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Abstract

Large Language Models (LLMs) have shown
remarkable capabilities in various tasks, in-
cluding logical reasoning. However, their
propensity for generating incorrect or inconsis-
tent responses remains a significant concern.
To address this issue, we propose FoVer
(First-order logic Verification), an automated
pipeline that verifies the logical correctness
of reasoning texts using first-order logic.
The pipeline operates in two main steps: (1)
LLM-driven translation of natural language
into executable logical expressions, and (2)
automated logical verification using the Z3
theorem prover. We evaluate FoVer on special-
ized logical datasets (ProofWriter and FOLIO)
and real-world LLM outputs (REVEAL). The
results demonstrate that FoVer outperforms
existing methods in logical verification sig-
nificantly, showing notable improvements in
accuracy across both ideal and practical sce-
narios. The pipeline also demonstrates its
potential in identifying annotation errors in
existing datasets, and it could be utilized for
constructing new logical reasoning datasets.
This work presents a significant step forward
in enhancing the trustworthiness of LLM out-
puts, particularly in tasks requiring logical
integrity.1

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable progress in recent years, with
their impressive capabilities on various tasks
(Brown et al., 2020; OpenAI et al., 2024; Naveed
et al., 2024; Zhao et al., 2024). However, despite
their significant advancements, LLMs still face
challenges in terms of reliability and accuracy,
particularly in the realm of factual consistency
and logical reasoning (Wei et al., 2022; Lyu et al.,
2023; Pan et al., 2023; Chen et al., 2024).

∗Corresponding author.
1Prompt and code are available at https://github

.com/peiyu-cn/FoVer.

One of the most pressing concerns surround-
ing LLMs is their propensity to generate incorrect
responses, particularly in the form of ‘‘hallucina-
tions’’—generating content that appears plausible
but is factually incorrect or logically inconsistent
(Lin et al., 2022; Maynez et al., 2020). This issue
undermines the trustworthiness of these models
and limits their applicability in critical domains
where accuracy is paramount.

Researchers have developed various methods
to enhance the logical reasoning capabilities
of LLMs (Kojima et al., 2022; Zhou et al.,
2022; Chen et al., 2024). One of them is
Chain-of-Thought (CoT) prompting (Wei et al.,
2022), which uses well-designed prompts to elicit
the models to generate step-by-step explanations,
thereby improving the accuracy of their logical
inferences. Notably, some LLM providers com-
bine such thinking process with test-time compute
(Snell et al., 2025), releasing more powerful
models, including OpenAI o1 (OpenAI, 2024),
DeepSeek R1 (DeepSeek-AI et al., 2025), and
Qwen-QwQ (Qwen Team, 2024). While these
techniques enhance the performance of LLMs on
complex reasoning tasks, issues of factuality and
logical correctness persist. Specifically, when gen-
erating step-by-step reasoning, they may produce
incorrect or incomplete or redundant rationales, or
make mistakes during reasoning processes (Chen
et al., 2024). Figure 1a presents an example of
an incorrect CoT answer where premises cannot
draw the conclusion.

To improve trustworthiness of LLM outputs,
several studies adopt automatic methods to verify
the quality of the reasoning claims (Jacovi et al.,
2024; Opitz and Frank, 2021; Golovneva et al.,
2022; Zong and Lin, 2024). Some attempts in-
corporate external theorem provers as a means of
reasoning or logical verification (Olausson et al.,
2023; Pan et al., 2023; Lalwani et al., 2024).
External theorem provers such as Prover9 and
Z3 (de Moura and Bjørner, 2008) employ formal
logical calculus to verify mathematical statements
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Figure 1: Examples of CoT answer. The proposed
method can examine logical coherence in such cases.

and logical arguments rigorously and automati-
cally. Their deterministic nature ensures reliability
in logical reasoning tasks. However, current ap-
proaches still primarily focus on coarse-grained
and inflexible logic forms and are unable to find
implications from text, hindering their applicabil-
ity to real-world LLM outputs. Moreover, they
often underutilize the vast knowledge acquired by
LLMs during pre-training.

To address these limitations, we propose FoVer
(First-order logic Verification), an automated
pipeline to verify the logical correctness of rea-
soning texts. FoVer operates by first using an LLM
to translate natural language reasoning via CoT
prompting into an executable first-order logical
(FOL) format, which is then verified by an external
theorem prover rigorously. This design addresses
the two challenges: the limited applicability of
existing methods integrating theorem provers, and
the inherent trustworthiness concerns of LLM
outputs. By leveraging LLMs’ text comprehen-
sion capabilities and world knowledge, FoVer
can extract fine-grained logical information from
diverse real-world texts, extending verification be-
yond specialized logical datasets. Meanwhile, the
integration of external theorem provers provides
rigorous logical validation, ensuring the reliability
of the output.

By bridging the gap between natural lan-
guage understanding and rigorous logical analysis,
FoVer provides a generalizable credible mecha-
nism for validating the logical consistency of
LLM outputs. This validation process helps iden-
tify potential logical flaws in complex reasoning
chains produced by LLMs, thereby enhancing the
trustworthiness of LLM applications in critical
reasoning tasks.

