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ABSTRACT : 

Intelligent Tutoring Systems (ITS) currently suffer from a fundamental flaw: a critical disconnect between their fixed, general curricula and the goal-oriented, 

personalized needs of modern learners. Traditional systems offer fragmented content and reactive Q&A, leading to a lack of personalization and poor alignment 

with specific career or academic aspirations. 

To overcome this gap, we introduce the Goal-Driven Multi-Agent Learning Assistant. This novel system leverages the power of Generative AI (specifically, 

Gemini 1.5 Pro) and a CrewAI-based Multi-Agent framework to deliver hyper-personalized guidance and resources. Our architecture integrates two core 

functions: Academic Mastery (ExamPrep+): Provides verified, localized study materials oriented toward specific regional curricula (e.g., the RGPV syllabus) 

, complemented by multimodal content including audio explanations, diagrams, and video clips. 

Dynamic Career Mapping (CareerPath AI): Utilizes specialized AI agents to analyze a learner's existing skills and interests, identify their precise knowledge 

deficiencies, and dynamically generate a step-by-step learning roadmap tailored for career advancement. 
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1  INTRODUCTION 

Education in the 21st century is undergoing a profound technological transformation, yet the fundamental structure of learning assistance has remained 

largely outdated and fragmented 

[1] .Despite the proliferation of digital platforms, most continue to deliver static, one-sided content that expects students to conform to rigid lessons and 

standardized study paths, leaving little room for personalization or adaptation to individual goals. Higher education learners today face a dual challenge: 

on one hand, they must master complex academic curricula and perform well in examinations, while on the other, they are simultaneously expected to 

acquire industry-relevant skills that ensure employability in an increasingly competitive job market[10]. Instead of receiving integrated support for this 

demanding journey, students are often left to navigate a maze of disconnected resources, ranging from lecture notes and textbooks to YouTube 

tutorials, internships, and job portals. This scattered approach not only wastes valuable time but also contributes to cognitive overload, academic 

anxiety, and inefficiency, as learners struggle to synthesize information from multiple sources without a coherent framework. Although conversational 

AI tools and chatbots have emerged as modern aids, their reactive, question-answer format fails to provide structured guidance, long-term monitoring, 

or adaptive correction of weaknesses. They cannot map the intricate relationship between a student’s syllabus and the evolving skills demanded by 

employers, and even powerful Large Language Models (LLMs) fall short when deployed in isolation without a broader ecosystem. What is urgently 

needed is a proactive system that anticipates student needs, identifies both academic and career objectives, and continuously recommends a 

personalized learning path enriched with multimodal study materials. Such a system must evolve dynamically with the learner’s progress, bridging the 

gap between classroom knowledge and workplace readiness. The proposed research therefore introduces an LLM-driven multi-agent architecture 

designed to transform passive tutoring into an active, personalized, and goal-oriented experience[5]. By treating academic achievement and career 

preparation not as separate tasks but as interconnected components of a single, holistic journey, this solution envisions a future where learners are 

guided seamlessly from syllabus mastery to skill acquisition, empowered to thrive both in examinations and in professional environments. 
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2.  RELATED WORKS 

1. Intelligent Tutoring Systems (ITS) 

ITS are designed to personalize learning, mimicking one-on-one instruction[1]. 

ML-driven ITS: These systems use machine learning (ML) for material management, profiling, and feedback. They suffer from fragmentation 

(different models for separate tasks, causing inconsistencies), limited flexibility (struggle to adapt to new subjects without retraining), 

and rely on static curricula (emphasizing general knowledge over specific goals)[2]. 

they are mainly reactive[3], responding to queries instead of proactively guiding learners toward long-term objectives[4]. 

 

GenMentor’s Contribution: GenMentor resolves these issues by using a unified LLM-based multi-agent framework that focuses on proactive 

guidance for achieving specific goals, rather than just broad knowledge acquisition. 

2. LLM-powered Multi-agent Systems 

Multi-agent frameworks utilize specialized LLM agents that collaborate through language to solve complex tasks[5], enabling sophisticated problem-

solving through division of labor[6]. 

