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Abstract

Large Language Models (LLMs) often struggle
with complex mathematical reasoning, where
prose-based generation leads to unverified and
arithmetically unsound solutions. Current
prompting strategies like Chain of Thought
still operate within this unreliable medium,
lacking a mechanism for deterministic verifi-
cation. To address these limitations, we intro-
duce SymCode, a neurosymbolic framework
that reframes mathematical problem-solving
as a task of verifiable code generation using
the SymPy library. We evaluate SymCode on
challenging benchmarks, including MATH-500
and OlympiadBench, demonstrating significant
accuracy improvements of up to 13.6 percent-
age points over baselines. Our analysis shows
that SymCode is not only more token-efficient
but also fundamentally shifts model failures
from opaque logical fallacies towards transpar-
ent, programmatic errors. By grounding LLM
reasoning in a deterministic symbolic engine,
SymCode represents a key step towards more
accurate and trustworthy Al in formal domains.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in natural language,
yet their proficiency in domains requiring rigor-
ous, multi-step formal reasoning, such as advanced
mathematics, remains a significant challenge (Wei
et al., 2022; Ahn et al., 2024). When prompted to
solve complex math problems, LL.Ms that reason
in prose often generate solutions that are unreliable,
containing subtle arithmetic errors, logical falla-
cies, or hallucinated intermediate steps. Further-
more, these natural language rationales are often
opaque; their convoluted structure can obscure the
reasoning path, making it difficult for even a do-
main expert to verify their correctness. This lack
of a clear, deterministic failure signal also makes it
challenging to create an automated feedback loop
to iteratively refine an incorrect answer.

Current approaches to mathematical reasoning
broadly fall into two categories: inference-time
prompting and model fine-tuning. Inference-time
methods like Chain of Thought (CoT) (Wei et al.,
2022) and Tree of Thoughts (ToT) (Yao et al., 2023)
have improved performance by encouraging mod-
els to articulate their reasoning. These methods,
while accessible, inherit the weaknesses of natural
languages. Training-based methods, on the other
hand, can improve a model’s intrinsic capabilities
but require significant computational resources and
large, high-quality datasets, and may not generalize
well to novel problems.

To overcome these critical shortcomings, we in-
troduce SymCode, a neurosymbolic framework
that reframes mathematical problem-solving for
any class of problems that can be formalized pro-
grammatically. Instead of prompting an LLM to
describe its reasoning in prose, SymCode instructs
it to construct a verifiable, executable Python script
where the code serves as the reasoning trace. Un-
like prior work like Program-Aided Language Mod-
els (PAL) (Gao et al., 2023), which uses code
as an external calculator for intermediate steps,
SymCode treats the entire program as the final,
self-contained reasoning artifact. This elevates the
LLM’s role from a simple calculator to an expert
translator, converting a natural language problem
into a formal, verifiable script.

The SymCode framework orchestrates the
strengths of three components to address the chal-
lenges of prose-based reasoning. As illustrated
in Figure 1, the process begins with instructing
an LLM to interpret the problem and generate a
Python script that leverages SymPy, a computer al-
gebra system (CAS) that manipulates mathematical
expressions in their exact symbolic form, thereby
eliminating arithmetic errors. Next, the generated
script is executed in a sandboxed Python inter-
preter, which provides a deterministic pass/fail sig-
nal for programmatic verification. Finally, a self-
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Figure 1: Overview of the SymCode framework. A natural language problem is translated into Python code by the
LLM, executed, and iteratively refined through error feedback until successful execution or a retry limit is reached.

debugging loop feeds any execution error back to
the LLM, enabling it to iteratively correct its own
code. This entire process creates a transparent, au-
ditable, and self-correcting reasoning trace that is
both human-readable and machine-executable.

Our work is guided by two main research ques-
tions:

1. To what extent does reframing mathematical
reasoning as verifiable code generation im-
prove a system’s accuracy on complex math-
ematical problems compared to established
prose-based prompting techniques?

2. Beyond accuracy, how does this neurosym-
bolic approach alter the characteristics of the
LLM’s reasoning process, specifically con-
cerning token efficiency and the fundamental
nature of its failure modes?

Our main contributions are as follows:

* We introduce and formalize SymCode, a
prompt-based framework for advanced math-
ematical reasoning that transforms an LLM
into a neurosymbolic reasoner generating self-
contained, verifiable Python scripts.

* Framing mathematical reasoning as code gen-
eration enables us to apply an iterative self-
debugging mechanism where LLLM uses de-
terministic interpreter feedback to correct its
own errors, a robust verification process not
available to prose-based reasoners.

* Through extensive experiments on three chal-
lenging mathematical benchmarks—MATH-
500, OlympiadBench, and AIME—we show
that SymCode improves accuracy by up to
13.6 percentage points (and up to 16.8 with
SymCode+) over traditional prompting base-
lines, with the performance gap increasing as
problem difficulty rises.

* We provide a detailed analysis showing that
reasoning-as-code is substantially more token-
efficient than prose-based methods.

