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Abstract

Autoformalization, translating informal mathematical text into formal machine-checkable
code, has recently attracted new interest thanks to advances in large language models.
However, progress has been hindered by the lack of high-quality parallel corpora pairing
natural language with formal code, especially for less widely used systems such as Agda. In
this work, we address this gap by demonstrating a systematic data generation pipeline via
the Informath project based on Grammatical Framework on the informal side and Dedukti
on the formal side. Using this method, we construct a 400K “4-to-3” parallel corpus
spanning four formal languages (Dedukti, Agda, Rocq, Lean) and three natural languages
(English, French, Swedish). To validate the utility of the approach, we fine-tune the
open-source Qwen2.5-7B-Instruct model and achieve substantial gains: BLEU-4 improves
from 32.90 to 76.16, and Agda syntax error rate falls from 98.43% to under 8%. We
further explore joint training across multiple formal and natural languages, demonstrating
that multilingual and multi-formal regimes yield notable improvements in low-resource
scenarios. Our work establishes an easily extensible multilingual autoformalization system
and a test dataset with hand-written theorem statements paired with Agda, Dedukti, Lean,
and Rocq. We will also propose some systematic insights into dataset construction and
multilingual training for future research.

1 Introduction

Autoformalization is the task of translating mathematical natural language into fully formalized,
machine-verifiable code. Many recent attempts at autoformalization are based on training or
fine-tuning large language models (LLMs). One of the major challenges in these approaches is
the lack of large-scale, high-quality parallel corpora that align formal language codes with their
informal mathematical statements. This difficulty is faced by all formal languages, including
popular ones such as Lean [8] and Rocq (formerly Coq) [4], but in particular less used ones
such as Agda [5].

Recent efforts have attempted to address this issue by leveraging LLMs themselves to con-
struct synthetic datasets. Notably, Jiang et al. [13] introduced the MMA dataset, consisting
of 332,000 pairs of formal and informal mathematical statements created by using GPT-4 to
translate existing formal code in Lean and Isabelle into English. While this approach is cost-
effective and scalable compared to manual annotation by well-trained experts, the generated
informal text contains considerable noise and incorrect translations. Furthermore, the risk of
hallucinations in the data output by large language models cannot be ignored [17].

In contrast to the noisy synthetic pipelines using LLMs, we propose a symbolic approach
using the Informath [22] project based on Grammatical Framework (GF) [19, 23] and De-
dukti [1], which builds multilingual informal-formal pairs from verified formal sources. GF is
an interlingual grammar formalism, where a shared abstract syntax can be mapped to multiple
natural languages and back. Dedukti is, likewise, a type-theoretical core language to which
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several other formalisms (including Agda, Lean, and Rocq) can be translated. The Informath
project adds to this back-translations from Dedukti to Agda, Lean and Rocq, which are partial
(because Dedukti is more liberal than the other formalisms), but sufficient for the kind of data
this project deals with so that correctness in the target formalisms can be guaranteed. By com-
bining Dedukti with GF, we can use any set of formal data in any of the supported formalisms
to symbolically generate a parallel corpus of formal-informal pairs.

In the experiments reported here, we have built two such corpora. In both corpora, each
Dedukti expression is translated into three additional formal systems (Agda, Rocq, and Lean)
and multiple paraphrases in three natural languages: English, French, and Swedish. This design
yields a 4-to-3 formal-informal mapping with high correctness and alignment across languages.
We have used the corpora to train LLM-based models for autoformalization, and tested the
models on symbolically generated theorems, as well as 57 hand-written English statements for
a subset of the “100 theorems” of [28].

The first corpus we have built is SMAD (Synthetic Multilanguage Autoformalization
Dataset), which includes over 400,000 formally verified examples from existing libraries of dif-
ferent formal systems, automatically converted to Dedukti. For building the autoformalization
model, we divided SMAD into training, validation, and test sets in the usual way (8:1:1). Ta-
ble 1 shows an example from SMAD of a simple statement in Dedukti, Agda, Rocq, Lean on
the formal side and in English, French, and Swedish on the natural language side. Two infor-
mal statements are shown for each language: a baseline informalization that is in one-to-one
correspondence with the formal, and an alternative that is closer to natural mathematical text.
All statements (also the formal ones) are automatically generated from the Dedukti source by
compiler-like symbolic functions. On the informal side, the full dataset contains up to hundreds
of alternative verbalizations per formal statement.

When training autoformalization models on SMAD, we observed that it is difficult to pre-
vent the model from overfitting. To mitigate this, we designed a second corpus with a very
different training methodology. This corpus is smaller, consisting of just 198 Dedukti defi-
nitions and theorem statements, converted to 8620 variant informal statements, resulting in
25860 formal-informal pairs. Rather than a traditional randomized train-test split, we divide
the corpus into definitions and theorem statements. Definitions are used as training data, and
theorem statements are used as test data. This set-up is not unlike the conditions of human
mathematicians: learning the definitions of concepts is sufficient for understanding their use in
theorem statements. We found that a model trained using this method generalizes better and
that, surprisingly, the small number of formal statements suffices to train the model.

