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Abstract

Due to its expressiveness and unambiguous nature, First-
Order Logic (FOL) is a powerful formalism for represent-
ing concepts expressed in natural language (NL). This is use-
ful, e.g., for specifying and verifying desired system prop-
erties. While translating FOL into human-readable English
is relatively straightforward, the inverse problem, converting
NL to FOL (NL-FOL translation), has remained a longstand-
ing challenge, for both humans and machines. Although the
emergence of Large Language Models (LLMs) promised a
breakthrough, recent literature provides contrasting results on
their ability to perform NL-FOL translation. In this work,
we provide a threefold contribution. First, we critically ex-
amine existing datasets and protocols for evaluating NL-FOL
translation performance, revealing key limitations that may
cause a misrepresentation of LLMs’ actual capabilities. Sec-
ond, to overcome these shortcomings, we propose a novel
evaluation protocol explicitly designed to distinguish gen-
uine semantic-level logical understanding from superficial
pattern recognition, memorization, and dataset contamina-
tion. Third, using this new approach, we show that state-of-
the-art, dialogue-oriented LLMs demonstrate strong NL-FOL
translation skills and a genuine grasp of sentence-level logic,
whereas embedding-centric models perform markedly worse.

Code — https://github.com/dslab-uniud/NL-FOL-LT
Extended version — https://arxiv.org/abs/2511.11816

Introduction
Natural language (NL) stands as humanity’s primary and
most intuitive means of encoding and transmitting knowl-
edge, thanks to its expressiveness and remarkable flexibil-
ity. Nevertheless, these very characteristics, while enabling
rich communication, also introduce challenges such as in-
herent ambiguity and often a lack of complete context. To
overcome these issues, formal languages, like First-Order
Logic (FOL), offer a powerful alternative. FOL provides an
unambiguous and highly expressive framework for repre-
senting complex concepts, making it particularly valuable
for tasks like, for instance, specifying and verifying sys-
tem properties. This is especially crucial in critical scenar-
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ios, where domain experts must completely and unambigu-
ously define desired or unwanted system behaviour to per-
form formal verification. However, despite their usefulness,
the correct specification and interpretation of logic formu-
las typically requires a strong mathematical background,
severely limiting their applicability by untrained personnel
(Barker-Plummer et al. 2008; Barker-Plummer, Cox, and
Dale 2009; Mpagouli et al. 2007). In these contexts, a sys-
tem capable of automatically translating between NL, like
English, and logic would be of great help. Such a system
would not only make formal methods more accessible but
also find important applications in emerging domains, like
AI Safety. For instance, it could enable the real-time moni-
toring of Large Language Models (LLMs)’ behavior through
automatic translation into logic of their outputs and internal
reasoning (e.g., Chain-of-Thought monitoring (Korbak et al.
2025)), offering a key pathway to integrating symbolic and
subsymbolic AI, or it could assist in the creation and in the
online updating of formal world models and safety specifica-
tions (Dalrymple et al. 2024). Translating FOL into human-
readable English is a relatively straightforward process, fea-
sible even with a simple, attribute grammar-based formula
parsing task (Ranta 2011). On the opposite, the problem of
natural language to FOL (NL-FOL) translation, which can
be considered as a subtask of autoformalization (Szegedy
2020) and semantic parsing (Wilks and Fass 1992), has
proven to be a persistent challenge for both human and ar-
tificial intelligence (Barker-Plummer, Cox, and Dale 2009;
Singh, Aggarwal, and Krishnamurthy 2020). Despite recent
advancements in natural language processing, the literature
presents conflicting results on the ability of even state-of-
the-art LLMs to achieve accurate and robust NL-FOL trans-
lation. Some works, like Yang et al. (2024), indicate good
performance, while others, such as Han et al. (2024), show
the opposite. These discrepancies arise because, often, stud-
ies perform evaluations on their own datasets with non-
theoretically grounded protocols, hindering comparisons.

In this work, we aim to bring clarity to this situation,
through three key contributions:

• We provide a critical assessment of the two most recent
and comprehensive works which evaluate LLM perfor-
mance in NL-FOL translation, highlighting issues with
both the datasets and test protocols used, which may mis-
represent LLMs’ actual capabilities.
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• Based on our critique, we propose a novel, general, and
theoretically grounded benchmarking strategy for NL-
FOL translation. Departing from previous protocols, our
approach restructures the formula generation task into
two distinct phases and introduces additional subtasks
designed to distinguish genuine logical understanding
from superficial pattern recognition, memorization, and
dataset contamination.

• Finally, applying our benchmarking strategy, we show
that the dialogue-oriented LLMs OpenAI’s GPT-4O-
MINI, O3-MINI and Qwen models QWEN3-8B, QWEN3-
30B-A3B achieve strong NL-FOL translation perfor-
mance, with an authentic grasp of sentence-level logic.
On the contrary, the state-of-the-art, according to the
MTEB leaderboard (Huggingface 2025), embedding-
centric models QWEN3-EMBEDDING-8B and GEMINI-
EMBEDDING-001 perform markedly worse.

In the supplementary material (Brunello et al. 2025b)
(Appendix A) we provide background on FOL.

Related Work
In the literature (Szegedy 2020; Wu et al. 2022), autoformal-
ization denotes the automatic translation of natural language
statements into a given formalism. The focus has often been
on formalizing mathematical proofs (Wu et al. 2022; Azer-
bayev et al. 2023; Cunningham, Bunescu, and Juedes 2023)
so that they could be checked by interactive theorem provers
such as Lean (De Moura et al. 2015), Isabelle (Paulson
1994), and Coq (Bertot and Castéran 2004).

