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Abstract

Generative artificial intelligence (A1) promises to
revolutionize education and knowledge transfer.
Educational paradigms are shifting as more Al-
enabled tools flood the market. Combatting the
common risks of hallucinations, outdated knowledge,
and untraceable decision making are retrieval-
augmented generation (RAG) models’ promises. Al-
assisted tools for education in both academia and
industry have the potential of utilizing information
retrieval methods like RAG for increasing knowledge
transfer while increasing trust in the system. The
paper describes the “state of the art” in Al progress
towards educational assistants and how current trends
can help (or hinder) knowledge transfer and ultimately
trust.

Keywords: Trustworthy Al, Retrieval-Augmented
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1. Introduction

The intersection of generative artificial
intelligence (Al) and education marks a monumental
shift in the way information is transferred between
parties. Generative Al focuses on creating responses
to queries from a user to mimic a real-world example
or a response that could have been provided by a
subject matter expert. This has opened opportunities
for anyone with an interest in a topic to begin learning,
experimenting, or creating something faster and with
higher quality than if it was researched or
implemented using more traditional methods (Ulfsnes,
2024).

Large Language models (LLMs) can perform
many language processing tasks including language
generation and classification and have been able to
surpass human experts in certain scenarios (Luo,
2024). LLMs have historically been adjusted and
adapted to different tasks using fine-tuning or prompt
engineering. These methods helped models become
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more accurate but still left them wvulnerable in
knowledge-heavy or domain-specific tasking. They
are prone to “hallucinations,” which are coherent and
convincing responses that are factually incorrect or
illogical. A recent effort to combat these limitations
called Retrieval-Augmented Generation (RAG)
retrieves document chunks from an authoritative
dataset before generating its response (Lewis, 2021).
This paper hopes to identify the benefits and
limitations of Retrieval-Augmented Generation and
discuss the potential it brings to restrictive industries
with policy-heavy development such as Aerospace,
Security, Legal, and Medical.

Our contributions in this paper are as follows:

e  We explore important aspects of Al, and how
trust can be built between the user and the
system.

e We present an overview of 4 state-of-the-art
RAG methods, emphasizing the benefits and
drawbacks in each.

e We identify and discuss benefits and pitfalls
of Al systems as they pertain to knowledge
transfer and trust.

e  We propose that the human-first approach to
developing Al assistants is key to enhancing
knowledge transfer in both the classroom and

industry.
e Additionally, we anticipate future directions
for RAG, emphasizing potential

enhancements to tackle current challenges.

The paper progresses in the following manner:
Section 2 discusses a background on knowledge
transfer, and primer of how Al is affecting humans’
ability to absorb information in a variety of settings.
Section 3 concentrates on how Al can both promote
and hinder knowledge transfer. Section 4 introduces
retrieval augmented generation and explores 4
common methods of implementing RAG. Section 5
highlights efforts in creating more explainable Al
(XAI) and explores benefits of a few RAG systems in
assisting with knowledge transfer. Section 6 continues
looking into educational opportunities that Al systems
can augment. Section 7 investigates some potential
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future use-cases of Al systems and theorizes some
potential directions knowledge transfer will venture
towards. Finally, Section 8 observes the ethical
considerations that need to be taken when developing
any new technology.

2. Background on Knowledge Transfer
and Artificial Intelligence

Many artificial intelligence (AI) technologies
have the potential to facilitate increased knowledge
transfer and further understanding within academic,
professional, or personal spaces (Ottersbock, 2024).
Within the academic setting, LLMs are already
serving as intelligent tutors or teachers assistants to
provide more personalized feedback and answer
questions quickly. They can also break down
complicated questions in new ways, providing
alternative learning methods for students who may
learn differently or require further clarification on a
topic.

In the professional setting, Al provides huge value
in simplifying workflows and providing employees
with fast information retrieval and answers. Utilizing
a system like RAG provides employees with accurate
and contextually appropriate responses to their
questions. ~ Maintaining the extensive policies,
procedures, and best practices is a hugely time-
consuming manner in industries like Aerospace,
Security, Legal, and Medical to name a few. By
implementing Retrieval Augmented Generation, these
industries can give their employees more accurate
information and be assured that it is sourced from their
own reliable and relevant information.

