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This paper explores the potential of large language models to accurately extract and translate equations
from typed student responses into a standard format. This is a useful task as standardized equations can be
graded reliably using a computer algebra system or a satisfiability modulo theories solver. Therefore
physics instructors interested in automated grading would not need to rely on the mathematical reasoning
capabilities of language models. We used two novel frameworks to improve the translations. The first is
consensus where a pair of models verify the correctness of the translations. The second is a neurosymbolic
LLM-modulo approach were models receive feedback from an automated reasoning tool. We performed
experiments using responses to the Australian Physics Olympiad exam. We report on results, finding that
no open-source model was able to translate the student responses at the desired level of accuracy. Future
work could involve breaking the task into smaller components before parsing to improve performance or
generalizing the experiments to translate hand-written responses.
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I. INTRODUCTION

The Australian Physics Olympiad is an annual physics
exam in Australia with approximately fifteen hundred 16- to
18-year-old participants. For the last five years, the examwas
conducted online with a combination of question types,
where students are allowed to submit their responses either in
a typed format or by scanninghandwrittenworking. Students
sit the test in early August and it is graded by a team of
approximately 15 markers in a 48-h period two weeks later.
In this paper, we propose a two-step pipeline for the

automated grading of physics exams that we call
AlphaPhysics, see Fig. 1. Although there is no official
connection to Google Deepmind, AlphaPhysics follows
the same structure as AlphaGeometry where a neural model
guides a symbolic deduction engine to solve Olympiad
geometry problems [1].
The focus of this paper is the first step,which calls for large

language models (LLMs) to extract and translate equations
from student responses into a standardized format. The
second step would use an automated reasoning tool such
as a satisfiability modulo theories (SMT) solver or computer
algebra system (CAS) to verify whether the translated
equations are equivalent to those required in the solution.

This means that instructors interested in automated grading
would not need to rely on the notorious, but improving,
mathematical reasoning ofLLMs [2–5] but instead know that
reasoning is being performed by reliable systems with
guarantees [6–8]. Knowing that a grading system has reliable
reasoning over algebraic formulas may influence a physics
instructor’s choice to adopt automated grading.
SMT solvers and CASs require inputs to adhere to strict

syntax requirements [9,10]. This makes these tools inca-
pable of interfacing with student responses on their own.
LLMs are theoretically capable of reading student
responses and translating them to the required syntax.
This paper evaluates LLM performance on this task.
We systematically investigate the performance of open-

source LLMs of different sizes to preprocess a sample of
200 typed responses to a physics question which requires a
combination of interwoven words and equations. We
evaluate two techniques for improving the LLM trans-
lations, including inter-LLM consensus and the LLM-
Modulo framework where the LLM receives feedback
from a symbolic reasoning engine [11]. We establish a
relationship between model size, computational expense,
and accuracy in translation. We report on the main types of
errors made by LLMs and discuss the computational cost of
running them.

II. BACKGROUND

A. Automated grading for physics

Automated grading is a long-standing area of research,
with one of the first prominent topics being automated short
answer grading (ASAG) [12]. In the early 2000s, the main
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approach to ASAG was to use regular expressions to match
key words or phrases with those in the marking scheme [13].
This was not scalable as it required instructors to think of all
the ways that students could express the correct answer.
Starting in 2008, there was a significant paradigm shift to

using automated feature extraction and machine learning
techniques for grading [14–16]. These approaches were
more robust but required large amounts of marked exam-
ples as training data. Some recent machine learning
methods have aimed to reduce the amount of data required
for grading and make the computer-generated grades more
explainable [17].
Recently, generative pretrained transformers, also known

as large language models (LLMs), were used to automati-
cally grade short answer questions [18–21]. Domain-
specific pretraining and fine-tuning improve the grading
accuracy of LLMs [22,23]. Studies have explored LLMs’
capabilities to grade using rubrics [20,24] and found that
for complex questions, LLMs struggle to recognize merit in
diverse responses. Another study found that specific
adjectives and adverbs cause LLMs to falsely assume that
the answers are correct [25].
Physics problems are very difficult to mark automatically

because they require a wide range of inputs including
numerical responses (often with units and directions), short
answers, algebraic expressions, diagrams, and plots of data
and functions. However, the recent development of multi-
modal LLMs means that they now show some promise as a
feature extraction tool for the automated grading of plots
and diagrams [21].
Previous studies that have used LLMs to grade physics

exams [21,26–29] found that LLMs may hallucinate.
Furthermore, there are no guarantees that LLM mathemati-
cal reasoning is correct. There are also a number of ethical
considerations in the Australian Government’s AI Ethics
Principles [30] which have not explicitly been considered
in previous studies including environmental well-being,
transparency, and privacy protection.

B. Ethical dimensions of grading

1. Environmental impact

Outside of the grading literature, studies have criticized
the use of LLMs for their large electrical cost and

environmental impact [31]. Although most LLMs use
considerable amounts of computational power (and there-
fore electricity), to our knowledge, there are no studies that
account for or attempt to reduce the computational cost of
grading physics exams with LLMs.

2. Transparency

Existing studies [21,26–29] which use large language
models to grade physics exams used proprietary models.
These models and their system prompts are changed
regularly by the companies that own them. This leads to
variations in the performance of grading systems over time.
Neither instructors nor students are able to access the
models, know their architecture, or know when they are
updated. Unless using legacy versions of models, instruc-
tors cannot even be sure that all students within a single
grading batch have been graded by the same model.
This issue of transparency can be addressed by using

open-source models. If the model is open source, then both
the instructor and the students are able to know the
parameters of the model(s) being used. We note that it
would also be possible to run open-source models on GPU
servers to improve their power efficiency, although we are
not proposing this universally because of privacy.

3. Privacy

To our knowledge, studies have only explored the use of
frontier (state of the art), proprietary LLMs for grading
physics exams. In these cases, student responses must be
uploaded to an external server to be graded. Some privacy
concerns can be alleviated through cloud-based services
which give guarantees that this information will only be
stored in certain countries and not used for training future
models. Unfortunately, this may not satisfy the policies of
all educational institutions.
This study addresses the existing gap of evaluating

LLMs which are small enough to run on consumer-grade
hardware (a graphics card or GPU that can be found on a
“normal computer”). The ability to grade on their own
computer with easy-to-use tools like Ollama [32] can make
LLM-based methods available to more instructors. Smaller
models also have the benefit of performing less computa-
tions, therefore using less power. Running models locally

FIG. 1. The AlphaPhysics pipeline. The student response is parsed by an LLM. A symbolic reasoning engine then determines the
student’s grade.
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also makes instructors aware of the compute that they are
using, exposing the normally hidden electricity usage and
environmental cost.

