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Abstract. Large Language Models (LLMs) have made impressive strides
in understanding and generating natural language, but they still struggle
with mathematical problem-solving, especially when it comes to tasks that
require multi-step reasoning and precise calculations. This review looks at
recent advancements aimed at improving LLMs' performance in math,
focusing on two main approaches: refining inference methods and adding
external tools. Techniques like Chain-of-Thought (CoT) prompting,
Program-Aided Language Models (PAL), and Toolformer have helped
improve LLMs' ability to handle complex math problems. These models
rely on external tools, such as Python interpreters or calculators, to perform
precise calculations, which has proven effective for solving problems in
algebra, calculus, and other areas. Models like Minerva and Llemma,
which are pre-trained specifically on mathematical content, can solve more
advanced problems like differential equations without needing additional
tools. However, challenges still exist, such as the reliance on external tools
for exact calculations, difficulties with multi-step reasoning, and limited
transparency in the models' decision-making processes. Looking ahead, the
integration of multi-modal capabilities, autonomous computation, and
human feedback could further enhance LLMs' mathematical abilities. With
continued improvements, LLMs could transform problem-solving in fields
like education, research, and finance.

1 Introduction

Large Language Models (LLMs) now produce fluent prose and follow complex
instructions, yet mathematics remains a persistent weakness where multi-step reasoning and
exact calculation are mandatory. On GSM8K and MATH-—benchmarks targeting
grade-school arithmetic and competition-style problems—general-purpose systems often
miss the correct answer unless they are prompted to show their work or are given auxiliary
tools, and even small paraphrases of a question can shift predictions [1,2]. These limitations
constrain adoption in settings that require verifiable correctness and reproducibility, such as
tutoring, quantitative analysis, and safety-critical verification.

Two research strands have driven most recent gains. The first refines inference rather
than parameters. Chain-of-Thought prompting elicits step-by-step derivations;
self-consistency samples multiple reasoning paths and aggregates them; least-to-most
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prompting decomposes hard problems into solvable sub-tasks; and Tree-of-Thoughts
conducts a structured search over intermediate states [3—6]. The second augments models
with tools or domain priors. Program-Aided Language Models (PAL) delegate exact
computation to a Python interpreter; Toolformer teaches models to invoke calculators and
other APIs during generation; and domain-specialized continued pretraining, exemplified
by Minerva and the math-focused Llemma, strengthens mathematical priors without
external tools [7—10]. Together these ideas show that careful reasoning procedures and
targeted knowledge both matter for quantitative performance.

Recent advancements in LLMs have led to exciting applications, particularly in fields
that require complex mathematical reasoning. Program-Aided Language Models (PAL),
which delegate exact computations to external tools like Python interpreters, can be applied
in educational settings, such as intelligent tutoring systems, where students need
step-by-step explanations for algebra or calculus problems [1]. Toolformer, which teaches
models to call APIs and calculators during generation, can be used in financial analysis or
engineering simulations. In finance, LLMs could autonomously generate detailed reports
with accurate numerical modeling, while in engineering, they could assist in structural
optimization and fluid dynamics analysis.

Additionally, domain-specialized pretraining methods like Minerva and Llemma are
improving LLMs’ performance in advanced mathematical tasks, such as solving differential
equations and linear algebra problems. These models could be highly beneficial in scientific
research, enabling researchers to perform quick and accurate calculations, enhancing
productivity in fields like physics or computational biology.

These developments demonstrate that LLMs, when enhanced with structured reasoning
and domain-specific knowledge, can achieve impressive results in quantitative tasks,
offering significant benefits in education, research, and professional domains.

The aim of this paper is to provide LLM-based review mathematical problem-solving,
section 2 will focus on methods of LLMs working on math, section 3 will focus on the
challenges and future prospects and section 4 will access a conclusion.

2 Method

2.1 Math Solving with LLMs

In 2022, Wei et al. introduced Chain-of-Thought (CoT) prompting as a way to improve
how LLMs approach multi-step mathematical problems. This method involves guiding the
model to break down complex tasks into smaller, more manageable steps, rather than
attempting to generate a solution in one go. The model generates an initial response, then
refines it by reasoning through each intermediate step. This structured approach has shown
significant improvements in solving problems involving arithmetic, algebra, and logic,
particularly in datasets like GSMS8K, which focuses on elementary math problems. The key
innovation in this method is how it explicitly directs the model to perform reasoning in
steps, making it much more capable of handling multi-step problems with accuracy. It has
proven to be especially useful in educational contexts where understanding the process is as
important as finding the correct answer [3].

Shinn et al. took a different approach with Minerva, a model pre-trained specifically for
mathematical reasoning. Unlike general-purpose models, Minerva was trained on a vast
array of mathematical content, including calculus and algebra. This specialized training
allowed Minerva to outperform other LLMs when faced with more advanced problems,
such as integrals and complex equations. The innovation of Minerva lies in its ability to
leverage mathematical knowledge directly from its pretraining, enabling it to independently
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solve complex problems without relying on external tools. This focus on math-specific
training enables Minerva to approach math problems with a deeper understanding of the
concepts, making it more accurate than non-specialized models [11].

