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Abstract

Large language models (LLMs) remain brittle on mathematical word problems:1

small surface-form changes can shift answer distributions and degrade solve rates,2

while multi-step computation is error-prone. We present R2P, a three-stage in-3

ference framework that (1) Reformulates each problem into diverse paraphrases4

to reduce surface-form bias, (2) Retrieves domain-aligned few-shot exemplars5

from a curated bank via lightweight embeddings, and (3) Programs explicit inter-6

mediate Python code (Program-of-Thoughts) to execute symbolic computations.7

Under a fixed path budget, R2P samples multiple reasoning trajectories across8

reformulations and aggregates outcomes by voting, improving both accuracy and9

consistency. Evaluations on GSM8K, AQuA, and SVAMP with an off-the-shelf10

9B-parameter LLM (zero/few-shot, no fine-tuning) show consistent gains over11

Chain-of-Thought, self-consistency, and vanilla Program-of-Thoughts. Ablations12

varying the number of reformulations and comparing naïve vs. in-context reformu-13

lation demonstrate that (i) exposing the model to multiple surface forms reliably14

improves solve rates, and (ii) domain-aware retrieval further boosts robustness.15

We analyze typical failure modes—misinterpretation of quantities and arithmetic16

slips—and show how reformulation plus code execution mitigates both. R2P offers17

a simple, model-agnostic recipe for more reliable mathematical reasoning without18

additional training.19

1 Introduction20

Mathematical reasoning is a cornerstone of problem-solving, with applications spanning diverse21

fields such as physics, engineering, economics, and computer science. However, despite their success22

in general natural language processing tasks, existing Large Language Models (LLMs) such as GPT-423

struggle with mathematical problems that demand precision, logical reasoning, and step-by-step24

computation [1]. This gap arises because LLMs rely heavily on statistical patterns in natural language,25

which often fail to capture the formal structure and symbolic complexity of mathematical problems.26

[2].27

Current advancements in mathematical reasoning with LLMs have primarily focused on methods28

like Chain-of-Thought (CoT) prompting [3, 4, 5], which encourages models to break problems into29

reasoning steps. Self-Consistency (SC) methods further refine CoT by introducing multiple reasoning30

paths to identify consistent answers. While effective, these approaches are still limited when faced31

with problems requiring complex computation or diverse logical forms. As shown in Fig 1(a), the32

LLM fails to provide the correct answer directly when posed with a complex calculation problem.33

This limitation is handled by another notable approach, Program of Thoughts (PoT), which introduces34

intermediate code generation to represent reasoning steps explicitly, improving the interpretability of35

solutions and disentagle computation from the reasoning process. However, PoT alone cannot resolve36
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Lauren is saving 20% of every paycheck. 

How many more years does Lauren need to 

work if she plans to save for a retirement 

period of 20 years, live with 40% of her 

current annual salary, and her current salary 

is $100,000?

Lauren needs to work an additional 17 years.

If Lauren is saving 20% of her current 

salary of $100,000, how many additional 

years does she need to work if she intends to 

save for a retirement period of 20 years and 

live off 40% of her current annual salary?

Lauren needs to work for 40 years.

X √

(a)

X

(b)

Calculate 124712948*91274182

124712948×91274182 = 11383729597806936

Calculate 124712948*91274182 by Python code

# perform the multiplication using Python
Ans = 124712948 * 91274182

The answer is 11383072313508536 by 

Python dode. √

Figure 1: Limitations for GPT-4 solving MWPs. (a) When GPT-4 is asked to directly provide the
result of a complex arithmetic problem, the answer is incorrect.(b) When the original problem is
reformulated, answers are inconsistent.

inconsistencies arising from ambiguous structured problem forms. As shown in Fig 1(b), we can37

observe that small changes in the surface form of the mathematical problem can lead to significantly38

different outcomes.39

To address these challenges, we propose R2P, a novel two-stage framework that integrates Refor-40

mulation of Mathematical Problems (RM) and Program of Thoughts (PoT). The RM stage prompts41

the LLM to generate multiple paraphrased versions of the same problem, thereby mitigating the42

adverse effects of poorly structured problem formulations. By generating multiple reformulations of43

a given problem and exposing the model to various formulations of the same task, LLMs can uncover44

the core mathematical structure underlying the problem [6]. This diversity in problem presentation45

improves the LLM’s accuracy and consistency in solving the problem. In the PoT stage, the model46

generates Python code as intermediate reasoning steps, decoupling symbolic computations from47

