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Abstract

Recent advances in large language mod-
els (LLMs) have spurred interest in
neuro-symbolic methods for logical rea-
soning based on auto-formalization, where
LLMs first formalize problems into symbolic
programs, then symbolic solvers perform
reasoning over these programs. However,
existing auto-formalization methods remain
prone to both syntactic and semantic errors.
Specifically, the absence of a program-level se-
mantic verification mechanism leaves semantic
errors largely unaddressed. In this paper, we
propose a novel approach to semantic error
correction via program preference RAG. First,
we conduct an in-depth analysis of semantic
error patterns, and then automatically syn-
thesize SemanticPref, a program preference
dataset to model these patterns. Utilizing
the dataset as knowledge base, we introduce
PrefRAG, a general retrieval-augmented
generation framework for refinement in
auto-formalization, which enables LLMs to
detect and repair both syntactic and semantic
errors'. Extensive evaluations across both
in-distribution (AR-LSAT and FOLIO) and
out-of-distribution benchmarks show that
PrefRAG consistently outperforms strong
baselines, achieving an average improvement
of 2.39% on ID and 6.23% on OOD datasets.

1 Introduction

Recent advancements in large language models
have demonstrated remarkable capabilities in vari-
ous natural language processing (NLP) tasks (Ope-
nAl et al., 2024b,c; DeepSeek-Al et al., 2025).
However, complex logical reasoning, which re-
quires LLMs to make inferences over a set of
premises, remains a significant challenge. In addi-
tion to prompting methods like Chain-of-Thought
(CoT) (Wei et al., 2023) and Tree-of-Thought (ToT)
(Yao et al., 2023), as well as training approaches
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(Jiao et al., 2024; Feng et al., 2024), a neuro-
symbolic paradigm based on auto-formalization is
regarded as a promising alternative(Ye et al., 2023;
Olausson et al., 2023). Migrated from mathemati-
cal reasoning, this method is a two-phase process:
in auto-formalization phase, LLMs generate sym-
bolic formulations for a reasoning problem, which
is later executed by symbolic solvers in symbolic
reasoning phase. This pipeline reserves the auto-
formalization subtask by leveraging LLMs’ NLP
capability, offloads the reasoning subtask from
LLMs to symbolic solvers, and thereby guaran-
tees the rigor of the reasoning process as long as
the formalization is accurate.

However, auto-formalization with LLMs faces
crucial challenges. Due to the hallucination is-
sues of LLMs, LLMs often produce syntactic er-
rors and semantic errors in the formalization phase.
For syntactic errors, which can be detected by er-
ror messages from the solvers, various methods
are proposed. Logic-LM (Pan et al., 2023) intro-
duces a self-refinement module into the pipeline,
iteratively correcting the programs failing to ex-
ecute with their error messages. LTRAG (Hu
et al., 2025) enhances the framework with thought-
guided RAG, where relevant samples are dynam-
ically retrieved to guide LLM generation. Never-
theless, these methods heavily depend on the error
messages from the solvers, which are often lim-
ited feedback and not enough for LL.Ms to locate
the errors. For semantic errors, existing methods
mainly compare models of a natural language (NL)
sentence and those of its formalization. For ex-
ample, (Raza and Milic-Frayling, 2025) proposes
SSV (Semantic Self-Verification), where an LLM
generates models for a NL sentence, and a SAT
solver verifies whether the models satisfy the for-
malization; (Ryu et al., 2025) introduces CLOVER,
which makes selections from multiple formaliza-
tions by generating models of formalizations with
SAT solver and verifying with an LLM whether the


https://anonymous.4open.science/r/PrefRAG/

models satisfy the NL sentence. However, these
mechanisms only focus on constraint-level formu-
las, rather than program-level formalizations for
the reasoning problems. Furthermore, a systematic
analysis of semantic errors is still underexplored.

