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Abstract

Large Language Models (LLMs) have rapidly transformed conversational artificial intelligence by
enabling systems to generate fluent, contextually relevant, and human-like responses across a wide range
of applications. However, their increasing use in information-intensive domains has highlighted the
persistent problem of hallucination, in which models generate inaccurate, unsupported, or fabricated
information. This issue is particularly significant in educational and career guidance, where incorrect
information concerning university admissions, scholarships, visa regulations, immigration pathways, and
career opportunities can influence important student decisions. This secondary review examines the causes
of hallucinations in LLMs and evaluates existing approaches for improving factual reliability, with
particular emphasis on external knowledge retrieval and Retrieval-Augmented Generation (RAG). The
review discusses fine-tuning, Reinforcement Learning from Human Feedback, prompt engineering,
semantic search, embedding models, vector databases, knowledge graphs, and hybrid retrieval
architectures. It further examines evaluation approaches based on retrieval performance, factual
correctness, relevance, faithfulness, and human assessment. The literature indicates that retrieval-based
approaches can reduce dependence on the static knowledge encoded within LLM parameters by
connecting models with external and potentially updated information sources. However, retrieval does not
completely eliminate hallucinations, as response reliability remains dependent on the quality, relevance,
completeness, and recency of retrieved information. Based on these findings, the paper proposes a
conceptual framework for a domain-specific conversational assistant integrating curated educational and
immigration data, document processing, semantic retrieval, vector databases, LLM-based generation, and
source-aware user interaction. The review concludes that combining language generation with reliable
external knowledge represents a promising direction for developing more accurate, transparent, and
trustworthy Al systems for higher education and career decision-making.

Keywords: Large Language Models, hallucination, Retrieval-Augmented Generation, external
knowledge retrieval, semantic search, vector databases, knowledge graphs, generative Al, educational
technology, conversational Al

1. Introduction

1.1 Background

Large Language Models (LLMs) have transformed artificial intelligence by enabling machines to
understand and generate human-like language at an unprecedented scale. Built on the Transformer
architecture introduced by Vaswani et al. (2017), these models learn linguistic patterns from massive text
datasets and can perform tasks such as question answering, translation, summarization, coding assistance,
and conversational interaction. Successive developments, including GPT-3 (Brown et al., 2020), GPT-4,
BERT (Devlin et al., 2019), and other advanced language models, have demonstrated remarkable
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improvements in language understanding, making generative Al a widely adopted technology across
industries.

The rapid adoption of conversational Al has expanded its applications beyond traditional technology
sectors into education, healthcare, finance, customer support, research, and government services. In
education, Al-powered assistants are increasingly being used for personalized tutoring, academic writing
support, college admissions guidance, scholarship discovery, career counseling, and interview preparation
(Kasneci et al., 2023). Students seeking higher education abroad frequently rely on Al tools to compare
universities, understand admission requirements, explore visa regulations, and evaluate post-study work
opportunities. This growing dependence highlights the importance of ensuring that Al-generated
information is both accurate and trustworthy.

Unlike conventional search engines that retrieve existing documents, LLMs generate responses by
predicting the most probable sequence of words based on patterns learned during training (Brown et al.,
2020). While this capability produces fluent and contextually relevant answers, it also introduces a
significant limitation: models may produce information that appears convincing despite being factually
incorrect. As Al systems become integrated into high-stakes decision-making environments, improving
factual reliability has become a major research priority.

1.2 Problem Statement

One of the most significant challenges facing Large Language Models is the phenomenon known as
hallucination, where the model generates fabricated, inaccurate, or unsupported information with high
confidence (Ji et al., 2023). Hallucinations may involve inventing references, misrepresenting policies,
confusing facts across different sources, or presenting outdated information as current knowledge. These
errors occur because LLMs generate text probabilistically rather than verifying facts against external
knowledge sources during response generation.

The consequences of hallucinations become particularly serious in domains where users make important
life decisions based on Al-generated advice. For example, students applying to international universities
may receive incorrect information about eligibility criteria, scholarship deadlines, standardized testing
requirements, or application procedures. Similarly, inaccurate guidance regarding visa regulations,
immigration policies, post-study work permits, or career pathways can lead to financial losses, missed
opportunities, and poor decision-making. Unlike casual conversational errors, these inaccuracies can have
long-term educational and professional consequences.

