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Abstract

In the rapidly evolving landscape of education, digital technologies have repeatedly
disrupted traditional pedagogical methods. This paper explores the latest of these
disruptions: the potential integration of large language models (LLMs) and chatbots
into graduate engineering education. We begin by tracing historical and technological
disruptions to provide context and then introduce key terms such as machine learning
and deep learning and the underlying mechanisms of recent advancements, namely
attention/transformer models and graphics processing units. The heart of our
investigation lies in the application of an LLM-based chatbot in a graduate fluid
mechanics course. We developed a question bank from the course material and assessed
the chatbot’s ability to provide accurate, insightful responses. The results are
encouraging, demonstrating not only the bot’s ability to effectively answer complex
questions but also the potential advantages of chatbot usage in the classroom, such as
the promotion of self-paced learning, the provision of instantaneous feedback, and the
reduction of instructors’ workload. The study also examines the transformative effect of
intelligent prompting on enhancing the chatbot’s performance. Furthermore, we
demonstrate how powerful plugins like Wolfram Alpha for mathematical problem-solving
and code interpretation can significantly extend the chatbot’s capabilities, transforming
it into a comprehensive educational tool. While acknowledging the challenges and
ethical implications surrounding the use of such AI models in education, we advocate
for a balanced approach. The use of LLMs and chatbots in graduate education can be
greatly beneficial but requires ongoing evaluation and adaptation to ensure ethical and
efficient use. This paper invites further research and dialogue in this emerging field,
with the goal of responsibly harnessing these technologies to advance higher education.

1 Introduction

Throughout history, education has been continually shaped by technological disruptions.
The advent of the printing press in the 15th century democratized access to knowledge,
transforming how information was disseminated [1]. The 19th-century introduction of

the blackboard revolutionized classroom dynamics, fostering interactive learning [2]. In
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Glossary

artificial intelligence (AI): ability of machines to perform tasks that are
usually associated with human intelligence machine learning (ML): subset of
AT that allows computers to learn from data without being explicitly programmed
deep learning (DL): subset of ML that uses advanced layer approach with large
number of parameters
corpus: text used for training a language model; corpora refers to multiple texts
natural language processing (NLP): algorithms that give computers the abil-
ity to understand and process human language
prompting: user input to the chatbot
input/output prompt (I/0): model computes a single output based
on input
chain of thought prompt (CoT): model breaks the problem in
sequential and interconnected thoughts to arrive at a specific output
tree of thought prompt (ToT): model branches out the input problem
into several thoughts and generates multiple potential outputs
large language model (LLM): integrated DL/NLP model trained on huge cor-
pora to perform complex tasks
chatbot: application interface designed to simulate human conversation
stochastic parrot: random process of generating text based on training from
pre-existing texts
conversational AI: technology that enables computers to engage in natural
and human-like conversations
plugins: powerful software tools designed to enhance the capabilities of a chatbot
sycophancy: tendency of chatbots for unnecessary complementing and agreeing
with user input
hallucination: phenomenon where chatbots produce irrelevant, nonsensical, or
incoherent responses
generative pre-trained transformer (GPT): DL model that generates text,
video, or audio
transformer architecture: neural network architecture that uses focus to

better capture sequences like text

the subsequent era, we saw the impact of innovations like radio [3/4] and calculators [5].
The late 20th century marked the dawn of digital learning, with the internet enabling
online resources, coding platforms, and interactive applications as integral components
of modern education [6]. In the current phase, computational software has further
enhanced learning, enabling the exploration of complex concepts and intricate
problem-solving with ease [7H12]. Despite initial resistance, each disruption has led to
fundamental shifts in educational methods, highlighting the transformative potential of
technology in education.
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The dawn of the 21st century marked the rise of Al as a transformative force in
education. Intelligent tutoring systems have personalized learning by tailoring content
to individual needs [13}/14]. Automated grading has freed instructors to focus on
teaching rather than administrative tasks [14]. Course management systems have
enhanced the efficiency of content organization and delivery |15]. Immersive learning
environments have been created through virtual and augmented reality, making abstract
concepts tangible [16H18|. Tools for performance intervention and emotional state
detection have enabled real-time responses to learning difficulties and student
engagement, fostering a more responsive educational environment [19-21]. Virtual
assistants have facilitated self-directed learning, while Al-powered content creation and
plagiarism detection software have enriched materials and ensured integrity |22H24].

Among the diverse Al technologies shaping education, chatbots have emerged as
particularly transformative. Evolving from simple rule-based systems, they have become
sophisticated conversational agents through advancements in natural language
processing (NLP), transformer architectures, and attention mechanisms [25[26]. This
remarkable transformation, fueled by high-performance computing and extensive
datasets, enabled the training of LLMs [27]. Since 2020, the role of LLMs in education
has been a point of exploration and debate. Questions about their impact on learning
objectives, student workload, assignments, and academic integrity have arisen, along
with considerations of how they might enhance learning experiences [28]. In this
context, tools like Elicit, Claude, Poe, and ChatGPT have found specific roles: Elicit
and Claude in content optimization and personalization; Poe in fostering creativity; and
ChatGPT, an OpenAl product, in aiding content understanding and brainstorming.
The addition of plugins and tools like Bard further extends the capabilities of these Al
systems, offering instructors a tailored suite of resources for various educational needs.

In this paper, we advocate for incorporating Large Language Models (LLMs) into
graduate-level STEM instruction, using a fluid mechanics course as a case study. We
examine the multifaceted capabilities of LLMs, including answering specialized
questions, solving equations, enabling visualization, and even interpreting PDFs.
Effective prompting and third-party enhancements like the Wolfram plugin are key to
unlocking these capabilities. Importantly, instructors need to grasp the underlying
technology behind LLMSs, especially when interfacing with chatbots, to mitigate
potential drawbacks such as inaccuracies and nonsensical outputs. Beyond the
technological considerations, we explore the ethical dimensions of deploying LLMs,
emphasizing equity, transparency, and data privacy. The integration of LLMs offers a
transformative approach to STEM education, addressing its challenges while
maximizing its educational promise.

2 The Building Blocks of Educational Chatbots: An
Introduction to Large Language Models

As we shift our focus from the overarching benefits of LLMs to their technical intricacies,
it becomes imperative for instructors to understand what makes these models tick. This
is crucial not just for academic curiosity but for practical classroom application. In
section 3} we will go a step further by examining how LLMs become the beating heart
of chatbots, revolutionizing the educational space in diverse and innovative ways.

LLMs, at their core, are an extension of Natural Language Processing (NLP)
technologies. These models are trained on vast datasets and have the capability to
perform a wide range of tasks, from summarizing articles to conversing in
real-time [29H32]. In educational settings, understanding LLMs is becoming increasingly

September 8, 2023

32

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61



essential. They form the technological backbone of various educational chatbots and
virtual assistants that instructors will likely encounter, both today and in the near
future [33}34].

Before we delve into practical applications, it is worth exploring the evolutionary
journey of LLMs. These models have transitioned from basic statistical language
processors to intricate systems leveraging neural networks and pre-training
techniques [29}|35H43|. This development has expanded the toolkit that instructors can
tap into, enriching the classroom experience.

However, LLMs are not just limited to powering chatbots. They can be aligned with
ethical considerations and fine-tuned to offer targeted feedback and improved learning
outcomes [44-48|. To further illuminate the distinctions between LLMs and chatbots,
Figure [1] offers a comparative visual overview.

chatbot or
conversational
reinforcement learning from Al interface
human feedback

human
alignment

large language models

corpus natural language processing deep learning

AN
g — text summarization

—[&) language translation

Fig 1. LLM Training and Applications: LLMs are trained on a corpus (large volume of
text data) using NLP combined with ML methods. The LLMs can be used for a variety
of tasks (shown on the right side) or developed into a type of chatbot that can answer
questions, carry on a conversation or operate plugins.

When considering the advancement of LLMs, two key innovations emerge:

LLM Architecture: The advent of transformer architecture [49] has revolutionized
the field by introducing attention mechanisms. These mechanisms enable LLMs to
grasp the context within sentences or even across paragraphs, improving their utility in
tasks like translation, summarization, and question-answering [50H52].

Computational Power: The efficacy of LLMs is closely tied to computational
resources. The usage of advanced GPUs and TPUs has made it possible to train models
with more parameters, enabling a level of performance that was previously
unattainable [53157].

As we wrap up our discussion on the innovations driving the efficacy of LLMs, it is
crucial to recognize that these advancements in architecture or computational power are
tightly coupled with the complexities of training these models. For instructors aiming to
implement or understand LLMs in educational settings, grasping the underlying
training procedures becomes pivotal.
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2.1 State-of-the-Art Large Language Model Training

As we move deeper into the intricacies of LLM training, we begin with the foundational
aspect: data preparation. Instructors keen on harnessing the power of LLMs should
note that the efficacy of these models starts with clean data. Preprocessing tasks like
text sanitization and removing irrelevant symbols are critical first steps to ensure the
quality of training. Once the data is prepared, the next pivotal step involves
establishing the architecture—most often, the transformer architecture, as seen in
models like GPT. Initial values for weights and biases are set during this phase, laying
the groundwork for the model to develop a comprehensive understanding of language.