More recently, researchers have moved beyond the math-
ematical domain, motivated by the opportunity to use auto-
formalization as a bridge to combine symbolic and subsym-
bolic AI methodologies, or by the need to formally guaran-
tee the safety of AI systems (Szegedy 2020; Seshia, Sadigh,
and Sastry 2022; Dalrymple et al. 2024). Among the con-
sidered formalisms are Structured Query Language (SQL)
(Kanburoglu and Tek 2024), Linear Temporal Logic (LTL)
(Brunello, Montanari, and Reynolds 2019; Mendoza et al.
2024), and First-Order Logic (FOL).

Regarding FOL, the translation from NL to this formalism
has been addressed through various approaches, from rule-
based methods (Abzianidze 2017; Bos and Markert 2005;
Zettlemoyer and Collins 2005), to subsymbolic ones (Lev-
kovskyi and Li 2021; Cao et al. 2019) and the use of lan-
guage models like BERT and RoBERTa (Tian et al. 2021).
With the advent of LLMs, several studies have investigated
how to improve the initially modest performance of these
models on the NL-FOL translation task (Lu, Liu et al. 2022;
Yang et al. 2024; Thatikonda et al. 2024). Recently, such
a task has also been used instrumentally to create pipeline
for enhancing general-purpose reasoning (Pan, Albalak et al.
2023; Olausson et al. 2023; Ye et al. 2023) or automatic log-
ical fallacies detection (Lalwani et al. 2025). The two most
recent and comprehensive studies on NL-FOL translation
are Han et al. (2024) and Yang et al. (2024); for brevity,
we refer to them as FOLIO and MALLS, respectively. Each
introduces its own dataset and benchmarking protocol, yet
they provide contradictory evidence about LLMs’ NL-FOL

translation performance: FOLIO estimates roughly 52% ac-
curacy for GPT-4 in a zero-shot setting (and 62% for a few-
shot), while, for the same model, MALLS seems to claim
a much higher capability (around 80% for their defined LE
score over their dataset). In the following, we examine FO-
LIO and MALLS, highlighting methodological shortcom-
ings that may have led to a misinterpretation of LLMs’ log-
ical competence in the NL-FOL translation task, and to the
observed performance discrepancies.

Limitations of Current Evaluation Protocols
To provide a precise analysis, we propose to first decompose
the NL-FOL translation task into the following two steps:
Ontology Extraction (OE): identify an appropriate logical
signature (predicates, functions, constants), and associate to
each logical symbol its intended semantic meaning.
Logical Translation (LT): given the signature, define a FOL
formula that captures the meaning of a NL sentence.

This is crucial for multiple reasons: (i) keeping OE and
LT separate allows to determine whether a model fails at ex-
tracting a signature or at translating logic; (ii) with a fixed,
provided signature, LT verification is straightforward, e.g., a
SMT solver (Barrett and Tinelli 2018) can compare the gen-
erated formula to the ground truth, but the same becomes
much harder if each formula has its own symbols; (iii) sep-
arating OE and LT helps identify techniques that work for
one subtask but not the other, improving overall NL-FOL
translation; (iv) in many domains, experts can predefine an
ontology once, so the system need only to perform logical
translation over that fixed vocabulary; (v) providing an on-
tology is also useful in all domains which require strict ad-
herence to a given syntax.

By contrast, FOLIO and MALLS collapse OE and LT into
a single task, an approach that introduces several evaluation
problems, which we examine in the following.

Analysis of FOLIO (Han et al. 2024)
In FOLIO, the formalization task is considered alongside
Natural Language Inference (NLI) to assess the logical
understanding of models. The work comes with its own,
expert-written dataset composed of 487 stories, where a
story is a list of NL premises p1, . . . , pn and their respective
FOL translations φ1, . . . , φn. Each story may repeat multi-
ple (on average, three) times in the dataset, associated with
a different conclusion c. The latter is a phrase, paired with
a formula ψ, and labeled with true, false, or unknown, de-
pending on whether c is implied by the story, in contradic-
tion with it, or cannot be resolved from the premises.

For the NLI task, the model, given a story in NL, must
determine the label of its (also NL) conclusion.

For the formalization task, the model, given p1, . . . , pn
and c, must predict the logical translations φ′

1, . . . , φ
′
n of the

premises and the translation ψ′ of the conclusion: the for-
malization is considered correct if, depending on the label
of c, φ′

1, . . . , φ
′
n imply ψ′, or its negation, or neither. Note

that this evaluation approach does not rely on the ground
truth formulas φ1, . . . , φn, ψ of the premises and conclu-
sion, and it works also with translations that use a different
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Formula Truth values

Country−Dummy 0 0 0 0 1 1 1 1
InEU−CountryInEU 0 0 1 1 0 0 1 1

EUCountry−EUCountry 0 1 0 1 0 1 0 1

φ 1 1 1 1 1 1 0 1
φ′ 1 1 0 1 1 1 0 1

Table 1: Example of LE score calculation in MALLS.

signature than the ground truth.1 However, it is a poor proxy
for translation quality: it assigns the same score whether ev-
ery sentence is mistranslated or only one is wrong, since in
both situations the logical deduction step may fail.

Analysis of MALLS (Yang et al. 2024)
Unlike FOLIO, which judges translations via an SMT
solver’s verdict, MALLS evaluates correctness by compar-
ing each candidate translation to the respective ground truth
formula. Experiments are based on a synthetic dataset, gen-
erated by using OpenAI’s GPT-4, and consisting of 28000
pairs of real-world NL statements and corresponding FOL
translations. Of these, 1000 have been human-verified and
serve as the test set on which the paper’s results are based.

The evaluation pipeline of MALLS attempts to estimate
the similarity between the LLM predictionφ′ and the ground
truth translation φ using two scalar values: Logical Equiva-
lence (LE) score, and BLEU score. While this method in
principle enables a more precise evaluation, there are critical
issues in how scores are attributed to the models’ answers.

