(A/B Testing) 

Control Group 

Traditional Support 

Teaching Assistants 

Forums 

Documentation 

Treatment Group 

Multimodal AI Assistant 

IDE Monitoring 

Natural Language Queries 

AI Debugging Support 

3. System Interaction Phase 

Students interact with coding assignments and 

debugging tasks. 

The AI system provides Socratic scaffolding 

hints and multimodal feedback. 

 

4. Analytical Evaluation 

Quantitative Telemetry Logs 

• Time-to-Resolution (TTR) 

• Hint Depth 

• Interaction Turns 

• Success Rate 

Qualitative Feedback Collection 

• Technology Acceptance Model 

(TAM) Surveys 

• Perceived Usefulness (PU) 

• Perceived Ease of Use (PEOU) 

5. Outcome Assessment 

Evaluation of learning outcomes, debugging efficiency, 

and user acceptance of the multimodal AI assistant. 
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Validation and Reliability Metrics 

To ensure the imposition of academic rigor, the feedback of the AI is demonstrated through a Subject 

Matter Expert (SME) Audit. Senior CS instructors read a random sample of interaction logs to determine 

Pedagogical Accuracy and the occurrence of hallucinations. Moreover, statistical procedures such as the 

use of t-tests and Cohen's effect size are conducted on the pre- and post-test results to determine the 

actual learning improvements as a result of the AI assistant. 

Ethical Safeguards and Privacy Protocols 

Considering the sensitivity of student data, a high-level data anonymization pipeline is taken into 

account in the methodology. The Personally Identifiable Information (PII) is stripped of all code snippets 

and voice inputs at the edge and then sent to the generative models. The study plan will have an            

"Opt-Out" system and will ensure that all data management will be in line with the institutional ethics 

board requirements and the local data protection laws. 

Algorithm 1: Multimodal GenAI Assistant for Real-Time Pedagogical Feedback 

Input: 

Student IDE activity 𝑉, Natural language query 𝑄(text/audio), Student performance history 𝐻 

Output: 

Context-aware pedagogical feedback 𝐹and interaction log 𝐿 

Step 1: System Initialization 

1. Deploy distributed cloud-based multimodal AI framework. 

2. Initialize three data streams: 

o Visual coding context from IDE 𝑉 

o Student query input 𝑄 

o Historical learning data 𝐻 

Step 2: Data Acquisition 

3. Capture real-time IDE code snapshot. 

4. Receive student query in text or speech. 

5. Retrieve student performance history from learning database. 

Step 3: Multimodal Feature Extraction 

6. Extract syntax and structural features from IDE code. 

7. Apply NLP preprocessing to student query (tokenization, embedding). 

8. Extract learning indicators from historical data (previous errors, skill level). 

Step 4: Late-Fusion Representation 

9. Generate modality-specific feature vectors: 

o 𝐹𝑣from visual code context 

o 𝐹𝑞from query text/audio 

o 𝐹ℎfrom historical performance 

10. Combine vectors using late fusion to form a unified state representation 𝑆. 
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Step 5: Error Classification 

11. Analyze code and query context. 

12. Map detected issue into cognitive blocker taxonomy: 

• Syntax Error 

• Logical Error 

• Algorithmic Inefficiency 

Step 6: Socratic Scaffolding Strategy 

13. Apply Chain-of-Thought prompting to generate reasoning steps. 

14. Generate hierarchical hints: 

• Level 1: Conceptual explanation 

• Level 2: Conceptual analogy or strategy hint 

• Level 3: Code-level guidance (only if repeated failure detected) 

Step 7: Feedback Generation 

15. Produce contextual feedback 𝐹aligned with student code location and query. 

16. Deliver feedback through conversational interface. 

Step 8: Interaction Logging 

17. Record telemetry metrics: 

• Time-to-Resolution (TTR) 

• Hint Depth 

• Self-correction Success Rate 

18. Store interaction logs in anonymized database. 

Step 9: Experimental Evaluation 

19. Assign students into two groups: 

• Control group (traditional support) 

• Treatment group (AI assistant) 

20. Collect performance data from both groups. 

Step 10: Statistical Validation 

21. Perform statistical analysis: 

• Independent t-test on learning outcomes 

• Cohen’s d effect size calculation 

22. Conduct SME audit to evaluate pedagogical accuracy and hallucination rate. 

Step 11: Ethical Compliance 

23. Remove PII from code snippets and voice inputs. 

24. Apply anonymization pipeline and secure storage. 

25. Allow participant opt-out option. 
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The algorithm 1 describes the workflow of a multimodal GenAI assistant for real-time support in 

large-scale Computer Science courses. It collects student code context, natural language queries, and 

historical performance data, and integrates them using a late-fusion approach. The system identifies error 

types and generates hierarchical Socratic hints to guide learning without giving direct solutions. 