At this juncture, it is crucial to understand that the training of LLMs is not a
one-time process but occurs in distinct stages, pretraining and fine-tuning. The
pretraining stage is a broad learning phase that employs a self-supervised approach,
where the model absorbs the intricacies of language from vast volumes of unlabeled
data. This is akin to a student engaging in broad academic study before specializing.
As the model transitions into the fine-tuning stage, it is as if the student moves into
specialized coursework: the model learns from smaller, task-specific labeled
datasets [58-60]. This specialization allows the model to apply its generalized
knowledge to perform specific tasks, enhancing its utility in educational settings [30].

2.2 Challenges and Caveats of Large Language Model
Integration for Education

As LLMs increasingly find applications in higher education, it is crucial for instructors
and students to comprehend their inner workings, ethical implications, alignment with
human values, and the importance of model training and dataset quality [61H63]. While
chatbots offer various benefits, they also introduce challenges such as hallucination,
privacy, and overreliance.

Hallucination: Researchers have sometimes observed that LLMs provide incorrect
or misleading information [64,65]. Although the text produced by LLMs might exhibit
grammatical accuracy and logical structure, it can sometimes suffer from semantic
inaccuracy, misdirection, conflicts, or misalignment with the given context or
established facts. Researchers and developers can tackle this challenge by furnishing
models with superior-quality data or incorporating human feedback.

Outdated knowledge: LLMs might experience difficulty in resolving problems
that demand the latest information. However, researchers are actively working on
strategies to ensure that these models are consistently supplied with the latest insights,
potentially mitigating this concern [66,/67].

Harmful content: LLMs possess the capability to produce content that could be
harmful, potentially amplifying societal problems and nurturing hostility [68}/69].
Deliberate examination of initial GPT-4 iterations unveiled this risk, prompting model
rejections as a measure to alleviate potential harm. The released version of GPT-4
demonstrates significant improvements in reducing harmful content generation.

Privacy: LLMs are trained on diverse datasets, have the capacity to synthesize

information, and can potentially discern individuals while paired with external data |70].

Actions such as expunging personal information from datasets and employing
automated assessments are put into effect to mitigate risks to privacy. Subsequent
improvements are directed at curbing privacy hazards by concentrating on information
provided by users [71}/72].

Overreliance: A growing concern with increasing model capability can lead to
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unnoticed errors, inadequate oversight, and potential skill loss [73]. Mitigation strategies
include providing comprehensive documentation, refining the model’s refusal behavior,
and encouraging critical evaluation of model outputs. However, challenges persist, such
as the model’s tendency to hedge responses, which may inadvertently foster overreliance,
and users potentially becoming less attentive to refusal cues over time.

Understanding how to manage these challenges often involves a deep dive into the
model’s inner mechanisms, including its stochastic behavior. One way to gain more
control over model outputs and mitigate some of these challenges is through a concept
known as temperature scaling.

2.3 The Stochastic Nature of LLMs: The Concept of
Temperature

Controlling LLM responses is a fundamental concern for instructors aiming to maximize
the utility of these models in academic settings. Temperature scaling provides a nuanced
approach to balancing the model’s certainty and creativity, helping to address some of
the aforementioned challenges, such as generating hallucinated or overly rigid content.

Temperature scaling assumes a pivotal methodological role in governing distribution
smoothness, carrying significant implications for augmenting the performance of
intricate models involved in NLP tasks [74]. By employing lower temperature
parameters, the models demonstrate heightened certainty and consistency, attributes
crucial for precision-demanding tasks. Nonetheless, this can result in outputs perceived
as excessively rigid or repetitive [75].

In contrast, applying higher temperature parameters infuses the models with an
element of stochasticity, fostering a more diverse and creative output and facilitating the
exploration of unconventional solutions and novel ideas. On the other hand, excessively
high temperatures may result in incoherent responses unrelated to the original query.
The methods of implementing temperature scaling are multifaceted, encompassing
constant temperature applications [76}/77], dynamic adjustments over training
iterations |78], or variations based on the specific word position within a sentence [74].

The practical significance of temperature scaling in LLMs is particularly salient
when these models are adapted into real-world applications such as automated chat
systems or chatbots. By calibrating the temperature, instructors can tailor the chatbot
responses to be either more precise or more creative, depending on the educational
context. With this foundational understanding of LLMs and their stochastic behavior,
we are better equipped to explore their most interactive form: chatbots.

3 Chatbots: Interfacing with Humans

Building on the foundations of Large Language Models (LLMs), chatbots have rapidly
become a pivotal component of human-computer interaction [7980]. Their unique blend
of algorithmic complexity and linguistic proficiency enables real-time dialogue with
users, adding a layer of interactivity that holds significant implications for higher
education. These advanced capabilities are the culmination of decades of research and
innovation in Artificial Intelligence and computational linguistics. This section will
explore the historical roots of chatbots, delve into their evolution over the years,
examine their applications in academia, and discuss the tools and methodologies that
facilitate their effective integration into educational settings.
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3.1 History and Evolution of Chatbots and Conversational Als

For instructors interested in understanding the roots of chatbots, the story starts with
the Turing Test, introduced in 1950 by Alan Turing [81H83] (as shown by the blue node
in Figure . The Turing Test aimed to determine if a machine could exhibit behavior
indistinguishable from human intelligence. This intellectual query led to the creation of
ELIZA in the 1960s by Joseph Weizenbaum (the first purple node on the upper
layer in Figure . Serving as a rudimentary psychotherapist, ELIZA used
pattern-matching techniques to simulate conversation.

context-sensitive
virtual assistant
for tips and help

instant messaging chatbot for
Z.w{_variety of services, from weather
to general information

SHRDLU-based Al rule-based conversational
storyteller and bot with short-term memory
conversational bot and contextual awareness

first pattern-
matching chatbot.

LLM designed to engage

s memmowor 1950 )— 1966 —( 1984 )—( 1995 )— 1996 )
e
behavior

cloud-based intelligent virtual

API for GPT ¢=pkaingmodel, assistant for Q&A, and smart

for Google Ope trained on vast corpora, e ™
language model generate coherent
GP contextual responses

/0penA®< 2020 —( 2020 —{ 2016 —( 201
“ChatGPT

Googlc mk:gratcd Al Google MlCrOSOﬂ

Tevolutionary intelligent virtual

virtual assistant for Cortana 5 7
versatile task assistance) As it T &l Watson A L ree g I
""" - __technology interaction
.................. Ty
Al-powered virtual assistant H
with voice-based interactions
f Al chatbot for meaningful e NLP-based platforms for
\\RePllka H b sl P conversational Al development
a multimodal embodied — emotional support

visual-language model fo
robot control

= s
conversational Al for T nm Google P ¥ <
human-computer interaction Q/ Qaude / \Claude 2.0
S N Bard = —
diverse tasks: reading, learning, ”
and more Al chatbot, designed to decrease

the likelihood of producing
harmful outputs

Fig 2. Choronological Development, Evolution, and Progression of LLMs and
Chatbots: Advanced language models, capable of processing vast amounts of data,
chatbots, and conversational Al agents have evolved and interacted with each other,
leading to advancements in natural language understanding, human-computer
interactions, and Al-driven products. In the Figure, the orange objects refer to LLMs,
purple objects refer to conversational Al or chatbots, green objects refer to Al-based
virtual assistants and pink objects refer to Al-driven objects.

In the 1970s, rule-based chatbot systems became prevalent, where predefined rules
determined the responses to user inputs. Richard Wallace’s A.L.I.C.E. (Artificial
Linguistic Internet Computer Entity) was a notable example that engaged users in
open-ended conversations using an extensive set of predefined rules . A.LIC.E.
incorporated context awareness through short-term memory and refined its responses by
storing previous inputs and corresponding responses , which led to the

development of other chatbot systems like MegaHAL and Jabberwacky [93H95].

The twenty-first century has witnessed remarkable advancements in AT and NLP

techniques, leading to the development of sophisticated and innovative chatbots [96H98].

These chatbots can understand user queries and provide meaningful responses, making
them invaluable for various applications such as customer service, personalized support,
and product recommendations . Additionally, they excel at automating
mundane tasks and extracting valuable insights from vast datasets [101}[102]. For
instance, SmarterChild, an instant messaging chatbot initially developed by
ActiveBuddy and later acquired by Microsoft, delivers various services ranging from
weather reports to general information (the purple node on the right side of the
upper layer in Figure . One pivotal milestone in the chatbot landscape was the
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introduction of Siri (Speech Interpretation and Recognition Interface) by

Apple [104},|{105] (the green node at the beginning of the middle layer in Figure [2| as the
first intelligent virtual assistant). Siri, an intelligent virtual assistant, revolutionized
how humans interact with technology and chatbots [106]. Its success has not only
transformed user expectations but also paved the way for the development of other
notable virtual assistants such as Alexa by Amazon [107H109], Cortana by

Microsoft |[110H113], and Google Assistant by Google |[114H117].