2.2 Tool Augmentation for Enhanced Mathematical Reasoning

To overcome the limitations that come with LLMs' ability to perform precise calculations,
Liu et al. introduced Toolformer, a model that integrates external tools, like Python
calculators or symbolic solvers, into its reasoning framework. The way it works is that the
model generates a natural language explanation for solving the problem, and then it calls
external tools to handle the actual computation. For example, when solving an equation, the
model will first explain how to solve it step-by-step and then use an external tool to
compute the final result. This method allows the model to maintain its strength in language
generation while ensuring accurate mathematical computations. Toolformer’s innovation
lies in combining the model's reasoning with external tools, making it a powerful solution
for fields like finance, engineering, and physics, where exact calculations are crucial [12].

A similar approach was proposed by Lee et al. with Program-Aided Language Models
(PAL). In PAL, the LLM generates code for mathematical operations, which is then
executed in a Python environment. For instance, PAL could write Python code to solve
matrix operations, ensuring both accuracy and clarity in the explanation of the solution. The
combination of natural language generation and external computation is the core strength of
this approach, allowing models to excel in tasks requiring both linguistic and computational
precision [13].

2.3 Domain-Specific Pretraining for Mathematics

The concept of domain-specific pretraining has also been explored as a way to enhance
LLMs' performance in specialized fields like mathematics. Minerva is a great example of
this approach. By pretraining the model on a diverse set of mathematical problems, it is
able to solve advanced problems like differential equations and optimization tasks with a
high degree of accuracy. The idea behind this pretraining is that by focusing the models
learning on mathematical concepts, it develops a deeper, more intuitive understanding of
the subject. This allows Minerva to tackle complex problems that require a solid grasp of
mathematical principles, making it more reliable than general-purpose models for solving
math problems on its own, without the need for external computational tools [14].

Another example is Llemma, which focuses on the mathematical rigor required for tasks
such as theorem proving. Llemma was trained in scientific papers and mathematical proofs,
enabling it to approach problems with a formal understanding of logic and reasoning. This
specialization allows Llemma to handle abstract and theoretical problems, such as proving
theorems or solving combinatorial problems, which typically require advanced reasoning
skills. The innovative aspect of Llemma is its ability to work with complex mathematical
structures and logic, providing researchers with a tool that can aid in exploring deeper
mathematical concepts [15].

2.4 Multi-Modal Methods for Mathematical Problem-Solving

Incorporating multiple types of data—such as both text and images—into LLMs has proven
useful in solving problems that involve visual reasoning. Vision Mamba is a prime example
of this approach, where the model is capable of processing both visual and textual inputs to
solve problems. For instance, in geometry problems, where diagrams or graphs are



ITM Web of Conferences 80, 01030 (2025) https://doi.org/10.1051/itmconf/20258001030
ACAAI 2025

essential, Vision Mamba can analyze both the visual representations and textual
descriptions of the problem to generate a complete solution. The model’ s ability to
combine visual and textual information is its major strength, allowing it to tackle tasks that
require a dual form of reasoning. This makes it especially useful for fields like architecture,
engineering, and CAD (computer-aided design), where visual problem-solving is just as
important as textual explanation [15].

2.5 Transfer Learning for Mathematical Tasks

Transfer learning has become a popular technique for improving LLMs' performance on
specialized tasks. Brown et al. demonstrated how GPT-3 could be fine-tuned on
mathematical datasets to enhance its ability to solve math-specific problems. This technique
enables the model to leverage knowledge learned from general text data and adapt it to
mathematical contexts. The main benefit of transfer learning is that it allows LLMs to solve
complex problems in areas such as algebra, calculus, and even more abstract mathematical
concepts, without the need for training the model from scratch. It allows for efficient
application of LLMs to mathematical tasks, even in areas where training data might be
limited [11].

3 Discussion

In recent years, LLMs have made impressive strides in mathematical reasoning. Despite
these advancements, there are still several challenges that need to be addressed to make
these models more reliable and efficient for solving complex mathematical problems. This
section discusses the main challenges faced by LLMs in mathematics and outlines the
promising future directions for improving their performance.

3.1 Challenges

3.1.1 Handling Complex Multi-Step Problems

Although techniques like CoT prompting and domain-specific pretraining have improved
LLMs' ability to solve mathematical problems, they still struggle with tasks that require
multiple steps of reasoning. While models such as Minerva and GPT-3 excel at handling
individual calculations, problems that require a sequence of steps, such as solving systems
of equations or performing multivariable calculus, often result in errors. These tasks
demand not only computational abilities but also the capacity to keep track of intermediate
steps, which is where LLMs face difficulties. Even with improvements in CoT prompting,
which guides models to break down problems into smaller steps, the overall performance
on complex, multi-step reasoning tasks remains inconsistent. A key challenge going
forward will be enhancing LLMs' ability to maintain a clear, logical flow through these
complex problem-solving processes [3].