natural language reasoning. A voting mechanism ensures consistency across reformulated solutions,48

enhancing accuracy and robustness. Domain-specific context activation can retrieve semantically49

coherent 〈question-solution〉 pairs from a pre-built question bank, enabling LLM to reason based on50

specific domains.51

During the deduction phase, we introduce a novel integration of Few-Shot Learning module to further52

improve the accuracy and robustness of LLMs in mathematical problem-solving which operates as53

follows : Given a problem p, we (1) classify its mathematical domain D (e.g., algebra, arithmetic)54

using a lightweight embedding model, (2) retrieve the top-5 〈question,solution〉 pairs from D’s bank55

via cosine similarity over sentence-BERT embeddings, and (3) inject these examples into the prompt56

to prime the LLM with domain-specific reasoning patterns. This process ensures semantic alignment57

between the input problem and the few-shot exemplars, enhancing both reformulation diversity and58

solution accuracy. Additionally, we analyze the performance gains from the inclusion of few-shot59

examples, showing that incorporating these examples allows for more accurate model predictions,60

even when faced with unfamiliar or highly variable problem structures.61
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The main contributions of this paper are as follows:62

• We introduce R2P, a novel framework that combines surface-level problem reformulation63

and explicit intermediate code generation to improve mathematical reasoning in LLMs.64

• We conduct comprehensive experiments on widely-used benchmarks, including GSM8K,65

AQuA, and MATH, demonstrating that R2P outperforms baseline approaches across different66

datasets.67

• We provide analysis of the effectiveness of RM and PoT stages, highlighting their contribu-68

tions to solving mathematical problems.69

2 Related Work70

2.1 Mathematical Reasoning in LLMs71

In recent years, numerous studies have explored using the System-2 reasoning approach to solve72

mathematical problems with LLMs [3, 7, 8]. As a prominent framework, chain-of-thought(CoT)73

is proposed by [3]. Rather than generate the answer directly, it prompts the LLMs to produce a74

sequence of intermediate reasoning steps. [7] further extended CoT by self-consistency. They75

generate multiple reasoning steps from different angles and potentially lead to the same answer. [9]76

proposes program-of-thoughts, using intermediate codes to represent the reasoning process.77

2.2 Specialized Models for Mathematical Tasks78

To address the limitations of general-purpose LLMs, specialized approaches have been developed.79

For instance, MathGPT [10] integrates symbolic computation engines to solve algebraic problems,80

combining language modeling with symbolic reasoning. However, this hybrid approach still depends81

heavily on the capabilities of external tools. Other models, such as GeoSolver [11] and MathQA [12],82

focus on specific domains like geometry or math question-answering, using domain-specific datasets83

and tailored architectures. While these models perform well in their respective areas, their narrow84

focus limits generalization to broader mathematical tasks.85

2.3 Problem Reformulation in Mathematical Problem Solving86

The role of problem reformulation in enhancing the performance of language learning models (LLMs)87

in mathematical problem solving has gained increasing attention in recent years. Early work by88

[13, 14] demonstrated that altering the structure and phrasing of a problem can lead to improved89

reasoning outcomes in LLMs. This line of research has been extended by [15], who explored how90

different surface forms of mathematical problems can significantly influence the solve rate of LLMs.91

Further studies have investigated the impact of reformulation strategies such as paraphrasing [16]92

and introducing problem variants [17], suggesting that diverse representations help models better93

understand and process complex tasks. Building on these insights, recent works have also delved into94

the combination of reformulation with in-context learning techniques to optimize model performance95

through adaptive problem presentations.96

3 Method97

We propose R2P, a framework that leverages the potential of large language models (LLMs) to solve98

mathematical problems. The overall architecture of R2P is illustrated in Fig. 2, consisting of three99

key components:100

• Stage I - Problem Reformulation (RM): We reformulate the given mathematical problems101

into diverse surface forms, enabling the LLM to better grasp the underlying structure of the102

problems and mitigate structural biases that may hinder accurate reasoning.103

• Stage II - Domain-Aware Few-Shot Learning: To enhance problem-solving accuracy,104

we introduce a domain-specific few-shot learning mechanism that retrieves semantically105

aligned example problems from a pre-constructed question bank. This structured retrieval106

ensures that the model benefits from contextualized exemplars, improving solution accuracy107

even for problems with unfamiliar or highly variable structures.108
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• Stage III - Program of Thoughts (PoT): We employ the **Program of Thoughts** [9]109

