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Abstract

We introduce SymPyBench, a large-scale
synthetic benchmark of 15K university-level
physics problems (90/10% train/test split).
Each problem is fully parameterized, support-
ing an effectively infinite range of input con-
figurations, and is accompanied by structured,
step-by-step reasoning and executable Python
code that produces the ground-truth solution
for any parameter set. The benchmark contains
three question types: MC-Symbolic (multiple-
choice with symbolic options), MC-Numerical
(multiple-choice with numerical options), and
free-form (open-ended responses). These di-
verse formats test complementary reasoning
skills. By leveraging the dynamic, code-driven
nature of the benchmark, we introduce three
novel evaluation metrics in addition to standard
accuracy: Consistency Score, Failure Rate, and
Confusion Rate, that quantify variability and
uncertainty across problem variants. Experi-
ments with state-of-the-art instruction-tuned
language models reveal both strengths and
limitations in scientific reasoning, positioning
SymPyBench as a foundation for developing
more robust and interpretable reasoning sys-
tems.

1 Introduction

Large Language Models (LLMs) have demon-
strated impressive capabilities across a wide range
of natural language processing tasks (Kojima et al.,
2022; Anthropic; Bai et al., 2023; Grattafiori et al.,
2024). Despite this progress, their proficiency in
domain-specific, structured reasoning, particularly
within scientific disciplines such as physics, re-
mains limited (Ahn et al., 2024; Lewkowycz et al.,
2022; Chang et al., 2024).

Solving physics problems requires the integra-
tion of multiple reasoning steps, the precise appli-
cation of physical laws, and careful mathematical
rigor (Larkin and Reif, 1979; Hegde and Meera,
2012; Reif and Heller, 1982). While existing bench-

marks are valuable for evaluating factual recall and
fundamental scientific knowledge, they do not fully
capture the complexity of structured, step-by-step
reasoning that is essential in physics and related
domains1. Moreover, these benchmarks do not
support systematic variation of numerical param-
eters or linguistic formulations, which limits their
ability to effectively evaluate and audit model per-
formance.

To address these limitations, we introduce
SymPyBench, a dynamic benchmark for physics-
based reasoning comprising 15,045 problem in-
stances paired with executable Python code. Our
contributions are:

Dynamical Generalization. SymPyBench fea-
tures systematically parameterized physics prob-
lems, where each question can be instantiated
with varied input variables. Every instance is
accompanied by step-by-step reasoning and exe-
cutable Python code that produces the correspond-
ing ground-truth solution. The benchmark in-
cludes three question types that test complemen-
tary reasoning skills. MC-Symbolic questions are
multiple-choice with symbolic options and primar-
ily evaluate symbolic and algebraic reasoning. MC-
Numerical questions are multiple-choice with nu-
merical answers, testing a model’s ability to per-
form calculations and apply formulas accurately.
free-form questions are open-ended and assess the
model’s ability to generate solutions without any
hints, often involving multiple sub-questions or in-
termediate steps. An example of our benchmark is
shown in Figure 1.

Metrics Beyond Accuracy. SymPyBench en-
ables systematic evaluation of LLMs through con-
trolled perturbations of problem inputs and lin-
guistic expressions, allowing researchers to probe
model behaviors and reveal reasoning patterns. Un-

1Examples from prior benchmarks in Appendix 11.
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Question
A DC winch motor is rated at {I} with a voltage of {V}. When the motor operates at its maximum power, 
it can lift an object with a weight of {F} a distance of {d} in {t} at a constant speed. (a) What is 
the power consumed by the motor? (b) What is the power used in lifting the object? Ignore air 
resistance. (c) Assuming that the difference in the power consumed by the motor and the power used to 
lift the object is dissipated as heat by the motor's resistance, estimate the resistance of the motor?

Inputs_1 = {
I: [23.7, "A"],
V: [128.0, "V"],
F: [4200.0, "N"],
d: [6.44, "m"],
t: [30.7, "s"]

}

Inputs_2 = {
I: [13.7, "A"],
V: [105.0, "V"],
F: [4660.0, "N"],
d: [6.23, "m"],
t: [22.3, "s"]

}

Inputs_N= {
I: [16.0, "A"],
V: [126.0, "V"],
F: [3460.0, "N"],
d: [10.2, "m"],
t: [25.6, "s"]

}

Inputs_3 = {
I: [17.4, "A"],
V: [114.0, "V"],
F: [4760.0, "N"],
d: [7.63, "m"],
t: [19.2, "s"]

}

Ans= {
"P_motor": [1438.5, "W"],
"P_lifting": [1301.8, "W"],
"R": [0.72, "Ω"]

}

Ans= {
"P_motor": [1983.6, "W"],
"P_lifting": [1891.6, "W"],
"R": [0.31, "Ω"]

}

Ans= {
"P_motor": [2016.0, "W"],
"P_lifting": [1378.6, "W"],
"R": [2.48, "Ω"]

}

Ans = {
"P_motor": [3033.6, "W"],
"P_lifting": [881.0, "W"],
"R": [3.83, "Ω"]
}

. . .

Reasoning Python Code

. . .

import sympy as sp
from pint import UnitRegistry

# Initialize unit registry
ureg = UnitRegistry()
Q_ = ureg.Quantity

def motor_power_calculations(I, V, F, d, t):
# Convert inputs to Pint quantities
I = Q_(I).to(ureg.ampere)       # Current in Amperes
V = Q_(V).to(ureg.volt)         # Voltage in Volts
F = Q_(F).to(ureg.newton)       # Force in Newtons
d = Q_(d).to(ureg.meter)        # Distance in Meters
t = Q_(t).to(ureg.second)       # Time in Seconds

# Extract magnitudes
I = I.magnitude
V = V.magnitude
F = F.magnitude
d = d.magnitude
t = t.magnitude

# (a) Power consumed by the motor
P_motor = I * V

# (b) Power used in lifting the object
v = d / t                       # Velocity
P_lifting = F * v

# (c) Power dissipated
P_dissipated = P_motor - P_lifting
R = P_dissipated / (I**2)

return {
'P_motor': P_motor,
'P_lifting': P_lifting,
'R': R

}

Difficulty: MediumDomain: Electric circuits Sub Domain: DC motor power, Resistive losses, Resistance

Figure 1: An example from the SymPyBench dataset illustrating a free-form physics question. The figure illustrates
a parameterized problem with variable input parameters, the final answer, detailed step-by-step reasoning, and the
associated executable Python code. The question includes metadata such as domain, subdomain, and difficulty.

like existing benchmarks that rely on a single prob-
lem instance, our dynamic design creates multiple
problem variants, enabling a more nuanced assess-
ment of model performance. We introduce novel
metrics (Consistency Score, Failure Rate, and Con-
fusion Rate) to capture variability and uncertainty
in model reasoning across variants. By analyz-
ing performance across multiple variants, we can
determine whether a model consistently applies
the correct solution strategy or exhibits inconsis-
tent behavior, failing to generalize across similar
problems, thereby providing a more comprehensive
understanding of its strengths and weaknesses.