4. Contestability and reliability

The AlphaPhysics pipeline uses LLMs only for pattern
recognition: to extract equations. These equations can be
easily seen, contested, and corrected by a student or teacher.
A rigorous source of reasoning over algebraic formulas,
such as automated theorem provers, can then be used to
ensure reliable grading.

C. Automated reasoning

Satisfiability modulo theories (SMT) solvers are a class
of automated theorem prover that handle mathematical
reasoning. They generally deal with formulas containing
mathematical operators over integers and real numbers. For
a more detailed introduction to SMT solvers, we recom-
mend Ref. [33]. We use Z3, an SMT solver [34] to provide
an LLM with feedback on its translated equations. Z3 is an
open-source SMT solver that consistently performs well in
the SMT-LIB competition [35].
Computer algebra systems (CASs) are designed to handle

awider variety of tasks than SMT solvers. They can aid users
by simplifying expressions or performing algebraic prepro-
cessing. For more information on the fundamentals of CAS,
we point the reader to Ref. [36]. We use a Python-based CAS
called SymPy [37]. SymPy is an open-source Python library for
symbolic manipulation involving algebra, calculus, discrete
mathematics, and matrices [37].
Unfortunately, neither SMT solvers nor CASs are able to

interpret natural language expressions. Instead, they require
preprocessing to bring the students’ equations into a
standardized symbolic representation as shown in Fig. 1.
If LLM translation is accurate enough, we envisage that a
combination of an SMT solver and a CAS would be used to
rigorously check if the translated student equations match
those in the marking scheme.

III. METHODS

A. The physics olympiad question

We chose question 4 from the 2023 Australian Physics
Olympiad for grading because it required the students to
give an algebraic response and student working often
included many interwoven lines of algebra and free-form
text. This made the task of extracting the equations more
challenging for the models.
The full question can only be understood in the context

of the preceding questions which are provided (with the
accompanying diagrams) in Appendix A. An abbreviated
version of the question is as follows:
A group of students walk with constant speed, u. They

travel a distance, S, in a straight line then return. Mali,
walks the two-way journey on a travellator which moves

parallel to the group’s original velocity at speed w. Mali
walks at a constant speed, v (relative to the ground beneath
them), for the entire journey. Determine speed v such that
Mali and the group return at the same time.
The question also asks students to explore limiting

behaviors of their equations. Note that in this study, we
were not yet interested in whether student answers corre-
sponded to the correct solution. We investigate whether the
list of equations that the LLM found in the response matches
the list of equations that the student originally wrote.
A team of four graders graded every student response to

this question. They discussed ambiguous cases to decide
the final score for each response. These 200 cases were then
independently checked by the Australian Physics
Olympiad Director who agreed with the allocated scores.
In this study, multiple LLMs would be used to extract

equations from the student responses. In order to verify the
accuracy of this process, a list of ground truth equations
needed to be prepared for each student response. For this,
the Australian Physics Olympiad Director manually created
a list of all equations that were contained in each student
response. This list was checked against the equations
produced by either of the two largest LLMs used in the
study, see Table IV in Appendix B. This allowed some
typos and small errors to be discovered and corrected.

B. Prompting techniques

In our experiments, we investigated frameworks that
could improve the accuracy of an LLM without increasing
its size:
• Direct method—the approach used in previous studies
[26,27,29,38,39], where a model is given a prompt to
extract equations from a student response. Note that
the direct method may include significant prompt
engineering. This is implemented as a function
(Get_llm_direct_response) to extract the
equations for a student response in Algorithm 1.

• LLM-Modulo SymPy—after the direct method is ap-
plied, the model is warned if its response does not
match the required syntax. The model is then given a
chance to improve its response. The full process is
defined in Algorithm 1.

• LLM-Modulo Z3—similar to the LLM-Modulo SymPy

approach, but the model is given specific feedback for
the type of syntactic error. For example, “symbol ‘U’
is undefined.”

• Consensus—builds on the LLM-Modulo SymPy pro-
cedure by comparing two models’ responses using Z3.
If they are not equivalent, then the models are given
three attempts to reach consensus, see Algorithm 2. If
consensus is not reached, then the model keeps its own
response.

The sample of 200 responses contained 30 blank
responses that were parsed automatically without calling
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an LLM. Each technique was tested with a range of models,
as described in Sec. III C, using the metrics described in
Sec. III D.
Algorithm 1 describes the exact LLM Modulo feedback

loop. It uses Get_llm_direct_response which cor-
responds to the direct method described in Sec. III B
using the prompt in Appendix E. Get_llm_direct_
response is also defined inAppendixE. It beginswith two
different models (we chose twomodels of approximately the
same size) each undertaking the LLM_Modulo algorithm,
receiving feedback from Z3. In summary, after the LLM has
extracted equations from the student answer, each equation is
parsed by SymPy. If no syntax errors occur, then this is
accepted as the final list of equations. If there is a syntax error,
then the error messages are collected, and the model is given

its list of equations and the associated error messages, and is
prompted to repair the list of equations. This produces an
updated list of equations. If none of the updated equations
contain syntax errors, the new list is accepted. Otherwise, the
model is prompted to repair the updated list. In our experi-
ments, the LLM was given three chances to repair the list of
equations before we accepted the list with the syntax errors.
Algorithm 2 describes the exact consensus algorithm. Z3

then checks the equivalence of the lists of equations from
the two models (referred to as Model1 and Model2)
using the procedure described in the next paragraph. If they
are equivalent, then consensus is reached and the list of
equations accepted. If they are not equivalent, then each
model is provided both lists of equations and the original
student response and asked to produce a new list using the
LLMmodulo procedure. The updated lists are compared by
Z3. The models are given three attempts to reach consensus;
otherwise, each model keeps its own response. In the case
where a user only wanted one final answer, they could
randomly choose one of the two models’ responses or
preferentially choose one model’s response over the other’s.
Additional algorithms in Appendix C are helper func-