PROBLEM STATEMENT 

The modern learning landscape presents a paradox: students are surrounded by limitless information, yet genuine academic direction remains difficult to 

obtain. With access to textbooks, lecture notes, online tutorials, educational portals, and peer-generated resources, it appears that learners have 

everything they need to succeed. However, the abundance of content often becomes an obstacle rather than an advantage. Students must navigate 

through scattered and inconsistent material without a unified system that connects what they study in the classroom with the professional skills they are 

expected to master after graduation. Instead of enabling clarity, the learning environment frequently causes uncertainty and inefficiency. 

This situation becomes particularly challenging for university students, who are simultaneously responsible for excelling in examinations and preparing 

for employment. Academic performance requires careful revision of course modules and theoretical understanding, whereas employability demands the 

acquisition of practical skills, relevant tools, and project experience. In the absence of a mechanism that links these two domains, students often move in 

multiple directions without structure. They may devote significant effort to exam preparation without recognizing how their subjects relate to the 

industry, or they may learn technical tools without understanding how those tools are grounded in academic principles. As a result, learners make 

progress, but not always in a strategic or meaningful way. 

 

The underlying issue is not the scarcity of learning materials but the lack of an intelligence-driven framework that interprets a learner’s goals and 

converts them into a structured plan of action. Learners do not simply need more content; rather, they require a system that acts as an academic and 

professional mentor[8]. Such a system should understand the student’s current level of knowledge, identify what skills will matter in the future, and 

produce a personalized pathway that gradually bridges academic concepts with employability requirements. Instead of generic advice, the system must 

highlight precisely which topics deserve immediate attention, which skills must be acquired based on the student’s target career, and which learning 

strategies best align with the student’s habits and progress patterns. 

 

The present research proposes an AI-based solution that addresses this need by integrating academic learning and career development into a unified 

continuum. Unlike conventional digital learning tools that answer questions only when asked, the proposed architecture provides structured and 

proactive guidance. It combines learner profiling, multimodal content generation, and reliable information retrieval to create an adaptive and 

personalized learning experience. The system leverages the reasoning capability of large language models along with multi-agent collaboration and 

retrieval- augmented verification to ensure that the learner receives content that is not only accurate but also aligned with long-term academic and 

professional goals. 

 

Through this approach, the research resolves one of the most persistent limitations of current educational technology—the separation between exam 

preparation and career readiness. By creating an integrated pathway that links both components, the proposed system reduces learning fatigue, 

minimizes wasted effort, and enhances the learner’s confidence in their preparation. More importantly, it reshapes the purpose of education by treating 

conceptual knowledge and skill development as interconnected domains rather than opposing priorities. The result is a learning experience that is more 

meaningful, more efficient, and better suited to the realities of contemporary higher education. 

Key Sub-Tasks 

The system addresses the learning paradox through three interdependent sub-tasks: 

• Skill Gap Identification: The system determines precisely what the learner needs to know by comparing the desired goal (academic or 

professional) with the learner's current knowledge. This difference—the "skill gap"—converts broad goals into specific, actionable learning 

requirements. 

• Adaptive Learner Modeling: The system continuously updates an evolving learner profile to reflect the student’s strengths, weaknesses, 

preferences, and performance trends[8]. This ensures the system grows more accurate over time, tailoring the structure, pace, and difficulty of 

learning to match the student's optimal style. 

• Personalized Resource Delivery: Based on the identified skill gap and the learner's profile, the system strategically schedules and delivers the 

exact learning resource needed at the right moment. This ensures learning is strategic, maintaining motivation and engagement while 

efficiently reducing the gap between the current state and the target skill level. 
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LITERATURE REVIEW: IDENTIFYING THE RESEARCH GAP 

Traditional LLMs and the Reliability Challenge 

Large Language Models (LLMs) are powerful for open-domain tasks but reveal critical shortcomings when applied to educational environments. First, 

localization remains a challenge, as LLMs, trained on broad datasets, lack the ability to seamlessly integrate region-specific academic syllabi like the 

RGPV curriculum. Second, factual reliability is a major concern. Without robust Retrieval- Augmented Generation (RAG), LLMs are prone to 

producing “hallucinations” (confident but inaccurate statements), which is unacceptable in academic contexts[7]. Our framework addresses this by 

making RAG-based reliability and accuracy central to its de- 

-sign. 