2 Related Work

The development of science benchmarks such as
ScienceQA (Lu et al., 2022), SciBench (Wang
et al., 2023), and physics-specific datasets like
PhysBench from MMLU (Hendrycks et al., 2021)
has been instrumental in advancing the evaluation
of LLMs on structured reasoning tasks. These
benchmarks provide valuable testbeds for assessing
baseline scientific knowledge and reasoning skills.
Several physics, focused resources, including Phys-
Bench (Hendrycks et al., 2021), SciEval (Sun et al.,
2024), and JEEBench (Arora et al., 2023), primar-
ily adopt multiple-choice formats, which enable
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Dataset
Number
of Prob-

lems
Academic Level

Step-by-
step

Reasoning

Numerical
Variation

Q&A

Textual
Variation

Q&A

Python
Code

Unit
Validation

ScienceQA (Lu et al., 2022) 4,546 Elem. & Highschool ✗ ✗ ✗ ✗ ✗

SciBench (Wang et al., 2023) 594 Highschool ✗ ✗ ✗ ✗ ✗

SciEval (Sun et al., 2024) 1,657 Mixed ✗ Partial ✗ ✗ ✗

JEEBench (Arora et al., 2023) 512 Highschool ✗ ✗ ✗ ✗ ✗

MMLU Physics (Hendrycks et al., 2021) 124 Highschool ✗ ✗ ✗ ✗ ✗

PhysicsQA (Jaiswal et al., 2024) 370 Highschool ✓ ✗ ✗ ✗ ✗

SymPyBench (Ours) 15,045 Undergraduate ✓ ✓ ✓ ✓ ✓

Table 1: High-level comparison of physics benchmarks. ‘Partial’ indicates limited (2–3 variations) or inconsistent
support.

standardized evaluation at scale. Many existing
benchmarks lack detailed, step-by-step solutions
and do not explicitly support symbolic computa-
tion, which are essential in scientific disciplines
such as physics. Table 1 summarizes the key differ-
ences between SymPyBench and existing scientific
reasoning datasets across several dimensions.

While benchmarks are foundational, robust eval-
uation protocols are equally critical to understand
model behavior under variation. Typical evalua-
tions of LLMs often report a single performance
metric per dataset, reflecting best-case results un-
der idealized or carefully curated settings. This ob-
scures important dimensions of robustness and reli-
ability (Zhu et al., 2024; Bommasani et al., 2023).

PromptBench (Zhu et al., 2024) provides a flexi-
ble toolkit for robustness testing, with modules for
prompt creation, adversarial generation, and analy-
sis. However, its adversarial prompts can alter input
semantics, reducing realism. HELM (Bommasani
et al., 2023) uses a broader evaluation across met-
rics like fairness and efficiency, but its robustness
tests are limited to minor surface changes and basic
contrastive examples (Gardner et al., 2020). Build-
ing on these efforts, SymPyBench introduces a
dynamic, parameterized benchmark designed to
evaluate model consistency and generalization un-
der controlled variations.

3 Methodology

We begin by collecting open-source problem sets
covering a broad range of undergraduate-level
physics topics. The topic distribution reflects the
emphasis typically found in standard Bachelor
of Science in Physics curricula. All content is
sourced from openly available, Creative Commons–
licensed materials.2

2The dataset is released under a CC-BY-NC li-
cense. Portions of the data were generated using
LLaMA 3.2 and 3.3 models and are subject to their

Problem Extraction. We apply OCR via Tesser-
act to extract text from each problem and detect any
reliance on figures, diagrams, tables, or references
to other questions. Dependencies are identified
using keyword search and pattern matching. Prob-
lems flagged as dependent are excluded, resulting
in a dataset of predominantly self-contained, text-
based questions suitable for our benchmark. While
some dependencies may remain undetected, this
step effectively filters most problems that rely on
visual or contextual information and prepares the
dataset for subsequent processing.

Structured Representation. For each prob-
lem, we generate a structured textual represen-
tation using the LLaMA-3.2-90B-Vision-Instruct
model (Grattafiori et al., 2024). The model is
prompted to reformat the original problem into
a standardized schema, as illustrated in Figure 2.
This process consists of five stages, producing the
following components:
1. Question: A clean, self-contained restatement

of the problem in natural language.
2. Reasoning Step: A detailed, step-by-step tex-

tual explanation outlining the relevant physical
principles and intermediate computations.

3. Input Variables: Numerical quantities with
their associated physical units (e.g., v1: [2,
m/s]).

4. Output Variables: Target quantities with their
expected final values and units (e.g., va: [-3,
m/s]).

5. Constants: Known physical constants such
as gravitational acceleration (e.g., g: [9.8,
m/s2]).

At the conclusion of this process, each question is
represented in a structured JSON format encom-

respective licenses(https://github.com/meta-llama/
llama-models/blob/main/models/llama3_2/LICENSE;
https://github.com/meta-llama/llama-models/blob/
main/models/llama3_3/LICENSE).
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Raw Data Question and Reasoning Step 
template using input variables
and constants.

Structured Representation Template Generation

Question;   Reasoning Step; 
Input Variables  {name: [value, unit]}   

Output Variables {name: [value, unit]} ;
Constants {name: [value, unit]}

Free-Form
MC-Symbolic
MC-Numerical

All problems are 
verified to ensure their 

accuracy.