Interaction logs capture learning metrics, enabling experimental evaluation and statistical validation 

while ensuring data privacy and ethical safeguards. 

4 Results 

The assessment of the Multimodal Generative AI Assistant produced important information on its 

pedagogical performance, technical stability, and effectiveness in influencing the engagement of 

learners. Findings are grounded on a semester-long implementation of a diverse group of students, 

comparison of the results with those of a control group using the standard human-mediated support 

systems. A semester-long deployment was used, with 1,200 students, 600 in each control and AI-assisted 

group, using an A/B experimental design. 

Pedagogical Efficacy and Learning Gains 

The main measure of knowledge learning was that of the Normalized Learning Gain (g), measured as 

the amount of the change in student scores between pre-test and post-test as compared to the maximum 

possible amount of change in student scores between pre-test and post-test as compared to the maximum 

possible amount of change. The metric is calculated as: 

𝑔 =
𝑆𝑝𝑜𝑠𝑡 − 𝑆𝑝𝑟𝑒

100 − 𝑆𝑝𝑟𝑒
                                                    (1) 

In equation (1), 𝑆𝑝𝑜𝑠𝑡 is the post-test score, and  𝑆𝑝𝑟𝑒 is the pre-test score. 

Using the help of the multimodal AI, the experiment group achieved 85.1% post-test and 43.8%      

pre-test which gave a normalized gain of 0.73. On the other hand control group increased by 0.40 which 

was much lower with a movement of 44.2% to 66.8%. The statistical significance of this difference was 

verified with the help of a t-test with p < 0.001, and Cohen's d was 0.91. The effect size is calculated as: 

𝑑 =
𝑋̀1 − 𝑋̀2

𝑆𝑝
                                                               (2) 

In equation (2), 𝑋̀1and 𝑋̀2represent the group means and 𝑆𝑝denotes the pooled standard deviation. 

Table 1: Comparative analysis of learning outcomes 

Metric Control Group 

(N=600) 

AI-Assisted 

Group (N=600) 

Percentage 

Change 

Pre-test Mean Score 44.2% 43.8% -0.9% 

Post-test Mean Score 66.8% 85.1% +27.4% 

Normalized Gain (g) 0.40 0.73 +82.5% 

Cohen’s d (Effect Size) Baseline 0.91 (Large) N/A 

A comparative summary of the learning outcomes of both an AI-assisted group and a control group 

is provided in table 1. The pre-test outcomes demonstrate that the groups started with a similar level of 

knowledge at the beginning of the intervention. At the end of the instructional period, the outcomes of 

the post-test reveal an evident positive change in the results of the AI-assisted group in comparison with 

the control group. The normalized gain values also support the higher learning progress realized with 
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the use of AI-aided instruction. Moreover, the analysis of effect size shows that the effect of the                

AI-assisted learning strategy on education is significant. In general, the comparison indicates that the 

incorporation of AI support in the process of learning may greatly contribute to the improvement of the 

performance of students and their learning outcomes. 

 

Figure 2: Learning gains before and after AI-assisted pedagogical support 

Figure 2 shows the pre-test and post-test of student mean scores of the control and the AI-assisted 

group. Both groups had almost equal levels of baseline knowledge (≈44%). Nevertheless, students 

assisted by the Multimodal Generative AI Assistant have a significantly better post-test score (85.1%) 

in relation to the control group (66.8%). The ensuing normalized learning gain was significantly bigger 

in the case of the AI-assisted group (g = 0.73) compared to the control group (g = 0.40), which showed 

the strong influence of multimodal AI feedback on conceptual mastery. 

