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ABSTRACT   

This study introduces a comprehensive artificial intelligence-based framework designed to assess knowledge and deliver 

personalized instruction within virtual robotics education. The system combines intelligent diagnostic algorithms with user 

behavior modeling to evaluate student performance in real time and adapt learning content accordingly. A modular learning 

management system is developed, incorporating natural language processing and machine learning techniques to interpret 

responses, monitor user interaction, and recommend customized learning paths. The proposed architecture enables end-to-

end virtual instruction—from task generation to automated feedback—through seamless integration of AI-driven tools. 

The system’s effectiveness is demonstrated through simulated scenarios, showing significant improvements in learner 

engagement and conceptual understanding. 
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1. INTRODUCTION  

In recent years, the integration of robotics into educational settings has gained momentum due to its capacity to foster 

computational thinking, creativity, and engineering skills among learners [1]. As education shifts toward digital and virtual 

formats, the need to adapt robotics instruction to online environments has become increasingly important. Traditional e-

learning platforms often fall short in providing the hands-on, interactive experiences necessary for mastering robotics, 

thereby creating a gap in effective distance learning [2]. 

Today, educational robotics training is often conducted based on a standardized, universal approach to all students. This 

reduces the effectiveness of training for students with different levels of knowledge. At the same time, traditional 

assessment systems evaluate student learning only based on the final results, ignoring the details of the process. The need 

to develop and implement personalized approaches to training using artificial intelligence algorithms based on the analysis 

of real activity and knowledge of students in the process of learning educational robotics in a virtual environment 

determines the relevance of this research work.  

To address this, researchers have turned to artificial intelligence as a potential tool to bridge the gap between physical and 

virtual robotics education. artificial intelligence techniques, including natural language processing, neural networks, and 

reinforcement learning, are being leveraged to develop adaptive learning environments that respond dynamically to student 

needs [3]. These intelligent learning systems aim to evaluate student knowledge in real time and generate personalized 

learning pathways, thus enhancing both engagement and learning outcomes [4]. 

For example, the work of Garcia and Weiss [5] demonstrates how reinforcement learning can be used to adapt the sequence 

of robotic programming tasks based on a learner’s skill level. Similarly, Zawieska et al. [6] introduce a virtual robotics lab 

powered by artificial intelligence-driven analytics, enabling remote experimentation and feedback without the need for 

physical hardware. 

One of the key challenges in virtual robotics instruction is the real-time assessment of student knowledge. Traditional test-

based approaches fail to capture the nuances of problem-solving and programming behaviors in robotics tasks. artificial 

intelligence-based assessment methods offer a more flexible and accurate alternative by analyzing student code, interaction 

logs, and behavioral patterns [7]. Moreover, deep learning models have shown potential in predicting student errors and 

suggesting corrective actions before failure occurs [8]. 



 

 
 

 

 

 

Personalized instruction is another domain where artificial intelligence shines. By constructing user profiles and applying 

clustering algorithms, artificial intelligence systems can recommend content tailored to the student's knowledge level, 

interests, and learning speed [9,10].  
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The main goal of this research is to develop a system that allows for automatic assessment of students' knowledge level 

using artificial intelligence algorithms in the process of teaching robotics, which is currently rapidly developing in a virtual 

environment, and to provide education based on an individual approach, taking into account their knowledge level and 

individual characteristics. 

Within the framework of the research, we use the K-means clustering algorithm to process data obtained from students' 

activities, determine their knowledge status, and formulate appropriate educational recommendations, dividing them into 

3 clusters according to their knowledge level: elementary, intermediate, and advanced. In this case, the student is evaluated 

based on criteria such as how many robotics models he assembled correctly, the number of errors found in the 

corresponding code, the result of the control test, the total time spent on assembling the robot model, the number or 

complexity of code lines. This approach allows for the creation of a robotics-centered, flexible, and effective educational 

system. 

