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Dealing with Messiness in Introductory Physics Teaching:
A Field of Application of Large Language Models

Gerd Kortemeyer, Rectorate and Al Center, ETH Ziirich

1. Introduction

Artificial Intelligence (Al) has arguably been around since
1956 [1], and chatbots have been around since 1965; some
of us, the author included, may have even programmed ver-
sions of ELIZA [2] on their original IBM PCs (the one with
the click-clack keyboard) or their Apple lIs. Other systems
followed, some of them equally deterministic (essentially a
collection of if-statements), some of them more probabilis-
tic, relying on statistical methods to make predictions and
decisions. The latter incorporate uncertainty and random-
ness, and they are oftentimes better suited to dealing with
complex, real-world scenarios where data is incomplete,
noisy and messy; Large Language Models (LLMs) like GPT
fall into this category [3].

As physicists, we are generally far from computer-phobic,
and we incorporate a wide spectrum of computing into all
aspects of our work, except for two concepts we may have
been somewhat snobbishly avoiding: SQL-databases (“too
bookkeepish”) and Al (“too messy”). Al in general, and even
Machine Learning (ML) in particular, may have been dis-
missed as only useful if one has no clue what is really go-
ing on. With the notable exceptions of having to deal with
the vast amounts of data produced by for example particle
physics or astronomy, by its very nature, ML is mostly phe-
nomenological and thus dangerously close to messy fields
like biology (because life is so messy). Physics, being highly
theoretical and mathematical, has its own methods of un-
derstanding the universe that might not always align with
Al's data-driven approach. And in any case, when it gets too
messy, it is time to resort to the spherical cow [4].
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The term "dm" in the context of the wave on a rope example represents a small mass
element of the rope. When waves propagate in a medium like a rope, the energy of the
wave is distributed among small pieces or elements of that medium.
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In the given example, they're considering a small segment of the rope with mass "dm".
This segment is small enough that it can be treated as a point mass for the purpose of
calculations, but large enough that it contains a very large number of atoms so

1.2.9 EnergIEdIChte macroscopic quantities like mass can still be defined.
Wir wollen uns nun der Energiedichte dWW/dV von
men. Diese setzt sich aus der kinetischen Energiedi
Energiedichte dE,;/dV zusammen, welche die poten
der einzelnen Massenelemente des Mediums untereinax

dT = %v’dm,

where v = J—M;"

Mit den Ergebnissen aus dem vorherigen Abschnitt kg  the rope at position z and time t.

The kinetic energy of this mass element "dm" is given by the equation

is the speed of the mass element, and £(z, t) is the displacement of

So, why would we suddenly want to deal with messy Al
when it comes to education? | would like to propose the fol-
lowing argumentation chain: the active pursuit of learning is
maybe one of the most human activities; humans are messy
(and neither spherical nor bovine); thus, when it comes to
deploying educational technology in pursuit of helping hu-
mans learn, it needs to be the messy kind of technology —
like LLMs. In the following, this idea of essential messiness,
and of the potential role of Al related to it, is discussed for
four aspects of undergraduate physics teaching: language,
problem solving, programming, and cheating.

2. Chatbots and Messy Language

Physics uses very precise language, and communicating
physics relies on adhering to definitions and terminology;
different from everyday language, words like momentum,
energy, and power are not synonymous. We also use ar-
cane expressions like “fall off quadratically” or “to first or-
der;” it is a learning goal of introductory physics to teach this
language, but students will not be there yet [5,6]; while still
exploring, students need to be able to speak like the novices
that they are [7]. In a survey at ETH Zurich, many students
stated that they use LLMs to get an entry into a new field if
they do not even know how to ask the right questions [8];
they appreciated that they do not need to be embarrassed
to ask ChatGPT “dumb questions.” LLMs can deal with the
messiness.

Students are aware that all LLMs hallucinate and are gener-
ally willing to put up with that; however, they also complain
that a two-class society is developing between students who
can afford the subscription-based versions and the much
less powerful openly available models. They thus called for
ETH to provide a
more reliable model
for its courses, which
would be available
for everybody [8].
Consequently, ETH
started an experi-
ment called Ethel,
which would offer

Explain that example about waves on a rope; | don't get what that "dm" is about.

dichte einer transversalen Seilwelle &(x,t) herleiten.
Aus dem Physik I Kurs ist bekannt, das die kinetische:
der Welle gegeben ist durch
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The kinetic energy density (kinetic energy per unit volume) is then obtained by dividing
this kinetic energy by the volume of the mass element, which is dV. With p = {ﬁ,‘" as the
mass density of the rope, the kinetic energy density becomes

dr _1 (o)
a2\ )

| hope this clarifies the role of "dm" in the energy calculations for a wave on a rope. Let
me know if you have any further questions!