Recent years have witnessed the emergence of conversational Al, driven by advances
in ML, DL, and NLP. Platforms such as IBM Watson [118-120] and Google
Dialogflow [121H124] have been instrumental in the development of conversational Al
and the enhancement of the understanding and implementation of NLP techniques. One
of the most notable achievements in the field of conversational Al is the development of
powerful language models such as GPT (the orange node near the end of the middle
layer in Figure [2| represents the onset of chatbots and artificial intelligence), which have
significantly improved the understanding and generation capabilities of
chatbots [125H128]. Developed by OpenAl, these models are trained on vast amounts of
text data using advanced DL architectures to generate coherent and contextual
human-like responses [129]. With each iteration, these models become more complex,
introducing new functionalities to the corresponding chatbot, including conditional text
generation (GPT 2); translation and summarization (GPT 3); faster outputs and text
completion (GPT 3.5); multilanguage functions, logical reasoning, and robust API
plugins (such as Wolfram Alpha and ScholarAI) (GPT 4) [125,/127,/130]. Figure
illustrates the performance enhancement and additional functionalities in different
versions of GPT models as the number of input parameters in the DL model increases.

GPT 2

* February 2019
« improved language generation capabilities
« support for conditional text generation

* 1.5 billion parameters

GPT 1
* June 2018
« first large-scale language model

110 million parameters
GPT3 —e T

——

GPT35 | SV S * June 2020

« March 2022 « improved language generation capabilities

« improved language generation * better understanding and ability to translate
capabilities and summarize

« faster response, longer output, * 175 billion parameters
with ability to complete a text

