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Reasoning models are the new generation of Large Language Models (LLMs) capable of complex problem
solving. Their reliability in solving introductory physics problems was tested by evaluating a sample of n = 5
solutions generated by one such model—OpenAI’s 0 3—mini—per each problem from 20 chapters of a standard
undergraduate textbook. In total, N = 408 problems were given to the model and N x n = 2,040 generated
solutions examined. The model successfully solved 94% of the problems posed, excelling at the beginning
topics in mechanics but struggling with the later ones such as waves and thermodynamics.
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I. INTRODUCTION

Traditional education in physics emphasizes solving well-
structured, mathematical word problems also called story
problems [1], since they are commonly embedded within
a shallow story context. At the undergraduate level, story
problems in physics start as some standard textbook, end-of-
chapter problems and exercises. At the graduate level, they
continue playing an important role in student learning, typ-
ically as a part of problem sets assigned by the instructors.
There are well-known issues with this kind of problem solv-
ing: “When solving these problems, students are not moti-
vated to search for underlying concepts, but rather are en-
couraged to look locally for formulas and worked-out exam-
ples and then do plug-and-chug to get a correct answer [2].”
These issues get exacerbated as technology advances and of-
fers new ways to look up a given problem’s solution. In this
paper, we assume that using powerful technology for the sake
of learning how to solve story problems in physics is unavoid-
able, and we explore how it can be done safely and reliably.

Artificial Intelligence (Al) systems are becoming increas-
ingly sophisticated, yet they still exhibit limitations in their
reasoning, numerical accuracy, and evaluative capacity—the
issues so crucial for problem solving in physics. One study
explored the problem-solving capability of popular Al-based
software ChatGPT by OpenAl [3]. In total, 40 real-world
physics problems were given to its user interface and the re-
sulting output evaluated. Of all problems, 24 were under-
specified in terms of numerical values given in the problem
statement. ChatGPT failed to make reasonable assumptions
about the physical situation described in those problems and
estimate the appropriate quantities. That is, only 2 out of 24
under-specified problems were solved. For the rest of the
problems which were specified by the authors, in contrast,
ChatGPT solved 10 (out of 16). In addition, in both categories
of the problems used, ChatGPT committed many calculation
mistakes. This shows the key limitation of the underlying lan-
guage model which ChatGPT at the time was based on: it is
designed for handling words and sentences, not numbers and
formulae.

Another study also investigated the problem-solving capa-
bility of ChatGPT but on a smaller scale [4]. A single me-
chanics problem about a point mass sliding down a circular
track was given to the user interface as input. Ten runs were
conducted to obtain output along with its statistical variation.
As aresult, ChatGPT solved the problem correctly only 5 out
of 10 times. To study its output more systematically, the au-
thors identified four phases of problem solving: (1) problem
representation, (2) strategy selection, (3) execution, and (4)
evaluation. They found that, by default, ChatGPT did not
engage in the last phase—evaluating the generated solution
to meet the problem’s original goal—albeit successfully en-
gaging in the other three. This could be improved, they noted,
by adding a verbal instruction called user prompt to the input:
“In particular, describe whether your solution is plausible and
and for what reasons you chose your solution.”
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A. Background

The language models powering such software as ChatGPT
are called Large Language Models (LLMs). They synthe-
size vast Internet data to produce intelligible linguistic output.
The more data is used in this process and the more computa-
tional effort is exerted, the more “intelligent” this technology
becomes. Moreover, crossing some threshold in processing
so much information may suddenly unlock certain model ca-
pabilities such as translating languages or computer coding,
akin to phase transitions [5]. As a result, the Al industry ap-
pears to make progress unexpectedly for the general public.

LLMs, as artificial neural networks [6], simply generate the
most likely strings of characters in a text, following a given
input. Stable sequences of characters such as prefixes and
suffixes, and even some short words, alongside standard char-
acters such as the alphabet letters, numerals, and punctuation
symbols, which occur most often in English, are treated as
the units of LLM input/output called fokens. All unique to-
kens stored in a model’s memory comprise its “vocabulary.”
For the state-of-the-art models, this vocabulary size may be
quite large: OpenAI’s GPT-3.5, which ChatGPT was based
on when it was first released on Nov. 30, 2022 [7], had
reportedly around 50k tokens in total. Later versions have
increased this number to 100k and beyond [8]. Advanced
LLMs are tested against certain benchmarks commonly ac-
cepted in the Al research community. For example, Frontier-
Math [9] sets the standard for mathematical capability and
GPQA (Google-Proof Q&A) [10] evaluates the models on
physics, chemistry, and biology. LLMs loosely referred to
as reasoning models [11] achieve impressive scores on these
benchmarks, resulting in a computer-generated output indis-
tinguishable from human text.