3. Al Promoting (or Hindering)
Knowledge Transfer and Trust

While Al continues to increase in capability and
influence, the debate remains as to how it can promote
or hinder knowledge transfer, which directly affects
trust. This section explores both of those areas.

3.1. AI Enhancing Knowledge Transfer

Al is unquestionably changing how knowledge
transfer occurs in every industry (Kasneci, 2023). One
prominent example of this is in cybersecurity, where
the barrier of entry is not only high but also the
concepts are unintuitive for the general population
(Poy, 2017). Al provides a window into the
cybersecurity industry by incorporating tools like
advanced natural language processing (NLP), an Al
system can translate a complex algorithm or data

pattern into a comprehensible solution to a systems
security posture. Using an advanced Al system to
identify potential security threats and provide rationale
behind the decision will allow researchers, customers,
employees, and hobbyists to gather more meaningful
insights and further their cybersecurity understanding.

3.2. Al Inhibiting Knowledge Transfer

As explained by (Shigley, 2021), when discussing
knowledge transfer, one must also consider the
concept of knowledge friction. Knowledge friction in
the case of this paper refers to the possibility that Al
may also inhibit knowledge transfer. This can
typically show as Al can act as an inhibitor for
knowledge transfer, specifically by inhibiting the
ability for someone learning a new topic to digest and
understand the material. Having seemingly endless
information at your fingertips often leads students,
researchers, and employees to ask large language
models (LLM’s) a question and take the first response
it gives, without fact checking or validating the result.
This is especially problematic for entry-level
employees or students who don’t have the expertise to
differentiate a hallucinated or incorrect response from
a legitimate source.

3.3. Al and Trust

Al-capable technologies have become widely
known, but slowly adopted. Users are still showing
limited trust in the systems and have even been hostile
in adoption of the Al-capable technologies (Glikson,
2020).

Despite LLMs impressive ability to understand
instructions and generate convincing responses, an
issue that still plagues many models is hallucinations.
Often outdated information or incorrect knowledge
learned during the training of the model produces
these hallucinations. Even with strict training data
collection and generally high-quality sampling data,
small knowledge-based problems can compound and
produce unexpected results.

With LLMs ability to synthesize a convincing and
coherent response to a user’s query, many uneducated
users will take the response in full confidence, thus
creating the risk of trusting Al too much (Von, 2021).

4. Methods of Addressing Hindrance of
Knowledge Transfer and Trust

This section explores various methods which can
prove effective in combating hindrance of knowledge
transfer which can lead to increased trust.
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4.1. Retrieval-Augmented Generation

RAG was first proposed to use an input sequence
to retrieve text documents and use the documents as
additional context when generating a target sequence
(Lewis, 2021). This allows a model to generate more
accurate and contextually relevant responses without
being explicitly trained on the data. It is especially
useful in knowledge-intensive tasks, where a human
would not reasonably be able to perform the task
without an external knowledge source. The retrieved
documents are used to inform the response generation
before returning the contextually relevant response
including explicit references to the retrieved data.
This strategy provides a significant improvement in
factuality and specificity of responses by the model
when compared to parametric models.

This original idea has inspired other variations of
retrieval-augmented generation, a few of which will be
addressed in the following sections. We plan to
discuss the benefits of each method, and how they
have built on each other to create a better knowledge-
intensive task assistant for humans.

4.2. Naive Retrieval-Augmented Generation
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Figure 1. Naive RAG Architecture

Naive RAG was the initial version of retrieval-
augmented generation, created shortly after ChatGPT
went viral (Lewis, 2021). It consists of 3 phases, data
indexing, retrieval, and augmentation and generation.
Data indexing will load, chunk, embed, and store the
data in vector format into a vector database. Then
during the retrieval phase, the user’s query is
transformed into a vector, just like the data, and

matched against all the vectors stored in the database
to identify the most similar chunks. Finally, the LLM
model will take the initial question, and the relevant
chunks returned from the retrieval step and generate a
response. The response will combine the relevant
retrieved document chunks and synthesize a data-
backed answer to the user’s question.