Traditional approaches such as prompt engineering, supervised fine-tuning, and Reinforcement Learning
from Human Feedback (RLHF) improve model behavior but do not guarantee factual correctness because
the underlying knowledge remains static once training is completed (Ouyang et al., 2022). Consequently,
researchers have increasingly explored methods that enable language models to retrieve relevant external
information before generating responses. These retrieval-based approaches seek to combine the language
generation capabilities of LLMs with continuously updated knowledge sources, reducing the likelihood
of unsupported claims.

1.3 Research Objectives

This secondary review paper examines current research on reducing hallucinations in Large Language
Models through external knowledge retrieval mechanisms. The study specifically aims to:

e Understand the primary causes of hallucinations in Large Language Models.

e Examine external knowledge retrieval techniques used to improve factual accuracy.
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e Review Retrieval-Augmented Generation (RAG) architectures, semantic search methods, and vector
database technologies.

e Analyze evaluation metrics used to assess hallucination reduction, factual correctness, and response
quality.

e Propose a conceptual framework for developing domain-specific educational advisory systems that
provide reliable guidance on higher education, scholarships, visa regulations, and career pathways.

1.4 Research Questions

To achieve these objectives, the review addresses the following research questions:

e Why do hallucinations occur in Large Language Models?

What techniques have been developed to reduce hallucinations?

How do retrieval-based architectures improve factual accuracy?

What are the strengths and limitations of existing hallucination mitigation approaches?

How can retrieval-based Al systems support the development of trustworthy educational question-

answering platforms for students seeking higher education guidance?

Addressing these questions provides a foundation for understanding how external knowledge retrieval can

enhance the reliability of conversational Al systems. The findings contribute to ongoing discussions on

building domain-specific Al assistants that combine advanced language generation with verifiable, up-to-

date information, particularly in educational and career counseling environments where factual accuracy

is essential.

2. Literature Review

2.1 Evolution of Large Language Models and Generative Al

The development of Large Language Models (LLMSs) represents one of the most significant advances in
artificial intelligence. A major breakthrough occurred with the introduction of the Transformer
architecture, which replaced recurrent neural networks with a self-attention mechanism capable of
processing entire sequences simultaneously (Vaswani et al.,, 2017). This innovation improved
computational efficiency and enabled models to capture long-range contextual relationships within text.
Subsequent models, including BERT (Devlin et al., 2019) and the GPT series (Brown et al., 2020),
demonstrated remarkable improvements in natural language understanding and generation. While BERT
focused on bidirectional language understanding, GPT models emphasized autoregressive text generation,
enabling conversational Al systems capable of producing coherent and context-aware responses. These
developments accelerated the adoption of Al assistants across education, software development,
healthcare, and customer support (Bommasani et al., 2021).

Despite their strengths, LLMs remain heavily dependent on the quality, diversity, and recency of their
training data. Once training is completed, their internal knowledge becomes static unless updated through
additional training or external retrieval mechanisms (Brown et al., 2020).

2.2 Understanding Hallucinations in Large Language Models

Hallucination refers to the generation of information that appears plausible but lacks factual support or
contradicts reliable evidence (Ji et al., 2023). Researchers distinguish between intrinsic hallucinations,
where responses contradict the provided context, and extrinsic hallucinations, where fabricated
information is introduced beyond the available evidence (Ji et al., 2023).

Several factors contribute to hallucinations. First, training datasets may contain incomplete, biased, or
outdated information. Second, LLMs generate text by predicting probable word sequences rather than
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verifying facts, allowing confident but incorrect statements to emerge (Brown et al., 2020). Third, static
knowledge prevents models from incorporating newly published regulations or events. Finally, context-
window limitations may cause models to lose important information during lengthy conversations.
Hallucinations are particularly concerning in educational applications. Incorrect advice regarding
university admissions, scholarships, or visa policies can directly influence students' decisions. Researchers
also identify a trade-off between fluency and factual accuracy, where highly coherent responses may
appear trustworthy even when they contain factual errors (Ji et al., 2023).

