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Abstract
Large language models (LLMs) have become in-
creasingly capable of solving mathematical rea-
soning problems. However, many open-source
LLMs still encounter issues with calculation er-
rors and semantic misunderstandings during in-
termediate reasoning steps. In this work, we
present PROVE, a simple yet effective framework
that leverages translated Python programs derived
from natural language solutions as a verification
mechanism. This verification mechanism helps
identify and filter out potentially incorrect paths
before final answers are aggregated. Unlike ba-
sic majority voting, our approach rejects solu-
tions whose program outputs do not align with
the generated solution, only aggregating those that
pass the verification step. We conducted exten-
sive experiments with 13 open-source LLMs of
various model sizes, ranging from 0.5B to 13B pa-
rameters, across eight mathematical benchmarks.
Our findings demonstrate that PROVE consistently
outperforms basic majority voting as a heuris-
tic and other program-assisted reasoning base-
lines for solving mathematical reasoning tasks,
achieving improvements of up to 18% on GSM8K
and 8% on MATH-500. Our codes are available
at https://github.com/declare-lab/
prove.

1. Introduction
Large Language Models (LLMs) have demonstrated re-
markable success in mathematical reasoning tasks, espe-
cially with advanced models like GPT-4 (OpenAI et al.,
2024). However, smaller open-source LLMs, such as Mis-
tral, Gemma 2, and Llama 2 (Jiang et al., 2023; Team et al.,
2024; Touvron et al., 2023) fall short in mathematical rea-

1Singapore University of Technology and Design. Correspon-
dence to: Vernon Y.H. Toh <toh.vernon@gmail.com>.

The second AI for MATH Workshop at the 42nd International
Conference on Machine Learning, Vancouver, Canada. Copyright
2025 by the author(s).

soning, often producing inaccurate content and failing to
handle complex calculations. Many works since then have
aimed to tackle those challenges by using different prompt-
ing methods such as Plan-and-Solve (PS) Prompting (Wang
et al., 2023a) which aims to mitigate calculation errors and
improve the overall quality of the generated reasoning by
adopting a two-step process. Alternatively, non-prompting
approaches, such as fine-tuning LLMs specifically for rea-
soning tasks, have also shown notable improvements. How-
ever, this often demands large amounts of distilled data from
models like GPT-4 (Wang et al., 2024; Gou et al., 2024),
resulting in significant computational and data generation
costs.

Despite these advancements, fundamental challenges re-
main (Banerjee et al., 2024). Autoregressive models lack
mechanisms to correct their own errors, meaning that once
a mistake is made, it can propagate through the entire re-
sponse. As a result, LLMs are still vulnerable to hallucina-
tions which can lead to incorrect reasoning or calculation.
Given these limitations, a promising direction is to enhance
reasoning by leveraging the knowledge already embedded
within LLMs themselves (Wang et al., 2023b; Hao et al.,
2023; Madaan et al., 2023; Weng et al., 2023; Wang et al.,
2023a). Following Wang et al. (2023b), one can sample mul-
tiple reasoning paths to solve a question and select the most
common answer. While aggregating answers like this im-
proves performance, sometimes the most common answer
could still be wrong.

Recent work has explored alternative verification methods
to enhance mathematical reasoning. One promising direc-
tion is verification through formalization (Lin et al., 2024),
which translates problems and solutions into formal repre-
sentations for verification. However, this approach is often
challenging, requiring domain-specific formalization and
few-shot prompting with more powerful models like GPT-
3.5. A simpler yet effective alternative is to leverage LLMs’
code generation capabilities for verification. Executing gen-
erated Python programs allows for automatic verification of
intermediate calculations without requiring explicit formal-
ization.

In this paper, we introduce PROVE, a frustratingly simple ap-
proach that uses translated PROgrams for VErification. Our
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Figure 1: The PROVE Framework.

framework is model-agnostic, requiring no fine-tuning or
few-shot prompting of LLMs. Instead, it leverages the capa-
bilities of open-source LLMs to translate natural language
plans and solutions into Python programs in a zero-shot
setting for verification. Unlike methods that aggregate all
generated natural language solutions through simple major-
ity voting, we only consider solutions that are successfully
verified by their corresponding Python programs. While
natural language plans and solutions provide a high-level
outline of the steps needed to solve a math word problem,
verifying their correctness can be difficult. Python program
implementations, however, offer a more precise representa-
tion. By using a program interpreter for computation, they
can effectively detect errors in natural language solutions,
such as miscalculations.

We evaluate PROVE using 13 LLMs from various model
families and sizes (Abdin et al., 2024; Touvron et al., 2023;
Dubey et al., 2024; Jiang et al., 2023; Team et al., 2024;
Yang et al., 2024), with parameter sizes ranging from 0.5B to
13B, across eight mathematical reasoning datasets (Cobbe
et al., 2021; Patel et al., 2021; Miao et al., 2020; Roy & Roth,
2015; Koncel-Kedziorski et al., 2015; Roy et al., 2015; Hos-
seini et al., 2014; Lightman et al., 2024). The results show
that PROVE consistently outperforms standard majority vot-
ing (Wang et al., 2023b) across all model sizes and datasets,
achieving up to an 18% improvement on GSM8K and 8%
on MATH-500.

Contributions. We summarize the contributions of our
paper as follows:

• PROVE, a model-agnostic framework enhancing math-
ematical reasoning by translating NL solutions to pro-
grams for verification before aggregation.

• Extensive evaluation on 13 open-source LLMs (0.5B-
13B) across eight benchmarks, demonstrating PROVE

consistently outperforms strong baselines, includ-
ing self-consistency with both natural language and
program-based reasoning paths , as well as the natural
language verificator technique.