Naive RAG has been shown to enhance a model’s
performance in knowledge-intensive tasks but can also
be subject to challenges across each of its phases.
Retrieving non-relevant chunks, augmenting the
response with unrelated or repetitive data, and
generating a response not using the retrieved chunk are
all issues that Naive RAG has shown to produce, and
why researchers have continued to pursue alternative
methodologies of retrieval-augmented generation
(Gao, 2024). One such method that will be discussed
in the next section is advanced retrieval-augmented
generation.

4.3. Advanced Retrieval-Augmented
Generation
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Figure 2. Advanced RAG Architecture

Advanced Retrieval-Augmented Generation (Ilin,
2023) builds on Naive RAG by adding pre-retrieval
and post-retrieval steps, while still maintaining the
chain structure. This creates a better retrieval
mechanism and improves the chunks that are provided
to the LLM for final augmentation into the response.
Advanced RAG also addresses the indexing
shortcomings of Naive RAG by changing to a sliding
window indexing method, fine-grained segmentation,
and metadata augmentation of the final response (Gao,
2024).

The primary focus of Advanced RAG are the
added pre-retrieval and post-retrieval stages. The pre-
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retrieval stage’s main goal is to provide more accurate
and relevant chunks for indexing.

4.4. Corrective Retrieval-Augmented
Generation
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Figure 3. Corrective RAG Architecture

Corrective RAG (Yan, 2024) is another attempt at
improving the accuracy and reliability of responses
generated by the RAG system. It introduces a
feedback mechanism designed to correct ambiguous
or incorrectly retrieved documents and refine the
search before generating a response.  This is
accomplished in a two-stage process: initial response
generation and corrective model assessment. The
initial response occurs immediately after retrieval, and
asks the question: “Are the retrieved documents
correct to input X.” If the documents are correct or
ambiguous, the knowledge refinement module may be
triggered and the documents will be decomposed,
filtered, and recomposed before being sent to the
generator. If the documents are ambiguous or
incorrect, the knowledge searching module may be
triggered and the initial question will be rewritten. A
web search will then be performed, and new
documents will be retrieved to attempt the knowledge
correction stage again. This cycle will repeat until the
knowledge refinement stage triggers a correct
retrieval, and the generator can create a response from
the initial question and the retrieved documents. The
feedback  mechanism  helps  further reduce
hallucinations and encourages improvement over time
(Gao, 2024).

4.5. Modular Retrieval-Augmented
Generation
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Figure 4. Modular RAG Architecture

The Modular RAG approach uses multiple
models and stages to independently handle and
improve on the standard retrieval and generation steps.
Modular rag emphasizes isolating each process into its
own component, each responsible for its own task and
uniquely configurable. The isolatable components
include, but are not limited to, search, predict, fusion,
routing, and LLM memory (Gao, 2024). The ability
to restructure the RAG models (Yu, 2022) has aided in
identifying and adjusting components within the
system to provide a more granular approach to
increasing performance without having to change the
entire system. This also allows for more domain-
specific knowledge tasks to be handled by
architecturally similar RAG systems. Utilizing the
RE?QA structure provides a flexible and tunable
modular architecture that can be tailored towards
different tasks (Ma, 2023).

5. Education and Training for Al

Creating a human-first generative Al platform
that utilizes retrieval-augmented generation could
increase overall knowledge transfer between teacher
and learner. The Generative Education Framework
(Leiker, 2023) highlights the relationship between
educators, learners, and Al companions. The
relationship graph is triangular and highlights the
reciprocal relations between each of the parties.



Focusing on the relationship between the learners and
the Al companions, we see that Leiker emphasizes the
importance of learner feedback so the Al system can
continue iterate and improve on itself. We propose
that taking a human-first approach and prioritizing the
usability and quality of data that the AI companion
returns will contribute more to the overall knowledge
transfer between the two parties.
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Figure S. The Generative Education Framework.