2 Related Work

2.1 Logical Reasoning in Language Models
Recent works explore different approaches to en-
hance the logical reasoning capabilities of LLMs.
One line of research focuses on fine-tuning LLMs
on carefully curated datasets containing logical
problems (Liu et al., 2020; Talmor et al., 2019;
Liu et al., 2023). However, these fine-tuning
approaches typically require substantial compu-
tational resources and large-scale training data
(Zhao et al., 2024; Brown et al., 2020; Han et al.,
2024b). Moreover, as the enhancement occurs
during the training stage, the reasoning process
remains opaque, making it difficult to understand
or verify the models’ decision-making process,
potentially leading to reliability concerns.

Wei et al. (2022) introduce CoT prompting
to guide LLM reasoning step by step, enabling
models to break down complex problems into in-
termediate steps. Following this approach, various
prompting methods have been developed (Kojima
et al., 2022; Press et al., 2023; Zhou et al., 2022).
These approaches, while requiring no additional
training, have demonstrated remarkable effective-
ness in enhancing LLMs’ reasoning capabilities.
Importantly, they provide a certain degree of in-
terpretability by making the reasoning process
explicit and observable, allowing for better under-
standing and verification of the models’ logical
deduction steps.

2.2 Theorem Prover
Automated Theorem Proving (ATP) has emerged
as a critical technology in formal verification,
enabling rigorous reasoning about mathemati-
cal statements and program properties. Notably,
Satisfiability Modulo Theories (SMT) solvers,
while primarily designed for deciding satisfiability
of formulas in specific theories, have demon-
strated capabilities in handling traditional theorem
proving tasks. Modern SMT solvers such as Z3
(de Moura and Bjørner, 2008) and CVC5 (Barbosa
et al., 2022) effectively combine the efficiency of
SAT solving with decision procedures for vari-
ous theories, making them powerful tools for both
satisfiability checking and theorem proving.

There are several studies leveraging theorem
provers to enhance the reasoning capabilities of
language models. Olausson et al. (2023), Pan
et al. (2023), and Ye et al. (2023) develop simi-
lar pipelines to ours, where language models first
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translate natural language text into a specific for-
mat, which is then processed by symbolic solvers.
However, Olausson et al. (2023) and Pan et al.
(2023) translate natural language into a normal
form that requires non-ASCII characters such as
‘‘∀’’ and ‘‘¬’’, and they do not integrate CoT
prompting into their approaches, resulting in lower
rate of executability. Olausson et al. (2023) em-
ploy majority voting to alleviate this issue, while
Pan et al. (2023) just fall back to CoT. In a distinct
work, Ye et al. (2023) use Z3 Python API as the
translation target, but they focus more on solv-
ing math problems. Most importantly, while these
approaches demonstrate the potential of combin-
ing LLMs with theorem provers, they can hardly
verify real-world LLM outputs, which is the main
objective of this work.

Meanwhile, Lalwani et al. (2024) use fine-
tuned models (LogicLLaMA [Yang et al., 2024])
instead of raw LLMs to translate natural lan-
guage into FOL. They also employ NLI models to
involve world knowledge. However, their FOL
representations have rigid syntactic structures,
and NLI finetuning models do not generalize to
out-of-domain complex logical structures (Jacovi
et al., 2024). In contrast, our pipeline elicits LLMs
to complement necessary common knowledge di-
rectly, leveraging their capabilities and knowledge
acquired during pre-training.

3 FoVer Pipeline

3.1 Overview
The FoVer pipeline consists of two steps, as shown
in Figure 2:

1) LLM-driven Logic Translation: It lever-
ages an LLM to generate a Python function
consisting of logic representations from given
natural language input.

2) Automated Logical Verification: The trans-
lated Python function is passed to a theorem
prover to execute and verify the logical
validity rigorously.

Our method utilizes the Z3 Prover (de Moura
and Bjørner, 2008), an SMT solver. SMT solvers
are designed to determine whether a set of logical
statements is satisfiable under various mathe-
matical theories. Our goal is to verify whether
the premises of an argument logically entail its
conclusions. This is achieved by checking the un-
satisfiability of the premises conjoined with the

Figure 2: Overview of FoVer pipeline. Starting from
a reasoning text, (1) the LLM translator identifies
its premises and conclusions and translates it into
a Python function consisting of first-order logic. (2)
The theorem prover then processes the translated logic
theory, returning whether the conclusions are entailed
(True), contradicted (False), or undetermined.

negation of the conclusion. Let p :=
∧n

i=1 pi be
premises, qj be conclusion, we want to prove

p → qj

which is equivalent to

¬ (p ∧ ¬qj)

therefore,

p → qj ⇔ unsat (p ∧ ¬qj)

We choose to work with the Z3 Python API,
because Python code is more accessible and eas-
ier for LLMs to generate correctly, given their
extensive training on programming languages.