Toward this end, we present a general RAG
framework that targets semantic errors in auto-
formalization with a knowledge base of program
preference pairs. First, to establish a rigorous foun-
dation, we systematically summarizing a taxon-
omy of semantic error patterns: declaration er-
rors, missing information, inconsistent constraints
and mismatched predicates. The error taxonomy
is derived from primarily two sources: common
LLM failure modes in auto-formalization (e.g., hal-
lucinations and insufficient natural language un-
derstanding), and general structures of Z3 pro-
grams. Hence, the classification is general and
domain-independent. Second, aiming to model
and facilitate the learning of semantic error pat-
terns, we propose to reflect these semantic error
patterns with preference pairs. Leveraging rule-
based operations implemented with regular expres-
sions and LLMs, we automatically synthesize a
preference dataset SemanticPref, which features
a rich and natural distribution of semantic errors.
Third, with SemanticPref as the knowledge base
(KB), we adopt a Retrieval-Augmented Genera-
tion (RAG) paradigm to enhance self-refinement
module in auto-formalization, and propose Pre-
fRAG for logical reasoning. In contrast to prior
work that only refine the programs when parsing
errors occur, our framework empowers LLM to
decide when to correct the program or to exit the
refinement loop. We conduct a thorough evalua-
tion on the framework not only on in-distribution
(ID) benchmarks AR-LSAT (Zhong et al., 2022)
and FOLIO (Han et al., 2024), but also on out-
of-distribution (OOD) benchmarks, LogicalDeduc-
tion from Big-bench (BIG-bench authors, 2023)
and ProverQA (Qi et al., 2025). Our experimen-
tal results show that the framework reaches the
state-of-the-art performance comparing to the best
baselines, achieving an average improvement of
2.39% on ID datasets and 6.23% on OOD datasets
on average. Further analysis reveals that our ap-
proach is significantly more effective at addressing
syntactic and semantic errors.

To summarize, the key contributions of this pa-
per are as follows:

A systematic taxonomy for semantic errors in
auto-formalization for logical reasoning. Based
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Figure 1: The overview of PrefRAG.

on structural analysis, we classify semantic errors
into four categories: declaration errors, missing in-
formation, inconsistent constraints and mismatched
predicates. To the best of out knowledge, we are
the first to fill this gap, laying foundation for future
improvement.

SemanticPref: an automatically generated
preference dataset. We introduce the use of pro-
gram preference pairs to model semantic errors. We
define several rule-based operations to construct
the preference pairs, synthesizing 2921 and 3091
samples of preference pairs on AR-LSAT and on
FOLIO respectively.

PrefRAG: a RAG framework enhancing auto-
formalization. Utilizing SemanticPref as KB, we
adopt a RAG paradigm for the self-refinement mod-
ule, as shown in Figure 1. The evaluation shows
that it achieves state-of-the-art performance on both
ID as well as OOD datasets.

2 Related Work

Logical reasoning with LLMs. To enhance the
reasoning capabilities of large language models
(LLMs), existing approaches can be broadly cate-
gorized into three main types. The first category
is in-context learning methods. These methods
construct detailed prompting pipeline for reason-
ing. Chain-of-Thought (CoT)(Wei et al., 2023),
Self-Consistency (Wang et al., 2023) and Tree-of-
Thought (Yao et al., 2023) are the representatives.
Following these methods, various methods are pro-
posed. Graph-of-Thought (Besta et al., 2024) uti-
lizes a graph structure to represent pathways of



thoughts and knowledge. SymbCoT (Xu et al.,
2024) and Logic-of-Thought (Liu et al., 2025) add
symbolic languages to enhance the reasoning traces.
Secondly, fine-tuning methods use logic-based
techniques to automatically generate large-scale
synthetic datasets, then pre-train or fine-tune LLMs
to enhance their inherent logical reasoning capa-
bilities (Morishita et al., 2024; Jiao et al., 2024).
The third is neuro-symbolic methods based on
search or auto-formalization as presented in Intro-
duction. RAP (Hao et al., 2023) views the reason-
ing process as planning, and leverages Monte Carlo
Tree Search (MCTS) to address with the process.
Aristotle (Xu et al., 2025) adopts a decompose-
search-resolve framework to address with logical
reasoning tasks.

Auto-formalization with LLMs. This neuro-
symbolic paradigm stems from mathematical rea-
soning, later applied to logical reasoning. For math-
ematical reasoning, methodologies have advanced
from simple few-shot prompting to RAG frame-
works. CRAMF (Lu et al., 2025) designs an on-
tology of the knowledge base to better represent
the structure of mathematical concepts. DRIFT
(Zhang et al., 2025) decomposes the informal state-
ments into sub-queries to improve the subsequent
premise retrieval. For logical reasoning, in addition
to prompting methods and RAG framework pre-
sented above, recent studies fine-tune LLMs to im-
prove formalization. (Yang et al., 2024) presents a
large scale dataset of sentence-level NL-FOL pairs
and a fine-tuned model LogicLLAMA. LogicPO
(Viswanadha et al., 2025) are the first preference
dataset for NL-FOL auto-formalization, but their
preference are judged only by programs’ executed
results, lacking of an in-depth analysis.

3 SemanticPref: Reflect Semantic Error
Patterns with Preference Pairs

7.3 Solver (de Moura and Bjgrner, 2008) is a Sat-
isfiability Modulo Theories (SMT) prover from
Microsoft Research, which can efficiently solve
constraint satisfaction (CSP), boolean satisfiability
(SAT) and most of first-order logic (FOL) problems.
Thus, we encode logical reasoning problems with
73 Python API for versatility.