tions used in LLM_Modulo and Consensus, and these are
briefly described in the following paragraphs. These
functions check for equivalence and entailment as follows.
For two lists of equations, E1 and E2, we say that E1 entails
E2 iff for every e2 in E2 there is an e1 in E1 such that e1
entails e2. We say that E1 is equivalent to E2 if E1 entails E2

and E2 entails E1. All reasoning is carried out with respect
to real arithmetic in Z3.
As an example, consider the following two lists of

equations ½v¼ uþw;v¼ uþw� and ½v−u¼w;v¼u−w�,
which we call E1 and E2, respectively. E2 entails E1 as the
first formula in E2 entails both formulas in E1. However, E1

does not entail E2 as v ¼ u − w is not entailed by any
formula in E1. Hence, the two lists are not equivalent.
We use equivalence for the consensus framework and to

compare the LLM-extracted lists of equations to those
provided by the markers as a measurement of accuracy.
Student working is often messy, out of order, or contains
repeats; however, most physics instructors do not wish to
penalize students for this. Our definition for equivalence
allows for this, as long as two lists of equations contain the
same information, a repetition or change in order is not
considered a difference.

C. Selected models

In this experiment, we consider only open-source mod-
els, see Table IV in Appendix B. This ensures that the
model architecture and number of parameters is well-
known. This will allow us to discover the smallest model
size which can accurately translate student equations from
natural language text. Half of the models belong to a
category called “reasoning” or “thinking” models.
Thinking models are LLMs which are specifically trained

ALGORITHM 1. LLM_Modulo algorithm: gives LLM
feedback.

ALGORITHM 2. Consensus algorithm: LLM equation
agreement.
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to produce a chain of thought that is not intended to be
shown to the user, contained within < nthink > markers.
Rather than answering a question directly, the model first
gives itself “space to think” before producing its final
answer tokens. This often improves LLM accuracy but
greatly increases the computational cost.
Our experiments mostly focus on smaller models that

can be run on consumer-grade hardware. All models with
less than 70 × 109 parameters were run on a local machine
with an Intel Core-i9-13900 K CPU (3–5.8 GHz), 64 GB of
DDR5 (4800MT/s), and an NVIDIA GeForce RTX 4060Ti
GPU with 16 GB of dedicated GPU memory.

D. Evaluation techniques

To evaluate each model and technique, we collected each
of the following pieces of information:
• Wall time—Wall time is the actual real-world time that
a computer spends generating the output. It is a rough
measure of computational expense and therefore
electrical cost, environmental impact, and practicality.
Wall time was not collected for models which could
not be run on local systems as it is neither an accurate
measure of the computational expense nor comparable
with other models.

• Accuracy—LLMs were asked to provide their equa-
tions in SymPy format. This was chosen because we use
SymPy to solve student equations in the next step of the
pipeline [40]. A parser was used to reliably convert
each response from SymPy format to Z3 to verify the
equivalence of the LLM list of equations with the list
of equations that the marking team believed was
present in the student responses (see Algorithm 4).
The portion of responses where the two lists were

found to be equivalent was reported as the accuracy
score.

IV. RESULTS

A. Quantitative results

The raw data from the original experiments are shown in
Table I. After the initial data were taken, additional
experiments were performed with models which have
lower precision weights, see Table V in Appendix D.
Note that in 3.5% of responses, it was unclear to the
grading team and the Olympiad director exactly what the
students intended to write in their equations. Therefore, we
would say that 3.5% of responses are ambiguous, and we
could not expect any grader—human or AI—to agree with
more than 96.5% accuracy.
Table I shows that the LLM-Modulo SymPy barely

improves performance. Figure 2 shows that as model size
increases so does performance. Figure 2 demonstrates that
small models receive greatest improvement when given
feedback about syntax, especially thinking models. On the
other hand, larger models gain more benefit from discus-
sion and checking their answers with others.
In Fig. 3, we can see that the consensus (purple) points

lie to the right of their (pink and green) counterparts. This
means that the consensus trendline is also translated to the
right. This indicates that the consensus process greatly
increases computational expense but only makes a small
increase to overall accuracy.
Here, we provide an order of magnitude estimate for the

maximum time that is feasible for marking the Australian
Physics Olympiad exam. Normally, the marking occurs in a
48 h period. This could be extended to approximately

TABLE I. Raw data for each model and each technique. In most cases, models were paired with the other model of the same size for
consensus, the exceptions were these pairs: Llama3.1 405B and DeepSeek 671B, Llama 3.2 3B and Gemma2.2B, and DeepSeek 1.5B
and Llama3.2 1B. Note that the 2-3B parameter models do not include a thinking model.

Model Llama 3.1 DeepSeek Llama 3.1 DeepSeek Phi4 DeepSeek Mathstral DeepSeek Llama 3.2 Gemma DeepSeek Llama 3.2

Model size (B) 405 671 70 70 14 14 7 7 3 2.2 1.5 1
Quantization
(bit)

16 16 16 16 16 16 16 16 16 16 16 16

Direct
Time (s) � � � � � � � � � � � � 4460 90 001 570 17 141 209 183 2,946 146
Tokens 5705 105 836 5257 109 815 5582 117 626 6625 132 484 6740 6716 175361 10 383
Correct answers 154 169 149 166 141 129 80 110 75 53 80 33

LLM-Modulo
SymPy
Time (s) � � � � � � � � � � � � 4604 91 010 673 17 422 211 321 3024 156
Tokens 5900 107 884 5326 112 575 5769 118 928 7893 134 657 6776 12 059 179 960 10 978
Correct answers 164 169 149 166 141 130 80 110 75 53 80 33
After consensus 176 176 156 173 140 132 85 98 72 57 82 71

LLM-Modulo Z3
Time (s) � � � � � � � � � � � � 8278 128 454 885 22,447 220 438 3,508 188
Tokens 7146 122 038 6496 116 469 7085 114 597 10 387 151 793 6838 15 818 208 440 13 144
Correct answers 169 173 151 167 146 143 85 123 74 54 89 61
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2 weeks for the 1500 responses to 45 questions. This means
that a sample of 200 responses to one question (as used in
this experiment) should take approximately 4000 s to mark
(20 s per response). This includes all steps, not just the
preprocessing explored in this paper.
The time could be scaled up by a factor of 2 or 3 by

getting multiple computers and further extending the time
period of marking. However, either way, 4000 s is the
order-of-magnitude time requirement and is shown as a
blue vertical line on Fig. 3. We believe that typical physics

instructors will have access to computational power which
corresponds to this time, as it is likely that they will have
less students and more time, but less than 16 GB of memory
on their computer’s graphics cards.