While Lean and Rocq have received growing attention in the machine learning community,
Agda has remained underexplored due to the scarcity of available training data. Our work is
the first to construct an LLM-based autoformalization system that addresses Agda. Evaluating
with Agda is a way to see how well our methodology works in a low-resource setting.

As a more general aim, we explore whether joint training across multiple formal and/or
natural languages can improve the performance and training efficiency of Agda autoformaliza-
tion. Specifically, we examine: (1) how incorporating multiple formal systems (Lean, Rocq,
and Dedukti) influences the quality of Agda translations, (2) whether multilingual supervision
(in English, French, and Swedish) enhances the ability and generalization of the model, and
(3) how the proportion of Agda examples in the training set affects the model performance in
Agda code low-resource scenarios. Our work differs from existing studies in four major aspects:

1. Data source: We generate formal < natural pairs with controlled paraphrase diversity
using the Informath pipeline. This is in contrast both with earlier symbolic approaches,
which use limited controlled languages, and with noisy LLM-generated back-translation.
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Table 1: Examples of SMAD

Language Expression(s)
Dedukti prop20 : (n : Elem Nat) -> Proof (even n) -> Proof (odd

(plus n 1))
Agda postulate prop20 : (n : Nat) -> even n -> odd (plus n 1)
Rocq Axiom prop20 : forall n : nat, (even n -> odd (n + 1))
Lean axiom prop20 (n : Nat) (x : even n) : odd (n + 1)
English Prop20. For all instances n of natural numbers, if we can prove that n
is even, then we can prove that the sum of n and 1 is odd.
Prop20. Let n € N. Assume that n is even. Then n 4 1 is odd.
French Prop20. Pour toutes les instances n de nombres naturels, si nous pouvons
démontrer que n est pair, alors nous pouvons démontrer que la somme
de n et de 1 est impaire.
Prop20. Soit n € N. Supposons que n est pair. Alors n + 1 est impair.
Swedish Prop20. For alla instanser n av naturliga tal, om vi kan bevisa att n ar

jamnt, sa kan vi bevisa att summan av n och 1 ar udda.
Prop20. Lat n € N. Anta att n ar jamnt. Da &r n 4+ 1 udda.

What is more, the pipeline enables the symbolic generation of new formal-informal data
whenever formal data is available.

2. Ours is the first work to include Agda and Dedukti.

3. Multilingual coverage: Our dataset includes three natural languages (English, French,
Swedish), enabling experiments with multiple languages on the informal side.

4. Lightweight models: We achieve good results even by fine-tuning a relatively small open-
source model, improving accessibility and reproducibility.

5. Small compute footprint: The SMAD corpus can be produced in less than 30 seconds of
CPU time on a Macbook Air M2.

By demonstrating successful fine-tuning on Agda, this work lays the foundation for future
research on the autoformalization between formal languages and multilingual formalisms in
low-resource scenarios.

2 Related Work

The early history of autoformalization features symbolic systems such as Mizar [3], GF-Alfa [11],
ForTheL [16], and Naproche [7]. The first neural attempts framed the task as neural machine
translation (NMT). Thus Wang et al. [27] trained and compared supervised NMT based on
RNN, unsupervised NMT, and XLM models on Mizar. More recently, interest in LLMs has
brought renewed focus to the field: Wu et al. [29] evaluated off-the-shelf LLMs such as PaLM
and Codex on a benchmark of mathematical contest problems and found that these models
could correctly render 25.3% of examples into Isabelle/HOL without any fine-tuning. However,
training or fine-tuning LLMs for autoformalization requires large, high-quality parallel corpora

3
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Figure 1: Overview of the structure of Informath. Hollow arrowheads mark partial functions,
and diamond-shaped arrowheads mark operations that can give more than one result. Thus the
hollow diamond-shaped conversions from actual natural languages to Informath indicate that
the coverage of the grammar is bound to be incomplete.

of formal and informal mathematics. To address this, Jiang et al. [13] used GPT-4 to back-
translate Isabelle and Lean proofs into English, creating the MMA dataset of 332 K informal-
formal pairs. While MMA’s scale is unprecedented, its noise level remains high: sampling
estimates put its translation accuracy at only approximately 74%, and models fine-tuned on
MMA produce just 29-31% acceptable code.

3 Methods

3.1 Informath

The dataset of this project is generated in the Informath [22] project, which uses GF and
Dedukti to solve the problem of converting mathematical expressions between multiple formal
languages and multiple natural languages. Informath’s core structure is a bidirectional pipeline:

e Formal Languages (Agda, Rocq and Lean) — Dedukti — MathCore: Dedukti acts as an
interlingua for formal languages. Code written in Agda, Rocq, or Lean can be translated
into Dedukti. A compiler-like code generator maps Dedukti code into an abstract syntax
of natural language in GF.

e Abstract Syntax <> Natural Language: Multiple paraphrases are generated in abstract
syntax and linearized to different target languages (English, French, Swedish) by GF,
ensuring both grammatical correctness and semantic fidelity.

e Natural Language — Dedukti: The reverse process uses GF parsing to convert texts to
abstract syntax trees, which are translated through Dedukti to other formal systems.