Efficiency in Debugging and Time to Resolution 

The time-to-Resolution (TTR) metric was used to measure the efficiency of the AI assistant, and it is the 

average time in seconds it takes to find the error in the program and remove it. The metric is defined as: 

𝑇𝑇𝑅 =
∑ (

𝑁

𝑖=1
𝑡𝑓𝑖𝑥,𝑖 − 𝑡𝑑𝑒𝑡𝑒𝑐𝑡,𝑖)

𝑁
                                  (3) 

Where, in equation (3): 𝑡𝑓𝑖𝑥 is the time when the error was fixed, 𝑡𝑑𝑒𝑡𝑒𝑐𝑡 is the time when the error 

was spotted, and 𝑁 is the number of instances of debugging. 

Also, AI-generated hint efficacy was measured with Hint Efficacy Score (HES) (presented in the form 

of equation (4): 

𝐻𝐸𝑆 =
𝑁𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛𝑠

𝑁𝑡𝑜𝑡𝑎𝑙 ℎ𝑖𝑛𝑡𝑠
                                        (4) 
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This metric reflects the proportion of hints that successfully guided students toward independent error 

correction. 

Records showed that students who had the AI assistant had an average of 11.2 minutes TTR, which 

is a 91.6% decrease compared to the 134.5 minutes average over the control group who used traditional 

teaching assistants and discussion forums. Moreover, the Hint Efficacy Score (HES) of the ratio of 

successful self-corrections to the total number of hints given was 0.82, where the AI group was involved. 

This implies that the multimodal feedback was very effective in directing students to an independent 

solution without giving them direct code. 

 

Figure 3: Efficiency gap in debugging time (time-to-resolution) between traditional support and the 

multimodal AI assistant 

Figure 3 shows the comparison of the overall time taken to solve the errors in the programs with the 

help of the traditional instructional support and multimodal AI assistant. The horizontal bar chart 

demonstrates the contrast in resolving time between the two support mechanisms and the fact that there 

is more efficiency with the AI-assisted guidance. 

Table 2: Debugging efficiency and interaction metrics 

Efficiency Metric Traditional 

Support 

Multimodal 

AI Assistant 

Efficiency Gain 

Avg. Time-to-Resolution (TTR) 134.5 Minutes 11.2 Minutes 91.6% Reduction 

Avg. Interaction Turns 8.4 Turns 3.2 Turns 61.9% Reduction 

Hint Efficacy Score (HES) 0.58 0.82 41.3% Improvement 

Unproductive Struggle Rate 18.6% 4.2% 77.4% Reduction 

Table 2 will compare the performance of debugging and interaction with the traditional method of 

support and the multimodal AI assistant. The findings show that the AI-based method has a high positive 

effect on the efficiency of the debugging process: it leads to a decrease in the time spent on solving 

programming problems, as well as a decrease in the number of interaction steps to solve problems. 

Another parameter that shows the effectiveness of AI-generated guidance is the hint efficacy score, 

which serves to show that AI-generated guidance is more effective and relevant in cases where the 

students are engaged in debugging tasks. Also, the percentage of unproductive struggle is significantly 

reduced with the help of the multimodal AI assistant for learners. In general, the results indicate that      



Multimodal Generative AI Assistants for Real Time Pedagogical 

Feedback in Large Scale Computer Science Classrooms 

                                  Rayxona Tillayeva et al. 

 

322 

AI-assistance can increase the efficiency of the problem-solving process, positively affect the quality of 

guidance, and enable students to solve errors in coding more efficiently. 

Technical Performance and Multimodal Accuracy 

Responsiveness of the system was measured in terms of mean response latency, which is the mean time 

between user query and AI response. The metric is calculated as: 

𝐿𝑎𝑡𝑒𝑛𝑐𝑦𝑚𝑒𝑎𝑛 =
∑ (

𝑁

𝑖=1
𝑡𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒,𝑖 − 𝑡𝑞𝑢𝑒𝑟𝑦,𝑖)

𝑁
                             (5) 

In equation (5), 𝑡𝑞𝑢𝑒𝑟𝑦, i represents the time at which a user submits a query 𝑖, 𝑡𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒,𝑖denotes the 

time when the AI generates the response, and 𝑁is the total number of interactions analyzed. 

