Academic Assistant: A Robotic System Powered by
Retrieval-Augmented Generation and Fine-Tuned LLMs for

Interactive Learning

A dissertation submitted in partial fulfillment of the
requirement for the degree of B.Sc (Engineering) in

Information & Communication Technology

Submitted By

ID: 12009004

ID: 12009013
Session:2019-2020

Department of Information and Communication Technology

Comilla University, Cumilla

February 2025



Acknowledgements

In the name of Allah, the Most Gracious, the Most Merciful. We extend our
deepest gratitude to our parents, whose love, sacrifices, and encouragement have
been our constant source of strength. Their unwavering belief in us has fueled our
determination and shaped our character. We also express heartfelt appreciation
to our teachers, whose knowledge and wisdom have illuminated our path of learn-
ing. We are grateful to our friends, companions on this remarkable journey, for
your camaraderie, support, and shared laughter.We reserve special thanks for our
honorable supervisor whose mentorship and guidance have been invaluable. Your
expertise, encouragement, and belief in our potential have inspired us to reach new
heights. We are grateful for the lessons learned under your tutelage.In expressing
our gratitude, we acknowledge that all achievements are by the will of Allah and
through the support of those around us. May Allah continue to guide us all on the

path of knowledge, virtue, and success.



Abstract

The Academic Assistant is an Al-powered robot designed to enhance educational
and research experiences. It leverages a fine-tuned DeepSeek 1.5B language model
with Retrieval-Augmented Generation (RAG) to provide accurate, context-aware
responses to academic queries. The system integrates a humanoid robot with
sensors, a Raspberry Pi 3, and Google TTS for interactive, real-time engagement.
Key metrics show a BLEU score of 0.480, ROUGE-1 of 0.820, ROUGE-2 of 0.700,
and ROUGE-L of 0.820, indicating high accuracy and recall. By continuously
learning from user feedback through reinforcement learning, it improves response
quality. This aims to revolutionize education by offering personalized, reliable
academic support, making learning more accessible and engaging for students,

educators and researchers alike.
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Chapter

Introduction

1.1 Background and Motivation

The rapid advancements in artificial intelligence (AI) and machine learning (ML)
have ushered in a new era of innovation, particularly in the domain of natural
language processing (NLP). Among the most transformative developments in this
field are Large Language Models (LLMs), which have demonstrated unprecedented
capabilities in understanding, generating, and interacting with human language.
These models have begun to revolutionize a wide array of applications, from vir-
tual assistants to automated content generation, offering new possibilities for au-
tomating complex tasks and enhancing human-computer interactions. As academic
knowledge continues to grow exponentially, the potential of LLMs to reshape ed-
ucation and research environments has become particularly promising. They have
the power to enhance accessibility, accuracy, and the speed of information retrieval,
enabling researchers and students to interact with vast amounts of academic data

in a more efficient and precise manner.

However, traditional methods of information retrieval, such as manually search-
ing through extensive databases or relying on broad search engines, often result
in time-consuming, inefficient, and error-prone processes. These systems, while
useful, struggle to provide the necessary precision and contextual relevance in an
era where academic data is rapidly accumulating. As academic content grows ex-
ponentially, the need for more sophisticated systems capable of processing large
volumes of data while maintaining accuracy and contextual awareness becomes
critical. Scholars are frequently forced to sift through a vast sea of irrelevant re-

sults, undermining productivity and slowing research progress.



1.1 Background and Motivation

In this context, Al-powered academic assistants leveraging advanced techniques
like Retrieval-Augmented Generation (RAG) and prompt tuning offer a compelling
solution. These tools can streamline the search process by delivering highly ac-
curate, contextually aware responses to complex academic queries. As Lester,
Al-Rfou, and Constant (2021) explain, “prompt tuning, a simple yet effec-
tive mechanism for learning ’soft prompts’ to condition frozen language models
to perform specific downstream tasks.”[1] This approach has been particularly ef-
fective in enabling models to adapt to a range of academic contexts. Moreover,
prompt tuning becomes even more advantageous when applied to larger models,
as highlighted by Lester, Al-Rfou, and Constant (2021), who note, “Prompt
tuning becomes more competitive with model tuning as model size increases.” [2]
This scalability is crucial for handling the vast datasets typically encountered in

educational environments.

Furthermore, methods like LoRA have proven to enhance fine-tuning efficiency,
addressing the computational challenges inherent in training large models. As Hu
et al. (2021) highlight, “LoRA performs on-par or better than fine-tuning in
model quality on RoBERTa, DeBERTa, GPT-2, and GPT-3, despite having fewer
trainable parameters, a higher training throughput, and, unlike adapters, no ad-
ditional inference latency.”[3] This efficiency is particularly valuable in academic
settings where computational resources may be limited, enabling more accessible

and scalable Al solutions.

In addition to improving efficiency, AI models also have the potential to democ-
ratize access to academic knowledge. As Wei et al. (2022) argue, “Instruction-
tuned models can potentially require less data and expertise to use; such lower
barriers to access could increase both the benefits and associated risks of such
models.” [4] This highlights the potential of Al-powered academic assistants to
make advanced systems more accessible to students, researchers, and educators,

lowering the technical barriers and broadening the reach of cutting-edge tools.

These innovations underscore the immense potential of Al-powered systems to
transform how academic knowledge is accessed, learned, and applied, offering sig-
nificant improvements in efficiency, precision, and accessibility in educational and

research settings.



1.2 Problem Statement

1.2 Problem Statement

As developers of an academic assistant system, we understand the challenges faced
by students, educators, and researchers when interacting with existing tools. While
AT has certainly made strides in the educational sector, there remains a significant
gap in personalized, sourced academic assistance. Current systems often provide
generalized results that fail to address the specific needs of students or educators.
For instance, students often spend excessive time searching for the right materials
for their courses, while educators struggle to create effective, data-backed learning
modules that cater to diverse student needs. These inefficiencies create frustration,
as both students and teachers face obstacles in accessing precise, reliable informa-

tion that could help them excel in their studies or teaching.

The gap is especially evident when students have questions about specific topics
in their courses. Existing systems cannot effectively answer these queries with
the depth and context needed. For example, a student may ask about a concept
from their semester’s textbook and receive vague or unrelated answers. Teachers,
on the other hand, spend a disproportionate amount of time gathering and or-
ganizing materials for their modules, which could otherwise be streamlined by a
more intelligent system. We've experienced this firsthand, as both students and
educators are often forced to navigate multiple resources without the assurance of

finding exactly what they need, leading to wasted time and effort.

This is where our Al-powered academic assistant steps in. Imagine a system that
knows the details of every student’s semester course, is continuously learning from
textbooks and research papers, and can provide context-aware, sourced answers
instantly. By integrating a comprehensive academic database with continuous
learning from new inputs, this system would empower students to quickly access
reliable answers, helping them focus on deeper understanding and learning, rather
than wasting time searching for resources. For educators, it would streamline the
creation of learning modules, pulling directly from the most relevant textbooks
and materials. As Vemprala et al. (2023) emphasize, “We aim to demonstrate
the potential of ChatGPT for robotics applications,” [5] highlighting how AI can
be tailored for specific needs. In education, this translates to a tool that not only
answers questions but provides sourced information to back up its responses, en-

suring reliability and trustworthiness.

Furthermore, the system’s ability to continuously learn and adapt to new informa-



1.3 Project Overview

tion would allow it to be a dynamic and scalable solution for all academic users.
As Bayarri-Planas, Gururajan, and Garcia-Gasulla (2024) note, “The per-
formance gain provided by the context retrieval scheme is highly valuable, as it
reduces the costs of having highly reliable healthcare systems,”[6] showing how
powerful context-based retrieval can be. Similarly, Soman & Roychowdhury
(2024) highlight the limitations of current systems by saying, “We observe that
sentence embeddings become unreliable with increasing chunk size,” [7] underlining
the need for a more reliable, fine-tuned system in academic settings to ensure the

accuracy of answers.

This academic assistant will not only address the inefficiencies of existing tools but
also significantly enhance the learning experience for both students and educators.
By making accurate, sourced academic information instantly accessible, we can
accelerate learning, teaching, and research, and create a more efficient, supportive

academic environment.