• Detailed analysis showing PROVE significantly re-
duces calculation errors with more substantial gains
for smaller LLMs.

• Ablation studies on the impact of translation models,
prompting strategies, and an analysis of the program
translation process.

2. PROVE

Overview. As illustrated in Figure 1, the PROVE frame-
work begins by prompting a large language model (LLM) to
generate plans and solutions for a given math word problem.
Next, the generated plans and solutions are translated into
a Python program using an LLM. The resulting program is
then executed, and its output is compared against the ini-
tially generated solution. If the outputs match, the solution
is considered valid; otherwise, it is discarded. Finally, the
remaining valid solutions undergo a majority voting process
to determine the final answer. Unlike traditional methods
requiring fine-tuning or few-shot examples, PROVE oper-
ates entirely through zero-shot prompting with open-source
LLMs, making it highly flexible and efficient.

Generating Plans and Solutions. The first step in PROVE
involves prompting an LLM to generate a natural language
plan and solution for solving a given math word problem.
Given a problem x, the LLM is prompted using the zero-
shot prompting method proposed by Wang et al. (2023a):

“Let’s first understand the problem and devise a plan to solve
it. Then, let’s carry out the plan and solve the problem step
by step.”. We sample multiple responses from the LLM,
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Figure 2: Performance improvement of PROVE over baseline methods across 13 LLMs evaluated on eight mathematical
reasoning benchmarks.

producing a set of candidate plans and solutions, denoted as
{s1, ..., sn}.

Translating Plans and Solutions into Python Programs.
Once the candidate plans and solutions {s1, ..., sn} are ob-
tained, each solution si is individually fed into another LLM
to generate a corresponding Python program pi. Specifically,
the LLM is instructed to generate a corresponding Python
program based on the plan in si to solve the given problem.
This process results in a set of pairs {(s1, p1), ..., (sn, pn)},
which are then used for verification.

Verification and Selection. To verify the correctness of
each solution, we execute the Python program pi and obtain
its output p̂i. We then extract the corresponding answer ŝi
from the generated solution si using the answer extraction
method proposed by Kojima et al. (2022): “Therefore, the
answer (Arabic numerals) is...”. A solution si is considered
valid if its extracted answer ŝi matches the program output
p̂i. After filtering out invalid solutions, majority voting
is performed on the remaining valid answers to determine
the final answer. If no candidate solutions are validated,
majority voting is performed over all originally generated
(invalidated) answers. This fallback ensures an answer is
always produced.

3. Experiments
3.1. Setup

Models and datasets. PROVE is a model-agnostic frame-
work designed to integrate with any LLM for mathemati-
cal reasoning tasks. We evaluated 13 LLMs from various
families and sizes, ranging from 0.5B to 13B parameters.
Specifically, we evaluated the following models: Phi-3-
mini-4k-instruct (3.8B) (Abdin et al., 2024), Llama-2-7B-
chat (Touvron et al., 2023), Llama-2-13B-chat, Llama-3-
8B-Instruct (Dubey et al., 2024), Llama-3.1-8B-Instruct,
Llama-3.2-1B-Instruct, Llama-3.2-3B-Instruct, Mistral-7B-
Instruct-v0.3 (Jiang et al., 2023), Gemma-2-2B-it (Team
et al., 2024), Gemma-2-9B-it, Qwen2-0.5B-Instruct (Yang
et al., 2024), Qwen2-1.5B-Instruct, and Qwen2-7B-Instruct.
Our evaluations covers eight commonly used mathemati-
cal reasoning benchmarks: GSM8K (Cobbe et al., 2021),
MATH (Hendrycks et al., 2021), SVAMP (Patel et al., 2021),
ASDIV (Miao et al., 2020), MultiArith (Roy & Roth, 2015),
SingleEQ (Koncel-Kedziorski et al., 2015), SingleOP (Roy
et al., 2015), and AddSub (Hosseini et al., 2014). To speed
up the evaluation process, we used MATH-500, a subset of
problems from the MATH dataset, as suggested by Light-
man et al. (2024).

Implementation details. In PROVE, we sample a total
of 16 plans and solutions using a temperature setting of
0.7. To extract the answer from the generated solutions,
we rely on Phi-3-mini-4k-instruct. We also standardize the
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Figure 3: An actual example of the prompts used in our framework, along with the outputs generated by Phi3-mini-4k-
instruct, for the GSM8K task.

use of Phi-3-mini-4k-instruct to translate the plan and so-
lution into Python programs for verification. With only
3.8 billion parameters, Phi-3-mini-4k-instruct offers more
efficient inference. Notably, when Phi-3-mini-4k-instruct
is being evaluated, it performs self-verification by generat-
ing not only the plan and solution but also translating the
plan and solution to a Python program to verify the results.
During the selection phase, we perform majority voting on
the remaining valid answer. If no valid answer remain, we
perform majority voting over all invalid answers. For the
more challenging MATH dataset, we use GPT-4o (2024-02-
15-preview) to translate the plan and solution into Python
code. Additional details on the MATH dataset setup can be
found in Appendix B.