B. Types of translation errors

In this section, we define error categories which would
lead to an incorrect result when grading with an SMT or
CAS. We then determine how frequently models made
errors corresponding to each of these types.

FIG. 2. Plot of accuracy against model size. Color indicates the technique being used. Circles correspond to thinking models (like
DeepSeek), while crosses refer to other models. Blue vertical lines indicate the maximum model size that fits in the GPU memory and
the maximum model size which can be run on the hardware. Sigmoid functions show the overall trend of the data. In 3.5% of responses,
the graders could not agree on what the students intended to write. Therefore, upper maroon horizontal line indicates the 96.5% accuracy
where responses become ambiguous.

FIG. 3. Model accuracy vs time to run. Color is used to indicate the technique. Circles correspond to thinking models (DeepSeek), all
other models have crosses. Three horizontal maroon lines indicate the number of blank responses, the highest performance of any
combination of models, and the highest expected performance, as the final 3.5% of responses were determined by the markers to be
ambiguous.
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1. Fictitious attachment

LLMs were far more likely to hallucinate equations
when students referenced an attachment, even though the
model was not shown any attachments. An example of
fictitious attachment is this student response: “Attachments:
IMG_4805.HEIC (905.5 KB),” although this text was
written, no attachment was given to the model.
Interestingly, DeepSeek 671B and Llama405B reached a
consensus that this response contained two equations: v ¼
uþ wt and S ¼ utþ ð1=2Þwt2. This is consistent with the
errors discovered by Filighera et al. [25] that the presence
of specific words can decrease LLM grading accuracy.

2. Undefined symbols

For the AlphaPhysics pipeline to work, we need the
response to be in a standardized format for the symbolic
reasoner. Even trivial errors like incorrect capitalization
will cause an SMT solver or CAS to fail. An example
of an undefined symbol is as follows, a student typed
“s=u − w ¼ s=vþ w.” The LLM interpreted this to be
s=u − w; s=vþ w, which is incorrect because s needs to be
capitalized to S in the standard format. In another example,
a student wrote “v ¼ plusminus rootðuþ w 2Þ” which the
model interpreted as two equations v ¼ sqrtðuþ w2Þ
and v ¼ −sqrtðuþ w2Þ. However, “sqrt” is not a defined
symbol, and the models needed to instead write v ¼ ðuþ
w2Þð1=2Þ and v ¼ −ðuþ w2Þð1=2Þ.

3. Missed or added equation

Some student responses included many equations.
Sometimes, the models missed one or more of these
equations. There were also instances where extra equations
were added by the model. An example of an extra equation
is this student response “Group time: 2s/u seconds” which
should be interpreted as t ¼ 2S=u. DeepSeek 671B and
Llama405B instead arrived at a pair of equations: t ¼ 2S=u
and v ¼ 2S=u, of which the second is a hallucination.

4. Incorrectly interpreted meaning

There were some cases where students did not explicitly
define variables, and there was no well-known quantity that
corresponded to the variable they chose. For example, a
student may choose to use the generic, undefined “x.” There
were two circumstances where the marking teamwas able to
unanimously agree on the meaning of these variables from
the context, but the best models were not. The first was this
response: “s=ðxþ 0.7Þ þ s=ðx − 0.7Þ ¼ s=u.” The model
misinterpreted x to be twhen themarking team unanimously
decided that the student in fact meant v. The second example
is as follows:

“S=u ¼ ð0.5S=vþ wÞ þ ð0.5S=v − wÞ
¼ ½0.5Sðv − uÞ þ 0.5Sðvþ uÞ�=ðv2 − u2Þ
¼ Sv=ðv2 − u2Þ”

Markers interpreted the first line of the student working
to mean S=u ¼ 0.5S=ðvþ wÞ þ 0.5S=ðv − wÞ, but the
model copied what the student literally wrote: S=u ¼
S=ð2vÞ þ wþ S=ð2vÞ − w. The human markers were able
to see that the second line logically follows from the first if
there is a bracket which includes w in the denominator
(though it has changed to u). The placement of this bracket
also allows for dimensional consistency.
Summary of error types. The models with the highest

accuracy made a total of 24 errors in their translations. Each
error was investigated manually for the consensus
responses from DeepSeek 671B and Llama 405B and
classified into error types, see Table II. These models most
commonly made errors when students made reference to an
attachment that did not exist. In these cases, the model
would hallucinate equations.
We used an automated method of counting the number of

equations and detecting the presence of undefined symbols to
classify the error in responses of the models which contained
7, 14, and 70 billion parameters. These results shown in
Table II are only a lower bound on the “missed an equation”

TABLE II. Frequency of different error types in consensus responses for different model sizes. Models were
paired with the other model of the same size for consensus, except for Llama3.1 405B and DeepSeek 671B, which
were paired with each other. Evaluation of the 400B+ models was performed manually. For the other model sizes,
the frequency of each error determined automatically which means that the “Missed” and “Added” an equation are
lower bounds. It possible for a single LLM response to contain more than one error type.

Error in consensus

Type of error 400B+ 70B 14B 7B

Fictitious attachment/false reference 9 9 16 23
Used undefined symbol 6 11 17 52
Missed an equation 4 7 9 41
Added an equation 3 26 25 22
Incorrectly interpreted meaning 2 � � � � � � � � �
Total errors 24 44 60 115
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and “added an equation” categories, as it is possible that a
model could have both missed and added an equation which
would not impact the overall equation count.
There is an increase in most error types as the model size

decreases. Adding an equation is the only exception where
this remained roughly constant for models of 7–70 billion
parameters.