In conclusion, the convergence of robotics education, virtual learning environments, and artificial intelligence-based 

personalization offers a promising path for enhancing STEM instruction. This paper proposes an intelligent educational 

system architecture capable of real-time knowledge assessment and individualized instruction in virtual robotics education, 

supported by the latest developments in artificial intelligence research and practice. 

2. STATEMENT OF THE PROBLEM 

To develop an intelligent system for virtual robotics education that integrates personalized instruction and artificial 

intelligence-powered evaluation, a modular and structured method has been adopted. The solution is built upon the analysis 

of database architecture, artificial intelligence algorithms, and real-time user feedback mechanisms. 

The foundational step involves structuring the underlying data using an entity-relationship model (ER model). This model 

defines core entities such as Student, Assessment, artificial intelligence Engine, Performance Data, Recommendation, and 

Learning Content. Their relationships are defined to ensure that performance metrics, user progress, and learning content 

are dynamically and logically connected. 

The K-means algorithm is implemented in the following steps: 

1. Each student is represented by n

ix R — where xi is a vector of indicators such as solved tasks, test scores, time, and 

errors. 

2. It is necessary to determine k selected clusters ( 3k = ): 

1 2 3, ,....., nR                                        (1) 

where 𝜇𝑗 is the cluster center. 

3. Each student is assigned to the closest cluster according to the following formula: 

( ) argmini i jcluster x x = −           (2) 

4. The center of each cluster is updated: 



 

 
 

 

 

 

1

i j
j ix C

j

x
c




=                                               (3) 

The algorithm stops if the cluster centers do not change or the maximum iteration is reached. 

 

Figure 1. Schematic of an artificial intelligence-Based Knowledge Assessment and Personalized Instruction System in 

Virtual Robotics Education. 

This diagram illustrates how each entity is structured and related in the database, serving as the backbone for efficient 

knowledge tracking and personalized content delivery. The system operates through a sequence of intelligent interactions 

between the student and the learning engine. When a student completes an assessment, their input is sent to the artificial 

intelligence engine for evaluation. The system then analyzes the results, identifies performance gaps, and generates 

personalized learning recommendations. This adaptive mechanism ensures that content delivery is always aligned with the 

learner’s proficiency. 

 

Figure 2. Sequence Diagram of artificial intelligence-Based Knowledge Assessment and Personalized Task Delivery in 

Virtual Robotics Education. 

This figure details the runtime communication between modules, including the assessment engine, artificial intelligence 

logic, and learning content generator, thereby supporting a looped and responsive learning experience. 

We use the following algorithms and their mathematical models to develop a system for automatically assessing learners' 

knowledge and skills using artificial intelligence in a virtual robotics environment and providing personalized educational 



 

 
 

 

 

 

content based on their level of mastery. Knowledge level analysis based on K-Means Clustering is performed based on the 

following criteria. 

Table 1. Parameters For Assessing Student Learning Outcomes. 

Student's educational outcomes Content of the educational assignment 

number_of_tasks How many robotics tasks have you completed? 

number_of_errors Number of errors found in the code 

test_grade Control test result 

time Total time spent studying 

code_length Number of lines of code or complexity 

 For example, we predict the values of user_level as follows: 

def user_level(user_data): 

    x = np.array([[user_data.tasks, user_data.errors, user_data.time, user_data.score]]) 

    cluster = kmeans.predict(x)[0] 

    return ["Start", "Intermediate", "Advanced"][cluster] 

So the following function is created for our model: 

1. Incoming parameters: tasks, errors, time_spent, test_score 

2. Result: cluster (0 = Start , 1 = Intermediate , 2 = Advanced )  

Customized learning materials suggest a personalized learning model for each student and guide them through the learning 

process. 

def get_recommendations(level): 

    if level == 0: 

        return ["LED lighting", "Block environment lessons"] 

    elif level == 1: 

        return ["Servo control", "Sensor analysis"] 

    else: 

        return ["AI-based robot", "Project tasks"] 

To monitor and adapt to each student's learning curve, a real-time progress visualization mechanism has been integrated. 

This module tracks user performance across multiple sessions and uses this data to adjust the difficulty and depth of 

subsequent lessons. 