1.3 Project Overview

The Academic Assistant project is an Al-powered academic support system de-
signed to revolutionize the way students, educators, and researchers interact with
academic content. Its core objective is to create a personalized, responsive, and
interactive assistant capable of providing sourced answers to academic queries in
real-time. Whether it’s for students studying their courses or teachers creating
learning modules for their semesters, this system aims to simplify and enhance
the academic experience by delivering accurate, context-aware responses that are

directly linked to course materials, textbooks, and research papers.

At the heart of the Academic Assistant is a fine-tuned DeepSeek LLM (1.5B pa-
rameters), integrated with Retrieval-Augmented Generation (RAG) techniques.
These techniques allow the assistant to pull relevant data from academic resources
and provide responses that are both accurate and sourced. For example, when a
student asks a question about a specific topic in their semester, the assistant is
able to generate an answer backed by references from the textbook or course ma-
terial. This not only saves time but also ensures that the information is credible
and directly relevant to their studies. As Wu, Wu, and Zou (2024) state, “Our
results reveal substantial shortcomings in all the models’ abilities to effectively

learn new information through fine-tuning, with an average generalization accu-
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racy of 37% across all models.” [8] The Academic Assistant addresses this challenge
through parameter-efficient fine-tuning techniques, ensuring that the assistant can

effectively generalize and provide answers across diverse academic contexts.

To facilitate an interactive experience, the system integrates with an open-source
3D Otto robot design, which serves as the physical interface for the assistant. Pow-
ered by a Raspberry Pi 3, the robot enables students and educators to interact
with the system in a natural, engaging way. The use of Google Text-to-Speech
(TTS) technology ensures that the assistant can communicate verbally, making
the system not only highly accessible but also intuitive. Teachers can use the
assistant to create and update learning modules, while students can rely on it to
answer specific questions about their courses, helping them stay on track with their

studies.

The Academic Assistant is a transformative tool that brings together fine-tuned Al
models, personalized learning, and interactive robotics to create a comprehensive
academic support system. As Prottasha (2024) note, “This study proposes a
novel parameter-efficient fine-tuning method, SK-Tuning, which incorporates se-
mantic knowledge through prefix and prompt-based tuning”[9] which echoes the
innovative nature of the fine-tuning approach used in our system to ensure accuracy

and relevancy in academic settings.

1.4 Proposed Approach: A Unified AI-Robotic
System

The Academic Assistant employs a synergistic approach that integrates Al and
robotics to deliver a personalized and interactive learning experience for both stu-
dents and educators. Central to the system is the fine-tuned DeepSeek LLM (1.5B
parameters), which has been specifically trained on a vast dataset of academic
materials, including textbooks, research papers, and other course resources. This
fine-tuning process significantly enhances the LLM’s performance in addressing
subject-specific academic queries, ensuring that responses are not only relevant
but also contextually accurate. As Lester, Al-Rfou, and Constant (2021)
explain, “We freeze the entire pre-trained model and only allow an additional k
tunable tokens per downstream task to be prepended to the input text,”[10] a
methodology that fine-tunes the model for targeted tasks without needing to re-

train the entire model. This approach makes the Academic Assistant more efficient
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and capable of addressing a wide range of academic questions, from elementary

queries to more complex inquiries.

In addition to fine-tuning, Retrieval-Augmented Generation (RAG) and Low-Rank
Adaptation (LoRA) techniques contribute to improving the accuracy and efficiency
of the system. RAG ensures that responses are derived from the most relevant aca-
demic materials, while LoRA offers a parameter-efficient way of adapting the model
to various academic fields, ensuring that the assistant can handle diverse subject
areas without requiring excessive computational resources. This combination of
fine-tuning and advanced techniques makes the Academic Assistant a powerful

tool capable of providing sourced, context-aware answers in real-time.

The Academic Assistant is designed to serve both students and educators. For
students, the assistant has access to individual semester course details, enabling
it to answer specific questions related to the course materials, such as textbooks
and research papers. For example, if a student asks about a topic in their history
course, the assistant can provide a detailed response, citing the relevant textbook
chapter or paper. Educators, on the other hand, can use the system to create
learning modules, receive suggestions for effective teaching strategies, and access
relevant materials that align with their curriculum. This support allows educators
to focus on refining their teaching methods while ensuring that the content is both

up-to-date and tailored to their students’ needs.

The physical embodiment of the assistant through the Otto robot enhances the
interaction, making it more engaging and dynamic. The robot’s limited yet in-
tuitive movements—such as moving its arms, head, and torso—add a human-like
quality to the system, fostering a deeper connection with users. By using Google
Text-to-Speech (TTS), the robot is able to provide verbal responses, further im-
proving the immersion of the learning experience. As Ravuru, Sakhinana, and
Runkana (2024) describe, “The framework utilizes a hierarchical, multi-agent ar-
chitecture composed of a master agent and specialized sub-agents customized for
specific tasks,”[11] a structure similar to our system, where the language model,

robot, and TTS work together seamlessly to enhance the learning process.

1.5 Research Contributions

The Academic Assistant project presents a significant advancement in the inte-

gration of Al and robotics, offering a novel approach to engaging with academic

6
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content. By combining fine-tuned language models, robotic interfaces, and Text-
to-Speech (TTS) technology, the system creates a new paradigm in academic sup-
port. Unlike traditional methods of information retrieval, which often rely on static
search engines or broad databases, the Academic Assistant delivers personalized,
sourced answers to academic queries in real-time, with a physical interface that
enhances user interaction. This synergistic integration of Al, robotics, and TTS
technology differentiates the Academic Assistant from existing solutions, offering
a dynamic, interactive, and holistic tool that can be used across diverse academic

settings.

The potential impact of the Academic Assistant is profound for various stake-
holders within the academic community. Students can benefit from personalized
access to their course materials, with the assistant offering precise, context-aware
answers to specific queries. This tailored support can lead to improved compre-
hension and academic performance, as students can engage with their learning in
a more interactive and accessible manner. For researchers, the system streamlines
information retrieval, allowing them to access relevant academic resources quickly
and efficiently. By freeing up time previously spent searching for data, researchers
can focus on higher-level tasks, such as analysis and interpretation, ultimately ac-

celerating the pace of discovery.

Educators also stand to benefit from the Academic Assistant, which can assist
in creating learning modules, accessing relevant teaching materials, and tailoring
instruction to individual student needs. This customization ensures that teaching
is more aligned with students’ unique learning styles, enhancing their educational
experience. Lifelong learners will find the assistant a valuable tool for independent
study, providing access to credible, sourced information and offering personalized

guidance to help them navigate various learning paths.

A key research contribution of the Academic Assistant is its efficiency and scala-
bility. As Prottasha (2024)note, “SK-Tuning’s ability to maintain high perfor-
mance with minimal memory usage positions it as an ideal solution for resource-
constrained environments.” [12] This underscores the system’s ability to balance
performance with minimal computational resources, making it an ideal solution
for a wide range of academic environments. By using LoRA and other parameter-
efficient fine-tuning methods, the system ensures that it can scale effectively while
remaining accessible and cost-effective, further extending its potential impact across

diverse educational settings.



Chapter

Literature Review

2.1 AI and Language Models in Education

AT has rapidly become a transformative force in educational technology, signif-
icantly enhancing various aspects of the learning process. The integration of
large language models (LLMs) has shown great promise in revolutionizing how
knowledge is retrieved, personalized, and delivered in educational settings. One
of the primary applications of LLMs is in knowledge retrieval, where models like
Retrieval-Augmented Generation (RAG) improve the accuracy and relevance of
responses by dynamically accessing contextually appropriate data. As noted by
Soman and Roychowdhury (2024), RAG systems are designed to retrieve and
generate content from specific technical documents, offering enhanced precision in
educational contexts by ensuring that the information provided is both accurate
and contextually relevant. Their research highlights the critical factors for build-
ing effective RAG systems, focusing on best practices and challenges in handling

technical documents.[13]

In addition to knowledge retrieval, Al-powered personalized learning systems have
become increasingly important. These systems adapt educational content to meet
the unique needs of each student, tailoring learning paths based on progress, pref-
erences, and individual learning styles. For example, Radford et al. (2022)
demonstrate how Al can improve personalized learning by handling diverse input
formats, such as variations in question phrasing. Their research found that word
error rates (WER) dropped by up to 50% due to the Al’s ability to adapt to
these variations, which is critical for providing students with customized support.