V. DISCUSSION AND FUTURE WORK

In this section, the results of the experiments will be
related to the practical challenges of marking Australian
Physics Olympiad papers in the required time frame. This is
not meant to signal that the Australian Physics Olympiad is
considering the use of automated marking tools for future
exams. We will also discuss the wider implications of the
findings.

A. Implications for Australian physics olympiads

Figure 2 shows that the highest accuracy score achieved
by any model and condition was 88%. This is 8.5% below
the desired threshold of 96.5% where the markers find the
responses unambiguous. Therefore, further increases in
accuracy would be required for a model to be sufficiently
reliable to be included in the marking pipeline of the
Australian Physics Olympiad Exam. One key area for
future work would be to determine new model architectures
or strategies to improve accuracy. One strategy which has
been shown to work is to break the task into smaller
components [41], which could be implemented by includ-
ing only one line of the student response per model call
instead of the entire response.
Figure 3 shows that some of the models are able to

respond quickly enough that it would be feasible to use
them grading. However, the thinking models which make
use of excessive tokens run too slowly to be useful on the
timescale of the Australian Physics Olympiad exam. The
results also indicate that the maximum feasible model size is
approximately 14 × 109 parameters. Phi4 shows the most
promise of these models, and decreasing the precision of the
floating point numbers from 16 to 4 bits only marginally
decreases its performance. Nearly, all of the improvements to
LLMs since December 2023 can be attributed to increasing
the computational expense through either model size or
number of tokens (chain of thought or thinkingmodels) [42].
A new approach to improving model performance is needed
to meet the speed and hardware requirements. Some recent
innovations include diffusion-based languagemodels [43] or
scaling test time compute using a recurrent block [44].

B. Wider implications for LLM physics grading

This study has shown that as of March 2025, the frontier
open-source LLMs were able to extract equations from
complex student responses at a level of approximately 88%

accuracy, which is still below the level of a team of human
graders. Although this study did not consider the actual
assigning of grades to responses, this level of accuracy is
roughly in line with a previous study which found that the
discrepancy between human-assigned and AI-assigned
grades was characterized by R2 ¼ 0.84 [38].
Instructors who are interested in automated grading

solutions will (hopefully) be interested in an accurate
solution that minimizes computational power and therefore
both electricity usage and environmental impact. Figure 2
indicates that increased model size correlates with overall
performance. Interestingly, there is little improvement for
thinking models beyond 70 × 109 parameters. Nonthinking
models also reach this same performance plateau, just at a
significantly larger model size. These results provide an
early suggestion that there may be an optimum model size
for computationally efficient, accurate physics grading. An
area for future work would be to perform more experiments
to confirm this trend and more precisely find the opti-
mum value.

C. Computational cost

Physics instructors may be interested in quantifying the
computational and electrical cost of LLM grading. In our
previous studies [42], we have found that the well-known
approximation [45] for the number of floating point
operations (FLOPs) to generate an LLM response, given
by Eq. (1), is accurate within 10%.

FLOPs ¼ 2Nn; (1)

where N is the number of active model parameters and n is
the number of prompt tokens plus completion tokens. This
means that the computational cost is linearly proportional
to the number of active parameters of the model. Therefore,
improvement due to model size comes at a cost.
Equation (1) implies that thinking models have an

increased computational cost as they produce more tokens.
Prompting strategies,which have long contextwindows (like
many-shot prompting) or produce large numbers of tokens
(chain of thought), will also increase environmental impact.
If an instructor was not concerned by privacy or trans-

parency, but simply wanted to reduce environmental
impact, a key consideration is whether LLMs should be
run locally or on GPU servers. We perform a basic analysis
in Table III based on official datasheets released by
NVIDIA [46–48] and estimates of global datacenter effi-
ciency by the Uptime Institute [49]. These datasheets state
the number of 16-bit (FP16) terra-floating point operations
per second (T-FLOPS) that the GPU can perform at
maximum capacity and the power consumption of the
GPU in watts. Once the overhead (for example, energy
used for cooling the system) is considered, this can allows
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us to calculate the terra-floating point operations
(T-FLOPs) per joule.
Table III shows that running models locally increases the

power consumption for the same task by a factor of
approximately 3. Therefore, if an instructor was interested
in minimizing their environmental impact, it would be more
efficient (regardless of which model they choose) to run
this model on a GPU server rather than a local machine.
Although running models locally is less efficient, we note
that running local LLMs makes the user aware of the
amount of compute that they are using.
In this analysis, we only considered electrical power

consumption, not water consumption from the server
clusters, which may be of more concern in some areas.
A limitation of the study was that although the responses

were marked by a team of graders, only one final mark was
assigned for each student response. In addition, the outputs
of the LLM were not used to calculate a score for each
response. These factors make it impossible for an inter-
grader quadratic weighted kappa (QWK) and LLM-human
QWK values to be compared.
In this work, we only consider typed responses for

algebraic expressions. Future work could consider other
types of questions such as diagrams, plots, numerical
responses, and short answer questions. As students are
allowed to submit handwritten responses, another key area
for futurework is the use ofmultimodal LLMs to parse these.

VI. CONCLUSIONS

We presented the two-step, neurosymbolic AlphaPhysics
pipeline for physics grading. We performed systematic
experiments using open-source models in the first step of
this pipeline: Large language model (LLM) extraction and
translation of student equations into a standardized format.
The lists of equations extracted by LLMs from the typed
student responses were compared to the ground truth lists.
We tested neurosymbolic frameworks where the LLM

receives feedback from an automated reasoning engine. We
found that these frameworks improved model accuracy

only when LLMs were provided with specific feedback on
how to improve their responses.
We quantified the accuracy of models of different sizes

for this task. Accuracy of LLMs increases with model size,
but there is a plateau of approximately 85% accuracy which
occurs at approximately 70 × 109 parameters for thinking
models.
We found that a 14 × 109 parameter model (Phi4) was

able to achieve this task with approximately 70% accuracy.
The computational cost of using Phi4 to complete this task
was small enough that a physics instructor could run it on
their own computer. Although running models locally may
alleviate privacy concerns, this is likely to increase the
environmental impact.
Interestingly, we found that if students made reference to

an attachment that this increased the chance that LLMs of
all sizes would hallucinate equations. This was the most
common type of error for large models. Smaller models
were more likely to use undefined symbols, miss an
equation, and hallucinate equations.
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APPENDIX A: FULL EXAM QUESTION:
AMUSING AIRPORT ADVENTURES

Some students are wandering around an airport waiting
for their flight. This question deals with kinematics only, so
there is no need to consider resistive forces such as drag.
A group of students are walking at a speed of 1.0 m=s.

