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1. ABSTRACT 

Cognitive Aware Temporal Learning for Hyper-Personalized Education develops intelligent education systems which 

transform conventional teaching methods into automatically adjusting educational experiences. The AI-based personal 

tutoring system functions as more than a basic question and answer platform by storing study session details from past 

sessions to track student development throughout their academic journey. The system creates knowledge timelines to 

discover user learning weaknesses which it addresses through spaced repetition methods and custom quizzes that 

adjust based on each user's unique study behavior. The platform uses advanced Natural Language Processing and 

LLaMA-2/3 (7B) with Sentence-BERT/MiniLM embedding models to provide temporal reasoning and vector storage 

through FAISS and session tracking with SQLite/PostgreSQL database systems. The system demonstrates knowledge 

advancement through time which supports learning by adjusting content based on intelligent algorithms. The Python-

based system uses Streamlit/Flask to create an interactive interface which enables this "temporal tutor" to provide 

customized educational assistance as students progress through their educational paths in coding and exam preparation. 
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2. INTRODUCTION 

The "Cognitive-Aware Temporal Learning Companion" functions as an AI-based intelligent tutoring system which 

improves educational outcomes through its ability to adapt throughout the entire learning process. The system uses 

temporal memory to track all study activities of a learner from previous educational sessions which enables it to 

determine their existing knowledge and their study methods. The system creates adaptive quizzes and reinforcement 

exercises through its analysis of previous user interactions which follow spaced repetition principles to improve users' 

ability to remember information over extended periods. The system uses Natural Language Processing and semantic 

embedding models to process various learning materials which include lecture notes and slides and coding problems 

and audio/video lessons to extract content meaning. The system records session data which gets organized into 

knowledge timelines that permit temporal reasoning about how learners progress through their studies. The system 

offers interactive visual dashboards which show users their performance trends and their mastery of concepts and their 

progress over time. The platform creates personalized educational content which evolves with the learner's 

development of skills through self-learning and cognitive capacity development. 

3. BACKGROUND OF THE PROJECT 

Current digital learning needs advanced techniques because it cannot succeed through either basic content presentation 

or single assessment methods. The existing e-learning platforms together with tutoring systems establish restricted 

personalized learning paths without providing tools for monitoring student knowledge development. The field of 

research has achieved major progress in knowledge tracing together with spaced repetition and AI-based content 

generation yet there exists no unified solution which unites temporal student memory with adaptive assessment and 

intelligent feedback functions within one system. The Cognitive- Aware Temporal Learning Companion addresses this 

gap by developing an AI-powered personal tutor that maintains temporal memory of study sessions and models 
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knowledge progression across time. The system creates customized quizzes together with learning suggestions through 

its evaluation of previous results and determination of deficiencies together with implementation of spaced repetition 

techniques. The system analyzes different educational resources through NLP and embedding models while offering 

visual progress tracking and enabling students to practice coding with automated assessment systems. The platform 

creates individual educational experiences through its ability to adjust according to students learning speed and 

assessment results. 

 

4. LITERATURE REVIEW 

1. Rakesh Thakur. (2024): 

The multimodal AI/ML educational platform uses automated question generation together with simulation and 

interactive assessment elements to deliver its educational content. The system uses adaptive feedback loops to create 

custom learning paths which depend on student performance data. The framework successfully improves student 

engagement and helps students understand concepts better but it lacks the ability to track knowledge development 

throughout long study durations because it does not use long-term memory tracking systems. 

2. Marina. (2024): 

The system creates an intelligent educational recommendation system which uses machine learning to assess students' 

knowledge states. The platform provides personalized learning material recommendations while allowing users to 

assess their own progress. The system only estimates current knowledge levels but does not support extended learning 

through deep time tracking or spaced repetition methods. 

3. Kavitha Sharma. (2024): 

The research establishes Deep Knowledge Tracing (DKT) through Recurrent Neural Network implementations to 

track student learning progress and forecast their academic results. The method achieves better mastery 

prediction results when compared to standard Bayesian prediction systems. The research maintains its predictive 

accuracy yet fails to include either content generation systems or instantaneous adaptive quiz development tools. 

 

4. S. Verma & P. Das. (2023): 

The researchers employed reinforcement learning agents to develop a system that simulates student behavior and 

produces suggestions for their most effective upcoming educational activities. The system updates its behavior 

according to the two components which include user interaction data and user performance evaluation results. The 

system succeeds at delivering personalized experiences but it fails to function because it needs to connect with large 

language models which create real-time explanations and evaluate practical programming tasks. 

5. Alex Johnson. (2023): 

The researchers use temporal data mining methods for their research work which studies how emotional and mental 

states affect student learning patterns. The model achieves better performance because it eliminates unnecessary 

content distribution to users. The system lacks two essential components because it fails to implement structured 

knowledge tracing and automatic adaptive assessment systems. 