Another key system reliability metric is Multimodal Sync Accuracy (MSA), which evaluates how 

accurately the system aligns a user’s verbal or textual query with the corresponding programming 

context in the code editor. It is defined as: 

𝑀𝑆𝐴 =
𝑁𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑠

𝑁𝑡𝑜𝑡𝑎𝑙 𝑚𝑢𝑙𝑡𝑖𝑚𝑜𝑑𝑎𝑙 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠
× 100                               (6) 

In equation (6), 𝑁𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑎𝑙𝑖𝑔𝑛𝑚𝑒𝑛𝑡𝑠represents the number of correctly synchronized multimodal 

interactions, and 𝑁𝑡𝑜𝑡𝑎𝑙 𝑚𝑢𝑙𝑡𝑖𝑚𝑜𝑑𝑎𝑙 𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑠denotes the total multimodal queries processed by the 

system. 

In a bid to achieve reliability in the instructional feedback, the Hallucination Rate (HR) was also 

assessed. The measure is the percentage of AI-generated responses with erroneous or misleading 

information, and it is computed as: 

𝐻𝑅 =
𝑁𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑠

𝑁𝑡𝑜𝑡𝑎𝑙 AI responses 
× 100                                                  (7) 

The equation (7) 𝑁𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒𝑠represents the number of AI outputs that have technical 

inaccuracies, and  𝑁𝑡𝑜𝑡𝑎𝑙 AI responses represent the overall responses produced by the system. 

Technical testing was undertaken on the capacity of the system to manage high-concurrency loads 

and accuracy in various streams of data. The average response time was documented as 1.65 seconds, 

and this was enough to make the pedagogical response seem prompt and conversational. An important 

technical measure, Multimodal Sync Accuracy (MSA), was used to estimate the accuracy of the AI in 

matching a student's query, spoken or written query, to the particular state of their code editor; this was 

97.2%. An exceptionally low hallucination rate was also preserved at 0.85% in the system, making the 

instructional direction technically sound even in sophisticated algorithmic conditions. 

Table 3: Technical performance and system reliability 

Parameter Performance Value Reliability Threshold 

Mean Response Latency 1.65 Seconds < 2.0 Seconds 

Multimodal Sync Accuracy (MSA) 97.2% > 95.0% 

Hallucination Rate 0.85% < 1.00% 

Max Concurrent Users 2,500+ 1,000 (Target) 
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Table 3 shows the system performance and reliability parameters of the multimodal AI assistant when 

it is operating. It measures the significant parameters, such as the response latency, the accuracy of 

multimodal synchronization, rate of hallucination, and system scalability. The findings show that the 

system has a high response time and synchronization accuracy among multimodal inputs. Also, the 

hallucination level is extremely minimal, which proves the credibility of the responses generated. The 

platform is also able to accommodate a high number of concurrent users, which is above the target 

capacity. Generally, the findings indicate that the AI system has reached and exceeded the reliability 

limits predetermined, which proves that it is stable and applicable to large-scale education. 

Ablation Study  

To evaluate the contribution of individual system components, an ablation study was conducted by 

testing three reduced configurations of the proposed framework: (i) Text-Only AI Assistant, (ii) Text + 

Code Context without Historical Data, and (iii) Full Multimodal Model (Text + Code + History). The 

text-only version resulted in normalized learning gain of 0.52 and Hint Efficacy Score (HES) of 0.64, 

which implies that there was a lack of contextual understanding. The second structure enhanced the 

performance when g = 0.61 and HES = 0.72 indicating the significance of code-context awareness. The 

multimodal setting was the most effective (g = 0.73, HES = 0.82) and the least Time-to-Resolution, 

which validates the fact that multimodal fusion can provide a substantial improvement in the quality of 

instructing and debugging. 

Subject Matter Expert Validation and Feedback Quality 

To validate the qualitative nature of the AI’s feedback, a double-blind audit was conducted by senior 

faculty members. On a 5-point Likert scale, the AI’s pedagogical soundness, its ability to scaffold 

learning rather than simply giving answers, was rated 4.8/5. Its recommendations were rated as 

technically correct 4.9/5, whereas 4.7/5 was the rating of its awareness of the context when providing 

specific lab assignments. These findings point to the fact that the generative model was effectively 

enforced within the pedagogical guardrails of the methodology, and it had a degree of mentorship that 

was comparable to the mentorship of human tutors. 