They walk alongside a travellator which is moving at a
speed of 0.70 m=s.

1. One of the students, Mali, decides to walk on the
travellator which is moving in the same direction as
the group of students. How fast must Mali walk to
move at the same speed as the rest of the group?
(1 mark)

Note when we refer to Mali’s walking speed we mean
with respect to the ground/travellator beneath them.

TABLE III. Comparison of local- and server-based GPU
performance on sparse matrix multiplications. System power
overhead was calculated for the RTX 4060Ti system using
NVIDIA’s estimated total required system power of 550 W
[48]. We used the Global PUE vales as system overhead for
cloud-based H100 and A100 GPUs. The FP16 T-FLOPS for the
RTX 4060Ti is taken as the reported number of AI TOPS
(trillions of operations per second).

GPU Watts
Sparse FP16
T-FLOPS

System power
overhead ratio T-FLOPs/joule

H100 700 1979 1.5 1.88
A100 400 624 1.5 1.04
RTX 160 353 3.43 0.64

CAN LARGE LANGUAGE MODELS CORRECTLY … PHYS. REV. PHYS. EDUC. RES. 21, 020155 (2025)

020155-9



1. The group stops to read a sign. Mali is still on the
travellator. How fast must Mali walk now to stay
with the group? (1 mark)

2. The group moves at 1.0 m=s toward the left. The
travellator moves at 0.70 m=s toward the left. Mali
walks at a constant speed v relative to the ground/

travellator beneath them. Mali wants to take path L
and arrive at point A at the same time as the rest of
the group. At what speed should Mali move? Ignore
any distance traveled in the y direction for this
problem (4 marks).

You may ignore the y direction for this question; it exists
simply for the clarity of the diagram. Imagine Mali and the
group start in line with point A. They walk to the end of the
travellator (point B) and then return. Mali completes the
entire journey on the travellator. The group does the entire
journey on the ground.
Assume the group walking speed is u. You may not

assume that u¼ 1.0 m=s. Assume that the travellator speed
is w. You may not assume that w ¼ 0.70 m=s. Assume the
travellator has length S.
Mali walks at a constant speed, v (relative to the ground

beneath them), for the entire journey. Determine speed v
such that Mali and the group return at the same time. Give
your answer as an algebraic expression.
Explore the limiting behaviors of your equation. Explain

what happens to vwhen u is very large compared to w, and
what happens when w is very large compared to u. What

happens to v when S is increased? Does the behavior of
your equation make sense in these scenarios? Why? (7
marks)

APPENDIX B: SELECTED MODELS

Table IV classifies the large language models used in the
experiments into thinking or nonthinking and by number of
parameters.

TABLE IV. List of open-source models used in the experiments, classified into either thinking or nonthinking models. Larger models
are slower and more expensive to run, therefore many companies will create smaller “distilled”models. Distillation is a technique where
a small model is trained to produce similar outputs to a larger one [50].

Model size
(number of parameters) Nonthinking model Thinking model

1-2B Llama3.2 1B [51] DeepSeek 1.5B [52]
A small model released by MetaAI in 2024 A Qwen distilled version of DeepSeek 671B

7B Mathstral [53] DeepSeek 7B [52]
A small model released by Mistral AI in
2024

A Qwen distilled version of DeepSeek 671B

14B Phi4 [54] DeepSeek 14B [52]
A model released by Microsoft in 2024 A Qwen distilled version of DeepSeek 671B

70B Llama3.3 70B [55] DeepSeek 70B [52]
A model released by MetaAI in 2024 A Llama distilled version of DeepSeek 671B

400B+ Llama3.1 405B [56] DeepSeek 671B [57]
A large model released by MetaAI in 2024 A large model released by DeepSeek AI in January 2025
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APPENDIX C: ADDITIONAL ALGORITHMS

This section contains the helper functions forAlgorithms 1
and 2. Algorithm3 (Attempt_parse) returns True andNone if
no formulas in a list contain syntax errors. If there are error
messages, it returns false and the error messages.
Algorithm 4 checks whether two lists of student equa-

tions are equivalent using the process described for
equivalence in Sec. III D.
Algorithm 5 describes the Z3Entailment function

used in Algorithm 4. This function calls an SMT solver to
check if two equations can be shown to be unsatisfiable.

APPENDIX D: EXTRA DATA TABLES

Once the initial experiments were conducted, additional
targeted experiments were performed for models with
strong performance just above the reasonable time require-
ment. The parameters of LLMs are stored as floating-point
numbers which are normally represented by 16 bits.
However, it is possible to round the numbers to less
significant figures allowing them to be stored in 8 bits
or 4 bits, referred to as 8-bit or 4-bit quantization,

TABLE V. Raw data for the additional experiments.

Model Llama 3.3 DeepSeek Phi4 Phi4

Model size (B) 70 70 14 14
Quantization (bit) 4 4 8 4

Direct
Time (s) 6763 89 566 624 314
Tokens 5268 89 871 5471 5497
Correct answers 134 133 142 141

LLM-Modulo SymPy
Time (s) 6978 90 625 651 337
Tokens 5461 91 003 5974 5732
Correct answers 134 133 142 141
After consensus 144 148 141 141

LLM-Modulo Z3
Time (s) 7183 126 033 796 377
Tokens 5537 99 298 7104 6785
Correct answers 141 146 147 144

ALGORITHM 3. Attempt_parse: checks and parses LLM
equations.

ALGORITHM 4. Check_Equivalence: of equation lists.

ALGORITHM 5. Z3Entailment: check equation entail-
ment using Z3.
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respectively. This has the advantage of using less memory
and requiring less computation per floating point operation
(FLOP). We performed experiments with these lower
quantizations for the chosen models, and the results are
shown in Table V. Llama 3.3 70B and DeepSeek-r1 70B
were able to be run on a local machine using 4-bit floating
point numbers (quantization).