Baselines. We compare PROVE with two decoding strate-
gies: single sampling (greedy decoding) and multiple sam-
pling (self-consistency decoding) (Wang et al., 2023b). The
comparison is conducted using three different prompting
techniques: zero-shot Chain-of-Thought (CoT) (Kojima
et al., 2022), zero-shot Program-of-Thought (PoT) (Chen
et al., 2023), and zero-shot Plan-and-Solve (PS) (Wang et al.,
2023a). Due to the similarity of Program-Aided Language
Models (PAL) and PoT, we have just selected 1 of the 2 in
out baselines, in this case we selected PoT. Performance is
evaluated based on accuracy, where a problem is considered
correct only if the final answer exactly matches the ground
truth.
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Method
Qwen-2 Gemma-2 Phi-3 Mistral Llama-2 Llama-3 Llama-3.1 Llama-3.2

0.5B 1.5B 7B 2B 9B 3.8B 7B 7B 13B 8B 8B 1B 3B

GSM8K

Zero-shot CoT 32.22 57.71 88.25 67.63 89.69 86.35 58.83 29.80 41.24 80.74 87.49 50.72 81.88
Zero-shot PoT 5.23 2.81 63.61 50.80 80.89 84.38 48.52 8.49 26.99 73.46 84.38 42.15 33.06
Zero-shot PS 25.63 51.02 85.90 63.00 89.01 86.50 58.07 28.35 39.80 80.36 86.66 49.05 81.12
Zero-shot CoT @maj16 48.85 71.57 91.66 72.94 91.05 91.96 75.66 38.97 54.44 87.72 92.49 66.11 87.87
Zero-shot PoT @maj16 28.43 37.00 85.67 59.21 86.43 91.36 70.96 27.22 40.86 84.07 90.37 58.45 83.32
Zero-shot PS @maj16 42.00 68.46 90.98 73.39 91.96 92.19 78.54 41.32 54.21 89.61 92.57 65.66 88.86
Zero-shot CoT @maj32 48.52 73.16 92.19 70.51 90.22 92.49 75.89 40.71 54.66 88.02 91.43 55.72 85.60
Zero-shot PoT @maj32 35.10 53.68 85.52 54.74 86.28 92.27 73.01 35.48 40.03 84.91 89.69 50.04 81.43
Zero-shot PS @maj32 44.73 70.36 91.96 71.72 91.58 92.72 79.83 41.55 57.77 88.55 92.57 59.14 87.04

PROVE
53.83 74.22 92.42 79.61 92.72 93.10 83.24 59.51 68.08 90.14 93.19 73.01 91.36

(+4.98) (+1.06) (+0.23) (+6.22) (+0.76) (+0.38) (+3.41) (+17.96) (+10.31) (+0.53) (+0.62) (+6.90) (+2.50)

MATH-500

Zero-shot CoT 7.20 18.60 45.20 19.60 46.40 41.60 9.60 2.00 4.40 26.00 46.60 13.40 36.80
Zero-shot PS 7.00 13.40 37.40 20.80 42.60 42.40 10.80 2.20 4.00 24.60 47.60 16.60 35.60
Zero-shot CoT @maj16 11.60 29.40 64.00 29.20 53.20 54.00 18.60 3.20 8.00 34.80 62.40 34.60 54.80
Zero-shot PS @maj16 11.60 28.20 63.40 29.00 54.80 51.40 21.20 3.80 6.20 36.80 62.80 38.00 56.40
Zero-shot CoT @maj32 12.40 30.00 65.60 30.00 54.60 55.80 19.80 3.60 8.60 36.00 63.20 35.60 56.00
Zero-shot PS @maj32 12.20 29.00 64.40 30.00 55.60 53.20 22.00 4.20 7.20 37.60 63.40 39.00 56.80

PROVE
19.80 34.80 67.20 37.40 58.60 57.80 27.00 8.80 17.40 44.80 65.60 44.80 57.40

(+7.40) (+4.80) (+1.60) (+7.40) (+3.00) (+2.00) (+5.00) (+4.60) (+8.80) (+7.20) (+2.20) (+5.80) (+0.60)

SVAMP

Zero-shot CoT 41.00 62.10 89.90 74.40 88.70 89.10 71.80 56.40 62.80 85.00 86.80 68.40 86.50
Zero-shot PoT 13.60 5.40 47.00 73.40 91.80 90.70 52.80 25.50 44.10 86.70 88.00 62.60 66.30
Zero-shot PS 35.60 61.00 90.70 73.60 89.80 89.80 73.20 56.00 57.30 83.40 88.30 65.60 87.50
Zero-shot CoT @maj16 57.10 78.30 93.60 80.00 91.30 94.00 84.40 69.70 77.80 90.50 92.30 82.30 91.90
Zero-shot PoT @maj16 47.80 39.20 74.50 79.30 92.50 94.70 80.50 59.70 66.00 90.60 91.50 76.80 92.00
Zero-shot PS @maj16 56.60 79.60 93.70 81.70 91.40 93.60 84.70 71.30 77.80 91.20 92.90 81.50 92.80
Zero-shot CoT @maj32 59.40 79.50 93.60 76.30 90.80 93.90 83.70 66.90 76.10 89.00 91.60 77.00 90.30
Zero-shot PoT @maj32 52.90 55.20 72.50 76.40 92.30 94.40 81.50 67.10 66.70 90.50 91.60 73.10 90.90
Zero-shot PS @maj32 60.90 82.40 94.20 80.30 91.00 94.90 84.30 71.50 79.00 90.40 92.60 77.60 91.00

PROVE
73.80 86.70 94.60 86.40 92.90 95.10 88.90 82.70 86.40 93.90 94.50 87.70 93.70

(+12.90) (+4.30) (+0.40) (+4.70) (+0.40) (+0.20) (+4.20) (+11.20) (+7.40) (+2.70) (+1.60) (+5.40) (+0.90)