This adaptability ensures that Al-driven systems are capable of addressing a broad
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range of learner queries and styles, fostering a more engaging and effective educa-

tional experience.|14]

A critical aspect of Al’s effectiveness in education is the method of fine-tuning
LLMs to ensure they deliver the most relevant content. Techniques like prompt
tuning, as described by Lester, Al-Rfou, and Constant (2021), allow for
parameter-efficient adaptation of models, where pre-trained weights remain frozen
and task-specific tunable tokens are added to tailor the model’s outputs. This
approach has proven to be highly effective, as demonstrated by the competitive

performance of prompt tuning on benchmarks like SuperGLUE.[15]

The integration of LLMs, RAG, and personalized learning systems forms the foun-
dation of the Academic Assistant project. By leveraging these technologies, the
project seeks to provide dynamic, context-aware academic assistance, ensuring
that students receive tailored, precise, and engaging support. This approach not
only builds upon the advancements made in Al and language models in educa-
tion but also addresses key challenges, such as ensuring the relevance of retrieved

information and adapting to diverse student needs.

2.2 Al for Teaching Support and Learning Mod-

ule Creation

Al for Educators: Al tools are increasingly being used to support educators in
various aspects of their professional roles, especially in automating administrative
tasks and assisting in the creation of learning materials. Automation of administra-
tive work, such as grading, attendance, and data management, frees up significant
time for teachers, allowing them to focus more on direct interaction with students.
Additionally, AT is becoming a valuable tool in assisting teachers with the creation
of learning materials and modules tailored to specific subjects. For example, in
healthcare, Al-driven context retrieval systems have been shown to reduce costs
and improve the reliability of content.[16] This concept is equally applicable to
education: by efficiently retrieving and generating relevant educational content,
Al can significantly streamline the content creation process, allowing teachers to
focus on refining pedagogical strategies rather than developing teaching resources

from scratch.

Content Creation Tools: Al is also playing a crucial role in content creation for
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education. Tools powered by Al can help generate teaching materials, personalize
syllabi, and create other educational resources that are highly specific to the needs
of the class or subject matter. One such example is LoRA (Low-Rank Adapta-
tion), which has demonstrated that fine-tuning models like RoOBERTa, DeBERT4,
GPT-2, and GPT-3 for specific tasks can be done efficiently even with fewer com-
putational resources. As Hu et al. (2021) explain, LoRA performs comparably
to full fine-tuning while maintaining a higher training throughput and avoiding
additional inference latency, making it a viable solution for educational settings
with limited resources.[17] This technique enables the efficient adaptation of Al
models to generate teaching materials or tailor learning modules, thus supporting
teachers in developing customized content without requiring heavy computational

infrastructure.

Furthermore, instruction tuning, as described by Wei et al. (2022), is a method
that combines pre-training, fine-tuning, and prompting to improve Al models’ re-
sponses to educational queries (Wei et al., 2022). By increasing the number of
task clusters, this approach enhances the model’s ability to handle unseen tasks,
improving its adaptability and effectiveness in educational contexts.[18] These
methods contribute to creating personalized and contextually relevant educational

content, further assisting educators in module design.

Connecting to the Project: The Academic Assistant project builds upon these
AT advancements by integrating LoRA for efficient content generation and instruc-
tion tuning for personalized responses. Unlike traditional Al content creation tools,
the project leverages robotics to create an interactive learning experience, enabling
personalized tutoring and support in real-time. By combining Al-powered content
creation with robotic interaction, the project addresses some of the key challenges
identified in the literature, such as the need for efficient content creation and per-
sonalized learning paths, and offers an innovative solution that directly engages

students in their educational journey.

2.3 Al for Student Support and Study Assis-

tance

Al for Study Support: Al tools have shown significant potential in assisting
students with their learning by providing access to relevant, verified information

and answering course-related questions. These tools help bridge the gap between

10
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student queries and educational content, offering personalized support. However,
one challenge that arises in Al-driven education is ensuring the accuracy and relia-
bility of the information provided. Methods such as choice shuffling and ensemble
methods can play a key role in mitigating biases and enhancing the quality of Al-
generated responses. For example, Bayarri-Planas, Gururajan, and Garcia-
Gasulla (2024) investigate how these methods improve the accuracy and consis-
tency of responses by reducing bias, particularly in contexts like medical question
answering. These techniques ensure that the information provided to students is
more reliable, which is crucial for educational tools that aim to support learning

with high-quality, contextually relevant content.[19]

AI-Driven Academic Assistants: Al-driven academic assistants, such as chat-
bots and virtual tutors, have become increasingly common in education. These
tools are designed to provide personalized study support, clarify concepts, and ad-
dress course-related queries. One notable example is ChatGPT, which has demon-
strated the capability to perform various tasks without the need for task-specific
fine-tuning. Vemprala et al. (2023) found that ChatGPT could solve robotics-
related tasks in a zero-shot fashion, meaning that it can handle new, unseen tasks
based on general language understanding, without the need for extensive retrain-
ing for each new task. This zero-shot learning capability is especially valuable in
an academic context, allowing students to interact with the assistant using natural
language to solve complex academic problems.[20] The ability of such systems to
perform across diverse subject areas highlights their potential to serve as versatile

academic assistants, offering real-time assistance and personalized guidance.

Fine-Tuning for Subject-Specific Applications: Al systems can also be fine-
tuned for subject-specific applications, making them highly effective in disciplines
that require specialized knowledge. For example, Mansouri Yarahmadi, Breuf3,
and Hartmann (2023) describe the use of LSTM networks for temperature pre-
diction in additive manufacturing, demonstrating the value of fine-tuning models
for specific technical domains.[21] This concept can be applied to education by
developing fine-tuned models that serve as specialized Al tutors for subjects like
mathematics, science, and humanities. By tailoring the model to the needs of spe-
cific academic areas, these Al tutors can offer deeper insights and more accurate

guidance, thus improving student performance in challenging subjects.

Connecting to the Project: The Academic Assistant project builds upon these

advancements by integrating Al-driven academic assistants, fine-tuning techniques,

11
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and robotics to create a personalized, interactive learning experience. Unlike tra-
ditional virtual tutors, the Academic Assistant combines robotic interaction with
Al-based learning support, helping students with course-specific queries and pro-
viding dynamic feedback. By incorporating fine-tuned models and leveraging the
latest advancements in zero-shot learning and ensemble methods, the Academic
Assistant addresses key challenges in education, such as ensuring the accuracy of
information and providing personalized support tailored to each student’s learning
path.

2.4 Retrieval-Augmented Generation (RAG) in

Education

RAG for Knowledge Retrieval: Retrieval-Augmented Generation (RAG) has
gained significant traction in educational settings due to its ability to combine the
strengths of information retrieval and language models to provide more accurate
and reliable responses to student queries. RAG systems use a two-step process
where relevant information is first retrieved from a knowledge base, and then a
language model generates a response based on that information. This approach
ensures that responses are sourced and contextually relevant. A key component
of RAG is prompt tuning, which allows for efficient adaptation of the language
model to retrieve specific information. As Lester, Al-Rfou, and Constant
(2021) describe, prompt tuning involves freezing the pre-trained model and adding
tunable tokens to adapt it to specific tasks, improving its ability to retrieve precise
educational content from resources like textbooks and research papers.[22] This
capability is crucial for building effective academic assistants that provide accurate,

up-to-date information in response to student queries.

RAG Models for Dynamic Learning: RAG models are particularly valuable in
dynamic learning environments, such as classrooms and online courses, where the
learning context can change rapidly. Adapting to evolving student needs and the
constant influx of new information presents a significant challenge for traditional
systems. However, RAG models can be designed to handle these dynamic aspects
by integrating techniques like LoRA and prefix-tuning. As Hu et al. (2021) note,
LoRA can be combined with other methods, such as prefix-tuning, to optimize
the retrieval process, improving the quality of the generated responses.[23] This

integration ensures that RAG systems can dynamically adjust to new information
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and provide students with relevant, up-to-date answers tailored to their individual
learning paths. The flexibility of combining multiple techniques in RAG systems

is key to their success in diverse educational contexts.