approach, which instructs the LLM to generate **intermediate Python code** to execute110

symbolic computations and enhance reasoning transparency. By explicitly decoupling the111

computational process from the logical reasoning process, this method ensures that nu-112

merical calculations remain precise while maintaining interpretability. To further improve113

robustness, we implement a voting mechanism across multiple reformulated problem ver-114

sions, aggregating diverse reasoning paths to achieve amore consistent and reliable final115

answer.116

The details of these two stages are described in the following subsections.117

P LLM

Q1

Q2

LLM

LLM

PoT&SC

𝐶1

𝐶2

𝐶3

𝐶4

RM Vote

Figure 2: Overview of our proposed R2P framework. It operates in two stages. First, the RM method
is employed to reformulate the original problem into various forms using the LLM. Next, the PoT
approach is utilized to guide the LLM in generating intermediate code, which not only illustrates the
reasoning process but also computes the result. The final answer is then determined through a voting
mechanism.

3.1 Reformulate Mathematical Problems(RM)118

As demonstrated in Section 1, the surface form of a problem significantly influences the performance119

of LLMs [18]. Therefore, we prompt the LLM to generate K different surface forms of the original120

problem and use a voting mechanism to determine the answer. The intuition behind this approach121

is that if a problem exhibits a low solve rate and ineffective reasoning paths due to its original122

surface form, introducing diversity in its surface forms can enhance the likelihood of finding a correct123

solution.124

It is important to note that the original problem is reformulated into different forms using the same125

LLM that is used to solve the problem. This ensures that the improvement in model performance is126

due to the diversity of the reformulated problem forms, rather than the sharing of knowledge with127

other LLMs.128

In this paper, we explore two ways of prompting LLM to generate reformulated problems. The naive129

prompt template is "Reformulate the following math problem, try to change the sentence structure of130

the problem:{input problem}" . The In-Context method begins by identifying effective examples: We131

conduct experiments to determine which pairs of (Original Problem, Reformulated Problem) exhibit132

the largest margin in solve rates. Then, we use these examples to enable in-context learning for the133

LLM, as depicted in Fig. 3.134

3.2 Program of Thoughts(PoT)135

Program of Thoughts (PoT) is a method aimed at enhancing the reasoning capabilities of large136

language models (LLMs) [9]. It works by decomposing complex tasks into a series of intermediate137

steps, or "thoughts", which guide the model through a structured reasoning process. Each thought138
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Naïve Reformulating

Reformulate the following math problem, try to change 

the sentence structure of the problem:

{input problem}

In-Context Reformulating

Here are some examples for reformulating math problems:

Original problem:

{example problem}
Reformulated output:

{example output}
(Repeat 𝑁𝑠ℎ𝑜𝑡 times)

Reformulate the following math problem, try to change the 

sentence structure of the problem:

{input problem}

Figure 3: Naive and In-Context Reformulating prompts for LLM.

represents a logical step that incrementally leads to the final answer, enabling the model to tackle139

intricate problems using a step-by-step approach.140

This method improves the model’s ability to solve tasks that require multi-step reasoning, such as141

mathematical or logical problems, by fostering transparency in the reasoning process and increasing142

accuracy in the final result. PoT has proven effective in scenarios where direct answers are difficult,143

allowing LLMs to perform more reliably in problem-solving tasks.144

In our proposed R2P, we aim to instruct the LLM to generate intermediate Python code to solve145

mathematical problems. This approach can clearly show the reasoning process of LLM and improve146

accuracy.147

3.3 Self-Consistency(SC) and Voting148

In our proposed R2P framework, we reformulate the original problems into K different surface forms.149

Morever, we utilize the Self-Consistency(SC) [7] method. Specifically, for each formulated problem,150

we let LLM generate K
N reasoning paths, and thus the total number of generated answer is N . We151

then vote for the final answer.152

By increasing K, we maintain a fixed total number of reasoning paths N . This approach effectively153

isolates the effect of diversifying the reasoning paths from merely increasing their number. It also154

ensures a fair comparison with the self-consistency baselines.155

4 Experiments156

4.1 Experimental Settings157

Datasets We evaluate our approach on the following public mathematics reasoning benchmarks:158
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• GSM8k [2] contains 8.5K linguistically diverse grade school-level math questions with159

moderate difficulties.160

• AQuA [19] consists of 100K algebraic word problems, including the questions,the possible161

multiple-choice options, and natural language answer rationales from GMAT and GRE.162