LE score is fundamentally flawed To explain this met-
ric and its limitations, let us consider the following ex-
ample, similar to the one reported in the original pub-
lication. Suppose we have a ground truth NL sentence
p := “Every country located in EU is an EU country”,
with ground truth translation φ := ∀xCountry(x) ∧
InEU(x) → EUCountry(x); and, let us consider the LLM
prediction φ′ := ∀yCountryInEU(y) → EUCountry(y).
The LE score is computed in two stages. First, a one-
to-one mapping is established between the predicate sym-
bols of the two formulas. In our example, InEU in φ is
paired with CountryInEU in φ′ and EUCountry in φ
with EUCountry in φ′; any extra predicate in one formula
is matched to a fresh dummy symbol in the other (here
Country−Dummy). Next, a truth table (see Table 1) is
generated. For every possible assignment of truth values to
the predicates, φ and φ′ are evaluated by means of proposi-
tional logic rules. The LE score is the fraction of columns in
which the two formulas have identical truth values. Table 1
clearly shows an issue with our example: although φ′ can
be regarded as a correct translation of p, it gets a LE score
below 1 (7/8 = 0.875).

Such a logical “similarity” computation is fundamentally
flawed for two reasons: (i) it treats FOL formulas φ and φ′

as propositional logic ones, and assigning fixed truth values
to predicate symbols is wrong, since the truth of a predicate

1The ground truth formulas are in the dataset only to enable
verification that the conclusion labels provided are correct.

may vary also with the object(s) it involves. For example, the
LE score given to the pair “∃x Country(x) ∧ InEU(x) →
EUCountry(x)” and “∀x Country(x) ∧ InEU(x) →
EUCountry(x)” would be 1, despite their different mean-
ings; (ii) the columns of Table 1 can be viewed as world
models, yet some of them are semantically non meaningful:
any column that assigns 1 to EUCountry−EUCountry
while giving 0 to Country−Dummy violates the obvious
constraint that every EU country is a country. The LE score
treats the truth values of predicate symbols as independent,
while, often they are interdependent. No simple, automatic
fix seems to exist for this problem; for a related discussion
in another setting, see (Paris and Vencovská 2015).

BLEU score does not capture the logical semantic
Given two texts, BLEU (Papineni, Roukos et al. 2002) com-
putes the geometric mean of the modified n-gram precisions
for n = 1, . . . , 4, multiplied by a brevity penalty. In MALLS
it is applied to the formula strings φ and φ′. However, be-
cause BLEU was designed for NL, it performs poorly on
logical formulas: two expressions that differ only by a sys-
tematic predicate renaming, or that are logically but not syn-
tactically equivalent, receive a low score. In the absence of
tokenisation guidelines from the MALLS authors, if we treat
every symbol in our example’s φ and φ′ as a separate token,
we obtain an overall raw BLEU score of 0.18.

MALLS Dataset contains ground truth errors due to
misspecified guidelines used in the annotation process
Beyond flaws in the evaluation metrics, the pipeline used
to human-verify the 1000 test instances also presents prob-
lems. The guidelines provided to annotators (Appendix A.3
of (Yang et al. 2024)) have at least two serious shortcomings.

The first is about the handling of quantifiers. The guide-
lines state that ∀ (resp., ∃) should be used when the NL sen-
tence explicitly contains “Every A . . . ” or “For all A . . . ”
(resp., “Some A . . . ” or “There exists A . . . ”), but “if NL
does not have these explicit hints, then using either ∀ or ∃
is fine”. This creates errors. Indeed, we find sentences like
“A child plays with a toy in a playground” that are treated as
universal assertions, and sentences like “Birds can fly, while
fish can swim, and elephants can neither fly nor swim” that
are translated with existential quantifications despite refer-
ring to entire subject classes. Specifically, in the guidelines
it is written that, for the sentence “A turtle has a shell and
can swim”, a correct FOL formalization is ∃x(Turtle(x) ∧
Shell(x) ∧ CanSwim(x)), while a more natural formula
would be ∀x(Turtle(x) → Shell(x) ∧ CanSwim(x)).

The second issue is about logical connectives inter-
changeability. The guidelines claim that →,∧, and ↔ are
sometimes interchangeable. For instance, they report that
also the following formulas are correct translations for the
sentence above:

∃x(Turtle(x) → Shell(x) ∧ CanSwim(x))

∃x(Turtle(x) ↔ Shell(x) ∧ CanSwim(x))

This is theoretically wrong and unacceptable for rigorous
logical capability assessment and critical autoformalization
applications. The first formula means that “there is an entity
that if it is a turtle, then it has a shell and it can swim”, which
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Figure 1: Example of instantiation of phrases, signatures,
and formulas as used in the benchmarking strategy tasks.

can be true even if not all turtles have a shell or can swim,
and also in worlds in which there are no turtles; the second
formula means that “there is an entity that is a turtle if and
only if it has a shell and it can swim”.

Our Novel Benchmarking Strategy
Building upon the identified limitations of the existing eval-
uation protocols, in this section we introduce our novel
benchmarking strategy to assess the proficiency of LLMs
in the NL-FOL translation task. The approach is outlined
here in general terms, and the design choices are open to
customization; concrete applications on specific models and
datasets are provided in the experimental section.

Our method relies on a dataset D composed of triplets
(p, φ,Ω), where p represents a natural language utterance, φ
is its corresponding FOL formula, and Ω is an ontology, i.e.,
a pair (σ, γ), where σ is the FOL signature (predicates, func-
tions, constants) within which the formula φ is written, and
γ is a natural language glossary that specifies the intended
meaning of each symbol in σ. For an intuitive example of
instantiation of phrases, ontologies and formulas as used in
the following, please refer to Figure 1.