3.1.2 Dependence on External Tools for Exact Computation

One of the significant benefits of augmenting LLMs with external tools, such as
Toolformer and PAL, is the increased computational accuracy these tools provide.
However, this reliance on external resources brings limitations. By delegating
computational tasks to external tools like Python scripts or symbolic solvers, the model's
accuracy improves, but its independence is compromised. For instance, Toolformer
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depends on external APIs to handle complex computations, meaning the model’ s
effectiveness is directly tied to the quality of these tools. Additionally, external tools might
not always be accessible in every context. For example, in edge computing environments or
privacy-sensitive applications, the integration of external tools could present challenges.
The long-term goal should be to create models that can handle complex mathematical
computations autonomously, without relying on external systems [12].

3.1.3 Interpretability and Transparency of Mathematical Reasoning

Another ongoing challenge is ensuring the interpretability and transparency of the
reasoning processes behind LLMs' mathematical solutions. While these models have
become more adept at providing step-by-step explanations, the reasoning behind their
decisions is often unclear. This is particularly problematic in fields such as education,
research, and financial analysis, where understanding the logic behind a solution is just as
important as the answer itself. For example, when using models like Minerva to solve a
complex math problem, it's essential not only to arrive at the correct result but also to
understand how the model arrived at that result. In many cases, the inner workings of the
model remain a “black box,” making it difficult to trace how the final conclusion was
reached. Moving forward, developing models that can provide more transparent and
understandable reasoning will be crucial, especially for high-stakes applications like law,
healthcare, or finance, where trust in the system is vital [14].

3.2 Future Prospects

3.2.1 Improved Multi-Modal Capabilities

As mathematical problems increasingly involve both textual and visual data, the future of
LLMs may lie in multi-modal models. For example, Vision Mamba shows great promise by
combining visual and textual inputs, allowing the model to process both diagrams and text
to provide a more holistic understanding of the problem. In tasks like geometry or graph
theory, where visual representations are essential, models like Vision Mamba could analyze
a shape or diagram and perform calculations such as area or volume while also explaining
the process in natural language. The potential to integrate and reason over both visual and
textual data could significantly enhance LLMs' ability to solve complex mathematical
problems in fields like engineering, architecture, and physics, where a strong visual
component is often involved [15].

3.2.2 Autonomous Mathematical Computation Without External Tools

A highly promising future direction for LLMs in mathematics is the development of models
that can independently perform complex calculations without relying on external tools.
Current models like Toolformer and PAL delegate computation to external systems, but the
goal is to develop self-sufficient models that can handle mathematical tasks entirely on their
own. By integrating advanced symbolic reasoning and enhancing pretraining with robust
mathematical frameworks, LLMs could eventually solve difficult problems like calculus,
algebra, and optimization without needing external software. This capability would be
invaluable in real-world applications, particularly in real-time decision-making systems or
autonomous technologies, where relying on external tools may not always be feasible [12].
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3.2.3 Incorporating Human Feedback for Continuous Improvement

An exciting direction for the future of LLMs is incorporating human feedback into their
learning process. While models like GPT-3 can generate answers to mathematical
problems, they are still limited in their ability to learn from mistakes in real time.
Interactive learning, where the model receives feedback on its reasoning and adjusts
accordingly, could significantly improve its performance. A good example of this can be
seen in OpenAl’ s Codex, which refines its programming abilities based on user input.
Similarly, applying interactive learning to mathematical problem-solving could help LLMs
continually improve through feedback, making them more accurate and reliable when
handling complex mathematical problems. This continuous improvement model could lead
to highly efficient and precise LLMs capable of solving a wide range of math problems

[11].

4 Conclusion

This review has covered the significant progress that LLMs have made in the realm of
mathematical problem-solving, while also acknowledging the challenges that still need to
be addressed. LLMs, with innovations like CoT prompting and domain-specific pretraining,
have shown promise in solving a wide variety of mathematical problems. Models such as
Minerva and GPT-3 have been particularly effective with simpler problems like algebra and
basic calculus. However, they still struggle when it comes to more complex, multi-step
reasoning tasks, and their reliance on external tools for exact computations remains a
hurdle. Additionally, the lack of transparency in the models' reasoning process is a
significant issue, especially in fields where clarity and trust are essential.

Looking ahead, the future of LLMs in mathematics seems promising. As multi-modal
models like Vision Mamba develop, LLMs will be able to handle problems that require
both textual and visual inputs, offering a more comprehensive approach to solving
problems. Moreover, the ability to perform complex mathematical calculations
independently, without relying on external systems, will make these models more
self-sufficient and efficient. Incorporating human feedback into the learning process is
another exciting direction, allowing LLMs to continuously improve over time and provide
more accurate and reliable solutions.

While the progress so far is impressive, there is still much to be done. Overcoming the
current challenges—such as improving multi-step reasoning, reducing dependency on
external tools, and increasing interpretability—will be key to fully realizing the potential of
LLMs in mathematics. With further research, the further study can expect these models to
become even more powerful, supporting applications in areas like education, research, and
real-time decision-making.
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