To simplify the interaction with Z3 and reduce
the cognitive load on LLMs, we develop a custom
wrapper class. This class encapsulates the com-
plexities of working directly with the Z3 solver,
allowing for a more straightforward specifica-
tion of premises and conclusions. In the pipeline,
LLMs are instructed to generate a Python func-
tion that returns an instance of this wrapper class,
which then enforces verification process.

For premises, we devise two additional parts
besides those explicit statements made in text.
The first part is definitions, where relations and
constraints in the reasoning process are formal-
ized, specifying how different predicates should
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be interpreted and what properties they possess
(e.g., constraints for an injective relation). The
second part is common knowledge, where LLMs
could add any unstated assumption they consider
necessary to draw the conclusion. The devisal of
common knowledge leverages world knowledge
that LLMs gained during pre-training, and enables
them to capture implications from the text, which
other methods are incapable of doing.

The following sections describe the specifics
of each step in the FoVer pipeline. Section 3.2
details our novel translation process, explaining
how we prompt LLMs to generate appropriate
FOL representations in Python. Section 3.3 then
explores the execution and verification phase.

3.2 Step A: Translating Natural Language to
FOL Python Function

The translation is performed in a coarse-to-fine
fashion, where LLMs are instructed to think first
and then produce the grounded code.

A translation thinking process is designed to
guide LLMs to produce results more consistently.
Each demo (In-Context example) in the few-shot
prompt includes a detailed function comment,
outlining the step-by-step thinking in natural lan-
guage, which can be considered as Chain of
Thought, shown in Figure 3. The process be-
gins with identifying the predicates. The focus
on predicates is grounded in their central role
in natural language semantics (Davidson, 1966),
which provides the essential building blocks for
determining sorts2 and translating statements.

In consequent function bodies, we provide thor-
ough annotations for Python statements and a
description for each Z3 expression, facilitating
LLMs in translation and writing Python code
more accurately. There are also several system-
atic coding conventions developed, illustrated in
Figure 4:

• Delayed Quantifier Declaration. Since
quantifier variables must be declared before
use in Python, LLMs often struggle to predict
which variables will be needed across multi-
ple logical expressions, leading to undefined
variable errors. This convention defers the

2A sort is a concept from Many-Sorted Logic (MSL),
analogous to a type in programming languages; it defines a
domain of values and the operations that can be performed on
those values. In reasoning context, for example, ‘‘Person’’
can be the sort of entity ‘‘William’’.

Figure 3: CoT annotation within the first demo
(In-Context example). The Question-Answer pair of
this demo is shown in Figure 1a, function body is
shown in Table 6. In FoVer step A, the LLM first
outputs this CoT annotation, then generates the rest
Python function body.

variable declarations to the end of the func-
tion, which allows LLMs to first construct all
logical expressions using undeclared quan-
tifiers, then declare all used variables at
the bottom (e.g., n1, n2 = Consts(’n1
n2’, Newthing)), ensuring complete-
ness and avoiding premature commitment
to specific quantifier sets.

• Placeholder Naming Guidance. We find
that LLMs often misapply functions; they
pass arguments of incorrect type or number,
or use mismatched return values. To alleviate
this issue and to avoid naming conflicts,
we instruct models to adopt consistent and
predictable identifiers.

• Type-Encoded Identifier and Usage Guid-
ance. To further resolve the misapplication
issue, we also develop a systematic naming
convention for function identifiers, which
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Figure 4: Coding conventions used in few-shot demos. Only the main structure is shown here. Full demo is
presented in Table 6.

encodes parameter types and return type di-
rectly into the identifier. In this convention,
(1) parameter types are indicated by prefixes
that consistently match placeholder naming
(e.g., n... for Newthing); (2) double un-
derscores followed by an unabbreviated type
name indicate a non-Boolean return type; and
(3) each function definition is accompanied
by an explicit usage comment, which further
reduces type-related errors.

A complete example of the function body is
presented in Table 6.

3.3 Step B: Executing Translated Function

Once the above function is generated, the Python
interpreter can execute it. The verification pro-
cedure is described in Algorithm 1, which is
performed by the pre-defined wrapper class au-
tomatically. To ensure verification results are
dependable, additional validations are introduced.
The procedure checks satisfiability of premises
(sat(p)) to detect paradoxes (step 3), where un-
satisfiable premises from claims and common
knowledge trigger an exception. On the other
hand, when definitions encounter unsatisfiabil-
ity, the wrapper class removes the unsatisfiable
core to obtain the maximal satisfiable subset of
definitions. This treatment respects the auxiliary
nature of definitions, which serve to enforce ad-
ditional constraints (such as one-to-one relation

Algorithm 1: Verification Procedure
Input: Set of claims C, set of definitions D, set of

common knowledge K (when using), target
conclusions qn×1.

Output: Verification results Rn×2.
1 Initialize empty Z3 constraint set P .
2 P ← P ∪ C.
3 if unsat(P) then
4 raise error (paradox claims).
5 end
6 P ← P ∪D.
7 if unsat(P) then
8 D0 ← unsat core(P) ∩ D.
9 P ← P \ D0.