Given the dataset D, to comprehensively evaluate LLM
capabilities, we define three core tasks, referred to as: logical
translation, most similar, and ranking.

Logical translation In this task, for each triplet (p, φ,Ω =
(σ, γ)), the LLM is given a prompt containing p and Ω and
must generate, using (a subset of) the symbols in σ and their
descriptions in γ, a formula φ′ that captures the meaning of
p. We then automatically verify that φ′ is logically equiva-
lent to the reference formula φ using an SMT solver. The
task succeeds if φ′ is found to be equivalent to φ.

Providing Ω marks a deliberate departure from earlier
studies, which asked the model to derive φ′ from p alone.
As discussed previously, by supplying the ontology up front,
we disentangle the two stages of the NL-FOL translation
pipeline, ontology extraction and logical translation, allow-
ing us to isolate the latter and minimize confounding factors.

Observe that this task remains subject to other limitations:
an LLM might have memorized the (public) dataset D, or
it could rely for the translation on purely syntactic heuris-
tics, mechanically transforming p into φ′, without genuinely
comprehending the underlying logical semantics. To address

these issues, we designed two additional tasks that are fun-
damentally different and allow us to probe the model from
different angles: most similar and ranking.

Most similar Given a triplet (p, φ,Ω = (σ, γ)), we pro-
duce up to k random perturbations of φ.2 Each perturbation
is obtained by applying a single elementary edit to φ, which
may include: replacing one Boolean connective (e.g., ∧ with
∨); switching a quantifier (e.g., ∀ with ∃); inserting or re-
moving a negation in front of a literal (in the supplementary
material (Brunello et al. 2025b) (Appendix B), we discuss
why we considered this kind of modifications).

Putting together the original formula with its perturba-
tions, we obtain the set Fms = {φ,φ1, . . . , φk}. The model,
given a prompt containing p and the (shuffled) set Fms, must
select the formula whose meaning is closest to p; we call this
the FOL most similar task. The task succeeds ifφ is selected.

We also consider a parallel task in natural language.
Let T () be a translation function that converts a FOL for-
mula into NL by substituting logical symbols and predicates
with their glosses (details are in the supplementary mate-
rial (Brunello et al. 2025b) (Appendix C)). The model now
chooses the sentence that best matches p from (the shuffled)
Tms = {T (φ), T (φ1), . . . , T (φk)}. We refer to this as the
NL most similar task. The task succeeds if T (φ) is selected.

Ranking The most similar task merely asks the model to
pick the candidate whose meaning is closest to the origi-
nal utterance. Here we shift to a finer-grained setting. Given
an integer k, for each triplet (p, φ,Ω = (σ, γ)) we build
the set Fr = {φ, φ1, . . . , φk, ¬φ, (¬φ)nnf, φeq}, where:
φ1, . . . , φk are k logical perturbations of φ, as in the most
similar task; ¬φ is the outright negation of φ; (¬φ)nnf is
¬φ rewritten in negation normal form, with all negations
pushed down to the predicate level, producing a formula that
is syntactically distant from the original; and, φeq is a for-
mula logically equivalent to φ. To create φeq we first se-
lect a subformula of φ at random and then apply one ran-
domly chosen, applicable transformation among: DeMor-
gan’s Laws ¬(α ∨ β) ≡ ¬α ∧ ¬β or ¬(α ∧ β) ≡ ¬α ∨ ¬β;
Double Negation Law α ≡ ¬((¬α)nnf); Commutativity Law
α∧β ≡ β∧α or α∨β ≡ β∨α; Distributivity Law (α∧(β∨
γ) ≡ (α∧β)∨ (α∧γ) or α∨ (β ∧γ) ≡ (α∨β)∧ (α∨γ));
and, Implication Expansion α→ β ≡ ¬α ∨ β.

We now evaluate the model on two ranking subtasks:
• FOL ranking: given a prompt containing p and the (shuf-

fled) set of formulas Fr, the model must order them from
the most to the least semantically similar to the utterance
p. The task succeeds if: (i) φ and φeq are placed at the top
positions of the rank; and (ii) ¬φ, and (¬φ)nnf are placed
at the bottom positions of the rank. Elements within the
top and bottom may appear in any order.

• NL ranking: each formula is first rendered in En-
glish via the translation function T (), producing Tr =
{T (φ), T (φ1), . . . , T (φk), T (¬φ), T ((¬φ)nnf), T (φeq)}
The model then ranks these (shuffled) sentences by their
semantic proximity to p. The task succeeds with
conditions analogous to the FOL ranking ones.
2Atomic propositions, for instance, admit fewer modifications.
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Observe how the most similar and ranking tasks are far
less vulnerable than the logical translation one to typical
LLM evaluation issues such as memorisation and dataset
leakage, since their candidate sets Fms, Tms,Fr, Tr are gen-
erated on the fly and are not confined to the formulas and
phrases in D. In addition, by requiring the model to select or
order candidates by semantic proximity, these tasks probe
finer-grained logical understanding rather than surface pat-
tern matching; indeed, the closest match can be syntactically
distant from the original, thereby discouraging reliance on
purely syntactic or mechanical heuristics.

Finally, although our benchmarking strategy has been
presented with dialogue-oriented LLMs in mind, it can be
adapted to embedding-centric models. In that case we retain
only the most similar and ranking tasks: the model generates
an embedding for each candidate utterance or formula, and
semantic proximity to the embedding of p is measured with
an embedding-distance metric, in our case, cosine similarity.