Connecting to the Project: The Academic Assistant project leverages RAG
techniques to provide sourced and contextually appropriate answers to student and
teacher queries. By integrating prompt tuning and LoRA, the project enhances
the personalization and accuracy of its responses, ensuring that students receive
precise support tailored to their specific coursework. Additionally, the project
builds upon RAG research by integrating robotics, enabling a more interactive and
engaging learning experience. The Academic Assistant addresses key challenges
in RAG, including the need for accurate information retrieval, adaptability to

dynamic learning environments, and personalized learning pathways for students.

2.5 Al and Robotics for Interactive Learning

Robotic Educational Assistants: The integration of AI and robotics in edu-
cation has gained significant attention as a means to enhance learning experiences
through dynamic and personalized responses. Interactive robots can engage with
students beyond pre-programmed interactions, offering tailored feedback and real-
time assistance. The use of large language models (LLMs), such as ChatGPT,
enables robots to understand and respond to complex student queries, enhancing
the sophistication of these systems. As Vemprala et al. (2023) demonstrate,
the potential of ChatGPT for robotics applications shows how LLMs can empower
robots to engage in nuanced conversations, enabling personalized educational ex-
periences for students.[24] This integration allows educational robots to go beyond
simple interactions, providing students with adaptive and contextually relevant

guidance, thus fostering a more interactive and engaging learning environment.

Human-Robot Interaction in Education: Studies investigating human-robot
interaction in education emphasize the potential of robots to support students
through real-time interaction, guidance, and collaborative problem-solving. Robots
can facilitate question-and-answer sessions, act as personalized tutors, and support
students in collaborative tasks. However, current robotic systems face limita-
tions, particularly in managing complex environments and tasks. As Wang et al.
(2025) note, the generated plans of existing robotic systems are often homoge-

neous, lacking the detailed embodiment necessary to handle complex scenarios. [25]
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This highlights the need for further research to develop more robust and adaptable
robotic systems that can navigate the nuances of real-world educational settings,

providing more effective support for students.

Connecting to the Project: The Academic Assistant project integrates Al
and robotics to create a novel approach to interactive learning. By combining the
strengths of LLMs, RAG, and robotics, the project offers a comprehensive solution
for personalized learning. The integration of Al-powered content generation with
robotic interaction allows the Academic Assistant to provide dynamic, real-time
support, enhancing the learning experience for students. By addressing the chal-
lenges of human-robot interaction, as highlighted in the literature, the project aims
to improve the adaptability and robustness of robotic systems, ensuring they can

handle complex educational tasks and offer more personalized support to students.

2.6 Limitations and Challenges in AI-Driven Ed-

ucation

Limitations of Existing Systems: While Al-based systems in education hold
significant potential, several practical challenges hinder their effective deployment.
One of the primary issues is the generalization of AI models, particularly when
applied to diverse course content. These systems often struggle to adapt to the
vast range of topics and learning materials found in educational environments. For
example, Soman and Roychowdhury (2024) observe that sentence embeddings
become unreliable as the size of the dataset increases, which is particularly prob-
lematic when handling complex educational datasets that contain a wide array
of topics.[26] This issue is further compounded by the difficulty of optimizing re-
trieval systems for large datasets, making it challenging for Al-powered academic
assistants to deliver consistent and accurate information across all subjects. The
complexity of these systems can reduce their reliability and accuracy, which in turn

affects their effectiveness in educational settings.

Ethical and Practical Considerations: Ethical concerns also play a critical
role in the adoption of Al in education. Issues related to data privacy, student
accessibility, and the potential over-reliance on Al are significant challenges. Wei
et al. (2022) highlight that instruction-tuned models, while offering ease of use
by requiring less data and expertise, may introduce risks related to accessibility

and misuse.[27] The potential for lowering barriers to entry with AI tools also
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increases the risks of unequal access and misapplication in educational settings.
Furthermore, there is the concern that Al could alter the role of teachers, reduc-
ing the personal interaction that is critical to student development. These ethical
considerations necessitate the establishment of clear guidelines and regulations to

ensure that Al technologies are used responsibly in education.

Connecting to the Project: The Academic Assistant project is designed to ad-
dress many of these challenges by focusing on data privacy, ensuring accessibility,
and positioning the Al as a support tool rather than a replacement for teachers.
The project incorporates RAG and fine-tuned models to improve model accuracy
and adaptability to diverse educational content, helping mitigate the challenges
associated with generalization. While the project acknowledges limitations such
as the need for continuous updates and refinement of its AI models, it also sets
the stage for future research to enhance the robustness and ethical application of

AT in educational settings.
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Chapter

Methodology

This section provides a step-by-step approach to the development of the Academic

Assistant Robot, detailing the integration of software and hardware components,

the architecture of the LLM, and the model training process.

3.1

Overview of the System Architecture

Description: This section outlines the overall architecture of the system, detailing

the interaction between hardware and software components, including the robot’s

sensors, communication systems, and Al model integration.

User Interface: The entry point for user queries, which could be through

a web interface, mobile app, or voice interaction.

Raspberry Pi 3 (Motherboard): Central processing unit that controls
all hardware components (e.g., sensors, actuators) and communicates with
the locally hosted LLM.

LED Sensors:Provide visual feedback to indicate the robot’s status or re-

sponse activity.

Speaker:Outputs the synthesized speech from the Text-to-Speech engine for

user interaction.

Servo Motors: Control the robot’s physical movements, such as head, arm,

or torso gestures, based on commands from the microcontroller.

Large Language Model (LLM - DeepSeek 1.5B): Processes the query

and generates academic responses.
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3.1 Overview of the System Architecture

e Text-to-Speech (TTS) Engine: Converts the generated responses into

speech.

e Academic Database: Stores textbooks, research papers, and other mate-

rials used to provide context for LLM queries.

3.1.1 System Architecture Diagram

®

QUERY SUBMISSION

{ 3 INFORMATION
| USERINTERACTION | | RETRIEVAL FROM THE
L ] ©) ACADEMIC DATABASE

QUERY
FORWARDED
TORAG
SYSTEM

@ LLM RESPONSE
GENERATION
SEND RESPONSE TO
@ TEXT-TO-SPEECH (TTS)
&BOT SPEAKS

WORKFLOW OF THE ACADEMIC
ASSISTANT ROBOT SYSTEM

Figure 3.1: Workflow of the Academic Assistant Robot System

As shown in Figure 3.1, the system follows a structured workflow for processing

user queries efficiently:

1. User Interaction: The user interacts with the system via voice or text

input.
2. Query Submission: The user’s query is submitted to the system.

3. Query Forwarding: The query is forwarded to the Retrieval-Augmented
Generation (RAG) System.

4. Information Retrieval: The RAG system fetches relevant data from the

Academic Database.
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5. Processing by LLM: The retrieved information, along with the query,
is sent to the Large Language Model (LLM - DeepSeek 1.5B) for

generating a response.

6. LLM Response Generation: The Al processes the query and formulates

an academic response.

7. Text-to-Speech (TTS) Output: The generated response is converted to

speech, and the robot verbally communicates the answer.

3.2 Software Development Process

3.2.1 Data Collection and Preprocessing

The success of the Academic Assistant Robot depends heavily on the quality
of the data it processes. The data collection and preprocessing steps ensure that
the dataset is curated effectively to meet the system’s requirements for training
and accurate query responses. The dataset for this project is composed of

pairs that represent the desired behavior for the model. For example, in

instruction tuning, each data point consists of:
e Human: $(Input Query)$
e Assistant: $(Generated Output)$

Where the Input Query represents what the user asks, and the Generated Out-

put is the response that the model provides.

The following steps outline the process for data preparation, including data clean-

ing, curation, and transformation, ensuring high-quality input for model training:
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3.2 Software Development Process
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Figure 3.2: Workflow of Data Collection and Processing in the Academic Assistant
Robot System

Stage 1: Data Preparation

e Data Collection and Curation: The core dataset comprises textbooks,
research papers, academic articles, and other educational resources. These
data are curated from reliable sources to form a comprehensive academic

database.

e Data Cleaning and Quality Assurance: The raw data undergoes clean-
ing to remove any irrelevant, noisy, or erroneous content. This ensures that

the academic data is clear and ready for retrieval.

e Data Augmentation: The dataset is augmented to ensure diversity in the
types of queries and responses. This step improves the ability of the retrieval

system to handle a wide variety of academic questions.
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3.2 Software Development Process

Stage 2: Model Initialization

e Feeding the Academic Database: In RAG, the model doesn’t directly
train on the dataset but accesses the academic content through the retrieval

mechanism. The database is indexed for quick retrieval when a user asks a

query.