10 end
11 P ← P ∪ K.
12 if unsat(P) then
13 raise error (conflict common knowledge).
14 end
15 foreach qj in q do
16 if qj ∈ D ∪ K then
17 raise error (cheating).3

18 end
19 if qj ∈ {True, False} then
20 raise error.
21 end
22 r1 ← check (P ∪ {qj}).
23 r2 ← check (P ∪ {¬qj}).
24 yield (r1, r2).
25 end

constraint)—if such auxiliary leads to contra-
dictions, they are problematic and need to be
excluded. Another important validation is to check
whether the target conclusion is included directly

3No such instance is found in experiments.
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Figure 5: Examples from each dataset with their corresponding labels. Note that the REVEAL dataset contains both
factual and logical labels, but only logical labels are used in experiments.

in definitions or common knowledge, and whether
it is True or False literally, to avoid LLMs from
cheating (step 16 and 19). The final phase checks
the satisfiability of p ∧ qj (step 22) and p ∧ ¬qj
(step 23), respectively, and yields the verification
result.

4 Experiment Setup

The evaluation of FoVer follows a two-stage
design to ensure both its logical verification capa-
bility and real-world applicability. In the first
stage, we validate the foundational capability
of FoVer using specialized logical datasets, this
serves as a prerequisite verification of the method
itself. Building upon these validation results, the
second stage examines FoVer’s effectiveness in
verifying real-world LLM outputs, which directly
addresses our primary research objective.

4.1 Datasets
Three datasets are used in experiments, as il-
lustrated in Figure 5. To reduce computational
and economic costs, we sample approximately
120–200 examples from each dataset. Despite the
relatively small sample size, the results can remain
insightful, as discussed in Press et al. (2024). De-
tailed descriptions of these datasets are provided
below.

ProofWriter (Tafjord et al., 2021) is a dataset
containing numerous rulebases of facts and rules
expressed in English. Each rulebase includes a set
of questions that can be proven True, False, or Un-
known using proofs of various depths. There are

two versions, CWA (Closed-world-assumption)
and OWA (Open-world-assumption), both con-
taining five subsets, each with different maximum
reasoning depth (0, 1, 2, 3, 5). We evaluate our
method on the hardest OWA-5 subset, with 200
samples selected from the test split. For each sam-
ple, one question is selected randomly (a total
of 10–20 questions for each sample) with a ratio
of 2:1 between depth-5 and those of Unknown,
leading to an approximately balanced distribution
of True/ False/Unknown labels.

FOLIO (Han et al., 2024a) is a human-
annotated, logically complex, and diverse dataset
designed for natural language reasoning with FOL.
Compared to ProofWriter, premises and conclu-
sions in FOLIO are expressed more naturally. We
use all 203 samples of the validation split (the test
split is not publicly available).

REVEAL (Jacovi et al., 2024) is a benchmark
dataset for verifying LLM reasoning chains. It
includes CoT output of three LLMs on four pop-
ular QA datasets: Fermi (Kalyan et al., 2021),
MuSiQue (Trivedi et al., 2022), Sports Under-
standing (Srivastava et al., 2023), and StrategyQA
(Geva et al., 2021). This dataset features real im-
balanced data annotated by human developers, fo-
cusing on both factuality and logical correctness.
It is prominent due to its use of real-world data
rather than synthetic or semi-synthetic data. We
randomly select 120 questions from MuSiQue
and StrategyQA respectively, using one model-
generated answer per question. For our focus on
logic validation, only the logical labels are used.
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Dataset GPT-4o Claude 3.5 Sonnet

CoT Logic-LM FoVer (−c) FoVer (+c) CoT Logic-LM FoVer (−c) FoVer (+c)

ProofWriter 43.5% 37.0% 95.5%*† 89.5%*† 54.5% 43.5%* 94.0%*† 91.0%*†

FOLIO 72.4% 62.1%* 70.4%† 70.9%† 75.4% 54.7%* 71.9%† 75.9%†

REVEAL-StrategyQA 79.2% / 50.8%* 59.2%* 75.8% / 53.3%* 68.3%
REVEAL-MuSiQue 55.0% / 70.0%* 74.2%* 64.2% / 71.7% 78.3%*

Table 1: Accuracy of CoT4, Logic-LM, and FoVer pipeline. Here, ‘‘+c’’ and ‘‘−c’’ denote FoVer
with and without common knowledge added, respectively. ‘‘*’’ refers to statistically significant
differences (p < 0.05) with respect to CoT in McNemar test (McNemar, 1947); ‘‘†’’ refers to
statistically significant differences compared to Logic-LM.

4.2 Baselines

On ProofWriter and FOLIO, we compare the per-
formance of our pipeline against two baselines,
2-shot CoT4 and Logic-LM (Pan et al., 2023),
latter of which is a previous approach incorporat-
ing theorem prover with LLMs. On REVEAL, our
pipeline is compared against single decision.4

The proposed method as well as baselines are
evaluated with two popular and powerful LLMs:
GPT-4o5 and Claude 3.5 Sonnet.6 For repro-
ducibility, the temperature is set to 0 and top-p is
set to 1 on all experiments.