We first conduct an analysis of Z3 python pro-
grams’ general structure, and identify possible se-
mantic error patterns. Then, we construct pro-
gram preference pairs with regular expressions and
LLMs, to reflect possible semantic error patterns,

proposing dataset SemanticPref.

3.1 Program Error Patterns

A Z3 program for a reasoning problem mainly con-
sists three sections: Declaration, Constraints, and
Query. In Declaration, sorts for entities and pred-
icates are declared. In Constraints, explicit and
implicit premises in the given context are listed.
In Query, functions are defined to check which
option is true with SAT check. Semantic errors
mostly appear in the first two sections, and those in
Declaration remain unable to locate with existing
semantic verifications.

The majority of semantic error patterns can be
concluded as follows:

* Declaration errors. The program might fail
to execute when using unsuitable sorts for en-
tities and functions. For example, if a Z3
function is declared with integer sort as the
domain, and subsequent constraints involv-
ing universal quantifiers are asserted over this
function, the solver’s may reason over the in-
finite integer domain and cause execution fail-
ure.

* Missing Information. LLMs might omit
some constraints, especially implicit con-
straints in formalization. Implicit constraints
refer to the rules and knowledge not explicitly
clarified in the context, such as how people
are adjacent when they sit around a table. The
missing of these knowledge would harm the
accuracy of reasoning results.

* Inconsistent Constraints. Due to the issues
of hallucinations and deficient reasoning abil-
ities, LLMs may sometimes produce Z3 con-
straints that are not equivalent to the NL state-
ments. These errors sometimes cannot be de-
tected with the program parsing result.

e Mismatched Predicates. In some cases,
LLMs might use predicate names that are mis-
aligned with the declaration, but with equiv-
alent semantics, due to hallucinations. This
type of errors might appear when the predi-
cates have complicated semantics.

Note that these error patterns are concluded
based on the structure of Z3 programs and LLM
hallucinations, rather than specific data patterns of
reasoning tasks. Therefore, we could claim that
these error patterns don’t rely on specific datasets.
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Figure 2: Distribution of rule-based error construction
result on AR-LSAT. There are 1246 samples under Miss-
ing Information, 1346 under Declaration Errors, 1362
under Inconsistent Pairs, and 750 under Data Augmen-
tation, resulting 2921 preference pairs in total.
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Figure 3: Distribution of rule-based error construction
result on FOLIO. There are 1350 samples under Missing
Information, 1332 for Mismatched Predicates, 1244
for Inconsistent Pairs, and 882 for Data Augmentation,
resulting 3091 preference pairs in total.

3.2 Construction of Program Preference Pairs

We propose SemanticPref, a dataset which models
semantic error patterns with program preference
pairs. In this section, we will first give definitions
of rule-based operations to construct programs cor-
responding to the semantic error patterns, following
by the presentation of data construction pipeline.

The preference pairs can be formalized as
(NL, Pyref, Prejected), Where NL is the natural
language context and question for the reasoning
problem, and P,c ¢, Prejectea are the preferred and
rejected Z3 programs for the problem, respectively.
Our data is built upon AR-LSAT and FOLIO.

We first define several rule-based operations to

synthesize error programs given a reasoning prob-
lem NL and the according correct program F,.
These operations are designed according to the se-
mantic error patterns presented in Section 3.1.

op_DE. To generate preference pairs that reflect
declaration error, we identify integer sorts, then
substitute them with enumeration sorts with nu-
meral enumerated constants, and replace the latter
sorts with integer sorts. This operation is imple-
mented with regular expressions.

op_MI. For errors of missing information, several
constraints from the correct program are randomly
chosen to be deleted, forming an error program.

op_IC. This operation is to simulate the seman-
tically inconsistent constraints that would occur in
the real scenario. We have different implemen-
tations for AR-LSAT and FOLIO, as their text
patterns vary. For AR-LSAT, we first translate
a Z3 constraint Cz3 back into natural language
and disturb the semantic with LLM, denoted as
C’p- Then, translate C’; back into a Z3 con-
straint C, ;. For FOLIO, we prompt LLM to pro-
duce FOL premises that are nonequivalent to the
annotated FOL, then transform them into Z3 for-
mat to get (C’5). Finally, we replace the original
formulas with the produced ones, getting an error
program.

op_MP. We utilize LLM to produce mismatched
predicate names that have same semantic meaning
but are different from those in Declaration. Then,
we substitute them into the formalization to get
multiple error programs, and preserve the ones that
produce errors when executed.