Table 4: Expert validation and user acceptance 

Dimension SME Rating 

(1–5) 

Student 

Rating (1–7) 

Interpretation 

Pedagogical Soundness 4.8 / 5 N/A High Scaffolding Quality 

Technical Correctness 4.9 / 5 N/A Reliable Logic Guidance 

Perceived Usefulness (PU) N/A 6.6 / 7 High Utility Value 

Perceived Ease of Use (PEOU) N/A 6.3 / 7 Low Cognitive Load 

Table 4 shows the professional verification and user acceptance test of the multimodal AI assistant. 

Subject Matter Experts (SMEs) evaluated the system regarding the soundness of the pedagogical and 

technical correctness, which implies that the assistant has well-organized instructional support and 

consistent logical direction. The student feedback is through perceived usefulness and perceived ease of 

use, which is the level at which the learners are interacting with the system in an effective and 

comfortable way. In general, the reviews indicate that the AI assistant has high instructional standards, 

high utility of learning assignments, and a user-friendly interface that does not require students to exert 

much cognitive load. 
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Figure 4: Expert and student evaluation of the multimodal AI assistant 

Figure 4 shows a lollipop with two axes to compare expert ratings and student perception scores of 

the multimodal AI assistant. The left axis is the Subject Matter Expert ratings on pedagogical soundness 

on a 5-point scale and technical correctness on a 5-point scale, and the right axis is those of the student 

Technology Acceptance Model on 7 points. The analysis shows a high level of evaluation among the 

two stakeholder groups, which is high and steady. 

Technology Acceptance and User Sentiment 

The Technology Acceptance Model (TAM) was used to measure the students' perception of the system 

in terms of Perceived Usefulness (PU) and Perceived Ease of Use (PEOU). These metrics were 

computed as the mean values of Likert-scale responses collected from participants: 

𝑃𝑈 =
∑ 𝑃𝑘

𝑖=1 𝑈𝑖

𝑘
                                                                                   (8) 

𝑃𝐸𝑂𝑈 =
∑ 𝑃𝐸𝑂𝑘

𝑖=1 𝑈𝑖

𝑘
                                                                       (9) 

In equations (8) and (9) 𝑃𝑈𝑖and 𝑃𝐸𝑂𝑈𝑖represent individual survey responses for usefulness and ease 

of use, respectively, and 𝑘denotes the total number of respondents. 

The last layer of the results was dedicated to the perception of the student as applied by the 

Technology Acceptance Model (TAM). The students have a Perceived Usefulness (PU) score of 6.6/7 

and a Perceived Ease of Use (PEOU) score of 6.3/7. The qualitative analysis of the feedback logs 

revealed that the most valued feature was the so-called multimodal capability, which is the ability to 

discuss the code that is presented in the voice and look at the visual logic. Students reported that this 

interaction decreased the cognitive load of typing complicated technical queries, enabling them to pay 

more attention to the computer science principles that were behind. 
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Software Details 

The Multimodal Generative AI Assistant was implemented using Python (v3.10) as the primary 

development environment. Deep learning and multimodal model integration were developed using 

PyTorch (v2.1) and TensorFlow (v2.13). Natural language understanding and generative capabilities 

were supported through Hugging Face Transformers (v4.36). The cloud infrastructure and scalable API 

services were deployed on Amazon Web Services (AWS EC2 & Lambda, 2025 release). Telemetry 

interaction logs and multimodal data were stored using MongoDB (v7.0). Statistical analysis, hypothesis 

testing, and visualization of learning metrics were conducted using R (v4.3) and MATLAB (R2024a). 