* 175 billion parameters Qe

GPTS5

« expected 2024

« further increase in model size

* enhanced understanding of multiple
languages

« improved fine-tuning capabilities

~~~~~ GPT 4
* March 2023
« performing tasks in
multiple language
* logical reasoning
« powerful plugin

« increased contextual awareness lc.apfib;lléy
* potential incorporation of domain- lml‘C_ iy )
specific knowledge hallucination, biased
training, and

sycophancy
* 1 trillion parameters

i —
——

Fig 3. The Highlighted Road Map of GPT Evolution: From the early inception of GPT
to its progressive iterations, this roadmap showcases the rapid development of powerful
language generation models based on transformer architecture. It also depicts the major
breakthroughs and refinements leading to more sophisticated and capable GPT variants
that have significantly impacted various NLP tasks.

The release of ChatGPT as a chatbot based on GPT models by OpenAl marks a
pivotal milestone in the development of chatbots and conversational Als. After that,
Inflection released the Pi chatbot [131], designed to be a kind and supportive
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companion offering conversations, friendly advice, and concise information in a
human-like and coherent style. Replika is another companion chatbot programmed to
learn and mimic people’s writing style, offering an unprecedented sense of comfort and
well-being [132H135|. Similar to other technological giants, Google has also contributed
to fields of LLMs through the development of several models, including

LaMDA [136H138] and PaLM [139-141]. Despite many obstacles in the development
and implementation procedure, such as sentinent behavior, LaMDA, and PaLM are
utilized to develop Bard chatbot |142l|143]. Bard is an Al-powered chatbot designed to
be more conversational and generate more diverse and prolonged responses than GPT
models [144}|145]. Claude and Claude 2.0 are two of the other powerful chatbots
released recently, with superior performance to generate longer responses and nuanced
reasoning [1461[147]. Claude 2.0 has made significant strides in multiple fields, including
law and mathematics. It scored 76.5% in the Bar exam’s multiple-choice section and
achieved a score higher than 90% of graduate school applicants in GRE reading and
writing exams [148]. Figure [2 provides a comprehensive overview of the evolution
timeline of chatbots, LLMs, conversational Als, and Al-based products.

3.2 Higher-Education Implication of Chatbots

Chatbots, powered by advancements in conversational Al and sophisticated language
models like GPT, PaLM, and LaMDA have revolutionized various domains, including
education. These models have significantly enhanced the natural language
understanding and generation capabilities of chatbots, allowing them to generate
coherent and contextually appropriate responses [96,/1291|149}|150]. In education, these
advancements offer numerous advantages to researchers |151], students |152], and
instructors [153]. Chatbots can provide personalized and adaptive learning experiences
by tailoring content and resources to individual student needs and learning styles,
leading to improved engagement and knowledge retention [154,/155]. They can offer
immediate and accurate responses to student inquiries, providing timely support and
guidance that enhances the learning process [156H158|. Additionally, chatbots facilitate
continuous assessment and feedback, allowing students to receive prompt evaluations
and insights into their progress, enabling them to identify areas for

improvement [159,/160]. They can also assist in delivering educational materials and
resources, offering on-demand access to information, and promoting self-directed
learning [161]. Moreover, chatbots foster collaborative learning experiences by
facilitating group discussions and providing opportunities for peer interaction [162]. By
automating administrative tasks, such as grading and scheduling, chatbots support
instructors by freeing up their time to focus on instructional activities |[159}/163]. These
advantages of chatbots in education encompass personalized learning, timely support,
continuous assessment, resource delivery, collaboration, and administrative

assistance |164H166]. Figure [4]illustrates some of the merits of chatbot implementation
for student and education purposes.

In addition to educational benefits, researchers could also benefit from utilizing
chatbots. Chatbots have substantially enhanced the present state of information
retrieval, providing a notable improvement in the accessibility of information compared
to basic Google searches. Furthermore, these chatbots, augmented with powerful
plugins, open up new gateways to access the internet’s vast repository of knowledge,
e.g., OpenAl has introduced plugins as an added feature in its latest versions of
ChatGPT, where users can select and utilize up to three plugins at a time for their
specific tasks, with the option to change their selection as needed, providing valuable
assistance to both students and researchers in higher education, enabling them to
streamline their tasks and achieve their objectives with reduced effort. Table [I] outlines
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personalization based on user inputs,
and preferences
+ personalized feedback

* non-judgemental feedback — 2u/7 _____ : easy access
« adaptive learning speed * never busy

* never tires
_______________________ * patient instructor

scalability to handle multiple inputs
simultaneously

topical chat thread

« provides insight on big picture problem * contextual awareness

1
0 1
1
+ automatic context switching : « pretrained on specific topics
. parfi]lg] processing and resource - == « conversational feedback
optimization )
" RS B & WO eeeeeeeeee
fast and efficient response '~ "Q" consistency and accuracy in delivering

* instant feedback

* quality assurance of the response
« same performance in every language
« private feedback

Fig 4. Chatbots in Education: A transformative tool offering students instant access,
tailored learning experiences through topical threads, rapid responses, and unparalleled
personalization for an optimized learning journey.

several plugins integrated into ChatGPT, offering higher education and research
applications. Apart from plugins, chatbots have also tapped into specialized Als that
focus on discovering academic papers, exemplified by Elicit, Semantic Scholar, and
ScholarAlI. These advancements encompass the critical stages of research, ranging from
writing and editing to a meticulous review of papers. Additionally, chatbots have
evolved to excel at summarizing complex research papers, rendering them invaluable
aids for researchers and learners seeking to distill intricate knowledge efficiently.

While chatbots bring numerous benefits to education and research, they also face
drawbacks and limitations. One limitation is their inability to fully replace the human
element of interaction and personalized instruction [26]. Despite being able to provide
immediate responses and support, chatbots lack the empathy and nuanced
understanding that human instructors possess, which can be particularly challenging for
students requiring individualized attention or those with complex learning needs.
Additionally, chatbots may need help to accurately assess subjective assignments or
provide in-depth feedback beyond essential evaluation criteria [167]. Technological
barriers and disparities pose another limitation due to students’ unequal access to the
necessary devices, stable internet connections, or technological literacy, hindering their
engagement with chatbot-driven educational experiences. Moreover, there is a risk of
chatbots inadvertently reinforcing a transactional approach to learning, prioritizing
correct answers over critical thinking, creativity, and problem-solving skills [168],
limiting opportunities for comprehensive learning experiences, exploration, and
intellectual growth. Furthermore, one concern regarding chatbots is their potential to
perpetuate biases and reinforce stereotypes in their training data [162,[169)]. If the
training data are biased or lack diversity, the chatbot’s responses may unintentionally
exhibit biases or engage in discriminatory behavior. Privacy and data security concerns
also arise when utilizing chatbots, requiring careful data handling to comply with
privacy regulations and safeguard sensitive information [1704171]. Additionally,
technical glitches, system failures, or programming errors can disrupt the learning
process and lead to frustration among researchers, students, and instructors [172]. It is
essential to address these limitations thoughtfully and consider chatbots as
complementary tools that work alongside human instructors to create a comprehensive
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Plugins/Features Description

Browsing Alpha integrates the Bing search API, enabling ChatGPT to

B i . . . .
Towsiig browse and retrieve web content directly from the internet.
The Retrieval feature grants ChatGPT the ability to access authorized
Retrieval personal or organizational information sources. By leveraging natural
language queries, users can retrieve pertinent document snippets from
various data sources, including files, emails, notes, and public documents.
Enhances the capabilities of ChatGPT by enabling it to perform a variety
Code of tasks. These tasks include numerically solving mathematical problems
Interpreter conducting data analysis and visualization on your dataset file, and

converting file formats using Python.

Empowers ChatGPT users with advanced computational capabilities,
Wolfram enabling them to solve various types of queries, including mathematical
problems and computations.

AskYourPDF Generate summaries of file content in response to user inquiries.
ScholarAl It searches millions of peer-reviewed articles based on the user prompt. It
also obtains the DOI and provides a short summary of the article.
Custom Allows the users to specify or customize their preferences or requirements
Instructions about the responses way they want to receive from the chatbot.

Table 1. Shows the description of some available plugins and features that can be used
in higher education.

and effective educational environment.

As we have explored the diverse merits and potential pitfalls of chatbot
implementation in educational settings, an important conclusion emerges: successful
adoption is not a plug-and-play endeavor. Instead, it necessitates systematic adaptations
in curriculum design, instructional techniques, and communication protocols [152].
Instructors, therefore, should not just be passive consumers of this technology; they
should actively engage in restructuring course objectives, designing chatbot-centric
assignments, and establishing guidelines for effective chatbot utilization. Instructor
training programs, too, must evolve, equipping instructors with the skills to weave
chatbots seamlessly into their pedagogical toolkit [163]. By proactively embracing these

adjustments, we pave the way for a more dynamic and enriched educational experience.

4 Chatbots: Strategies and Tools

Building upon the discussed chronological evolution and real-world implications of
chatbots, we will examine the key methods and tools used in chatbots, highlighting
from prompt techniques to customizing interactions and providing an in-depth review
useful for graduate students and instructors.

4.1 Basic Prompting

Prompting serves as the bedrock for enhancing the utility of chatbots, particularly those
employing advanced language models like ChatGPT. In essence, a prompt is a set of
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instructions that directs the chatbot toward generating a specific kind of

response [173H175]. It acts as the steering wheel for the chatbot, guiding it to produce
outcomes that align with the desired objectives [176{178]. Therefore, crafting clear and
structured prompts becomes indispensable for optimizing the accuracy and relevance of
the chatbot’s generated responses .

For instance, while searching for the momentum equation for a steady, inviscid, and
incompressible flow, an improper prompt like ‘provide the momentum equation’ may
produce a more generalized answer. However, a more specific prompt like ‘provide the
momentum equation for a steady, inviscid, and incompressible flow’ ensures an accurate
response.

Understanding the intricacies of prompt engineering is not merely a technical
endeavor but a practical one for instructors. This understanding allows instructors to
leverage tools like ChatGPT in versatile ways, from crafting dynamic quizzes to
designing comprehensive course plans. Thanks to the adaptability of prompt
configurations, ChatGPT can be fine-tuned to offer a multitude of prompt suggestions,