Leveraging the operations above, our pipeline
of data construction consists of three steps: Seed
set collection to prepare accurate programs for the
latter steps, Rule-based error construction, and
Data augmentation with LLM.

Seed set collection. We take advantages of the
translation KB from LTRAG (Hu et al., 2025) on
AR-LSAT and FOLIO. For AR-LSAT, we filter out
programs that can produce correct answers for the
problems. For FOLIO, we first transform them into
73 programs, then conduct manual correction on
incorrect programs. We eventually have 151 correct
programs for AR-LSAT and 122 for FOLIO as the
seed set, for the preference construction.

Rule-based error construction. For each rea-
soning problem NL from the seed set, we use
the correct program as the preferred program
Ppcr. Next, we execute different combinations
of operations, synthesizing multiple error pro-



grams Pei, Peo, ..., Pery. We choose different oper-
ations for programs from AR-LSAT and FOLIO,
as their data complexities diverse. For AR-LSAT,
we choose op_DE, op_MI and op_IC. For FOLIO,
op_MI, op_IC and op_MP are chosen. We finally
match them together and have preference pairs
(NL, Ppref, Pei),i = 1,2,...,m. We have 2171
and 2209 pairs for AR-LSAT and FOLIO respec-
tively for this step, some of which contain multiple
error patterns. The distribution are illustrated in
Figure 2 and Figure 3.

Data augmentation with LLM. The synthe-
sized error programs in the preceding step might
fail to cover all of the error patterns in real sce-
narios. Therefore, we prompt different LLMs,
gpt-4o (OpenAl et al., 2024a) and DeepSeek v3.2
(DeepSeek-Al et al., 2025) to produce Z3 programs
on the train set, and leverage a LLM-as-a-judge sys-
tem to judge the preference and produce an expla-
nation. The judge system is enhanced with RAG,
where preference pairs from the previous steps are
used as knowledge base. We randomly select 750
samples from AR-LSAT and 882 from FOLIO’s
train set to conduct the augmentation.

4 Framework of PrefRAG

With the preference dataset constructed in Sec-
tion 3.2, we propose PrefRAG, a domain-general
framework for logical reasoning, adopting a
straightforward Retrieval-Augmented Generation
(RAG) paradigm for the self-refinement module in
auto-formalization. The foundational framework
without RAG is adapted from Logic-LM (Pan et al.,
2023), a translate-then-refine pipeline. The overall
framework is illustrated in Figure 1.

Preference Knowledge Base Population. We
have two knowledge bases (KBs), on AR-LSAT
and on FOLIO respectively. For each KB, the data
is categorized by the error types each sample has.
Note that if a sample covers multiple patterns of er-
rors, it is assigned into each corresponding category.
For samples that are constructed based on defined
operations, we load them into a text template in
Appendix B along with the programs’ execution
results, and list their errors briefly. For samples that
are synthesized with LLM in data augmentation,
we use the explanation that LLM Judge produce as
the illustration for errors.

Pipeline. As shown in Figure 1, for an input
of a logical reasoning problem, we first leverage
LLM Translator to translate the NL context and

query into a Z3 program. After executing the pro-
gram, the program along with its execution result
are sent to the LLM Fixer. For samples from ID
datasets, relevant samples would be retrieved from
each category of the corresponding KB by embed-
dings similarities, then the union of them would be
taken. For samples from OOD datasets, samples
would be retrieved from both KBs of AR-LSAT
and FOLIO. Subsequently, the fixer would decide
whether the program needs to be fixed according
to the input and retrieved samples. If so, the fixer
would output the corrected program. The program
will be iteratively corrected until a maximum num-
ber of attempts is reached or the fixer decides no
more further correction is needed.

5 [Evaluation

5.1 Experimental Setup

We select four benchmarks to evaluate the in-
distribution (ID) and out-of-distribution (OOD) per-
formance of PrefRAG. For ID evaluation, we adopt
two datasets that offer authentic complexity: 1)
AR-LSAT (Zhong et al., 2022), an analytical rea-
soning dataset collected from Law School Admis-
sion Test, containing 231 samples from the dev set;
2) FOLIO (Han et al., 2024), a human-annotated
complex first-order logic (FOL) reasoning dataset,
comprising 204 samples from the test set. For OOD
evaluation, we select two challenging benchmarks
with distinct data distributions: 3) LogicalDeduc-
tion, a synthetic logical reasoning task from Big-
bench (BIG-bench authors, 2023) about deducing
the orders of objects, with 300 test samples; 4)
ProverQA (Qi et al., 2025), a deductive reasoning
benchmark generated by LLMs, and we evaluate
500 instances from the hard subset.