ASDIV

Zero-shot CoT 55.10 73.14 91.89 80.68 91.60 91.84 74.52 58.59 65.03 85.35 89.12 75.91 89.22
Zero-shot PoT 18.46 6.35 48.09 71.66 82.20 83.73 54.20 32.40 48.71 78.86 86.74 67.18 59.49
Zero-shot PS 45.99 70.04 91.32 81.82 91.51 91.98 74.62 57.63 62.12 84.40 88.98 72.47 87.74
Zero-shot CoT @maj16 69.18 82.68 93.56 85.35 92.56 94.51 83.92 66.46 74.86 89.46 92.27 84.45 92.50
Zero-shot PoT @maj16 57.49 59.02 77.24 78.24 86.26 92.89 78.77 63.36 66.56 86.74 91.89 79.53 91.27
Zero-shot PS @maj16 68.03 83.35 93.46 87.02 92.99 94.18 84.78 69.27 75.43 89.29 92.22 85.07 92.75
Zero-shot CoT @maj32 70.56 83.78 93.37 85.11 92.80 94.56 84.64 68.13 75.00 89.87 92.63 82.68 92.27
Zero-shot PoT @maj32 63.07 66.32 75.76 77.62 87.21 93.75 79.77 65.74 68.46 88.31 92.03 76.57 90.41
Zero-shot PS @maj32 69.99 83.30 93.51 86.74 93.23 94.45 85.73 70.47 76.86 89.49 92.75 83.25 92.37

PROVE
74.90 84.83 93.76 87.88 93.35 94.75 87.02 76.67 80.49 89.98 92.83 86.35 93.03

(+4.34) (+1.05) (+0.20) (+0.86) (+0.12) (+0.19) (+1.29) (+6.20) (+3.63) (+0.11) (+0.08) (+1.28) (+0.28)

Table 1: Main results showing the comparison of PROVE and baseline methods across 13 LLMs, ranging in size from 0.5B to
13B, on GSM8K, MATH-500, SVAMP, and ASDIV. Additional results are provided in Appendix A due to space constraints.

3.2. Main Results

We report the main results of our experiments in Table 1.
We highlight several key observations:

PROVE consistently outperforms baselines across all
evaluated LLMs and datasets. Our evaluation of PROVE
across various model families and sizes shows consistent
performance improvements over strong baseline methods.
For instance, on the GSM8K dataset, Mistral-7B-Instruct-
v0.3 achieves an accuracy of 83.24% with PROVE, showing
a 3.41% improvement over the 79.83% accuracy of the Zero-
shot PS @maj32 baseline. Similarly, on the SVAMP dataset,
Mistral-7B-Instruct-v0.3 reaches an accuracy of 88.90%,
surpassing the best baseline by 4.2%. Furthermore, Mistral-
7B-Instruct-v0.3 achieves performance gains of up to 1.29%
across other datasets, including ASDIV, MultiArith, Sin-
gleEq, SingleOp, and AddSub. These improvements are

consistently observed across all 13 LLMs we tested.

PROVE provides larger performance gains for smaller
models. In our comparison of various model families, in-
cluding Qwen-2, Gemma-2, Llama-2, and Llama-3.2, we
found that smaller models typically show more significant
performance improvements compared to their larger coun-
terparts. For example, on the GSM8K dataset, the smaller
Llama-2-7B-chat model achieved an 17.96% improvement
over the baseline, while the larger Llama-2-13B-chat model
showed a 10.31% gain. Similarly, the Gemma-2-2B-it
model improved by 6.22%, whereas the larger Gemma-
2-9B-it model had a 0.76% increase. A similar pattern
is shown for Qwen-2 models where Qwen2-0.5B-Instruct
outperformed its baseline by 4.98%, Qwen2-1.5B-Instruct
improved by 1.06%, and the larger Qwen2-7B-Instruct saw
just a 0.23% gain. Similarly, Llama-3.2-1B-Instruct demon-
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Figure 4: Performance comparison of PROVE and baseline methods across various LLMs evaluated on GSM8K with
different numbers of samples.

strated a 6.9% improvement, while the larger Llama-3.2-3B-
Instruct achieved only a 2.5% increase. These findings sug-
gest that smaller models benefit more from PROVE, likely
because they are more prone to errors, such as miscalcula-
tions, making filtering mechanisms particularly effective for
them.

Improvement on challenging mathematical dataset.
We also assess the performance of PROVE on the MATH-
500 dataset. Our results demonstrate that PROVE consis-
tently improves performance across all models, with the
largest improvement of 8.8% observed for Llama-2-13B-
chat. Even for smaller models, such as Qwen2-0.5B-Instruct
and Llama-3.2-1B-Instruct, we observe notable gains of
7.4% and 5.8%, respectively. These results suggest that
even on more challenging datasets, models can generate
the correct answer by considering multiple reasoning paths.
However, when the correct answer is not the most frequent,
leveraging better heuristics to aggregate reasoning paths can
lead to significant performance improvements.

3.3. Ablation Study

Impact of the number of plans. In Figure 4, we com-
pare the accuracy of CoT, PoT, and PS prompting methods
with self-consistency and PROVE across different numbers
of sampled solutions on GSM8K. As the number of sam-
pled solutions increases from 4 to 32, PROVE consistently
outperforms the baseline methods, highlighting its effective-
ness. Notably, with just 4 samples, the Llama-2-7b-chat
and Mistral-7B-Instruct-v0.3 models show notable accuracy
improvements of 10.46% and 5.39%, respectively. With 32
samples, the Llama-2-7b-chat and Mistral-7B-Instruct-v0.3
models achieve gains of 17.81% and 4.93%, respectively.