5 Results and Analyses

Table 1 presents an overview of main results
across the three datasets. For both Logic-LM and
FoVer, the response may have syntax and gram-
mar errors, in which case it would be unable to
be executed. Unlike Pan et al. (2023), who adopt
fallback strategies, we count these inexecutable
samples as incorrect answers.

FoVer demonstrates significant performance
improvements over the baselines in most scenar-
ios, except REVEAL-StrategyQA. On ProofWriter,
the accuracy reaches 95.5% and 94.0% on GPT-4o
and Claude 3.5 Sonnet, respectively. It is also ob-
served that Claude 3.5 Sonnet performs better than
GPT-4o generally. In the following subsections,
we provide detailed analyses of the outcomes on
each dataset, elucidating the key findings of our
approach.

5.1 ProofWriter Results

Detailed results on ProofWriter are shown in
Table 2. The reason executability rates of

4The prompts are shown in Figure 12.
5gpt-4o-2024-08-06.
6claude-3-5-sonnet-20240620.

Method GPT-4o Claude 3.5 Sonnet

Exe Acc Total Exe Acc Total

CoT / 43.5 43.5 / 54.5 54.5

Logic-
LM

50.5 73.3* 37.0 56.0 77.7* 43.5*

r 50.5 76.2* 38.5 56.0 77.7* 43.5*

FoVer

−c 97.0† 98.5*† 95.5*† 95.5† 98.4*† 94.0*†

+c 91.0† 98.4*† 89.5*† 92.5† 98.4*† 91.0*†

r, −c 97.0† 100.0*† 97.0*† 95.5† 100.0*† 95.5*†

r, +c 91.0† 100.0*† 91.0*† 92.5† 100.0*† 92.5*†

FoVer
(strict)

−c 98.5 79.7 78.5 96.0 80.7 77.5
+c 90.5 76.8 69.5 94.0 81.4 76.5
r, −c 98.5 100.0 98.5 96.0 100.0 96.0
r, +c 90.5 100.0 90.5 94.0 100.0 94.0

Table 2: Detailed results on ProofWriter (%).
Exe is executability rate; Acc is accuracy of exe-
cutable part; Total is overall accuracy, equivalent
to Exe × Acc. ‘‘r’’ denotes a relaxed evaluation
setting where method predictions of True and
False are considered correct when ground truth is
labelled Unknown (detailed in Section 5.1). ‘‘+c’’
and ‘‘−c’’ denote results with and without com-
mon knowledge added respectively. ‘‘*’’ indicates
statistical significance against CoT; ‘‘†’’ indicates
statistical significance against Logic-LM.

Logic-LM are unexpectedly low is mainly because
Logic-LM utilizes PyKE (Frederiksen, 2008) for
ProofWriter, which does not directly support
negation operator. But in many cases, negation
is necessary and LLMs attempt to use nega-
tion marks such as ‘∼’ and ‘¬’, resulting in
execution failure. Additionally, GPT-4o often
attempts to use ‘→’ for implications, instead
of ‘>>>’ presented in few-shot demos, result-
ing in even lower executability rate. However,
whether considering only executable samples or
not, FoVer significantly outperforms Logic-LM
on ProofWriter.
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In early experiments on the development set,
we serendipitously discovered that FoVer pro-
duces True/False answers to a few questions in
some cases, whereas the questions are labeled as
Unknown (detailed in Appendix B). Upon human
analysis, FoVer’s answers were proved to be cor-
rect, and the questions are indeed decidable. We
also observed several cases that FoVer identifies
as paradoxes, which indeed are. These two find-
ings indicate that our method is able to identify
potential problems of logical datasets, especially
those generated automatically by specific rules.
This side effect benefits from the nature of a
deterministic theorem prover. When considering
True/False results as correct in cases where ground
truth labels are Unknown (denoted as ‘‘r’’ in
Table 2), accuracies of both FoVer and Logic-LM
increase. Notably, accuracy of the executable part
of FoVer reaches 100% on both LLMs.

To better leverage the potential of FoVer, we
introduce a stricter evaluation approach for it
on ProofWriter (marked as ‘‘strict’’ in Table 2),
where all questions (about 10–20) within a sample
are evaluated, and the sample is deemed correct
only if all constituent questions yield right result.
As shown in Table 2, accuracies of the executable
part remain 100% in relaxed evaluation, suggest-
ing the robustness of FoVer. It is also seen that
the difference between relaxed and standard eval-
uation increases, which indicates that the strict
evaluation is better at validation and identifying
problems of the dataset.

5.2 FOLIO Results

Table 3 presents detailed results on the FOLIO
dataset. When considering inexecutable samples,
accuracies of Logic-LM and FoVer are both lower
than those of CoT. However, when considering
only executable samples, both outperform CoT.

The executability rate of GPT-4o is unexpect-
edly low (77.8%). Upon analysis, we find that most
execution errors owe to mismatched types (func-
tion misapplication mentioned in Section 3.2).
Since FOLIO does not distinguish types,7 we
wrote a specific demo for it, appending it to the end
of universal demos. This specific demo instructs
LLMs to treat all entities as single sort (Entity),

7For example, the same predicate isLocatedIn(x,
y) can accept various entities like isLocatedIn(Book,
Library) or isLocatedIn(City, Country) with-
out explicit type specifications.