As baselines, we compare PrefRAG against:
Standard prompting, where 2 in-context exam-
ples from training set are used to in the prompt for
a direct answer; CoT prompting, where reason-
ing traces of the in-context examples are added
to the prompt to guide the reasoning process;
Logic-LM (Pan et al., 2023), a representative
auto-formalization paradigm with self-refinement;
LTRAG (Hu et al., 2025), the current state-of-the-
art RAG framework for auto-formalization in logi-
cal reasoning. For Logic-LM, we follow its original
setup on AR-LSAT, FOLIO, and LogicalDeduc-
tion. On ProverQA, the same configuration for
FOLIO is applied. LTRAG is evaluated solely on
the ID benchmarks (AR-LSAT and FOLIO), and



AR-LSAT FOLIO
Model
gpt-40 dpsk-ch o03-mini dpsk-rs gpt-4o0 dpsk-ch o03-mini dpsk-rs
Standard 36.36 34.20 91.34 87.88 67.64 68.14 75.98 80.88
CoT 35.93 80.52 93.94 90.04 72.06 82.84 76.47 81.37
Logic-LM  35.06 72.73 91.34 90.17 78.92 80.39 76.47 81.86
LTRAG 56.71 84.42 58.01 89.56 75.27 82.42 81.32 84.62
PrefRAG  61.47 88.75 95.24 95.24 77.94 82.84 84.8 85.78
Table 1: Accuracies on in-distribution benchmarks AR-LSAT and FOLIO (%).
Model LogicalDeduction ProverQA
gpt-40 dpsk-ch o03-mini dpsk-rs gpt-40 dpsk-ch o03-mini dpsk-rs
Standard 74.67 70.00 100.00 98.33 42.80 38.60 58.00 61.00
CoT 88.88 100.00 99.00 100.00 48.40 63.40 59.20 70.60
Logic-LM  91.33 96.67 76.67 97.67 61.40 66.00 58.80 75.40
PrefRAG  99.00 99.33 100.00 100.00 78.00 76.80 73.00 77.00

Table 2: Accuracies on out-of-distribution benchmarks LogicalDeduction and ProverQA (%).

not tested on the OOD datasets (LogicalDeduction
and ProverQA) due to its lack of generalizability.

We conduct experiments using gpt-4o (Ope-
nAl et al., 2024a) and DeepSeek v3.2 (dpsk-ch)
(DeepSeek-Al et al., 2025), as well as reason-
ing models 03-mini? and DeepSeek v3.2 reasoner
(dpsk-rs). For reproducibility, we set the tempera-
ture to O for non-reasoning models, and reasoning
models do not support temperature setting. We re-
run some experiments of baselines under the same
model versions for a fair comparison. For Logic-
LM, the number of refinement rounds are set to 3
for non-reasoning and 1 for reasoning models.

5.2 Main Results

The main experimental results are shown in Ta-
ble 1 (ID) and Table 2 (OOD). We employ the
same evaluation metric as Logic-LM and LTRAG,
the accuracy computed with CoT backup. Specifi-
cally, if the final program produced by LLM fails
to execute or produces no output, the final answer
will be substituted with the one generated by CoT
baseline.

Overall, PrefRAG consistently outperforms
all baselines across both in-distribution and out-
of-distribution datasets. On the in-distribution
datasets AR-LSAT and FOLIO, PrefRAG surpasses
the best baseline by an average of 2.39% across all
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models. The improvement is more pronounced
on AR-LSAT (+3.87%) than on FOLIO (+0.92%).
This demonstrates that our approach of modeling
semantic errors via preference pairs is effective
compared to general auto-formalization method
(Logic-LM) and RAG framework (LTRAG). On
out-of-distribution datasets, PrefRAG achieves
even larger gains, outperforming the best base-
line with a large margin, by an average of +1.75%
on LogicalDeduction and +10.70% on ProverQA.
These results suggest that our method is strongly
generalizable, while Logic-LM requires domain-
specific prompts and LTRAG is limited to specific
datasets of its knowledge base. Thus our method
is more robust on unseen data distributions. The
gains achieved on FOLIO and LogicalDeduction
are smaller, as they are less challenging and offer
less room for improvement.