Some Words on Ontology Extraction
In this work, we focus exclusively on the second step of our
proposed NL-FOL evaluation pipeline, i.e., Logical Trans-
lation, and we assume access to a predefined and correct
ontology Ω. Ontology learning is a longstanding and exten-
sively studied challenge in knowledge representation (Ar-
mary et al. 2025). Nevertheless, unified evaluation met-
rics and standardized benchmarks for this task remain lim-
ited (Du et al. 2024). Formulating direct approaches to OE
evaluation warrants a dedicated and rigorous analysis com-
parable to the one we provide for LT in this paper. Alter-
natively, because the quality of an ontology depends heav-
ily on both its intended application and its underlying for-
malism, a common evaluation strategy is to assess it indi-
rectly by measuring its effectiveness within a relevant proxy
task (Dellschaft and Staab 2006; Du et al. 2024). In our set-
ting, such an indirect evaluation would still require first as-
sessing a model’s capabilities in Logical Translation.

For these reasons, we do not address OE here and leave
this subtask to future work. Completing such a component
will provide the full implementation of the proposed NL-
FOL evaluation pipeline.

Experiments
In this section we first introduce the concrete models and
datasets over which we applied our benchmarking strategy.
Then, we outline the experimental workflow. See the supple-
mentary material (Brunello et al. 2025b) (Appendix D) for
details about our computing infrastructure.

Considered Models
We evaluate six models: Four dialogue-oriented models:
GPT-4O-MINI (OpenAI 2024), O3-MINI (OpenAI 2025b)
QWEN3-8B, and QWEN3-30B-A3B (hereafter QWEN3-
30B) (Yang et al. 2025); and two embedding-centric
models, QWEN3-EMBEDDING-8B (hereafter QWEN-
EMB) (Zhang et al. 2025) and GEMINI-EMBEDDING-001
(hereafter GEMINI-EMB) (Lee et al. 2025).

We selected the dialogue-oriented models to cover two
points on the cost-capacity trade-off curve: O3-MINI offers
in principle the highest capacity while remaining affordable
for large-scale API experiments (OpenAI 2025a), whereas
GPT-4O-MINI trades some performance for a lower usage
cost; similar remarks hold for the two models QWEN3-8B
and QWEN3-30B. Note that, for both Qwen models, the re-
sults shown in the paper refer to their thinking mode (Yang
et al. 2025); an analysis of the performances of their not-
thinking counterparts is provided in the supplementary ma-
terial (Brunello et al. 2025b) (Appendix E).

As for the embedding-centric models, they are purpose-
built for producing high-quality sentence embeddings, they
are widely used in retrieval, semantic-similarity, and rerank-
ing pipelines, and they represent the state-of-the-art in that
paradigm as of July 2025 (Huggingface 2025).

The selected Qwen models enable a more detailed
comparative analysis between dialogue-oriented and
embedding-centric architectures within the same model
family, as they are built upon a shared foundational model.
Specifically, QWEN3-EMBEDDING-8B and QWEN3-8B
are both deriving (i.e., different finetunes) from QWEN3-
8B-BASE. We did not perform an equivalent analysis
for the Gemini and OpenAI families, due to the lack of
publicly documented evidence clearly identifying which, if
any, dialogue-based models correspond to the embedding-
oriented models considered in this study, and the high
computational costs such an investigation would entail.

To prevent data leakage, server-side training was disabled
for OpenAI’s models via the provided data controls settings.
All Qwen models were run entirely on local hardware, and
Google Cloud explicitly states that customer data are not
used for training models (Google Cloud 2023).

Considered Datasets

We make use of two datasets, DStanford and DFOLIO. Here, we
describe their content and the preprocessing applied to each.

DStanford The dataset is a 2001–2010 subset of the Grade
Grinder Corpus Release 1.0 (Barker-Plummer, Cox, and
Dale 2011). Its files have never been made public and were
kindly shared with us by the original authors. The cor-
pus records students’ submissions, which can be both cor-
rect and incorrect, entered via the Grade Grinder tutor-
ing platform while they worked through exercises in Lan-
guage, Proof and Logic (Barker-Plummer, Barwise, and
Etchemendy 2011). In each exercise, a natural-language de-
scription of a scene in Tarski’s World (Barker-Plummer et al.
2007) is provided, and students must supply a FOL formula
that expresses the same content. Our extract consists of 159
high-quality instances. In the notation of our benchmark,
each instance is composed of an utterance p paired with its
validated FOL translation φ. We manually defined an on-
tology Ω = (σ, γ) which applies indistinctly to every text-
formula item. The supplementary material (Brunello et al.
2025b) (Appendix F) provides the full ontology and presents
handcrafted instances that are inspired by the dataset but do
not reproduce any of its private content.
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DFOLIO The dataset released with (Han et al. 2024) con-
tains 487 stories, split 70%-15%-15% into training, valida-
tion, and test sets. As we mentioned, a story comprises sev-
eral premises pairs (a premise is an utterance p with its FOL
translation φ) and, on average, is associated to three conclu-
sions. For the purposes of our study we use only the training
portion (339 stories), focusing solely on the premises and ig-
noring the conclusions. For each story we manually defined
a distinct ontology Ω = (σ, γ), and attached it to all (p, φ)
premise pairs in that story. Flattening the premises across
stories then yielded 1667 (p, φ,Ω) triples. As a final step,
to keep the dataset comparable with DStanford, whose formu-
las never employ the XOR operator, we discarded any triplet
whose φ contained XOR, leaving us with 1565 instances.

We excluded the MALLS (Yang et al. 2024) test set
from our evaluation because, as noted earlier, its valida-
tion pipeline has serious flaws. We also omitted the syn-
thetic LogicNLI dataset (Tian et al. 2021) since, according
to the FOLIO authors (Han et al. 2024), its FOL transla-
tions exhibit limited complexity and syntactical variation.
We are unaware of other well-founded, non-synthetic NL-
FOL datasets, challenging enough to serve as a benchmark.

