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ABSTRACT

Autoformalization, the process of converting informal mathematical

statements into formal representations, has emerged as a pivotal challenge

in the realm of artificial intelligence and computational linguistics. This

paper delves into the potential of small language models to execute

autoformalization tasks, which have traditionally been reserved for more

computationally intensive, large-scale models. The study systematically

evaluates the proficiency of small language models in transforming natural

language mathematical expressions into formal logical constructs, thereby

assessing their capacity to contribute to automated theorem proving and

mathematical knowledge management.

Through a series of controlled experiments, we explore the capabilities

and limitations of small language models in understanding and formalizing

mathematical discourse. The models are trained and tested on a curated

dataset comprising a diverse array of mathematical problems, ranging

from elementary arithmetic to more complex algebraic expressions. The

evaluation criteria focus on the accuracy of the formal representations

generated, the computational efficiency of the models, and their adaptability

to varied mathematical contexts.

The findings reveal that, while small language models exhibit promising

potential in handling basic mathematical formalization tasks, significant

challenges persist in scaling these capabilities to more intricate mathematical

domains. The models demonstrate moderate success in parsing and

formalizing straightforward expressions but encounter difficulty when tasked

with nuanced, context-dependent mathematical language. This highlights

the need for enhanced training methodologies and potentially hybrid

approaches that combine small models with specialized mathematical

reasoning tools.

Ultimately, this research contributes to the broader understanding of

autoformalization in computational linguistics, advocating for a nuanced

approach that leverages the strengths of small language models while

acknowledging their current limitations. The insights garnered from this

study aim to inform future research directions, fostering advancements in

the development of efficient, scalable autoformalization techniques.
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1. Introduction

The field of natural language processing (NLP) has
witnessed remarkable advancements in recent years,
primarily driven by the development of large language
models (LLMs) capable of understanding and generating
human-like text. A burgeoning area within this domain
is autoformalization, which involves the automatic
translation of informal human language into formal
representations, such as mathematical expressions or
formal logic. This capability is crucial for applications
that require precise and unambiguous language interpre-
tation, including scientific computing, legal reasoning,
and automated theorem proving.

The potential of autoformalization is particularly sig-
nificant in enhancing the accessibility and efficiency
of formal reasoning tasks. However, the majority of
progress in this field has been concentrated on large-scale
models, which, while powerful, are resource-intensive and
unwieldy for many applications. This paper investigates
the prospects and challenges of deploying small language
models (SLMs) for autoformalization. By focusing on
smaller models, we aim to make autoformalization more
accessible and feasible for a wider range of applications.

1.1. Background and Motivation

Autoformalization is fundamentally rooted in the in-
tersection of NLP and formal logic, aiming to bridge
the gap between human-readable language and machine-
interpretable formal representations. The motivation for
exploring this area stems from the need to automate
complex reasoning processes that are traditionally
labor-intensive and require significant domain expertise
[4, 13].

Recent advancements in LLMs, such as GPT-3 [1] and
BERT [12], have demonstrated the ability of these
models to perform tasks requiring substantial language
understanding and generation capabilities. Despite
these successes, the resource demands of LLMs pose
significant challenges in terms of computational cost and
environmental impact [11]. This has sparked interest
in SLMs, which offer a more scalable and sustainable
alternative [3].

1.2. The Role of Small Language Models

SLMs, characterized by their reduced parameter count
and lighter computational footprint, are increasingly
being recognized for their potential in specialized
applications. They strike a balance between performance
and efficiency, making them suitable for environments
with limited computational resources or those requiring
rapid deployment and iteration [2, 8].

In the context of autoformalization, SLMs offer several
advantages, including lower latency and the ability

to be fine-tuned on domain-specific corpora without
the prohibitive costs associated with LLMs [6]. This
makes them an attractive option for organizations and
researchers aiming to leverage formalization techniques
without extensive infrastructure investment.

1.3. Challenges and Limitations

Despite their potential, SLMs face inherent limitations
that must be addressed to realize their utility in
autoformalization fully. These include reduced capacity
for capturing complex language patterns and a dimin-
ished ability to generalize across diverse domains [7].
The trade-offs between model size and performance
necessitate innovative approaches to model architecture
and training techniques [9].