We also observe that reasoning models out-
perform non-reasoning models across most
datasets. For instance, on AR-LSAT, PrefRAG
with 03-mini and dpsk-rs both reach 95.24% ac-
curacy, substantially higher than those with non-
reasoning models gpt-40 (61.48%) and dpsk-ch
(88.75%). This improvement is predictable, as auto-
formalization may require textual decomposition
and summarization, which aligns with reasoning
models’ enhanced natural language understanding
and programming capabilities. A notable exception
occurs on ProverQA, where reasoning models at-
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Dataset Method ER EA RA
Logic-ILM  26.84 4355 11.69
AR-LSAT LTRAG 69.26 50.00 34.63
PrefRAG 74.46 72.09 53.68
Logic-LM  80.39 78.05 62.74
FOLIO LTRAG 9945 75.14 74.73
PrefRAG 98.04 78.50 76.96
Logical  Logic-LM 100.00 91.33 91.33
Deduction PrefRAG 100.00 99.00 99.00
Logic-ILM 41.60 78.85 32.80
ProverQA ' fRAG 9840 7846 7720

Table 3: Executable rate (ER), execution accuracy (EA)
and raw accuracy (RA) without backup with gpt-4o (%).

Dataset Method ER EA RA
LogiccLM 996  69.57 6.93

AR-LSAT LTRAG 4848 2054 996
PrefRAG 9827 95.59 93.94

LogiccLM 000  0.00  0.00
FOLIO  LTRAG 100.00 8132 81.32
PrefRAG  100.00 84.80 84.80
Logical Logic-LM 37.67 3894 14.67
Deduction PrefRAG  100.00 100.00 73.00
Logic-LM  0.60 33.33  0.20
ProverQA b 'RAG  100.00  73.00 7720

Table 4: Executable rate (ER), execution accuracy (EA)
and raw accuracy (RA) with 03-mini (%).

tain an average accuracy of 75.00%, slightly lower
than the 77.40% accuracy by non-reasoning mod-
els under PrefRAG. This might be attributed to the
distinct data characteristics of ProverQA.

Several minor exceptions to the above trends
are worth noting: on FOLIO, PrefRAG with
gpt-40 (77.94%) slightly underperforms Logic-
LM (78.92%); on LogicalDeduction, a similar pat-
tern can be found with dpsk-ch, where CoT base-
line (100.00%) marginally outperforms PrefRAG
(99.33%). We discuss these cases in Appendix C.3
and confirm that PrefRAG actually outperforms
baselines in these settings.

5.3 Evaluation of Auto-formalization

To evaluate the performance of auto-formalization
of PrefRAG, we analyze the executable rate, execu-
tion accuracy and raw accuracy achieved by LLMs.

Results for gpt-40 and for 03-mini are reported in
Table 3 and Table 4 respectively, and those for re-
maining models are in Appendix C.1. Executable
rate (ER) refers to the percentage of programs
that are syntactically valid and can be executed by
the solver. Execution accuracy (EA) denotes the
percentage of programs that can produce accurate
answers out of the executable programs. Raw ac-
curacy (RA), defined as the product of ER and EA,
is equal to the overall accuracy without backup
strategies. These three metrics correspond to syn-
tactic correctness, semantic correctness and overall
correctness of auto-formalization, respectively.

Compared with Logic-LM and LTRAG, our
framework PrefRAG significantly produces
fewer syntactic as well as semantic errors in
auto-formalization. As shown in Table 3, Pre-
fRAG achieves higher execution rate than Logic-
LM and LTRAG across all datasets, improving
greatly over the best baselines on benchmarks such
as AR-LSAT (74.46% vs. 69.26%) and ProverQA
(98.40% vs. 41.60%). In terms of execution ac-
curacy, PrefRAG outperforms both baselines, with
an average gain of +7.46% over the best baseline
across all datasets. This results in the highest raw
accuracy by PrefRAG. The improvement indicates
that our method is more robust on syntax for auto-
formalization task, as we directly formalize the
problem to Z3 programs, instead of with simpli-
fied grammar in LTRAG and Logic-LM, taking
advantage of programming capability of LLMs. In
addition, by modeling semantic error patterns in
the knowledge base and using RAG paradigm, our
method is more capable to identify and fix semantic
errors during the process.

We can also observe that while 03-mini per-
forms poorly within Logic-LM framework,
while both LTRAG and PrefRAG notably ease
the issue. Logic-LM with 03-mini fails to produce
executable programs for FOLIO, and almost none
for AR-LSAT (9.96%) and ProverQA (0.60%).
Taking the output example in Appendix D as a
case, we find that a possible explanation could be
two-folded: firstly, 03-mini as a reasoning model
may not be fine-tuned for instruction-following,
and thus produce extra reasoning trace, making the
program fail to parse; secondly, the static in-context
samples offer limited guidance for reasoning mod-
els, and may even interrupt the model’s reasoning
process, as it is observed that 03-mini output pro-
grams not only for the given question but also for
the in-context samples. In constrast, the model per-



gpt-40 dpsk-ch

Dataset Method ER EA RA ER EA RA
LTRAG 69.26 50.00 34.63 63.64 85.03 54.11
AR-LSAT PrefRAG-A 6840 72.15 4935 7749 89.94 69.70
PrefRAG 7446 72.09 53.68 81.82 91.01 74.46
LTRAG 9945 75.14 74.73 100.00 82.42 82.42
FOLIO PrefRAG-A 97.55 7437 7255 97.55 8593 83.82
PrefRAG 98.04 78.50 7696 97.06 83.34 80.88