2.3 Existing Approaches to Hallucination Reduction

Multiple technigues have been proposed to reduce hallucinations in LLMs.

Fine-tuning adapts pretrained models to domain-specific datasets, improving performance in specialized
tasks but requiring significant computational resources and repeated updates (Devlin et al., 2019).
Reinforcement Learning from Human Feedback (RLHF) aligns model behavior with human
preferences by rewarding desirable responses, improving conversational quality and safety without
guaranteeing factual correctness (Ouyang et al., 2022).

Prompt engineering, including chain-of-thought and few-shot prompting, guides models toward better
reasoning through carefully designed instructions (Wei et al., 2022). However, prompting cannot fully
eliminate fabricated information because the underlying knowledge remains unchanged.

External knowledge retrieval has emerged as one of the most promising solutions. Instead of relying
solely on internal model memory, retrieval systems access external documents during response generation,
allowing outputs to be grounded in verifiable information (Lewis et al., 2020).

Approach Advantages Limitations

Fine-tuning Better domain performance Expensive and difficult to update
Prompt engineering | Simple implementation Limited reliability

RLHF Improves alignment Does not guarantee factuality
External retrieval Dynamic and verifiable Retrieval quality dependent

Overall, retrieval-based approaches provide greater adaptability than purely model-centric methods.

2.4 Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) combines information retrieval with text generation to improve
factual accuracy (Lewis et al., 2020). Rather than generating answers solely from model parameters, RAG
first retrieves relevant documents before producing a response.

The workflow consists of four stages: the user submits a query, a retriever identifies relevant documents,
retrieved content is injected into the model's context, and the generator produces a grounded response.
This architecture enables models to reference current and domain-specific information without requiring
complete retraining.

Research demonstrates several advantages of RAG, including reduced hallucination, access to updated
knowledge, and improved source grounding (Gao et al., 2023). However, retrieval quality remains a
critical challenge. Incorrect document selection, increased latency, and limited context windows may still
reduce response quality, highlighting the importance of efficient retrieval systems.
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2.5 Semantic Search and Embedding Models

Traditional keyword search relies on exact word matching, often failing when users express similar ideas
using different vocabulary. Semantic search addresses this limitation by converting text into dense vector
representations that capture contextual meaning (Reimers & Gurevych, 2019).

Sentence-BERT (SBERT) significantly improved sentence-level similarity tasks by generating efficient
semantic embeddings suitable for retrieval applications (Reimers & Gurevych, 2019). OpenAl embedding
models further extend semantic retrieval by representing documents and queries within shared vector
spaces.

Feature Keyword Search Semantic Search
Exact match High Moderate
Context understanding Low High

Scalability High High

Synonym handling Weak Strong

Semantic search therefore plays a central role in modern retrieval-augmented systems by improving
document relevance.

2.6 Vector Databases and Information Storage

Efficient retrieval depends on specialized vector databases capable of storing and searching millions of
embeddings. Technologies such as FAISS (Johnson et al., 2019), Pinecone, ChromaDB, and Weaviate
enable fast similarity search using Approximate Nearest Neighbor (ANN) algorithms.

These systems also support metadata filtering, allowing searches to be restricted by categories such as
country, university, or document type. While vector databases provide scalability and low-latency
retrieval, their performance depends heavily on embedding quality and requires careful storage
management for large datasets.

2.7 Knowledge Graphs and Structured Knowledge Representation

Knowledge graphs organize information through entities and relationships, making them valuable for
representing structured educational information. Universities, degree programs, visa policies, and career
pathways can be connected through ontologies that improve explainability and reasoning (Hogan et al.,
2021).

Compared with purely text-based retrieval, knowledge graphs provide transparent relationship mapping.
However, constructing and maintaining comprehensive graphs requires substantial manual effort and
continuous updates.

2.8 Hybrid Retrieval Architectures

Recent research increasingly combines multiple retrieval techniques within hybrid architectures. These
systems integrate vector search, knowledge graphs, metadata filtering, and LLM generation to improve
retrieval quality (Gao et al., 2023).