By providing a RAG model with course material
in a curated database, educators can be confident that
their learners will be able to ask questions and receive
only relevant, accurate responses  without
hallucinations. Functioning like a teacher’s assistant,
the RAG will be able to pull specifically from the
course curriculum and cite the source for further
exploration depending on the learner’s level of
understanding. This provides learners with differing
learning strategies or understanding levels an adaptive
learning platform that can be configured to best suit
the user. This is akin to a 1:1 tutor and would provide
students who are struggling with a specific topic
further reinforcement in the concepts. It can also
provide students who have already grasped the
concept the ability to ask deeper questions and
continue exploring.

6. Increasing trust with Explainable Al

A looming question around AI has been its
inherent lack of transparency, which could in turn
hinder trust between the user and the system. This
section discusses how Explainable Al can help shed
light which can potentially lead to increased trust.

6.1. Explainable AI (XAI)

Explainable Al was created to address the black-
box nature of most Al decision-making processes.

The goal is to make Al systems more interpretable and
understandable  to  humans  for  increased
understanding, policy compliance, and transparency.
XALI also provides an opportunity for Al engineers or
customers using the Al platform to identify and better
understand any model biases.

Shapley Additive exPlanations or SHAP values
(Lundberg, 2017) are one method of explaining
outputs of machine learning models. SHAP values are
created using game theory, measuring each feature’s
contribution to the final output. SHAP values are
model agnostic and can predict common Machine
Learning models such as Linear and Logistic
Regression, Decision Trees, Random Forests, and
Neural Networks.

SHAP values also have many useful properties
that provide more intuitive results to the user. To
name a few, they are additive and can be summed at
any point, encouraging less compute-power required
to identify the impact of any individual feature in the
model. They are also consistent, and do not change
unless the feature’s contribution itself changes. This
can be especially useful when adjusting parameters or
the architecture in incremental updates.

Local Interpretable Model-agnostic Explanations
or LIME (Ribeiro, 2016) is another method created to
show more interpretable and understandable results
from an any ML classifier. LIME focuses on local
fidelity, so it will only provide explanations about a
model’s behavior around a specific instance being
predicted. It provides a more understandable decision-
making process by representing the decision-making
processes as sparse linear models.

Retrieval Augmented Generation can also be
argued as a form of explainable Al. The retrieval
mechanism serves to identify the source of the data
that the model is using for contextual understanding.
This provides the user with a more concrete
understanding of how the model was able to generate
a response and why specific information was chosen
as augmentation.  Further understanding of the
model’s decision-making process is possible when
verbose or debugging modes are turned on, and the
user or maintainer can identify exactly what sources
the model synthesized its response from.

Diagnosing a model’s behavior from an
incident in an incorrect image classification for
example, could help the engineers and researchers to
better address biases and improper classifications in
the future. Implementing these types of explainable
Al can help make AI more trustworthy, opaque, and
understandable to ensure both performance and ethical
iteration improvements.
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7. Factors for Increasing Trust for
Knowledge Transfer Through AI

This section explores (and proposes) factors that
could increase trust when it comes to knowledge
transfer that is accomplished through Al.

7.1. Technologies for enabling non-subject
matter experts to leverage Al

Subject matter experts (SMEs) provide guidance,
expertise, and help push industries further in
development while ensuring safety and best practices
are established and ultimately followed. These
incredibly useful positions in industry are highly
respected, and often busy to the point of being unable
to respond to all requests they receive. Unfortunately,
employees are often left waiting for answers from
busy or overloaded SMEs which can result in delays
in production or releases, incorrect decisions being
made, and issues with design that can be costly to fix.

The emerging facets of Al present an opportunity
for more questions requiring a subject matter expert to
be answered quickly and effectively. This can increase
a company’s efficiency by enabling entry-level
employees to be more self-serving and encourages
critical thinking by providing all the tools and
resources one would need to solve their problem.
Questions can be answered on-demand and provides
immediate access to a breadth of knowledge on any
topics the model has ingested. Multiple Al tools and
approaches are valid and beneficial in enabling
employees to solve problems more efficiently, but
RAG is a particularly exciting foundational concept in
Al for creating educational and knowledge-specific
applications on top of. These applications can ingest
and learn from a company or industry’s data and best
practices and answer detailed and nuanced questions
to non-subject matter experts.