Table 5: Comparison of the previous SOTA method LTRAG, PrefRAG, and PrefRAG-A with non-reasoning models
gpt-4o (gpt-40) and DeepSeek v3.2 (dpsk-ch). PrefRAG-A represents the RAG framework same as PrefRAG but

the augmented data is removed from the KB.

forms robustly under LTRAG and PrefRAG. For in-
stance, with PrefRAG, it achieve an average raw ac-
curacy of 82.34% across all datasets, surpassing the
76.71% attained by gpt-4o0. We hypothesize that
the improvement stems from the more standardized
prompt format and, more importantly, the dynamic
prompting strategy employed by both LTRAG and
PrefRAG, which provides clear contextual guid-
ance, enabling 03-mini to better understand and
execute the auto-formalization task.

5.4 Ablation Studies

Since the LLM-augmented data in SemanticPref
heavily depend on LL.Ms for generation and pref-
erence judgement, its reliability requires explicit
verification. Thus, we conduct an targeted ab-
lation study where this part of data is removed
from the KB of PrefRAG, forming the ablated vari-
ant PrefRAG-A, and evaluate the impact of auto-
formalization performance over the ID datasets.
The results are presented in Table 5, using gpt-4o
and dpsk-ch. The experiments with reasoning
models are provided in Appendix C.2.

We focus on this specific ablation, as the com-
parison between baselines and our method has re-
vealed the effectiveness of each modules. On one
hand, ablating the entire RAG module would re-
duce the framework to Logic-LM. On the other
hand, comparing PrefRAG with LTRAG features
the advantage of our preference knowledge base.

These comparative results lead to two key
conclusions. First, data augmentation of Se-
manticPref contributes notably, enhancing the
model’s overall performance. When data augmen-
tation is removed on AR-LSAT, the average raw
accuracy across non-reasoning models decreased
from 64.07% to 59.53%, and both the executable

rate and execution accuracy show a declining trend.
On FOLIO, despite dpsk-ch being an outlier where
the ablated framework marginally surpasses the
original one, the falling trend is consistently ob-
served for other models. Moreover, even when
the augmented data is excluded, our method
still outperforms the previous SOTA method
LTRAG. On AR-LSAT, the average raw accuracy
of PrefRAG-A surpasses LTRAG by 15.16%, while
it slightly underperforms LTRAG by 0.39%, but re-
maining competitive. These ablation results further
validate the effectiveness of our overall dataset Se-
manticPref and framework PrefRAG, and confirm
that the LLM-augmented data plays a beneficial
role.

6 Conclusion

In this paper, we propose PrefRAG, a RAG
framework for correcting semantic errors in auto-
formalization for logical reasoning. Based on a
systematic analysis of semantic error patterns, we
propose to model these patterns with program pref-
erence pairs, and construct a preference dataset
SemanticPref, where the pairs are automatically
synthesized with rule-based operations and LLM-
assisted data augmentation. Extensive evaluations
across in-distribution (AR-LSAT and FOLIO) and
out-of-distribution datasets reveal that PrefRAG
outperforms strong baselines for logical reason-
ing, and further exhibits robust generalizability. A
promising future direction is to leverage the Se-
manticPref dataset to fine-tune smaller models via
preference alignment algorithms such as DPO. This
would empower smaller models with the capability
to detect and correct semantic errors, which could
enable substantial reductions in inference cost and
latency.



Limitations

We acknowledge two primary limitations.

First, although our data construction pipeline
is designed to be general and automatic, it still
requires a seed set of correct programs of reason-
ing problems, which is often manually curated.
This initial human effort is necessary to start the
rule-based and LLM-augmented synthesis process,
if the pipeline is migrated to a different domain.
Furthermore, the scale and diversity of the final
preference dataset are constrained by the quality of
the seed set, thus affecting the performance of the
RAG framework.