5 Discussion 

The findings indicate that the Multimodal Generative AI Assistant led to much superiority in learning 

and debugging in large-scale computer science classrooms. Students who obtained the help of the AI 

tended to learn many more normalized gains than the other group (control group), and these gains rose 

between 0.40 and 0.73. The strength of this improvement was statistically tested and found p < 0.001 

with a Cohen's d effect size of 0.91, meaning there was a huge educational effect. Regarding efficiency 

in debugging, the AI- assisted group took an average of 11.2 minutes to resolve (TTR) time as compared 

to 134.5 minutes; the AI-assisted group had cut the time-to-resolution rate (TTR) by 91.6%. Interaction 

efficiency also improved, with fewer conversational turns required to resolve issues. The technical 

reliability of the system was found to be good with a mean response time of 1.65 seconds, multimodal 

synchronization error of 97.2 % and hallucination rate of 0.85%. In addition, pedagogical quality was 

highly evaluated by experts, and the student feedback based on the Technology Acceptance Model 

demonstrated high performance in terms of perceived usefulness (6.6/7) and ease of use (6.3/7). These 

results indicate that multimodal AI support contributes to conceptual learning and to solving practical 

problems in programming education. The large normalized learning gain refers to the fact that the 

process of acquiring knowledge is supported with the help of AI-guided scaffolding. The outstanding 

reduction in the time required to debug implies that the AI assistant will provide context-sensitive 

recommendations in good time and will not spend time on unproductive work. The fact that the system 

is so synchronized across voice, text, and code contexts indicates that it is capable of interpreting queries 

made by students. Besides, the high ratings of subject matter experts prove that the AI answers 

correspond to the sound pedagogical approaches instead of merely providing direct responses. The 

findings reveal the possibility of multimodal generative AI systems to resolve the issue of scaling large 

computer science courses. Conventional teaching strategies have difficulties delivering the right help to 

hundreds of students at the same time. AI assistants capable of delivering immediate feedback can 

augment human instructors and teaching assistants, improving learning outcomes while reducing 

instructor workload. It is also possible to propose that multimodal interaction involving voice, visual 

context, and code analysis will reduce cognitive barriers and enhance student interaction with complex 

programming tasks, which is supported by the findings. Although the results were promising, a number 

of limitations need to be identified. The research was carried out in one semester and in the context of 

introductory programs mainly. There was no evaluation of long-term retention of the knowledge and 

effectiveness of the system in various academic disciplines. Also, even with the low rate of hallucination, 

there are still cases of the wrong response with a generative system, and the controlled classroom setting 

is not necessarily the same as in practice at various educational facilities. Future studies need to explore 

long-term learning and how AI-assisted learning can be transferred to higher-level subjects in computer 

science, including algorithms, data structures, and software engineering. The scalability of the approach 
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would further be justified by the cross-institutional studies of different student populations. Also, 

adaptive learning analytics and personalized feedback mechanisms may also be integrated to increase 

the education-oriented effectiveness of multimodal AI assistants. 

6 Conclusion  

The paper has been written on the challenge of offering scalable, real-time pedagogical assistance to 

large, computer science classes in which the conventional resources (instructor and teaching assistant) 

are not always adequate to address the great demand for individualized debugging assistance. The paper 

has explored whether a Multimodal Generative AI Assistant can be used to enhance learning outcomes, 

debugging performance, and student engagement through the integration of conversational AI with 

contextual code analysis, as well as multimodal interaction. The findings prove that AI-based learning 

is able to dramatically increase the level of conceptual knowledge as well as problem-solving skills. The 

normalized learning gain of the students who had the multimodal AI assistant was 0.73, whereas the 

control group had a normalized learning gain of 0.40, and thus, the support of the multimodal AI assistant 

led to a significant increase in knowledge acquisition among students. The statistical analysis also 

supported the effectiveness of the intervention, with a Cohen's d effect size of 0.91, which is a high 

educational impact. Regarding the issue of debugging performance, the AI system drastically lowered 

the average time-to-resolution (TTR) of 134.5 minutes to 11.2 minutes, which is a 91.6% efficiency 

improvement. The system was also similarly technically dependable, with a 97.2% multimodal 

synchronization accuracy, a 1.65-second response latency, and a hallucination rate of less than 1%, 

which provides steady and reliable feedback in real-time student interactions. The high level of pedagogy 

and high acceptance by the users were also supported by the expert ratings and student input. The main 

conclusion of this research is that the use of multimodal AI assistants in a computer science classroom 

can provide a considerable increase in learning outcomes, minimize the frustration in debugging, and 

contribute to the availability of individualized instructional support within a large classroom. 
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