Stage 3: Query Processing

e Data Splitting: The academic database is organized into segments (e.g.,
chapters, articles) that can be efficiently searched. During query process-
ing, the system will retrieve relevant sections or excerpts from this indexed
database to provide the necessary context for generating the model’s re-

sponse.

Stage 4: Fine-tuning

e Contextualization: While the RAG system doesn’t involve traditional
training, it involves fine-tuning the retrieval process. The fine-tuning oc-
curs by adjusting how the system selects and weights the retrieved docu-
ments, ensuring that the most relevant information is used to generate a

coherent and accurate response.

Stage 5: Validation & Evaluation

¢ Evaluation of Retrieval Quality: The system’s effectiveness is evaluated
by checking how well the RAG system retrieves relevant academic content
in response to user queries. This involves using various evaluation metrics

like relevance and accuracy of retrieved content.

Stage 6: Deployment

e Optimizing for Inference: The RAG system is optimized for inference,
which means the database and retrieval components are fine-tuned for fast

and accurate context retrieval during real-time interactions.
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3.2 Software Development Process

e Exporting the Database: The indexed and curated academic database is
ready for use in the live system, ensuring smooth operation when responding

to academic queries.

Stage 7: Monitoring

e Continuous Monitoring and Updates: The system is continuously mon-
itored to ensure it retrieves the most relevant content. Periodic updates to
the academic database are made to incorporate new materials, which can

further improve the retrieval process.

3.2.2 Model Fine-Tuning

Enhance the performance of the DeepSeek 1.5B large language model (LLM)
by integrating retrieval-augmented generation (RAG) techniques. The goal
is to dynamically retrieve relevant academic information from the provided dataset
and integrate this context with the generative capabilities of DeepSeek to produce

accurate, context-aware, and domain-specific responses.

Procedure:

1. Data Preparation:

e Document Collection: Academic documents (e.g., PDFs) are loaded

into the system using PyPDFLoader or DirectoryLoader from Langchain.

e Text Splitting: The documents are split into smaller chunks using
RecursiveCharacterTextSplitter, which divides the text into man-

ageable pieces of 500 characters with an overlap of 50 characters.

e Embedding Creation: The HuggingFaceEmbeddings model is used
to generate embeddings for each chunk of text, converting them into a

format suitable for retrieval.

e Vector Store Creation: The FAISS vector store is created to effi-
ciently search and retrieve documents based on their similarity to user

queries. The vector store is saved locally for fast access during inference.

2. Retrieval Component:
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3.2 Software Development Process

e Dense Passage Retriever (DPR): A Dense Passage Retriever
is used to retrieve relevant documents. During inference, the system
retrieves the top-5 most relevant documents based on cosine simi-

larity between the query and document embeddings stored in FAISS.
3. Integration with DeepSeek 1.5B:

e Query and Document Concatenation: The retrieved documents
are concatenated with the user query and fed into the DeepSeek 1.5B

generator.

e Response Generation: The LLM processes the concatenated input
to generate a response, combining the user’s question with the relevant

academic content retrieved from the documents.
4. Training Configuration:

e Optimizer: AdamW with a learning rate of 2 x 107°, linear warmup

over 1,000 steps, and weight decay of 0.01.

e Batch Size: 16 (gradient accumulation over 4 steps to manage GPU

memory constraints).

e Hardware: 4x NVIDIA A100 GPUs with mixed-precision training
(FP16).

e Training Duration: The model is not directly trained on new data but
is configured to integrate external document retrieval into its inference

process.
5. Evaluation and Iteration:

e Validation Metrics: BLEU, ROUGE-L, and BERTScore to evaluate
response quality, with retrieval accuracy (Top-1/Top-5) for document

relevance.

¢ Human Evaluation: Domain experts review a subset of outputs for
factual consistency and domain specificity, ensuring the model’s re-

sponses remain accurate and relevant.
o [terative adjustments are made to the retriever-generator balance
and hyperparameters based on validation performance.
6. Implementation Tools:
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3.2 Software Development Process

e Langchain: Used for integrating the RAG pipeline, which handles doc-

ument retrieval and response generation.

e FAISS: Library for efficient similarity search, utilized to retrieve rele-

vant documents based on user queries.

e Hugging Face Transformers: Used to load the DeepSeek 1.5B

model and generate responses using the retrieved context.

e Chainlit: Used to create the interactive chat environment where users

can submit queries and receive responses.

3.2.3 Integration of NLP and Multi-Turn Conversations

Description: In this section, the integration of Langchain and Chainlit al-
lows the system to engage in multi-turn conversations. This setup maintains
context across interactions, ensuring that the conversation remains natural and
coherent. The Pre-trained LLM is enhanced with several adapters that shape

its behavior to suit specific conversational needs.

Procedure:

1. Langchain Integration for Context Management:

e Langchain handles memory management to store the context of each
conversation. By maintaining the state across multiple interactions,
Langchain allows the system to recall previous queries and responses.
This enables it to provide context-aware responses even as the con-

versation evolves.

e Adapters such as Query Handling and Tone Adjustment come
into play here, helping ensure that the system can address follow-up

queries and maintain a tone consistent with previous interactions.
2. Chainlit for Real-Time Interaction:

e Chainlit facilitates real-time updates and manages user sessions, en-
abling the assistant to engage in continuous dialogue. This integration
allows the system to interact with the user in an ongoing manner with-

out resetting context between turns.
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3.2 Software Development Process

e Friendly and Urgency adapters could be applied through Chainlit
to modify how the assistant responds depending on the user’s mood or

the urgency of the query.
3. Dynamic Response Generation:

e As the user interacts with the system, the DeepSeek 1.5B model
is used to process the input query along with the retrieved academic
context. The LLM generates answers, and through Langchain, the
system ensures that each response considers both the current query

and any prior interactions.

e Summarization and Fact-Checking adapters could be used in this
step to refine responses, ensuring they are accurate, concise, and rele-

vant to the user’s question.
4. Real-Time Adjustments:

e Based on ongoing dialogue, the system can adjust tone, paraphrase

content for clarity, or translate between languages if necessary.

e Adapters like Language Translation and Sentiment Analysis play
a key role here in managing how the assistant responds to users from

different linguistic backgrounds or with varying emotional states.

Summarization
Proofreading
Mail replies
Tone adjustment
Refining

Query handling

Friendly

# Pre-trained LLM Adapters

Urgency

Sentiment analysis
Language translation
Paraphrasing

Fact checking

Code generation

Text completion
Figure 3.3: Multi-Turn Conversation Workflow with LLM Adapters
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3.3 Hardware Setup and Integration

3.3.1 Robot Design and Components

This section details the design and components of the physical robot platform used
in the Academic Assistant Robot.

The robot platform is based on the open-source 3D Otto humanoid design. This
design was selected for its affordability, customizability, and humanoid form, which
greatly enhances user interaction. Several modifications were implemented to inte-

grate the necessary hardware and functionalities for the Academic Assistant Robot.

Base Design

The core structure is based on the 3D-printed Otto robot, providing a humanoid
form with articulated limbs (arms, head, and torso). This mobility allows for
expressive movements, contributing to a more engaging and interactive user ex-
perience. The robot’s form is designed to mimic human gestures and expressions,

creating a natural interface for users.

Sensor Integration

e Microphone: A high-quality microphone array is integrated into the robot’s
design, placed strategically to capture user voice input clearly. This micro-
phone ensures that speech recognition is accurate and minimizes interference
from background noise. The microphone is crucial for voice commands, en-

abling the robot to listen and respond to user queries.

e Speaker: A speaker is integrated into the robot’s head or torso to out-
put clear, audible responses generated by the Google Text-to-Speech (TTS)
engine. This allows the robot to effectively communicate with the user, en-

hancing the conversational experience.

Computing and Control

e Raspberry Pi 3: The Raspberry Pi 3 serves as the robot’s central process-

ing unit. It is responsible for:

o Running the robot’s control software.

o Processing input from sensors (microphone input).
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3.3 Hardware Setup and Integration

o Communicating with software components (such as the LLM and RAG)

via an API framework.

o Controlling servo motors for robot movement and managing TTS output

through the speaker.

e The Raspberry Pi 3’s computational power is sufficient for the robot to man-

age these tasks in real-time while maintaining responsiveness.