By design, Informath’s pipeline enables the generation of a diverse, high-quality, and con-
trollable parallel corpus of formal-informal pairs without suffering from LLM hallucination.
Each generated sentence is guaranteed to correspond to its associated formal code. Readers
can refer to Table 1 for an example. However, the opposite direction of autoformalization in
pure Informath can only be partial, because no grammar can be guaranteed to cover all natural
language. By fine-tuning large language models on data generated by Informath, we can extend
the grammar-based parser to a system that suggests a formalization for any natural language
input. The resulting formalizations are less certain than grammar-based ones, but their validity
can be checked by humans via symbolic feed-back informalizations without the need to look at
the formal code.

4
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The Informath pipeline follows the methodology described in [20], which in turn was in-
spired by classical techniques of natural language generation (NLG) [24]. The starting point is
MathCore, a controlled natural language (CNL), which is a direct, unambiguous verbalization
of Dedukti. Inspired by [10], Informath aims to extend MathCore into a more comprehensive
grammar of the language of mathematics. This variation is created effortlessly by using the
GF Resource Grammar Library, which is a wide-coverage grammar taking care of the details of
morphology and syntactic structures [19]. The different steps of the pipeline can be shown in a
verbose mode to trace the exact correspondences between the formal and informal languages.
The main intermediate representations are: abstract syntax tree of Dedukti code, abstract syn-
tax tree of GF core language, abstract syntax trees of NLG-generated paraphrases, tokenized
natural language output.

Informath can informalize any Dedukti code and thereby any code in other systems (in-
cluding Agda, Lean, and Rocq) that have conversions to Dedukti. However, the quality of
informalization depends on the availability of a lexicon, that is, mappings from formal identi-
fiers to natural language expressions. Informath has methods for automating much of this by
using sources such as Wikidata [26] when the concepts belong to standard mathematics [21].
For more advanced research mathematics, either a human has to provide a lexicon or simple
heuristics are used, which means that the readability can suffer.

The back-translations from Dedukti to other formal systems are bound to be partial, because
Dedukti is more permissive than any of them. This concerns in particular proofs, where the
translation of a Dedukti proof may fail to type-check in the other systems. Moreover, the back-
translations are not guaranteed to use the target formalisms in the most idiomatic ways, as
can already be seen in the examples we show. The goal has just been to generate code that is
type-correct, which is enough in scenarios where proof systems are used as checkers of informal
mathematics and human readers are not expected to read the formal code.

The data studied in this paper does not include proofs, but only definitions and theorem
statements, mostly restricted to standard undergraduate-level mathematics, from [6, 28, 2]
(formalized manually, then informalized automatically) and from the Dedukti version of Matita
arithmetic library ([1] Section 8.4, informalized automatically). This restriction is similar to the
MMA data in [13], but the set of concepts covered in our data is even more limited. Research-
level mathematics is still rarely addressed in autoformalization literature [18].

3.2 Experiment Design

The SMAD corpus consists of two datasets named joint_training and parallel_informath
(the datasets are described in Section 4). The second, smaller corpus introduced earlier is used
for training and evaluating the final models, and includes final_data and natural_statements.
Based on this corpus, we organize our experiments into three main stages, each targeting a
specific research question. Every experiment draws from one or more datasets (see Table 2).

In the joint training stage, we compare two variants mixing four formal languages: one
with a single natural-language statement per code, and another using all available statements,
to examine the impact of linguistic diversity. In the ratio ablation stage, we construct six slices
from joint_training with different Agda-to-Dedukti ratios, and evaluate performance using a
composite of BLEU [15], ROUGE [14], and syntactic correctness. The final evaluation stage
uses a training set of mathematical definitions, and a test set based on the “100 theorems”
[28], to assess generalization. Each stage will be described in a corresponding subsection of
Section 4, where metrics and analyses are presented in detail.
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Table 2: Experimental Stages and Corresponding Datasets

Stage Dataset(s) Size

joint_training 390456

Joint Training parallel_informath 25236

Ratio Ablation joint_training slices with varying Agda ratios 500-2500

. . final_data 25860
Final Evaluation
natural_statements 228

The datasets used in the experiments are available via the Informath Git repository'. Other
datasets will be made available in the same place.

3.3 Training and Testing Setups

All experiments were conducted by fine-tuning the pre-trained Qwen2.5-7B-Instruct model
using the LLaMA-Factory framework on a single NVIDIA RTX 4090 GPU (24GB VRAM).
We applied LoRA (Low-Rank Adaptation) [12] by freezing the baseline model and inserting
trainable rank-8 matrices (r = 8) into each layer.

Before large-scale training, we conducted small pilot experiments and employed grid search
combined with empirical validation to identify the most suitable hyperparameter configu-
ration. The final settings included LoRA o = 32, LoRA™T learning rate = 16, dropout
= 0.1, and a dynamic learning rate initialized at 5e=°. We set batch_size = 2 with
gradient_accumulation_steps = 8§, yielding an effective batch size of 16. Unless otherwise
specified, all other parameters followed the default settings of LLaMA-Factory.

To ensure fair comparison across training strategies, all experiments within the same group
were trained under identical hyperparameters and total number of training steps. By default,
we adopted an 8:1:1 split of the data into training, validation, and test sets. In cases where a
validation set was not established, we instead used a 9:1 split between training and test. Early
stopping was applied, terminating training if no improvement in validation scores was observed
for three consecutive epochs.

