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Teaching Maxwell Equations with LLM Assistance

Abstract. Large Language Models (LLMs) have been gaining tremendous popularity since early 2023 with the release of the GPT-4 system. The
new artificial intelligence methods have succeeded in many fields of activity, including education. This article analyses the applicability of LLMs in
supporting the teaching of the "Electromagnetic Fields" course in Electrical Engineering studies. Examples of use in various teaching activities are
presented. Experiments conducted using four commercial platforms have shown that the responses generated by the GPT-4 model are clearly of the
highest quality. The advantages but also risks associated with the use of the proposed methods were discussed.

Streszczenie. Duże modele językowe (ang. LLM) zyskują ogromną popularność od początku 2023 roku wraz z wydaniem systemu GPT-4. Nowe
metody sztucznej inteligencji odniosły sukces w wielu dziedzinach, w tym w edukacji. W niniejszym artykule przeanalizowano możliwość zastosowania
LLM we wspieraniu nauczania przedmiotu "Podstawy elektromagnetyzmu" na studiach na kierunku Elektrotechnika. Eksperymenty przeprowadzone
z wykorzystaniem czterech platform komercyjnych pokazały, że odpowiedzi generowane przez model GPT-4 są zdecydowanie najwyższej jakości.
Omówiono zalety, ale i zagrożenia związane z wykorzystaniem proponowanych metod. (Uczenie równań Maxwella przy wykorzystaniu asystenta
LLM)
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Introduction
Electromagnetism, a fundamental pillar of physics and

electrical engineering, is often perceived as one of the more
challenging subjects for students to grasp [1]. The abstract
nature of the concepts, coupled with the mathematical com-
plexity, can pose significant hurdles in the learning process.
Traditionally, teaching assistants have played a crucial role in
bridging this gap, providing personalized guidance and facili-
tating a deeper understanding of the subject matter [2].

In recent years, the landscape of education has been
transformed by the increasing role of artificial intelligence (AI)
methods in teaching [3]. AI-powered tools, such as intelli-
gent tutoring systems and adaptive learning platforms, have
shown promise in enhancing student learning outcomes and
personalizing education [4]. These advancements have been
further propelled by the breakthrough associated with the
surge in popularity of Large Language Models (LLMs) like
GPT-3 and GPT-4, which have demonstrated remarkable ca-
pabilities in generating human-like text [5].

This paper focuses on the application of AI, particularly
LLMs, in teaching the course "Electromagnetic Fields" in un-
dergraduate electrical engineering studies. The analyses
carried out relate to a topic that is being actively developed.
Given the rapid pace of advancements in this field, signifi-
cant scientific publications are emerging weekly. The status
of the field, as described in this paper, is accurate as of the
end of June 2023. The aim of the author of this paper is to
contribute to the discussion [6] on the opportunities, but also
the risks, associated with the use of artificial intelligence in
the academic educational process.

Course - Electromagnetic Fields
The course "Electromagnetic fields" is one of the core

subjects of the electrical engineering degree programme
at Warsaw University of Technology. It consists of three
complementary parts: Lecture (30h), where the theory
of Maxwell Equations is presented; Tutorials(15h), where
problem-solving skills are practised; and Laboratory (15h),
where real experiments are being carried out. The learning
outcomes are verified as follows: quizzes during exercises
account for 20% of the total grade, reports from experiments
contribute another 20%, and the final examination constitutes
the remaining 60%.

The academic lecturer who is leading the course is sup-
ported by Teaching Assistants (TA). They often serve as stu-

dents’ primary point of contact, providing personalized guid-
ance and clarification on course content. TAs are also re-
sponsible for conducting tutorial sessions and laboratory ex-
ercises. These sessions allow students to apply theoretical
knowledge in a practical context, reinforcing their understand-
ing of the subject. Finally, TAs play a crucial role in the as-
sessment of students. They are typically responsible for grad-
ing assignments, quizzes, and laboratory reports.

Students often encounter several key difficulties when
studying electromagnetism. The abstract nature of electro-
magnetic concepts can be challenging to visualize and com-
prehend. The mathematical complexity of solving Maxwell’s
equations can be daunting, particularly for those who strug-
gle with advanced calculus. Lastly, applying these theoreti-
cal concepts to real-world problems often poses a significant
hurdle, as students may find it difficult to translate their theo-
retical knowledge into practical solutions. On the other hand,
this area of knowledge has been stable for more than 100
years and is widely described in the literature. This provides
a great deal of support for general language models.

As will be discussed, LLM tools can provide personalized
learning experiences, identify gaps in students’ understand-
ing, and tailor their teaching strategies accordingly. More-
over, AI-TA can automate administrative tasks, thereby al-
lowing real teachers to focus more on pedagogical human-
to-human activities.

