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ABSTRACT

Autoformalization aims to convert informal mathematical proofs into machine-
verifiable formats, bridging the gap between natural and formal languages. How-
ever, ensuring semantic alignment between the informal and formalized statements
remains challenging. Existing approaches heavily rely on manual verification,
hindering scalability. To address this, we introduce FORMALALIGN, the first auto-
mated framework designed for evaluating the alignment between natural and formal
languages in autoformalization. FORMALALIGN trains on both the autoformaliza-
tion sequence generation task and the representational alignment between input
and output, employing a dual loss that combines a pair of mutually enhancing auto-
formalization and alignment tasks. Evaluated across four benchmarks augmented
by our proposed misalignment strategies, FORMALALIGN demonstrates superior
performance. In our experiments, FORMALALIGN outperforms GPT-4, achiev-
ing an Alignment-Selection Score 11.58% higher on FormL4-Basic (99.21% vs.
88.91%) and 3.19% higher on MiniF2F-Valid (66.39% vs. 64.34%). This effective
alignment evaluation significantly reduces the need for manual verification.

1 INTRODUCTION

Autoformalization is the task of automatically converting informal theorems and proofs into machine-
verifiable formats (Wang et al., 2018; Szegedy, 2020; Wu et al., 2022; Jiang et al., 2023c). It
bridges the gap between natural and formal languages, leveraging the strengths of both: natural
language carries extensive logical reasoning and human knowledge. In contrast, formal language
enables rigorous verification and proof, ensuring accurate and clear reasoning (Kaliszyk et al., 2014).
While promising, autoformalization faces challenges in ensuring semantic alignment between these
languages. The availability of fully formalized and computer-checked content is limited (Kaliszyk
et al., 2017). This lack of alignment information hinders the development of robust autoformalization
models (Bansal & Szegedy, 2020).

Current evaluation methods for autoformalization (Jiang et al., 2023c; Huang et al., 2024; Lu et al.,
2024) focus solely on logical validity, which can be easily verified by formal language compilers
(e.g., the Lean 4 compiler1). Another direct but suboptimal evaluation resort to surface form matching
via BLEU (Papineni et al., 2002), which is widely used by recent works (Wu et al., 2022; Jiang et al.,
2023c; Azerbayev et al., 2023a), but struggles with semantic alignment or logical equivalence (Li
et al., 2024b).

Take the case in Figure 1 as an example, to correctly translate the natural language proof target into a
Lean 4 statement, first, the variables for the objects “ligs”, “lags”, and “lugs” should be included and
real numbers greater than zero. Then, the two equations should be translated into two corresponding
hypotheses h1 and h2. Finally, the proof target “How many ligs are equivalent to 80 lugs? Show
that 63” needs to be formalized into “63 ∗ a = 80 ∗ c”, which is failed in this case by omitting the

∗Leading co-authors with equal contribution.
†Corresponding Author.
1Details of the compiler are provided in Appendix A.
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Autoformalization

BLEU FormalAlign

Misalignment undetected Misalignment undetected Misalignment detected!

Aligner score =  0.5938
-------------------------------------------------

Valign = (Vcer + Vsim) /2
       = (0.2474 +0.9414)/2 = 0.5938

Conclusion: Misaligned!

Error message: None
---------------------------------------------

Conclusion:  Logically valid.

BLEU score = 0.9022
---------------------------------------------

Conclusion: Aligned.

On planet Larky, 7 ligs = 4 lags, and 9 lags = 20 lugs. How many ligs are equivalent to 80 lugs? Show that it is 63.

Natural Language

theorem mathd_algebra_398
(a b c : ℝ) (h₀ : 0 < a ∧ 0 < b ∧ 0 < c) (h₁ : 9 * b = 20 * c) (h₂ : 7 * a = 4 * b): 80 * c = 63 :=

Misaligned Formal Language

Figure 1: A comparison of current methods and FORMALALIGN in evaluating autoformalization.
The formal statement is misaligned with the natural language statement: it incorrectly ends with
80 ∗ c = 63 , when the aligned equation should be 63 ∗ a = 80 ∗ c. Current methods can only verify

the surface-form integrity of the autoformalized sequence via BLEU or by passing it to a formal
language compiler, while our FORMALALIGN successfully detects the semantic misalignment of the
autoformalized statement with the informal sequence.

pronounced “ligs”. However, because the incorrectly translated “80 ∗ c = 63” is logically valid in
Lean 4 and similar to the ground truth in surface form, it is flawless to a theorem compiler or the
BLEU score. The semantic misalignment of lacking a “lig” in the equation is undetected. Moreover,
due to its elusive nature, this misalignment is often challenging to detect, even with methods like
BERTscore (Zhang et al., 2020b), which are designed to assess semantic similarity, Therefore, a
robust and effective approach to Automated Alignment Evaluation (AAE) is urgently needed.