2 Related Work

The use of code for mathematical reasoning is well-
established, from the computer-assisted proof of
the four-color theorem (Appel and Haken, 1989) to
modern formal proof assistants like Lean (Moura
and Ullrich, 2021). Historically, however, these
powerful symbolic systems required expert hu-
man effort to manually translate natural language
problems into formal specifications. The recent
challenge of automating this translation and equip-
ping LLMs with robust mathematical abilities has
spurred a variety of research directions, which
can be broadly categorized into three main areas:
training-based methods that modify model weights,
training-free strategies that operate at inference-
time, and methods that augment LL.Ms with exter-
nal tools.

A significant line of research focuses on enhanc-
ing reasoning by fine-tuning models on specialized
data or with reinforcement learning. For instance,

1490



Method Reasoning Modality External Tools Self-Correction Verification
Training-Based Methods (Model-Tuning)

LeDex 2025 Code Interpreter Feedback Yes (Learned) Execution-based
rStar-Math 2025 Hybrid (Code+) MCTS+Code Yes (Self-Evolution) Process Reward Model
Training-Free Methods (Inference-Time)

CoT 2022 Natural Language None No No

ToT 2023 Natural Language None Branching None (NL-based vote)
PAL 2023 Code Python Interpreter No Result Only
MATHSENSEI 2024 Hybrid Search/Prog/Solver No (has code refiner) Tool-based
NSAR 2025 Hybrid Python/Symbolic No Result Only
SymCode+ (Ours) Code SymPy (CAS) Yes (Self-Debug Loop) Constraints and Result

Table 1: Comparison of SymCode+ with key LLM-based mathematical reasoning methods, grouped into training-
free inference-time approaches and training-based fine-tuning approaches. SymCode is a training-free method
focused on verifiable SymPy code generation with a self-debugging loop. Abbrev.: CAS = Computer Algebra

System, MCTS = Monte Carlo Tree Search.

rStar-Math employs Monte Carlo Tree Search
(MCTS) guided by a process reward model to cre-
ate a “deep thinking” process, fine-tuning smaller
models to achieve strong performance (Guan et al.,
2025). These training-based methods represent a
powerful but distinct paradigm focused on improv-
ing the model’s internal capabilities.

Another category of methods aims to improve
reasoning without altering the model’s parame-
ters, focusing instead on structuring the genera-
tion process at inference-time. Early efforts in this
area focused on eliciting more structured thought
processes. The seminal Chain of Thought (CoT)
prompting method demonstrated that instructing
a model to “think step-by-step” significantly im-
proves performance (Wei et al., 2022). This con-
cept was further generalized by approaches like
Tree of Thoughts (ToT), which allows models to
explore multiple reasoning paths concurrently (Yao
et al., 2023), and decomposition techniques that
break complex problems into simpler sub-problems
(Khot et al., 2023). More recently, this paradigm
has shifted towards scaling test-time compute, a
strategy popularized by OpenAlI’s o1 model (Ope-
nAl et al., 2024). This has led to methods like
budget forcing, where a model’s thinking process
is deliberately extended to encourage deeper explo-
ration (Muennighoff et al., 2025). While effective,
these methods still largely operate within the do-
main of natural language, making their reasoning
chains prone to arithmetic errors and logical incon-
sistencies without a formal method for verification
(Ahn et al., 2024).

To overcome the unreliability of prose-based
computation, a third line of work has focused on

augmenting LLMs with external tools, particularly
code interpreters. Program-Aided Language Mod-
els (PAL) (Gao et al., 2023) pioneered this ap-
proach by prompting an LLM to generate an exe-
cutable program, offloading computation to a reli-
able interpreter. This has been extended with mod-
els like MATHSENSEI, which integrates multiple
tools including web search and symbolic solvers
(Das et al., 2024). Our work represents a funda-
mental shift from this paradigm. Rather than using
code for mere computation, we use it to change
the reasoning modality itself. SymCode instructs
the LLM to translate a problem into a formal, sym-
bolic representation, which is then manipulated by
a Computer Algebra System (CAS). This elevates
the task from executing a sequence of arithmetic
steps to solving a system of symbolic equations. In
essence, PAL uses code for calculation, whereas
SymCode uses code for formal mathematical rea-
soning. This directly operationalizes a true neu-
rosymbolic approach by bridging neural language
interpretation with the rigorous logic of symbolic
systems (Kautz, 2022; Fang et al., 2024; Nezhad
and Agrawal, 2025).

The use of code also enables robust self-
correction mechanisms. Several methods train
models to debug their own code, either through
fine-tuning on datasets of errors and corrections
(Jiang et al., 2025) or by using reinforcement learn-
ing to refine outputs based on execution feedback
(Kumar et al., 2024). While some studies suggest
that Reinforcement Learning with Verifiable Re-
wards (RLVR) (Lambert et al., 2025) primarily am-
plifies existing capabilities rather than creating new
ones (Yue et al., 2025), the iterative self-debugging
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loop in SymCode provides a concrete, inference-
time mechanism for refinement.