Experimental Workflow
We conducted separate experimental workflows for the
dialogue-oriented and embedding-centric models, which
were applied on both DStanford and DFOLIO datasets. For
the dialogue models we followed OpenAI’s reproducibil-
ity guidelines (OpenAI 2025c). Each prompt was issued
five times, changing only the seed parameter in the API
call while keeping all other settings fixed.3 For the embed-
ding models, since they produce deterministic vectors, each
query was run once. The supplementary material (Brunello
et al. 2025b) (Appendix G) lists all hyper-parameter values
and provides the prompts used with the models. All code
required to replicate our results is publicly available (see
(Brunello et al. 2025b) (Appendix K)).

Dialogue-oriented Models
We used zero-shot, Automatic Chain of Thought Prompt-
ing (Zhang et al. 2023) with all the models. Details of
the prompts are provided in the supplementary material
(Brunello et al. 2025b) (Appendix H).

Logical translation For each triplet (p, φ,Ω = (σ, γ)) in
a dataset, we built a system prompt that: defines the NL-
FOL translation task, supplies the ontology Ω, and specifies
the required output format. The accompanying user prompt
contains only the utterance p. We parsed the model’s reply
with a Python script to extract the candidate formula φ′ and
checked its logical equivalence to the reference formula φ
with the Z3 solver (De Moura and Bjørner 2008). If the for-
mulas were found to be equivalent we assigned a score of
1, otherwise 0. Overall performance was computed as the
average of these scores over the dataset.

3Although seeding reduces variance, OpenAI notes that some
residual nondeterminism may remain.

Most similar Considering FOL most similar, given a
triplet (p, φ,Ω = (σ, γ)), we prepared a system prompt de-
scribing the task to be performed in general terms; in the user
prompt we provided the reference p and the (randomly shuf-
fled) set Fms containing the original FOL formula and k=8
perturbations. The output of the model was constrained, by
means of the Structured Outputs feature of OpenAI API, to
be an integer which, according to the model, is the position
of the formula that most closely represents the meaning of p
in the set. If the model selected the position in which φ oc-
curs, then it scores 1, otherwise 0. Overall performance was
computed as the average of these scores over the dataset.

Ranking Considering the FOL Ranking, given a triplet
(p, φ,Ω = (σ, γ)), in a system prompt we described the
task to be performed in general terms; in the user prompt we
provided the reference p and the (randomly shuffled) set Fr

containing the original FOL formula φ, k=3 perturbations,
an equivalent version of φ, and two versions ¬φ, (¬φ)nnf
of its negation. The model’s output was again constrained,
in this case to be a list of integers which, according to the
model, should represent the ranking of the elements in Fr,
ordered from the formula that shares the most similar mean-
ing with p down to the least similar. We then associate the
following scores to the ranking, following the criteria de-
fined in our benchmarking strategy:
• we assign 1 if in the ranking the first two positions are the

ones of φ and φeq (no matter the order) and 0 otherwise:
we define the Ranking-Equivalence score as the average
of these values over the dataset.

• we assign 1 if in the ranking the last two positions are
the ones of ¬φ and (¬φ)nnf (no matter the order) and 0
otherwise: we define the Ranking-Negation score as the
average of these values over the dataset.

• we assign 1 if both the conditions above are met and 0
otherwise: we define the Ranking-Both score as the aver-
age of these values over the dataset.

Embedding-centric Models
As previously discussed, our evaluation strategy extends
also to embedding models. We start by describing the con-
figuration of the models employed in our experiments.

For QWEN-EMB, other than the “classical” embedding
generation, where a single input q is encoded, the model can
also accept a user-supplied instruction I that is prepended to
the input q to tailor the embedding to a specific task (Zhang
et al. 2025). We test both settings: embedding q alone (de-
noted QWEN-EMB-PLAIN), and embedding the concatena-
tion of I and q (denoted QWEN-EMB-INST).

Concerning GEMINI-EMB, it is possible to task the model
to generate embeddings optimized for a specific task, se-
lecting one among a list of predefined task types. We chose
SEMANTIC SIMILARITY and embedded only the input q.

We now describe the most similar and ranking tasks (re-
call that logical translation is not performed here).

Most Similar Considering FOL Most Similar, given
a triplet (p, φ,Ω = (σ, γ)), and having the set
Fms = {φ,φ1, . . . , φ8}, we computed the embeddings
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GPT-4O-MINI O3-MINI QWEN3-8B QWEN3-30B

DStanford .84±.03 .94±.00 .84±.01 .85±.01
DFOLIO .73±.01 .80±.00 .72±.00 .74±.01

Table 2: Results of the dialogue-oriented models, logical
translation. Average ± standard deviation over 5 repetitions.

Task D GPT-4O-MINI O3-MINI QWEN3-8B QWEN3-30B

NL FOL NL FOL NL FOL NL FOL

M.S. S .89±.02 .88±.02 .99±.00 1.0±.00 .95±.01 .96±.00 .97±.01 .98±.01

F .91±.00 .89±.00 .95±.00 .95±.00 .93±.00 .92±.00 .93±.01 .94±.00

R.Eq. S .50±.03 .57±.01 .93±.02 .98±.00 .71±.03 .79±.03 .80±.01 .91±.01

F .52±.01 .64±.01 .91±.01 .94±.00 .77±.02 .85±.00 .86±.01 .90±.00

R.Neg. S .49±.02 .51±.02 .88±.02 .91±.01 .52±.05 .56±.01 .63±.01 .62±.03

F .62±.01 .62±.01 .84±.00 .85±.01 .62±.02 .64±.01 .70±.00 .72±.01

R.Both S .28±.02 .32±.02 .82±.02 .89±.02 .39±.05 .46±.02 .53±.02 .57±.04

F .39±.01 .44±.01 .78±.01 .82±.01 .51±.02 .57±.01 .62±.01 .66±.01

M.S. = Most Similar; R.Eq. = Ranking-Eq.; R.Neg. = Ranking-Neg.; R.Both = Ranking-Both; D=
Dataset; S = DStanford ; F = DFOLIO .