• SVAMP [20] contains 1K arithmetic word problems. It focuses on basic arithmetic opera-163

tions such as addition, subtraction, multiplication, and division.164

Large Language Model We use GLM-4-9B [21] as our base model. All experiments are conducted165

in zero-shot or few-shot settings, without training or fine-tuning it. For generation configs, We set the166

temperature T = 0.7, Top-p= 0.8 and Top-k= 3. The total number of reasoning paths N we sample167

for each problem is 16.168

Implementation Details For problem solving, the PoT process consists of two steps, as illustrated in169

Fig. 4. First, we prompt the LLM to generate Python code and store the result in a variable with a170

fixed name, allowing for convenient extraction. If the problem includes options, we instruct the LLM171

to identify the closest match among the provided options.

PoT Prompting

Let's think step by step and write python code to 

solve the following problem. Store your result as a 

variable named 'ans’:{input problem}

Prompt for Choice

Options: {options}

Among them, find the closest option to {Answer}.

Answer

Figure 4: Prompts for solving the problem and selecting the correct choice when options are provided.

172

4.2 Effectiveness of Reformulating173

To verify the effectiveness of RM, we reformulate the selected problems from the AQuA dataset and174

calculate the solve rate difference between the original problems and their reformulated versions. An175

example is shown in Fig. 5 to provide readers with an intuitive understanding of the RM process.176

When the surface form of the original problem is altered, the solve rate increases from 43.8% to177

81.3%.178

The original price of an item is discounted 22%. 

A customer buys the item at this discounted 

price using a $20-off coupon. There is no tax on 

the item, and this was the only item the 

customer bought. If the customer paid $1.90 

more than half the original price of the item, 

what was the original price of the item?

An item's initial cost has been reduced by 22%. 

Upon applying a $20 deduction, a customer 

acquires the item at this revised price. No additional 

tax is applied to the purchase, which consists solely 

of this single item. The customer's total payment 

exceeded half of the item's original price by $1.90. 

Determine the original cost of the item.

reformulate

Solve Rate:43.8% Solve Rate:81.3%

Figure 5: An example from AQuA dataset. When the original problem is reformulated, the solve rate
improves significantly.

Furthermore, we compute the solve rate difference between the original problems p and the reformu-179

lated problems pr from the AQuA dataset, defined as where SR(pr)− SR(p), where SR denotes180

the solve rate. The results are shown in Fig. 6. we can observe that reformulating the problems leads181

to an overall improvement in the solve rate.182

4.3 Main Results183

In this subsection, we compare the performance of R2P with Chain of Thoughts (CoT), vanilla184

self-consistency (SC), and vanilla Program of Thoughts(PoT). All results are presented in Table 1. In185

this evaluation, we apply the naive reformulation of the original problems. the number of reformulated186
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(a) Solve rate difference between the original problems
and the reformulated versions.

CoT SC PoT RM-PoT
Methods

20
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80
90
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Math
GSM8K
AQuA
SVAMP

(b) Comparison of accuracy between different
methods.

Figure 6: The performance of reformulated versions.

problems is set to K = 4, and the total number of reasoning paths is N = 16. For SC, we also187

maintain N = 16.188

The performance metric presented in the table is the accuracy of answers after voting. We can observe189

that R2P outperforms the other three baselines across all datasets, despite the considerable likelihood190

of generating reformulation with a lower solve rate (see Fig. 6). We assume that this may be because191

the model demonstrates more consistent understanding of the problems when exposed to various192

reformulations, thereby avoiding misinterpretations of the original problem in certain specific cases.193

We will further discuss it in section 5.194

Table 1: Comparison of accuracy between different methods.
Math GSM8K AQuA SVAMP

CoT 31.7 75.6 63.2 86.3
SC 32.2 77.3 64.9 87.6
PoT 33.1 78.9 65.6 87.1
R2P 34.0 80.4 69.1 88.0

4.4 Ablation Study195

In this subsection, we vary the number of reformulated problems K across {1,2,4}, while keeping196

the total reasoning paths fixed at N = 16. Additionally, we compare the naive reformulation with the197

In-Context reformulation, as outlined in Fig 3. The results are shown in Table 2.