3.4 Evaluation Metrics

To evaluate the quality of autoformalization models, we adopt a combination of standard NLP
metrics and code-aware indicators. Our composite metric, SMAD_Score, is inspired by Code-
BLEU [25], which combines n-gram similarity with syntax- and data-flow-levee analyses. While
CodeBLEU is effective for general programming languages such as Python or Java, it relies on
the AST parser that is not readily available for Agda. To address this, we design SMAD _Score as
a lightweight alternative that captures syntax validity, surface-level accuracy, and recall-based
content fidelity.
The SMAD_Score is defined as:

SMAD_Score = 0.35 x (100 — ERROR%)
+ 0.35 x BLEU-4
+ 0.1 x (ROUGE-1 + ROUGE-2 + ROUGE-L)

Ihttps://github.com/GrammaticalFramework/informath/blob/main/data/datasets/
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where the three components are defined as follows:

¢ ERRORY%: Percentage of outputs that fail to parse in Agda, directly measuring syntactic
validity and parsability.

e BLEU-4 [15]: An n-gram precision metric up to 4-grams, rewarding exact token matches
and reflecting surface-level accuracy.

¢ ROUGE-1/2/L [14]: Recall-oriented metrics. ROUGE-1/2 capture unigram and bigram
coverage, while ROUGE-L measures longest common subsequence, together reflecting
information recall and content preservation.

When choosing the weights, we aimed to balance the contribution of all components while
giving slightly higher weight to BLEU and ERROR%. This ensures that both accuracy and
parsability, which are the most critical aspects for practical autoformalization, have greater
influence on the final score. By combining all three components, SMAD_Score serves as an
intuitive single number that summarizes overall model performance, allowing direct comparison
across different training setups. For simplicity, the following figures and tables use Score to refer
to SMAD _Score.

4 Results

4.1 Multi-Language Joint Training

Building on our selected base model, Qwen2.5-7B-Instruct, we conducted experiments to evalu-
ate the effectiveness of multi-formal-language joint training (as proposed by Jiang et al. [13]) in
enhancing Agda autoformalization. We further explored whether multi-natural-language joint
training could improve the model’s performance in translating natural language to Agda.

We designed two experimental setups using different SMAD subsets, joint_training and
parallel_informath. Both are constructed from earlier datasets and aim specifically to evalu-
ate the impact of multilingual joint training on autoformalization. While they follow identical
train/test splits, they differ in how natural language statements are aligned with formal code:

e The subset of joint_training used in this experiment maps each formal code snippet
to a single natural-language sentence. Total 43,044 pairs, including 3587 unique Agda—
English pairs. This subset is smaller than the full dataset reported in Table 2, as it is a
filtered slice retaining only one natural-language sentence per code snippet.

e parallel informath maps each formal snippet to multiple distinct natural-language
sentences. Total 2103 Agda—English pairs, including 166 unique Agda statements.

The Agda statements used in the two datasets are disjoint. To measure the effect of multi-
formal and multi-natural-language joint training, we constructed four slices of each dataset and
trained a model on each one. The full slice contains all formal-natural language pairs, the eng
slice contains only formal-English pairs, the agda slice contains only Agda—natural language
pairs, and the agda_eng slice contains only Agda-English pairs.

The validation and test sets for the two groups of experiments are drawn separately from
their respective SMAD subsets. In all cases, including the following experiments, the test sets
consist exclusively of Agda-English pairs, since our focus is on assessing the model’s autoformal-
ization ability in Agda. To avoid semantic overlap between training, validation, and test sets,

7
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we enforce a strict “disjoint-source” rule: each Dedukti entry, together with all its translated
counterparts in Agda, Lean, and Rocq, as well as the associated natural-language paraphrases,
is treated as a single group. Training, validation, and test splits are constructed from different
groups, ensuring that no formal-informal pair in the test set shares a Dedukti origin with any
pair in the training or validation sets.

We also evaluated the Agda autoformalization abilities of the base model on both test sets.
Without prompt engineering, the model tends to generate lengthy explanatory text or other
irrelevant noise, which severely skews BLEU-4 and ROUGE scoring. Therefore, we designed a
one-shot-style prompt that imposes explicit formatting and content constraints, along with a
minimal English-Agda example for the model to imitate. An example is shown below:

{
"instruction": "Translate the following English statement into Agda,
— Please imitate the input and output examples and output in the
— specified format. Give me the output text only (without any explain,
< inputs or 'Output:'). Example: Translate the following English
< statement into Agda. Prop80. We can prove that $2$ is even. Output
— Should be like: postulate prop80 : even 2 ",
"input": "Prop30. For all natural numbers $n$, if $n$ is odd, then the
— sum of $n$ and $1$ is even.",
"output": "postulate prop30 : (n : Nat) -> odd n -> even (plus n 1)"
}’

Notice that the one-shot example is extremely concise: it simply demonstrates the simple
theorem “2 is even”, which any large pre-trained model already knows. The only purpose of
the example is to signal the precise code style and formatting (e.g., use of postulate, arrow
notation, spacing). Because it provides no substantive new semantic information, its impact
on the un-fine-tuned model’s autoformalization capability is negligible. Then the output can
be used as a baseline to measure the improvement of the subsequent fine-tuned models. For
consistency, all test datasets for testing un-fine-tuned models follow this design principle.