Our approach also differs from general-purpose
code generation, where models produce applica-
tions from specifications (e.g., text-to-SQL) (Zan
et al., 2023). In those tasks, the code is the final
product. In contrast, we employ code as the rea-
soning modality itself—a transparent, intermediate
representation of logic.

To highlight the distinctions and contributions
of our approach, Table 1 provides a comparative
overview of key related methods in mathematical
reasoning.

3 The SymCode Framework

The SymCode framework adapts an LLM from a
probabilistic text generator into a structured, neu-
rosymbolic reasoner. While prior work has used
code as an external computational tool, the funda-
mental principle of SymCode is to treat the entire
reasoning process as the act of generating a ver-
ifiable program where the code is the reasoning
trace. The motivation for this shift is to overcome
the inherent limitations of prose-based reasoning,
which is often ambiguous, prone to subtle logical
and arithmetic errors, and lacks a mechanism for
automated verification. Instead of asking the LLM
to explain its thinking, we instruct it to write a
program that enacts that thinking. This method-
ology leverages the respective strengths of neural
and symbolic systems: the LLM excels at interpret-
ing the nuances and context of the problem state-
ment, while the Python interpreter, coupled with
the SymPy library (Meurer et al., 2017), provides
rigor for the formal mathematical manipulations.
First, we use a specialized prompt to guide the
LLM in structuring its reasoning as a self-contained
Python script that leverages the SymPy library for
deterministic computation (Section 3.1). Second,
to enhance accuracy, we introduce an iterative self-
debugging loop that enables the model to correct
its own programmatic errors based on interpreter
feedback (Section 3.2). To provide a concrete illus-
tration of the framework in action, from problem
statement to the final generated script, see the full
example in Appendix A.

3.1 SymCode

The complete SymCode prompt template is shown
below.

You are an expert mathematical
reasoner. Your output must be ONLY
a single Python code block fenced
as "~ python with no
prose before or after.
Inside that single Python
1. Import SymPy with
sp”
2. Add explicit step-by-step reasoning
as comments throughout your code
3. Document the problem setup:
- Clearly identify variables,
constraints, and goals in comments
- Define symbols with appropriate
assumptions (e.g., sp.symbols('x',
positive=True, integer=True))
4. Include intermediate reasoning
steps:
- Each step should have a comment
explaining the mathematical
reasoning
- Use meaningful variable names
that reflect their purpose
- Show the algebraic manipulations
clearly
5. For verification:
- Substitute solutions back into
original equations
- Check domain constraints (e.g.,
integer solutions, positive values
)
- Filter invalid solutions
6. Print ONLY the final answer in
LaTeX boxed form:
print(r”\boxed{}". format (
final_answer))
# PROBLEM
{problem_text}
# END PROBLEM

script:
Timport sympy as

Listing 1: The SymCode Prompt Template.

Each component of this prompt serves a distinct
purpose in structuring the model’s output.

Symbolic Formulation. The explicit instruction
to use import sympy as sp is critical. SymPy
is a Python library for symbolic mathematics, act-
ing as a Computer Algebra System (CAS). Unlike
standard numerical libraries that work with approx-
imate floating-point numbers, SymPy manipulates
mathematical expressions in their exact, symbolic
form (e.g., representing /2 precisely rather than as
1.414...). This brings two key advantages: first, it
prevents the accumulation of rounding errors that
can invalidate multi-step calculations. Second, it
enables true algebraic reasoning by allowing the
script to programmatically solve equations, sim-
plify expressions, and apply mathematical rules
with perfect fidelity. This moves the task from
error-prone prose-based calculation to exact, verifi-
able computation.

1492



Dataset Problem Statement Ground Truth SymCode CoT ToT
How many distinct values can be obtained

MATH-500 from the expression 2 - 3 -4 -5+ 1 by 4 4 1 2
inserting any number of parentheses?
In AABC,AB =4,BC =6,AC = 8.

OlympiadBench Squares ABQR and BC'ST are drawn external 2v/10 2+/10 22104 3v15 12
to the triangle. Compute the length of Q7.
Let AABC have circumcenter O and incenter

AIME I with TA L OI, circumradius 13, and 468 468 156 338

inradius 6. Find AB - AC.

Table 2: Sample problems from the evaluation datasets, with outputs from SymCode and prose-based baselines.
SymCode correctly solves all three, while the baselines produce incorrect answers due to logical or arithmetic errors.

Interpretability. By requiring ‘step-by-step rea-
soning as comments’, we retain the “show your
work” benefit of Chain of Thought while ground-
ing it in a formal, code-based structure. This makes
the model’s logic transparent and auditable for hu-
man experts.

Problem Scaffolding. The requirement to de-
fine symbols with appropriate assumptions (e.g.,
‘sp.symbols(‘x’, positive=True, integer=True)’)
forces the model to formalize the problem’s con-
straints upfront. This structured setup significantly
reduces the solution search space and helps pre-
vent the generation of invalid solutions later in the
process.

