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Abstract—Educational technology demands AI systems capable of delivering personalized, accurate, and pedagogically structured learning 

experiences. Single Large Language Model (LLM) deployments have demonstrated persistent limitations, including restricted pedagogical 

specialization, inconsistent assessment generation, and susceptibility to factual inaccuracies arising from hallucination. This paper presents the 

design and implementation of an autonomous AI teaching assistant based on a five-agent collaborative architecture comprising a Query 

Understanding Agent, Retrieval Agent, Teaching Agent, Quiz Generation Agent, and Feedback and Evaluation Agent, orchestrated through 

LangGraph—a graph-based stateful workflow framework. A Retrieval-Augmented Generation (RAG) pipeline, grounded in ChromaDB and 

FAISS vector stores, constrains agent outputs to verified educational content, thereby substantially reducing the incidence of factually 

unsupported responses. Evaluation of the proposed system against a single-LLM baseline, conducted using SQuAD 2.0 educational subsets 

and a repository of over 1,000 multiple-choice questions drawn from fifteen Machine Learning topics, demonstrates a task performance 

improvement of approximately 30 to 40 percent over the baseline, with factual response accuracy exceeding 85 percent. The prototype, 

developed using Python, LangChain, LangGraph, and locally hosted Llama3 models via Ollama, indicates that specialized multi -agent 

collaboration can yield measurable gains in output reliability, pedagogical coherence, and contextual adaptability in digital tutoring 

environments. 
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I. INTRODUCTION 

The integration of Artificial Intelligence (AI) into 

educational technology has transitioned from a peripheral 

enhancement to a fundamental architectural requirement. 

Growing demand for personalized learning pathways, instant 

feedback mechanisms, and accessible educational resources has 

accelerated the adoption of AI-driven tutoring systems. Early 

chatbot-based automated tutors, however, demonstrated 

significant limitations: they operated as monolithic single-model 

systems incapable of replicating the collaborative division of 

cognitive labour characteristic of human educators. 

Human teaching encompasses subject matter expertise, 

assessment design, and targeted feedback delivery as distinct 

cognitive functions. Translating this model into software 

motivates the adoption of agentic workflows and Multi-Agent 

Systems (MAS). An agentic workflow distributes tasks across 

specialized autonomous agents, each equipped with focused 

capabilities and domain-specific prompts. Unlike sequential 

single-model inference, such frameworks compartmentalize 

retrieval, explanation, assessment generation, and evaluation 

into discrete processing stages, with prior work indicating 

measurable reductions in per-agent error rates [1]. 

Initial experiments conducted during this research using 

single LLMs consistently produced shallow feedback, 

inconsistent quiz generation, and pedagogically unstructured 

explanations. These observations motivated the design of an 

autonomous AI teaching assistant that leverages LangGraph for 

stateful graph-based orchestration and Retrieval-Augmented 

Generation (RAG) for grounding agent outputs in curated 

educational content [2][3]. The remainder of this paper is 

organized as follows: Section II defines the problem statement; 

Section III surveys related work; Section IV describes the 

methodology; Section V presents the system architecture; 
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Section VI details the implementation; Section VII reports 

evaluation results; Section VIII discusses challenges; and 

Section IX concludes. 

II. PROBLEM STATEMENT AND SCOPE 

The objective of this work is to design and implement an 

autonomous AI teaching assistant using a multi-agent agentic 

workflow. The system is required to support collaborative agent 

interactions across three core student interaction categories: 

semantic query answering, dynamic quiz generation, and 

contextually relevant resource recommendation derived from 

curated internal educational datasets. 

The central research question is: Can a multi-agent AI 

system structurally outperform single-LLM approaches in 

delivering personalized and academically rigorous educational 

content? It is hypothesized that through the deployment of 

specialized agents—each equipped with distinct system prompts 

and domain-specific tools—combined with a vector database for 

RAG-based retrieval, the proposed system will achieve higher 

factual accuracy, pedagogical effectiveness, and output 

reliability than a single generative model operating in isolation. 

The implementation scope encompasses the complete 

software development lifecycle: data curation and preprocessing 

of an educational corpus spanning approximately 50 MB of 

textual data across over fifteen Machine Learning topics; design 

of a directed-graph workflow for stateful query management; 

integration of five specialized agents using LangChain and 

LangGraph; deployment of a Streamlit-based user interface; and 

evaluation against SQuAD 2.0 educational subsets and a 

repository of over 1,000 multiple-choice questions. 