Figure 2 shows the training losses and Table 3 the evaluation metrics. We observe that:

1. Fine-tuning is powerful. The base model performs poorly (BLEU-4 = 53.27, Syntax
Err. = 90.25%), producing mostly unusable output. Fine-tuning reduces syntax errors

Step - Loss Curves Step - Loss Curves

—— Mjoint_training_full_first1_loss 100 — M_parallel-informath_full_loss
M_joint_training_eng_first1_loss \ M_parallel-informath_eng_loss

—— M_joint_training_agda_first1_loss —— M_parallel-informath_agda_loss

—— MJoint_training_agda_eng_first1_loss \ — M_parallel-informath_agda_eng_loss

o 500 500 2000 2500 [ 500 1000 1500 2000

1000 1
Training Steps Training Steps

(a) Using joint_training subset. (b) Using parallel_informath subsets.

Figure 2: Training loss curves of models trained on different dataset slices.
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Table 3: Model performance comparison of Multi-language Joint Training

Model BLEU-4 ROUGE-1/2/L Syntax Err.% Score
Baseline 53.27 71.57 / 50.52 / 60.33 90.25 40.30
joint_training_full 98.36 99.31 / 98.94 / 98.81 3.90 97.77
joint_training_eng 98.63 99.48 / 99.13 / 98.99 3.62 98.01
joint_training_agda 98.98 99.64 / 99.48 / 99.32 4.74 97.83
joint_training_agda_eng 98.91  99.54 / 99.26 / 99.27 5.29 97.57
parallel_informath_full 88.98 92.28 / 85.85 / 91.92 7.67 90.47
parallel_informath_eng 88.61 92.53 / 87.08 / 92.04 9.95 89.70
parallel_informath_agda 88.30 91.04 / 85.33 / 91.06 18.19 86.28
parallel_informath_agda_eng 85.71 89.62 / 85.14 / 89.53 13.04 86.86

dramatically (to below 4% in top models) and boosts composite scores by over 100%.

2. Large sample scenarios show saturation. When Agda—English data is sufficient,
multi-language joint training offers limited gains (all BLEU-4 & 99), indicating that with
sufficient Agda—English examples the model already learns an almost perfect mapping.
Nonetheless, from another perspective, multi-language training does allow the model to
generalize to other formal and natural languages without significantly degrading Agda—
English performance, and does so at negligible additional training cost.

3. Low-resource scenarios show clear benefits. In small-data conditions, multi-formal
and multi-natural joint training reduces syntax errors significantly (e.g., Syntax Err. from
13.04% to 7.67%). This suggests that parallel data in other languages and formalisms
provide valuable structural signals, enhancing the model’s autoformalization capabilities.

4.2 Ablation Study on Agda Data Ratios

In the previous section, we observed that parallel examples of multiple formal languages and nat-
ural languages can significantly improve performance when Agda—FEnglish samples are scarce.
In this section, we further investigate the role of Agda data volume in low-resource scenar-
ios by conducting slicing experiments with different Agda-to-Dedukti ratios, based on the
joint_training dataset.

Although the ablation study is derived from the same dataset as the joint training exper-
iments, the partitioning strategy is different. Here, the test set is fixed to 100 Agda—English
pairs, randomly sampled from joint_training and kept constant across all slices. The re-
maining data are used to construct training sets with varying numbers of Agda and Dedukti
examples.

Specifically, we defined six configurations. Slice 1 contains 500 Agda examples. Slice 2
extends this by adding 500 additional Dedukti examples. Slice 3 is a reduced version of Slice 2,
consisting of only 125 Agda examples (from Slice 1) together with the same 500 Dedukti ex-
amples. Slices 4 and 5 further extend Slice 2 by incorporating 1,500 new Dedukti or Agda
examples, respectively. Finally, Slice 6 represents a reversed low-resource setting, combining
500 Agda examples with only 125 Dedukti examples sampled from Slice 2.

Figure 3 shows the training losses. Table 4 shows the number of Agda and Dedukti examples
in each training set and the corresponding results. We observe that:
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Figure 3: Training losses of slice 1-6 models.

1. Agda data volume/number is the dominant factor. Increasing the number of Agda

statements (e.g., from 500 to 2000) consistently improves BLEU-4 scores and reduces
syntax errors, confirming that more Agda data is the most effective way to enhance
model performance.

. Dedukti provides improvement within limits. When Agda data is sufficient, adding

a small number of Dedukti samples (e.g., 125) can further improve code formatting and
structural accuracy, achieving the lowest observed syntax error rate (2%). With limited
Agda data, moderate Dedukti support (e.g., 500 samples) also helps reduce syntax er-
rors and slightly improves BLEU/ROUGE. However, excessive Dedukti input (e.g., 2000
samples) may introduce noise, degrading grammatical correctness.

. Low-resource scenarios benefit the most. Even with only 125 Agda samples, the

model performs far better than the baseline when supplemented with 500 Dedukti exam-
ples, demonstrating that structurally similar formal languages can effectively supplement
Agda learning in scarce settings.