gathering diverse and relevant educational data .

4.2 Prompt Strategies

Before diving into the advanced prompting methods, it is essential to understand the
foundational principles that govern effective prompting. These can be broadly
categorized into specific words, context provision, and mechanisms for eliciting more
detailed information . ChatGPT utilizes various advanced prompting strategies to
solve distinct challenges, yielding the desired outputs. Specifically, three principal
methods stand out: the Input-Output (I/O) method, the Chain of Thought (CoT), and
the Tree of Thoughts (ToT) prompts [181].

In I/O prompting, the model is provided with various input samples alongside their
respective outputs which guides the model in producing the desired output for a given
input . Figure [5[ shows an example of I/O prompting using ChatGPT 4.0. In this
scenario, we posed a query ‘What is the continuum hypothesis in fluid mechanics’ to
ChatGPT 4.0., which in turn resulted in the corresponding response.

" Model Input

What is the continuum hypothesis in fluid mechanics?

g |

The continuum hypothesis in fluid mechanics is an assumption
that treats fluids as continuous media. It assumes that fluid
properties like pressure, velocity, temperature, and density are
well-defined at every point in the fluid and change continuously
from one point to another. This assumption allows us to define

differential equations of motion for the fluid.

Fig 5. I/O Prompting Mechanism: Inputs are fed into the system, and based on
internal processing, corresponding outputs are generated, showcasing the dynamic
interaction and response mechanism

CoT breaks the input problem into a series of logical thoughts and reaches the final
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desired output based on previous thoughts. This approach is useful for intricate
mathematical or reasoning tasks that require step-by-step breakdowns. It clarifies the
model’s actions and its reasoning, making error detection more

straightforward. [181184].

What is the continuum hypothesis in fluid mechanics? j
| Thoughtl v
To grasp the continuum hypothesis, it's essential to acknowledge that fluids consist of discrete ’
molecules..

|

However, when we're studying fluid mechanics, it's often impractical to consider the behavior of
individual molecules. The number of molecules is just too large, and the interactions too

. J
So, instead, we assume we treat the fluid as if it's a continuous medium. This is the essence of
the continuum hypothesis.

|

Under the continuum hypothesis, we assume that properties like pressure, velocity, temperature,
and density are well-defined at every point in fluid.

Pl Toens \ v

These properties are assumed to vary continuously from point to point. This means we don't
have to worry about the individual molecules, we can treat the fluid as a smooth, continuous

;

This assumption greatly simplifies our mathematical models. It allows us to define differential
equations of motion for the fluid, which we can then solve to predict the fluid's behavior.

(

Fig 6. CoT Prompting Mechanism: CoT breaks the problem into multiple sequential
and interconnected steps, and each step gives a clear idea of how the model reaches the
final output.

Figure [6] shows the example of CoT prompting using ChatGPT 4.0. We used the
CoT prompting technique in this scenario to pose the same question. ChatGPT
deconstructed the query into several thoughts, each directing the model toward the final
answer.

ToT is a strategy for structuring the model’s output to branch out into different
related thoughts. This approach can be beneficial for complicated questions that involve
multiple related ideas. By structuring the response as a tree of thoughts, the model can
cover a wide range of related ideas in a structured and organized manner. ToT solves a
problem by searching over a tree where each node represents a partial solution based on
input and previous thought sequences . Figure |2| shows the example of ToT
prompting. We attempted to utilize ToT in a more straightforward manner without any
coding. Yet, the prompt illustrated in Figure [7] may not genuinely respond to queries
using the tree of thoughts. Hence, we believe there’s a pressing need for an improved
methodology to draft prompts for ToT.

Within the rest of this study, to instruct ChatGPT to induce the ToT prompt, we
have utilized the following command provided by Dave Hulbert . This prompt
initiates a discussion that investigates several logical paths, possibly leading to the
desired outcome of the question. From a discussion standpoint, this prompt may
effectively provide distinct paths to answer conceptual questions, but it might be less
efficient in addressing analytical or mathematical problems, as discussed in section
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Model Input
What is the continuum hypothesis in fluid mechanics?

)

Purpose of the
continuum hypothesis

What the continuum
hypothesis assumes

N < [

It simplifies
the study of It enables It assumes These It allows us These
Sluid us to ignore that properties to define equations
mechanics the complex properties are assumed differential can then be
by allowing interactions are well- to vary equations solved to
us to treat between defined at continuously of motion predict the
Sfluids as individual every point from point to for the Sfluid's
continuous molecules. in the fluid. point. Sluid. behavior.
media.
\ J\ PAN PAT AN, AN .

Fig 7. ToT Prompting Mechanism: ToT branches out the input into different related
thoughts, which help the model reach the final outputs.

4.3 How

Imagine three different experts are answering this question.
All experts will write down 1 step of their thinking, then
share it with the group. Then, all experts will go on to the
next step. If any expert realizes they’re wrong at any point,
then they leave. [The question is ...J

to use a prompt properly?

ChatGPT is a valuable resource for both students and instructors at graduate,
undergraduate, and professional levels. It can craft course syllabi, design projects,
supply fundamental formulas, offer research articles, and even design and assess student
quizzes. The best possible results can be achieved by supplying context and employing
plugins. Below are some illustrations showcasing the advantages of using ChatGPT in a
graduate fluid mechanics course.

Example provided by the instructor: We are learning the fundamentals of
turbulence for a graduate-level fluid mechanics class. Today we are focused on the
Navier-Stokes equation and its application. Please generate a summary of this topic
followed by a quiz with five multiple-choice questions. We will attempt to answer the
questions next, and then we will ask you to check our results and provide reasons for the
correct answers.

ChatGPT 4.0 provided a concise overview of the Navier-Stokes equation and its
practical uses in the given scenario, accompanied by a quiz of 5 multiple-choice
questions. When prompted on the preferred answer format for students, ChatGPT
emphasized clarity, suggesting any method that distinctly matches answers to their
corresponding questions. Using a streamlined format—Ilisting answers like 1A, 2B, 3C,
4D, and 5B, it assessed the responses, highlighted correct and incorrect answers, and
elucidated the reasoning behind each question.

Example provided by the instructor: We are learning about the fundamentals
of turbulence in today’s class. Using ScholarAl, find the most recently published papers
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on direct numerical simulation (DNS) focusing on the flow over an airfoil. Based on
what you find, provide three short-answer questions I can try to answer, and you can
check.

In response to this example, ChatGPT 4.0 presented us with some of the latest
papers via the ScholarAl plugin and posed three brief questions based on the content of
those papers. After submitting our responses, it assessed and provided explanations for
each question.

Example provided by the instructor: We are learning about the fundamentals
of shock waves in today’s class. Our learning goal is to understand shock waves’
formation, propagation, and impact. Please provide five real-life examples of shock
waves. Based on the examples, provide five short-answer questions I can try to answer,
and you can check.

ChatGPT 4.0 presented five practical instances of shock waves based on the given
scenario. Following that, it posed five questions based on these examples. After we
submitted our responses, it analyzed them and offered detailed explanations for each
question.

Example provided by the instructor: We are learning about the fundamentals
of shock waves in today’s class. Our goal is to learn about shock tubes. Please give me a
detailed theory of shock tubes with the necessary equations and design a project for me
with proper initial conditions so that I can analytically calculate the change of pressure,
velocity, temperature, and density across the shock wave in the tube and you can check
the final answers.

In response to the above example, ChatGPT 4.0 provided details about the shock
tubes, including the equations representing how various properties alter across the shock
wave. Subsequently, it outlined a project with the necessary initial conditions. We
analytically calculated the change of different properties like pressure, velocity,
temperature, and density across the shock wave. After sharing our results with
ChatGPT, it evaluated our responses.

Example provided by the instructor: We are learning about vortex generation
and shedding fundamentals. Please give me a detailed theory on these topics with the
necessary mathematical formulations. Give me a few real-life examples of vortex
shedding, followed by a quiz with three short answer questions based on applications of
vortex shedding in Engineering. We will attempt to answer the questions, and you will
evaluate our responses.

In response to the above example, ChatGPT 4.0 provided details about the vortex
generation and shedding with necessary equations, followed by a few real-life examples.
It then posed three questions concerning the application of vortex shedding in
engineering. After we submitted our responses, it evaluated them and explained each
question.

Example provided by the instructor: In today’s class, we are learning about the
flow around a circular cylinder. We are particularly interested in the pressure
distribution around the cylinder. I have sent you all a paper. Now using Ask Your PDF,
tell ChatGPT to summarize this paper and find out the most important points. Also, ask
any question to GPT if you need help understanding anything from the pdf.

In the provided scenario, the Ask Your PDF tool prompted us with a link to upload
our document. Once the paper was uploaded and its URL was shared with ChatGPT,
the system could provide summaries and address queries originating from the content of
the PDF.
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The conversational learning feature of ChatGPT allows students to learn through
dialogue and interactions [180}/186]. Rather than traditional Google searches, students
can directly ask GPT for recent papers or specific answers. Integrations with plugins
like Wolfram, ScholarAl, code interpreter, and custom instructions enhance the learning
experience. Furthermore, ChatGPT can recall previous conversations until a new chat
begins. Students and instructors can engage in back-and-forth discussions, seek more
profound understanding, and verify any information. Due to its training on diverse
topics, ChatGPT can identify interdisciplinary connections. With the help of code
interpreter and custom instructions, many previously impossible tasks have become
straightforward. Thus, we will delve deeper into these tools to demonstrate their
application in graduate-level fluid mechanics courses.

4.4 Code Interpreter

The code interpreter, an experimental ChatGPT model, is designed to execute Python
code, manage file uploads, and facilitate downloads within a well-structured
environment. This innovative feature operates with persistence and security,
maintaining a session that remains active throughout a chat conversation, albeit with
an upper-bound timeout. This continuity enables subsequent code executions to build
upon each other, fostering a dynamic and interactive experience. Additionally, the
environment is equipped with ephemeral disk space and supports an array of
widely-used Python packages. The system allows for the uploading of files to the
current conversation workspace and the downloading of the results, thereby
substantially enhancing the functionalities of ChatGPT. This advancement represents a
significant leap in capabilities, allowing for many sophisticated tasks and applications to
be adeptly performed within the confines of the conversation.