B. Motivation

Knowing what the advanced Al models are capable of will
inform educators about their potential harm as well as benefit
in using them for teaching and learning physics. In problem
solving, with every progressive step that Al takes, it must be
reliable to a high degree in order to be used in the classroom.
The goal of this study was to evaluate the reasoning models
in the context of introductory physics. Our working defini-
tion of reliability was the ability of a model to solve correctly
and repeatedly story problems on a given physics topic. The
model performance by individual topic provides a more pre-
cise view of the relevant model properties when compared
with typical single-number benchmarks used in the broader
Al community. Our guiding questions were:

1. How reliable are Al reasoning models when solving
story problems in physics?

2. What is the distribution of the story problem-solving
ability of Al reasoning models across standard topics
in physics?



As presented in the following sections, the state-of-the-art Al
reasoning models may be reliable problem-solvers in the be-
ginning topics of a typical introductory physics course, but
still struggle with solving problems in later topics such as
waves and thermodynamics.

II. METHODS

Among various available Large Language Models (LLMs),
the family of reasoning models called the “o-series” by Ope-
nAl was selected for this study due to the popularity of Chat-
GPT. This family started with a preview of its first reason-
ing model ol [12]. Soon, it included an updated version
03 working at full capacity, as well as a “lightweight” ver-
sion o3-mini. Specifically, the model 03-mini [13] was
used in this study due to its affordability and its availability at
the time of data collection and analysis. The access was pro-
vided by OpenAlI’s Application Programming Interface (API)
at https://openai.com/api/. The cost of using 03-mini was
listed as $1.1 per million tokens for processing input and $4.4
per million tokens for generating output. We estimated the
total number of input tokens, which represent all problems in
our dataset, to be no more than 1M tokens. The total num-
ber of output tokens, which represent the solutions generated
by the model, was around 3.3M tokens. Thus, the total cost
was projected to be around $15. The actual cost was greater
because some errors during this entire process were unavoid-
able and we had to rerun the model after fixing each issue
encountered.

Among various sources of physics problems found in stan-
dard textbooks, “Fundamentals of Physics” Vol. 1 by Halli-
day and Resnick [14] was selected due to its status and popu-
larity in the undergraduate curriculum. The table of contents
is shown in Table 1. There are 20 chapters in total, spanning
the standard topics in mechanics (including the kinetic the-
ory) and classical thermodynamics. Column “Odd-numbered
Problems” lists the total number of all problems for which the
answer is given in each chapter. Column “Text-only Prob-
lems” lists the numbers of text-based problems only, which
were used for analysis. The bottom row shows the sums of all
problem numbers above it for each category. Column “Prob-
lems Solved” is related to the results of this study described
in the next section.

Odd-numbered problems from each chapter, for which the
answer key is available, were copied into I5TEX and then into
a Python code, which simply sent the problem text to OpenAl
API and received the resulting solution text repeatedly. Since
o3-mini only handles text, all problems that contain a fig-
ure or a table were ignored, even if the information was also
given in the problem text. Thus, out of the total 629 (odd-
numbered) problems from all 20 chapters, only N = 408
text-based problems were selected and used for this study.

The reasoning model o3-mini was given each problem
statement as input without any additional instructions. It pro-
duced each solution as its output, which then was evaluated

101

for correctness by comparing the final answer in the solution
to the textbook’s answer key. This was done manually, by
a human expert. The textbook answers themselves were not
evaluated for correctness. We assume that a book with so
many editions has identified any potential errors in its answer
key.

The prompt given to 03-mini simply contained the prob-
lem text copied from the textbook (in the ISIEX format) and
nothing else. In general, problem solving with LLMs requires
well-structured prompts. This is no longer required for rea-
soning models however. As OpenAl suggests, the latter “pro-
vide better results on tasks with only high-level guidance”
and the former “benefit from very precise instructions [15].”

To establish the model’s reliability, the solution output was
generated ngampe = 9 times for each problem. In order for a
given problem to be counted as “successfully solved” by the
model, all generated solutions must have resulted in the cor-
rect answer, according to the textbook’s key. Those problems
for which the generated solutions were either completely or
partially correct were marked as “not solved” and saved for
further analysis: the solution text was examined in order to
identify some common properties resulting in failure.

III. RESULTS

In Table I, column “Problems Solved” shows the per-
centage of (text-only) problems the AI reasoning model
03-mini successfully solved for each chapter. It drops vis-
ibly for the last portion of the topics: chapters 15-20. Es-
pecially, the topic of Waves posed a challenge to the model.
Chapter 16 had 87% of its problems solved (20 out of 23),
and Chapter 17 only 76% (22 out of 29). Though the chapter
on Equilibrium and Elasticity also had a lower percentage, its
sample size was much smaller and thus not comparable.

In total, there were 24 problems that were not successfully
solved (that is, about 6%) by 03-mini in our setup. Exam-
ples below show the typical errors that led to such failure.