4.3 An Improved Model

In the previous sections, each model achieved BLEU-4 and ROUGE scores close to 90-100
on the data generated using Informath; in general natural language translation tasks, BLEU-
4 scores of around 70 are considered excellent, so the high scores clearly indicate data bias.

Table 4: Model performance in ablation study

Model Agda Dedukti BLEU-4 ROUGE-1/2/L Syntax Err.% Score

Baseline N/A N/A 52.56 69.32 / 48.88 / 59.33 93 38.60
Slice 1 500 0 97.73 98.63 / 96.94 / 98.17 5 96.83
Slice 2 500 500 98.35 98.90 / 98.15 / 98.89 4 97.62
Slice 3 125 500 96.74 97.74 / 96.20 / 97.37 10 94.49
Slice 4 500 2000 98.11 98.39 / 97.23 / 98.24 7 96.27
Slice 5 2000 500 98.59 99.02 / 98.42 / 98.93 ) 97.39
Slice 6 500 125 98.18 08.81 / 97.89 / 98.65 2 98.20
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In Section 4.4, we show that the models do still generalize, but the real-world BLEU-4 and
ROUGE scores are about 60-75.

We believe the bias can be explained as follows. The corpus consists of statements from
various mathematical domains. As theorems from a given domain tend to share certain fixed
patterns, the model may learn these patterns, resulting in artificially high scores on the test
set. Furthermore, there is less variation than in a hand-written corpus in how these patterns
are translated into natural language.

To eliminate this bias, we redesigned the construction logic of the training and test sets:

e The training set final data_training mainly consists of simple mathematical definitions,
aiming to allow the model to first master the basic grammatical knowledge of formalized
languages and their mapping to mathematical terminology. These definitions cover the
concepts used in the sample of “100 theorems” [28] that we used for testing, as well a few
dozen other ones from algebra and set theory.

o The test set final data_testing consists of manually written mathematical theorems,
which are derived from the “100 theorems” corpus, evaluating the model’s ability to
generalize from definitions to theorem statements.

Based on the experimental results of Section 4.1 and 4.2, we adopt multi-formal and multi-
natural language joint training in final data, and the proportion of each formal language in
the dataset is consistent, so as to maximize the automatic formalization ability of our model.

Figure 4 shows the training losses and Table 5 the evaluation metrics. We observe that:

1. Single epoch training has the best effect. Although the BLEU-4/ROUGE scores
obtained by the model that only trained one epoch are lower than those of the pre-
vious models, the syntax error rate has not increased much compared with the model
parallel_informath full.

The drop in BLEU-4/ROUGE scores is acceptable, because the performance of the base-
line model is considerably worse than its performance in Section 4.1. Comparing BLEU-
4/ROUGE A%, it can be found that the model has a greater improvement than all
previous models trained based on joint_training. This shows that this dataset recon-
struction effectively stimulates the model’s ability to transfer learning from definitions to
theorems.

2. Over-training leads to overfitting or semantic shift. Unfortunately, although the
model trained for 3 epochs has a slight improvement in BLEU-4/ROUGE scores, its
syntax error rate has increased severely to 20.5%. We believe this is likely to be due
to the model overfitting in more training steps, or learning more non-Agda expression
patterns, damaging the core task performance.

Table 5: Model performance at different training epochs

Model BLEU-4 ROUGE-1/2/L Syntax Err.% Score

Baseline 32.90 54.17 / 21.99 / 42.76 98.43 23.96
Epoch 1 76.16 89.03 / 74.94 / 83.22 7.93 83.60
Epoch 3 77.78 89.86 / 76.63 / 84.37 20.48 80.14

11
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Figure 4: Training losses of fine-tuned models at different epochs.

The new training set significantly alleviates the bias problem of the previous dataset and
allows the model to be trained and evaluated realistically in more challenging scenarios.

4.4 Evaluation on Human-Written Statements

To further evaluate the model’s generalization ability, we constructed natural_statements, a
dataset with human-written English statements. This set has 228 pairs in total (57 English
statements with each of the 4 formalisms). They cover a subset of the “100 theorems” [28] to
show variation over mathematical subfields. Table 7 shows some examples from this set. We
then evaluated several representative models on these statements to test their generalization
abilities. Table 6 shows the results. We see that:

e The previous model trained on joint_training exhibits worse generalization than before:
its BLEU-4 score dropped sharply from nearly 98% to around 60-65%, and its syntax error
rate increased from 3-5% to 17% on the new test set. Despite the severe degradation, it
still performs noticeably better than the un-fine-tuned baseline.

e The final model shows strong generalization ability, the BLEU-4/ROUGE score does not
drop sharply, and the syntax error rate (8.77%) is almost as good as the previous models.

e The sharp contrast in syntax error rates between Epoch 1 and Epoch 3 suggests that
Epoch 3 may overfit or be adversely affected by noise from unrelated formal languages.