The "v" in your answer seems different from the "v" we got out of the partial differential

equation for eta(x,t) - is that the velocity of the wave?

Yes, the "v" in the context of the equation for £(z, t) is indeed the velocity of the wave,
more specifically, the phase velocity. This is the speed at which a particular phase of the
wave (for instance, the crest) propagates in space. It can be represented by the equation
v = £, where w is the angular frequency of the wave and k is the wave number.

In the kinetic energy equation, v represents the speed of the small mass element "dm" of
the rope, which is a function of time and position on the rope and is related to the
displacement of the rope.

These two "v"s, while represented by the same letter, refer to different concepts. The
context should make it clear which one is referred to.

Retrieval Augmented Generation in action: the right window shows a dialogue with Ethel, which is based on the
information in the lecture script on the left.

custom-chatbots for
courses based on
actual course mate-
rials: scripts, exer-
cises, slides, lecture
recordings, etc. The
bots use a method
called Retrieval Aug-
mented Generation
(RAG) [9], where
reliable documents
are made available
as reference while
LLMs deal with the



conversational aspects (and bridge language-differences,
as they can deal with a wide spectrum of spoken languag-
es).

The figure shows a dialogue with Ethel. The lecture script
has over 300 pages and is written in German; in addition,
LaTeX is understood and spoken by the bot. RAG allows
learners to ask specific questions about the lecture materi-
als in multiple languages, and it does not require exact ter-
minology or search phrases (i.e. allows for “messiness”); as
everything is in course context, students can simply refer
to “that example about waves on a rope” and resolve con-
fusion about terms or symbols in the script (e.g., “the ‘v’ we
got out of the partial differential equation for eta(x,t),” where
“eta” is not even the correct Greek character). The LLM acts
as a conversational and reasoning agent to deal with the
messiness, while the knowledge comes from the materials,
leading to less hallucinations.

The setup uses on-campus servers in connection with GPT-
4 running on Swiss datacenters under the same licensing
terms used for other cloud services dealing with confidential
data [10]. This setup allows for faster dialogues than GPTs
[11], and it has no hard limit on how much reference data is
used. We received very encouraging feedback to this sim-
ple approach from both students and faculty, and we plan
on further developing it, e.g., course materials getting au-
tomatically “digested” (embedded) as soon as faculty adds
them. Future versions might use a fine-tuned, open-weight,
and potentially on-premises models like Llama, Mistral, or
Gemma instead of a commercial backend. ETH Zurich and
EPF Lausanne are currently collecting “donations” of course
materials from faculty for tuning; it is an experiment, and it
remains to be seen if this works.

3. Problem-Solving and Messy Derivations

While most of us physicist likely enjoyed physics lectures
and appreciated the inspiration, fun, role-modeling, and val-
uable perspectives gained (which we aim to pass on to our
students), we would probably also admit that we learned
more physics facts and methods from solving problems —on
paper and in the lab. The process of deriving and arriving at
a solution, including all the detours and errors, is what in the
end helped us master the concepts; the journey is the goal.
Educational technology can help provide more opportuni-
ties for learning by assessment, also known as formative
assessment; unfortunately, many of these technologies only
focus on the final answer (“42 Newton”) instead of the way
how to get there, which for a learner is the most important
part. The reason: “42 Newton” is nice and clean, and one
can check this final result deterministically, but the non-line-
ar journey towards it might be a mess.

While the mathematical capabilities of LLMs still leave a
lot to be desired (for example, do not count on them being
able to count), the text corpus used for the training of the
most popular ones is extensive enough in the foundational
sciences to derive the solutions of about 80 % of introduc-
tory physics problems, including freshly authored ones that
are guaranteed not to be part of the training [12,13]. Rather
than seeing the challenge of students cheating on home-
work, we should see the opportunity of providing immedi-
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ate, individualized feedback or even assisting in grading
student-provided derivations.

In a feasibility study, we tested Al-grading of a synthetic da-
taset of homework solutions, looking at the complete answer
derivation, and found an R? of 0.84 between Al-grades and
instructor grades on a grading rubric considering correct-
ness of argument, straightforwardness, symbolic correct-
ness, and numerical correctness of the solution path [13].
While not good enough for high-stakes summative exams,
the result encouraged us to provide automated feedback
on handwritten formative assessment (“exercise sheets”)
in an introductory physics course. As students are handing
in their work as scanned PDFs anyway for teaching-assis-
tant feedback, we used MathPix [14] to transcribe them into
machine-readable format and GPT-4 for Al-feedback on the
solution, based on the problem and the instructor-provid-
ed sample solution. The feedback was not always correct
(which students are aware of [8]), and we had to work on the
“character” of this virtual teaching assistant by refining the
prompts, but in the end, we received nothing but encourag-
ing evaluations from the students.