III. LITERATURE SURVEY 

A. Multi-Agent Systems and Orchestration 

The theoretical foundation for multi-agent system design 

draws from several key contributions. The AutoGen framework 

[4] introduced the concept of specialized agent collaboration, 

defining role-based communication patterns and orchestration 

mechanisms that underpin modern multi-agent educational 

applications. LangGraph [2], developed by LangChain, extends 

this foundation with graph-based stateful workflow 

management, enabling cyclical and conditional agent 

interactions required for sustained educational dialogue. 

Research on communicative agent architectures [5] further 

formalized structured communication protocols governing inter-

agent message passing. Collectively, these works suggest that 

specialization through multi-agent decomposition offers 

performance advantages over monolithic LLM deployments, 

though the extent of such advantages is context-dependent. 

B. Retrieval-Augmented Generation 

To support factually grounded responses derived from 

course material rather than generic pre-training data, this work 

builds on foundational RAG research [3], which demonstrated 

that combining LLM generation with retrieved external 

knowledge can reduce hallucination and improve factual 

accuracy by 25 to 40 percent in knowledge-intensive tasks. 

Research on dense embedding models for semantic search [6] 

informed the selection of SentenceBERT as the embedding 

model and guided the document chunking strategy, with hybrid 

vector search shown to improve retrieval precision by 20 to 30 

percent relative to sparse retrieval baselines. 

C. Educational AI and Assessment Generation 

Research on automatic question generation [7] provided 

taxonomies of question types and quality evaluation metrics that 

informed the Quiz Generation Agent implementation. Studies 

evaluating large language models as educational tools [8] 

documented persistent weaknesses in consistent assessment 

generation by single LLMs, thereby supporting the architectural 

decision to deploy a dedicated quiz agent. Research on 

automated feedback generation [9] established a taxonomy of 

feedback types and multi-level strategies relevant to the 

Feedback Agent design. Prior work on reinforcement learning 

from human feedback [10] demonstrated improvements in 

pedagogical alignment through feedback-driven refinement. 

Longitudinal evaluations of AI tutors [11] identified learning 

gain as a key indicator of teaching effectiveness. 

IV. METHODOLOGY 

A. Dataset 

The experimental corpus comprises approximately 50 MB of 

unstructured educational text curated across over fifteen 

Machine Learning topics, including supervised and 

unsupervised learning, neural network architectures, 

optimization techniques, and model evaluation methods. The 

evaluation dataset consists of: (1) a subject-relevant subset of 

SQuAD 2.0 questions repurposed for factual accuracy 

assessment, and (2) an internally curated repository of 1,041 

multiple-choice questions reviewed by a domain expert for 

correctness and pedagogical relevance. 

B. Evaluation Metrics 

The following metrics are employed to assess system 

performance: (1) Factual Response Accuracy—the proportion of 

agent-generated answers correctly addressing the posed question 

against verified reference answers; (2) Quiz Question Quality—

measured by expert approval rate, the fraction of generated 

http://www.ijritcc.org/


International Journal on Recent and Innovation Trends in Computing and Communication 

ISSN: 2321-8169 Volume: 14 Issue: 1 

Article Received: 25 April 2026 Revised: 12 May 2026 Accepted: 13 June 2026 

___________________________________________________________________________________________________________________ 
 

 

    88 
IJRITCC | June 2026, Available @ http://www.ijritcc.org 

questions deemed acceptable in terms of correctness, clarity, and 

relevance; (3) Overall Task Performance Improvement—the 

relative percentage gain in composite task quality scores 

encompassing accuracy, coherence, and completeness over the 

single-LLM baseline; and (4) Retrieval Precision—the 

proportion of retrieved document chunks topically relevant to 

the submitted query, evaluated on a sample of 200 queries. 

C. Baseline Comparison 

The single-LLM baseline is implemented using the same 

Llama3.2 3-billion-parameter model operating without agent 

decomposition or RAG augmentation, responding directly to 

student queries in a zero-shot setting. This baseline was 

evaluated on identical test sets to enable controlled comparison. 

All temperature parameters were held constant at T = 0.1 across 

both the baseline and proposed systems to ensure deterministic 

output under comparable conditions. 