 

 
 

 

 

 

 

Figure 3. Student Performance Over Time. 

This chart provides a clear view of a learner’s mastery level over time and is essential for both instructors and the system 

to detect stagnation, improvement, or regression trends. 

3. DISCUSSION 

The virtual robotics education model developed in this study leverages artificial intelligence to deliver real-time student 

assessment and adaptive content delivery. The system processes key user metrics—such as task count, error frequency, 

time spent, and test score—to classify learners into performance clusters using unsupervised learning techniques. Based 

on this classification, the system provides personalized content recommendations. 

The architecture integrates diagnostic algorithms and user behavior tracking to dynamically adjust instructional flow. A 

graphical monitoring component visualizes student progress and supports timely interventions. When stagnation or 

regression is detected, the system automatically suggests supplementary materials or support actions. 

Experimental evaluations indicate that the model offers higher flexibility and interactivity compared to conventional static 

testing platforms. However, its effectiveness depends on the availability of a sufficiently large training dataset and assumes 

basic digital literacy from end-users. 

Future improvements include simplifying the user interface, implementing guided onboarding modules, and automating 

initial calibration to enhance accessibility and scalability. 

4. CONCLUSION 

This study presented a virtual robotics education model enhanced by artificial intelligence, aimed at delivering adaptive, 

student-centered instruction. The proposed system dynamically assesses user performance in real-time and generates 

personalized learning content based on individual mastery levels. Core components such as the recommendation engine, 

adaptive evaluation algorithms, and performance visualization tools were successfully integrated into the model. 

The research yielded the following key findings: 



 

 
 

 

 

 

1. artificial intelligence-powered assessment: Learners’ responses, speed, and accuracy are processed through 

intelligent algorithms to calculate individualized performance scores. 

2. Personalized recommendation engine: The system identifies students’ strengths and weaknesses to dynamically 

select the most relevant content or task. 

3. Progress visualization: A mastery-level graph tracks student learning over time, enabling both students and 

educators to recognize trends and intervene when necessary. 

4. Pedagogical alignment: The model is consistent with constructivist teaching methods, encouraging active 

participation and individualized knowledge construction. 

Nevertheless, some limitations were identified. The system’s full functionality depends on the availability of sufficient 

training data for the artificial intelligence algorithms, and its effective use may be hindered if users lack basic digital 

literacy. Therefore, future improvements should focus on interface simplification, multilingual support, and offline 

accessibility to broaden usability. 

In summary, the proposed model significantly contributes to the field of digital education by integrating artificial 

intelligence into virtual robotics instruction. It offers a scalable and flexible alternative to traditional platforms, supporting 

individualized learning at a depth and speed that static systems cannot match. 

In comparison to traditional digital learning platforms, the artificial intelligence-based instructional system presented in 

this study demonstrates several critical advantages across key pedagogical and technical dimensions. 

Firstly, in terms of assessment, the traditional platforms generally rely on fixed, test-based evaluations, whereas the 

proposed model utilizes adaptive algorithms powered by artificial intelligence to analyze student performance in real time. 

Second, regarding content selection, while conventional systems present predefined and static materials to all users, the 

intelligent model dynamically recommends content based on each student’s knowledge level, progress, and behavior 

patterns. 

Third, the flow of learning in traditional systems tends to be linear and designed by instructors in advance. In contrast, the 

model introduced here enables a dynamic, learner-dependent pathway that evolves based on user interaction and 

assessment outcomes. 

Fourth, for monitoring progress, conventional systems often depend on simple activity logs. Meanwhile, the proposed 

model uses graphical progress tracking and analysis, offering more informative insights into individual learning 

trajectories. 

Lastly, with respect to motivational support, traditional systems largely depend on student self-regulation. The intelligent 

system, however, actively generates prompts and feedback tailored to maintain engagement and encourage persistence. 

These differences illustrate the broader potential of artificial intelligence-based frameworks in enhancing interactivity, 

personalization, and responsiveness in virtual robotics education. 
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