Impact of translation model. We examine the impact
of model selection for translating plans and solutions into
Python programs on GSM8K. In our main experiments, the

Model Translation Model Accuracy (%)

Llama-3.2-1B-Instruct
Phi-3-mini-4k-instruct 73.01
Llama-3-8B-Instruct 73.54

Llama-3.1-8B-Instruct 74.53

Llama-2-7B-chat
Phi-3-mini-4k-instruct 59.51
Llama-3-8B-Instruct 58.15

Llama-3.1-8B-Instruct 61.94

Mistral-7B-Instruct-v0.3
Phi-3-mini-4k-instruct 83.24
Llama-3-8B-Instruct 80.29

Llama-3.1-8B-Instruct 83.32

Table 2: Performance of PROVE on GSM8K, evaluated
across various translation models and LLMs.

default translation model is Phi-3-mini-4k-instruct. Addi-
tionally, we evaluate Llama-3-8B-Instruct and Llama-3.1-
8B-Instruct as alternative translation models. Table 2 illus-
trates the performance differences across these translation
models. Notably, Llama-3.1-8B-Instruct, which has more
parameters than Phi-3-mini-4k-instruct, results in slight per-
formance improvements across all tested LLMs. Specifi-
cally, it achieves performance gains of 1.52%, 2.43%, and
0.08% for Llama-3.2-1B-Instruct, Llama-2-7B-chat, and
Mistral-7B-Instruct-v0.3, respectively.

Model Prompting Method Accuracy (%)

Llama-3.2-1B-Instruct CoT 72.89
PS 73.01

Llama-2-7B-chat CoT 59.29
PS 59.51

Mistral-7B-Instruct-v0.3 CoT 82.79
PS 83.24

Table 3: Performance of PROVE on GSM8K, with different
prompting strategies across various LLMs.

Impact of Plan and Solve (PS) prompting. We inves-
tigated the impact of PS prompting on our framework by
comparing its effectiveness against CoT prompting in the
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first stage of PROVE. We evaluated three different mod-
els, namely Llama-3.2-1B-Instruct, Llama-2-7B-Chat, and
Mistral-7B-Instruct-v0.3, on GSM8K. As shown in Table 3,
the performance differences between the two prompting
methods were minimal, with PS outperforming CoT by
0.12% to 0.45% across the models tested. These results
highlight the robustness of PROVE, demonstrating its ability
to maintain strong performance regardless of the prompting
method used.

Model Verification Method Accuracy (%)

Llama-3.2-1B-Instruct Natural Language 53.45
Program 73.01

Llama-2-7B-chat Natural Language 37.00
Program 59.51

Mistral-7B-Instruct-v0.3 Natural Language 68.23
Program 83.23

Table 4: Performance of PROVE on GSM8K, evaluated
across various verification methods.

PROVE vs Natural Language Verifier. We conduct an
ablation study comparing our proposed method PROVE with
a baseline that directly prompts an LLM to identify errors in
generated solutions using natural language. For a fair com-
parison, we use the same model (Phi-3-mini-4k-instruct) as
in PROVE, prompting it with the question: “Are there any
errors in this solution (Yes/No)?”” to serve as the natural
language verification method. Table 4 presents accuracy
results on GSM8K across three different models. In ev-
ery case, PROVE outperforms natural language verification.
For instance, Llama-3.2-1B-Instruct improves from 53.45%
to 73.01%, and Mistral-7B-Instruct-v0.3 achieves 83.23%
accuracy with over 15 percentage points higher than the
natural language verification. Even models like Llama-2-
7B-chat see substantial gains, with an improvement of 22.5
points. These findings underscore the limitations of natural
language for precise verification and demonstrate the robust-
ness of translating reasoning into executable programs for
reliable, deterministic checking.

3.4. Analyses

PROVE gets correct when the vanilla majority vote fails.
In Figure 5, we present two case study examples where
PROVE successfully filters out incorrect PS solutions. In
these instances, majority voting fails because the correct an-
swer is not the most common response. In contrast, PROVE
effectively identifies and removes incorrect reasoning paths,
ensuring that the correct answer becomes the majority. In
Figure 5 (left), the model incorrectly calculates the sum
as “$4.20 + $9.45 + $1.35 = $15.10” when the correct
sum should be “$15.00.” Similarly, in Figure 5 (right), the
model makes a semantic error by miscounting the total num-
ber of zebras as 3 instead of 4. However, with our PROVE

framework, the translated program detects these errors and
effectively filters them out. These examples demonstrate
how leveraging translated programs for verification allows
us to efficiently filter out incorrect reasoning paths.

Method Calculation Missing Semantic

Zero-shot PS @maj16 20% 12% 68%
PROVE 0% 18% 82%

Table 5: Distribution of error types (calculation error, miss-
ing step error, semantic understanding error) for 100 ran-
domly sampled examples from GSM8K, where both PS and
PROVE got incorrect.

Error analysis. We manually analyzed 100 randomly se-
lected examples from GSM8K where both PS and PROVE
provided incorrect answers, using Llama-3.2-1B-Instruct.
Following Wang et al. (2023a), we classified the errors into
three categories: calculation errors, missing step errors, and
semantic understanding errors. The analysis results (Ta-
ble 5) show that PROVE achieved a 0% calculation error
rate, significantly outperforming PS, which had a 20% cal-
culation error rate. This highlights PROVE’s effectiveness
in minimizing calculation errors, as illustrated in the case
study example in Figure 5 (left).

Actual Positive: Actual Negative
Correct PS Solution Wrong PS Solution

Predicted Positive: 4865 (97.3%) 1695 (33.9%)Program Match
Predicted Negative: 135 (2.7%) 3305 (66.1%)Program Mismatch

Table 6: Confusion Matrix for program translation. We
randomly selected 5,000 correct and incorrect PS solutions
and translated them into Python program.

