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| ABSTRACT

Mathematical reasoning is a growing area of interest for defining the cognitive abilities of Large Language Models (LLMs).
Unlike conventional Natural Language Processing (NLP) tasks, mathematical reasoning uses logical structure and symbolic
manipulation and involves multi-stepreasoning. The rapidly evolving LLMs have prompted researchers to create various
datasets to assess and improve their reasoning. In this paper, we review datasets for mathematical reasoning, ranging from
basic rule-oriented to sophisticated LLM-oriented. This paper analyses datasets such as GSM8K, MATH, MathQA,
Geometry3K, FinQA, and the newly created Math Odyssey dataset. The paper presents an overview of these datasets along
with search strategies, inclusion and exclusion criteria, and the selection of review literature databases. The reviewed literature
indicates insufficient coverageof reasoning, biases in the datasets, and limited domains for reasoning. The findings of the
reviewpoint towards the need for curated datasets, topology-based evaluations, and more cross-disciplinary reasoning domains.
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Introduction:-

LLMs have advanced artificial intelligence by enablingsystems to understand, reason, and solve complex problems across
many domains[1].One of the most significant requirements of modelling intelligence is the ability to reason mathematically,
supporting structured thinking, numerical precision, and the execution of multi-step logical inferences. Unlike most other text-
based reasoning tasks, mathematical reasoning requires a higher level of abstraction and consistency across both the reasoning
process and the interim steps[2]. Mathematical reasoning is one area of Al that is most dependent on benchmark datasets[3].
The first available datasets were small and simplistic,focusing on either the algebraic or the arithmetic side of mathematics.
However, they have slowly adapted and evolved to enable the training of deep learning models and, most recently, large-scale
LLMs. Developments in datasets such as ALG514, DRAW, and MAWPS have established benchmarks for automated
mathematical problem-solving, while the more recent datasets GSM8K and MATH present both greater complexity and a more
comprehensive evaluation of reasoning. There are numerous mathematical reasoning datasets. Unfortunately, despite an LLM's
ability to memorise, recite, and statistically compute the correct answers to a problem, true reasoning remains an elusive
benchmark. Unfortunately, because the model's ability to memorise the training set is often the only way to solve a problem,
models are unable to exhibit true cognitive or logical reasoning[4]. Many researchers have noted that many of the datasets that
have yielded the best results in model evaluation were used in training the model, thereby giving the model artificially good
performance. The need to capture true cognitive, logical reasoning has led to the emergence of creative sets of tasks that
unequivocally capture an unlimited, borderless logic [5]. The current paper evaluates the datasets created to assess reasoning as
a function of mathematics, highlighting both the evolution and characteristics of the reasoning tasks involved, as well as their
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limitations. The remainder of the paper is structured as follows: Section 2 presents a methodology for the review, and Section 3
presents theresults. Section 4 presents the challenges and limitations of the current study, and Section 5 presents the
conclusion

Methodology:-

The methodology used to search for relevant articles is shown in Figure 2. As illustrated in Figure 2, the literature was
retrieved from prominent scholarly databases, including IEEE Xplore [6], SpringerLink [7], ScienceDirect [8], and the ACM
Digital Library [9]. The search strings for finding relevant included use of terms such as "mathematical reasoning datasets",
"LLM benchmarks," "GSM8K review"and "math problem-solving datasets" The inclusion parameters were set to consider
literature published during the duration of the most recent five years (2020 to 2026) for literature collection that contained
mathematical reasoning vis-a-vis the LLMs and the use of benchmark(s) datasets. The paper was included if it presented an
empirical review, analysis, or a clear description of the datasets. Studies were excluded if they primarily consisted of review-
based literature or analyses without original contributions, or if they relied on small sample sizes.’
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Figure 1 Methodology for searching literature
Results:-

This section presents the results of the review by tracing the evolution of mathematical reasoning datasets from primitive rule-
based systems to modern LLM-oriented datasets, and provides a comparative analysis of all datasets. Mathematical Reasoning
datasets can be classified according to reasoning complexity, data modality, application domain and model suitability as
represented in Figure 2 below:
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Figure 2. Classification of Mathematical Reasoning Datasets

The History of Datasets Associated with Mathematical Reasoning:-

The evolution of datasets associated with mathematicalreasoning can be described through the identification of three
distinct phases of evolution:

e  The primitive phase- rule-based systems

e The intermediary phase- datasets on deep learning;

e current phase- emphasis on benchmarks for large language models (LLMs).

In the primitive phase, datasets such as ALG514[10],DRAWT]11], and Dolphin[12] were available for rule-based and symbolic
approaches to mathematical problems. The focus was on algebraic expressions and nonsensical or vague abstractions. The
created datasets were primitive andcharacterised by a lack of scope (i.e., algebraic problems) and depth (i.e., a few problem
sets). As pointed out in [10], [11], the resulting datasets did not exceed 2,000 problems, making them unsuitable for training
large neural models. Phase two incorporated advanced learning datasets like MAWPS[13], Math23K[14], and AquA[l15].
These datasets have larger scope questions with annotated answers, which were pivotal to the building of neural network-based
models. Math23K has over 23,000 questions and is a popular dataset for training sequence-to-sequence models. However,
these datasets cannot assess questions that require complex reasoning. The current phase focuses on LLM-centric datasets such
as GSM8K[16] and MATH. GSM8K has multi-step reasoning questions, while MATH has contest-level questions. These
datasets pose a greater challenge and have become the norm for assessing LLMs, but as stated, they still struggle with high-
level mathematical reasoning questions beyond a high school grade level.