RAG, as we explored previously in this paper,
provides a foundation with less hallucinations, faster
data retrieval, and configurable parameters for text
generation like temperature or max token length which
all have been shown to provide a more specific and
customizable approach to retrieved information (Gao,
2024). For brevity, this paper will focus on how
building Al companions on top of the RAG framework
can provide increases in productivity, more efficient
question responses, and deeper understanding of
complex topics. The RAG framework, as we have
explored previously, is incredibly customizable and
addresses many concerns and issues with Al tools in
both academia and industry.

Increased security is appealing to most people in
the current information-heavy age of technology (Xu,
2024). Reducing the stress of the public in worrying
about compromised passwords, being phished, and
being hacked is a difficult but worthwhile goal to
strive for. LLMs, like ChatGPT, still have the potential
to give incorrect or even dangerous responses to
questions, and those without knowledge in a field like
security may take the response of the Al without fact-
checking (Sallam, 2023).

Non-security experts are often required to
implement some form of security into their products,
groups, or industries. Requirements for these policies
to be implemented are to ensure employee and
customer security, but the employees asked to
implement and maintain these policies are not always
experts or even trained in security. The ability for
users to query a system that has access to all the
policies, best practices, or trainings from a company or
industry provide a low-risk and low-effort option for
entry-level employees to implement and learn more
about security.

7.2. Creating a human-focused Al system
(prioritizing human interaction)

The trust transfer theory, proposed by Stewart in
2003 and refined in 2006, can help identify the aspects
of a trusted relationship between a trusted source and
an unknown target. The four primary aspects to
understand the trust transfer mechanism are: trust in
the source, the source-target relationship, trust in the
target, and trusting intention towards the target. This
paper will primarily focus on the source-target
relationship aspect of the trust transfer theory, and how
the trust of a user into an Al system can provide an
avenue for increased knowledge transfer without
requiring a subject matter expert to create the
relationship to begin with.

The source-target relationship, as presented by
Stewart, shows the ability for two parties to become
trusting and mutually beneficial to each other pending
the transfer of trust from the source to the target. This
requires a rational assessment into the validity of the
source’s responses and the value that listening to the
source provides. There were many factors identified
by Stewart that contributed to trust. Things like age,
gender, graphics, and ease of use all contributed to
users trusting a product that they intended to buy. Al
provides the user with a customizable experience
which provides them with whatever configuration they
find to be most trustworthy. This implies that a user
can directly affect their own attitude, behavior, and
intention towards the tool when using it.
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The source-target relationship also highlights the
potential for a target (in this case, the one using Al for
knowledge gain) to become overly dependent on the
source (the AI application) without checking or
questioning the response. This causes problems with
Al tools like chatbots, which are designed to mimic
human conversations as closely as possible. Users, or
targets in the trust transfer theory, often equate Al
chatbots as authoritative and intelligent sources, and
will accept the responses because of the trust they have
put into the source due to reasons discussed above (Li
2023). Accidentally pushing buggy or malicious code
to a codebase, citing incorrect resources, or even
ignoring the original question and answering a
different one are all problems that employees in
industry utilizing Al tools have faced. This also causes
problems in education, where the target (learners) will
take the responses without fact-
checking/understanding what was generated.

Prioritizing human interaction with Al systems
should be a top priority in the development of new
assistive technologies. To ensure efficient knowledge
transfer and trust between the user and the system,
emphasizing transparency, interpretability,
robustness, fairness, and privacy should be focus.
RAG bridges the gap between cutting-edge generative
Al solutions and interpretable or deterministic
solutions for knowledge transfer. A system proposed
in Figure 5 shows the benefits of RAG within an Al
tool, and why we believe it is one of the most
promising Al architectures in education, industry, and
knowledge transfer in general. It can address many
common pitfalls of Al systems like LLMs without
being overly complicated to implement or maintain.
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Figure 6. RAG System for knowledge transfer.