Analysis on Python program translation. To evaluate
the program translation error rate, we randomly selected
5,000 correct and incorrect PS solutions and translated them
into Python programs using the default translation model
from our main experiments. The performance of the pro-
gram translation is presented in Table 6. The results shows
that the translation model achieves a high true positive rate
and a low false negative rate, demonstrating its effectiveness
in translating PS solutions into Python programs. Although
the false positive and true negative rates are moderate, sug-
gesting that some incorrect solutions are not filtered out, the
majority of incorrect PS solutions are successfully filtered.
These findings provide strong evidence of the effectiveness
of PROVE in math reasoning.

4. Related Works
Recent advancements in Large Language Models (LLMs)
have demonstrated remarkable capabilities in complex rea-
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Figure 5: Case study examples where PROVE gets correct when vanilla majority voting fails on GSM8K type question. We
show how the translated program can correctly filter out generated solutions that have errors in them. Left: highlighted in
red shows a calculation error. Right: highlighted in red shows semantic understanding error.

soning tasks. Prior research shows that step-by-step reason-
ing prompts like Chain-of-Thought (CoT) (Kojima et al.,
2022) and Plan-and-Solve (PS) (Wang et al., 2023a), signifi-
cantly improve performance over direct answer generation.
Concurrently, methods integrating Python programs directly
into the reasoning process, such as Program-Aided Lan-
guage Models (PAL) (Gao et al., 2023) and Program of
Thoughts (PoT) (Chen et al., 2023), leverage code execution
for precision. Techniques like multi-step decoding (e.g.,
Tree of Thoughts (Yao et al., 2023)) and multi-sample rea-
soning with self-consistency (Wang et al., 2023b) further
enhance robustness by exploring diverse reasoning paths and
aggregating solutions. However, a common challenge with
these generative approaches, especially for smaller models,
is their susceptibility to hallucination and error propagation;
if the majority of generated paths are flawed, aggregation
methods like self-consistency will still yield incorrect re-
sults. Our method, PROVE, complements these efforts by
introducing a crucial verification step by translating gen-
erated natural language solutions into Python programs to
filter out flawed reasoning paths before aggregation, aiming
for more accurate final answers.

Using LLMs to evaluate model generations for verifica-
tion is a well-established concept (Kushman et al., 2014;
Roy & Roth, 2015; Shen et al., 2021). A common strat-
egy involves training a separate verifier model to assess
the correctness of generated outputs (Cobbe et al., 2021).
Other techniques, such as step-by-step verification (Light-
man et al., 2024) and ranking multiple reasoning paths to

choose the most accurate one (Weng et al., 2023), show
promise but often depend heavily on the inherent reasoning
abilities of the primary LLM or a similarly capable veri-
fier model, which can limit their effectiveness, particularly
for smaller models. Program-based verification approaches
have also been proposed (Zhou et al., 2024a; Han et al.,
2024; Zhou et al., 2024b). Other approaches focus on im-
proving the faithfulness of the reasoning steps themselves.
Lyu et al. (2023) (Faithful CoT) focused on aligning inter-
mediate natural language steps in CoT with symbolic solver
outputs to ensure step-wise correctness. Similarly, CoMAT
(Leang et al., 2024) enhances mathematical reasoning by
generating mathematically annotated thoughts, essentially
creating a more structured and verifiable reasoning trace.
While these methods demonstrate the value of programmatic
checks or formalized reasoning, they can be complex, often
requiring few-shot prompting or more capable base mod-
els, or focus on detailed step-wise annotation. In contrast,
PROVE is designed to be model-agnostic and adaptable to
smaller, open-source LLMs without needing few-shot exem-
plars for its verification pipeline. It focuses on leveraging
a translation model to verify diverse, complete natural lan-
guage solutions via program execution, differentiating it
by its specific mechanism of post-hoc translation and fil-
tering of entire reasoning paths within a self-consistency
framework.
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5. Conclusion
In this paper, we demonstrate that using translated programs
for verification can effectively filter out low-quality rea-
soning paths, which may include calculation or semantic
understanding errors. Our approach, PROVE, is model-
agnostic and does not require fine-tuning or few-shot ex-
emplars for prompting. PROVE consistently outperforms
baseline methods across 13 LLMs and eight mathematical
reasoning datasets.
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A. Additional Main Results

Method
Qwen-2 Gemma-2 Phi-3 Mistral Llama-2 Llama-3 Llama-3.1 Llama-3.2

0.5B 1.5B 7B 2B 9B 3.8B 7B 7B 13B 8B 8B 1B 3B

MULTIARITH

Zero-shot CoT 78.17 93.50 98.67 94.00 98.17 98.17 83.67 74.33 76.67 96.67 97.83 85.67 97.83
Zero-shot PoT 18.00 4.33 59.67 88.67 98.00 96.67 61.67 29.83 60.17 97.33 97.83 78.67 62.33
Zero-shot PS 62.33 87.50 97.83 94.33 98.67 98.50 83.50 70.67 70.00 97.83 97.33 83.67 97.00
Zero-shot CoT @maj16 91.83 98.00 98.33 97.17 98.33 98.83 91.50 85.67 92.17 98.83 98.00 97.00 99.00
Zero-shot PoT @maj16 78.33 49.67 90.33 95.00 98.67 98.67 92.83 77.83 79.00 99.00 99.00 95.83 99.00
Zero-shot PS @maj16 91.33 98.33 98.17 97.00 98.67 98.83 94.33 90.33 92.17 98.17 98.50 97.83 98.50
Zero-shot CoT @maj32 92.83 98.00 98.50 96.33 98.33 98.83 92.67 89.17 94.00 98.67 98.33 86.17 98.50
Zero-shot PoT @maj32 88.33 70.33 86.50 94.50 98.67 98.83 94.50 83.67 83.67 98.67 99.17 85.83 98.67
Zero-shot PS @maj32 92.00 98.50 98.83 96.67 98.83 98.83 95.00 91.67 92.33 98.50 98.83 96.67 98.67