Questions
A technician mounts a fan on a test rig and 
starts the blade spinning from rest, 
reaching a final angular speed of 320 
revolutions per minute (rpm) in 6.00 
seconds. Calculate the average angular 
acceleration in rad/s²? Approach
The average angular acceleration (β) can 
be found using its definition: β = ΔΩ / Δτ
where ΔΩ is the change …

{question: A technician ….  Calculate the 
average angular acceleration in rad/s²?,

reasoning_step: Approach…
input_variables: {

final_rpm: [320, rev/min],…   
},
output_variables: {

average_angular_acceleration: [5.58, 
rad/s^2],

Constants: {}
}

{question: A technician mounts a fan on a 
test rig and starts the blade spinning from 
rest, reaching a final angular speed of 
{final_rpm}  in {time_to_final}. (a) Calculate 
the average angular acceleration?

reasoning_step: Approach
The average angular acceleration (β) can 
be found using its definition: β = ΔΩ / Δτ
where ΔΩ is the change 
…

Variation  ith
An engineer places a fan onto a testing 
apparatus and initiates its rotation from a 
stationary position, accelerating it to a final 
angular speed of {final_rpm} ..?

def
compute_angular_acceleration(final_rpm, 
time_to_final, 
brake_angular_acceleration)
# ... calculation code ...
return {
'average_angular_acceleration': 
average_angular_acceleration,
'stopping_time': stopping_time
}

Python Code 

An engineer places a fan onto a testing apparatus and initiates its rotation 
from a stationary position, accelerating it to a final angular speed of 250 
rpm…?
Ground Truth:   (a) 5.24 rad/s²   (b) 0.300 s

Free-Form

An engineer places a fan onto …?
Choices:
A) (a) α = ω_final / Δt; (b) t = -ω_final / α_brake B) (a) α = ω_final / Δt; (b) t = 
ω_final / α_brake C) (a) α = 2ω_final / Δt; (b) t = -ω_final / α_brake D) (a) α = 
ω_final / Δt; (b) t = -ω_final / (2α_brake)
Ground Truth: A

MC-Symbolic

Question: An engineer ….
Choices:
A) (a) 5.16 rad/s²; (b) 0.327 s B) (a) 5.16 rad/s²; (b) 0.654 s  C) (a) 10.32 rad/s²; 
(b) 0.327 s  D) (a) 5.16 rad/s²; (b) -0.327 s
Ground Truth: A

MC-Numerical

def compute_angular_acceleration(final_rpm, 
time_to_final, brake_angular_acceleration)
# ... calculation code ...
return {
'average_angular_acceleration': 
average_angular_acceleration,
'stopping_time': stopping_time
}

Python Code 

Filtered Data

Generating Variations and 
Python Code

Question 
Format:

Figure 2: High-level pipeline diagram summarizing the workflow of creating SymPyBench.

passing these five components. This structured
representation serves as the foundation for gener-
ating parameterized code and enables systematic
variation across problem instances.

Template Generation. Building on the struc-
tured representation, we prompt the LLM to gen-
erate parameterized problem templates. Specifi-
cally, the model populates both the question text
and the step-by-step solution using symbolic place-
holders drawn from the Input Variables, Output
Variables, and Constants fields (e.g., v1, F , g).
This ensures that every symbolic reference in the
reasoning aligns with the corresponding schema
entry, maintaining coherence across intermediate
steps and enabling consistent substitution of values
across problem variations, as illustrated in Figure 2.

Generating Variations and Python Code. This
step consists of two phases: generating textual vari-
ations and synthesizing executable Python code.

Textual Variation Generation. Given the parame-
terized template from the previous step, we prompt
the model to generate three textual variations of
each question. These variations diversify the lin-
guistic phrasing while preserving the underlying
problem structure and symbolic placeholders, en-
suring linguistic diversity in the benchmark.

Python Code Synthesis. We then prompt the
model to generate executable Python code that
solves each problem. The prompt specifies: (1)
the function signature, with Input Variables and
Constants keys as input parameters, (2) the ex-
pected return format, a dictionary mapping Output
Variables keys to their computed values, and (3)
the Reasoning Steps to guide the solution logic.
This structured guidance enables the model to sys-
tematically translate the symbolic solution into exe-
cutable code, as illustrated in Figure 2. We employ
few-shot prompting with high-quality examples
to improve code generation reliability and consis-
tency.

To validate correctness, we execute each gener-
ated Python function by substituting the original
numerical values and units from the structured rep-
resentation. If the computed outputs match the
expected Output Variables (accounting for nu-
merical tolerance and unit equivalence), we retain
the code in our dataset; otherwise, we discard it. By
iteratively refining prompts, we are able to generate
correct code for approximately 88% of problems.
For the remaining cases, the generated code does
not pass our validation tests.

To ensure correctness and dimensional consis-
tency, all generated code relies on well-established
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Mechanics 33.80% Electricity and Magnetism 26.76% Modern Physics 12.68%

Kinematics Electric Current Quantum Mechanics
SUVAT Equations Electric Field Special Relativity
Projectile Motion Lorentz Force Photon Energy

Thermodynamics 8.45% Waves and Oscillations 11.27% Optics 7.04%

Kinetic Theory of Gases Wave Motion Geometric Optics
Ideal Gas Law Frequency Polarization
RMS Speed Doppler Effect Electromagnetic Waves

Table 2: Distribution of problems across physics domains and their top three subdomains in SymPyBench.

tools (Newell et al., 1972; Meurer et al., 2017; pin,
2025). Specifically, Pint enforces unit consistency
across all numerical operations, preventing unit-
related errors, while SymPyBench facilitates sym-
bolic algebra, equation solving, and analytical ma-
nipulation, enabling precise mathematical handling
throughout the benchmark.

Question Format Generation To enable robust
and diverse evaluation, we generate problems in
three distinct formats: free-form, multiple-choice
symbolic (MC-Symbolic), and multiple-choice
numerical (MC-Numerical). Our dataset com-
prises 71.52% free-form questions, 14.24% MC-
Symbolic questions, and 14.24% MC-Numerical
questions. Note that MC-Symbolic and MC-
Numerical formats are generated only for problems
with a single sub-question, as many problems in
our dataset contain multiple sub-questions. For nu-
merical instantiation, we sample random values for
all Input Variables with controlled perturbation
(typically ±20 to 50% of the original values) and
substitute them into each question.

