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From Large Language Models to Retrieval-Augmented
Generation: A Systematic Review of Al-Powered
Educational Systems

Sumedha Ayachit and Rajneeshkaur Sachdeo

Abstract. Artificial Intelligence (AI) is rapidly
restructuring education by enabling personalized
learning, automated assessment, and intelligent tutoring
systems. Recent developments in Large Language
Models (LLMs) are demonstrating strong capabilities in
natural language understanding and content generation,
enabling applications such as conversational tutoring,
question generation, and feedback delivery. However,
LLM-based educational systems suffer from critical
limitations such as hallucinations, outdated knowledge,
lack of curriculum alignment, and limited transparency.
To address these challenges, Retrieval-Augmented
Generation (RAG) is a promising paradigm that
integrates external knowledge retrieval with generative
models, enabling context-aware, accurate, and domain-
specific responses. This paper presents an organized and
inclusive review of Al-powered educational systems,
tracking the evolution from traditional Al and standalone
LLMs to RAG-enhanced architectures. The review
analyzes recent research on RAG-based educational
applications, including intelligent tutoring systems,
virtual assistants, content generation, assessment, and
feedback mechanisms. Finally, the study identifies
critical research gaps and outlines future directions for
developing curriculum-aware, adaptive, and trustworthy
RAG-based educational systems.
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L INTRODUCTION

The education system has evolved rapidly in recent years
as there is an arrival of Al. The use of Al in the education
system enhances the traditional education system by
providing personalized learning, adaptability, real-time

feedback, efficient assessment, effective content
generation, etc. Paper [1] states that traditional education
methods provide structured, uniform learning

experiences, while AI methods offer customization and
flexibility, adapting to the needs of individual learners.
While traditional education relies on standardized
curricula and teacher-led instruction, Al-driven
approaches offer personalized, adaptive learning
experiences that cater to individual student needs. Large
Language Models (LLMs) are a type of generative Al
that excels at processing, understanding, and generating
human language. LLM use machine learning algorithms
to work on a large dataset. Large Language Models
(LLM) such as GPT-4, PaLM, and BERT have shown
significant potential to enhance the teaching-learning
process through automated tutoring, content generation,
question answering, and personalized feedback.
However, despite their fluency and adaptability, LLMs
often suffer from significant limitations: they may
generate factually incorrect information (hallucination),
lack transparency, and are typically disconnected from
up-to-date or curriculum-specific knowledge. The
integration of Al-generated education, particularly
through Retrieval-Augmented Generation (RAG),
presents a transformative alternative to traditional
educational methods.

In recent days, the interest in RAG for education has
been increasing rapidly. This review focuses on the
paradigm shift from standalone Large Language Model—
based educational systems to Retrieval-Augmented
Generation frameworks, which ground generative
outputs in external knowledge sources to improve
reliability and pedagogical relevance. This paper is
structured as follows. Section 2 covers a brief overview
of Al-powered education system. Section 3 introduces
the RAG framework. Section 4 focuses on a survey of
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RAG in education for various purposes to enhance
student learning and engagement. Section V focuses on
challenges with RAG and future direction.

IL. AI-POWERED EDUCATION SYSTEM

The traditional education system is enhanced with
Artificial Intelligence (Al) in education (AIED). [4]
explores the systematic literature review of Al in
education and find the key areas where Al is applied in
education as follows.

1.Adaptive Learning & Personalized Tutoring (40%
of studies): Includes intelligent tutoring systems (ITS)
and adaptive hypermedia learning systems (AHLS) for
personalized feedback, exercises, and learning paths.

2.Intelligent Assessment & Management (24.8%):
Covers automatic grading, teaching evaluation, and
learning management systems (LMS) for collaborative
learning and resource management.

3.Profiling & Prediction (20%): Focuses on predicting
academic outcomes, drop-out risks, and learner
modelling using data mining and analytics.

4.Emerging Products (15.2%): Includes educational
robots (e.g., chatbots) and immersive technologies like
virtual reality (VR) and augmented reality (AR).

A comparative analysis of Al based education and
traditional education from [1] states that Al-based
education surpasses in personalization, accessibility,
scalability, and efficiency, while traditional methods
focus on teacher-student interaction, cultural integration,
and critical thinking. Challenges for Al include privacy
concerns and reliance on technology. [1] also propose a
“Balanced Approach” that combines Al-driven tools
with traditional methods to create a more inclusive and
effective learning environment, leveraging the strengths
of both approaches.