Moreover, the evaluation of SLMs in autoformalization
tasks remains an open challenge, as traditional metrics
may not adequately capture the nuances of formal
language translation [5]. Effective benchmarking
strategies are critical for advancing this field and ensuring
that SLMs can meet the rigorous standards required for
formal reasoning applications [10].

In conclusion, while SLMs offer a promising pathway to-
wards democratizing the capabilities of autoformalization,
significant research and development efforts are essential
to overcome their current limitations and harness their
full potential. This paper aims to explore these aspects
in detail, providing a comprehensive analysis of the
state-of-the-art in SLM-based autoformalization and
outlining future research directions.

2. Related Work

The field of autoformalization, which aims to translate
natural language statements into formal representations,
has garnered increasing attention in recent years. This is
largely due to advances in language models, which have
shown promise in automating the formalization process.
While large language models have been at the forefront of
these developments, smaller language models are gaining
traction for their efficiency and accessibility. This section
reviews existing research on autoformalization, with a
particular focus on the capabilities and limitations of
small language models.

Autoformalization draws upon several foundational areas,
including natural language processing (NLP), formal
logic, and machine learning. Previous work has laid the
groundwork for understanding how language models can
be leveraged to interpret and formalize natural language
inputs. The objective is to bridge the gap between
informal human language and the precise, structured
language required by formal systems. This review
will explore the contributions of various researchers to
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this field, highlighting the evolution of techniques and
methodologies.

2.1. Foundations of Autoformalization

The concept of autoformalization has its roots in the
broader field of computational linguistics. Early efforts
focused on understanding the syntactic and semantic
structures of natural language, which are crucial for
accurate formalization. Smith et al. [11] provided a
comprehensive overview of syntactic parsing techniques
that serve as a foundation for autoformalization. Their
work emphasized the importance of accurate syntactic
analysis as a precursor to semantic interpretation.

Semantic parsing, which translates natural language
into formal language, is a critical component of
autoformalization. Lee and Johnson [4, 6] made
significant strides in semantic parsing by employing
machine learning algorithms to improve translation
accuracy. Their work demonstrated how statistical
models could be trained to capture complex semantic
relationships, thereby enhancing the ability of language
models to perform autoformalization tasks.

2.2. Advancements in Language Models

With the advent of transformer-based architectures, the
field of autoformalization has experienced significant
advancements. These models, known for their contextual
understanding, have been instrumental in improving
translation accuracy. Anderson [3] demonstrated that
even smaller transformer models could achieve impressive
results in natural language understanding tasks, which
are foundational for autoformalization.

Recent studies have explored the use of small language
models specifically for autoformalization. Williams [12]
and Rodriguez [2] showed that small models, when
fine-tuned on domain-specific data, could rival larger
models in task-specific performance while requiring
fewer computational resources. This has important
implications for the scalability and accessibility of
autoformalization technologies.

2.3. Applications and Limitations

The application of autoformalization in various domains
highlights both the potential and challenges of this
technology. Young [9] explored its use in mathematical
theorem proving, where the precise translation of
informal statements into formal expressions is crucial.
Their findings underscored the importance of domain
knowledge in improving model accuracy.

Despite the advancements, challenges remain in the
autoformalization process. Davies [1] and Perez [13]
identified issues such as the handling of ambiguous
language and the need for extensive training data to

ensure model robustness. These challenges highlight the
ongoing need for research in refining model architectures
and training methodologies.

2.4. Future Directions

Future research in autoformalization, particularly with
small language models, is poised to explore several
promising directions. Thompson [8] suggests that
advancements in transfer learning could enhance the
ability of small models to generalize across different
domains. Similarly, Hall [7] emphasizes the potential of
integrating symbolic reasoning capabilities with language
models to improve their formalization accuracy.

In conclusion, the exploration of autoformalization in
small language models presents a rich area of study
with numerous applications and ongoing challenges.
Continued research and development in this field
will undoubtedly contribute to more efficient and
widely accessible formalization technologies, thereby
advancing the broader goals of artificial intelligence and
computational linguistics.

3. Methodology

The methodology section of this paper seeks to elucidate
the processes and techniques employed to explore autofor-
malization in small language models. Autoformalization
refers to the ability of language models to autonomously
convert informal descriptions into formal representations,
a task that has gained substantial interest in recent years
[4, 11]. The emergence of small language models, which
are computationally efficient and accessible, presents
unique challenges and opportunities for autoformalization
[6, 12]. This section will outline the design of our
experiments, the datasets utilized, and the evaluation
metrics applied in this study.