Method GPT-4o Claude 3.5 Sonnet

Exe Acc Total Exe Acc Total

CoT / 72.4 72.4 / 75.4 75.4

Logic-LM 74.9 82.9* 62.1* 64.0 85.4* 54.7*

FoVer
−c 77.8 79.7 62.1* 85.2† 84.4 71.9†

+c 73.4 79.9 58.6* 83.3† 87.0* 72.4†

FoVer
(specific)

−c 96.1† 73.3 70.4† 96.1† 74.9† 71.9†

+c 96.1† 73.8 70.9† 93.6† 81.1 75.9†

Table 3: Detailed results on FOLIO (%). ‘‘spe-
cific’’ denotes results of specific prompt rather
than universal prompt. ‘‘+c’’ and ‘‘−c’’ de-
note FoVer with and without common knowledge
added respectively. ‘‘*’’ indicates statistical sig-
nificance against CoT; ‘‘†’’ indicates statistical
significance against Logic-LM.

preventing them from defining on their own. As
demonstrated in Table 3, the executability rate
significantly improves for both GPT and Claude.
While accuracy of executable part decreases, the
overall accuracy shows increase.

Figure 6 illustrates the confusion matrices for
universal and specific prompts when adopting
common knowledge. Compared to the universal
prompt, specific prompt results in a higher num-
ber of samples being classified as Uncertain (U in
Figure 6) by the model. This suggests that, under
the impact of the additional demo, the executable
sample increases, while models’ ability to flexibly
define predicates as well as their relations is com-
promised. However, the precision of model out-
put for True and False cases (PTF) remains high,
indicating that True and False outputs of FoVer
are robustly dependable.

We notice a sample for which both GPT and
Claude classify as True under universal prompt,
while the label is False (orange box in Figure 6).
This sample is classified as Uncertain by GPT-4o
when using specific prompt. We conduct a human
inspection and find that the conclusion of this sam-
ple is an implication, where both the antecedent
and consequent are False (shown in Figure 15),
which should be evaluated True, suggesting a
labeling error in the dataset. While occasional
mistakes exist (e.g., the other misclassified case
by GPT-4o under universal prompt, shown in
Figure 16), the consistent True predictions from
both models helps reveal potential issues of the
dataset.
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Figure 6: Confusion matrices on FOLIO. Presented
here are results with common knowledge added. T
represents True, F False, U Uncertain. The ordinate is
the ground truth label, and the abscissa is the predicted
result. PTF is precision of pipeline outputting True or
False, RTF is recall of pipeline outputting True of False,
RU is recall of pipeline outputting Uncertain. Orange
box marks exceptional cases detailed in Section 5.2
and Appendix B.

Method GPT-4o Claude 3.5 Sonnet

Exe Acc Total Exe Acc Total
StrategyQA

Direct / 79.2 79.2 / 75.8 75.8

FoVer
−c 75.0 67.8 50.8* 83.3 64.0 53.3*

+c 71.7 82.6 59.2* 82.5 82.8 68.3
MuSiQue

Direct / 55.0 55.0 / 64.2 64.2

FoVer
−c 80.0 87.5* 70.0* 91.7 78.2 71.7
+c 80.8 91.8* 74.2* 92.5 84.7* 78.3*

Table 4: Detailed results on REVEAL (%). ‘‘Di-
rect’’ denotes the results of single decision. ‘‘*’’
indicates statistical significance against CoT.

5.3 REVEAL Results

Detailed results on REVEAL are shown in Table 4.
On the StrategyQA subset, compared to single
decision (labeled as Direct), both LLMs perform
better in the executable portions using FoVer, but
the overall accuracy is lower due to insufficient
executability. On the MuSiQue subset, however,
FoVer significantly outperforms single decision.

It is observed that single decision and FoVer
behave differently on the two subsets—single
decision performs better on StrategyQA, while
executability rates of FoVer are lower on this
subset. This is attributable to the disparity of the
two datasets. As shown in Figure 7, StrategyQA
exhibits greater abstraction and ambiguity com-
pared to MuSiQue. The StrategyQA example typ-

Figure 7: Examples in REVEAL dataset.

Figure 8: Distribution of primary error types of FoVer
(with common knowledge added) on REVEAL.

ically contains linguistically ambiguous phrasing
like ‘‘longer than every number discovered in
Pi’’, which allows multiple interpretations. In con-
trast, MuSiQue questions are generally grounded
in concrete factual information with clear tar-
gets, using precise and unambiguous language to
ask for specific facts or entity relationships, with
straightforward reasoning processes.