A. Traditional Al in Education

Initial Al based education, we can call it “Traditional AI”
focused on rule-based expert systems and simpler
information-retrieval methods for answering student
questions. Intelligent tutoring systems (ITS) have been
an active research domain since the 1990s, with systems
like AutoTutor, Cognitive Tutor, and ALEKS
demonstrating how Al can simulate human tutoring by
adapting to student knowledge levels. These systems are
rule-based systems.

B. Generative Al in Education

10.32622/ijrat.1401202613

The arrival of large language models (LLMs) has
expanded these possibilities, allows more natural
interactions and personalized support. With the
development of large-scale generative models (e.g.,
GPT-3, GPT-4, PaLM), educational researchers began
exploring how these models could support tutoring,
essay feedback, question generation, and conversation-
based learning. Studies have demonstrated their potential
to improve engagement and responsiveness. However,
generative models are prone to hallucinations and fail to
consistently ground their answers in verifiable content,
raising concerns about factual correctness and
pedagogical alignment. [5] provides survey on the
applications, challenges, and future developments of
Large Language Models (LLMs) in the field of
education, highlighting their potential to enhance the
teaching and learning process. Table 1. shows
application and case study of LLM in education.

Table 1. Application and Case study of LLM in

education
Sr | Applicatio | Sr LLM Sr Case
. ns of . generate . Study
No | LLMin | No d No
Education educatio
nal
content
1 | Dynamic 1 Writing 1 Khan
Content Prompts Academ
Generation y's Al
Tutor
2 | Interactive | 2 Explanato | 2 Socratic
Tutoring ry by
Diagram Google
3 | Personaliz | 3 Summarie | 3 Carnegie
ed s and Learning
Learning Study 's
Paths Guides MATHia
4 | Adaptive 4 Quiz
Assessmen Questions
t and
Answers

II1. FROM LARGE LANGUAGE MODELS TO
RETRIEVAL AUGMENTED GENERATION

In an introduction, we discussed that the “traditional
educational system” is now shifted to “Al-powered
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education system” with the inclusion of generative Al
models like LLM. To improve the performance of Al-
powered education system in future, LLM paradigm is
shifted to RAG framework. A survey of Retrieval
Augmented Generation for natural language processing
and introduces each component of RAG, including
details about the retriever from building to querying [3].
Combining retrieval and generation in a single
framework addresses many limitations of stand-alone
LLMs. RAG architectures provide the ability to
condition generative outputs on retrieved, trusted
sources, improving factual accuracy and curriculum
alignment. Integrating RAG framework with LLM
enhance the capability of LLM by resolving challenges
with LLM. Following are the challenges with LLM:

Inaccuracies-
misinterpreting

and Factual
information or

1. Hallucinations
Generating  false
historical events

2. Context Limitations- limited context window. Lack
of domain specific knowledge

3. Lack of Real-Time Information- LLMs are trained
on a static dataset. Out-dated knowledge

4. Ambiguity and Vague Queries- Difficult for LLM
to understand and re-spond accurately to ambiguous or
vague user queries.

5. Bias and Fairness- Reflects biases present in training
data

6. Scalability and Cost- Expensive to use LLM

RAG is an Al framework that combines both retrieval
and generation to improve the generated output quality
as well as accuracy. [8] white paper describes RAG
architecture as below which shows RAG work flow from
user prompt to user response. Figure 1 shows the
architecture of RAG framework [8]

Intemal Sources

Retrieval Model

Structured Data

Data| et
N E Docs

Generation

(LLM) Context

Figurel. Architecture of RAG [8]

From Figurel working of RAG framework is given
below:

1. When the user enters a prompt with a query, data
retrieval model is triggered to access the company’s
internal sources, as required.

2. The retrieval model queries the company’s internal
structured data (enterprise systems) and unstructured
data (knowledge bases)

3. The retrieval model enhances the user’s original query
with relevant context and passes this enriched prompt to
LLM API for generation.

4.The LLM uses this improved prompt to generate a
better accurate and relevant response, which is then
provided to the user.

RAG framework is combined with an existing LLM to
improve its performance. Retrieval-Augmented
Generation (RAG) enhances LLM accuracy by
dynamically [15] fetching data from external, trusted
knowledge bases during inference. By grounding
responses in retrieved, up-to-date evidence, RAG
significantly reduces hallucinations, provides source
attribution, and improves contextual relevance without
needing to retrain models [7].