Verification and Filtering. This is a cornerstone
of the framework’s reliability. The prompt requires
the model to insert assert statements into its gen-
erated code. These statements check key conditions
at runtime, such as whether a solution satisfies the
original problem constraints or adheres to domain
requirements (e.g., ensuring a length variable is
positive). If an assertion fails, it raises an error
that halts execution. This provides a deterministic
failure signal that effectively filters out incorrect so-
lution paths and can trigger the self-debugging loop
of SymCode+ (described next), enabling a crucial
self-correction step. If the script runs to completion
without any exceptions, the final answer is reported
by capturing the script’s output, which the prompt
requires to be printed in a \boxed{} LaTeX format.
The effectiveness of this verification, however, is
contingent on the quality of the assertions gener-
ated by the LLM; an absence of failure does not
guarantee correctness if the assertions are weak or
located in an unexecuted code path.

3.2 SymCode+: Self-Debugging Loops

To further enhance the accuracy of the framework,
we extend the core prompt with an agentic wrapper
called SymCode+. This extension introduces an
iterative self-debugging loop that allows the LLM
to correct its own programmatic mistakes.

If the initial script fails during execution, the
loop is activated. A failure can be a program-
matic exception (e.g., SyntaxError, TypeError)
or a verification failure where an internal
AssertionError israised. The captured error mes-
sage and traceback are then appended to the prompt
history, and the LLM is instructed to “debug the fol-
lowing code based on the provided error message.”
This cycle of execution, failure, and correction re-
peats until the script runs successfully or a preset
iteration limit (e.g., 2-3 attempts) is reached.

4 Experimental Setup

We consider challenging mathematical datasets and
a diverse set of LLMs in our evaluation.

4.1 Datasets

We evaluate SymCode on three widely used, chal-
lenging benchmarks that require multi-step math-
ematical reasoning, spanning difficulty from high
school competitions to Olympiad-level problems:
(1) MATH-500, a 500-problem subset of the
MATH dataset, comprising challenging problems
from high school mathematics competitions, cover-
ing topics like algebra, geometry, number theory,
and precalculus (Lightman et al., 2023);

(2) OlympiadBench, 674 text-only English
math problems from national and international
olympiads requiring creative and formal reason-
ing (He et al., 2024); and

(3) American Invitational Mathematics Exam-
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ination (AIME) 2024 & 2025, 60 (30 from each
year) short-answer problems from recent com-
petitions that bridge high school and olympiad
difficulty (Mathematical Association of America,
2024). Table 2 shows a sample from each dataset.

4.2 Models and Baselines

We evaluate SymCode across several state-of-
the-art language models such as Llama 3.2
(90B)(Grattafiori et al., 2024), GPT-5-nano (Ope-
nAl, 2025), and GPT-OSS (20B) (OpenAl et al.,
2025) (reasoning level “high”), chosen to span a
range of coding fluency, from strong code genera-
tors (GPT-5-nano, GPT-OSS) to a generalist model
less optimized for coding (Llama 3.2). Focusing
on small and medium models rather than frontier-
scale systems (e.g., GPT-5, Grok 4) allows us to
investigate more efficient, accessible approaches to
improving reasoning performance.

The performance of SymCode is contextual-
ized against a set of strong, widely-used baseline
prompting strategies, including:

¢ Chain of Thought (CoT): A standard baseline
where the model is prompted to “think step-by-
step” to generate a prose-based rationale before
giving the final answer (Wei et al., 2022).

* Tree of Thoughts (ToT): An advanced base-
line where the model explores multiple reasoning
paths, evaluating and pruning them to find the
most promising solution (Yao et al., 2023).

* Decomposition: A baseline where the model is
instructed to break the problem into smaller, sim-
pler sub-problems and solve them sequentially
(Khot et al., 2023).

Because SymCode is a training-free framework
that modifies reasoning only at inference time,
training-based methods are not directly compara-
ble baselines, as fair comparison would require
adapting our approach to their specialized mod-
els. We also exclude code-generation methods like
PAL (Gao et al., 2023), whose main purpose is
delegating numerical computation to an interpreter.
Furthermore, our initial exploratory tests confirmed
that PAL is of limited utility for the complex prob-
lems in our benchmarks, as it is primarily designed
for numerical outputs and struggles significantly
with problems requiring a final symbolic expres-
sion as the answer.

4.3 Evaluation Metrics

We assess SymCode using four metrics: (1) Accu-
racy: a solution is correct only if the final numeri-
cal or symbolic answer inside the ‘boxed{ }‘ output
exactly matches the ground-truth solution, no par-
tial credit is awarded; (2) Token Efficiency: the av-
erage tokens generated per problem, reflecting the
conciseness of code-based reasoning; (3) Qualita-
tive Error Analysis: manual categorization of fail-
ure types, contrasting arithmetic or logical errors
in baselines with misinterpretation or API errors
in SymCode; and (4) Self-Debugging Activation
Rate: the percentage of problems triggering the
self-correction loop, indicating the model’s initial
coding fluency.