Table 3: Results on Most similar and Ranking for dialogue-
oriented models: average ± standard deviation over 5 reps.

vp, e, e1, . . . , e8 of p, φ,φ1, . . . , φ8 respectively (possibly
augmented with the task instruction for QWEN-EMB-INST).
We assigned a score of 1 if the embedding e (of φ) exhibited
the highest cosine similarity to vp among all the other candi-
date embeddings, and 0 otherwise. Overall performance was
computed as the average of these scores over the dataset.

Ranking Considering FOL Ranking, given the
triplet (p, φ,Ω = (σ, γ)), and having the set
Fr = {φ,φ1, . . . , φ3,¬φ, (¬φ)nnf, φeq}, we com-
puted the embeddings vp, e, e1, . . . , e3, eneg1, eneg2, eeq of
p, φ, φ1, . . . , φ3,¬φ, (¬φ)nnf, φeq respectively (possibly
augmented with the task instruction for QWEN-EMB-INST).
Then, the Ranking-Equivalence score was determined as
in the dialogue-oriented case, considering that e and eeq
should be the two vectors most similar to vp among all the
candidates; for the Ranking-Negation score, eneg1, and eneg2
should be the two least similar; for the Ranking-Both score,
both the conditions outlined above should be satisfied.

For the NL most similar and the NL ranking tasks with
both dialogue-oriented and embedding-centric models, the
only difference is that we consider the sets Tms and Tr in
place of Fms and Fr, respectively.

Results and Discussion
Here, we present the results obtained with our benchmark-
ing strategy, starting with the logical translation task, where
only dialogue-oriented models are involved. Because we
performed no prompt engineering (e.g., we did not use any
few-shot exemplars) the reported scores should be viewed as
lower bounds on the models’ capabilities. A thorough anal-
ysis of prompting strategies, which is beyond the scope of
the present paper, is left for future work.

Logical Translation Table 2 reports the overall perfor-
mance of the models evaluated with our metric. All the mod-
els perform well on the considered datasets. The weakest re-

Task D QWEN-EMB-PLAIN QWEN-EMB-INST GEMINI-EMB

NL FOL NL FOL NL FOL

M.S. S .62 .46 .75 .55 .69 .52
F .58 .44 .82 .76 .65 .49

R.Eq. S .30 .21 .30 .31 .30 .29
F .40 .21 .42 .41 .38 .35

R.Neg. S .51 .36 .70 .71 .67 .64
F .58 .44 .76 .86 .69 .71

R.Both S .18 .09 .25 .23 .22 .20
F .30 .13 .34 .37 .34 .32

M.S. = Most Similar; R.Eq. = Ranking-Eq.; R.Neg. = Ranking-Neg.; R.Both = Ranking-Both; D=
Dataset; S = DStanford ; F = DFOLIO .

Table 4: Results on Most similar and Ranking for
embedding-centric models.

sult is the .72 achieved by QWEN3-8B on DFOLIO, meaning
that, nevertheless, in 72% of the cases the model translates a
NL sentence into a FOL formula equivalent to the reference.
Aligning with our expectations, O3-MINI consistently out-
performs GPT-4O-MINI by a large margin; the same doesn’t
hold when considering QWEN3-30B and QWEN3-8B, de-
spite the difference in size. Interestingly, all models find
DStanford “easier” than DFOLIO (.11–.14 difference).

We find no clear evidence that this discrepancy arises
from a lower intrinsic difficulty of DStanford, which includes
formulas that challenge even advanced undergraduates (see,
e.g., Brunello et al. (2025a) as well as our supplementary
material (Brunello et al. 2025b) (Appendix F) for more de-
tails). A more plausible explanation for the observed per-
formance lies in the quality of the dataset. As reported by
Olausson et al. (2023), approximately 11% of the original
validation set of DFOLIO contains errors. Since our exper-
iments relied on the training portion of DFOLIO, and the
train–validation–test split was performed randomly, a com-
parable proportion of errors is likely present in our data.
Given the prohibitive length of the dataset, a full manual in-
spection was infeasible; therefore, we focused on instances
where both models GPT-4O-MINI and O3-MINI consis-
tently produced outputs judged incorrect across all random
seeds. Among the 302 such instances examined, 93 were
found to have incorrect ground-truth labels, indicating a con-
servative lower bound of roughly 6% mistakes in the whole
training dataset. Here an example (story-id 8, instance no. 3)
where the dataset is wrong:

NL: “Some musicians love music.”
FOL (dataset): ∃x(Musician(x) → Love(x,music))
O3-MINI: ∃x(Musician(x) ∧ Love(x,music))

A more detailed analysis of these cases is provided in the
supplementary material (Brunello et al. 2025b)(Appendix I).

Most similar We now turn to the most similar task, re-
stricting to dialogue-oriented models. Here, as reported in
Table 3, the performance gap between DFOLIO and DStanford
is smaller. This is reasonable, because the errors in DFOLIO
are less likely to influence the task outcome: a model may
still select the correct formula φ as the most similar to sen-
tence p if the perturbations in Fms differ substantially in
meaning. Errors may nevertheless still be affecting the eval-
uation, given the drop in O3-MINI performance from 1.00 on
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DStanford to 0.95 on DFOLIO. In future work, we plan to more
thoroughly investigate this aspect. Notably, the dialogue-
oriented models achieve the same results on the most sim-
ilar task with both its FOL and NL variants; the absence of
a performance gap when dealing with formulas versus NL
utterances may suggest that the models can reliably interpret
the semantic content of FOL expressions.