e The code interpreter can process data from user-uploaded files. It can detail the
dataset, execute statistical evaluations, craft visual representations like graphs,
identify data trends, and forecast outcomes.

e It can execute image processing tasks, alter the image’s color scheme, and modify
its form while preserving the original aspect ratio.

e Another excellent feature of the code interpreter is its file conversion function. It

can convert one format of the file to another format based on the user’s preference.

e The code interpreter can create, analyze, and optimize codes. Additionally, it can
identify coding errors and offer corrective suggestions.

e In addition to powerful Python visualization libraries, code interpreter allows
users to develop interactive visualizations and interfaces through Streamlit.
Streamlit helps users quickly and easily build data-driven apps, dashboards, and
reports with minimal code. It also allows developers to create complex
visualizations and interfaces. Additionally, Streamlit offers a wide range of
features to make it easier for developers to build high-quality applications.

The course instructors and students can gain significant advantages from code
interpreters. Below, some instances are highlighted demonstrating the effective
utilization of a code interpreter.

Example 1: We are learning the fundamentals of streamlines, stream functions,
and vortex shedding for a graduate-level fluid mechanics class. Today we are particularly
interested in how streamlines behave when there is a flow passing over a spherical body.
Write a Python code that will generate multiple streamlines over a circular body. Do not
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show any streamlines inside the circular body. Save the visualization in a high-resolution
1mage.

ChatGPT executed the Python code in response to this example and generated the
following high-quality image (Figure . However, it included a caveat, noting that the
plot is rudimentary. For a more precise visualization, more robust computational
methods such as DNS (Direct Numerical Simulation) or LES (Large Eddy Simulation)
are recommended.

Streamlines around a Sphere

Fig 8. Flow Over a Circular Body Generated by Code Interpreter: Code interpreter
generated multiple streamlines, showing the flow direction from left to right, around the
circular body.

Example 2: Today, we are particularly interested in the drag force and drag
coefficient measurement. We have experimental data for measuring the drag force over a
streamlined hemisphere. The drag force was measured by a force transducer, and the
drag coefficient was measured by the empirical equation. Now, read the experimental
data file. Consider the 1st row and 1st column as the headers. Show the correlation
matriz in a heat map. Now save the visualization in high-resolution images.

The ChatGPT read and described the data file in response to this example.
Subsequently, a correlation matrix was presented in Figure [0] depicting the
interrelationships between each variable. The correlation values span from -1 to 1,
where 1 signifies a perfectly positive correlation, -1 denotes a perfectly negative
correlation, and 0 suggests no correlation.

Example 3: We are learning the fundamentals of streamlines, stream functions,
and vortex shedding for a graduate-level fluid mechanics class. I have uploaded an image
that is from a very classic fluid mechanics problem. The image is in greyscale but we
need a colored version of it. Make it a colored image. Put greyscaled and colored image
side by side and generate very high-resolution images which I can use in a report.

In response to this example, ChatGPT transformed a grayscale image into a
colorized version, adeptly preserving the intensity levels, as displayed in Figure

Example 4: We are learning the fundamentals of shock waves and are particularly

September 8, 2023

1742

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526



Correlation Matrix Heatmap

1.00
Pressure difference (in water)
0.75
-0.50
Free stream velocity (m/s)
§ 0.25
Force transducer output (volt) -0.00
=—0.25
Drag force (N)
g —0.50
Drag coefficient -0.75

Drag force (N)
Drag coefficient

Pressure difference (in water)
Free stream velocity (m/s)
Force transducer output (volt)

Fig 9. Correlation Heatmap: The correlation matrix shows the correlation between
every pair of variables. The values range from -1 to 1, where 1 indicates a perfect
positive correlation, -1 indicates a perfect negative correlation, and 0 indicates no
correlation.

Grayscale Image Colored Image

Fig 10. Transformed Colored Image: The code interpreter converted the grayscale
image into a colored image keeping the intensity level the same.

interested in oblique shock waves. I have uploaded a data file which is basically an
oblique shock table @/ Consider the first row as a header. Now, describe the data file
in brief and create a few important plots. Also, tell me what should be the value of 5 at
0=5 and My1=1 and 1.5.

In response to this example, ChatGPT described the data file nicely in short and
generated Figure Within the dataset, certain conditions exhibited detached shock
waves, which were adeptly represented in the visualizations by the code interpreter.
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Fig 11. Generated Visualizations from Uploaded Datafile: The code interpreter
generated the line plots from the uploaded shock table. The discontinuity in the lines
indicates the detached shock conditions.

Additionally, ChatGPT provided precise values for § at =5 and M;=1 and 1.5,
indicating its capability to interact with specific rows and columns effectively.

4.5 Custom Instructions

In a recent development, OpenAl unveiled an innovative feature for its advanced
conversational AI, ChatGPT, on July 2023. This feature, known as Custom
Instructions, allows students in higher education, researchers, and graduate students to
specify their preferences or requirements, which the Al system takes into account while
formulating responses. This enhancement is particularly beneficial for instructors and

graduate students, as it allows them to tailor the AI’s responses to their specific needs.

For instance, an instructor involved in higher education sciences can leverage this
feature to craft detailed lesson plans without repeatedly specifying their teaching
context. Similarly, researchers and graduate students can customize the AT’s responses
based on their field of study, enhancing the relevance and applicability of the
information provided. Moreover, those with advanced knowledge in a particular domain
can instruct the Al to generate code without accompanying explanations, thereby
streamlining the output for those already familiar with the subject matter.

Introducing custom instructions optimizes the output of ChatGPT, leading to more
targeted and valuable responses, enhancing the educational process, and making the tool
more effective and efficient for learning and teaching purposes. The feature represents a
significant stride in the evolution of Al, demonstrating its potential to adapt to
individual needs and contribute positively to various educational contexts. Here is an
example of a graduate-level fluid mechanics course from the student’s perspective.

Example provided by student: I am working on a problem related to the
Navier-Stokes equations, which describe the motion of fluid substances. I understand the
theory but I need help with implementing a numerical solution, specifically using the
finite difference method in Python. Generate Python code for a finite difference solution
to the 2D incompressible Navier-Stokes equations. Assume a uniform grid and a simple
boundary condition where the velocity is zero at the boundaries. As I understand the
theory, generate just the code.

In response to this example, ChatGPT would generate the Python code for finite
difference solutions to the Navier-Stokes equations without explaining the theory behind
the equations.
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5 Chatbot Implementation: Case Study and
Evaluation of a Graduate STEM Course
Incorporated with ChatGPT

After we explored ChatGPT and its integration with powerful plugins, features, and
strategies for educational purposes, in our next step, we will examine the full scope of
its accuracy and capabilities within the educational realm. Among the many available
courses, we have selected graduate fluid mechanics as our case study due to its
multifaceted nature, incorporating conceptual, analytical, and mathematical elements,
as well as computationally intensive problems that often require advanced solvers and
post-processing techniques.

5.1 Case Study: Graduate Fluid Mechanics

As a case study for this paper, we examined the graduate-level fluid mechanics course to
determine how the instructors and the students could benefit from a chatbot. This
advanced-level course offers an in-depth exploration of fluid mechanics, encompassing a
comprehensive understanding of fluid behavior, flow phenomena, and the mathematical
models utilized to analyze fluid flows. The curriculum explores conservation laws,

viscous flows, boundary layer theory, turbulence, compressibility, and multiphase flows.

Students gain the necessary skills to analyze complex fluid systems and develop
solutions to practical engineering problems through theoretical lectures, computational
exercises, and experimental investigations. It enhances students’ theoretical knowledge
and equips them with the analytical and problem-solving abilities essential for success in
various fields, including aerospace engineering, chemical engineering, civil engineering,
and environmental engineering.

This course also encompasses a unique combination of analytical, conceptual, and
computational problems, making it an ideal subject to harness the potential benefits of
a chatbot. With its diverse problem-solving requirements, fluid mechanics presents a
complex learning landscape for students. Introducing a chatbot into this educational
context allows students to receive personalized guidance, instant feedback, and
interactive support tailored to their specific needs, enhancing their understanding and
proficiency in this challenging subject.

Furthermore, by incorporating chatbots into the curriculum, instructors could cover
more material on novel and relevant topics, introducing large-scale course projects to
enhance students’ understanding and application of concepts. Chatbots offer a unique
opportunity to provide automated guidance and support throughout project
development. Students can engage with chatbots to receive step-by-step instructions,
access relevant resources, and receive instant feedback on their progress. This
integration enables instructors to introduce complex and cutting-edge topics that may

have been previously challenging to address due to time constraints or limited resources.

Additionally, chatbots can facilitate student collaboration by creating virtual spaces for
discussion, peer evaluation, and knowledge sharing. By leveraging chatbots’ capabilities,
instructors can create a dynamic learning environment that fosters creativity,
problem-solving skills, and teamwork. Incorporating chatbots into the curriculum
expands the possibilities for experimental learning. It equips students with the
necessary skills to tackle real-world challenges in their field of study and prepares them
for the responsibilities of engineering jobs.

September 8, 2023

20,42

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610



5.2 Result and Analysis of the Question Bank

Evaluating ChatGPT’s accuracy against a well-structured question bank serves several
pivotal purposes of this study. It allows a clear assessment of the tool’s proficiency in a
graduate-level fluid mechanics course. This assessment is vital for instructors
contemplating integrating such Al-driven tools, as it provides insights into their
reliability and potential limitations. Moreover, by finding the areas of strength and
weakness, instructors can strategically guide students on when and how to utilize
ChatGPT, ensuring it complements traditional learning methods. This section provides
the evaluation methodology and results for our designed experimental framework. In
this study, we randomly selected 75 graduate-level fluid mechanics questions. The

selected questions include 25 conceptual, 25 analytical, and 25 mathematical questions.

Sample questions for each category are provided in Appendix |Bl A deep understanding
of turbulence, incompressible, and compressible flow is required to answer these
questions. Our framework employs ChatGPT 3.5, ChatGPT 4.0, and ChatGPT 4.0
with the Wolfram plugin. Two prompts were utilized for analytical and mathematical
questions: I/O and CoT. As mentioned before, the ToT prompt suggested by