6. Dr. Nishant Rao. (2022): 

The system demonstrates its temporal learner behavior modeling through analysis of interaction logs using time-series 

methods. The platform adjusts its feedback delivery schedule and educational material according to the cognitive 

rhythms of users. The system successfully synchronizes feedback but lacks the ability to combine LLM- based 

dialogue systems with retrieval-grounded content generation. 
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7. C. Piech et al. (2022): 

The authors present an RNN-based sequence modelling method which enables the tracking of student knowledge 

progression throughout their educational journey. The model predicts next-question correctness and estimates latent 

mastery levels. The research establishes a fundamental foundation for adaptive learning research while lacking 

solutions for explainability and generative AI system integration. 

8. Patrick Lewis et al. (2022): 

The researchers suggest that neural retrieval systems should be combined with generative language models to enable 

AI systems to base their outputs on external knowledge sources. The method establishes better factual accuracy 

through the dual benefits of reduced hallucination rates and improved actual factual reliability. The framework serves 

educational AI purposes but lacks design features necessary for tracking student progress over time and delivering 

personalized tutoring solutions. 

9. Wang et al. (2021): 

The study presents a detailed analysis of LLM applications which function in three educational areas for tutoring 

assessment and feedback systems. The research demonstrates how personalization features help users but the study 

also reveals the dangers of hallucination and bias which can result from these features. The research study found that 

student memory retention over extended periods presents a significant research gap that requires investigation. 

10. Garscia-Mateos et al. (2020): 

Presents a systematic review of automated programming assessment tools that use sandboxed execution and static 

analysis and feedback generation strategies. The study describes best practices which organizations should follow 

when they want to create scalable coding evaluation systems. The existing grading systems have reached high 

development stages but there remains a research gap regarding their integration with temporal knowledge tracing and 

adaptive LLM-based hint generation methods. 

 

 

5. COMPARISION TABLE 

 

S. 

No 

Author(s) Title Methodology Key Contribution 

 

 

 

1 

 

 

Rakesh Thakur 

(2024) 

A Multimodal 

Platform for Adaptive 

AI/ML Education 

Through Automated 

Question Generation 

and  Interactive 

Assessment 

Uses an AI-driven 

modular

 system 

combining coding, 

simulations, and viva 

assessments

 with adaptive feedback. 

Boosts  learner 

engagement, 

understanding, 

 and personalized 

  skill growth

 through data-

driven insights. 

 

 

 

2 

 

 

Marina (2024) 

An   Intelligent 

Educational Platform 

for  Personalized 

Learning    Content 

Recommendations 

Based on  Students’ 

Knowledge State 

Uses adaptive 

assessments and machine 

learning to analyze 

student knowledge states 

and dynamically 

recommend learning 

materials. 

 

Enables self- 

assessment, tracks 

progress, 

 and promotes 

targeted learning. 
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3 

 

Kavita Sharma. 

(2024) 

 

Knowledge Tracing 

Using Deep Neural 

Networks for Adaptive 

Learning 

Implements

 Deep 

Knowledge Tracing 

(DKT) using RNNs to 

predict learner 

performance 

 and personalize content. 

Achieves high 

accuracy in 

predicting student 

success and 

improving adaptive 

outcomes. 

 

 

4 

 

S. Verma,

 P. Das (2023) 

 

Hyper-Personalized 

Learning

 with Reinforcement 

Learning Agents 

Applies reinforcement 

learning agents to model 

student behavior and 

suggest optimal next 

learning actions. 

Improves motivation

  and academic 

performance 

through evolving 

learning paths.. 

 

 

5 

Alex 

Johnson2023) 

Affective

 and 

Cognitive

 State 

Detection

 in Intelligent Learning 

Systems 

Uses temporal data 

mining to track learning 

sequences and predict 

optimal learning paths. 

Enhances efficiency 

and reduces 

redundant content 

delivery. 

 

 

6 

Dr. Nishant Rao 

(2022) 

Modeling Temporal 

Learner Behavior for 

Adaptive Feedback 

Systems 

Employs time-series 

analysis on learner 

interaction logs to adjust 

feedback timing and 

content. 

Synchronizes 

feedback

 with 

learner cognitive 

rhythm and 

engagement levels. 

 

 

7 

 

C. Piech et al. 

(2022) 

 

 

Deep Knowledge 

Tracing 

 

Introduces RNN-based 

sequence modeling to 

track student knowledge 

over time. 

Significantly 

improves

 mastery prediction 

compared

 to traditional 

Bayesian models. 

 

 

8 

 

Patrick Lewis 

et al. (2022) 

 

Retrieval-Augmented 

Generation

 for Knowledge-

Intensive NLP Tasks 

Combines

 neural 

retrievers

 with generative models 

to ground responses in 

external knowledge 

sources. 

Reduces 

hallucinations 

 and improves

 factual correctness 

in AI- generated 

content. 

 

 

9 

 

Wang et

 al.. (2021) 

 

Large Language 

Models in Education: A 

Survey 

Reviews LLM 

applications in tutoring, 

assessment, and feedback 

generation with risk 

analysis. 