APPENDIX E: PROMPTS

This section contains the exact prompts used to call the
large language models for each of the tasks. The first
prompt is the prompt that was used for the direct method,
and therefore also the first step in the LLM-Modulo SymPy,
LLM-Modulo Z3, and Consensus methods:

You are an expert in interpreting student
mathematical responses to physics ques-
tions. Please read this student answer:
<<<{student_answer}>>>
When writing equations, use SymPy syntax

following these guidelines exactly:
- Use Eq(left, right) syntax, e.g., “Eq

(v, (2*u) + w).”
- If student writes an expression with-

out “{EXPECTED_VARIABLES[0]}=”, assume
that this is intended to be the right hand
side of the equation and the left side would
be {EXPECTED_VARIABLES[0]}.

- Separate multiple equations with
commas.

- Only use these variables:
{EXPECTED_VARIABLES}. Capitalization of
the variables is very important, please
adjust the student’s variables to match
the capitalization of the expected varia-
bles given here.

- Correct notation (for example v0→ v_0
or x^2 → x**2) but do not correct math
errors.

- Use brackets for proper order of
operations.

- Use “**(1/2)” for square root.
- If there are multiple equations, sep-

arate them by commas but include all of them
within “[“ and ”].”

- Use sin(x) and cos(x) for trigonomet-
ric functions, as in SymPy syntax. For exam-
ple, “sin(x)” should remain sin(x) and
“cos^2(theta)” should be written as (cos
(theta)**2).

- Note that special symbols may not have
formatted correctly. Therefore if you see
“?” there is a high chance that the student
meant “theta,” “phi” or another Greek
letter.

Examples:
- Student writes “E=2u+w”: Output

should be “Eq(E_0, (2*u) + w).”
- Student writes “E0=u^2/w”: Output

should be “Eq(E_0, (u**2)/w).”
- Student writes "sin x": Output should

be "Eq(E_0, sin(x))."
- Student writes “v=sin(x) + cos^2

(theta)” Output should be “Eq(v, sin(x) +
(cos(theta)**2)).”
The based on these guidelines analyse the

provided student answer and complete the
following task exactly: Write “List of
Equations: [.” Then write all equations
that are contained in the student text using
SymPy format following the guidelines
above. Separate each equation with a comma
(,). Then write “].” If the student has not
written an equation using symbols (only
describing in words) then leave the list
blank “[].”
When completing the task, if the student

writes any variables that are not in this
list: {EXPECTED_VARIABLES} use your expert
judgement to interpret and rewrite what
they meant in terms of these variables.
Use the exact marker text and provide no
additional text or justification.
Student answer: <<<{student_answer}>>>
Your response to the task:

The following repair prompt was used in the LLM-
Modulo methods:

You are an expert in interpreting student
mathematical responses and converting them
into valid SymPy syntax.
Your overall goal is to extract all equa-

tions that students have explicitly writ-
ten in their response to a physics question.
Note that equations described in words do
not count, only record equations that stu-
dents have written in SymPy syntax.
The student may have made syntactic

errors, please use your expertise to inter-
pret what the student meant and write record
the syntactically correct version.
Ensure that only the expected variables

are used, they are listed here: {EXPECTED_
VARIABLES}
The student’s answer is as follows: <<<

{student_answer}>>>
Previously you recorded this equation:

{original_response}
However it could not be parsed, giving

this error: {error_msg}
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Your task is to repair your previous
response which had a parsing error. Learn
from the error messages, try changing sym-
bols or operators to fit the required syntax
and don’t repeat the same error again.
Guidelines for your corrected response:
1. Begin with “List of Equations: [“ and

end with “].”
2. All equations must be in SymPy format

using Eq(left, right), e.g., “Eq(v, u + w)”
for “v = u + w.”
3. If student writes expression without

“{EXPECTED_VARIABLES[0]}=,” assume that
this is intended to be the right hand side
of the equation and the left side would be
{EXPECTED_VARIABLES[0]}.
4. If multiple equations, separate them

with commas. Do not use \n.
5. Only use these variables: {EXPECTED_

VARIABLES}. Capitalization of the varia-
bles is very important, please adjust the
student’s variables to match the capitali-
zationoftheexpectedvariablesgivenhere.
6. Correct notation errors (capitaliza-

tion,brackets)butnotmathematicalerrors.
7. Use “**(1/2)” for square root.
8. If there are multiple equations, sep-

arate them by commas but include all of them
within “[“ and ”].” Do not use square brack-
ets for any other purpose.
9. Use sin(x) and cos(x) for trigonomet-

ric functions, as in SymPy syntax. For exam-
ple, “sin(x)” should remain sin(x) and
“cos^2(theta)” should be written as (cos
(theta)**2).
10. Note that special symbols may not have

formattedcorrectly.Thereforeifyousee“?”
there is a high chance that the student meant
“theta,” “phi” or another Greek letter.
11. Example formats (pay careful atten-

tion to brackets and order of operations):
- Student writes “E=2u+w”: Output

should be “Eq(E_0, (2*u) + w).”
- Student writes “E0=u^2/w”: Output

should be “Eq(E_0, (u**2)/w).”
- Student writes “sin x”: Output should

be “Eq(E_0, sin(x)).”
- Student writes “v=sin(x) + cos^2

(theta)” Output should be “Eq(v, sin(x) +
(cos(theta)**2))”
Provide only the “List of Equations:

[...]” response, with no explanation or
justification.

This prompt was used in the consensus condition:

You are an expert in interpreting student
mathematical responses and converting them
into valid SymPy syntax.
Two different interpretations were given

for a student’s answer, and we need your
expert analysis to determine the most accu-
rate interpretation.
Original student answer: <<<{student_

answer}>>>
{model1_id} interpretation: {response1}
{model2_id} interpretation: {response2}
Guidelines for your consensus response:
1. Begin with “List of Equations: [.”
2. Then write the equation(s) in the stu-

dent response. Separate them by commas, do
not use \n.
3. Finally end your response with “].”
All equations must be in SymPy format using

Eq(left, right).
- If student writes expression without

“{EXPECTED_VARIABLES[0]}=,” assume that
this is intended to be the right hand side
of the equation and the left side would be
{EXPECTED_VARIABLES[0]}.