Hybrid systems offer higher factual accuracy and better interpretability because structured knowledge
complements semantic retrieval. Nevertheless, integrating multiple components increases computational
complexity and system maintenance requirements.
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2.9 Evaluation Metrics for Hallucination Reduction

Researchers evaluate hallucination reduction using both automated and human-centered metrics.
Traditional measures such as Precision, Recall, F1-score, Exact Match, BLEU, and ROUGE assess
retrieval and text generation performance (Papineni et al., 2002; Lin, 2004).

However, automated metrics alone cannot fully capture factual reliability. Human evaluation remains
essential for assessing relevance, faithfulness, correctness, and explainability (Ji et al., 2023). Current
research increasingly emphasizes the need for domain-specific evaluation frameworks tailored to
educational and advisory applications.

2.10 Applications of Retrieval-Based Al Systems in Education

Retrieval-based Al systems are becoming increasingly important in educational support. Applications
include academic advising, university selection, scholarship guidance, visa information, and career
pathway recommendations. Platforms such as Duolingo Max use generative Al for language learning,
while Khanmigo provides Al-assisted tutoring grounded in educational content.

Many universities have also introduced virtual assistants that answer administrative questions and provide
student support. Nevertheless, existing systems often rely on generic knowledge bases and lack specialized
repositories containing verified admissions policies, scholarship databases, and immigration regulations.
This limitation reinforces the growing need for domain-specific retrieval architectures capable of
delivering accurate, explainable, and continuously updated guidance for students pursuing higher
education abroad.

3. Research Gap

Recent research has made significant progress in addressing hallucinations in Large Language Models
(LLMs), particularly through Retrieval-Augmented Generation (RAG), semantic search, vector databases,
and knowledge-grounding techniques (Lewis et al., 2020; Gao et al., 2023). These approaches have
demonstrated measurable improvements in factual accuracy by enabling models to retrieve relevant
external information before generating responses. Similarly, advances in embedding models, knowledge
graphs, and reinforcement learning have contributed to improving the reliability and usability of
conversational Al systems across various domains (Reimers & Gurevych, 2019; Ouyang et al., 2022).
Despite these developments, several important research gaps remain, particularly in applications related
to educational and career guidance.

A major limitation in the existing literature is the limited focus on domain-specific educational advisory
systems. Most retrieval-based research evaluates performance using general-purpose benchmarks, open-
domain question answering datasets, or encyclopedic knowledge sources (Ji et al., 2023). While these
benchmarks provide valuable insights into overall model performance, they do not adequately represent
the complex information needs of students seeking guidance on university admissions, scholarships, visa
regulations, immigration policies, and post-study career opportunities. These domains involve frequently
changing policies, institution-specific requirements, and country-specific regulations that require
continuously updated and verifiable information.

Another important gap is the insufficient integration of structured and unstructured educational data within
conversational Al systems. Existing RAG implementations primarily retrieve information from
unstructured text documents, while structured resources such as university databases, scholarship
eligibility criteria, visa categories, and degree-to-career relationships are often managed separately (Hogan
et al., 2021). Combining these diverse knowledge sources into a unified retrieval framework remains a
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relatively underexplored area. Such integration could improve both factual accuracy and explainability by
allowing Al systems to present information alongside its supporting sources and relationships.
Additionally, current evaluation methods place considerable emphasis on automated metrics such as
BLEU, ROUGE, and Exact Match, which may not fully capture the reliability required in educational
decision-making contexts (Papineni et al., 2002; Lin, 2004). Greater attention is needed toward domain-
specific evaluation frameworks that assess factual correctness, source transparency, policy compliance,
and user trust.

Therefore, this review seeks to bridge these gaps by synthesizing existing research on hallucination
reduction while proposing a conceptual framework for a retrieval-based conversational assistant
specifically designed for higher education guidance. By integrating semantic search, vector databases,
metadata filtering, and curated educational repositories, such systems have the potential to deliver more
accurate, explainable, and trustworthy support for students making important academic and career
decisions.

4. Proposed Conceptual Framework

The proposed conceptual framework presents a domain-specific Retrieval-Augmented Generation (RAG)
system designed to reduce hallucinations in Large Language Models when providing educational and
career-related guidance. The framework combines curated educational data, structured knowledge
representation, semantic retrieval, and LLM-based response generation. Its primary purpose is to ensure
that responses provided to students are grounded in relevant and current external information rather than
being generated exclusively from the model's pretrained knowledge. This approach is particularly relevant
for international education, where admission requirements, scholarships, visa regulations, and post-study
work policies may differ across countries and change over time.