Hulbert did not give correct responses for a lot of analytical and mathematical
questions, and there is a need for a better way to write the ToT prompt; we used the
ToT prompt only for conceptual questions. The following protocols were maintained
while asking questions to the ChatGPT:

e For I/0, we asked the questions directly to ChatGPT. For CoT, we asked
questions in the following way: “Question. Think carefully and logically,
explaining your answer.”

e Our evaluation criteria only considered whether the response was right or wrong.
Any partially correct response was classified as an incorrect response.

e Each question is posted on a separate thread with no chat history or prior
feedback.

Based on our analysis and the data depicted in Figures [12] and we have
determined that ChatGPT 3.5, 4.0, and 4.0 with Wolfram exhibit better performance in

CoT
CoT
CoT

B ChatGPT 3.5
B ChatGPT 4.0
B ChatGPT 4.0+Wolfram

o
/O
o

40 50 60 70 80 90 100

% of correct answers
Fig 12. % of Correct Answers to Mathematical Questions: It is evident that ChatGPT

4.0 with Wolfram offers the most accurate results for answering mathematical questions.

Furthermore, it is seen that the accuracy of CoT > I/O prompts for all GPT models.
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CoT
CoT
CoT

B ChatGPT 3.5
B ChatGPT 4.0
B ChatGPT 4.0+Wolfram

/O
Vo
/o

T T T T

80 85 90 95 100
% of correct answers

Fig 13. % of Correct Answers to Analytical Questions: It is inferred that all ChatGPT
models worked well with analytical questions. In addition, CoT showed 100%
correctness for all the ChatGPT models.

addressing conceptual and analytical questions compared to the mathematical ones.
Both ChatGPT 3.5 and 4.0 adeptly handled all selected conceptual questions and
produced 100% accurate responses. Furthermore, when employing the CoT prompt, all
analytical responses were correct using ChatGPT 3.5, 4.0, and 4.0 with Wolfram.
However, in mathematical inquiries, the highest accuracy achieved was 84%, using CoT
prompt and ChatGPT 4.0 with Wolfram. The primary reasons for GPT’s inability to
effectively address mathematical questions can be classified into two broad categories.

Incorrect mathematical reasoning: The domain of graduate-level fluid mechanics
demands profound comprehension and intricate mathematical reasoning, often
surpassing the capabilities of a language model. Insufficient grasp of scientific principles,
methodologies, and terminology can lead to erroneous responses . ChatGPT
sometimes makes flawed assumptions and employs incorrect mathematical equations,
resulting in inaccurate responses.

Incorrect calculations: There are situations where ChatGPT makes accurate
assumptions and applies correct mathematical equations but falters during the
execution of mathematical operations, resulting in erroneous answers. This type of error
is more frequently observed in ChatGPT 3.5, while leveraging ChatGPT 4.0 with
Wolfram substantially mitigates such errors.

There are a few other types of errors found in the literature. ChatGPT can lack
spatial perception, manifesting as an inability to visualize atoms, molecules, and
forces . Deficiencies in causal and logical reasoning can also lead to incorrect
responses [188190|. Additionally, there can be areas for improvement in spatial and
temporal reasoning, which pertains to comprehending relationships among objects,
individuals, space, and chronological order .

As evidenced in Figures [12| and the CoT prompt outperforms the I/O prompts.
This trend is particularly pronounced in mathematical responses. Furthermore,
incorporating Wolfram plugins with ChatGPT 4.0 substantially reduces
computation-related errors, enhancing the overall accuracy of responses.

Our investigation into ChatGPT’s effectiveness in addressing graduate-level fluid

September 8, 2023

22 42

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668



mechanics questions has unveiled several implications for instructors. When ChatGPT
demonstrates high accuracy rates in analytical and conceptual questions, it emerges as a
reliable supplementary resource, providing students with rapid clarifications beyond
traditional resources. However, given its moderate accuracy in mathematical questions,
it is advisable to cross-reference with primary academic sources to ensure conceptual
correctness. Instructors can harness ChatGPT’s interactive potential regardless of
accuracy by incorporating it into lectures for real-time discussions. Furthermore,
instructors can strategically design assignments to foster critical thinking and
problem-solving skills, avoiding direct reliance on ChatGPT for solutions. This
approach maintains academic integrity and encourages independent learning. While
ChatGPT can augment educational experiences, instructors should position it as a
supplement rather than a replacement for conventional teaching methodologies.

5.3 Considerations for Responsible LLM and Chatbot
Integration in Education

The outputs generated by chatbots are not static but can evolve and change over time
for several reasons. First, chatbots employ stochastic language models, so their
responses contain an element of randomness and will naturally vary (refer to Appendix
for a comprehensive explanation of the stochastic nature of LLMs and chatbots).
Additionally, the underlying large language models powering chatbots are often updated
or replaced with more advanced versions, altering the knowledge and conversational
capabilities. For safety and ethical reasons, chatbot creators may also modify the
system to constrain certain types of problematic outputs that previously occurred.
Moreover, different chatbots leverage unique architectures, training datasets, and
plugins, so outputs will understandably differ across chatbot applications and versions.
In our case study, this implies that the results, prompts, strategies, and examples
proposed in section |4] could potentially yield responses that deviate from the
illustrations in Figures |5 to given a different timeframe. We observed a similar
phenomenon when attempting to reproduce the findings presented by Hulbert [185]
(Figure [14| represents the question that we investigated to identify the changes in the
accuracy of ChatGPT 3.5, Figure [15]illustrates the wrong response provided by
ChatGPT 3.5 March 2023 version [185], Figure [16|shows the correct response we
obtained by using ChatGPT 3.5 July 2023 version). All the analyses and results
presented in this study were conducted using the ChatGPT July 2023 version.

Bob is in the living room.

He walks to the kitchen, carrying a cup.

He puts a ball in the cup and carries the cup to the bedroom.
He turns the cup upside down, then walks to the garden.

He puts the cup down in the garden, then walks to the garage.
Where is the ball?

Fig 14. The representative problem used by [185]: The question provided in the
aforementioned study measures the logic and reasoning capability of ChatGPT.

Finally, as illustrated in Figure |1} human feedback is a pivotal facet in enhancing
chatbot learning. Human input aids chatbots in learning from their errors. However,
without effective monitoring and refinement, the reliability of chatbots might
decline [192]. There have been reports indicating a reduction in ChatGPT’s accuracy in
predicting prime numbers and its reliability in generating computer code between
March 2023 and June 2023 |193]. In summary, we cannot expect consistent identical
responses from chatbots, as their outputs are subject to stochasticity, evolving language
models, safety interventions, and distinctive system designs. The nature of chatbot
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1. Bob is in the living room.
- No mention of the ball in the living room.
2. Bob walks to the kitchen, carrying a cup.
- No mention of the ball in the kitchen yet.
3. Bob puts a ball in the cup.
- The ball is now inside the cup.
4. Bob carries the cup to the bedroom.
- The ball is still inside the cup.
5. Bob turns the cup upside down.
- If the ball was inside the cup, it would have fallen out when Bob turned it upside down.
6. Bob walks to the garden.
- Bob left the cup in the garden, but there is no mention of the ball being removed from the cup.
7. Bob puts the cup down in the garden.
- The ball, if it was in the cup, would still be in the cup in the garden.
8. Bob walks to the garage.
- No mention of the ball being taken to the garage.
Based on the given information, we can conclude that the ball is still inside the cup in the garden.

Fig 15. Response from ChatGPT 3.5 using CoT prompt [185]: In their study,
ChatGPT 3.5 generated the wrong answer for the problem illustrated in Figure

4 Default (GPT-35)

E Bob is in the living room
He walks to the kitchen, carrying a cup.
He puts a ball in the cup and carries the cup to the bedroom.
He turns the cup upside down, then walks to the garden.
He puts the cup down in the garden, then walks to the garage.
Where is the ball?
Think carefully and logically, explaining your answer.

The ball is in the bedroom. 00O @

Let's break down the sequence of events step by step:

Bob starts in the living room.

He walks to the kitchen, carrying a cup.
He puts a ball in the cup.

He carries the cup to the bedroom.

He turns the cup upside down.

He walks to the garden.

He puts the cup down in the garden.

® g4 O 0 B W PN

He walks to the garage.

Based on this sequence, we can deduce the location of the ball. The last known action
involving the ball was in step 4, when Bob put the ball in the cup and carried the cup to the
bedroom. Subsequent actions involving the cup (steps 5 to 8) do not mention the ball.
Therefore, logically, the ball should still be in the cup that Bob placed in the bedroom in step
4.

Fig 16. Response from ChatGPT 3.5 using CoT prompt suggested by [185]: Using the
suggested prompt, ChatGPT 3.5 gives the correct response for the problem presented in
Figure which is contrary to the response provided in Figure

outputs is dynamic rather than static over time. 710
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6 Chatbots: Assessment and Recommendations for
Education

When the calculator was invented, everyone was concerned it would take away our
numeracy skills. Nevertheless, it has become an integral part of our day-to-day life.
Currently, we have a similar concern: chatbots would replace conventional teaching and
learning methods. Therefore, it is essential to watch and track the fast improvements of
chatbots and decide on their use in teaching, learning, and assessment in higher
education. Currently, there are opinions from the two extremes- banning the use of
chatbots and Al software or including them in the curriculum. We suggest universities
and instructors go against any policing approach rather than using chatbots as a
powerful supplementary tool to enhance student’s learning process. So, the next big
question is, “What should be the assessment process if the students use chatbots?” A
simple solution to this problem might be to use physical closed-book or online
examinations where students are prohibited from using any chatbots or Al

software [194]. However, such an approach has been criticized long before since it is not
contemporary, and students memorize much unnecessary information to pass the
examination, which they forget shortly after the examinations [195]. Instead of the
closed book examinations, the instructors can take open book examinations and
prohibit using any software, which is very common in grad-level fluid mechanics courses.

Another idea of assessment is to design the assignments that ChatGPTs are not
good at handling. In this context, our study is very beneficial. We found that current
ChatGPT models can accurately answer conceptual and analytical questions. However,
it still struggles to answer mathematical questions in graduate-level fluid mechanics.
Therefore, based on our study, it is suggested that the instructors design their
assignments based on mathematical questions. It is also suggested that the instructors
should set questions using different visuals, images, or charts, which the current models
of ChatGPTs struggle to answer. However, this approach may be a short-term solution
as the ChatGPT models are improving very fast, and future models would be able to
handle more complex mathematical questions of fluid mechanics. Another form of
assessment could be submitting assignments that include personal experiences on fluid
mechanics perspectives. Uploading audio or video files explaining the assignments [195]
or in-person presentations [196] can be another form of assessment.

Overall, our suggestions for the instructors, in terms of teaching, is to go through the
easy concept and analytical parts very quickly and spend more time on the
mathematical and very complicated real-life problems. The students should use