Highlights 

personalization 

benefits  

 while addressing

  safety and

 reliability 

challenges. 
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10 

García-Mateos 

et al. (2020) 
Automated Code 

Assessment Systems: A 

Systematic Review 

Surveys sandboxed 

execution, test-

case 

evaluation,

 and 

Establishes

 best 

practices

 for 

scalable,

 reliable 

   automated feedback 

generation methods. 

programming 

assessment systems 

 

6. System Architecture 

 

Fig 1 : System Architecture 

7. ResearchGaps Addressed by the Cognitive-Aware Temporal Learning Companion: 

Integrated Long-Term Temporal Memory 

 

o Most adaptive learning systems focus on short-term performance without maintaining structured memory across 

extended study periods. The project combines fine-grained temporal knowledge tracing with dialogue and adaptive 

assessment, which results in ongoing personalization through tracking long-term learning patterns. 



                           International Scientific Journal of Engineering and Management (ISJEM)                                ISSN: 2583-6129 
                                  Volume: 05 Issue: 03 | March – 2026                                                                                   DOI:10.55041/ISJEM05573                                                                                                                                         
                                  An International Scholarly || Multidisciplinary || Open Access || Indexing in all major Database & Metadata        

 

© 2026, ISJEM (All Rights Reserved)  | www.isjem.com   | Impact Factor: 8.072                                                   |        Page 6 
 

LLM Grounding and Verification 

 

o The Large Language Models have the ability to create explanations and quizzes through their advanced capabilities 

but they experience problems with hallucinations and incorrect information. The proposed system uses Retrieval-

Augmented Generation (RAG) together with verification pipelines to produce educational responses that depend on 

established learning materials which provide reliable educational dialogue. 

 

Providing Coding Interaction and Feedback 

 

o Automated coding platforms that currently exist provide grading functions between their existing systems but they 

lack adaptive hinting systems and temporal student modeling capabilities. The system combines three elements 

because it merges sandboxed code execution with performance tracking and AI-generated feedback to create a system 

that modifies coding exercises according to student mastery progress. 

Temporal Summarization and Explainability 

 

o Many tutoring systems provide their recommendations but do not explain their reasoning to users. The project 

introduces transparent knowledge timelines and time- aware summaries that explain why specific revisions or quizzes 

are suggested, enhancing learner trust and system interpretability. 

 

Personalized Spaced Repetition Driven by Mastery Signals 

 

o Standard spaced repetition systems apply preset decay rates which do not include advanced mastery assessment. The 

system uses knowledge tracing results to create adaptive scheduling systems which adjust study times according to 

how students learn and tend to forget information. 

 

Unified Multimodal Learning Integration 

o Educational tools of today separate their content learning, assessment, analytics, and hands-on practice components 

into distinct platforms. The proposed solution integrates content ingestion (notes, slides, coding tasks), adaptive 

assessment, LLM-driven guidance, and progress visualization within a single cohesive environment, ensuring 

seamless and hyper-personalized learning experiences. 

8. PROPOSED SYSTEM 

The Cognitive-Aware Temporal Learning Companion operates as an AI-based educational system that adjusts to 

student learning needs throughout their learning process. The system combines multiple components including temporal 

student modeling and knowledge tracing and Retrieval-Augmented Generation (RAG) together with adaptive 

assessment methods to create customized educational pathways for students. Deep Knowledge Tracing (DKT) models 

follow learning pathways through successive learning activities which enable them to calculate current skill levels and 

estimate how knowledge will be forgotten throughout the learning process. The system utilizes time-based data to 

construct a structured knowledge base which supports real-time content changes. 

A RAG-based LLM pipeline creates quizzes hints summaries and explanations through its modular system which 

retrieves learning materials and checks output accuracy to minimize hallucination errors. The platform provides a 

sandboxed execution environment for coding subjects which allows users to compile code in real time while receiving 

automated assessment and performance-based feedback. The personalized spaced-repetition scheduler creates study 

schedules that use decay modeling and mastery predictions to help learners retain knowledge for extended periods. 

The system includes an interactive analytics dashboard which displays learning progress through master status tracking 

and recommended study updates to users. The platform incorporates ongoing feedback from both learners and 

instructors to create an evolving system which delivers effective personalized learning results that last over time. 
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9. CONCLUSION AND FUTURE SCOPE 

The Cognitive-Aware Temporal Learning Companion presents a comprehensive solution for time-aware hyper-

personalized education through its unified platform which combines three systems that include temporal student 

modeling and adaptive assessment and Retrieval- Augmented Generation (RAG) and automated coding evaluation. 

The system delivers continuous data-driven learning support through its combination of deep knowledge tracing and 

mastery prediction and grounded LLM-based content generation and personalized spaced repetition scheduling. The 

system architecture establishes dependable educational dialogue systems which enable learners to monitor their 

academic progress and receive tailored feedback that matches their specific needs across various fields including 

coding practice and competitive examination training. 

The development team will create new features which will enhance long-term cognitive modeling abilities through 

transformer-based knowledge tracing systems and they will develop better explainability methods for mastery 

prediction results and they will create multimodal learning inputs which include voice and visual content analysis. The 

system will develop collaborative learning analytics tools for instructors while it will use reinforcement learning 

methods to create personalized learning experiences in real time and it will build cross-domain adaptability systems that 

enable users to learn in various academic and professional contexts. 
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