A more detailed account of error types is pro-
vided in Figure 8. A significant portion of failures
can be attributed to the mismatched sorts, which
is discussed in Section 3.2. Although the prompt
optimization mitigates this issue, it persists, partic-
ularly with GPT-4o. Another critical type of error
is due to insufficient information, where FoVer
outputs Uncertain while the ground truth label is
True or False. This error type indicates that, though
the integration of common knowledge demon-
strates its effectiveness (see Section 5.4), in some
instances, it is still insufficient to prove or dis-
prove the conclusion, which suggests a potential
future improvement. There is also a smaller frac-
tion of errors stemming from missing definitions,
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Figure 9: Recall rate of True samples on REVEAL.
‘‘Direct’’ denotes the result of single decision.

Dataset C GPT-4o Claude 3.5 Sonnet

Exe Acc Total Exe Acc Total

ProofWriter
− 97.0 100.0 97.0 95.5 100.0 95.5
+ 91.0* 100.0 91.0* 92.5* 100.0 92.5*

FOLIO
− 96.1 73.3 70.4 96.1 74.9 71.9
+ 96.1 73.8 70.9 93.6 81.1* 75.9

REVEAL-
StrategyQA

− 75.0 67.8 50.8 83.3 64.0 53.3
+ 71.7 82.6* 59.2* 82.5 82.8* 68.3*

REVEAL-
MuSiQue

− 80.0 87.5 70.0 91.7 78.2 71.7
+ 80.8 91.8 74.2 92.5 84.7* 78.3*

Table 5: Results with executability rate on all
datasets (%). ‘‘C’’ stands for common knowledge;
‘‘+’’ and ‘‘−’’ denote FoVer with and without
common knowledge added, respectively. Orange
marks decrease compared to results without com-
mon knowledge added; green marks increase. ‘‘*’’
indicates statistical significance.

where some sorts or entities are used without prior
declarations.

Additionally, we conduct an analysis on the
improvements of the executable portion of FoVer
compared to single decision and find that the in-
crease in accuracy is attributable to improvement
in the recall rate of True labels. As shown in
Figure 9, recall rates are improved across dif-
ferent models and datasets. In single decision,
LLMs often reject correct answers. Sometimes
they conflate logical correctness with factuality,
but sometimes they are just overconservative.

5.4 Impact of Common Knowledge
The impact of common knowledge on FoVer re-
sults is summarized in Table 5. Generally, the
incorporation of common knowledge brings im-
provement in accuracy, but has negative impact
on executability. The decrease in executability
is an inherent consequence of design, as it in-
troduces scenarios where claim expressions are
correct but common knowledge expressions con-
tain errors. On ProofWriter, the executability rates

Figure 10: An example from the FOLIO training
set (example id = 1192) illustrating the need for
implicit knowledge. Each example in FOLIO con-
tains both natural language and FOL representation of
premises and conclusions.

decrease more than on other datasets. This is due
to contradiction between translated claims (from
given text) and added common knowledge, as the
rulebases in ProofWriter are often counter-factual.

On the other hand, on REVEAL-MuSiQue, exe-
cutability rates are improved on both models after
incorporation of common knowledge. This phe-
nomenon is related to another kind of execution
error. In a few cases (about 1%), Z3 fails to decide
whether given expressions are satisfiable or not,
resulting in execution timeout. We surprisingly
find that, on MuSiQue, common knowledge helps
Z3 to make decisions; some of former undecidable
cases become decidable.

The integration of common knowledge im-
proves the accuracy across all configurations, with
ProofWriter being the sole exception. This pat-
tern is intriguing because both ProofWriter and
FOLIO are specialized logic datasets designed to
be self-contained. Theoretically, common knowl-
edge should not contribute to performance on
these datasets. While the lack of improvement
on ProofWriter aligns with this expectation, the
performance gain on FOLIO warrants closer
examination.

Our analysis reveals that FOLIO actually ben-
efits from additional implicit premises in certain
cases. Consider the example in Figure 10, where
the FOL representation includes Customer
(Lily) while corresponding premise is absent
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Figure 11: Executability rate of GPT-4o and Claude
3.5 Sonnet on all datasets. ‘‘+C’’ denotes results with
common knowledge added.

from the original text. This discrepancy high-
lights that some FOLIO samples require bridging
implications that can be derived from common
knowledge. Therefore, the observed performance
improvement on FOLIO still aligns with our ex-
pectations about the role of common knowledge.

Notably, on the REVEAL dataset, the variation
leads to a marked increase in overall accuracy,
underscoring the effectiveness of our approach in
incorporating knowledge of LLMs.

5.5 Comparison between GPT and Claude

We compare the performance of GPT-4o and
Claude 3.5 Sonnet. As demonstrated in Table 1,
Claude 3.5 Sonnet generally outperforms GPT-4o,
on both CoT and FoVer. The performance trends
observed with FoVer align closely with those of
CoT across different models and datasets, while
minor variations exist. This consistency suggests
that FoVer could correctly reflect capabilities of
its base LLM.

The reason Claude 3.5 Sonnet outperforms
GPT-4o with FoVer can be attributed to its higher
executability rate. As illustrated in Figure 11,
Claude 3.5 Sonnet shows higher executability
rates compared to GPT-4o across different bench-
marks, with the sole exception of ProofWriter
(−) where they show comparable performance.
Higher executability correlates to not only better
coding abilities avoiding syntax and grammar er-
ror, but also higher consistency within response,
better understanding of instructions, and greater
capabilities of reasoning. These results suggest
the potential of FoVer as a method for re-
vealing nuanced differences in language model
performance.