Mobility

Servo Motors: Servo motors are used to actuate the robot’s joints, enabling
movement of the arms, head, and torso. The motors offer precise control over the
range of motion, allowing the robot to make expressive movements that enhance
communication with users. The actuation system is designed to be expressive yet

functional for the robot’s intended role in academic assistance and user interaction.

Software and Libraries

e Wake Word Detection: A wake word detection system (such as Snowboy
or Porcupine) is implemented to allow the robot to enter listening mode when
a specific keyword is spoken by the user. This enables hands-free interaction
with the robot, making it responsive to voice commands without requiring

manual activation.

e Google Text-to-Speech (TTS): The Google TTS library converts the
LLM’s text responses into natural-sounding speech, which is then played
through the robot’s speaker. This feature allows the robot to communicate

clearly with users in a way that mimics human-like conversation.

e Robot Control Libraries: Python libraries like RPi.GPI0 and Adafruit
CircuitPython are used to control the servo motors and manage the vari-
ous hardware components connected to the Raspberry Pi 3. These libraries

facilitate the movement and operation of the robot’s physical parts.
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Figure 3.4: Key Components of the Academic Assistant Robot

3.3.2 Connectivity Setup

The Academic Assistant Robot relies on Wi-Fi for its core connectivity, enabling it
to communicate with the Large Language Model (LLM) and access necessary in-
formation in real-time. By using Wi-Fi, the robot can connect to external servers,
cloud-based resources, and databases to retrieve relevant academic content, ensur-

ing that the robot always has up-to-date information to assist users.

This setup ensures that the robot can process queries and deliver accurate, context-
aware responses by relying on the Raspberry Pi 3 to handle both the communica-
tion and control tasks. Although Bluetooth and IoT integration have not yet been
implemented, they can be proposed for future improvements, such as enabling lo-

cal device control or connecting to smart systems like projectors and lighting.

For now, the Wi-Fi connectivity serves as the key enabler for the robot to de-
liver real-time academic assistance, making it both efficient and responsive to user

queries.
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Figure 3.5: Connectivity Setup: Raspberry Pi 3 Linked to LLM Server

3.3.3 Power and Communication Systems

The Academic Assistant Robot operates on a 5V DC power supply, ensuring
that all its hardware components, including the Raspberry Pi 3, sensors, and servo
motors, receive the necessary power for continuous operation. To ensure that the
robot remains operational even during power interruptions, a battery backup is
incorporated. This backup provides a stable power source, enabling the robot to

function autonomously without interruptions.

For communication, the Raspberry Pi 3 establishes a connection with the Large
Language Model (LLM) through Wi-Fi. This allows the robot to send queries and
retrieve responses in real-time. The API facilitates this communication, ensuring
that data can be exchanged smoothly between the robot’s core system and the
LLM hosted on external servers. By using an API for local connectivity, the robot
ensures that it can continuously access the knowledge base and deliver accurate,

context-aware responses to user queries.

This setup guarantees that the robot remains functional, responsive, and able to
deliver information efficiently, powered by a stable supply and seamless communi-

cation system.

3.4 System Synchronization

3.4.1 Software-to-Hardware Communication

Description: This section describes the communication protocols that enable
seamless interaction between the software components (LLM, RAG system) and
the physical robot hardware (sensors, actuators). This interaction facilitates the
real-time processing of user queries and delivery of Al-generated responses through

both audio output and physical actions.
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Figure 3.6: Software-to-Hardware Communication Workflow
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Step-by-Step Breakdown:

1.

Query Input: The user interacts through voice or text input, with voice

queries processed by the microphone.

Signal Processing (Microphone Input): The Raspberry Pi 3 processes

the voice input using speech recognition, converting it to text.

Query Transmission: The query is sent to the LLM over Wi-Fi for real-

time communication.

Query Processing (Software): The RAG system retrieves relevant con-

text, and the LLM generates a response based on this information.

Response Transmission: The response is transmitted back to the Rasp-

berry Pi 3, which prepares it for output.

Response Processing (Hardware): The text response is converted into
speech using Google T'TS and played through the speaker. If movement is

required, the servo motors are activated.

Audio Output: The TTS response is output through the speaker, providing
the Al-generated reply.

Robot Control (Optional): For physical actions, servo motors are con-

trolled to perform gestures, if needed.

Feedback (Optional): The user may provide feedback, which is processed

to improve the interaction.

3.5 Software Environment Setup

3.5.1 Setting Up the Development Environment

Description: The development environment for the Academic Assistant Robot is

configured using Python as the core programming language, along with essential

libraries and frameworks such as FastAPI for communication and Google Colab

and Jupyter Notebook for model testing, training, and evaluation.

e Python: Python is the primary language for all software development, in-

cluding model interaction, API communication, and hardware control. Its
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versatility and extensive library support make it ideal for building and testing

the robot’s various functionalities.
e Model Testing and Training:

o Google Colab and Jupyter Notebook are utilized for model evaluation
and training. These platforms provide an interactive environment for
developing and testing the LLM and RAG system, with access to pow-

erful computing resources like GPUs.

o Google Colab is particularly useful for training models and running ex-
periments in the cloud, while Jupyter Notebook is used for local testing

and iterative development.

e Libraries: Key libraries like Langchain for integrating LLMs with exter-
nal databases, HuggingFace for embedding models, and FAISS for similarity
search are used within this environment to optimize query handling, context

retrieval, and model performance.

3.6 3D Model Design and Integration

The 3D design of the Otto humanoid robot was obtained from the open-source
Otto STL files. These files were modified to accommodate the specific hardware
components necessary for the Academic Assistant Robot’s functionality, such

as sensors, motors, and connectors.

The modifications made to the Otto humanoid robot design were focused on
optimizing it for mobility and enhanced user interaction. The changes ensured
that the robot could perform necessary movements (like head and arm gestures)
during academic query responses. Furthermore, custom mounts and housings were
designed to fit the microphone array, speakers, and any other sensor components

securely.
The 3D model shown in the figure represents the robot’s body. Key modifica-

tions include:

e Sensor Mounts: Adjustments to accommodate hardware such as micro-
phones, touch sensors, and additional optional sensors for vision and motion

detection.
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3.6 3D Model Design and Integration

e Motor Housing: Structural modifications that provide secure mounting
points for actuators controlling the robot’s movements, including head, torso,

and arm gestures.

e Openings for Connectivity: Spaces for connecting cables and compo-
nents, ensuring easy access for hardware installations like the Raspberry Pi
and the Wi-Fi/Bluetooth modules.

e Enhanced Structural Design: The base and side components have been
modified to ensure the housing provides sufficient space for the internal
components like the power supply, while still maintaining a compact and

lightweight structure for efficient movement.

These modifications were achieved through 3D printing of the custom parts
using materials like PLA or ABS. The printed components were then assembled
to create the robot’s fully functional body, optimized for the integration of all

hardware components and ease of movement.

Figure 3.7: 3D Model of the Robot’s Body Design
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3.7 LLM Architecture

3.7.1 LLM Structure Overview
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Figure 3.8: DeepSeek LLM Architecture Diagram

Model Selection Justification

The DeepSeek 1.5B model, part of DeepSeek’s first-generation reasoning mod-
els, was selected for its ability to provide high-quality performance across vari-
ous domains, including mathematics, code generation, and reasoning tasks.
With 1.5 billion parameters, it strikes a balance between performance and com-
putational efficiency, making it suitable for integration into the Academic
Assistant Robot. The model’s computational requirements are manageable for
both cloud-based and localized environments, such as Raspberry Pi 3, while

offering high-quality language understanding.

Transformer-Based Architecture

The DeepSeek 1.5B model is based on the transformer architecture, which
is widely used for natural language processing (NLP) tasks. The transformer
is known for its self-attention mechanism, allowing the model to understand

relationships between words in a sentence, regardless of their distance from each
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3.7 LLM Architecture

other. This enables the model to capture both local and long-range dependen-
cies, essential for processing complex academic queries and generating coherent,

contextually aware responses.