S5 Results and Analysis

This section presents a detailed discussion of the
experimental results.

5.1 Overall Performance and the Role of
Coding Proficiency

Our experiments reveal that the SymCode frame-
work’s effectiveness depends on the base model’s
coding proficiency and the complexity of the rea-
soning task. As shown in Table 3, SymCode deliv-
ers substantial gains, and with its self-debugging
loop, SymCode+ consistently yields additional
gains on the most challenging benchmarks. Ac-
curacy results show that SymCode’s advantages
are most pronounced with models that are strong
coders: with GPT-5-nano, SymCode+ achieves
an accuracy of 80% on OlympiadBench and 65%
on AIME, representing a remarkable absolute im-
provement of nearly 12 and 13 percentage points,
respectively, over the best-performing prose-based
baseline (ToT), demonstrating that shifting the rea-
soning modality from prose to a formal symbolic
language unlocks new capabilities.

With Llama 3.2 (90B), a less code-optimized
model, standard SymCode underperforms ToT on
OlympiadBench, but SymCode+ closes this gap,
achieving 21.6% accuracy on AIME. This shows
that iterative self-correction is crucial for models
with weaker coding skills, allowing them to over-
come initial syntax or logic errors.

A closer look at the model-specific results re-
veals interesting trade-offs between coding profi-
ciency and abstract reasoning. As expected, GPT-
5-nano stands out as the top-performing model,
demonstrating superior capabilities across the
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Model Method MATH-500 OlympiadBench AIME (24-25)
Llama 3.2 (90B) CoT 61.2 344 20.0
ToT 63.8 36.8 23.3
Decomposition 64.4 36.0 21.7
SymCode (ours) 64.4 31.2 25.0
SymCode+ (ours) 68.8 36.8 31.7
GPT-5-nano CoT 93.4 63.2 51.6
ToT 88.2 68.0 51.7
Decomposition 91.2 64.0 48.3
SymCode (ours) 90.8 76.8 61.7
SymCode+ (ours) 91.4 80.0 65.0
GPT-OSS (20B) CoT 88.4 22.4 11.6
ToT 87.0 24.8 10.0
Decomposition 86.2 23.2 11.6
SymCode (ours) 90.4 352 18.3
SymCode+ (ours) 93.2 384 21.6

Table 3: Accuracy (%) on Mathematical Reasoning Benchmarks. Best score shown in bold whereas second best

score is underlined.

board, particularly on the most difficult Olympiad-
Bench and AIME datasets. More intriguing is
the comparison between GPT-OSS and Llama 3.2
(90B). While GPT-OSS shows stronger perfor-
mance on the MATH-500 benchmark (93.2% vs.
68.8%), Llama 3.2 surprisingly surpasses it on
the more challenging AIME problems (31.7% vs.
21.6%). A potential explanation for this reversal
lies in the nature of the tasks. MATH-500 prob-
lems, while complex, are often more standard in
structure, allowing GPT-OSS to better leverage its
strong coding abilities to translate familiar prob-
lem types into reliable scripts. In contrast, AIME
problems frequently require more novel or abstract
initial insights before a solution can be formalized.
Llama 3.2, while a less fluent coder, appears more
adept at forming the correct initial conceptual plan
for these non-standard problems, even if its first
attempt at implementation contains errors that the
debugging loop must then correct.

5.2 Impact of Problem Difficulty

A central hypothesis of our work is that the bene-
fits of a verifiable, code-based reasoning process
become more pronounced as problem complexity
increases. The results strongly validate this claim.
As visualized in Figure 2, we plot the absolute accu-
racy improvement of SymCode+ over the strongest
prose-based baseline for each model.

For all models, the most significant gains are on
the AIME and OlympiadBench datasets, which fea-
ture problems requiring deep insight and long, pre-
cise reasoning chains. For GPT-5-nano, the gain es-
calates from a slight deficit on MATH-500 to a mas-

B Llama 3.2 (90B)

3 GPT-5-nano

BN GPT-OSS (20B)

I SymCode gain

—o— Self-debug extension
4.

4 48

Gain vs Best Baseline (%)

MATH-500

OlympiadBench

AIME (24-25)

Figure 2: Performance gain of SymCode and SymCode+
over the best prose-based baseline. The advantage of
the SymCode framework is most significant on the most
difficult datasets (OlympiadBench and AIME).

sive +13.3 point advantage on AIME. This trend
suggests that while prose-based methods are effec-
tive for shorter problems, they are more susceptible
to accumulating subtle arithmetic or logical errors
over longer reasoning chains. By delegating exe-
cution to a deterministic SymPy interpreter, Sym-
Code avoids these pitfalls, making it a more robust
method for tackling complex, multi-step problems.