Shown above is a sample system that is useful in
both education and regulated/policy driven industries.
Users can ask questions to the Al system and get
results, similarly to tools that many are already
familiar with like ChatGPT or Claude. One advantage
to RAG compared to many of the large LLM platforms
is the ability to return the source that the information
was derived from. Behind the scenes, maintainers can
curate the database that the RAG retrieves from and
ensure that the proper information is being stored. The
databases can be updated and adjusted depending on
the questions being asked, as well as the location that
the tool is deployed. RAG can be hosted offline and
does not explicitly require the internet to generate
responses and retrieve information. This can be
especially useful for the highly regulated industries
where data may be classified, or policies are very
specific and cannot be interpreted or exchanged.

It can also benefit students, by ensuring that they
are only able to pull from certain data sources and
could be a source of validation to ensure honesty when
writing papers. System prompts can be created to
allow the Al tool to provide students with ideas and
references, but not necessarily write a whole paper or
complete a math problem for them.

Creating a system with an emphasis on proper
data retrieval and results is necessary in the highly
regulated industries mentioned previously. Policy-
heavy and process-heavy workflows can be
understood by a much larger audience with the help of
an Al assistant. Other companies within competitive
industries may have different best practices, policies,
and procedures, and pulling another company’s
content could prove detrimental to a project or
organization. Summarizing important data and
retrieving the correct policies or procedures in a
situation has time, cost, and accuracy benefits that
could increase operating efficiency and promote rapid
development.

This system still retains benefits of large, well
known LLM platforms like adding in previous
questions as context and the ability to generate new
information or synthesize something it hasn’t seen or
done before. RAG systems can be protected with
guardrails just like large LLM platforms and can be
configured to support more creative and imaginative
responses that leverage the LLM or more deterministic
and referenced responses that leverage the retrieval
mechanism. This further solidifies the system’s ability
to adapt to the environment it’s deployed in, and can
benefit a wide array of students, working
professionals, and hobbyists.
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8. Future of Knowledge Transfer and
Trust Generation through Al

8.1 Al in Education

Al has already had a large impact in many
industries, and knowledge transfer in stringent policy
and procedural industries depends on Al’s ability to be
interpretable, robust, explainable, and fair. Al
systems, specifically ones leveraging Retrieval
Augmented Generation as discussed in this paper, can
offer detailed and context-rich responses to ensure
accuracy and efficiency. Integrating these systems has
the potential to enhance the classrooms, workplace,
and personal lives of those willing to learn and interact
with a new technology.

A study on ChatGPT in education by Li and
collaborators found that users of Al platforms,
primarily ChatGPT, generally felt positively at the
benefits it brought to their daily lives. The users
explained that they were more likely to learn a new
concept with the help of an Al assistant and saw an
increase in the learning experience when it was
augmented with Al It also provides a more custom
learning experience, and users agreed that the ability
to ask pointed questions and receive clarification was
the most exciting part of using Al in education.

They did also express concerns with the emerging
dependence on Al, and the study found that the
concerns converged to 5 categories: academic
integrity, impact on learning outcomes and skill
development, limitation of capabilities, policy and
social concerns, and workforce challenges (Li, 2023).
Educators were more pessimistic than the learners and
had their greatest concerns with the academic integrity
risks that Al presents. Another large concern was the
lack of comprehension students are beginning to
exhibit, revealing that they trust Al too much and will
take the responses at face value, rather than fact
checking and testing the validity of any claims.

We argue that education is a perfect point to
introduce students into new tools, because students are
willing to learn and try new things, while being more
open-minded to pivoting to a new system. Industry
encourages the path of least resistance, and the training
costs or adoption of a new technology is generally seen
as inefficient and wasteful. By introducing students
earlier to Al systems and concepts, we can show them
how to best use these tools to speed up things like
research and data gathering, brainstorming, and
boilerplate text or code generation and focus on
overall paths forward, high-level architectures, and
problem solving.

8.2. The Future of Al

We anticipate Al to become a general-purpose
technology (GPT) like electricity or engines and to get
adopted across many industries as it continues to grow
and evolve. By adopting the technology early and
learning as Al and the tools it powers evolves, we will
better set up ourselves and younger generations to deal
with the rapidly changing industry and academic
landscapes. Actively participating in testing, policy
making, and staying up to date on the latest news will
ensure that society can move together and collaborate
on ethical, useful tools to augment human work.