Modern LLM-Oriented Datasets:-
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Modern datasets are designed to address the limitations of earlier benchmarks by offering greater complexity, more diverse
domains, and improved evaluation frameworks.The GSM8K dataset focuses on grade-school-level arithmetic problems that
require multi-step reasoning[16]. Over the years, it has become a standard benchmark for evaluating reasoning. The MATH
datasetincludes problems from mathematics competitions, which include advanced topics such as algebra and number theory.
In recent years, many domain-specific datasets have also been introduced. Geometry datasets such as Geometry3K[17],
GeoQAJ18], and UniGeo[19] focus on visual and symbolic reasoning. These datasets consist of diagrams and help models to
interpret both textual and visual information. Financial datasets such as FinQA[20] and TabMWP[21]support numerical
reasoning in real-world contexts by combining textual and tabular data.ScienceQA[22] combines science and mathematical
reasoning with multi-modal inputs. Thesedatasets highlight the importance of integrating external knowledge and the need for
multi-step reasoning. The most recent contributions is the MathOdyssey dataset as introduced in [23]. This dataset contains 387
expert-generated problems spanning high school, university, and Olympiad levels. Unlike previous datasets,
MathOdysseyemphasises expert curation, detailed reasoning annotations, and abalanced distribution of difficulty. This makes it
a more reliable benchmark for evaluating advanced reasoning capabilities.

Comparative Analysis of Datasets:-
Table 1: Evolution and Comparison of Mathematical Reasoning Dataset

Dataset Domain Comple | Level Reasoning Key Feature = Limitations
Xity Type
ALG514 Algebra Low Early Rule-based Structured Limited diversity,
problems shallow reasoning
MAWPS Arithmetic Medium @ DL Template- Flexible Bias toward simple
based dataset patterns
Math23K Algebra Medium DL Equation- Large-scale  Limited linguistic
based dataset variation
GSMSK Arithmetic Medium LLM Multi-step Natural Moderate difficulty
reasoning language ceiling
problems
MATH Advanced High LLM Complex Competition = Requires  expert-
reasoning -level level reasoning
problems
Geometry3K Geometry High LLM Visual Diagram- Limited multimodal
reasoning based tasks integration
FinQA Finance High LLM Numerical + Real-world Domain-specific
logical financial constraints
data
ScienceQA Science High LLM Multimodal = Text +  Requires
reasoning image QA multimodal models
MathOdyssey Mixed Very LLM Expert Curated Small size, high
High reasoning challenging  difficulty
tasks

The analysis of the datasets, as presented in Table 1, shows a clear evolution from simple rule-based datasets to complex and
multi-domain benchmarks. Early datasets such as ALG514 and MAWPS focused on structured, rule-based problem solving.
Therefore, they were useful for benchmarking traditional machine learning approaches, but they were limited in assessing
deeper reasoning capabilities. Datasets like Math23K and GSMS8K introduced elements of natural language understanding and
multi-step reasoning. More recent and complex datasets, including MATH and MathOdyssey, emphasise high-level reasoning
and abstraction. In parallel, domain-specific datasets such as FinQA and ScienceQA reflect a shift toward real-world
applicability by incorporating domain knowledge and multimodal inputs. However, a major challenge across these datasets is
the lack of standardised evaluation frameworks, which makes consistent benchmarking and cross-dataset comparisons difficult.

Challenges and Limitations:-

Although there has been lot of progress in mathematical reasoning for LLMs, still there are several challenges related to dataset
and the research based on it. One of the challenges of dataset bias is that models try to learn patterns that are specific to the
dataset rather than develop general reasoning abilities. Another major problem is that data contamination further complicates
evaluation because overlap between training and benchmark datasets can artificially improve performance. In addition, most
datasets focus primarily on final and main answer correctnessand give limited attention to intermediate reasoning steps.
Thismakes it difficult to assess true understanding. Furthermore, the limited availability of multilingual datasets also puts a
restriction on the evaluation of LLMs across diverse languages and contexts.Apart from challenges with datasets, this study
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also has a few limitations that can be worked upon in the future. Firstly, It is based on a qualitative analysis of selected
datasets and recent literature, which may not capture the full diversity of available benchmarks. Furthermore, the rapidly
evolving nature of LLMs and dataset development means that new datasets and evaluation techniques may quickly supersede
current observations, requiring continuous updates to maintain relevance.

Conclusion and Future Scope:-

This paper presents an overview of the reasoning capabilities of Large Language Models (LLMs) usingexisting mathematical
datasets.The study results present progression from simple rule-based datasets to complex, multi-domain benchmarks. In the
start, datasets concentrated mostly on symbolic reasoning. In the present day, however, datasets emphasise multi-step
reasoning, practicality, and clarity.Modern datasets emphasise diversity and interpretability. The creation of expert-curated
datasets, such as MathOdyssey, is a major advancement in improving the quality of evaluation. The study also presents the
challenges of these datasets and the research based on these. Also, the limitations and future scope in this direction have been
discussed. It is suggested that future research should develop new datasets to address existing problems. More datasets should
have more detailed annotations about reasoning to facilitate explainable Al. The community would also benefit from
integrating topology-based evaluation methods that revolve around the structural characteristics of representations.
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