Ch. 4, Problem 63: At t; = 2.00 s, the accel-
eration of a particle in counterclockwise circular
motion is 6.00i + 4.00j m/s2. It moves at con-
stant speed. At time to = 5.00 s, the particle’s
acceleration is 4.00i — 6.00j m /s?. What is the
radius of the path taken by the particle if to — ¢1
is less than one period?

To solve this problem, one must consider several possible
options. The dot product between the two given vector values
of acceleration results in 0, indicating that the particle has
moved by /24 km (where k = 0,1,2,...) rad on the circle.
The problem states that the time passed is less than a period,
which means that it moved by either 7/2 or 37/2 rad. The
model 03-mini considered only the first option and arrived
at the wrong answer.



TABLE I. Textbook chapter titles and the corresponding numbers of problems.

Chapter Odd-numbered Problems Text-only Problems Problems Solved
1. Measurement 16 13 13 (100%)
2. Motion Along a Straight Line 35 25 25 (100%)
3. Vectors 22 17 17 (100%)
4. Motion in Two and Three Dimensions 41 32 30 (94%)
5. Force and Motion-I 34 18 16 (89%)
6. Force and Motion-II 30 15 15 (100%)
7. Kinetic Energy and Work 26 17 17 (100%)
8. Potential Energy and Conservation of Energy 33 12 11 (92%)
9. Center of Mass and Linear Momentum 40 22 22 (100%)

10. Rotation 34 25 24 (96%)

11. Rolling, Torque, and Angular Momentum 35 18 18 (100%)

12. Equilibrium and Elasticity 26 7 6 (86%)

13. Gravitation 35 26 25 (96%)

14. Fluids 36 25 25 (100%)

15. Oscillations 32 20 19 (95%)

16. Waves-I 30 23 20 (87%)

17. Waves—II 35 29 22 (76%)

18. Temperature, Heat, and the First Law of Thermodynamics 33 23 22 (96%)

19. The Kinetic Theory of Gases 32 25 23 (92%)

20. Entropy and the Second Law of Thermodynamics 24 16 14 (88%)

629 408 384 (94%)

Ch. 13, Problem 41: Two neutron stars are sep-
arated by a distance of 1.0 x 10'° m. They each
have a mass of 1.0 x 103°kg and a radius of
1.0x 10° m. They are initially at rest with respect
to each other. As measured from that rest frame,
how fast are they moving when (a) their separa-
tion has decreased to one-half its initial value and
(b) they are about to collide?

This is an example of typical language model behavior.
Here, 03-mini simply committed a calculation error: “Tak-
ing the square root: v = v/3.335 x 1014 ~ 5.78 x 10° m/s.”
The correct result should be 1.826 x 107 m/s.

Ch. 19, Problem 11: Air that initially occupies
0.140 m? at a gauge pressure of 103.0 kPa is ex-
panded isothermally to a pressure of 101.3 kPa
and then cooled at constant pressure until it
reaches its initial volume. Compute the work
done by the air. (Gauge pressure is the dif-
ference between the actual pressure and atmo-
spheric pressure.)

This involves isothermal expansion and logarithmic opera-
tion that the model worked out without any issues. The incon-
sistency arose at the last run when it suddenly ended up with
an answer (1.8J) different from the previous four attempts
(5.6 kJ, as listed in the answer key). Upon closer examina-
tion of the solution output, the issue was the key assumption
of the problem: that the second value of pressure given in the
problem statement is the actual pressure in the gas and not the
gauge value. This way, the gas isothermally expanded from a
pressure of Py = Py + Pyauge = 101.34-103.0 = 203.3 kPa
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to a pressure of P» = 101.3kPa. The logarithmic relation
In Py / P, yields the ratio between the corresponding volumes
of the gas V5 /V7, necessary for the consequent solution steps
that result in the correct answer. The model in its first four
runs made this assumption and successfully solved the prob-
lem. The output read: “Since no ‘gauge’ is mentioned for this
step, we interpret 101.3 kPa to be the absolute pressure.” In
the last attempt, however, it made did not make this assump-
tion and took the value P, to be another gauge value. We
counted the model solution to be overall unsuccessful due to
the inconsistency in its responses. It must be noted, however,
that this type of errors may be due to the problem statement
rather than the model’s problem-solving capability.