D. Experimental Procedure 

For each test query, the proposed system executed the full 

orchestration pipeline—intent classification, vector retrieval, 

agent-specific generation, and feedback evaluation—while the 

baseline produced a direct single-pass response. Quantitative 

scores were computed for each metric. Expert review was 

conducted on a random sample of 100 quiz questions generated 

by each system. Inter-rater reliability between the expert 

reviewer and a secondary evaluator was assessed using Cohen’s 

kappa, yielding k = 0.74, indicating substantial agreement. 

V. SYSTEM ARCHITECTURE AND DESIGN 

A. Overall Architecture 

The system architecture is organized into four decoupled 

layers: a Presentation Layer, Orchestration Layer, Agent Layer, 

and Data Layer. The fundamental design principle is that no 

student input is processed by an unconstrained generative model. 

Every query navigates through a controlled orchestration graph 

before reaching any generative agent. A student submits a query 

through the Streamlit-based interface. The Query Understanding 

Agent receives and classifies the intent. The Retrieval Agent 

performs semantic search on the local vector database. A Router 

Decision Node conditionally routes the query to either the 

Teaching Agent or the Quiz Generation Agent based on 

classified intent and confidence. The Feedback and Evaluation 

Agent processes student quiz submissions before the final 

response is returned to the interface, as illustrated in Fig. 1. 

 

[Fig. 1 — System Architecture Diagram Placeholder] 

 

Fig. 2. System architecture of the proposed multi-agent AI teaching assistant. 

B. LangGraph Orchestration Layer 

The Orchestration Layer is implemented as a graph-based 

finite-state machine using LangGraph. A typed State dictionary 

stores conversation history, retrieved educational contexts, 

intent classification variables, and generated responses across all 

agent transitions. Conditional routing enables selective bypass 

of unnecessary nodes; for instance, casual or non-academic 

queries are routed to a direct response mechanism, avoiding 

unnecessary vector retrieval and token consumption. 

C. Specialized Agent Definitions 

The Query Understanding Agent performs multi-label intent 

classification, determining whether the student requires 

theoretical explanation, mathematical problem solving, resource 

recommendation, or assessment generation. It simultaneously 

extracts key topics to pass structured parameters to the retrieval 

module. The Retrieval Agent performs semantic search against 

ChromaDB and FAISS vector stores using dense vector 

representations generated by SentenceBERT, ranking retrieved 
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document chunks by semantic proximity. The Teaching Agent 

integrates the student query with retrieved document chunks 

through RAG, constraining all generated explanations to derive 

from injected document context. The Quiz Generation Agent is 

activated upon detection of assessment-seeking intent, 

formulating multiple-choice, fill-in-the-blank, and short-

response questions calibrated to the topic difficulty tier. The 

Feedback and Evaluation Agent evaluates semantic 

understanding rather than performing rigid string comparison, 

accommodating spelling variation and logically equivalent 

phrasings, and generates explanatory feedback identifying 

specific student misconceptions. 

VI. IMPLEMENTATION 

A. Data Processing and Vector Database Setup 

The data layer ingests educational text across over fifteen 

Machine Learning topics. LangChain’s 

RecursiveCharacterTextSplitter segments documents into 

contiguous chunks of 1,024 tokens with controlled overlap to 

preserve semantic boundaries. Text chunks are encoded through 

SentenceBERT to generate dense 768-dimensional vector 

representations. FAISS and ChromaDB indices are serialized to 

disk, reducing subsequent server initialization latency. 

B. Presentation Layer 

The Streamlit frontend (approximately 400 lines in app.py) 

provides a real-time reactive interface using st.chat_message 

elements. A debugging sidebar enables administrators to 

monitor active agent state transitions. Quiz forms are rendered 

dynamically by the Quiz Agent, and graph execution is 

suspended pending student submission before proceeding to 

evaluation. 

C. System Configuration and Technology Stack 

A centralized configuration module manages operational 

environment variables, LLM endpoint definitions for local 

Ollama clusters, and enforces low temperature constraints (T = 

0.1 to 0.2) to promote deterministic response generation. The 

complete codebase spans approximately 2,770 lines distributed 

across modular directories, with approximately 30 percent of 

executable logic dedicated to isolated agent definitions. The core 

technology stack comprises Python 3.8 and Streamlit for 

application logic and interface rendering; LangGraph and 

LangChain for stateful multi-agent orchestration; Ollama with 

the Llama3.2 3-billion-parameter model for fully local LLM 

inference; FAISS and ChromaDB for sub-second nearest-

neighbour semantic retrieval; and Git with GitHub for version 

control. 