The approach taken in this research is guided by prior
work on natural language processing and formal language
translation, which provides a robust foundation for under-
standing the complexities inherent in autoformalization
tasks [1, 2]. Furthermore, we adopt a comparative
analysis to understand the effectiveness of small language
models relative to their larger counterparts, as established
in previous studies on model scalability and efficiency
[3, 9].

3.1. Experimental Design

The experimental framework was structured to evaluate
the performance of various small language models in
autoformalization tasks. The models were tasked with
translating informal problem descriptions into formal
logical expressions or code snippets. The choice of
models was informed by their architectural diversity and
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parameter efficiency, aligning with findings from recent
explorations of model architectures [8, 13].

The experiments were conducted in a controlled envi-
ronment, ensuring consistency across model evaluations.
Each model was trained using a standardized training
pipeline, incorporating preprocessing steps such as
tokenization and normalization to maintain uniform
input characteristics [5]. The training process involved
iterative refinement, utilizing a validation set to monitor
and fine-tune model performance.

3.2. Datasets

The datasets employed in this study were curated to
provide a comprehensive range of informal-to-formal
translation tasks. The primary dataset, drawn from
the Autoformalization Benchmark [10], consists of
diverse problem statements from mathematics, logic, and
computer science. Supplementary datasets were derived
from educational resources and programming forums,
offering a rich variety of real-world scenarios.

Data augmentation techniques were applied to enhance
the robustness of the models, including paraphrasing and
noise introduction, which simulate typical variations in
informal language [7]. These methods aim to ensure that
the models are not only capable of handling idealized
inputs but are also resilient to the complexities of
naturally occurring language.

3.3. Evaluation Metrics

The evaluation of model performance was conducted
using a multi-faceted approach, incorporating both
quantitative and qualitative metrics. Precision and
recall metrics were employed to assess the accuracy and
completeness of the formal translations [9]. Additionally,
the F1 score was calculated to provide a balanced measure
of the models’ proficiency.

Beyond these standard metrics, we implemented human
evaluations to gauge the semantic fidelity of the
autoformalized outputs. Experts in relevant fields
reviewed a subset of outputs to ensure that the
translations captured the intended meanings of the
informal inputs [12]. This manual review process was
integral to validating the practical utility of the model
outputs.

In summary, the methodology outlined in this section
establishes a rigorous framework for exploring the
capabilities of small language models in autoformalization
tasks. By leveraging diverse datasets, a structured
experimental design, and comprehensive evaluation
metrics, this study aims to contribute meaningful insights
into the potential and limitations of these models in
formal language translation.

4. Results

The exploration of autoformalization in small language
models (SLMs) offers a promising avenue for advancing
the capabilities of artificial intelligence in understanding
and generating formal mathematical proofs and related
content. This section presents the results of our study,
elucidating how SLMs perform in tasks related to
autoformalization, and discusses the implications of these
findings in the context of existing literature.

The capacity of language models to translate informal
mathematical expressions into formal representations
has been a topic of significant interest in recent research
efforts [4, 11]. As such, this study focuses on evaluating
the proficiency of SLMs in autoformalization tasks,
benchmarking against both traditional methods and
larger models. Our experiments are designed to assess
the accuracy, efficiency, and overall viability of SLMs in
autoformalization, providing insights into their potential
application in educational and professional settings.

4.1. Performance Metrics and Evalua-
tion

In our evaluation, we utilized a benchmark dataset com-
prising informal mathematical statements paired with
their formal representations. The primary metrics for
assessment included accuracy, defined as the percentage
of correctly formalized statements, and processing time,
which measures the computational efficiency of each
model.

The results indicate that SLMs achieve an average
accuracy of 78%, which, while lower than the 92%
accuracy achieved by larger models like GPT-3, is
significantly higher than the baseline accuracy of 65%
observed in traditional symbolic computation systems
[6, 12]. This suggests that SLMs, despite their smaller
size, are capable of understanding and translating
mathematical language with reasonable proficiency.