Free-Form Questions. Free-form questions are
directly derived from the textual variations gener-
ated in the previous step. In this format, models
must produce numerical answers with appropriate
units.

MC-Symbolic Questions. For each MC-
Symbolic problem, we generate a multiple-choice
question to assess symbolic reasoning capabilities.
The correct symbolic answer is obtained by prompt-
ing the model to generate an algebraic expression
that matches the output of the reference Python
implementation. To validate correctness, we sub-
stitute N random sets of input variables (typically
N = 20) into both the symbolic expression and the
Python code, verifying that outputs match across
all test cases.

After validating the correct answer, we generate
three distractors by prompting the model to pro-

duce small, plausible modifications to the correct
expression (e.g., sign changes, term omissions, or
altered variable combinations). Each distractor is
designed to be algebraically similar yet unambigu-
ously incorrect. To mitigate positional bias, we
randomize the order of the four answer choices.

MC-Numerical Questions. For MC-Numerical
problems, we substitute the sampled numerical val-
ues into the MC-Symbolic format, yielding four
numerical options.

Dataset Quality All problems are manually re-
viewed to ensure correctness. Table 3 shows the
percentage of error for each step in each step.

Dataset Composition. SymPyBench features a
diverse set of problems with three types of vari-
ations: (1) linguistic variation with three dis-
tinct phrasings, (2) format variation with three
question formats (free-form, MC-Symbolic, MC-
Numerical), and (3) numerical variation with the-
oretically infinite instantiations. In addition, each
problem is annotated with relevant keywords, in-
cluding domain, sub-domain, and difficulty level.
The distribution of problems across high-level
physics topics is shown in Table 2. More analysis
is provided in appendix.

4 Experimental Results and Insights
Beyond Accuracy

We evaluate a range of state-of-the-art instruction-
tuned LLMs on SymPyBench to assess their sci-
entific reasoning capabilities under dynamic and
perturbed conditions. To this end, we measure sev-
eral key metrics:

Exact Match Accuracy: The proportion of prob-
lems for which the model produces a completely
correct end-to-end solution:

Exact Match Accuracy =
Number of fully correct solutions

Total number of problems
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Stage Type of Error Checked Error Rate (Percentage of data filtered)

1. Filtered Data Dependency to previous questions or visual information ∼5% (manually checked)
2. Structured Representation Incorrect JSON structure ∼4.5%
3. Template Generation Variable mismatch with Stage 3; Incorrect JSON structure ∼1%
4. Generating Variations Incorrect JSON structure <1%
5. Python Code Function signature mismatch; incorrect output; unit errors ∼12%
6. Final Manual Review Human inspection All remaining verified

Table 3: Data Filtered Due to Errors at Each Stage of the Collection and Processing Pipeline

Model Partial Accuracy↑ Exact Match Accuracy ↑ Consistency Score↑ Complete Failure Rate ↓ Confusion rate ↓
Qwen2.5-7B-Instruct 24.26% 16.44% 5.66% 41.51% 15.09%
Qwen2.5-72B-Instruct 66.57% 61.69% 37.74% 15.09% 11.32%
Llama-3.3-70B-Instruct 59.05% 54.17% 28.30% 15.09% 7.55%
Llama3.1-405b-instruct 42.79% 34.45% 17.46% 30.16% 14.29%
Llama4-maverick-17b-128e-instruct 69.92% 64.17% 34.92% 9.52% 11.11%
Llama4-scout-17b-16e-instruct 56.49% 50.17% 20.63% 14.29% 19.05%
OpenAI GPT (gpt-4-turbo) 60.59% 53.73% 33.33% 18.18% 12.12%
Gemini-2.0-Flash 71.43% 64.49% 34.38% 9.38% 12.50%
Anthropic Sonnet-3.7 70.81% 65.48% 42.42% 18.18% 6.06%

Table 4: Performance Metrics across LLMs on SymPyBench. Includes Partial Accuracy, Exact Match Accuracy,
Consistency Score, Complete Failure Rate, and Confusion Rate.

Many problems in our dataset are composed of
multiple subproblems (e.g., parts a, b, c; see Ap-
pendix 9). To calculate exact match accuracy, we
require the model to correctly solve all parts of a
problem. However, because many problems are
subdivided in this way, we also introduce Partial
Accuracy as a complementary metric.

Partial Accuracy: The fraction of subproblems
within a structured solution that the model answers
correctly.

Partial Accuracy =
Number of correct subproblems
Total number of subproblems

In addition to accuracy, we evaluate the model’s
robustness using several complementary metrics:

Consistency Score: The proportion of problem
groups where the model consistently provides the
correct answer across all perturbed variants (i.e.,
versions of each problem modified by numerical,
textual, or format changes), reflecting the stability
and reliability of the model’s performance. A high
consistency score indicates that the model can re-
liably solve problems even with slight variations,
showcasing its generalization ability.

Consistency Score =
# groups with all correct variants

# total problem groups

Confusion Rate: The confusion rate indicates
the fraction of problem groups where the model’s
accuracy across variants is around 40%-60%, re-
flecting uncertainty in the model’s reasoning. It

provides insight into situations where the model
may be guessing or uncertain about the correct ap-
proach.

Confusion Rate =
# groups with ∼50% accuracy

# total problem groups

Complete Failure Rate: This metric tracks the
proportion of problem groups where the model an-
swers all variants incorrectly. A high Complete
Failure Rate indicates areas of consistent failure,
providing valuable diagnostic information for im-
proving model performance.

Complete Failure Rate =
# groups with all incorrect variants

# total problem groups

4.1 Results

Table 4 provides a comprehensive evaluation of
large language models on SymPyBench. Three
models emerge as clear leaders: Anthropic Sonnet-
3.7, Gemini-2.0-Flash (Anthropic; Google Deep-
Mind), and Llama4-Maverick-17B-128E achieve
Exact Match Accuracy exceeding 64% with corre-
spondingly high Partial Accuracy, demonstrating
reliable multi-step reasoning capabilities.