The framework consists of five interconnected layers: the Data Layer, Knowledge Layer, Retrieval Layer,
Generation Layer, and User Interaction Layer. Each layer performs a distinct function while contributing
to the overall objective of producing accurate, relevant, and explainable responses.

4.1 Data Layer

The Data Layer forms the foundation of the proposed system. It consists of a curated repository containing
information relevant to students making higher education and career decisions. The repository may include
university profiles, degree programs, admission requirements, tuition fees, scholarships, visa regulations,
immigration pathways, career trajectories, and frequently asked questions.

University information could include institutional rankings, locations, available programs, eligibility
requirements, application deadlines, and standardized testing requirements. Course-level information
could include curriculum structure, duration, specialization options, and prerequisites. Similarly,
scholarship information could contain eligibility criteria, application deadlines, funding levels, and
nationality restrictions.

The inclusion of visa and immigration information is particularly important because these policies can
change frequently. Therefore, the repository should include information obtained from reliable and
authoritative sources, such as university websites and official government portals. Each record should also
contain information regarding its source and date of verification. This would allow the system to
distinguish between current and potentially outdated information.

The repository could additionally include career trajectories connecting academic qualifications with
possible career outcomes. For example, a Computer Science degree could be associated with careers such
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as software engineering, cybersecurity, data science, or artificial intelligence. Such relationships would
allow the system to provide more meaningful career-oriented recommendations.

4.2 Knowledge Layer

The Knowledge Layer converts the information stored in the Data Layer into a format that can be
efficiently processed and retrieved by the Al system. One of the first steps is document chunking, in which
lengthy documents are divided into smaller sections. Chunking enables the retrieval system to identify
specific passages relevant to a user's question rather than providing an entire document to the language
model.

The next step involves generating embeddings. Embedding models convert text into numerical vector
representations that capture semantic meaning (Reimers & Gurevych, 2019). Queries and documents can
subsequently be compared according to their semantic similarity.

Metadata tagging further improves retrieval accuracy. Information can be tagged according to attributes
such as country, university, degree, subject area, document type, and date of publication or verification.
For example, a search concerning Computer Science programs in Canada could be restricted to Canadian
universities and recent admission documents. This combination of semantic embeddings and metadata can
reduce the retrieval of irrelevant information.

4.3 Retrieval Layer

The Retrieval Layer acts as the connection between the student's question and the external knowledge
repository. When a user submits a query, the system first interprets its meaning and converts it into an
appropriate representation for retrieval.

Semantic search enables the system to identify documents based on meaning rather than relying
exclusively on exact keyword matches. The relevant embeddings are compared within a vector database,
and the most similar documents or passages are retrieved. Vector databases and similarity-search
technologies can efficiently identify relevant information from large collections of documents (Johnson et
al., 2019).

Metadata filtering can be incorporated into this stage to improve precision. For instance, if a student asks
about engineering programs in Germany, the retrieval process can prioritize documents tagged with
Germany, engineering, undergraduate study, and current admission information.

The effectiveness of the entire framework depends substantially on retrieval quality. If irrelevant,
incomplete, or outdated information is retrieved, the language model may still generate an inaccurate
response. Consequently, retrieval should be evaluated independently in addition to evaluating the final
generated answer.

4.4 Generation Layer

The Generation Layer uses an LLM to formulate a response based on the information retrieved from the
external repository. Instead of relying entirely on its pretrained parameters, the model receives relevant
retrieved passages as contextual information.

This process is central to RAG architectures, which combine a retrieval mechanism with a generative
model (Lewis et al., 2020). The retrieved information provides an evidentiary foundation for the response,
potentially reducing unsupported claims and improving factual grounding.

For example, if a student asks, *"What are the admission requirements for Computer Science in Canada?",
the system should retrieve relevant university-specific admission documents before generating a response.
The model can then synthesize the retrieved information into a concise explanation while identifying the
relevant institution and source.
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The generation layer should also be designed to acknowledge uncertainty. If the repository does not
contain sufficient information to answer a question, the system should avoid generating an unsupported
answer. Instead, it should indicate that the available information is insufficient and direct the student
toward an appropriate authoritative source.