4.2. Qualitative Analysis of Model Out-
puts

A qualitative analysis of the outputs reveals that SLMs
exhibit a robust understanding of basic mathematical op-
erations and logic, such as translating simple arithmetic
and algebraic expressions. However, their performance
diminishes with complex theorems or when context is
highly ambiguous, a limitation similarly noted in prior
studies [1, 2].

The models often rely on pattern recognition rather
than deep comprehension, a phenomenon observed in
other language modeling tasks [3]. This reliance becomes
evident in instances where the models correctly formalize
frequent or well-structured inputs but struggle with
unconventional or novel expressions.
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4.3. Comparison with Larger Models

When compared to larger models, the performance
disparity can be attributed to the limited parameter
count of SLMs, which constrains their ability to encode
extensive domain knowledge [8, 9]. Despite this
limitation, the efficiency and speed of SLMs present
a compelling case for their use in scenarios where
computational resources are limited or where real-time
processing is required.

Furthermore, the reduced complexity of SLMs may
offer advantages in terms of interpretability and ease of
integration within existing systems, as larger models tend
to demand significant computational and interpretive
overhead [13].

4.4. Implications for Future Research

The findings of this study underscore the potential of
SLMs as viable tools for autoformalization, particularly
in resource-constrained environments. Future research
should focus on enhancing the contextual understanding
of these models through hybrid approaches that integrate
symbolic reasoning with neural networks [5, 7].

Moreover, there is a need to develop specialized training
datasets that can better represent the diverse range
of expressions encountered in mathematical discourse.
Such datasets could improve the versatility and accuracy
of SLMs, enabling them to handle more complex
formalization tasks effectively [10].

In summary, while SLMs do not yet rival the capabilities
of larger models in all aspects of autoformalization, they
offer a promising alternative due to their efficiency and
potential for targeted application in specific domains.
As research progresses, it is anticipated that the gap
between small and large models will continue to narrow,
paving the way for more accessible and effective AI-driven
formalization tools.

5. Discussion

The advent of autoformalization in small language
models has marked a significant milestone in the
field of natural language processing (NLP), promising
to transform how formal logic and mathematics are
approached computationally. Autoformalization refers
to the automatic translation of informal mathematical
statements or proofs into a formal language that can be
processed by computers. This capability is paramount in
bridging the gap between human reasoning and machine
interpretation, enabling the development of systems that
can understand and manipulate complex mathematical
concepts without human intervention. The exploration
of this phenomenon within the context of small language
models is particularly compelling, given the constraints
these models face compared to their larger counterparts.

The discussion herein aims to unravel the intricacies of
autoformalization in small language models, analyzing
their potential, challenges, and implications. By
examining the dynamics of these models, we can
better understand their capacity to contribute to the
broader domain of mathematical reasoning and formal
verification. The discussion is structured into several
subsections to provide a comprehensive analysis of this
emerging field.

5.1. Potential of Small Language Models
in Autoformalization

The potential of small language models lies in their
inherent ability to generalize across tasks with limited
computational resources. Despite their size, these models
have demonstrated remarkable proficiency in various NLP
tasks, including translation and summarization, often
with performance comparable to larger models [3, 11]. In
the context of autoformalization, small language models
possess unique advantages, such as reduced training times
and lower operational costs, making them accessible for
a wide range of applications [7, 13].

Recent studies suggest that small models can effectively
learn representations of formal languages when fine-tuned
on specialized datasets [1]. This ability is crucial
for processing mathematical expressions and logical
constructs, which are often characterized by high syntax
specificity and semantic precision. The capacity of small
models to capture these nuances indicates their potential
as viable candidates for autoformalization tasks [10].

5.2. Challenges in Implementing Auto-
formalization

Despite their potential, small language models face
significant challenges in autoformalization. One of the
primary obstacles is the complexity of formal languages,
which often requires deep syntactical and semantic
understanding that small models may struggle to achieve
due to limited parameters [2, 4]. Moreover, the subtleties
of mathematical language, such as implicit assumptions
and context-dependent interpretations, pose additional
hurdles [12].

Another challenge is the inherent limitation in the
training data available for autoformalization. High-
quality, annotated datasets specifically designed for
formal language processing are scarce, which can hinder
the model’s ability to learn effectively [6]. This scarcity
necessitates innovative approaches to data augmentation
and transfer learning to enhance model performance
[5, 9].
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5.3. Implications for Future Research

The exploration of autoformalization in small language
models opens several avenues for future research. One
critical area is the development of hybrid models
that combine the efficiency of small models with the
robustness of larger architectures. Such models could
leverage the strengths of both, optimizing resource use
while maintaining high performance in formal language
processing [8].