PROVE
95.67 99.50 98.83 98.50 99.00 99.00 95.83 97.84 96.34 99.17 99.34 98.00 99.17

(+2.84) (+1.00) (+0.00) (+1.33) (+0.17) (+0.17) (+0.83) (+6.17) (+2.34) (+0.17) (+0.17) (+0.17) (+0.17)

SINGLEEQ

Zero-shot CoT 67.72 85.24 97.44 92.32 96.65 98.23 83.86 78.54 83.07 93.70 94.49 87.40 95.47
Zero-shot PoT 25.00 5.91 49.61 94.49 98.23 98.03 69.49 41.34 69.69 94.49 96.26 84.06 62.40
Zero-shot PS 62.80 81.69 96.65 92.13 97.24 98.03 85.83 75.00 76.57 91.14 95.28 84.45 93.90
Zero-shot CoT @maj16 81.50 90.75 96.85 94.49 97.24 98.82 89.37 83.27 92.13 96.85 97.24 94.09 97.83
Zero-shot PoT @maj16 80.31 71.06 79.33 96.06 98.82 99.02 93.69 86.22 88.78 98.03 98.43 94.49 97.64
Zero-shot PS @maj16 80.71 93.11 97.44 95.08 98.03 98.23 91.14 85.24 91.73 97.24 97.83 94.88 97.24
Zero-shot CoT @maj32 83.07 90.94 97.44 93.70 97.24 98.62 88.98 84.25 93.11 97.05 97.05 91.73 97.05
Zero-shot PoT @maj32 85.43 81.89 76.77 95.47 98.23 98.02 93.87 88.58 88.39 98.23 98.02 92.72 97.83
Zero-shot PS @maj32 82.48 93.31 98.03 95.28 97.83 98.82 90.75 85.24 92.13 97.24 98.03 92.52 97.05

PROVE
92.13 96.80 98.82 97.64 99.21 99.21 94.69 92.91 97.24 98.23 98.62 96.06 98.82

(+6.70) (+3.49) (+0.79) (+1.58) (+0.39) (+0.19) (+0.82) (+4.33) (+4.13) (+0.00) (+0.19) (+1.18) (+0.99)

SINGLEOP

Zero-shot CoT 6.33 89.32 96.26 91.64 95.91 96.26 90.93 85.41 85.94 94.13 96.09 88.43 95.91
Zero-shot PoT 29.54 10.5 44.84 90.57 95.73 95.55 72.78 51.25 68.51 93.24 95.91 84.70 74.02
Zero-shot PS 66.19 88.26 96.26 93.42 96.26 96.80 90.75 81.67 81.32 91.10 95.55 86.83 94.13
Zero-shot CoT @maj16 87.37 92.88 96.26 94.13 96.09 96.80 94.66 88.79 92.70 96.62 96.80 93.77 96.80
Zero-shot PoT @maj16 84.52 77.22 80.60 92.88 95.73 96.80 93.59 89.86 85.77 95.37 96.44 91.99 96.44
Zero-shot PS @maj16 88.08 93.59 96.26 94.66 96.62 97.15 94.84 91.10 91.28 96.44 96.62 93.06 96.62
Zero-shot CoT @maj32 87.37 93.59 96.26 93.95 96.26 96.98 95.02 89.50 92.35 96.44 96.62 94.20 96.62
Zero-shot PoT @maj32 88.79 86.83 78.47 93.42 95.91 97.33 94.13 92.35 88.26 95.91 96.44 93.24 96.09
Zero-shot PS @maj32 87.01 93.77 96.44 93.59 96.62 97.15 94.66 91.46 92.13 96.80 96.62 94.66 96.80

PROVE
92.53 94.66 96.98 94.84 96.62 97.51 95.02 94.66 93.24 97.16 96.98 94.66 96.80

(+3.74) (+0.89) (+0.54) (+0.18) (+0.00) (+0.18) (+0.00) (+2.31) (+0.54) (+0.36) (+0.18) (+0.00) (+0.00)

ADDSUB

Zero-shot CoT 58.73 79.75 94.94 86.33 94.94 95.95 82.28 73.67 81.01 89.37 92.66 84.56 93.42
Zero-shot PoT 49.62 7.34 28.61 53.92 95.95 95.7 70.38 42.53 65.57 93.67 95.44 78.73 88.86
Zero-shot PS 51.39 77.47 92.91 89.11 95.19 94.43 83.29 73.42 75.19 85.32 92.66 77.97 90.89
Zero-shot CoT @maj16 70.89 86.58 95.44 90.89 94.43 96.2 85.82 80.51 86.08 93.42 95.19 89.62 95.95
Zero-shot PoT @maj16 71.39 64.81 63.54 90.89 95.95 96.46 91.14 81.52 85.06 95.19 95.95 82.53 95.95
Zero-shot PS @maj16 71.14 85.82 94.94 91.14 95.7 96.46 88.35 83.29 87.34 93.16 94.43 90.13 94.68
Zero-shot CoT @maj32 72.41 87.34 94.94 89.62 95.70 96.71 86.08 81.27 85.32 91.14 94.94 87.59 95.95
Zero-shot PoT @maj32 73.42 73.42 59.49 90.63 95.95 96.71 90.38 85.57 86.08 95.19 94.68 87.09 95.70
Zero-shot PS @maj32 75.19 87.85 94.94 90.63 95.70 96.71 87.09 83.04 87.59 91.39 94.94 89.87 95.95

PROVE
85.06 92.15 96.46 92.41 96.20 96.96 91.65 89.37 93.16 95.19 96.20 92.41 95.95

(+9.87) (+4.30) (+1.02) (+1.27) (+0.25) (+0.25) (+0.51) (+3.80) (+5.57) (+0.00) (+0.25) (+2.28) (+0.00)

Table 7: Main results showing the comparison of PROVE and baseline methods across 13 LLMs, ranging in size from 0.5B
to 13B, on MultiArith, SingleEQ, SingleOP, AddSub.