Prompts for LLM
The results received by the models highly depend on the

prompt. Writing an effective prompt for large language mod-
els like GPT-4 is both an art and a science. A well-crafted
prompt can guide the model to generate highly relevant re-
sponses. The practice teaches the following principles:

• Precision - The more specific and detailed the prompt,
the more likely the model will produce a response that
aligns with the desired outcome.

• Provide context - Including relevant background infor-
mation in the prompt can help the model generate a
more contextually appropriate response.

• Request format - Mention in the prompt what formatting
you are expecting and how long the answer should be.

• Iterative refinement - experiment with your prompts;
even small changes could give much improvement.

Current transformer-based language models are based
on large-scale processing (like GPT-4 has approx. 1.8 tril-
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lion parameters across 120 layers of artificial neural network).
They can generate remarkably coherent and contextually rel-
evant text over extended passages. This massive scale al-
lows the model to exhibit a deep understanding of a wide
array of topics, making it a powerful tool for various applica-
tions, including but not limited to content creation, program-
ming help, and even teaching assistance. However, these
skills and knowledge are generic in time and space. There-
fore, effective use of this tool requires that information about
the context of a given query is communicated to the model.
The lack of context is due to the fact that current language
models lack memory but also because they have not been
trained on restricted materials.

Prompt: Act like a university teacher on the "Electromagnetic
fields" course in electrical engineering undergraduate studies.

Output: (...)

Prompt Engineering
Prompt engineering refers to the practice of crafting ef-

fective prompts to guide the responses of large language
models. It is crucial, as the input prompt heavily influences
the output quality.

It has been shown that effective prompt engineering al-
lows to significant increase the quality of teaching experience
for computer science students [7]. The study reveals that en-
gineered prompts containing explicit algorithmic hints effec-
tively aid students in solving programming problems, foster-
ing deeper understanding and translating abstract concepts
into concrete computational steps.

The paper [8] discusses the use of deep neural networks
and prompt engineering for automatic essay scoring. The
authors found that engineering the prompts to contain explicit
algorithmic hints was effective across almost all categories of
problems.

Some key techniques of prompt engineering:
• Zero-shot: This technique involves training a model on

a task without providing any examples of that task during
training. The model is expected to generalize its learn-
ing from other tasks to perform the new task.

• Few-shot: The model provides a few examples of the
task during training in this approach. The model uses
these examples to understand the task and generate re-
sponses.

• Chain-of-thought: This technique provides a series of
prompts that guide the model through a specific line
of reasoning or a sequence of steps. This can be
particularly useful for complex tasks requiring multiple
steps [9].

• Three-of-thoughts: This technique is a variation
of chain-of-thought prompting, where the model is
guided through a three-step process to generate a re-
sponse [10].
OpenAI released a set of GPT best practices1 such as,

splitting complex tasks into simpler subtasks, or giving model
time to "think". The suggested methods are astonishingly
similar to the advice that any person experienced in solving
difficult problems would give.

Extending Knowledge of Model
The prompt-engineering techniques described above

are based on the fact that all the chat content is passed to

1https://platform.openai.com/docs/guides/gpt-best-practices/

the model in a single query. However, every LLM system has
limitations on the query size (currently up to 32k words). This
blocks the possibility of entering large contexts, such as aca-
demic textbooks, directly in the query. However, there are
two main techniques to manage this issue: fine-tuning and
Retrieval-Augmented Generation.

The fine-tuning process [11] starts with a pre-trained
model that has been trained on a large corpus of text, such
as the entirety of Wikipedia or a large subset of the internet.
This phase allows the model to learn various language pat-
terns, structures, and semantics. The pre-trained model is
then trained further on a smaller, task-specific dataset. This
dataset is typically composed of examples that are directly
relevant to the task the model will be performing. For exam-
ple, if the task is to generate responses to student questions
in an electromagnetism course, the fine-tuning dataset might
consist of pairs of student questions and expert responses
from previous years. This leads to significantly improved per-
formance on the task, as the model is better able to generate
responses that are contextually appropriate and relevant [12].

The second approach is the Retrieval-Augmented Gen-
eration (RAG) [13], where segments of knowledge source
are used to extend the model’s knowledge beyond its training
data. For example, by performing operations on the embed-
dings, the model can infer relationships between words that
were not explicitly present in the training data [14]. Using a
measure of embeddings, the system can efficiently find the
relevant fragment in a large set of source data and then use
it to build the correct context given in the prompt.