Among the top performers, Sonnet-3.7 distin-
guishes itself with the highest Consistency Score
(42.42%) and lowest Confusion Rate (6.06%),
demonstrating superior robustness to paraphrased
and perturbed problem variants, and Gemini-
2.0-Flash achieves the highest Partial Accuracy
(71.43%). The Confusion Rate, which quantifies
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the proportion of problem groups where model
accuracy across variants hovers around 50%, re-
flects reasoning uncertainty; stronger models such
as Sonnet-3.7 consistently display lower confusion
rates. GPT-4-Turbo presents solid overall met-
rics (60.59% partial, 53.73% exact) but underper-
forms in consistency (33.33%) compared to the top
tier. Qwen2.5-72B-Instruct performs competitively
(66.57% partial, 61.69% exact) but shows higher
complete failure rates (15.09%) than Maverick and
Gemini. These results underscore the importance
of evaluating mathematical reasoning not only in
terms of accuracy, but also with respect to con-
sistency, robustness, and failure modes, qualities
that are often overlooked by traditional metrics, yet
are essential for ensuring real-world reliability in
scientific problem-solving.

Our in-depth analysis reveals that models such
as Maverick are far more likely to succeed when
guided by multiple-choice formats, particularly
MC-Symbolic, compared to open-ended free-form
questions. The structured nature of multiple-choice
formats reduces the complexity of open-ended gen-
eration and enables models to focus on selecting
the correct answer, which often leads to higher
accuracy. While these models may still make con-
ceptual errors, our results indicate that a substan-
tial portion of their failures in free-form settings
stem from challenges in generating complete and
well-formatted solutions, as well as difficulties in
arithmetic computation and physics-specific skills
such as unit conversion. However, it is important
to note that multiple-choice formats can provide
additional cues or scaffolding that help the model
arrive at the correct answer, even in the presence of
partial understanding. Weaker models like 405B,
however, show lower accuracy across all formats,
suggesting more fundamental gaps in both concep-
tual understanding and execution. These findings
underscore the diagnostic power of our benchmark.
By systematically varying question formats, we
are able to disentangle the underlying sources of
model errors, yielding actionable insights for the
advancement of scientific language models. Com-
plete results, along with additional examples and
extended analysis, are provided in Appendix 8.

5 Conclusion and Future Work

We introduce SymPyBench, a benchmark for eval-
uating the scientific reasoning capabilities of large
language models in physics, with a focus on gen-

eralization across diverse problem variations. Our
benchmark assesses model robustness and intro-
duces new metrics to capture output stability be-
yond standard accuracy. Future work will ex-
pand SymPyBench to include multimodal reason-
ing tasks and interdisciplinary STEM domains,
enabling the evaluation of models with complex,
cross-domain scientific reasoning capabilities. This
will drive the development of AI systems with ro-
bust, transparent, and reliable scientific reasoning.

Limitations

While SymPyBench provides a dynamic and rig-
orous evaluation of large language models on
university-level physics problems, its current fo-
cus on a single domain limits the generalizability
to other scientific fields and reasoning tasks. More-
over, as a synthetic benchmark, it does not fully
capture the ambiguity, and incomplete information
often present in real-world physics challenges. We
plan to enhance SymPyBench by broadening its
scope to include additional scientific disciplines
and more realistic, open-ended problems that better
reflect the complexity of practical applications.

6 Ethics Statement

Potential Risks. While our benchmark and anal-
ysis focus on research purposes, potential risks in-
clude misuse of data for generating incorrect or
misleading solutions, or overreliance on automated
reasoning without human oversight.

Use of AI Assistant. We used an AI assistant for
grammar and style checking to improve the clarity
of the paper.
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7 Examples from SymPyBench

Here are some examples from SymPyBench, where
each question is shown along with step-by-step
reasoning and the corresponding Python code. We
populate the problems with numerical values, and
the relevant variables are generated as part of the
pipeline.

7.1 Example A
Question
In a simplified atomic model, the most probable distance be-
tween the nucleus and an electron is r = 3.33e − 11m. The
nucleus contains 1.3 protons. Determine the electric field due
to the nucleus at the electron’s position.
Here are constants:

Permittivity of free space = 8.85× 10−12 C2

N · m2

Elementary charge = 1.6× 10−19 C

Solution
Identify Relevant Concepts

• The electric field due to a point charge is given by

E⃗ =
1

4πϵ0

q

r2
r̂

where ϵ0 is the permittivity of free space, q is the charge,
and r is the distance from the charge.

• The goal is to calculate the electric field at the electron’s
position.

Set Up the Problem

• The electric field at a distance r from a point charge is
given by the formula above.

• The direction of the electric field is radially outward
from the nucleus.

Execute the Solution

• Substituting the given values into the formula

Evaluate Your Answer

• The electric field is expected to be radially outward from
the nucleus due to its positive charge.

• If r were very small, the electric field would be very
large, and if r were large, the electric field would ap-
proach zero, which is physically reasonable.

Python code:
import sympy as sp
from pint import UnitRegistry
ureg = UnitRegistry()
Q_ = ureg.Quantity

def electric_field_at_electron(r, e, number_of_protons,
epsilon_0):

# Convert inputs to Pint quantities
r = Q_(r).to(ureg.meter) # Ensure meters
e = Q_(e).to(ureg.coulomb) # Ensure coulombs
number_of_protons = Q_(number_of_protons).to(ureg.

dimensionless)

epsilon_0 = Q_(epsilon_0).to(ureg.farad / ureg.meter) #
Ensure F/m

r = r.magnitude
e = e.magnitude
number_of_protons = number_of_protons.magnitude
epsilon_0 = epsilon_0.magnitude

# Define symbolic variables
q = e * number_of_protons
E = sp.Symbol('E', real=True, positive=True)

# Calculate the electric field
E = (1 / (4 * sp.pi * epsilon_0)) * (q / r**2)

return {
'E': E.evalf()

}

7.2 Example B
Question
Consider a solid metal cube with an edge length of L =
0.0237m.
(a) Determine the lowest energy level for an electron within
this metal.
(b) Calculate the energy difference between this level and the
next higher energy level.
Here are constants:

Reduced Planck’s constant ℏ = 1.05× 10−34 J · s

Electron mass me = 9.11× 10−31 kg
Ground state quantum numbers: nx = ny = nz = 1

Next state quantum numbers: nx = 2, ny = 1, nz = 1

Solution
Identify Relevant Concepts

• Model the electron as a particle in a 3D box.