4.5 User Interaction Layer

The User Interaction Layer provides the conversational interface through which students interact with the
system. A conversational interface allows students to ask questions using natural language rather than
requiring them to understand databases, search syntax, or technical terminology.

Potential questions may include:

"What are the admission requirements for Computer Science in Canada?"

"Which countries provide post-study work permits?"

"Compare Engineering programs in Germany and Australia.”

The system should be capable of identifying the key components of these questions, including subject
area, country, degree level, institution, and information type. It can then use these parameters to guide
retrieval and generate an appropriate response.

An important feature of the proposed interface should be source transparency. Responses should ideally
identify the documents or sources from which important claims were retrieved. This is particularly
important for admissions and immigration information because students need to verify critical
requirements independently.

4.6 Overall Framework and Expected Contribution

The proposed framework establishes a pipeline in which reliable external information moves from data
collection to knowledge processing, retrieval, generation, and user interaction. Its central principle is that
the quality of an Al-generated educational response depends not only on the language model but also on
the quality, relevance, and currency of the information supplied to it.

The framework therefore addresses several limitations of conventional LLMs. External retrieval can
provide access to information beyond the model's original training data, while semantic search can
improve the identification of relevant documents. Metadata filtering can increase retrieval precision, and
structured information can improve consistency for complex educational queries. Finally, source
attribution can provide greater transparency and enable users to verify important claims.

However, the framework does not completely eliminate hallucinations. Errors may still occur because of
incomplete repositories, incorrect embeddings, retrieval failures, outdated documents, or inappropriate
interpretation of retrieved information. Therefore, continuous data validation, source monitoring, retrieval
evaluation, and human oversight would remain essential.

Overall, the proposed conceptual framework provides a theoretical foundation for developing a
trustworthy educational conversational Al system. By integrating curated external knowledge with
semantic retrieval and LLM-based generation, it offers a potential approach for supporting students in
university selection, admissions, scholarships, international mobility, and career planning while reducing
dependence on the static knowledge of language models.

5. Future Scope

The rapid development of Large Language Models (LLMs) has created significant opportunities for
developing intelligent systems capable of supporting students in educational and career decision-making.
However, the findings discussed in this review indicate that the usefulness of such systems depends
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strongly on the accuracy, relevance, and currency of the information provided to users. Retrieval-based
architectures, particularly Retrieval-Augmented Generation (RAG), provide a promising direction for
addressing these limitations by connecting language models with external and verifiable knowledge
sources (Lewis et al., 2020; Gao et al., 2023). Building upon the literature reviewed in this study, several
areas of future research can be identified for developing a reliable, domain-specific conversational
assistant for higher education guidance.

5.1 Development of a Curated Educational Knowledge Repository

A major area for future development is the creation of a comprehensive and continuously updated
repository containing reliable educational and immigration information. The repository could include
university profiles, undergraduate programs, admission requirements, tuition fees, scholarships,
standardized testing requirements, visa regulations, post-study work opportunities, and career pathways.
The quality of such a system would depend substantially on the quality of its underlying data. Therefore,
information should preferably be collected from authoritative sources, including official university
websites, government immigration portals, scholarship providers, and recognized educational institutions.
Each document could be accompanied by metadata identifying its source, publication date, geographical
relevance, subject area, and last verification date.

A particularly important feature would be automated and human-assisted updating mechanisms.
Admission requirements and immigration policies can change periodically, meaning that a static
repository could eventually reproduce the same problem of outdated information found in conventional
LLMs. Future systems could therefore incorporate mechanisms for detecting changes in source documents
and flagging information requiring verification.

5.2 Implementation of Retrieval-Augmented Generation

Future research could move beyond the conceptual framework presented in this review toward the
practical implementation of a Retrieval-Augmented Generation architecture. A prototype system could
combine a pretrained LLM with a retrieval system capable of identifying relevant educational documents
before generating an answer.

Such a system would allow researchers to compare responses generated using only the LLM against
responses generated using retrieved external information. This comparison could provide empirical
evidence regarding whether retrieval improves factual accuracy and reduces unsupported claims.