B. Implementation Details for MATH
The overall framework for the MATH dataset closely follows the structure outlined in Section 2, with minor adjustments in
the prompts to accommodate answers in LaTeX format. Figure 6 provides an actual example of these prompts, along with
the outputs generated by Phi3-mini-4k-instruct.

Generating plan and solution. We prompt an LLM to generate a plan and solution using the zero-shot prompt proposed
by Wang et al. (2023a): “Let’s first understand the problem and devise a plan to solve the problem. Then, let’s carry out
the plan and solve the problem step by step”. Additionally, we extend this prompt by adding “Present the final answer
enclosed in \\boxed{}.”, instructing the model to present the final answer within \\boxed{} to facilitate easy extraction of
the answer.
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Translating plan and solution to Python programs. We use each plan and solution individually as input to GPT-4o
(2024-02-15-preview), prompting it to generate a Python code block that implements the plan to solve the math word
problem and printing the final answer in \\boxed{}. We append “Convert the following plan and solution to a math problem
into Python code. Print the final answer enclosed in \\boxed{}.” to the prompt for generation.

Verification and selection. Finally, we execute the Python code block and retrieve the output answer by extracting the
value enclosed in \\boxed{} from the standard output produced by the print() statement. This output answer is then
compared to the generated solution for verification. If the solution matches the output answer, we consider the solution valid.
After verifying all candidate plans and solutions, we conduct majority voting among the valid answers to determine the final
answer. If no valid answers remain, we perform majority voting across all invalid answers instead.

C. Case Study on MATH Dataset
We an example where PROVE succeeds in answering the question correctly, unlike the baseline methods. In this example, the
problem requires differentiation, but Phi-3-mini-4k-instruct performs the differentiation incorrectly, leading to an incorrect
answer. In contrast, PROVE avoids such errors by offloading the differentiation calculation to the sympy library, allowing it
to filter out flawed reasoning paths effectively.
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Question from MATH dataset

Find the minimum value of
(x + 5)(x + 2)

x + 1

for x > 0.

Generated Solution by Phi-3-mini-4k-instruct

We want to find the minimum value of the expression
(x + 5)(x + 2)

x + 1

for x > 0.
One approach is to use calculus. We can find the critical points of the function by taking the derivative and setting it equal to zero.
The derivative of the function is:

d

dx

(
(x + 5)(x + 2)

x + 1

)
=

(2x + 7)(x + 1) − (x + 5)(1)

(x + 1)2
=

x2 + 8x + 7

(x + 1)2
.

Setting the derivative equal to zero, we get:
x
2
+ 8x + 7 = 0.

This quadratic equation does not have real solutions, which means there are no critical points.
Since the function is continuous and differentiable for x > 0, and there are no critical points, we can check the behavior of the function as x approaches infinity and zero.
As x approaches infinity, the function approaches the limit:

lim
x→∞

(x + 5)(x + 2)

x + 1
= lim

x→∞

x2 + 7x + 10

x + 1
= ∞.

As x approaches zero from the right (since x > 0), the function approaches:

lim
x→0+

(x + 5)(x + 2)

x + 1
= lim

x→0+

x2 + 7x + 10

x + 1
= 10.

Since the function approaches infinity as x approaches infinity and approaches 10 as x approaches zero from the right, we can conclude that the minimum value of the function is 10 .

Translated Python Program by GPT-4o

Certainly! Below is the Python code that follows the plan and solution to find the minimum value of the given expression:

‘ ‘ ‘ py thon
import sympy as sp

# D e f i n e t h e v a r i a b l e
x = sp . symbols ( ’ x ’ , p o s i t i v e =True )

# D e f i n e t h e f u n c t i o n
y = ( x + 5) * ( x + 2) / ( x + 1)

# S i m p l i f y t h e f u n c t i o n
y s i m p l i f i e d = sp . s i m p l i f y ( y )

# Find t h e d e r i v a t i v e
y p r i m e = sp . d i f f ( y s i m p l i f i e d , x )

# S o l v e f o r c r i t i c a l p o i n t s
c r i t i c a l p o i n t s = sp . s o l v e ( y pr ime , x )

# Check t h e second d e r i v a t i v e t o c o n f i r m minimum
y d o u b l e p r i m e = sp . d i f f ( y pr ime , x )

# E v a l u a t e t h e second d e r i v a t i v e a t c r i t i c a l p o i n t s
m i n v a l u e = None
f o r p o i n t in c r i t i c a l p o i n t s :

i f y d o u b l e p r i m e . subs ( x , p o i n t ) > 0 :
m i n v a l u e = y s i m p l i f i e d . subs ( x , p o i n t )
break

# P r i n t t h e minimum v a l u e
p r i n t ( f ” The minimum v a l u e i s : \\boxed{{{m i n v a l u e}}}” )
‘ ‘ ‘

This code uses the ‘sympy‘ library to perform symbolic mathematics, including differentiation and solving equations. It finds the critical points, checks the second derivative to confirm a
minimum, and evaluates the function at the critical point to find the minimum value.
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Figure 6: An actual example of prompts used for MATH dataset, along with the outputs generated by Phi3-mini-4k-instruct
and GPT-4o to translate the plan and solution into Python code.
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