Ranking The ranking task appears generally more chal-
lenging than most similar. A closer analysis reveals that, in
fact, the latter is for the most part a subset of the former. For
example, with GPT-4O-MINI on DFOLIO (FOL), the model
succeeds in most similar but fails in ranking-equivalence in
31% of the instances, whereas the opposite occurs in only
4% of the cases. This trend holds consistently across mod-
els and datasets, as detailed in the supplementary material
(Brunello et al. 2025b) (Appendix J).

The performance gap between smaller and bigger mod-
els in the same family is significant: the latter ones con-
sistently achieves markedly higher scores. A second pattern
also emerges: models perform better on the FOL variant than
on the NL one. The most similar task was not sufficiently
challenging to expose such differences, remarking the im-
portance of carefully designing evaluation tasks with enough
discriminative power to probe the models’ actual logical ca-
pabilities. Interestingly, Ranking-Equivalence proves gener-
ally easier than Ranking-Negation. A closer inspection re-
veals that the models misrank ¬φ and (¬φ)nnf at similar
rates, despite the fact that (¬φ)nnf is, in principle, syntac-
tically more distant from φ (and from ¬φ itself). This find-
ing offers additional evidence that the models do not rely on
purely syntactic information to perform the ranking task.

Overall, our results indicate that the strong performance
in logic translation (particularly by O3-MINI) reflects a gen-
uine grasp of the underlying logical content of both NL utter-
ances and FOL formulas, as the models’ success on the most
similar and (for O3-MINI) ranking tasks cannot be convinc-
ingly explained by shallow pattern matching or incidental
exposure to NL–FOL pairs from any leaked corpus.

Embedding-centric models As shown in Table 4,
embedding-centric models generally underperform the
dialogue-oriented ones, underlining the difference between
the state-of-the-art of these two different paradigms of lan-
guage models. Among the models considered, QWEN-EMB-
INST achieves the highest scores, followed by GEMINI-
EMB and QWEN-EMB-PLAIN: this suggests that supplying
task-specific instructions when generating embeddings is in-
deed beneficial. Interestingly, the embedding-centric models
struggle far more with the tasks’ FOL variants than with the
NL counterparts (with the partial exception of QWEN-EMB-
INST); this is in contrast to what was observed for dialogue-
oriented models. Finally, again, the embedding-centric mod-
els find Ranking-Equivalence easier than Ranking-Negation.

Overall, although our study focused on dialogue-oriented
models, these preliminary results show that our benchmark-
ing strategy is also effective for embedding-centric ones. Fu-
ture work could include a deeper analysis, e.g., exploring
alternative embedding-similarity metrics.

Model Dataset BLEU LE rpb(BLEU,Our) rpb(LE,Our)

GPT-4O-MINI DStanford .86±.08 .93±.01 .56 .49
DFOLIO .85±.07 .91±.00 .81 .62

O3-MINI DStanford .87±.06 .94±.00 .49 .58
DFOLIO .88±.05 .92±.00 .80 .64

QWEN3-8B DStanford .84±.09 .93±.01 .60 .44
DFOLIO .84±.01 .92±.01 .80 .57

QWEN3-30B DStanford .83±.10 .93±.00 .66 .45
DFOLIO .84±.00 .91±.01 .83 .63

Table 5: Results on LT according to the BLEU and LE score,
and their point biserial correlation (rpb) with our metric.

Empirical evaluation of BLEU and LE score Previ-
ously, we examined the theoretical limitations of MALLS’
evaluation protocol. We now complement the discussion
with a quantitative analysis. Table 5 reports the BLEU and
LE scores obtained by the models for the LT task. Since
each instance consists of a text–formula pair, correctness
can be measured using BLEU, LE, or by checking logical
equivalence between the predicted and ground-truth formu-
las via Z3 (our proposed correctness metric). The table also
reports the point-biserial correlations computed between the
instance-level BLEU and LE scores and the corresponding
binary Z3 equivalence outcomes.

Results show low, unstable, and dataset-dependent cor-
relations (all with p-values ≪ .05). For example, for O3-
MINI, BLEU correlates .49 on DStanford but .80 on DFOLIO,
with similar fluctuations for LE and other models. These in-
consistencies highlight the unreliability of traditional met-
rics compared to our equivalence-based evaluation.

Conclusions and Future Work
We proposed a theoretically grounded benchmarking strat-
egy for LLM-based NL-FOL translation that separates the
task into Ontology Extraction and Logical Translation for
fine-grained evaluation, while supplementing it with specific
subtasks less vulnerable to data leakage: this mitigates the
risk to confound genuine logical understanding with pattern
matching or memorisation. We applied our benchmarking to
dialogue-oriented and embedding-centric models, showing
that the former consistently outperform the latter, and that
their strong scores arise from semantic understanding rather
than the use of superficial syntactical regularities or memo-
rised NL-FOL pairs. Our results remark the value of careful
task design when assessing the logical capabilities of LLMs.

Our work opens promising research directions. Other than
the ones already mentioned in the paper, a key next step is to
determine how difficult extracting an ontology is for current
models and to develop techniques that can improve their per-
formance. In addition, progress with NL-FOL translation re-
quires high-quality, carefully curated datasets, possibly built
(or validated) with the help of high-performing LLMs and
explicitly accounting for polysemy. Finally, we encourage
the community to adopt and extend our benchmarking strat-
egy. Experimenting with alternative prompts, adding evalu-
ation subtasks, explicitly handling NL ambiguity, and intro-
ducing an even more fine-grained scoring has the potential
to reveal new dimensions of LLMs’ logical capabilities.
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