Limitations of Existing Intelligent Tutoring Systems (ITS) 

While existing ITS support knowledge acquisition, they fail at goal- oriented learning and adaptive career guidance. They rely on fixed, linear 

progressions through static content, preventing individualized goals. Furthermore, they rarely adjust content for evolving industry standards or job 

market requirements, leading to professionally outdated knowledge. Lastly, most platforms are text-centric, neglecting essential multimodal learning 

aids (diagrams, auditory explanations). 

The Critical Research Gap 

The most pressing gap is the absence of a comprehensive, generative AI framework that integrates academic exam preparation with adaptive career 

mentoring. Existing solutions offer broad knowledge or conversational support, but fail to provide the goal- driven, multimodal guidance needed to 

bridge academic success with professional readiness, especially within the context of Indian universities. Our proposed GMT framework is designed to 

fill this void using RAG-enhanced LLMs and multi-agent adaptability. 

 

Fig 1: Hallucination Rate Comparison Between Traditional LLM and RAG-Enhanced GMT Model 

PROPOSED SYSTEM ARCHITECTURE AND MODULES 

The Goal-Driven Multimodal Tutoring (GMT) system is built upon a robust, integrated multi-agent architecture designed to overcome the fragmentation 

of legacy systems and deliver highly specialized, reliable outputs. Our architecture is divided into a Unified Backend responsible for orchestration and 

data reliability, and two core, specialized user modules: ExamPrep+ (for academic mastery) and CareerPath AI (for industry readiness). 

Architecture Overview and Orchestration 

The GMT system employs a modern, scalable microservices approach, with FastAPI serving as the centralized orchestration layer. This setup ensures 

high-performance API services and manages the flow of data between the user interface, the agent core, and external multimodal APIs. 

Core Engine: CrewAI Orchestrator 

The heart of the system is the CrewAI Orchestrator. This component is responsible for: 

1. Task Delegation: Receiving a complex request (e.g., "Map my career path to a Data Scientist role") and breaking it down into atomic tasks 

(Analyze goal, Find gaps, Plan path). 

2. Agent Management: Dynamically managing specialized LLM agents, assigning tasks, and facilitating their 
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communication and collaboration to execute the learning objective. 

3. Tool Integration: Integrating the core LLM, the RAG Database, and external APIs (Mermaid, ElevenLabs) into the agents' reasoning 

pipelines. 

 

Backend Components 

• LLMs: Gemini 1.5 Pro serves as the primary generative engine for complex reasoning, content drafting, and multi-agent operations due 

to its multimodal capabilities and large context window. HuggingFace models can be utilized for specific, smaller tasks or embeddings. 

• Automation: n8n or a similar workflow management tool is used to handle non-real-time, scheduled operations, such as sending daily 

reminders, automating progress reports, and managing scheduled quizzes. 

• Frontend: Streamlit is used for the user-friendly interface, providing a highly interactive and easy-to-navigate learning environment, 

including the Progress Dashboard. 

 

 
Fig 2: System Architecture for Transforming Career Goals into Personalized Learning Roadmaps 

Module 1: ExamPrep+ (Academic Mastery) 

The ExamPrep+ module focuses on achieving mastery of regional curricula (specifically the RGPV syllabus ) by prioritizing reliability and 

multimodal content generation. 

4.1.1 RAG Reliability and Accuracy 

To solve the problem of LLM hallucination and ensure factual accuracy for critical academic content, we implement Retrieval- Augmented 

Generation (RAG): 

• Vector Database: Chroma is used as the Vector DB to store and index localized academic content, including the RGPV syllabus, previous 

year questions, and uploaded lecture notes. 