Survey of RAG in Education:

Retrieval-Augmented Generation (RAG) merges the
generative power of LLMs with precise, external
document retrieval to deliver accurate, context-aware,
and up-to-date responses. It enhances Al reliability by
grounding model outputs in trusted, non-parametric
knowledge sources, reducing hallucinations and
mitigating the need for frequent retraining. In
educational contexts, this integration allows Al systems
to generate contextually accurate, up-to-date, and
domain-specific responses, overcoming the limitations
of static, pre-trained models. This survey systematically
reviews recent peer-reviewed studies that apply
Retrieval-Augmented  Generation to educational
systems, focusing on methodology, application domains,
performance outcomes, and limitations. Table 2 provides
a literature survey of RAG in education.

Table 2. Survey of RAG in Education
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Sr. | Paper Methodology Application Area Key Findings Limitations
No. and
author
details
1 [9] KG-RAG +LLM Intelligent Tutoring Personalized The scope is limited to science
Systems (ITS) answers improved and math subjects.
learning outcomes
2 [10] RAG Virtual Assistant 1. Addressing the | 1. Computational constraints:
Transformer information The research relied on Google
architecture-based access challenge Colab's free GPU
LLM models Meta- 2. Improving 2. Knowledge base
llama/Llama-2-7b-chat- accuracy with dependency: The accuracy of
hf and RAG the virtual assistant is heavily
Mistralai/Mistral-7B- performance. dependent on an extensive and
Instruct-v0.2 up-to-date knowledge base.
[10]
3. [11] 1. RAG+ open-source Teacher education 1.Model 1. Limited data set
tools. and training accurately grasp 2. In-depth analysis generated
2. Evaluated Three and reproduce by model is relatively low
leading 7B-parameter subject matter
open-source Chinese content.
Large Language
Models (LLMs) from
the Model Scope
community
[11]
4. [12] RAG+ VERTEX Al Enhancing 1.Method 1. Generalization issue: Affect
Palm-2 mode information significantly accuracy of virtual assistant
retrieval and improve the when input context is specific.
support in an accuracy and 2. Bias in specialized topics:
academic reduce Virtual assistant exhibited
environment. hallucinations in biases in its response on some
[12] responses from a | specialized topics where
virtual assistant. training data lacked neutral or
[12] diverse perspectives
2. Virtual
assistant’s
response accuracy
is increased to
87.73% as
relevant
contextual
information is
retrieved.
5. [13] 1.RAG+ Langchain Interactive Virtual 1. Transform Delays due to network latency
Assistant (IVA) traditional and high bandwidth usage for
2.Video Generation supports students classroom video streaming, which limit

Pipeline -

and educators in

teaching to a
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consists of a Wav2Lip
model for lip-syncing
video and a GFPGAN
model for face-specific

bridging the
shortcomings of
teacher-student
interactions in an e-

virtual learning
medium.

its feasibility for widespread
internet-based deployment

restoration learning
(enhancement environment
[16] RAG, University students | OwlMentor is an 1.Sample size is small only 16
Technology Al-powered participants
Acceptance Model learning 2. not include specific
(TAM) to assess system environment measures of scientific text
acceptance, examined designed to assist | comprehension
learning outcomes, and university
explored the influence students in
of general self-efficacy comprehending
on system acceptance scientific texts.
and OwlMentor use. [16]
[16] Implementation

and evaluation of
OwlIMentor [16]

[17]

Automatic Short
Answer Grading
(ASAG): ASAG is the
task of automatically
assigning appropriate
scores to open-ended
student responses.
[17]
Three-Dimensional
Learning

RAG and
Domain-specific
knowledge

Science Education
new frameworks for
K-12 science
education. [17]

1.Assessing
Three-
Dimensional
Learning [17]
Increase emphasis
on analyzing
students'
multidimensional
comprehension of
scientific
understanding,
including
Disciplinary core
ideas (DClIs),
science and
engineering
practices (SEPs),
and crosscutting
concepts (CCCs).
[17]

2. Providing
Timely Feedback
to Students

3. Enhancing

1. Scope Limitation: Only for
science education, not for
other subjects

2. Lack of Empirical
Evaluation:

empirical evaluation is limited
to a single dataset of student
responses. Testing on diverse
datasets would be needed to
validate the generalizability of
the proposed

approach.

3.Incomplete Analysis of In-
Context Learning

4. Lack of Comparison to
Human Grading

Grading
Efficiency:
[18] 1.ASAS-F-Z: Zero-shot | Can be applied 1.Scoring 1. Lack of Context-specific

ASAS-F across various Performance Evaluation The paper does not
2. ASAS-F-Opt: educational levels, Comparison provide any information about
Automatic Few-shot from K-12 to higher | 2. Feedback the specific educational
Optimization with education. The Quality contexts or student
DSPy ability to automate | Evaluation demographics the ASAS-F

the grading process

system is intended for.