To bridge this gap, we introduce the FORMALALIGN framework, which assesses the alignment
between informal and formal languages during autoformalization. As demonstrated in Figure 2, FOR-
MALALIGN learns both the sequence generation task of autoformalization (top half in Figure 2) and
the representational alignment (bottom half in Figure 2) between input and output. FORMALALIGN
jointly trains the pair of mutually enhancing tasks. This encourages the model to generate similar
embeddings for corresponding pairs and distinct embeddings for non-corresponding pairs, enhancing
its ability to differentiate between aligned and misaligned sequences, as the case in Figure 1.

We evaluate FORMALALIGN on four benchmarks sourced from MiniF2F (Zheng et al., 2022b) and
FormL4 (Lu et al., 2024). Compared with GPT-4, FORMALALIGN achieves a substantially higher
precision score across these datasets, e.g., in the FormL4-Basic dataset (93.65% vs. 26.33%). It also
outperforms GPT-4 in alignment-selection score across multiple datasets, including a remarkable
99.21% vs. 88.91% in FormL4-Basic and 66.39% vs. 64.34% in MiniF2F-Valid. Extensive experi-
mental results demonstrate the effectiveness of FORMALALIGN, significantly reducing the reliance
on manual verification. Our contributions are summarized as follows:

• To the best of our knowledge, we design the first method for automatically evaluating
alignment in autoformalization, reducing the reliance for manual verification.

• We develop a combined loss framework that simultaneously enhances a model for both
autoformalization and semantic alignment.

• Extensive experiments on established autoformalization benchmarks demonstrate the effec-
tiveness and robustness of FORMALALIGN.

2 RELATED WORKS

Autoformalization Early efforts (Wang et al., 2018; Bansal & Szegedy, 2020) employed encoder-
decoder neural networks to translate informal statements into formal languages like Mizar (Rudnicki,
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Figure 2: An overview ofFORMALALIGN, which combines the cross-entropy loss in sequence
autoformalization and the contrastive loss in hidden states to enhance the informal-formal alignment.

1992), HOL Light (Harrison, 1996), and Coq (Barras et al., 1997). The advent of LLMs (Chen
et al., 2021; Chowdhery et al., 2022; Lewkowycz et al., 2022; Achiam et al., 2023) enhances the
capabilities of autoformalization (Wu et al., 2022; Jiang et al., 2023a). Some approaches directly
prompt LLMs (Wu et al., 2022; Jiang et al., 2023c; Zhao et al., 2023; Jiang et al., 2023a) to
translate mathematical problems into formal languages like Isabelle (Wenzel et al., 2008) and
Lean (de Moura et al., 2015). On the other hand, training or �ne-tuning LLMs with paired formal-
informal data (Azerbayev et al., 2023b; Ying et al., 2024; Shao et al., 2024; Lu et al., 2024) garner
increasing attention for its effectiveness in enhancing LLMs' performance in autoformalization. The
evaluation of autoformalization primarily depends on manually verifying the alignment between
informal and formalized statements (Li et al., 2024b). There is a pressing need for an ef�cient and
less labor-intensive method for automated autoformalization alignment.

Text Generation Evaluation The challenges of automatically evaluating natural language gener-
ation tasks grow as the dif�culty of tasks increases. N-gram-based metrics (Papineni et al., 2002;
Lin, 2004) resort to surface-form matching, which has been bene�cial for evaluation tasks with
speci�c and static references such as image-captioning (Young et al., 2014; Chen et al., 2015) and
text summarization (Young et al., 2014; Cohan et al., 2018). Semantics are rarely considered until
embedding-based metrics emerge, especially metrics leveraging the evolving pre-trained language
models (Zhang et al., 2020a; Yuan et al., 2021; Qin et al., 2023) and LLMs (Xu et al., 2023; Jiang
et al., 2023d; Liu et al., 2023b). The growth of LLMs continues empowering parameter-based
metrics for advanced evaluation such as multi-agent (Chan et al., 2023) and multi-aspect (Liu et al.,
2023a). The other line of work �ne-tunes language models for scoring (Ke et al., 2023; Kim et al.,
2023; Wang et al., 2023), labeling (Gekhman et al., 2023; Yue et al., 2023; Kim et al., 2023; Liu
et al., 2023a), text probability calculation (Gekhman et al., 2023; Yue et al., 2023; Kim et al., 2023;
Liu et al., 2023a), or comparison (Wang et al., 2023; Zheng et al., 2023) to enhance and adjust
for evaluation targets. In this paper, we propose an automated evaluator for the challenging yet
under-explored autoformalization evaluation that requires both rigorous logical validity and aligned
semantics between the natural-formal pair. To this end, we �ne-tune LLMs via joint autoformalization
generation and representational alignment tasks and obtain a logically and semantically empowered
aligner.
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3 METHOD: FORMALALIGN

In this section, we introduce theFORMAL ALIGN framework, designed to train aFORMALALIGN
model that can evaluate the alignment between natural (informal) and formal languages during
autoformalization (detailed de�nition in Appendix M). As illustrated in Figure 2,FORMALALIGN
combines two types of loss in the training process: one for the sequence generation task of autofor-
malization and another for the representational alignment between input and output. This dual loss
framework mutually enhances autoformalization and alignment.