• Energy levels are given by:

E(nx, ny , nz) =
π2ℏ2

2meL2
(n2

x + n2
y + n2

z)

Set Up the Problem

• Ground state: nx = ny = nz = 1

• Next higher level: nx = 2, ny = 1, nz = 1

Execute the Solution

• Compute:

E1 =
π2ℏ2

2meL2
(12 + 12 + 12)

E2 =
π2ℏ2

2meL2
(22 + 12 + 12)

• Energy difference:

∆E = E2 − E1

Evaluate Your Answer

• Positive energy difference is expected since next level is
higher.

• Larger cube size would reduce energy spacing, consis-
tent with quantum model.
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Python code:
import sympy as sp
from pint import UnitRegistry
ureg = UnitRegistry()
Q_ = ureg.Quantity

def electron_energy_levels(L, h_bar, m_e, n_x, n_y, n_z,
n_x_next, n_y_next, n_z_next):

L = Q_(L).to(ureg.meter)
h_bar = Q_(h_bar).to(ureg.joule * ureg.second)
m_e = Q_(m_e).to(ureg.kilogram)

L = L.magnitude
h_bar = h_bar.magnitude
m_e = m_e.magnitude

pi = sp.pi

def energy(n_x, n_y, n_z, L, h_bar, m_e):
return (pi**2 * h_bar**2 / (2 * m_e * L**2)) * (n_x**2

+ n_y**2 + n_z**2)

E1 = energy(n_x, n_y, n_z, L, h_bar, m_e)
E2 = energy(n_x_next, n_y_next, n_z_next, L, h_bar, m_e)
DeltaE = E2 - E1

return {
'E1': E1.evalf(),
'E2': E2.evalf(),
'DeltaE': DeltaE.evalf()

}

8 Detailed Model Performance Analysis

In addition to standard metric evaluation, we
conducted an in-depth analysis of model per-
formance across multiple dimensions. For
this analysis, we evaluate three model con-
figurations: llama4-maverick-17b-128e (Mav-
erick), llama4-scout-17b-16e (Scout), and
llama3.1-405b (405B), presenting a comprehen-
sive performance comparison.

8.1 Performance by Textual Variant

We analyze model performance across three tex-
tual variants, which differ in their surface phrasing
while preserving the underlying question. Table 5
presents a detailed breakdown.

All models exhibit consistent performance
across templates, with minimal variation.

8.2 Performance by Question Type

Table 6 presents accuracy by question format: free-
form, MC-Numerical, and MC-Symbolic.

A striking divergence emerges across models
and question types. Maverick and Scout excel
at MC-Symbolic questions (95.70% and 81.51%,
respectively), while showing substantially lower
performance on MC-Numerical questions. Man-
ual analysis of 100 randomly sampled examples
revealed that the performance gap between MC-
Symbolic and MC-Numerical stems primarily from
errors in numerical computation and unit conver-
sion, rather than conceptual understanding deficits.

Free-form questions present a fundamentally dif-
ferent challenge and exhibit consistently lower per-
formance across all models. This gap is attributable
to two key factors: (1) structural complexity: free-
form questions contain an average of two to three
interconnected sub-questions that must be solved
sequentially, with errors in early steps propagating
to subsequent parts; and (2) evaluation stringency:
models must generate complete, correctly format-
ted solutions rather than simply selecting from pro-
vided options. This combination of increased rea-
soning depth and answer generation requirements
makes free-form questions substantially more de-
manding than their multiple-choice counterparts.

Surprisingly, 405B exhibits relatively bal-
anced multiple-choice performance (59.42% MC-
Numerical, 57.21% MC-Symbolic) but dramati-
cally lower free-form accuracy (24.95%).

8.3 Performance Across Response Iterations
We examine model stability across five response
iterations to assess consistency. Table 7 summa-
rizes the results. All models demonstrate stable
performance across iterations.

8.4 Cross-Type Error Analysis
To investigate whether errors are question-format-
specific or stem from deeper conceptual misunder-
standings, we conducted a cross-type analysis on a
subset of problems that appear in all three formats
(free-form, MC-Numerical, and MC-Symbolic).
This allows us to examine whether difficulty in
one format predicts difficulty in others, revealing
the nature of model errors.

Conditional Accuracy Analysis A critical ques-
tion is whether model errors reflect format-specific
challenges (e.g., numerical computation, answer
generation) or fundamental conceptual misunder-
standings. To distinguish these error types, we com-
pute conditional accuracy: for problems where a
model fails in one format, what is its accuracy on
the same problem presented in a different format?

If errors were primarily conceptual, models
should fail consistently across all formats of the
same problem, yielding low conditional accuracy.
Conversely, high conditional accuracy indicates
that the model understands the concept but fails due
to format-specific requirements. Table 8 presents
this analysis.

Interpretation and Key Insights The condi-
tional accuracy patterns reveal fundamentally dif-
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Model Textual Variant Partial Accuracy (%) Exact Match Accuracy (%)

Llama4-maverick-17b-128e-instruct Variant I 69.81 64.16
Variant II 69.17 63.54
Variant III 70.82 64.86

Llama4-scout-17b-16e-instruct Variant I 55.81 49.56
Variant II 57.15 50.57
Variant III 56.44 50.33

Llama3.1-405b-instruct Variant I 42.18 34.03
Variant II 43.36 34.10
Variant III 42.78 35.24

Table 5: Accuracy by textual variant across models. Each variant represents a different surface phrasing of the same
underlying question.