5.3 Token Efficiency Analysis

Consistent with our initial hypothesis, SymCode
is substantially more token-efficient than its prose-
based counterparts. Python code expresses com-
plex operations concisely, whereas natural lan-
guage requires verbose descriptions. On average
(across all three datasets and all three models),
SymCode solutions used just 699 output tokens',

'See Appendix B for the token-counting protocol and
model-specific token visibility. All reported token counts
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proving significantly more concise than the base-
lines: Tree of Thoughts (1770 tokens), Decom-
position (1962 tokens), and Chain of Thought
(2991 tokens). This results in a token reduction
of approximately 60% to 77 % compared to these
prose-based methods, a significant advantage for
inference cost and latency. The self-debugging
loop in SymCode+ raises the average token count to
890. This overhead is most pronounced for Llama
3.2, whose higher self-debugging activation rate
requires more token-intensive refinement.

5.4 Qualitative Error Analysis

To understand the qualitative differences behind the
accuracy scores, we manually categorized the er-
rors made by GPT-5-nano on the AIME dataset for
the best-performing baseline (ToT) and our Sym-
Code method.

The ToT baseline’s errors stem mainly from
flaws in its reasoning process, with arithmetic
mistakes (41.4%), where the model makes sim-
ple miscalculations and logical fallacies (34.5%),
where a theorem is misapplied or a step in the logic
is unsound. The remaining 24.1% of “Other” errors
primarily consist of incomplete solutions, where
the model fails to finish the reasoning chain, or hal-
lucinated constraints, where it invents details not
present in the problem.

In contrast, SymCode shifts failure modes to-
ward the structured stage of problem setup, with
most errors due to problem misinterpretation
(56.2%) and incorrect API usage (31.3%). The fi-
nal 12.5% of “Other” errors are mostly runtime
issues like infinite loops or verification failures
where an assertion check fails. This transition from
opaque reasoning errors to transparent, program-
matic ones points to clearer paths for improvement
through better code generation and debugging. For
a direct, side-by-side comparison illustrating how
a baseline method and SymCode fail on the same
problem, see Appendix C.

A detailed breakdown of our results on
OlympiadBench shows that while accuracy im-
proved across all subfields, the gains were most
significant in combinatorics and geometry. Perfor-
mance in number theory saw moderate improve-
ment. In contrast, algebra saw the smallest gains,
not because the method is less effective, but be-
cause the baseline models already exhibited a
higher initial performance in this area. Further-

are rounded.

more, we observed that the performance uplift was
substantially larger for problems requiring a final
expression as an answer compared to those requir-
ing a single numerical value.

5.5 Self-Debugging Loop Activation

The effectiveness of the self-debugging mechanism
is directly linked to the base model’s coding fluency.
Figure 3 shows the percentage of problems where
the self-debugging loop was activated (i.e., the first
attempt failed and a retry was initiated).

w
&
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14.7%

=

9.3%

Activation Rate (%)

o

0
Llama 3.2 (90B) GPT-5-nano GPT-0SS (20B)

Figure 3: Activation rate of the self-debugging loop.
The loop was required most often for Llama 3.2, corre-
lating with its weaker initial coding performance.

As expected, the loop was triggered most fre-
quently for Llama 3.2 (90B), with over 28% of
problems requiring at least one correction. This
high activation rate correlates with its significant
performance jump from standard SymCode to Sym-
Code+ and confirms that the debugging loop is a
vital component for enabling models with weaker
coding skills to effectively use this framework. For
the more code-proficient models, the loop was acti-
vated less often but still provided a crucial safety
net for correcting errors, leading to modest but im-
portant accuracy gains.

5.6 Ablation Analysis

To isolate the impact of the core components of
our framework, we conducted a sequential abla-
tion study using the best-performing model, GPT-
5-nano, on the most challenging dataset, AIME
(24-25). We evaluated three progressively degraded
versions of our framework, removing one key fea-
ture at each step: the iterative self-debugging loop
(No Self-Debug), the use of assertions (No Verifi-
cation), and the symbolic SymPy library in favor of
standard numerical libraries (No SymPy (Numeric
Python)). The results, presented in Table 4, con-
firm that each component is critical for achieving
peak performance.
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Method Variant AIME Accuracy (%)
SymCode+ 65.0
No Self-Debug 61.7
No Verification 58.5
No SymPy (Numeric Python) 48.3

Table 4: Ablation analysis of SymCode components on
the AIME dataset using GPT-5-nano.

6 Conclusion

In this work, we introduced SymCode, a neu-
rosymbolic framework that reframes mathematical
problem-solving for large language models (LLMs)
as verifiable code generation, combining neural
language understanding with symbolic computa-
tion for greater precision and reliability. Experi-
ments on challenging benchmarks like AIME and
OlympiadBench show that SymCode, especially
with its self-debugging loop, achieves state-of-the-
art performance, with its advantage growing as
problem complexity increases. By shifting reason-
ing from opaque text-based errors to transparent
programmatic ones, SymCode enhances accuracy,
efficiency, and interpretability. Looking ahead,
we aim to extend this reasoning-as-code paradigm
beyond mathematics to domains like physics and
formal logic, and improve self-debugging through
error-driven fine-tuning.