5.6 Potential Use Cases

Beyond automated logical verification of given
text, our method can also be applied to other tasks.

5.6.1 Logical Dataset Verification

As mentioned in Section 5.1, FoVer has identi-
fied instances of annotation errors in ProofWriter,
which are decidable but labeled as Unknown. It
has also found errors and paradoxes in FOLIO.

On both ProofWriter and FOLIO, FoVer
demonstrates exceptionally high accuracy, espe-
cially for cases outputting True and False, making
it robustly dependable. There are many datasets
that are constructed automatically following spe-
cific rules. Our method could be adopted to verify
the validity of data in these datasets. We sug-
gest that future logical dataset construction efforts
employ our method for final dataset validation.

5.6.2 First-Order Logic
Dataset Construction

To better facilitate LLMs to translate natural lan-
guage into Z3 expression, we have instructed them
to output translations as tuples (string, Ex-
pression), where the string element describes
the corresponding Z3 expression, as shown in
Table 6. This enables us to construct a dataset
containing premises and conclusion in natural
language as well as corresponding logic label.

6 Limitations

We instruct the LLMs to generate entire function
code rather than in a statement-by-statement man-
ner, considering their autonomy, enabling them to
decide predicates, sorts, and common knowledge
systematically and flexibly. While this strategy is
effective, and the optimization of prompts has
enhanced their ability to generate expressions
correctly, LLMs still produce incorrect expres-
sions for individual sentences. In the future, we
might employ multi-agent or other methods to
automatically check the validity of generated ex-
pressions, extending this pipeline to iteratively
generate critical expressions.

The proposed method incurs notable costs due
to the long length of prompts. However, various
policies adopted by LLM providers have already
reduced these costs, including Batch API8,9 and

8https://platform.openai.com/docs
/guides/batch.

9https://docs.anthropic.com/en/docs
/build-with-claude/message-batches.
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Table 6: The first demo within the FoVer few-shot prompt. The Question-Answer pair is shown in
Figure 1a; the CoT annotation is shown in Figure 3. Some comments are omitted to save space. Full
prompt is available in our GitHub repository.1

1351



Prompt Caching.10,11 With the reduction trends of
API prices, the cost of our method is expected to
decrease over time.

7 Conclusions

In this work, we propose FoVer, an automated
pipeline to verify the logical correctness of rea-
soning texts. It effectively incorporates world
knowledge that LLMs gained during pre-training,
contributing to their performance. Unlike pre-
vious methods that are restricted to specific
formats, FoVer achieves strong generality by
leveraging LLMs’ natural language understand-
ing capabilities while maintaining rigorous logical
verification through theorem provers. The experi-
ments demonstrate that FoVer outperforms existed
methods in logical verification significantly, with
prominent improvement of reliability.

As two of its potential applications, FoVer can
be employed to validate existing logical reason-
ing datasets and to automatically construct new
datasets from natural language inference texts, fur-
ther contributing to the advancement of research
in this field.

Our method is extensible. Although current
work focuses on logical validation, this pipeline
is well-suited for fact verification. In the future,
we may draw upon document retrieval methods,
utilizing relevant knowledge base information for
fact verification.
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A Few-Shot Demos

Demos for CoT is shown in Figure 12.
The prompts for ProofWriter and FOLIO are
adapted from Pan et al. (2023), converting the
text-completion format into chat-based format
suitable for the latest LLMs, with added XML
tags to structure assistant demonstrations.

Figure 12: Prompt example for CoT and single decision.

Table 6 presents a prompt demo of FoVer with
CoT annotation omitted. The Question-Answer
pair of this example is shown in Figure 1a; the
CoT annotation is shown in Figure 3. The rest of
the demos are available in our GitHub repository.

B Exceptional Cases

Figure 13 illustrates a ProofWriter example of
decidable question which is incorrectly labeled
Unknown; Figure 14 shows a paradox the-
ory. These errors indicate that the construction
of ProofWriter considers only forward rules,
excluding contrapositives of implications.

FOLIO also contains the wrong label for con-
clusion. Figure 15 shows an example where the
conclusion is an implication with False antecedent
and False consequent, but the label is False.

Figure 16 presents the misclassified case by
GPT-4o on FOLIO (orange box in Figure 6).

Figure 13: Example of decidable question in the
ProofWriter development set. Green marks positive
conclusions; orange marks negative conclusions.

Figure 14: Example of paradox theory in the
ProofWriter development set. Green marks positive
conclusions; orange marks negative conclusions; red
marks the paradox.

Figure 15: Example in the FOLIO validation set that is
True but labeled False.

Figure 16: Error example of GPT-4o on FOLIO.
Orange highlights the wrong translation. In contrast,
Claude 3.5 Sonnet translates correctly.

Sometimes LLMs make mistakes in individ-
ual cases. Future work may introduce iterative
generation and inspection, reducing such errors.
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