IV. DISCUSSION AND CONCLUSIONS

Despite significant improvement, reasoning models are, by
their design, statistical language models. They require a lot
of data to be trained on, using sophisticated machine learn-
ing algorithms. For the kind of data that was the subject
of this study—story problems from introductory physics—
there may be enough of it in the training of these models.
Then the high accuracy in solving them is expected. The in-
stances of failure to solve particular problems in this dataset
then must be due to some inherent features of the reasoning
model used—OpenAl’s 03-mini. They fall into one of the
two broad categories of errors: (1) the model simply follows
the verbal reasoning it generates, without any way to evaluate
its intermediate steps by other means (such as physics simula-
tion), (2) the model commits simple calculation and rounding
mistakes without any way to evaluate its numerical results by



other means (such as math computation). Both of these error
sources may be fixed by adding specific tools for simulation
and computation to the model’s workflow, a process called
augmenting the model. While there has been some progress
in this direction, a thorough and comprehensive initiative is
yet to be undertaken (see Ref. [16] for a survey by Meta Al).
Until then, the question of reasoning models’ reliability for
the purposes of problem solving will remain open.

The particular reasoning model o3-mini consistently
solved the great majority of the problems given in this study.
Perhaps it could be used for solving relatively easy problems
that some students, nevertheless, find challenging. This util-
ity must be in the context of learning from worked examples.
Students should use this powerful tool of reasoning models
only when they need to see some worked examples in order
to learn how to solve the problem for which the examples are
generated. Without such a diligent, conscientious approach
to reasoning models (and all LLMs in general), they quickly
degrade to being used as a tool for cheating, plagiarism, and
misinformation.

According to extensive findings from research on this so-
called worked-example effect, reviewed in article [17], stu-
dents really do benefit from detailed solutions to problems
presented to them in the process of learning a given topic.
However, as the authors point out, there are certain aspects of
worked examples that demand careful consideration: First,
they must be designed and presented so that the students’
problem solving improves with time and effort; several (at
least, two) examples per problem should be designed to elu-
cidate the problem’s complex structure; each problem as well
as every example related to it should be presented in a clear,
unified format (integrating visuals, sound, and text if appli-
cable) as to minimize cognitive overload [18]. Second, the
examples relevant to a given problem must be properly coor-
dinated so as to enhance student learning; say, each pair of
examples connected to a given problem must be studied as a
separate block before proceeding to the next problem with its
own pair of examples. Third, the students themselves vary
in their ability to learn from examples, so this too must be
addressed in a given lesson; notably, self-explanations [19],
which are key to successful problem solving, may be directly
taught to students and promoted in the class.

Whether the problem solutions provided by LLMs exhibit
the mentioned properties of worked examples depends on
their design. They are not natural phenomena but rather pow-
erful tools built with a specific “architecture” and for a spe-
cific purpose. The vast Internet data used for training these
models serves as the base. Then, Al companies recruit ex-
perts from various fields of study (they are referred to as “hu-
man annotators”) to chat with a given model and provide it
with some template to follow. This stage may vary in the
specific techniques that AI developers use for calibrating the
model, but the main idea is that people guide the model be-
havior, one way or another [20]. Therefore, it is conceivable
that future advanced Al models will be developed based on
design principles from STEM education research.
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The distribution of a reasoning model’s problem-solving
ability across the standard physics topics was also explored
in this study. Overall, it may seem quite uniform, with the
percentage of successfully solved problems averaging around
94%. When examined closer, however, a subtle pattern was
observed: the model performs worse on later chapters than
on the earlier ones. The performance drops for chapters 16
and 17 on waves since they involve more detailed calcula-
tions, due to their underlying mathematical apparatus. Then,
as the topics transition to kinetic theory and thermodynam-
ics in chapters 18-20, the model performs gradually worse
again (dropping from 96% to 92% to 88%, respectively). This
might be due to the increasing complexity of each consecutive
topic. Alternatively, these topics may be underrepresented on
the Internet (compared with mechanics) and thus contribute
less to the Al model training.

As these models are updated and reach ever higher perfor-
mance on this and similar tests of problem-solving accuracy
and reliability, the exact threshold to demand from them will
be a matter of convention. We may demand that an AI model
has to solve all 100% (or some other floating-point number
with a very small margin of error) of the problems that it
might encounter in a standard physics course before it is de-
ployed in that course, whether for assessment or tutoring.

V. LIMITATIONS AND FUTURE WORK

A natural continuation of this study is to expand our anal-
ysis to further problems from “Fundamentals of Physics”
Vol. 2 that includes Electromagnetism, Optics, Relativity, and
Modern Physics. This way, we will have a broader view of
the Al capability and reliability in physics problem solving.
Increasing the depth of this view will demand other, more
challenging story problems to be considered. For example,
advanced undergraduate or graduate-level problems may be
used. We expect it to achieve even higher accuracy on solv-
ing the problems considered in this study. The question of
why the model performance of o3-mini was dropping as
the topics progressed remains open. A new, updated, and
more capable reasoning model o4-mini was released by
OpenAl on Apr. 16,2025 [21]. In addition, this new model is
able to process images alongside text. This entire endeavor,
nevertheless, is limited by the type of problems so popular
in physics: story problems. Evaluating the properties of Al
models in solving other problem types is also much needed if
they are to be used within such contexts.
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