10.32622/ijrat.1401202613

27


https://doi.org/10.32622/ijrat.1401202613

International Journal of Research in Advent Technology, Vol.14, No.l, March 2026
E-ISSN: 2321-9637

Available online at www.ijrat.org

3. ASAS-F-RAG: Few-
shot ASAS-F using
Retrieval-Augmented
Generation (RAG)
ColBERT retrieval
model

and generate
elaborated feedback
can be beneficial for
students of all ages
who are required to
answer short-form
questions as part of
their assessments.

2. Subjectivity in Feedback
Evaluation

3. Difficulty in Calibrating
Large Language Models

4. Limitations of Automatic
Optimization

1.Direct Automated
Feedback Delivery
(DAFeeD) [19]

2. open-source
reference
implementation called
Athena, connected to
the learning platform
Artemis [19]

University

Students from
computer science,
information systems
(Software
Engineering
Course)

1. Comfort with
Feedback Source
2. Perceived
Effectiveness

3. Usability and
Helpfulness

Internal Validity
External Validity
Construct validity

A survey paper on RAG Chatboats for educational
purposes. The author identified 47 research papers from
bibliographic data access platforms: Scopus, Web of
Science, and Google Scholar [14]. [15] represents a
detailed survey of RAG's application in the educational

10.32622/ijrat.1401202613

domain. A summary of RAG application in education is
extracted from the paper [15]. Figure 2 is the pictorial
representation of different uses of RAG in education
such as Interactive learning systems, content generation,
student assessment, and feedback etc.
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Fig. 2. RAG application in Education [15]

Iv. DISCUSSION

RAG has demonstrated significant potential in
educational applications by improving the accuracy and
contextual relevance of Al-generated responses [15]. This
section examines the challenges that occurs during use of
RAG in education [15] and provides future direction for
improvements.

A. Challenges in applying RAG in education
1. Curriculum Alignment and Contextualization-

One of the most significant challenges is aligning
retrieved content with national or regional curricula.
General-purpose RAG systems may pull accurate
but contextually irrelevant or grade-inappropriate
material. Educational applications require fine-
grained control over topic scope, age- age-

10.32622/ijrat.1401202613

appropriateness, and pedagogical intent, which
remains difficult with generic retrieval strategies.

2. Factual Accuracy and Hallucination Risks

RAG models can also hallucinate the contents if
they generate the information that is not present in
the retrieved documents. Such a situation is critical
in education , where misinformation can deceive
learners.

3. Multilingual and Multimodal Support

Educational content is often found in multiple
languages. Contents also take various formats, not
only restricted to text, but also include diagrams
(images), videos, and equations. Most current RAG
systems are text-centric and trained in English
language.  Supporting  regional  languages,
mathematical notation, or subject-specific visual
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content (e.g., chemical structures or physics
diagrams) is an ongoing challenge.

4. Student Personalization and Adaptivity

Personalized learning is a cornerstone of modern
education, but RAG systems struggle to adapt
answers based on a learner’s prior knowledge,
learning style, or misconceptions.

B. Future Directions

RAG-based education can focus on curriculum-aware
and domain-specific systems that align with established
educational standards such as NCERT, CBSE, and 1B,
that ensures subject- and grade-level relevance. The
development of multilingual and culturally inclusive
RAG models is equally critical to support learners in
linguistically diverse and multicultural contexts. Finally,
advancing personalized and adaptive RAG through
learner profiling, feedback loops, and ethical user
modeling can promote tailored, safe, and effective
learning experiences.

V. CONCLUSION

The paper provides a systematic review of Al-powered
educational systems with its evolution from traditional
artificial intelligence and standalone large language
models to Retrieval-Augmented Generation—based
architectures. LLMs have significantly enhanced
educational content generation and interaction, but its
limitations in factual accuracy, curriculum relevance, and
transparency restrict their reliability in formal learning
environments. By integrating external knowledge
retrieval, RAG frameworks address these limitations and
enable more accurate, personalized, and context-aware
educational applications, including intelligent tutoring
systems, virtual assistants, assessment tools, and
feedback mechanisms. The paper also identified
persistent challenges related to curriculum alignment,
multilingual and multimodal support, personalization,
explainability, and pedagogical evaluation.

Future research should focus on curriculum-aware
retrievers, learner-adaptive RAG pipelines, and robust
evaluation frameworks grounded in educational
outcomes rather than traditional NLP metrics.
Advancements in these areas will be critical for
developing trustworthy, scalable, and inclusive Al-
powered educational systems. Overall, this review
explores how the shift from LLM to Retrieval-
Augmented Generation is developing the next generation
of intelligent and reliable educational technologies.
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