Table 6: Performance on Human-Written Statements

Model BLEU-4 ROUGE-/2/L Syntax Err.% Score
Baseline 32.84 44.83 / 15.86 / 37.85 92.98 23.80
joint_training_full 60.37 74.00 / 52.22 / 68.12 17.54 69.42
joint_training_agda_eng 65.00 76.66 / 55.48 / 70.90 17.54 71.91
Epoch 1 68.67 79.61 / 61.97 / 73.84 8.77 77.50
Epoch 3 65.56 78.03 / 59.66 / 70.91 22.81 70.83
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Table 7: Comparison of Synthetic vs. Human-Written Statements

Agda Code

Informath Statement

Human-Written

postulate ThmO1
(m : Nat) -
(n : Nat) - Neq
n 0 » Neq (pow
(divm n) 2) 2

postulate thm09
(c : Circle)
+ (r : Real) -

ThmO1l. Let m and n be instances of natural
numbers. Assume that we can prove that n is
not equal to 0. Then we can prove that the
exponentiation of the quotient of m and n and
2 is not equal to 2.

ThmO1. Let m,n € N. Assume that n # 0.
Then (2)% # 2.

Thm09. Let ¢ be a circle. Let r be an instance
of real numbers. Assume we can prove that r
is equal to the radius of ¢. Then we can prove

ThmOl. If m € N
and n € NT then

(m/n)? # 2.

Thm09. Any circle

of radius 7 has area

.

Eq r (radius c)
-+ Eq (area c)
(times pi (pow r

2))

the area of c¢ is equal to the product of the
number 7 and the exponentiation of r and 2.
ThmO09. Let ¢ be a circle. Let » € R. Assume
that r is equal to the radius of ¢. Then the

area of c is equal to 7r2.

4.5 Manual Evaluation

To better understand the remaining failure modes of our fine-tuned model, we examined sev-
eral representative theorems and compared the output of model Epoch 3 on human-written
statements against the label. Table 8 lists selected examples along with their BLEU-4 scores
and expert comments. From these examples and the baseline behavior on the same test set, we
identify three main error categories:
1. Unsupported Infix Operators. The model frequently emits operators like ==, <=, >
that are not defined in the Agda core library. These originate from the pre-training corpus
(maybe from Lean) and, though familiar to the model, cause type errors in vanilla Agda.

2. Hallucinated Identifiers. Terms like powerset2 do not exist in either the library or
the test set. Such “invented” names suggest the model has learned spurious patterns that
merge or abbreviate known constructs but do not correspond to valid definitions.

3. Predicate Misuse. In several theorems (e.g. Thm78a, Thm22), the model substitutes
generic numeric operations (plus) for domain-specific functions (vectorPlus), or misuses
a morally correct but not in scope uncountable. This reflects a mismatch between the
pre-learned “general expression” and the project’s formalization conventions.

While many model outputs exhibit clear errors, some (such as the first variant of Thm22)
convey the correct mathematical idea in a type-safe manner, even though they diverge from the
target theorem’s logical form. These predictions would compile successfully but score poorly
on automatic metrics like BLEU due to lexical and structural differences.

To further assess the practical usability of model outputs involving unsupported infix op-
erators, we applied a simple symbolic normalization step that replaced these operators with
equivalent prefix forms or function calls compatible with standard Agda syntax. This reduced
the number of syntax errors from 13 (22.8%) to just 2 (3.5%). These results indicate that many
outputs are already structurally close to correctness and can be made fully functional through
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lightweight symbolic post-processing. Since such transformations consist mainly of systematic
replacements and syntax adjustments, they are easily mechanizable and can be integrated as a
general optimization layer to enhance the overall performance of autoformalization systems.

Table 8: Selected Theorem Outputs and Expert Comments

Model Output Label BLEU Expert Comment

postulate thm20a : postulate thm20a : 63.97  Expert: Clever use of

(p : Nat) -> prime (p : Nat) -> prime p congruent, but the final

p —> congruent p 1 4 -> (k : Nat) -> Eq part will not type-check.

-> exists Nat ( x —> p (plus (times 4 k)

exists Nat ( y -> and 1) -> exists Nat ( x

(square x) (square y) -> exists Nat (y ->

(equal (plus (times x Eq p (plus (square x)

x) (times y y)) p))) (square y)))

postulate thm22 : postulate thm22 : 23.45  Expert:  “Uncountable”

uncountable Real not (denumerable is meaningful but not in
Real) scope.

postulate thm52 : (A postulate thm52 : (A  54.53 Expert:  “powerset2” is

: Set) -> finite A —> : Set) -> finite A a typical hallucination;

equalset (powerset A) -> Eq (cardinality equalset is wrong pred-

(powerset2 A) (powerset A)) (pow 2 icate for equality of car-
(cardinality A)) dinality.

postulate thm78a : postulate thm78a 60.19 Expert:  Model uses a

(u : Vector) -> (v : (u : Vector) -> function type, where La-

Vector) -> orthogonal (v : Vector) -> if bel uses the if operator.

u v -> dotProduct u v (orthogonal u v) (Eq Equivalent logic but con-

== (dotProduct u v) 0) tains the unsupported in-

fix operator ==.
postulate thm91 postulate thm91 : (u  55.77 Expert:  Correct mean-
(u : Vector) -> (v Vector) -> (v : ing, but misuses plus

Vector) -> length
(plus u v) <= plus
(length u) (length v)

Vector) -> Leq (norm
(vectorPlus u v))
(plus (norm u) (norm

v))

(defined for numbers but
not for wvectors) instead
of wvectorPlus and wuses
undefined operator <=.