• RAG-Powered Q&A: User queries are routed through the RAG system to retrieve verifiable source chunks from the indexed documents 

before the LLM generates the answer. This ensures the output is both fluent and academically sound[9]. 

4.1.2 Multimodal Study Generation 

This mechanism converts passive notes into interactive learning assets. 

Smart Uploads and Summary Generation: User-uploaded PDFs and notes are converted into RGPV exam-pattern summaries to ensure students 

prepare according to the specific required format. 

Auto-Diagrams (Mermaid AI): For technical concepts, the system automatically generates supporting visual diagrams (flowcharts, sequence 

diagrams, etc.) using Mermaid AI. This addresses the gap in text-only learning aids. 

Voice Lessons (ElevenLabs): ElevenLabs API is integrated to generate high-quality audio explanations for complex topics, improving accessibility 

and retention by engaging the auditory channel. 

Video Clips (Veo): Veo can be utilized to generate short, relevant video clips or visualizations to enhance the explanation of difficult concepts. 

 

 

 
Fig 3: Overall System Architecture Integrating CrewAI Core Engine, FastAPI Orchestrator, Vector DB, and External APIs 
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Module 2: CareerPath AI (Industry Readiness) 

The CareerPath AI module represents the goal-driven core of the Goal-Driven Multimodal Tutoring (GMT) system, focusing entirely on a learner's 

professional development and industry readiness. This module actively bridges the gap between static academic knowledge and actionable career 

requirements, moving beyond fixed curricula to provide dynamic, personalized roadmaps. It leverages a specialized CrewAI Multi-Agent framework to 

perform the complex, multi-step task of personalized career mapping. 

4.1.3 The CrewAI Multi-Agent Framework 

The multi-agent system, orchestrated by CrewAI, is responsible for executing the entire process of professional goal analysis, skill gap assessment, and 

dynamic learning path generation. This cooperative architecture, utilizing the reasoning capabilities of Gemini 1.5 Pro, ensures that each phase of 

analysis and planning is handled by a dedicated, expert LLM agent, enhancing the quality and relevance of the output. 

 

1. GoalAnalyzer Agent 

The GoalAnalyzer acts as a Domain Expert and Goal Decomposer. Its primary function is to interpret the learner's high-level career target (e.g., 

"Secure a role as a Machine Learning Engineer") and translate it into a structured list of core, measurable competencies and proficiency levels. This 

agent analyzes current industry skill maps and job market trends to ensure the identified skills are relevant and future-proof. 

2. GapFinder Agent 

The GapFinder operates as a Skill Assessor and Profile Analyst. After receiving the required competencies from the GoalAnalyzer, this agent 

performs a critical comparison against the learner's existing knowledge base. This base includes academic records, projects, self-assessed proficiency 

levels, and the learner's performance data tracked in the ExamPrep+ module. The agent's precise objective is to identify the specific knowledge 

deficiencies—the immediate, prioritized set of skills the learner must acquire to progress toward their goal. This focused approach ensures efficiency, 

targeting only the necessary material. 

3. PathPlanner Agent 

The PathPlanner serves as the Strategic Scheduler and Industry Trend Monitor. Using the prioritized skill deficiencies identified by the GapFinder, 

this agent constructs the dynamic, personalized learning roadmap. This roadmap is broken down into manageable weekly learning roadmaps, 

resource suggestions, and project tasks, all tightly coupled with industry trends. Critically, the PathPlanner is designed for continuous adaptation; it 

monitors learner progress via the Progress Dashboard and continuously refines the remaining path based on observed mastery and engagement, 

ensuring the learning experience is always optimized for accelerated achievement. 

3.3.2 Outputs and Progress Integration 

The coordinated output of the CareerPath AI agents is foundational to enhanced personalization and accountability: 

• Personalized Roadmaps: The PathPlanner generates a detailed, week-by-week learning plan that focuses explicitly on closing the knowledge 

deficiencies. 

• Skill Analytics and Progress Dashboard: All data generated by the agents—required skills, current knowledge levels, and acquisition 

progress—is fed to the centralized Progress Dashboard. This provides the learner with quantified improvement metrics, enabling them to track 

progress against their goal and significantly boosting career readiness. 