It should also be noted that the fine-tuning process is
much more computationally complex than using embeddings.
This carries a higher financial cost associated with this tech-
nique. In addition, RAG reduces data privacy risks, as the
embeddings vector can be computed on the client side.

Possible applications
The LLM technology has a high potential to support

teaching. Several examples inspired by the ’Electromagnetic
Fields’ course will be discussed and demonstrated. How-
ever, they could be easily transferred to any other university
course.

The experiments presented in this paper were performed
using commercial systems from OpenAI, Google and Mi-
crosoft. However, it is important to recognise the rapid de-
velopment of publicly open models such as LLaMA [15] and
its derivatives. They are expected to reach comparable qual-
ity in the coming months while simultaneously providing the
possibility to control the data fully. Recent studies sug-
gest that even small-size models could achieve good perfor-
mance [16].

A1) Organisational information - The LLM has the ability to
answer questions asked in natural language and relating to
the content of specific documents. In the case of a university
course, these are the course regulations, which describe all
organisational rules, resource materials and rules for knowl-
edge verification and final assessment. It is, therefore, suf-
ficient to communicate the course regulations in the context
of a conversation, and our virtual assistant will know how to
answer questions. It is advisable to introduce a restriction
for questions that do not have an answer in the regulations.
For example: If the document does not contain the informa-
tion needed to answer this question, write: "There is nothing
about this in the course rules. Ask the lecturer."
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Clearly written course rules mean these tasks are nor-
mally completed without error. Sample question:

Prompt: How many points do I need from tutorials to pass
the course?

Output: To pass the course, you need to accumulate a mini-
mum of 151 points in total from all course components, includ-
ing lectures, tutorials, and labs.
(...)
So, while it’s important to aim for a high score in your tutorials,
you should also focus on the lectures and labs to ensure you
accumulate enough points to pass the course.

A2) Short quizzes
Short quizzes during the lecture are breakers that allow

students to check their understanding of the content being
taught. Their results also serve as a suggestion to the lec-
turer as to which element needs to be covered more thor-
oughly.

The tested AI assistant worked excellently when creating
short and simple screening questions. Sample below:

Prompt: Prepare a quiz with three multiple-choice questions
for lecture "Electromagnetic induction".

Output: 1. What is Faraday’s Law of Induction primarily con-
cerned with?
a) The creation of a magnetic field by an electric current
b) The creation of an electric field by a changing magnetic field
c) The creation of a magnetic field by a static electric field
(...)

A3) Individual explanation
While studying, students can lose their train of thought

and have surprisingly simple questions. Asking them to the
AI Assistant does not raise reputational concerns.

The implementation of such tasks should be evaluated
as excellent. The ability to repeatedly explain the same issue
seems particularly valuable. Two examples are given below.

Prompt: What is D?

Output: In the context of electromagnetism, �D is known as the
electric displacement field or simply the electric displacement.
It’s a vector field that is related to the electric field �E and the
polarization density �P of a medium.
The relationship between �D, �E, and �P is given by the equa-
tion:

�D = ε0 �E + �P

(...)

Prompt: What is dA in Gauss Law?

Output: In Gauss’s Law, the term d �A represents a differen-
tial area element on the Gaussian surface. This is a small,
infinitesimally tiny piece of the surface over which we are inte-
grating. The "d" signifies a differential or small element, and
"A" stands for area.
The vector notation �A indicates that this area element has a di-
rection associated with it. By convention, for a closed surface,
this direction is taken to be the outward normal to the surface
at that point.
(...)

A4) Individual tasks
The model can consider the history of questions from

the students and the explanations they have received. It is

capable, therefore, of preparing individual questions to check
the student’s progress.

This is a fairly straightforward task for the LLM, where
the main challenge seems to be the consistent storage of
information about the student’s state of knowledge between
multiple learning sessions.

Prompt: Students asked you a question: "What is dA in
Gauss Law?" You answered with a detailed explanation of the
theory and practice of area integration. What question would
you ask to check student understanding of this topic?

Output: Consider a point charge Q located at the centre of
a spherical Gaussian surface of radius r. The electric field
�E due to the point charge is directed radially outward and its
magnitude is given by �E = ke

Q
r2

, where ke is Coulomb’s con-
stant.
Using Gauss’s Law, can you calculate the total electric flux
through the spherical surface?

A5) Exam problems
The model’s linguistic prowess and broad knowledge al-

low it to prepare any number of problems testing students’
skills. It thus becomes possible to easily generate unique
question sets of reproducible quality and a controlled level of
difficulty.

The experiments carried out have shown that the model
can prepare sets of tasks of varying difficulty. The problem re-
mains the appropriate calibration of questions between sub-
jects and the proper valuation of their difficulty. In this case,
detailed control by the human lecturer is recommended.