7 Limitations

Despite its strengths, SymCode has several limi-
tations. Its performance depends heavily on the
base LLM’s coding proficiency, with stronger code-
oriented models outperforming others despite the
self-debugging loop. The framework is most ef-
fective on problems that can be directly expressed
symbolically, and struggles with tasks requiring ab-
stract reasoning, such as synthetic geometry proofs,
induction or contradiction, and combinatorial argu-
ments that resist formalization in SymPy. Its relia-
bility also depends on the correctness of the Python
interpreter and SymPy library, which, while mature,
are not formally verified and may propagate rare
errors. Finally, SymCode relies on carefully struc-
tured prompts, making performance sensitive to
prompt design and motivating future work on more
robust instruction formats.

8 Ethical Considerations and Broader
Impact

The development of advanced mathematical reason-
ers like SymCode has several broader implications.

Positive Impact On the positive side, this tech-
nology holds significant potential for advancing
scientific research and education. It could serve as
a powerful assistant for scientists, engineers, and
mathematicians by automating complex symbolic
calculations and verifying formal proofs. In educa-
tion, it could be integrated into Al tutoring systems
to provide students with step-by-step, verifiable
solutions to complex STEM problems, thereby en-
hancing learning outcomes.

Potential Misuse and Mitigation Conversely,
the ability to automatically solve complex mathe-
matical problems raises concerns about academic
integrity. Such a tool could be misused to cheat
on assignments or standardized tests, undermin-
ing the educational process. As with any powerful
Al capability, the development of SymCode must
be accompanied by a broader conversation about
its responsible deployment. Potential mitigation
strategies include the development of specialized
detectors for Al-generated code and promoting ed-
ucational policies that focus on assessing the rea-
soning process rather than just the final answer.
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A Full Generation Example

To provide a concrete illustration of the SymCode
framework in action, this section presents a full,
unedited output from the GPT-5-nano model for a
representative geometry problem.

Problem Statement

In triangle ABC, AB = 4, BC = 6,and AC = 8.
Squares ABQR and BC'ST are drawn external to
and lie in the same plane as AABC. Compute

Qr.
1501

import sympy as sp

3 # Step 1: Problem understanding and

29

41

geometric setup

# We place A = (0,0), B = (4,0) so AB
= 4.

# Let C = (Cx, Cy) with given
distances AC = 8 and BC = 6.

# We will solve for Cx, Cy from the
two circle equations.

A
B

sp.Matrix ([Q, @1)
sp.Matrix([sp.Integer(4), 01)

Cx, Cy = sp.symbols('Cx Cy', real=True
)

3 # Equations: |AC|*2 = 64 and |BC|*2 =

36
eq_AC = sp.Eq(Cx**x2 + Cy=*x2, 64)
eq_BC = sp.Eq((Cx - 4)x*2 + Cy*x2, 36)

# Step 2: Solve for Cx, Cy (two
symmetric solutions with Cy =
+-(3*sqrt(15))/2)

solutions = sp.solve((eq_AC, eq_BC), (
Cx, Cy), dict=True)

# Step 3: Choose the orientation with
Cy > 0 to fix a concrete placement
of C
C_sol = None
for s in solutions:
if s[Cy]l > @:
C_sol = s
break

# If for some reason the positive
solution isn't found, fall back to
the first

if C_sol is None:
C_sol = solutions[@]

Cx_val = sp.simplify(C_sol[Cx])

Cy_val sp.simplify(C_sol[Cy])
# Define points with the chosen C
A = sp.Matrix ([0, 1)

B = sp.Matrix([sp.Integer(4), 01)
C = sp.Matrix([Cx_val, Cy_vall)

# Step 4: Construct square ABQR
external to the triangle
# Since Cy > 0, the triangle lies
above AB; the external square on
AB lies below AB.
Q = sp.Matrix([sp.Integer(4), -sp.
Integer(4)]) # From B downward by
length AB
R = sp.Matrix([sp.Integer (@), -sp.
Integer(4)]1) # From A downward by
length AB

# Step 5: Construct square on BC
external to the triangle

s # BC vector: (dx, dy) = C - B; its

length is 6.
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B

dx = sp.Rational(3, 2) # BC_x =
1.5

dy = Cy_val # BC_y =
Cy

T =B + sp.Matrix([dy, -dx]) # The
fourth vertex corresponding to
external square on BC

# Step 6: Compute QT length

QT2 = (QLel - TLel)=*x2 + (QL1]1 - T[11)
* %2

QT = sp.sqrt(sp.simplify(QT2))
final_expr = sp.simplify(QT)

# Step 7: Verification (sanity checks)

# Verify AC and BC constraints for the
chosen C

assert sp.simplify(Cx_val*x2 + Cy_val
*%x2 - 64) ==

assert sp.simplify((Cx_val - 4)*x2 +
Cy_val*xx2 - 36) ==

# The result QT should be independent

of the sign of Cy, so the positive
orientation suffices

# Step 8: Output the final answer in
LaTeX boxed form

latex_final = sp.latex(sp.simplify(
final_expr)) # e.g., "2 \\sqgrt
{103}"

3 print(r”\boxed{{{}}}".format(

latex_final))

Token Accounting Details

This appendix describes how the token-efficiency
numbers in Section 5.3 are computed.