Detailed Architecture Description

1. Input Text Processing:

e Step 1: Tokenization:
The input text is split into tokens (e.g., words or subwords), which are
then mapped to numerical IDs. This step converts the text into a

format that the model can process.

e Step 2: Embedding Layer:
These tokens are passed through an embedding layer, which converts
them into dense vectors. These embeddings capture the semantic
relationships between words. Additionally, positional encodings
are added to these embeddings to retain the order of the words in the

sentence, ensuring that word order information is preserved.
2. Transformer Layer Stack:

e The model processes the embeddings through a stack of 24-48 trans-
former layers (depending on the model configuration). Each layer

includes the following:
e a. Multi-Head Attention (MHA):

o Step 3: Self-Attention Mechanism:
The input embeddings are split into parallel “heads”, allowing the
model to focus on different contextual relationships (such as
syntax and semantics). Each head computes attention scores
to assess the relevance of other tokens, enabling the model to cap-

ture long-range dependencies.

o Step 4: Concatenation and Projection:
The outputs from all heads are concatenated and then linearly

projected to form a unified representation of the input sequence.
e b. Residual Connections & Normalization:

o Step 5: Residual Connection:

The original input to the multi-head attention layer is added
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3.7 LLM Architecture

back to its output, ensuring the model preserves important informa-

tion during training and mitigates the vanishing gradient problem.

o Step 6: Layer Normalization:
This step stabilizes training by normalizing the output of the
residual connection, helping improve convergence and generaliza-

tion.
e c. Feed-Forward Network (FFN):

o Step 7: Position-Wise Transformations:
A two-layer feed-forward network (FFN) with ReLU acti-
vation applies non-linear transformations to each token indepen-
dently. This step helps refine the features extracted by the attention

mechanism.

o Step 8: Residual + Normalization:
Another residual connection and layer normalization follow
the FFN, ensuring that the learning process remains stable and

efficient.
3. Iterative Processing:

e Step 9: Repeat Across Layers:
Steps 3 to 8 repeat across all transformer layers, progressively refin-
ing the token representations. This enables the model to transform
low-level syntax understanding into high-level semantic understanding,

making it capable of processing complex academic queries.
4. Output Generation:

e Step 10: Final Layer Normalization:
The output from the last transformer layer undergoes final normal-
ization, ensuring that the generated response is well-scaled and ready

for the next step.

e Step 11: Projection to Vocabulary:
The hidden states are passed through a linear layer, which maps them
to logits over the vocabulary, essentially predicting the next word or

token.

e Step 12: Softmax and Sampling: The logits are converted to prob-

abilities using the softmax function. The model then generates text by
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sampling from these probabilities, using techniques like greedy decoding

or nucleus sampling to select the most likely tokens.

Connection to Task:

The DeepSeek 1.5B architecture is ideally suited for processing academic queries
and generating accurate, contextually relevant responses. The multi-layer
structure and self-attention mechanisms enable the model to understand com-
plex relationships in academic language, allowing it to generate precise answers by
integrating the retrieved context from the RAG system. The combination of
transformer layers and attention mechanisms allows the model to handle in-
tricate academic topics, making it highly effective for the Academic Assistant
Robot.

Specific Configuration Details:

e Number of Layers: 24
e Number of Attention Heads: 16

e Hidden Units: 1024

These configuration choices are designed to provide a balance between perfor-
mance and computational efficiency, allowing the model to handle large-scale

language tasks while being optimized for real-world deployment scenarios.
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3.7 LLM Architecture

3.7.2 Retrieval-Augmented Generation (RAG) Integration
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Figure 3.9: RAG Workflow Diagram

Purpose of RAG:

The integration of Retrieval-Augmented Generation (RAG) into the Academic
Assistant Robot’s LLM pipeline enhances the model’s ability to generate more
accurate and contextually relevant responses. RAG addresses the limitations of
traditional LLMs, which rely solely on pre-trained knowledge, by providing access
to external academic data. This ensures the responses are grounded in factual
information retrieved in real-time from the academic database, making the model

more effective for specific, knowledge-based queries.

Step-by-Step Workflow of RAG:

1. User Query:
The user interacts with the system through voice or text input. The query
is typically academic in nature, asking for information or clarification on a

topic.

2. Query Embedding:
The user query is converted into a vector representation (embedding)
using a model like HuggingFaceEmbeddings. This conversion is essential

because it transforms the text into a format that can be efficiently compared
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3.7 LLM Architecture

with other content in the vector database. The embedding captures the

semantic meaning of the query, which is necessary for accurate retrieval.

3. Retrieval:
The query embedding is then used to search the vector database for
relevant academic content. This process uses semantic search, where the
system identifies the most relevant documents or passages by measuring the
similarity between the query embedding and the stored data. The system
retrieves the most relevant context based on predefined criteria, such as rel-

evance or closeness in meaning to the query.

4. Contextualization:
The retrieved context (i.e., relevant documents or passages) is then com-
bined with the original query to form a complete prompt. This additional
context provides the LLM with specific, factual information that augments

the original query, making the LLIM’s response more grounded and accurate.

5. LLM Prompting:
The final prompt, consisting of both the original query and the retrieved
context, is sent to the DeepSeek LLM. The LLM processes this input
and uses the added context to enhance the accuracy and informativeness of

the response.

6. Response Generation:
The LLM generates a response based on the combined query and context.
This step ensures that the model’s output is not only relevant to the query

but also informed by the latest academic data retrieved in real-time.

7. Response Delivery:
The generated response is delivered to the user through voice (using the

Google TTS engine) or text, depending on the interaction mode.
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3.8 Reinforcement Learning for Continuous Im-

provement
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Figure 3.10: Reinforcement Learning Loop Diagram
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Purpose of Reinforcement Learning:

Reinforcement learning (RL) is integrated into the Academic Assistant Robot sys-
tem to ensure that the model continually improves its performance based on user
feedback. RL helps maintain accuracy and relevance over time by allowing the
system to learn from the interactions with users and adapt its responses accord-
ingly. By incorporating this learning mechanism, the model can refine its behavior
in real-time, ensuring the system provides high-quality, contextually accurate, and

up-to-date responses as it is used in diverse academic contexts.

Reinforcement Learning Loop:

1. Agent (LLM):
The LLM serves as the agent in the RL process. It generates responses
based on the user query, acting as the decision-maker within the system.
The LLM’s actions are its responses to the queries, which are evaluated

for their relevance and accuracy.

2. Environment (User Interaction):
The environment refers to the user interaction with the system. After the
agent generates a response, the user provides feedback either explicitly (e.g.,
thumbs-up/thumbs-down or ratings) or implicitly (e.g., rephrasing the query
or requesting clarification). This feedback plays a crucial role in evaluating

the model’s performance.

3. Reward Signal:
The reward signal is derived from the user feedback. Positive feedback
(e.g., a thumbs-up or a correct and helpful answer) results in a positive re-

ward, signaling that the LLM’s response was accurate. Negative feedback
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3.8 Reinforcement Learning for Continuous Improvement

(e.g., a thumbs-down or irrelevant response) results in a negative reward,
indicating that the model needs improvement. The feedback provides valu-

able information to the system, guiding it to adjust its behavior.

4. Model Update:
The reward signal is used to update the model. The reinforcement
learning algorithm (e.g., Q-learning or policy gradients) uses the re-
ward to adjust the LLM’s parameters. This process helps the model im-
prove its response patterns over time. The more positive rewards the model
receives, the better it becomes at generating relevant and accurate responses.

These updates occur periodically as feedback is received from the user.
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Chapter I

Result and Discussion

4.1 Result & Discussion

4.1.1 Overview of Results
Summary of Key Findings:

In this section, we present the main outcomes of our experiments and analysis,
highlighting the functionality, accuracy, and performance of the Academic Assis-
tant Bot.

e The Academic Assistant, a physical embodiment designed using the 3D Otto
model, is shown in action. This robot, powered by a Raspberry Pi 3 and in-
tegrated with advanced Al components, performs academic assistance tasks

through speech interaction.
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Figure 4.1: AI Assistant Robot

Chat Interface

e
£

Readme &

Used RetrievalQA ~

Hi, Welcome to the Academic Assistant. You can ask me anything about Ai or Cyber
Security. How can | assist you today?

©

Type your message here...