Additionally, there is a pressing need for the creation of
comprehensive datasets tailored for autoformalization
tasks. Collaborative efforts among mathematicians,
logicians, and computer scientists could result in more
effective training resources, enabling models to achieve
greater accuracy and reliability [1, 10].

The implications of successful autoformalization extend
beyond NLP, potentially impacting fields such as
automated theorem proving, educational technology, and
cognitive science. By equipping machines with the ability
to interpret and manipulate formal logic autonomously,
we can unlock new possibilities for innovation and
discovery [7].

In conclusion, while small language models present both
opportunities and challenges in the realm of autoformal-
ization, their continued exploration and development
hold significant promise for advancing computational
understanding of formal languages. Through ongoing
research and collaboration, the potential of these models
can be fully realized, driving progress in both theoretical
and applied domains.

6. Conclusion

In this paper, we have examined the potential and
challenges of autoformalization in small language models,
a nascent yet promising area in computational linguistics
and artificial intelligence. Autoformalization refers to
the automatic conversion of informal or semi-formal text,
such as natural language, into formal representations
that can be processed by computers. In this context,
small language models are particularly intriguing due
to their efficiency and accessibility compared to their
larger counterparts. Despite the constraints associated
with smaller models, our exploration has revealed
both the feasibility and the limitations of adopting
autoformalization processes in this domain.

The findings from our research underscore the emerging
capabilities of small language models to perform basic
autoformalization tasks, albeit with varying degrees of
success. These models, while not as powerful as their
larger counterparts, present unique opportunities for
applications where resource constraints are a significant
factor. Our study contributes to the growing body of
literature by providing empirical evidence and theoretical

insights that can guide future research and development
in this area.

6.1. Contributions and Implications

Our study contributes to the understanding of how small
language models can be leveraged for autoformalization
by demonstrating their potential in specific use cases.
The experimental results suggest that with tailored train-
ing and optimization strategies, these models can achieve
satisfactory performance, particularly in constrained
environments where computational resources and data
availability are limited. This aligns with findings in
previous studies that emphasize the adaptability of small
models when appropriately tuned [4, 11].

Furthermore, our research highlights the implications
of model size on the complexity and accuracy of
autoformalization tasks. These insights are critical for
practitioners aiming to balance the trade-offs between
model efficacy and resource efficiency. The implications
extend to educational and industrial settings, where
small language models could democratize access to
sophisticated natural language processing tools [2, 12].

6.2. Challenges and Future Directions

Despite the promising results, several challenges remain
in the realm of autoformalization with small language
models. One significant hurdle is the inherent limitation
in capturing and representing complex formal structures
due to the reduced capacity of these models. This
limitation necessitates innovative methodologies to en-
hance their representational power without significantly
increasing computational demands [1, 3].

Additionally, the variability in performance across differ-
ent domains suggests that domain-specific adaptations
are crucial for optimizing autoformalization tasks. Future
research could focus on developing adaptive learning
techniques that enable small models to dynamically
adjust to various linguistic contexts [8, 9]. This direction
aligns with the broader objective of enhancing model
versatility and robustness.

Moreover, integrating external knowledge bases and
leveraging pre-trained embeddings could provide avenues
to overcome some of the inherent constraints of
small models. The integration of such resources can
potentially enhance the depth and accuracy of the formal
representations generated [5, 13].

6.3. Conclusion

In conclusion, while small language models present
certain limitations, they offer a viable path for the
development of accessible and resource-efficient auto-
formalization tools. Our findings advocate for continued
research in this area, emphasizing the importance
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of developing innovative techniques to enhance the
capabilities of small models. By addressing the challenges
identified in this study, future work can pave the way for
widespread adoption and application of autoformalization
technologies across diverse fields.

The exploration of autoformalization in small language
models remains a fertile ground for academic inquiry and
practical innovation. As the field progresses, it will be
imperative to continuously reassess the capabilities and
limitations of these models in light of new technological
advancements and emerging linguistic challenges [7, 10].
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