Table 2: Comparison of accuracy between different settings of K and reformulation.
K Math GSM8K AQuA SVAMP

Naive
1 32.2 78.2 66.0 86.9
2 33.1 79.8 67.7 88.4
4 34.0 80.4 69.1 88.0

In-Context
1 32.5 78.4 67.6 87.1
2 33.6 80.1 69.4 89.0
4 34.3 80.9 72.2 89.6

198

We observe that as K increases, the performance of the LLM improves as well. This further validates199

our assumption that exposing the LLM to different surface forms of a problem allows it to better200

grasp the underlying structure. Notably, on the SVAMP dataset, the LLM performs better when201

K = 2 than when K = 4. This may be because the problems in this dataset are relatively simple,202

and the process of reformulating and solving the problems involves some degree of randomness.By203

comparing the naive reformulation with the In-Context reformulation, we can conclude that the LLM204

learns the reformulation method more effectively when provided with good examples.205
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5 Discussion206

from sympy import symbols, Eq, solve

# Define the variable for the original price
x = symbols('x')

# Set up the equation
equation = Eq(x * (1 - 0.22) - 20, (x / 2) + 1.90)

# Solve the equation
original_price = solve(equation, x)[0]

# Store the result in the variable 'ans'
ans = original_price

from sympy import symbols, Eq, solve

# Define the variable
x = symbols('x')

# Set up the equation
equation = Eq((x - 0.22 * x) - 20, (x - 0.22 * x)\
 / 2 + 1.90)

# Solve for x
ans = solve(equation, x)[0]

An item's initial cost has been reduced by 22%. 

Upon applying a $20 deduction, a customer 

acquires the item at this revised price. No 

additional tax is applied to the purchase, which 

consists solely of this single item. The 

customer's total payment exceeded half of the 

item's original price by $1.90. Determine the 

original cost of the item.

The original price of an item is discounted 22%. 

A customer buys the item at this discounted 

price using a $20-off coupon. There is no tax on 

the item, and this was the only item the 

customer bought. If the customer paid $1.90 

more than half the original price of the item, 

what was the original price of the item?

The original price of an item is discounted 22%. 

A customer buys the item at this discounted 

price using a $20-off coupon. There is no tax on 

the item, and this was the only item the 

customer bought. If the customer paid $1.90 

more than half the original price of the item, 

what was the original price of the item?

We can set up the equation:

(1-0.22)*x – 20 = 0.5*x + 1.90

1.56*x – 0.5*x = 20 + 1.90

1.06*x = 21.90

x = 21.90/1.06

So the answer of this question is 21.90/1.06=20.741 

CoT

PoT

RM-PoT

Answer: 56.2 X

X

Answer: 78.2 √

Figure 7: An example showing how CoT, PoT, and R2P solve the same problem. Both CoT and PoT
provide incorrect answers, while R2P gives the correct answer.

In this section, we discuss how R2P helps the LLM solve math problems through the example shown207

in Fig. 7. When applying CoT, the LLM makes two mistakes. First, there is an error in rearranging208

the terms of the equation in the second step.econd, the result of 21.90/1.60 is actually 20.660, not209

20.741. This demonstrates that the LLMs has certain shortcomings in computation and reasoning.210

To disentangle computaion from reasoning process, we then apply the PoT method. We find that211

the LLM’s answer is generally correct, but it misinterprets the original price as the discounted price212

during the understanding of the problem. However, after reformulating the original problem, the213

LLM correctly understands the question and provides the correct answer. Although both versions214

of the problem contain the term ’original price,’ the LLM does not fully grasp this in the original215

formulation. The deeper reasons behind this remain unclear and will be explored in future work.216

6 Conclusion217

In this paper, we present R2P++, a framework that advances mathematical reasoning in LLMs through218

domain-aware few-shot learning, problem reformulation, and Program of Thoughts. By retrieving219

semantically aligned examples from a pre-constructed question bank, our method primes LLMs to220

interpret problems consistently, while reformulation and code generation mitigate structural ambi-221

guities and computational errors. Experiments across datasets demonstrate statistically significant222

accuracy gains and robustness to linguistic variations.223

However, the underlying reasons why naive reformulation can enhance performance are still unclear.224

In some cases, the reformulated problem even exhibits a lower solve rate than the original. Future225

work could explore more effective ways to reformulate problems and integrate fine-tuning methods226

to further improve the performance of LLMs. At the same time, this method can be improved in the227

following ways:228
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• Generalization: Extend to geometry and calculus by curating domain-specific banks with229

diagram-to-code mappings.230

• Adaptive Retrieval: Dynamically adjust the number of few-shot examples (K) based on231

problem complexity.232

• Human-in-Loop: Integrate user feedback to refine the question bank and domain classifier.233
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