(i.

We count output tokens produced by the LLM
e., tokens in the returned generated text/code) as

exposed by the evaluation interface. We do not
include prompt/input tokens, and we do not count
Python interpreter stderr/stdout beyond the model’s
own generated output.

Model-specific visibility of internal reasoning
tokens.

GPT-5-nano: Only returned response/comple-
tion tokens were available in our setup; inter-
nal/hidden reasoning tokens were not exposed.
Thus, for GPT-5-nano, the reported token counts
reflect visible output tokens for al/l methods
(SymCode and prose baselines).

Llama 3.2 (90B): In our setup there is no sepa-
rate hidden reasoning-token channel; the reported
counts correspond to the full visible generated
output.

GPT-0OSS (20B): Internal reasoning tokens are
observable in the open-source setting; we include

them in the token count for all methods under
GPT-0OSS.

Each evaluated run (one problem instance x one

model X one prompting method) yields one output-
token count. For each method, we report the av-
eraged token count over all evaluated problems
across MATH-500, OlympiadBench, and AIME
and across all three models. All values are rounded
to the nearest integer for readability.

For SymCode+, which may require multiple

code-generation attempts due to the self-debugging
loop, we sum the output tokens across all attempts
for a problem (up to the retry budget) and then ap-
ply the same averaging procedure described above.

C

Qualitative Failure Analysis Examples

To further illustrate the shift in error types dis-
cussed in Section 5.4, we present a side-by-side
comparison of how a baseline method and Sym-
Code fail on the same problem.

Baseline (ToT) Failure: Logical Fallacy
(Reasoning by Authority)

1

)

I(

11

12

15

16

18
19
20

21
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Problem: Find the number of rectangles
that can be formed inside a fixed
regular dodecagon (12-gon) where

each side of the rectangle lies on
either a side or a diagonal of
the dodecagon.

### 1. Brainstorm

Approach 1: Geometric Symmetry and
Diagonals

Use the symmetry properties of the
regular dodecagon to identify
pairs of parallel sides and
diagonals...

Approach 2: Coordinate Geometry Method

Assign coordinates to the vertices...

Approach 3: Combinatorial Enumeration

Enumerate all sides and diagonals,
classifying which are parallel...

### 2. Evaluation

3 Given the symmetry and the structure

of the problem, x*Approach 1x*x
seems most promising...

### 3. Execution of Approach 1:
Geometric Symmetry and Diagonals

Step 1: Understand the geometry...
) Step 2: Identify sets of parallel
lines...
< 002

### Summary

The key is counting pairs of lines (
sides or diagonals) that are
parallel in pairs and
perpendicular to each other.



D ===

23 ## Final step: Answer in LaTeX

24 Based on the symmetry of the regular
dodecagon and the reasoning above
- especially considering previous
similar problems on regular
polygons - the total number of
rectangles that can be inscribed

commonly turns out to be 12.

26 This is the standard conclusion for
such a problem given symmetrical
properties; detailed derivations
in contest math literature confirm

this count.

27 ===

28 **x \(\boxed{12}\) *x*

Analysis: Logical Fallacy (Reasoning by Authority
/ Failure to Execute Plan)

This is a powerful example of a common failure
mode in prose-based reasoning. The model suc-
cessfully brainstorms and evaluates several valid
approaches, correctly identifying a promising path
forward. However, it completely fails to execute its
own plan.

Instead of performing the combinatorial count-
ing it outlined, the model abandons the reasoning
process and makes an "appeal to authority." It jus-
tifies its final answer by claiming it’s a "standard
conclusion" found in "contest math literature." This
is a form of hallucination where the model recalls
a factoid from its training data (which is incorrect
in this context; the actual answer is 75) rather than
deriving the solution from first principles. This
failure highlights a key weakness of prose-based
methods: there is no mechanism to enforce that
the model follows its own logical plan, allowing
it to produce a plausible-sounding but completely
ungrounded and incorrect answer.

SymCode Failure: Programmatic Error

I import sympy as sp

> # ... setup is correct up to solving
3 solutions = sp.solve((eql, eq2), (x, y
))
4 # solutions is a list of tuples: [(12,
18), (18, 12)]

6 # Incorrect API Usage / Type Error
7 # The model mistakenly treats the list
of solutions as a single object
8 # and tries to perform numeric
operations on it, causing a
TypeError.
9 check_sum = sum(solutions) == 30 # <--
TypeError: can't sum tuples
0 if check_sum:
11 final_answer =

solutions

14

15
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print(r”\boxed{" + str(
final_answer) + "3}")

3 else:

print(r”\boxed{\text{Verification
failed}}")

EXECUTION FAILS WITH TRACEBACK:

Traceback (most recent call last):
File "<stdin>", line 1, in <module
>

# TypeError:

s) for +:

H oH H H

unsupported operand type(
'int' and 'tuple'