3.1 NOTATIONS

We �rst de�ne the notations as follows:

• NL i : Thei th informal input sequence in a batch,NL i = ( NL i; 1; NL i; 2; : : : ; NL i;m ) ,
wherem is the sequence length ofNL i .

• FL i : The i th ground-truth formal output sequence in a batch,FL i =
(FL i; 1; FL i; 2; : : : ; FL i;n ) , wheren is the sequence length ofFL i .

• P� (FL i;j jFL i;<j ; NL i ) : The probability of predicting thej th token in the formal sequence
FL i by the auto-regressive language model with parameters� , given the previous tokens
FL i;<j in the formal sequence and the informal inputNL i .

• Z � (NL i ) : The hidden state from the auto-regressive language model with parameters� for
the �nal position in thei th informal inputNL i , i.e.,NL i;m .

• Z � (FL i jNL i ) : The hidden state from the auto-regressive language model with parameters
� for the �nal position in thei th ground-truth formal outputFL i , i.e.,FL i;n , conditioned
on the pairedi th informal inputNL i .

• Z � (FL i 0jNL i ) : The hidden state from the auto-regressive language model with parameters
� for the �nal position in the(i 0)th unpaired formal outputFL i 0 in a batch, conditioned on
thei th informal inputNL i .

• cos(�; �) : The cosine similarity between embeddings, de�ned as cos(x; y) = x �y
kx k�k yk .

• N : The batch size.

3.2 TRAINING

Autoformalization Task For the autoformalization task of converting an informal input sequence
NL i to a formal output sequenceFL i , we use the cross-entropy loss function. This function measures
the error in predicting each word in the formal sequence given the previous words and the informal
input. It is de�ned as:

L CE = �
nX

j =1

logP� (FL i;j jFL i;j 0j j 0<j ; NL i )

Alignment Task To ensure that the embeddings of the informal and formal sequences are well-
aligned in theFORMALALIGN model, we introduce a contrastive lossL CL . Let u i andv i denote the
hidden state representations of thei -th informal inputNL i and its corresponding formal outputFL i
, respectivelyu i = Z � (NL i ) andv i = Z � (FL i jNL i ).

The contrastive loss encourages the cosine similaritycos(u i ; v i ) between the representations of
corresponding informal-formal pairs to be higher than the cosine similaritycos(u i ; v i 0) between
non-corresponding pairs:

L CL = �
1
N

NX

i =1

log
exp (cos(u i ; v i )=� )

P N
j =1 exp (cos(u i ; v j )=� )

(1)

where� is a temperature parameter that scales the cosine similarities. By minimizing this contrastive
loss, theFORMALALIGN model learns to align the embeddings of corresponding informal-formal
sequences while ensuring that the embeddings of non-corresponding sequences are dissimilar.
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FORMAL ALIGN Loss We jointly train an evaluator model with the autoformalization task and the
alignment task, resulting in a FORMALALIGN model. The combined training loss is:

L = L CE + L CL (2)

We train an alignment-awareFORMALALIGN model by minimizing a combined loss, enabling it to
bene�t from both the sequence alignment inherent in the autoformalization and the representation
alignment facilitated by the contrastive learning process.

3.3 INFERENCE

During the inference phase, theFORMALALIGN model generates an alignment evaluation scoreValign
for each pair of informal inputNL i and formal outputFL i . This score is a combination of two
metrics: the certainty score and the similarity score.

Certainty Score The certainty scoreVcer measures the con�dence of the �ne-tunedFORMALALIGN
model in predicting the formal output based on the corresponding informal input. It is calculated
by taking the exponential of the average log-probability assigned by the model to each token in the
formal sequence:

Vcer = exp

0

@1
n

nX

j =1

logP� (FL i;j jFL i;<j ; NL i )

1

A (3)

whereP� represents the probability output of the model with parameters� , FL i;<j denotes the
tokens in the formal sequence up to positionj � 1 , andn is the length of the formal sequence.