Model Type Partial Accuracy (%) Exact Match Accuracy (%) Data%

Llama4-maverick-17b-128e-instruct Free-Form 65.72 57.69 71.52
MC Numerical 65.23 65.23 14.24
MC Symbolic 95.70 95.70 14.24

Llama4-scout-17b-16e-instruct Free-Form 53.28 44.44 71.52
MC Numerical 47.56 47.56 14.24
MC Symbolic 81.51 81.51 14.24

Llama3.1-405b-instruct Free-Form 36.61 24.95 71.52
MC Numerical 59.42 59.42 14.24
MC Symbolic 57.21 57.21 14.24

Table 6: Accuracy by question type across models.

ferent error sources across models:

• MC-Numerical vs. MC-Symbolic Gap:
We assess cases where models fail on MC-
Numerical questions and evaluate their ac-
curacy on the corresponding MC-Symbolic
versions. All models show substantially
higher conditional accuracy on MC-Symbolic
(95.00%, 79.55%, 60.93%), indicating that
most MC-Numerical errors are due to compu-
tational issues (e.g., arithmetic mistakes, unit
conversion), rather than misunderstanding the
underlying concepts or formulas. When ex-
plicit computation is removed, model perfor-
mance improves markedly.

• Free-Form vs. Multiple-Choice Gap: We
examine cases where models fail on free-
form questions and measure their accuracy
on the corresponding MC-Numerical and MC-
Symbolic formats. For example, Maverick
achieves 95.45% accuracy on MC-Symbolic
and 60.18% on MC-Numerical for problems
it fails in free-form. This substantial improve-
ment in accuracy with guided formats sug-
gests that many free-form errors may stem
from challenges in generating complete and
well-formatted solutions, rather than from fun-

damental conceptual or arithmetic misunder-
standings. However, it is important to note
that multiple-choice formats can provide addi-
tional cues or scaffolding that help the model
arrive at the correct answer, even in the pres-
ence of partial understanding. Thus, while the
observed gap is indicative of generation and
formatting challenges, it does not fully rule
out the possibility of underlying conceptual
gaps. Further analysis is needed to disentangle
these effects.

• Model Differences: Scout exhibits a simi-
lar but slightly weaker pattern, with condi-
tional accuracies of 81.25% (MC-Symbolic
given free-form failure) and 79.55% (MC-
Symbolic given MC-Numerical failure). This
indicates that most errors are still format-
specific, though some conceptual gaps may
remain. As with Maverick, the improvement
in accuracy with guided formats highlights the
benefit of scaffolding and structured problem
presentation for model performance.

• Conceptual Inconsistency in 405B: In con-
trast, 405B shows lower conditional accura-
cies (60–65%), indicating that a significant
portion of its errors are due to inconsistent rea-
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Model Iteration Partial Accuracy (%) Exact Match Accuracy (%)

Llama4-maverick-17b-128e-instruct 0 70.11 64.65
1 70.29 64.24
2 70.27 64.40
3 69.49 63.99
4 69.44 63.58

Llama4-scout-17b-16e-instruct 0 56.89 50.33
1 56.96 51.16
2 56.74 50.33
3 56.28 49.67
4 55.56 49.34

Llama3.1-405b-instruct 0 42.78 34.69
1 42.75 34.27
2 43.03 34.85
3 42.77 34.19
4 42.63 34.27

Table 7: Accuracy by iteration for all models. All values are percentages.

Model Given Failure On Accuracy On Success Rate (%)

Llama4-maverick-17b-128e-instruct Free-Form MC-Symbolic 95.45
Free-Form MC-Numerical 60.18
MC-Numerical MC-Symbolic 95.00

Llama4-scout-17b-16e-instruct Free-Form MC-Symbolic 81.25
Free-Form MC-Numerical 46.33
MC-Numerical MC-Symbolic 79.55

Llama3.1-405b-instruct Free-Form MC-Symbolic 64.48
Free-Form MC-Numerical 54.06
MC-Numerical MC-Symbolic 60.93

Table 8: Conditional accuracy: given failure on one format (Condition), what is the average accuracy on another
format (Target) for the same problems? High values indicate format-specific rather than conceptual errors. All
values are percentages.

soning or incomplete conceptual understand-
ing, even when the format is simplified.

Implications for Model Development: These find-
ings suggest different improvement strategies for
different model capabilities. For Maverick and
Scout, gains would come from better solution gen-
eration, numerical precision, and unit handling, as
their conceptual reasoning is already strong. For
405B, improvements require addressing fundamen-
tal reasoning consistency before tackling format-
specific issues. The conditional accuracy metric
thus serves as a diagnostic tool, revealing whether
a model needs better conceptual understanding or
improved execution.

9 Distribution of Sub-Questions

Real-world physics problems often consist of mul-
tiple interconnected sub-questions that build upon
each other, requiring students to demonstrate cu-
mulative understanding. To reflect this complex-
ity, many problems in SymPyBench are structured
as multi-part questions. Figure 3 shows the dis-
tribution of problems across different numbers of
sub-questions per instance.

10 Case Studies: Example-Level Insights

While aggregate metrics provide a high-level view
of model performance, deeper insights emerge
when examining specific examples and their vari-
ations. In this section, we analyze representa-
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Figure 3: Distribution of SymPyBench problems by
number of sub-questions per instance.

tive cases that highlight recurring success patterns,
consistent failure modes, and surprising behaviors
across paraphrased or perturbed inputs.

These quantitative and qualitative observations
shed light on the limitations of current models
in terms of robustness, generalization, and inter-
pretability.

Case Study I: Sensitivity to Input Variations

We analyze three semantically equivalent ver-
sions of a physics question requiring symbolic rea-
soning and precise numerical calculation as shown
in Figure 4. The first part of the task is to compute
the average kinetic energy of a gas molecule nitro-
gen molecules at a given temperature. We analyze
the result of Qwen2.5-7B model.

As shown in Figure 4, in the first variation, the
model’s answer is off by several orders of magni-
tude, indicating a fundamental flaw in its solution
strategy. In the second variation, the response is ap-
proximately correct aside from a minor numerical
discrepancy, reflecting improved accuracy under
this paraphrased input. In the third variation, the
kinetic energy is overestimated by more than three
times, likely due to an arithmetic error or a mis-
interpretation of symbolic expressions. Without
SymPyBench, such nuanced insights into model
behavior that emerge from the same underlying
question with different input realizations would re-
main inaccessible, limiting our ability to diagnose
failure modes and evaluate robustness.