Al likely won’t replace jobs and humans, but it
will differentiate between those who can use it and
those who choose not to adapt. Careers like software
engineers who are used to breaking down large
problems into smaller, more manageable components
will have a good idea of where Al can support their
daily work. This compared to industries less familiar
with technology or those whose jobs are highly
automatable may struggle more to adopt these new
technologies or even get replaced. In these
automatable roles, it’s even more important for
employees to learn how to use Al tools to increase
their productivity and show sustained value. It can
also identify ways to pivot roles and become more
efficient or work in new unforeseen capacities.

10. Conclusion

Generative Al is unquestionably revolutionizing
education and industries across the globe. These
innovations have the potential to enhance knowledge
transfer between learners and Al companions while
providing additional information with faster retrieval
and comprehension. Al systems, like RAG, provide an
avenue for an immediate increase in knowledge
transfer between learners and educators which can
ultimately lead to increased trust and more
personalized learning experiences.  Furthermore,
functioning as a subject-matter expert, these systems
can provide meaningful, accurate, and responsive
answers to questions in industry or education. Many
variations of the retrieval-augmented generation
model have been proposed, and four were explored in
this paper. The benefits these models promise must
also come with a focus and increased effort in ensuring
ethical, accurate, and unbiased systems are being
provided for education and industry.

By promoting society to take an active stance in
the policies, adoption, and use of Al in our everyday
lives, we can ensure that Al continues to change and
evolve in ways that benefit us as a society. Continuing
to research and test AI methods and tools that have
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applications in how knowledge is transferred, we can
keep finding better and more personal methods of
communicating and teaching each other new
information. Customizable learning platforms,
accurate data retrieved and summarized for
comprehension, seamless translation  between
languages, and many more applications lie in our near
future. We conclude this paper with two questions:
what would your ideal future of education look like?
And how can we harness the power of Al to learn,
teach, and communicate better?

11. Glossary

Adaptive Learning: An education strategy that uses
Al to customize the learning experience based on the
individual student’s needs, pace, and learning style.
Artificial Intelligence (AI): A branch of computer
science focused on creating systems capable of
performing tasks that typically require human
intelligence.

Automated Tutoring Systems: Al-powered systems
designed to provide personalized education and
feedback to students without human intervention.
Contextual Understanding: An Al model’s ability
to grasp the meaning and implications of text within
its broader situational or conversational context.
Data Augmentation: Techniques used to increase
the diversity of training data without collecting new
data, often by modifying existing data.
Explainability: The degree to which an Al system’s
actions and decisions can be understood and
interpreted by humans.

Ethical AI: The consideration of moral principles
and societal impact in the development and
deployment of Al systems.

Feedback Loop: The process in which the output of
an Al system is used to refine and improve it.
Fine-Tuning: The process of further training a pre-
trained Al model on a specific dataset to optimize it.
Hallucination: A response that is coherent and
grammatically correct, but the perceived pattern is
factually incorrect and nonsensical.
Human-in-the-Loop (HITL): An Al system design
approach that involves human oversight and
intervention in the decision-making process to
improve accuracy and reliability.

Inference: The process by which an AI model
applies learned patterns to new data to generate
predictions, classifications, or other outputs.
Knowledge Base: A repository that Al systems use
to retrieve data and generate accurate answers.
Large Language Models (LLMs): Al models
trained on vast amounts of text data to understand,
generate, and manipulate human language.

Machine Learning (ML): A subset of Al that
involves the development of algorithms that allow
computers to learn from and make decisions.
Natural Language Processing (NLP): A field of Al
that focuses on the interaction between computers
and human language, enabling machines to
understand, interpret, and generate text.

Prompt Engineering: The practice of designing
input prompts to effectively guide Al models in
generating desired responses.

Retrieval-Augmented Generation (RAG): A hybrid
Al model that combines retrieval-based approaches
(fetching relevant documents or information) with
generative models to produce contextually accurate
and informative responses.

Scalability: The ability of an Al system to handle
increasing amounts of work or to be expanded to
accommodate growth.
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