Future implementations could also investigate different retrieval strategies, including dense retrieval,
sparse retrieval, hybrid retrieval, and reranking. Different approaches may perform differently depending
on the type of question. For example, semantic retrieval may be useful for broad career-related questions,
while exact keyword or metadata-based retrieval may be more appropriate for identifying specific visa
regulations or admission requirements.

5.3 Integration of Vector Databases and Semantic Search

Another important direction is the integration of vector databases and advanced semantic search
mechanisms. Embedding-based retrieval allows documents and user queries to be represented as
numerical vectors, enabling the system to identify information based on semantic similarity rather than
exact word matching (Reimers & Gurevych, 2019).

Future research could compare different embedding models and retrieval configurations to determine
which combinations provide the highest retrieval precision for educational queries. Vector databases such
as FAISS and other specialized retrieval platforms could also be evaluated according to retrieval speed,
scalability, filtering capabilities, and resource requirements (Johnson et al., 2019).
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The system could further combine semantic retrieval with metadata filtering. For example, a query
regarding undergraduate Computer Science programs could be restricted according to country, degree
level, academic requirements, and information recency. Such filtering could reduce irrelevant retrieval
and improve the reliability of generated responses.

5.4 Evaluation of Hallucination Reduction

A critical area of future research is the empirical evaluation of whether the proposed architecture actually
reduces hallucinations. The system should not be considered reliable solely because it uses external
retrieval. Retrieval itself can introduce errors if irrelevant or incorrect documents are selected.

Future studies could therefore establish experimental benchmarks containing realistic educational
questions and verified answers. The system could be evaluated using retrieval metrics such as precision,
recall, and F1-score, together with measures of response quality and factuality.

Human evaluation would also be valuable. Experts in education, admissions, or international student
advising could assess responses according to factual correctness, relevance, completeness, source
faithfulness, and clarity. Evaluation should additionally examine whether the system appropriately
communicates uncertainty when reliable information is unavailable.

Longitudinal evaluation could provide further insight by testing whether the system remains accurate as
university policies, admission requirements, and immigration regulations change.

5.5 Development of Personalized Recommendation Capabilities

Future versions of the proposed system could extend beyond question answering to provide personalized
educational recommendations. Students differ considerably in academic performance, subject interests,
financial constraints, preferred countries, career goals, and extracurricular experiences. A retrieval-based
system could potentially combine these preferences with structured educational data to provide more
relevant recommendations.

For example, a student interested in Computer Science and cybersecurity could receive recommendations
based on academic eligibility, preferred countries, tuition budget, university offerings, and potential career
pathways. However, personalization should not replace user decision-making. Recommendations should
be presented as evidence-based options rather than definitive instructions.

Hybrid Al architectures could support this development by combining LLMs with vector retrieval,
knowledge graphs, recommendation algorithms, and structured databases. Knowledge graphs could
represent relationships between degrees, universities, skills, occupations, and industries, while retrieval
systems could provide current supporting information.

5.6 Integration of Explainability and Source Verification

Another promising area of future research is the development of explainable retrieval-based educational
Al. Students should be able to understand why a particular answer or recommendation was generated.
Providing source references, retrieved passages, and the date on which information was verified could
improve transparency and user trust.

This is especially important for high-stakes information such as immigration and visa regulations. The
system should clearly distinguish between general educational guidance and information requiring
confirmation from official authorities. Future research could therefore examine how source attribution and
uncertainty communication influence students' trust and decision-making.

5.7 Ethical and Privacy Considerations

Future implementations must also address ethical considerations surrounding personalization and student
data. A personalized educational assistant may process sensitive information such as academic records,
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financial preferences, educational aspirations, and application histories. Appropriate data minimization,
security, consent, and access controls would therefore be necessary.

The system should also be monitored for potential biases in university or career recommendations. If the
underlying repository disproportionately represents certain institutions, countries, or career paths,
recommendations could unintentionally favor those options. Future research should therefore evaluate
fairness, transparency, and representational balance.