Prompt: Formulate two problems to check student skills on
the topic "Forces in a magnetic field". The first should be sim-
ple (5 points), and the second difficult (10 points).

Output: Problem 1 (3 points):
A proton is moving with a speed of 3 × 106 m/s in a uniform
magnetic field of 0.2 T. The angle between the velocity of the
proton and the magnetic field is 90 degrees.
Calculate the force experienced by the proton due to the mag-
netic field.
Note: The charge of a proton is 1.6× 10−19 C.
Problem 2 (6 points):
A rectangular loop of wire with dimensions 0.1 m by 0.2 m car-
ries a current of 55 A. The loop is placed in a uniform magnetic
field of 0.5 T such that the plane of the loop makes an angle of
30 degrees with the magnetic field.
- Calculate the magnetic force on each side of the loop.
- Determine the net magnetic force on the loop.
- What is the torque acting on the loop due to the magnetic
field?

A6) Checking solutions
Assessing tests and answering simple questions are not

a problem for the language model. Therefore, it has been
decided to test its performance in a more difficult task, which
consisted of a problem that required combining knowledge
from different branches of electromagnetism and checking
open-text written answers that contained several mistakes.

This time, the answers provided by LLM are of a decid-
edly lower quality. Many repetitions of the experiment were
performed to observe the variability. The model had difficulty
spotting errors, even errors as obvious as the ’dot product’
mistake. Consequently, the scoring of student responses
ranged from 4 to 8 points. Such a large discrepancy is defi-
nitely not acceptable when assessing real student work. One
example below:
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Prompt: Students were asked a question: Calculate value
of the Poyinting vector inside the planar capacitor, which has
capacitance C, connected to the constant voltage source U.
Then student answered: Poyting vector is a measure of energy
flow defined as a dot product between electric and magnetic
field. S = E H. In capacitor electric field can be calculate as
E=U/C. Capacitors are not conducting, so there is no current
and also no magnetic field, H = 0. Since H is zero, so Poyting
vector is also zero.
Check above answer, and grade it in the scale 0-10 points.

Output: ((various quality answers scored from 4 to 8))

The high variability of answers is probably due to the too
vague definition of the problem for the LLM. Detailed guide-
lines for evaluating answers should help considerably.

Experiments with commercial models
For each of the TA activities described above, three tasks

were prepared to test the quality of the model’s output. To-
gether with the full context, these were then submitted to
commercial platforms based on LLM models: OpenAI GPT-4,
OpenAI GPT-3.5, Microsoft Bing, Google Bard. Experiments
were conducted in June, July and August 2023.

GPT4 GPT3.5 Bing Bard

A1) Info 5,5,5 3,3,4 2,2,2 2,1,2
A2) Quiz 4,5,4 5,4,4 2,2,3 2,3,1
A3) Expl. 5,5,5 5,5,4 2,4,3 2,4,1
A4) Tasks 5,5,5 3,3,2 3,3,2 4,1,1
A5) Exams 5,4,5 5,5,4 3,2,4 2,2,4
A6) Checking 4,3,5 3,3,4 2,1,2 2,3,3

Table 1. Evaluation results for LLM assistant for different groups of
tasks (scale from 1 - very bad; to 5 - excellent)

Results of the assessment are presented in Table 1. It
should be stressed that the output of LLM is not determinis-
tic, and the systems are constantly evolving, so repeating the
experiment never produces an identical result. For this rea-
son, the evaluation of the generated response text is rather
qualitative. The assessment was done by the author of this
article using a typical student rating scale (1-5).

Conclusions
Experiments have shown that creating a virtual aca-

demic assistant for the Electromagnetic Fields course is an
entirely achievable goal. Most of the tasks do not present
difficulties for the most advanced platforms like GPT-4. How-
ever, unconditional trust would be a mistake. Even if a model
would have perfect knowledge and skills, mistakes due to
misunderstanding will always remain. Therefore, supervision
and verification of the work are necessary, just as it is for
humans acting as assistants. By building the context, using
prompt engineering techniques and adding external exper-
tise, the quality of the model can be significantly improved.

The main challenge now seems to be creating an inter-
face that allows voice and drawing communication with the
model. This is not an easy task, but the vision of a virtu-
ally unlimited number of assistants always ready to support
students individually can raise academic teaching to a whole
new level.

However, it must be remembered that an academic ca-
reer is based on the gradual acquisition of teaching experi-
ence while carrying out one’s research. Therefore, eliminat-
ing teaching human assistants introduces the risk of losing
continuity in forming university staff. Unless we introduce AI
students, who would constitute a virtual teaching-learning en-

vironment for human assistants.
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