4.6 A Note on Evaluation

Autoformalization evaluation beyond string-level and syntactic methods is largely an open
problem, recently addressed in [18]. As our sole automated method, we used type checking in
Agda, showing that 23 out of 57 (40%) statements in the case study were type-correct after
the post-processing. This is a non-trivial result in a strict type system such as Agda’s, where
propositions make extensive use of dependent types. The ultimate test would, of course, be not
only type correctness but equivalence with the intended meaning. How to assess this is an open
question; logical equivalence is obviously too weak a criterion, and something more intensional
is desired.

Constructive type theory, and thereby Agda, has the concept of definitional equality,
which means convertibility to the same normal form via a chain of definitions (including beta
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conversion). This notion is more intensional than logical equivalence, but it seems to be too
strong in some respects and too weak in others. For example, 2 + 2 and 2 x 2 and 22 are
definitionally equal but arguably not the same in intensional meaning; the example comes from
Frege [9], as an example of expressions that have the same reference but different senses. On
the other hand, (a + b) + ¢ might be considered equal to a + (b + ¢) by associativity, but these
expressions are not definitionally equal, because their equality requires a proof.

Since human evaluation is still needed to assess all aspects of autoformalization, evaluators
are burdened with the task of reading and understanding complicated formulas. However, sym-
bolic informalization can be a help even here: from any candidate formula that is syntactically
correct, we can generate accurate natural language equivalents. These can be much easier for
a human reader to assess than the formulas themselves.

5 Conclusions

We have presented a reproducible symbolic pipeline, based on Informath, for generating large-
scale, multilingual autoformalization corpora. To showcase the utility of the pipeline, we con-
structed SMAD, a 400K pair multilingual autoformalization corpus covering four proof assis-
tants (Dedukti, Agda, Rocq, Lean) and three natural languages (English, French, Swedish),
all derived via the Informath to guarantee logical correctness and paraphrase diversity. Our
contribution lies not only in releasing this corpus, but in introducing a systematic methodology
for creating new autoformalization resources. This approach establishes a robust and extensi-
ble foundation that can be readily adapted, expanded, and replicated in future research. The
SMAD corpus and the Informath software are available on GitHub?.

By fine-tuning Qwen2.5-7B-Instruct with LoRA on data generated by Informath, we ob-
tained strong BLEU and ROUGE scores together with competitive syntax error rates. At this
stage, the model is already capable of handling student-level autoformalization tasks with high
reliability, and when faced with more complex tasks it can still provide meaningful guidance.
Our work is the first to incorporate Agda into fine-tuning large language models for autoformal-
ization. At the same time, experiments also show that, for the case of scarce Agda resources,
multi-language joint training can slightly improve the performance of the model. For the case of
abundant data, multi-language joint training greatly improves the efficiency of training without
losing training quality. The time originally dedicated to training a single formal language can
be used to train four different formal languages simultaneously.

The main advantages of symbolic informalization over LLMs are its reliability (in principle)
and traceability, as well as its high speed and low compute cost. The entire SMAD dataset
we used took around 30 seconds of CPU time (single core) and 2.4 megabytes of memory to
produce on a Macbook Air M2 from 2023. This is in contrast with [13], where the production
of 332k pairs cost USD 3500 with Open Al’s GPT-4. The authors report: “If we had more
resources, we could further boost the diversity of the informal statements by sampling more than
one informal statement for each formal statement, and could extend to more formal libraries”.
Such a boost can be achieved with a negligble additional cost by a symbolic method that can
automatically convert Dedukti statements to hundreds of natural language variants, together
with existing third-party tools that convert content from other formalisms to Dedukti.

We have not yet evaluated our results with the same data as [13], because the Informath
grammar only covers a part of the vocabulary that occurs in it. This issue shows one of the
bottlenecks of our approach: its performance depends on a lexicon that maps formal concepts

2https://github.com/GrammaticalFramework/informath
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to natural language words. [21] shows how the natural language side of the data can be built by
a semi-automatic way, but its relation with formal concepts must still be defined by a human,
as a symbol table that maps Dedukti constants to GF constants.

Looking ahead, we intend to extend the natural statements test set, starting with all the
100 theorems of [28], which cover a wide range of mathematical contents. We are continuously
extending the coverage of Informath by incorporating additional proof assistants (e.g., HOL,
Isabelle, Mizar) and natural languages (e.g., Finnish, German, Spanish, Chinese), thereby
broadening the applicability of our approach and further testing the effects of multilingual
joint training. This includes extensions into research-level mathematics, where LLMs have less
material available on the web, whereas symbolic informalization can quickly provide more data.

The experiments described here could be extended by fine-tuning more powerful LLMs such
as Llama 4 and the Qwen 3 series, and by evaluating model performance on larger, manually
curated benchmarks. Additionally, we could explore the fine-tuned models’ capability for bidi-
rectional translation, focusing on the informalization of formal code. In this way, we can see
how much of the reliability of symbolic informalization is lost in LLMs. While some quality is
expected to be lost, LLMs can be helpful in ranking symbolic informalization results in terms
of fluency. Symbolic methods can guarantee that all generated texts are semantically correct,
but LLMs can guide in deciding which of them sound natural.
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