Currently we are working with a high-stakes thermodynam-
ics exam, where we aim to put the complete workflow to the
test: scanning of exam sheets, transcription with MathPix
and GPT-4V, and rubric grading. This data set of 252 exams
with four multi-part problems with a detailed step-by-step
grading rubric is hopefully going to give us a better under-
standing of uncertainty and confidence levels.

A major caveat: as with so many of the popular cloud ser-
vices, there are legal challenges for their production usage.
While GPT-4 and GPT-4V are covered by existing agree-
ments of ETH Zurich, we would still need to attend to the
contractual details with MathPix, should we decide to use
this service outside the research protocol and without in-
formed consent by the learners.

4. Messiness and Programming

Over the recent decades, Computational Physics have found
an entry into introductory physics courses [15]. While visual-
izing and “playing with” physics using simulations and com-
puterized data collection is widely acknowledged as benefi-
cial [16], a common concern of educators is that struggling
with the syntax of for example VPython could easily distract
from the physics; the author regularly used VPython in his
courses and can attest to the potential of a parenthesis be-
ing in the wrong place to take up a disproportionate amount
of instructional time. LLMs can deal with messy instructions,
assist in debugging, and produce syntactically correct code.
At the same time, the LLM might make some of the very
same physics errors that students do (like, “forgetting” to
norm a unit vector [12]); thus, LLMs can overcome hurdles
imposed by syntax (which are arguably not part of the learn-
ing objectives of an introductory physics course) in favor of
concentrating on and debugging the physics.

5. The Messiness of Cheating

With LLMs performing at the level of a B-student in introduc-
tory physics, a large concern is cheating; will students still
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do the exercises themselves, or will they have GPT gener-
ate their answers, as it is frequently bemoaned in the hu-
manities with its take-home essays?

According to the student survey at ETH Zurich, students
make extensive use of Al-tools for a variety of tasks, many
of them language-oriented, such as grammar checks,
translations, summaries, and feedback on writing. It is also
frequently used for first drafts of computer programs, de-
bugging, and explaining code. For other tasks in the STEM
disciplines, GPT was deemed too unreliable, and in any
case, students remarked that they were worried about not
learning the materials [8]. In this context, it is important to
note that course grades and study progress are mostly de-
termined by high-stakes exams, which take place under con-
trolled conditions on-campus, often with just paper-and-pen-
cil and a non-programmable calculator. It is thus not worth it
to cheat on homework exercises during the semester.

The situation is different in university systems where grades
are determined by a variety of small assignments over the
course of the semester. Here, cheating is and likely always
was rampant, using commercial non-Al sites like Chegg
[17] or simply copying from peers. There is evidence that
as of the end of 2023, student behavior in physics has hard-
ly changed with the availability of Al-tools, and traditional
means are still strongly preferred [18].

On the other hand, tools like Chegg have a delay till solutions
become available, which to a certain extend makes them
“exam safe” if the problems had not previously been pub-
lished. While having remote exams in physics might have
been irresponsible before, this practice, which established
itself during COVID-19, is certainly irresponsible now [18];
short of total surveillance via cameras and microphones, no
number of other lockdown tools will help protect the honest
students (which are in the majority).

The findings on cheating are distressing, since there is sub-
stantial evidence that repeated exposure to and interaction
with the materials, including frequent in-semester assess-
ment, rather than cramming during exam preparation, yields
better learning outcomes [19-21]. LLM feedback from highly
scalable and quick handwritten in-class quizzes might be
key to resolving this dilemma; besides, personalized feed-
back from these systems might be attractive enough to
make cheating appear undesirable and unprofitable.

6. Conclusion

As physicists, we may have been spared from having to
fundamentally rethink our curricula because LLMs are so
bad in math. This flaw is intrinsic, since these systems are
calculators for words, not numbers. However, LLMs can be
trained to use helper applications; GPT-4 already makes
extensive use of Python and R to figure out the math that it
cannot do itself (when “analyzing” shows up in a dialogue,
tools like sympy are being invoked and arrive at the cor-
rect solution, which then gets embedded into the response).
Sooner or later, we will be in the same shoes as Computer
Science and the humanities, and we have to rethink where

we are going with introductory physics courses. In that re-
spect, LLMs are like pocket calculators: students used to
spend huge amounts of instructional time learning how to
do things like square roots on paper — nobody does that
anymore except for numbers like 49 or 121 and their imme-
diate vicinity, since we already carry what used to be super-
computers in our pockets or on our wrists. Our introductory
physics curricula, essentially unchanged since the modern
physics revolution, just got a little messier.
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