Similarity Score The similarity scoreVsim measures alignment between the embedding representa-
tions of the informal input and the formal output. It is computed using the cosine similarity between
the hidden states of the informal input and the formal output conditioned on the informal input:

Vsim = cos(Z � (NL i ); Z � (FL i jNL i )) (4)

whereZ � (NL i ) represents the hidden state from the �nal position in the informal input, and
Z � (FL i jNL i ) represents the hidden state from the formal output conditioned on informal input.

Alignment Score The overall alignment evaluation scoreValign is computed by taking the average
of the certainty score and the similarity score:

Valign = ( Vcer + Vsim)=2 (5)

This combined score re�ects both the accuracy of the translation from informal to formal expressions
and the alignment of the internal representations of the sequences, providing a robust evaluation
metric during the inference stage.

4 EXPERIMENT

4.1 DATASETS

In our experimental setup, we conduct �ne-tuning on the FormL4 (Lu et al., 2024) and MMA (Jiang
et al., 2023a) training sets, both of which are derived from Mathlib, a library of fundamental
mathematical statements. This training data enables our model to align informal mathematical
statements with their formal counterparts.

To thoroughly evaluate our method's ability to align informal mathematical statements with formal
language, we employ a comprehensive set of test sets that covers both in-domain and out-of-domain
data. Speci�cally, we use four distinct test sets: the basic and random test sets from FormL4,
and the valid and test sets from MiniF2F (Zheng et al., 2022a). FormL4, designed to assess the
autoformalization capabilities of LLMs in Lean 4 (de Moura & Ullrich, 2021) sourced from Mathlib,
provides a comprehensive evaluation framework. The basic and random test sets from FormL4 allow
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Figure 3: Distribution of Misalignment Types across Four Datasets. This �gure illustrates the variety
and proportion of misalignment strategies applied to generate negative examples in the FormL4-Basic,
FormL4-Random, MiniF2F-Valid, and MiniF2F-Test datasets, providing a comprehensive evaluation
basis for the AAE task.

us to gauge the model's performance in autoformalizing fundamental math statements that are similar
to the training data. In contrast, the validation and test sets from MiniF2F serve as out-of-domain
test data, providing a more challenging evaluation setting. MiniF2F is a benchmark containing
488 manually formalized mathematical competition statements sourced from various mathematical
olympiads (AMC, AIME, IMO) and high-school and undergraduate math classes.

These datasets primarily provide paired input-output instances, lacking the negative examples crucial
for a more robust assessment of our model. Consider one aligned informal-formal pair shown
in Table 1 as an example. We detail our approach to generating misaligned formal outputs with
the natural (informal) input employing strategies outlined in Table 2. The distribution of these
misalignment types is visualized in Figure 3.

Table 1: Natural Language Statement and its aligned Lean Formal Statement.

Natural Language Statement

The volume of a cone is given by the formulaV = 1
3 Bh, whereB is the area of the base andh

is the height. The area of the base of a cone is 30 square units, and its height is 6.5 units. What
is the number of cubic units in its volume? Show that it is 65.

Lean Formal Statement

theorem mathd_algebra_478
(b h v : R)
(h0 : 0 < b ^ 0 < h ^ 0 < v)
(h1 : v = 1 / 3 * (b * h))
(h2 : b = 30)
(h3 : h = 13 / 2) :
v = 65 :=

4.2 METRICS

To assess the performance of models in evaluating the alignment of informal and formal language
pairs, we introduce three automated metrics:

Alignment Selection (AS) This metric quanti�es how well a model selects the aligned formal
output from multiple candidates when given an informal input. We calculate the alignment evaluation
scoreValign with details described in Appendix C.3 for each informal-formal pair. The pair with the
highest score is selected as the aligned pair.

Alignment Detection We introduce a prede�ned threshold� to detect the alignment for each
informal-formal pair. IfValign exceeds� , the model considers the pair to be aligned. We evaluate this

6


	Introduction
	Related Works
	Method: FormalAlign
	Notations
	Training
	Inference

	Experiment
	Datasets
	Metrics
	Main Results
	Comparison with Human Evaluation and LLM-As-Judge

	Analysis and Discussion
	Effects of Different Baselines
	Effects of Different Training Loss
	Effects of Different Alignment Score Lg

	Conclusion
	Lean 4 Compiler
	More Related Works
	Experimental Details
	Finetuning Details
	Prompt Details
	Alignment Score Calculation Details

	Data Contamination Analysis
	Generalization Analysis
	Autoformalization Performance Analysis
	Comparison with Human Evaluation and LLM-as-judge
	Case Study
	Ablation Study of Loss Functions
	Analysis of Alternative Alignment Evaluation Strategies
	Performance Across Misalignment Types
	Quality Assurance of Dataset Construction
	Formal Definition and Broader Significance of Autoformalization Alignment
	Formal Definition of Autoformalization Alignment
	Broader Significance of Autoformalization
	Conclusion