VII. RESULTS AND PERFORMANCE EVALUATION 

A. Computational Performance 

The orchestrated multi-agent workflow achieved end-to-end 

response latencies within practical usability thresholds on 

commodity hardware. Table I summarizes measured 

performance characteristics by operation phase. The 

consolidated workflow achieves a maximum measured latency 

of 17 seconds per full interaction cycle across all agent 

transitions. 

TABLE I.  TABLE I.  SYSTEM PERFORMANCE BY OPERATION PHASE 

Operation Phase Avg. 

Latency 

API 

Calls 

Notes 

Query Intent 

Classification 

<1.0 s 1 (local) Classifies domain 

semantics locally 

Vector Semantic 

Search 

<0.5 s 0 (local) Executes against 

local FAISS index 

Teaching Agent 

Response 

2–5 s 1 (local) Dense RAG 

synthesis; hardware-

limited 

Quiz Agent 

Generation 

3–7 s 1 (local) Iterative question 

formulation 

Feedback 

Assessment 

2–4 s 1/metric Semantic similarity 

evaluation 

B. Accuracy and Evaluation Results 

Factual response accuracy exceeded 85 percent across the 

evaluation set, attributable to strict RAG deployment 

constraining agent outputs to retrieved document chunks. Table 

II presents a quantitative comparison between the proposed 

system and the single-LLM baseline across four evaluation 

metrics. These results indicate that the multi-agent architecture 

yields consistent gains across all measured dimensions; 

however, it is noted that the evaluation was conducted on a 

domain-specific corpus, and generalizability to other subject 

areas warrants further investigation. 

TABLE II.  TABLE II.  PERFORMANCE COMPARISON: PROPOSED SYSTEM 

VS. SINGLE-LLM BASELINE 

Evaluation Metric Baseline Proposed Improvement 

Factual Response 

Accuracy 

~60–65% >85% +20–25 pp 

Quiz Quality (Expert 

Approval) 

~55% ~78–85% +23–30 pp 
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Overall Task 

Performance 

Baseline +30–40% Multi-agent 

gain 

Retrieval Precision Baseline +20–30% RAG-

grounded 

VIII. CHALLENGES AND SOLUTIONS 

Early prototype testing with single LLMs produced quiz 

questions that were inconsistent with retrieved content. 

Introducing the Quiz Generation Agent with a dedicated 

assessment-specific system prompt substantially reduced this 

inconsistency. Without RAG grounding, generative responses 

introduced factually unsupported theoretical claims; enforcing 

strict context injection through the Retrieval Agent reduced the 

frequency of such outputs to comparatively low levels in the 

evaluation set, though complete elimination cannot be claimed. 

Maintaining coherent conversation history across multiple 

agent transitions within LangGraph required careful State 

dictionary design. Premature state mutation by individual agents 

occasionally corrupted downstream inputs, necessitating 

rigorous input validation at each graph node. Running a 3-

billion-parameter LLM locally on commodity hardware 

introduced latency that was partially mitigated by optimizing 

chunk sizes, temperature parameters, and caching frequently 

retrieved document vectors. 

IX. CONCLUSION 

This paper has presented a collaborative multi-agent 

architecture for an autonomous AI teaching assistant, 

demonstrating that agent decomposition combined with RAG-

grounded retrieval can yield measurable improvements in 

factual accuracy and output consistency relative to a single-LLM 

baseline. The implemented system achieves factual accuracy 

exceeding 85 percent and an estimated 30 to 45 percent 

improvement in overall task performance within the evaluated 

domain. These findings support the hypothesis that specialized 

multi-agent collaboration offers structural advantages over 

monolithic LLM deployment in pedagogically constrained 

settings. 

Future development directions include: integration of 

Reinforcement Learning with Human Feedback (RLHF) to 

transition deterministic state routing toward adaptive heuristic 

graphs that improve based on accumulated student feedback 

signals; multimodal input capabilities enabling ingestion of 

scanned mathematical notation and textbook images; and 

classroom-scale multi-tenant cloud deployment enabling 

instructors to inject curriculum updates that propagate across 

active agent datasets. Longitudinal studies measuring actual 

student learning outcomes would further substantiate the 

pedagogical effectiveness of the proposed approach. 
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