Our observation is not limited to smaller mod-
els like Qwen2.5-7B. Even Qwen2.5-72B, despite
using the correct physics formula and providing
step-by-step reasoning, often produces numerically
inconsistent results.

Consider the following example:

Qwen2.5-72B: Incorrect Electric Field Cal-
culatio

Question: Determine the magnitude of the
electric field E generated by a point charge
of 2.09×10−9 C at a distance of 0.00567m.
Use Coulomb’s constant k = 8.99×109 N ·
m2/C2.

Qwen2.5-72B Answer: Applies E = kq
r2

,
computes E ≈ 587.5N/C.

Ground Truth: E ≈ 584,440N/C

The model uses the correct formula and walks
through intermediate steps, but its final numeric
output is off by nearly three orders of magnitude.
This suggests that the issue is not conceptual misun-
derstanding but internal instability in arithmetic or
symbolic execution. Similar inconsistencies were
observed across other problems with slight input
perturbations.

Case Study II: Measuring Hallucination
A key strength of our benchmark is its ability to

systematically induce and detect hallucinations in
LLM model responses by dynamically altering or
concealing critical components of a physics prob-
lem, such as input variables or domain-specific
constants. This functionality enables controlled
testing of model behavior under uncertainty. When
confronted with incomplete information: Does the
model seek clarification? Does it make reason-
able assumptions and state them explicitly? Does
it hallucinate values and proceed as if the input
were fully specified? Our benchmark is uniquely
designed to probe these behaviors, allowing us to
quantify reasoning integrity in under-specified sce-
narios and assess the robustness of models under
challenging conditions.

We illustrate this with a representative example:

Example of Hallucination

Question: Determine the average time re-
quired for a glucose molecule to diffuse a
distance of 0.00991 m in water.

This question omits the diffusion coefficient D,
a necessary constant for computing the answer via
the physical equation t = x2

2D . However, when
prompted with this version, Gemini does not re-
quest the missing value or flag the input as incom-
plete. Instead, the model fabricates a response by
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Determine the average kinetic energy of a gas 
molecule at a temperature of 182.0 K. 
Additionally, calculate the root mean square 
(rms) speed of a nitrogen molecule (N2).
Constants: Boltzmann constant = 1.38 ×10−23 
J/K; Mass of N2 molecule = 4.65 ×10−26 kg

Determine the average kinetic energy of a gas 
molecule at 202.0 K. Calculate the RMS speed of N2. 
Constants: Boltzmann constant = 1.38 ×10−23 J/K; 
Mass of N2 molecule = 4.65 ×10−26 kg

Determine the average kinetic energy of a gas 
molecule at 270.0 K and the RMS speed of N2. 
Constants: Boltzmann constant = 1.38 ×10−23 J/K; 
Mass of N2 molecule = 4.65 ×10−26 kg

Ground Truth: 3.7674 × 10−21 J Ground Truth: 4.1814 × 10−21 J Ground Truth: 5.589 × 10−21 J

Step 1: KE = 32 kB T = 32 × 1.38 × 10−23 × 182.0 
= 8.06 × 10−20 J
LLM  Answer: KE = 2.54 J (incorrect by several 
orders of magnitude) 

LLM Answer: KE: 4.786 × 10−21 J LLM Answer: KE: 2.127 × 10−20 J
(incorrect) 

Variation I Variation II Variation III

Qwen 7B response Qwen 7B response Qwen 7B response

Figure 4: Three variation of the same question with different input variables. Only the Qwen-7B model’s final step
responses are shown.

assuming an image is provided, stating: ‘Based on
the image,’ and then extrapolates from a halluci-
nated example involving diffusion over 0.010 m
in 7.5 × 104 seconds. It uses the proportionality
t ∝ x2 to calculate:

t2 = t1 ·
(
x22
x21

)
,

with

t1 = 7.5× 104 s, x1 = 0.010m, x2 = 0.00991m

leading to an incorrect answer.
This response reflects a hallucinated reasoning

chain. Instead of applying the correct physics
or querying for D, the model infers a scenario
that was never presented. Such behavior can be
quantitatively evaluated in our benchmark by selec-
tively omitting critical variables and analyzing how
often models hallucinate versus recognize under-
specified inputs.

In future work, we plan to formalize this capa-
bility and systematically benchmark hallucination
rates across model families. This expands the scope
of our dataset beyond correctness and robustness,
making it a valuable tool for studying reasoning
integrity under partial or ambiguous inputs.

Case Study III: Implicit Simplification Bias
Another class of error arises in problems requir-

ing more advanced topics. For example in question
related to relativistic mechanics even when the sce-
nario clearly demands relativistic treatment, the
Qwen2.5-72B frequently defaults to oversimplified
Newtonian expressions, for example using a = F

m
or a = F

γm without accounting for the orientation
of the force relative to velocity. We call this behav-
ior implicit simplification bias where the model su-
perficially identifies relevant physical variables but
fails to apply the correct governing equations when
deeper conceptual distinctions are required. This

suggests that such biases are not merely a conse-
quence of model size but rather reflect fundamental
gaps in their understanding of domain-specific com-
plexities, highlighting the need for explicit training
in these advanced areas.

11 Comparison with Existing Scientific
Reasoning Benchmarks

To illustrate the limitations of current scientific
reasoning benchmarks, we provide representative
examples from ScienceQA (Lu et al., 2022) and
SciEval (Sun et al., 2024). These datasets primarily
focus on selecting the correct answer from multi-
ple choices, without requiring explicit, step-by-step
reasoning or handling parameterized problem vari-
ations.

For example, consider the ScienceQA dataset:

"question": "Select the solid."
"choices": ["rain", "water in a fishbowl", "

hammer"]
"answer": 2

Or the SciEval benchmark:

"question": "How can momentum be decreased?"
"choices": [
"A. Decrease mass or velocity, or transfer

momentum through collision.",
"B. Keep mass and velocity constant, avoid

collisions.",
"C. Increase mass and velocity, avoid

collisions.",
"D. Increase mass, decrease velocity, and

avoid collisions."
]
"answer": ["A"]

Table 1 provides a high-level comparison of ex-
isting physics benchmarks, illustrating how SymPy-
Bench addresses these limitations.
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