5.8 Overall Future Direction

The long-term objective of this research could be the development of a trustworthy, continuously updated,
and domain-specific educational conversational assistant. Such a system would combine curated external
knowledge with semantic retrieval, vector databases, knowledge graphs, and LLM-based generation.
Future research should move from conceptual analysis toward controlled experimentation, prototype
development, and real-world evaluation. Particular attention should be given to retrieval accuracy, factual
grounding, source transparency, information freshness, personalization, and ethical safeguards. If these
challenges are addressed effectively, retrieval-based Al could become a valuable supplementary tool for
students navigating increasingly complex higher education and career decisions. Nevertheless, such
systems should complement rather than replace official sources, qualified counselors, and individual
student judgment, particularly when decisions involve legally or financially significant consequences.

6. Conclusion

Large Language Models have emerged as powerful tools for generating and processing natural language,
with applications extending from general conversational systems to education, research, and career
guidance. However, their increasing use in decision-support contexts has highlighted the problem of
hallucination, in which models produce information that is inaccurate, unsupported, or fabricated while
presenting it in a fluent and convincing manner (Ji et al., 2023). This issue is particularly significant in
educational applications because students may use Al-generated information to make decisions
concerning university admissions, scholarships, international study, immigration, and career planning.
Therefore, improving the factual reliability of LLMSs is an important requirement for their responsible
application in education.

This review examined the causes of hallucinations and the major approaches developed to reduce them.
Fine-tuning, Reinforcement Learning from Human Feedback, and prompt engineering can improve model
performance, alignment, and response quality, but none of these approaches independently guarantees
factual accuracy (Ouyang et al., 2022). Their limitations arise partly from the fact that an LLM continues
to depend on patterns learned from its training data. If information is incomplete, outdated, or absent from
the model's training data, the model may still generate an incorrect response.

External knowledge retrieval provides an alternative approach by connecting language models to
information sources outside their internal parameters. Retrieval-Augmented Generation is particularly
promising because it combines information retrieval with language generation, allowing relevant
documents to be retrieved before an answer is produced (Lewis et al., 2020). This approach can provide
access to more current information while allowing responses to be grounded in identifiable sources.
However, RAG should not be considered a complete solution to hallucination. The reliability of the final
response depends on the quality, relevance, and freshness of the retrieved information. Retrieval failures,
poor document segmentation, unsuitable embeddings, and limited context can continue to introduce errors.
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The review also highlighted the importance of semantic search and embedding models in improving
retrieval quality. Unlike conventional keyword-based approaches, semantic retrieval can identify
information according to contextual meaning and similarity (Reimers & Gurevych, 2019). Vector
databases further enable efficient storage and retrieval of large collections of embedded information, while
knowledge graphs can represent relationships between entities such as universities, degree programs,
skills, occupations, and career pathways (Hogan et al., 2021). Combining these technologies through
hybrid retrieval architectures may therefore provide a stronger foundation for domain-specific
conversational systems.

Based on these findings, the proposed conceptual framework integrates a curated educational knowledge
repository, document chunking, embeddings, metadata tagging, semantic retrieval, vector databases,
LLM-based generation, and a conversational user interface. Such a framework could support questions
concerning university admissions, scholarships, degree selection, visa regulations, post-study work
opportunities, and career pathways. Importantly, the system should prioritize source transparency and
communicate uncertainty when sufficient evidence is unavailable rather than generating unsupported
responses.

The review identifies a significant opportunity for future research in developing retrieval-based Al systems
specifically designed for higher education and international student guidance. Existing research has
established the technical potential of retrieval-based architectures, but comparatively less attention has
been given to integrating diverse educational information sources into a unified, continuously updated
conversational framework. Future empirical studies should therefore evaluate such systems using retrieval
metrics, factuality measures, human evaluation, and domain-specific benchmarks.

Overall, external knowledge retrieval represents a promising strategy for reducing hallucinations and
improving the trustworthiness of Large Language Models. Its effectiveness, however, depends on more
than simply adding a retrieval component to an LLM. Reliable data sources, effective retrieval
mechanisms, appropriate evaluation, continuous updating, transparency, and human oversight are equally
important. For educational applications, retrieval-based Al should therefore be viewed as a decision-
support tool rather than a replacement for official sources or qualified human guidance. When
designed with these principles, retrieval-augmented systems could contribute to more accurate,
transparent, and responsible use of generative Al in higher education and career decision-making.
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