chatbots to improve their writing skills and generate ideas rather than copying and
pasting answers. It is high time the universities realized that the digital form of
education is critical and included Al tools in the curriculum as a supplement, not as a
replacement for conventional teaching and learning. The universities should provide
training on chatbots and Al ethics and update academic integrity policies that include
chatbots and Al tools.

7 Conclusion

This paper set out to explore the transformative potential of Language Learning Models
(LLMs), particularly advanced chatbots like ChatGPT 4.0, in higher education with a
focus on specialized subjects such as fluid mechanics. We initiated our study with a
review of the disruptions in education, defining what LLMs and chatbots are, and
assessing their applicability in teaching graduate-level fluid mechanics.
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Our meticulous evaluation of a question bank tailored for a fluid mechanics course
revealed that ChatGPT’s latest versions show remarkable proficiency in tackling
analytical and conceptual questions. Specifically, ChatGPT 3.5 and 4.0 yielded 100%
accurate responses for all the selected conceptual queries. Moreover, when CoT (Chain
of Thought) prompting strategies were employed, these versions also demonstrated
flawless performance in responding to analytical questions.

However, the performance dropped when it came to mathematical questions, with
the highest accuracy level being 84%—achieved by ChatGPT 4.0 integrated with
Wolfram Alpha. Our analysis suggests that the limitations primarily stem from either
incorrect mathematical reasoning or computational errors. These limitations can be
somewhat mitigated by using plugins like Wolfram Alpha, which significantly improve
the reliability of mathematical answers.

Our research also underscored the importance of effective prompting strategies. CoT
(Chain of Thought) prompting consistently outperformed I/O (Input/Output)
prompting, particularly in the realm of mathematical questions. Beyond prompting, we
discussed the enhancement of chatbot capabilities through plugins like Wolfram Alpha
and Code Interpreter. These plugins not only improve the accuracy but also expand the
range of tasks that can be automated, including code generation and debugging,
statistical analysis, and data visualization.

While the rapid advancements in LLMs hold promise for revolutionizing educational
practices, caution is advised. Custom instructions, although powerful, may sometimes
result in misleading or irrelevant outputs. Instructors and students are urged to
critically assess the generated content rather than accepting it unquestioningly.

Given the accelerating development in the field of LLMs, we anticipate that
upcoming versions will be even more powerful, provided that ethical considerations are
adequately addressed. The widespread use of chatbots by numerous organizations
highlights the urgent requirement for higher education institutions to incorporate these
tools into their academic landscape [197-199]. However, the onus is on educational
institutions to stay updated and adapt these technologies responsibly. Integration of
such tools into academic environments is not merely an option but a necessity for
fostering innovation and nurturing independent, critical thinking among graduate
students.

In summary, our study strongly advocates for the integration of advanced chatbots
like ChatGPT into the educational ecosystem, especially for automating labor-intensive
tasks such as literature reviews, code writing, and conceptual explanations. This will
enable instructors and students to concentrate more on the essence of higher education:
developing innovative solutions to complex global challenges.

A Details of the Stochastic Nature of LLMs

As highlighted earlier, the output generated by chatbots, or more formally, Language
Learning Models (LLMs) like GPT (Generative Pretrained Transformer), is stochastic
in nature. This means that the output is probabilistic and may vary from one instance
to another. While this variability can be an asset in some contexts, such as creative
writing or brainstorming, it raises certain questions when these tools are applied in
educational settings.

Educational tools like calculators or search engines usually provide consistent,
predictable outcomes—a critical requirement for objective learning and assessment.
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Imagine a calculator that gave different answers each time you input the same equation;
it would be unreliable for educational purposes.

Some chatbots, including Claude and ChatGPT, offer features like “Retry” or
“Regenerate” that allow users to request new outputs. instructors should be aware of
this stochastic element and are advised to explore the range of possible responses to
ensure they align with educational objectives.

In this appendix, we delve into the mathematical foundations that underlie these
stochastic behaviors to provide instructors with a deeper understanding of what
chatbots are actually doing when generating responses.

A.1 Markov Chains and Autoregressive Models: The
Underlying Mechanics

To understand why chatbots produce variable outputs, it is helpful to consider the
concept of a Markov Chain. In its simplest form, a Markov Chain is a sequence of
events where the probability of each event occurring depends solely on the state of the
previous event. When applied to language, this means that the likelihood of the next
word appearing in a sentence depends only on the current word.

However, modern chatbots use more advanced versions of this concept, known as
autoregressive models. In these, the probability of the next word appearing depends on
the last p words rather than just the current word. This allows the model to generate
more coherent and contextually relevant text.

A.2 A Bayesian Perspective: Updating Probabilities
On-The-Fly

From a Bayesian point of view, the chatbot constantly updates its ’beliefs’—in this case,
the probabilities of potential next words—based on the new words it encounters. These
updates are mathematically represented by Bayes’ theorem:

P(context|next word) x P(next word)
P(context)

P(next word|context) =

(1)

Here, P(next word|context) is the probability of the next word given the current
context, while P(context|next word) and P(next word) are the likelihood of the context
given the next word and the prior probability of the next word, respectively. The term
P(context) is a normalizing constant that ensures all probabilities sum to one. By
continuously updating these probabilities, the chatbot can produce text that is coherent
and contextually appropriate, albeit with a degree of stochastic variability.

A.3 Connecting Autoregressive Models with Probabilities: The
Predictive Nature of Chatbots

In the realm of language models, autoregressive models predict the next word based on
probabilities tied to the preceding words or context. This is crucial to understand
because it means that the chatbot isn’t just picking words randomly; it is making
educated guesses based on what it has “learned” during its training phase.

For a simple first-order autoregressive model, abbreviated as AR(1), the probability
of the upcoming word, given the current word, can be expressed as:

P(Wipr = w|Wy) = f(Wy;0) (2)
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In this formula, f represents a function parameterized by 6, which gives the probability
of the next word w occurring, given the current word W;.

A.4 Temperature Scaling: Fine-Tuning the Randomness

After calculating these probabilities using an autoregressive model (which you can think
of as our “educated guesses” influenced by the context), we can further refine them with
a technique known as temperature scaling. The formula for this is:

_ P(w;)T
Zj P(wj)%

Here, T is the temperature parameter. A high temperature will make the output more
random: the probabilities raised to the 0-th power are nearly constant. Conversely, a
low temperature will make it more deterministic because the largest probability will be
selected as smaller probabilities are driven to zero. This is particularly useful in
educational settings where you might want to control the level of creativity or
randomness in the chatbot’s responses.

P'(w;) (3)

A.5 Summary: Understanding the Stochastic Nature of
Language Learning Models

In summary, when an autoregressive model generates probabilities for the next word, it
uses a well-defined probabilistic framework. This framework takes into account the
context (previous words) to determine the probabilities of potential next words. Various
methods like Markov Chains, Bayesian updating, or neural networks trained in an
autoregressive manner are employed to derive these probabilities. Once the raw
probabilities are obtained, they can be fine-tuned using temperature scaling to control
the level of randomness in the model’s output.

B Fluid Mechanics Question Banks Used in this
Study

The following appendix provides representative examples from the test bank of fluid
mechanics questions utilized in assessing chatbot performance. The test bank contains
questions spanning the breadth of fluid mechanics, categorized as conceptual, analytical,
or mathematical problems.

Conceptual questions test qualitative understanding of fluid behavior and
phenomena without requiring calculations. Analytical questions involve setting up and
solving equations describing fluid systems using principles of fluid mechanics.
Mathematical questions pose quantitative scenarios that must be solved through the
application of fluid equations and math operations.

To offer insight into the nature and difficulty of problems within each category, we
have included five sample questions from the test bank for each type - conceptual,
analytical, and mathematical. Though limited in number, these examples aim to
illustrate the progression in complexity and needed fluency with fluid mechanics theory,
approximations, and calculations required in analyzing situations across the question
bank. Readers are encouraged to review these samples to gain an appreciation of the
rigorous assessment undertaken through this compiled set of fluid mechanics problems.
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B.1

Class I- Conceptual Problems

What are the characteristics of subsonic, transonic, and supersonic flow regimes,
and how are they analyzed?

Consider the vector w = n x (v X n), where v is arbitrary and n is a unit vector.
In which direction does w point, and what is its magnitude?

Discuss the principles and applications of the lattice Boltzmann method in
simulating fluid flows.

How does the Boussinesq approximation extend the Navier-Stokes equation to
include buoyancy effects?

If the entropy S is considered as the dependent variable in the fundamental
differential equation, what are the proper definitions for T, P, and u?

Class II- Analytical Problems

Prove that the product S;;7}; is zero if S;; is symmetric and T}; is anti-symmetric.

For 2D flow, prove that the vortex stretching in the vorticity equation is zero.
Write the vorticity equation and the physical meaning of each term.
Prove that potential flows are irrotational and irrotational flows are potential.

Show that the dissipation term in the energy equation is positive.

Class III- Mathematical Problems

Consider the flow through a convergent-divergent duct with an exit-to-throat area
ratio of 2. The reservoir pressure is 1 atm, and the exit pressure is 0.95 atm.
Calculate the Mach numbers at the exit.

A supersonic wind tunnel is designed to produce Mach 2.5 flow in the test section
with standard sea level conditions. Calculate the exit area ratio and reservoir
conditions necessary to achieve these design conditions.

A very long tube 3 cm in diameter carries water at an average velocity of 5 m/s.

A short nozzle attached to the end accelerates the flow with a 5:1 area reduction.

Find the force between the pipe and the nozzle when the exit pressure (P) is
atmospheric (100 kPa), and the pipe pressure (P;) is 325 kPa.

A normal shock wave is standing in the test section of a supersonic wind tunnel.
Upstream of the wave, Mach number M; = 3, pressure P;= 0.5 atm, and
temperature 77 = 200 K. Find M, P, and T, downstream of the wave.

Consider the isentropic subsonic-supersonic flow through a convergent-divergent
nozzle. The reservoir pressure and temperature are 10 atm and 300 K,
respectively. There are two locations in the nozzle where A/(A*) = 6:1, one in the
convergent section and the other in the divergent section. Assume the values for
subsonic section: M = 0.097, Py/P = 1.006, To/T = 1.002; while for the
supersonic section M = 3.368, Py/P = 63.13, To/T = 3.269. At each location,
calculate M, P, T, and u.
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