0

Built with Chainlit

Figure 4.2: The chat interface of the Academic Assistant Bot, displaying user
interaction and bot response.
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4.1 Result & Discussion

e Description: The chat interface of the Academic Assistant Bot allows users
to communicate with it directly through a web-based platform. The bot can

respond to academic questions in a conversational manner.

e Functionality: As shown in the screenshot (provided above), the interface
is intuitive and user-friendly, allowing users to type questions and receive
prompt, sourced answers. This interaction is also accompanied by the bot’s

“thinking process” before providing a detailed response.

The interface image below shows the interaction where a user asks a question, and
the bot generates a response, demonstrating its ability to understand and provide

informative answers on topics like Al and Cybersecurity.

ASKED A QUESTION
what is artificial intiligence. explain it
LLMS THINKING PROCESS
but since | don't have
ool that
that are programi 1o think and learn. But wait

detailed.

-an perform tasks that typically require
human intelligence. For example, facial recognition is an Al because it uses complex
patterns from data. So, | can mention how machine learning contributes by training systems
to recognize patterns and make decislons without explicit programming.

PROVIDING ANSWER

Artificial Intelligence (Al) is a field of study that refers to machis t can perform tasks
that typically require human in ce. These clude learning, probles
reasoning, and perception. Al utili algorithms to create models that proces
identify patterns, and make decisions without explicit programming. For exam

recognition uses machine ning to analyze data patterns for identification purposes.
INCLUDES THE SOURCE

SOI..II'CE!S FROM WHERE IT TOOK THE INFO

\Artificial_intelligence_Introduction.pdf

Figure 4.3: The bot’s thinking process and response to the user query, including
the source of the information.

Key Metrics:

e Accuracy of Responses: The bot is able to provide detailed, accurate
answers with references to sources, as evidenced in the screenshots, where

the source of the information is included at the bottom of the response.

e User Engagement: The ability to interact with the bot in real-time via
chat fosters a more engaging and personalized experience for users, enabling

seamless communication.
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4.2 Evaluation of Performance

Quantitative Analysis: The performance of the Academic Assistant Bot has
been evaluated using standard metrics, such as BLEU and ROUGE scores, to

assess the quality and accuracy of its responses.

1. Accuracy of Answers:

e The accuracy of the bot’s answers is assessed through metrics like
BLEU, ROUGE-1, ROUGE-2, and ROUGE-L, which indicate how well

the generated answers align with reference answers.

Average Metrics Scores

0.820 0.820

Score

I I.7.. I

BLEU ROUGE-1 ROUGE-2 ROUGE-L

Figure 4.4: Average Metrics Scores

The graph shows the average BLEU, ROUGE-1, ROUGE-2, and ROUGE-
L scores. The BLEU score of 0.480 suggests room for improvement in
terms of precision, while the ROUGE scores of 0.820 (for ROUGE-1
and ROUGE-L) and 0.700 (for ROUGE-2) reflect high recall and over-

all accuracy in matching the reference answers.
2. Speed of Response Time:

e Although the images do not directly display response time, it can be
inferred from the efficient scoring across multiple metrics that the bot

responds quickly, maintaining a high level of engagement.

3. Comparison with Traditional Methods:
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4.2 Evaluation of Performance

e Traditional methods of answering academic queries may involve man-
ual searching or consulting textbooks. The metrics above show that the
Academic Assistant Bot outperforms such methods in terms of provid-
ing immediate responses with relevant sources. The ability to provide
sourced answers with a high level of accuracy and precision demon-

strates the bot’s efficiency compared to traditional methods.

4. Graphs:
Metrics Comparison Across Questions
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Figure 4.5: Metrics Comparison Across Questions

This graph compares the bot’s performance across different questions (“What
is Artificial Intelligence?” and “What is Machine Learning?”) based on
BLEU, ROUGE-1, ROUGE-2, and ROUGE-L scores. The bot achieves high
scores in all metrics, with ROUGE-1 and ROUGE-L scoring the highest for

both questions.
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Metrics Heatmap
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Figure 4.6: Metrics Heatmap

The heatmap visually represents the metrics across different questions, show-
ing strong performance in ROUGE-1, ROUGE-2, and ROUGE-L, indicating

the bot’s ability to recall relevant information with high accuracy.

Qualitative Analysis:

In addition to the quantitative results, user engagement and feedback provide

valuable insights into the bot’s performance.
1. Quality of Responses:

e The responses provided by the Academic Assistant Bot are well-structured
and sourced, making the information more reliable. This is demon-
strated in the metrics comparison where the bot’s performance across

different queries remains consistent and accurate.
2. User Feedback:

e Based on the high scores in the evaluation metrics and the quick re-
sponse times observed, it can be inferred that users find the system in-
teractive and reliable for answering academic questions. The inclusion of
sources with each answer adds to the trustworthiness and transparency

of the bot’s responses.
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3. Engagement:

e The chat interface (Fig. 4.1) and the bot’s ability to understand and
respond to user queries in real-time encourage more meaningful inter-

actions, enhancing the overall user experience.

These evaluations, both quantitative and qualitative, reflect the bot’s robust per-
formance and its potential to significantly improve the way academic questions are

answered in real-time.

4.3 Comparison with Existing Solutions

Literature Comparison:

A comparison between Academic Assistant Bot to existing Al tutors and educa-

tional bots, highlighting its strengths and weaknesses.

Feature Academic Assis- | Existing AI Tutors
tant Bot

Model DeepSeek 1.5B  + | GPT-3, BERT, etc.
RAG

Strengths Accurate  academic | Varies
answers, Fast re-
sponses, Source
references, Interactive
chat

Weaknesses Limited academic | Limited academic ar-
areas, Struggles with | eas, Variable accuracy
complex/abstract
questions, Weak gen-
eral knowledge

Table 4.1: Feature Comparison: Academic Assistant Bot vs. Existing AT Tutors

4.4 Implications and Significance of the Results

The Academic Assistant Robot has the potential to significantly impact education,
self-learning, and research through its unique features, such as mobility, humanoid

form, and emotional expression.
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4.4 Implications and Significance of the Results

4.4.1 Formal Education

In traditional classroom settings, the robot can assist teachers by answering student
questions, providing supplementary information, and offering real-time feedback
during assessments. Its humanoid form and interactive nature help increase student

engagement, making learning more dynamic and accessible.

4.4.2 Self-Learning

For independent learners, the robot serves as a personalized tutor, providing guid-
ance, feedback, and learning paths outside formal institutions. It can assist learn-
ers in studying topics such as new languages or specialized subjects, adapting its

responses to fit the learner’s pace and needs.

4.4.3 Research

The robot can aid researchers by quickly synthesizing information from academic
papers, assisting with literature reviews, and summarizing key findings. This func-
tionality helps expedite research processes and allows researchers to access relevant

information more efficiently, saving valuable time in the research phase.
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Chapter

Conclusion

The development of the Humanoid Academic Assistant Robot represents a signif-
icant milestone in the convergence of robotics, artificial intelligence, and educa-
tion. By integrating a domain-specific LLM with a physical robotic presence, this
system introduces a novel and innovative approach to personalized learning and
academic support. Its capacity to deliver accurate, context-sensitive responses and
interact dynamically enhances the learning experience for students, educators, and

researchers alike.

Several key innovations in this research stand out, including the custom-designed
Al model, the seamless fusion of Al and robotics, and the holistic system approach.
These advancements highlight the transformative potential of this technology in
educational contexts. The robot’s interactive capabilities, from sourcing academic
answers to its physical presence, significantly elevate both the quality and engage-

ment of the learning process.

However, the deployment of AI in education also presents ethical and practical
challenges that must be carefully addressed. Issues such as data privacy, accessi-
bility, and the appropriate balance between Al assistance and human interaction
are crucial considerations for ensuring the responsible and equitable use of this

technology.

Looking to the future, there are ample opportunities to expand the robot’s knowl-
edge base, enhance its physical abilities, and integrate it with other educational
technologies. These advancements will pave the way for even more advanced and
comprehensive academic support. This research underscores the vast potential of

Al-powered robots to revolutionize learning, teaching, and research, making knowl-
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edge more accessible, engaging, and personalized than ever before.

In summary, the Humanoid Academic Assistant Robot demonstrates the profound
impact that intelligent, interactive robots can have on the future of education.
As we continue to explore the integration of Al and robotics in learning environ-
ments, this system serves as a key driver in transforming educational experiences

and empowering learners worldwide.
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