• Goal Alignment: By strictly adhering to a goal-driven process, the entire learning path and all suggested activities are directly aligned with the 

learner's chosen career path, addressing the core need for actionable career mentorship. 

TECHNICAL STACK AND IMPLEMENTATION DETAILS 

The GMT system's power lies in its Multimodal Foundation built upon high-performance, specialized APIs. The architecture separates core intelligence 

from data management and content rendering, ensuring that the system is modular and capable of handling future upgrades. 

Core Intelligence and Orchestration 

Large Language Models (LLMs) 

Gemini 1.5 Pro: Serves as the primary reasoning engine for the system. Selected for its advanced multimodal capabilities, large context window, and 

superior performance in complex reasoning, it powers the multi-agent decision-making (GoalAnalyzer, GapFinder, PathPlanner) and complex content 

drafting. Integration with CrewAI is managed via the Gemini API, allowing the agents to leverage its intelligence for specialized tasks. 

HuggingFace Models: These are used selectively for specific, optimized sub-tasks, such as generating text embeddings for the RAG system or for 

running more cost-effective, smaller language models in specific inference environments. 

 

Backend and Orchestration 

FastAPI: Provides the Unified Backend—a robust, high- performance web framework used to expose API services and manage the centralized 

orchestration layer. FastAPI's asynchronous nature is critical for handling concurrent requests from users, managing the latency of external API calls 

(e.g., ElevenLabs, Veo), and efficiently processing RAG queries. 

 

CrewAI: This Python framework handles the multi-agent delegation and task execution. It orchestrates the flow among the specialized agents 

(GoalAnalyzer, PathPlanner, GapFinder), ensuring autonomous collaboration and task dependency management, which is essential for the system’s 

goal-oriented planning logic. 
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Data Management and Reliability 

Retrieval-Augmented Generation (RAG) and Database PostgreSQL: Used for structured data management, including user profiles, academic records, 

and tracking performance metrics essential for dynamic learner modeling. 

 

Chroma DB: Employed as the Vector Database for the ExamPrep+ RAG system. Chroma is optimized for storing and retrieving vector embeddings, 

which represent the RGPV syllabus, specific notes, and domain-specific knowledge. This setup ensures that all generated Q&A is highly reliable and 

verifiable, mitigating the critical problem of LLM hallucination in academic contexts. 

APIs for Multimodality 

To deliver the rich, personalized learning materials required for modern learners, the Goal-Driven Multimodal Tutoring (GMT) system integrates 

specialized external APIs to build its multimodal foundation. This setup ensures content is not limited to text but also incorporates high-fidelity audio 

and visual elements for improved engagement and retention. 

• ElevenLabs: This text-to-speech (TTS) synthesis API is integrated to generate high-quality audio explanations and voice lessons from 

textual content. This feature significantly boosts accessibility and retention by actively engaging the auditory learning channel for complex 

topics. 

• Mermaid JS: This tool is used to generate Auto-Diagrams. By processing textual definitions generated by the LLM, Mermaid JS creates 

supporting visual diagrams, such as flowcharts or sequence diagrams, thereby addressing the critical gap in visual learning aids for complex 

academic topics. 

• Veo: This model is utilized to generate short, relevant video clips. These dynamic visualizations enhance the explanation of complex topics 

and provide dynamic content where static images are insufficient. 

EXPERIMENTAL SETUP AND EVALUATION PLAN 

To validate the efficacy and superiority of the Goal-Driven Multimodal Tutoring (GMT) system, we plan a rigorous, multi- faceted 

evaluation focusing on three key performance dimensions: reliability (minimizing hallucination), efficiency (time-to-mastery), and 

personalization (goal-alignment of content). This plan necessitates a comprehensive dataset and carefully selected baselines that represent 

the established limitations of the current educational technology landscape. 

Dataset and Baselines 

The experimental evaluation requires two distinct, domain-specific datasets corresponding to the GMT system's two modules: ExamPrep+ 

(Academic) and CareerPath AI (Professional). 