- Separate multiple equations with
commas.

- Only use these variables: {EXPECTED_
VARIABLES}. Capitalization of the varia-
bles is very important, please adjust the
student’s variables to match the capitali-
zationoftheexpectedvariablesgivenhere.

- Correct notation (v0 → v_0, x^2 →
x**2) but not math errors.

- Use brackets for proper order of
operations.

- Use “**(1/2)” for square root.
- If there are multiple equations, sep-

arate them by commas but include all of them
within “[“ and ”].”

- Use sin(x) and cos(x) for trigonomet-
ric functions, as in SymPy syntax. For exam-
ple, “sin(x)” should remain sin(x) and
“cos^2(theta)” should be written as (cos
(theta)**2).

- Note that special symbols may not have
formattedcorrectly.Thereforeifyousee“?”
there is a high chance that the student meant
“theta,” “phi” or another Greek letter.
Examples:
- Student writes “E=2u+w”: Output

should be “Eq(E_0, (2*u) + w).”
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- Student writes “E0=u^2/w”: Output
should be “Eq(E_0, (u**2)/w).”

- Student writes “sin x”: Output should
be “Eq(E_0, sin(x)).”

- Student writes “v=sin(x) + cos^2
(theta)” Output should be “Eq(v, sin(x) +
(cos(theta)**2)).”

Analyze both interpretations and the
original student answer, then provide your
expert consensus in the exact format speci-
fied above.
Provide only the "List of Equations:

[...]" response, with no explanation or
justification.

[1] T. H. Trinh, Y. Wu, Q. V. Le, H. He, and T. Luong, Solving
olympiad geometry without human demonstrations, Nature
(London) 625, 476 (2024).

[2] K. Cobbe, V. Kosaraju, M. Bavarian, M. Chen, H. Jun, L.
Kaiser, M. Plappert, J. Tworek, J. Hilton, R. Nakano, C.
Hesse, and J. Schulman, Training verifiers to solve math
word problems, arXiv:2110.14168.

[3] D. Hendrycks, C. Burns, S. Kadavath, A. Arora, S. Basart,
E. Tang, D. Song, and J. Steinhardt, Measuring math-
ematical problem solving with the MATH dataset,
arXiv:2103.03874.

[4] J. Ahn, R. Verma, R. Lou, D. Liu, R. Zhang, and W. Yin,
Large language models for mathematical reasoning: Pro-
gresses and challenges, in Proceedings of the 18th
Conference of the European Chapter of the Association
for Computational Linguistics: Student Research Work-
shop, edited by N. Falk, S. Papi, and M. Zhang (Associ-
ation for Computational Linguistics, St. Julian’s, Malta,
2024), pp. 225–237.

[5] H. Zhang, J. Da, D. Lee, V. Robinson, C. Wu, W. Song, T.
Zhao, P. V. Raja, C. Zhuang, D. Z. Slack, Q. Lyu, S. M.
Hendryx, R. Kaplan, M. Lunati, and S. Yue, A careful
examination of large language model performance on
grade school arithmetic, in Advances in Neural Informa-
tion Processing Systems 37 (NeurIPS 2023) (Neural
Information Processing Systems Foundation, Vancouver,
Canada, 2023).

[6] H. Barbosa, Challenges in SMT proof production and
checking for arithmetic reasoning, in CEUR Workshop
Proceedings (CEUR-WS.org, Tromsø, Norway, 2023),
Vol. 3455.

[7] D. Guidotti, L. Pandolfo, and L. Pulina, Leveraging
satisfiability modulo theory solvers for verification of
neural networks in predictive maintenance applications,
Information 14, 397 (2023).

[8] D. Winterer and Z. Su, Validating SMT solvers for
correctness and performance via grammar-based enumer-
ation, Proc. ACM Program. Lang. 8, 2378 (2024).

[9] C. Barrett, P. Fontaine, and A. Stump, The SMT-LIB
standard, Technical Report, University of California,
Berkeley, 2024.

[10] H. Lachnitt, M. Fleury, L. Aniva, A. Reynolds, H. Barbosa,
A. Nötzli, C. Barrett, and C. Tinelli, IsaRare: Automatic
verification of SMT rewrites in Isabelle/HOL, in Tools and
Algorithms for the Construction and Analysis of Systems,
edited by B. Finkbeiner and L. Kovács, Lecture Notes in

Computer ScienceVol. 14570 (SpringerNature Switzerland,
Cham, 2024), pp. 311–330.

[11] S. Kambhampati, K. Valmeekam, L. Guan, M. Verma, K.
Stechly, S. Bhambri, L. P. Saldyt, and A. B. Murthy,
Position: LLMs can’t plan, but can help planning in
LLM-modulo frameworks, in ICML24: Proceedings of
the 41st International Conference on Machine Learning
(PMLR, Cambridge, MA, 2024), pp. 22895–22907.

[12] S. Burrows, I. Gurevych, and B. Stein, The eras and trends
of automatic short answer grading, Int. J. Artif. Intell.
Educ. 25, 60 (2015).

[13] U. Hasanah, A. E. Permanasari, S. S. Kusumawardani, and
F. S. Pribadi, A review of an information extraction
technique approach for automatic short answer grading,
in Proceedings of the 1st International Conference on
Information Technology, Information Systems and Elec-
trical Engineering, ICITISEE, Yogyakarta, Indonesia
(IEEE, New York, 2016), pp. 192–196.

[14] T. A. Mat, A. Lajis, and H. Nasir, Text data preparation in
RapidMiner for short free text answer in assisted assessment,
in Proceedings of the IEEE 5th International Conference on
Smart Instrumentation, Measurement and Application,
ICSIMA, Songkla, Thailand (IEEE, New York, 2018),
pp. 1–4.

[15] H.-C. Wang, C.-Y. Chang, and T.-Y. Li, Assessing creative
problem-solving with automated text grading, Comput.
Educ. 51, 1450 (2008).

[16] R. Ziai, N. Ott, and D. Meurers, Short answer assessment:
Establishing links between research strands, in Proceed-
ings of the Seventh Workshop on Building Educational
Applications Using NLP, Montréal, Canada (Association
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