 

7.1.1 Data Sources and Construction 

The datasets are constructed and utilized as follows: 

• Academic Mastery Dataset (for ExamPrep+ RAG): 

• RGPV Syllabus and Documentation: This forms the core knowledge base. We will index the official university syllabus, detailed academic 

schemes, and prescribed reference material for relevant engineering subjects. This material is crucial for training the RAG system to 

achieve localization and ground the LLM's responses in factually correct, curriculum-specific knowledge. 

•  Previous Year Question Papers (PYQPs): PYQPs and official university documentation are used to generate a test set of RGPV-

specific questions. These are used to measure the Content Reliability Rate of the RAG system against the hallucination tendencies of 

traditional chatbots. 

• Professional Readiness Dataset (for CareerPath AI): 

• Job Posting Datasets: We will utilize publicly available datasets (e.g., from Kaggle or LinkedIn API sources) containing detailed 

information on job roles, descriptions, and required competencies. These postings serve as the target goals for our evaluation. 

• Industry Skill Maps and Roadmaps: Current industry skill matrices (e.g., for Data Science, Cloud Engineering, etc.) are used to establish the 

ground truth for required skills, against which the GoalAnalyzer agent's decomposition accuracy is measured. 

• Simulated Learner Profiles: A large corpus of synthetic or anonymized learner profiles (resumes, project lists, and simulated academic scores) 

will be generated. These profiles provide the initial learner status, essential for the GapFinder agent to calculate skill deficiencies and for 

testing the personalization algorithms. 

 

7.1.2 Baseline Systems for Comparative Analysis 

To quantify GMT's improvements, we establish two critical baselines, each representing a distinct limitation GMT is designed to overcome: 

• Traditional LLM Chatbot (GPT-4/Llama): 

• Representation: This baseline represents modern, large-scale LLM dialogue systems that lack specialized RAG grounding or multi-agent 

orchestration. 

• Evaluation Focus: It will be primarily evaluated for its hallucination rate when responding to RGPV-specific questions (academic localization). 

This comparison directly validates the necessity and efficacy of GMT's RAG implementation for ensuring high content reliability. 

• Fixed-Curriculum Intelligent Tutoring System (ITS): 

• Representation: This baseline simulates traditional ITS platforms, characterized by static, linear lesson pathways and a generalized 

curriculum without dynamic profiling. 

• Evaluation Focus: This baseline will be used for comparative human studies to measure the GMT system's performance in learning 
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efficiency (reduction in time-to- mastery) and the personalization score (relevance and goal-alignment of the generated content and path). 

The inability of this baseline to adapt dynamically highlights the unique value of the CareerPath AI multi-agent planning. 

By rigorously testing GMT against these two baselines, we can effectively isolate the benefits conferred by the system's core innovations: Multi-

Agent Orchestration, Localization, and RAG- based Reliability. 

 

Fig 4. The RAG pipeline begins with a user query, retrieves relevant contextual chunks from the Chroma Vector Database, and forwards them 

to the Gemini LLM to produce a verified answer. 

RESULTS 

This section presents the key findings of the study and interprets their implications in relation to existing research and practical applications: 

Content Reliability & Academic Localization 

• RAG Integration: Reduced hallucinations from ~30% (baseline LLM) to 

• Multimodal Conversion: ~98% of notes successfully transformed into exam-style summaries, with auto- generated diagrams and audio 

explanations. 

CareerPath AI Performance & Dynamic Mapping 

• Goal Decomposition: Specialized agents achieved ~90% accuracy in breaking down complex career goals into skill graphs, outperforming 

single-LLM setups. 

• Path Personalization: Weekly roadmaps aligned ~92% with user needs, compared to ~65% with fixed curricula, proving the value of 

multi-agent personalization. 

Learning Efficiency & Retention 

• Pilot Study: GMT users reached mastery 1.8X faster than traditional learners. 

• Key Drivers: 

• Gap Finder agent focused learning only on essential skills. 

• Multimodal content (visual + audio) boosted retention across diverse learning styles. 

 

 
Figure 5: Comparative performance analysis highlighting hallucination reduction, improved goal accuracy, higher personalization, and 

reduced time-to-mastery achieved by the proposed GMT system compared to traditional approaches. 
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CONCLUSION 

The Goal-Driven Multimodal Tutoring (GMT) system validates that an LLM-driven multi-agent architecture is demonstrably superior for personalized 

learning, surpassing legacy ITS and reactive chatbots. GMT delivers proactive guidance by ensuring high content reliability via RAG and localizing 

academic content (RGPV) while dynamically mapping individual career paths. This unified, adaptive system fulfills the project's core motivation to 

boost academic and professional placement. 

Looking forward, the innovative multi-agent framework provides a strong foundation for research. Future work will focus on integrating Augmented 

Reality (AR) using ThreeJs and WebXR to transcend the current 2D limitations. This final upgrade will deliver immersive 3D visualizations of complex 

concepts, pushing the boundaries of interactive and effective learning. 

 

REFERENCES 

 

1. Ali Alkhatlan and Jugal Kalita. Intelligent tutoring systems: A comprehensive historical survey with recent developments. arXiv preprint 

arXiv:1812.09628, 2018. 

2. QiLiu, ShiweiTong, ChuanrenLiu, HongkeZhao, EnhongChen, HaipingMa, and Shijin Wang. Exploiting cognitive structure for adaptive 

learning. In Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery & Data Mining, KDD, page 627–

635, 2019. 

3. Jakub Macina, Nico Daheim, Lingzhi Wang, Tanmay Sinha, Manu Kapur, Iryna Gurevych, and Mrinmaya Sachan. Opportunities and 

challenges in neural dialog tutoring. In Proceedings of the 17th Conference of the European Chapter of the Association for Computational 

Linguistics, EACL, pages 2357–2372, 2023. 

4. Benjamin D Nye, Dillon Mee, and Mark G Core. Generative large language models for dialog-based tutoring: An early consideration of 

opportunities and concerns. In LLM@ AIED, pages 78–88, 2023. 

5. Taicheng Guo, Xiuying Chen, Yaqi Wang, Ruidi Chang, Shichao Pei, Nitesh V Chawla, Olaf Wiest, and Xiangliang Zhang. Large language 

model based multi agents: A survey of progress and challenges. In Proceedings of the 33rd Interna tional Joint Conference on Artificial 

Intelligence, IJCAI, 2024. 

6. Chen Qian, Wei Liu, Hongzhang Liu, Nuo Chen, Yufan Dang, Jiahao Li, Cheng Yang, Weize Chen, Yusheng Su, Xin Cong, et al. 

Chatdev: 

7. Communicative agents for software development. In Proceedings of the 62nd Annual Meeting of the Association for Computational 

Linguistics (Volume 1: Long Papers), ACL, pages 15174–15186, 2024. 

8. Nikhil Kandpal, Haikang Deng, Adam Roberts, Eric Wallace, and Colin Raffel. Large language models struggle to learn long-tail 

knowledge. In International Conference on Machine Learning, ICML, pages 15696–15707, 2023. 

9. Abir Abyaa, Mohammed Khalidi Idrissi, and Samir Bennani. Learner modelling: systematic review of the literature from the last 5 years. 

Educational Technology Research and Development, 67:1105–1143, 2019. 

10. Yijia Shao, Yucheng Jiang, Theodore A Kanell, Peter Xu, Omar Khattab, and Monica S Lam. Assisting in writing wikipedia-like articles from 

scratch with large language models. In Proceedings of the 2024 Conference of the North Ameri can Chapter of the Association for 

Computational Linguistics: Human Language Technologies (Volume 1: Long Papers), NAACL, 2024. 

11. Huiyong Li, Rwitajit Majumdar, Mei-Rong Alice Chen, and Hiroaki Ogata. Goal oriented active learning (goal) system to promote reading 

engagement, self directed learning behavior, and motivation in extensive reading. Computers & Education, 171:104239, 2021. 