Second, the overall generalizability of Pre-
fRAG is bounded by the expressivity and solv-
ing capability of the underlying symbolic solver
(e.g. Z3). For example, Z3 solver may fail to
solve problems with high complexity due to time-
out or memory exhaustion. Moreover, Z3 is de-
signed for classical satisfiability modulo theories
(SMT) and does not support reasoning paradigms
beyond its scope, such as non-monotonic or modal
logic. Admittedly, this limitation is shared by other
auto-formalization-based approaches. A possible
solution is to migrate the framework of data con-
struction and RAG to these unsupported domains.
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A Example from SemanticPref

We present an example from SemanticPref for AR-
LSAT from rule-based error construction. Exam-

ples from FOLIO are similar.

NL problem:

# Context:

At a benefit dinner, a community
theater's seven sponsors—K, L, M,
P, Q, V, and Z—will be seated at
three tables—1, 2, and 3. Of the
sponsors, only K, L, and M will
receive honors, and only M, P,
and Q will give a speech. The
sponsors' seating assignments
must conform to the following
conditions: Each table has at
least two sponsors seated at it,
and each sponsor is seated at
exactly one table. Any sponsor
receiving honors is seated at
table 1 or table 2. L is seated
at the same table as V.

# Question:

Which one of the following is an

— acceptable assignment of

< sponsors to tables?

# Options:

A) Table 1: K, P; Table 2: M, Q;

« Table 3: L, V, Z

B) Table 1: K, Q, Z; Table 2: L, V;
« Table 3: M, P

C) Table 1: L, P; Table 2: K, M;

— Table 3: Q, V, Z

D) Table 1: L, Q, V; Table 2: K, M;
— Table 3: P, Z

E) Table 1: L, V, Z; Table 2: K, M,
— P; Table 3: Q

e

Ground truth: A

11

chosen_program:
from z3 import *

# Declarations

# At a benefit dinner, a community
theater's seven sponsors—K, L, M,
P, Q, V, and Z—will be seated at
three tables—1, 2, and 3. Of the
sponsors, only K, L, and M will
receive honors, and only M, P,

— and Q will give a speech.
sponsors_sort, (K, L, M, P, Q, Vv, 2)
— = EnumSort('sponsors', ['K', 'L',
o 'M', 'PY, QYL 'V, 2D
tables_sort = IntSort()

sponsors = [K, L, M, P, Q, V, Z]
tables = [1, 2, 3]

seated = Function('seated',

s sponsors_sort, tables_sort)

e g

# Pre_Conditions

pre_conditions = []

# Each table has at least two

— sponsors seated at it
pre_conditions.append(And([Sum(
[seated(s) ==t for s in sponsors])
« >= 2 for t in tables]))

# Each sponsor is seated at exactly
< one table

s = Const('s', sponsors_sort)
pre_conditions.append(ForAll([s],
« Or([seated(s) ==t for t in

— tables])))

# Any sponsor receiving honors is
— seated at table 1 or table 2

s = Const('s', sponsors_sort)
pre_conditions.append(ForAll([s],
— Implies(Or(s == K, s ==L, s ==
— M), Or(seated(s) == 1, seated(s)
- == 2))))

# L is seated at the same table as V
pre_conditions.append(seated(L) ==
— seated(V))

s@ = Const('s@', sponsors_sort)
pre_conditions.append(ForAll([s0],
— And(1 <= seated(sQ), seated(s9@)

- <=3)))

# Question: Which one of the
— following is an acceptable
— assignment of sponsors to tables?
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def is_sat(option_constraints): # At a benefit dinner, a community
solver = Solver()\n — theater's seven sponsors—K, L, M,
— solver.add(pre_conditions) - P, Q, V, and Z—will be seated at
solver.add(option_constraints) — three tables—1, 2, and 3. Of the
return solver.check() == sat < sponsors, only K, L, and M will
< receive honors, and only M, P,
# A) Table 1: K, P; Table 2: M, Q; — and Q will give a speech.
— Table 3: L, V, Z sponsors_sort, (K, L, M, P, Q, V, 2)
if is_sat(And(seated(K) == 1, < = EnumSort('sponsors', ['K', 'L',
<, seated(P) == 1, seated(M) == 2, o MY, 'P','QY, 'V, 'Z'D
— seated(Q) == 2, seated(L) == 3, tables_sort = IntSort()
— seated(V) == 3, seated(Z) == 3)): sponsors = [K, L, M, P, Q, V, Z]
o print('(A)") tables = [1, 2, 3]
# B) Table 1: K, Q, Z; Table 2: L, V; seated = Function('seated',
— Table 3: M, P — sponsors_sort, tables_sort)
if is_sat(And(seated(K) == 1,
— seated(Q) == 1, seated(Z) == 1, # Pre_Conditions
< seated(L) == 2, seated(V) == 2, pre_conditions = []
— seated(M) == 3, seated(P) == 3)): # L is seated at the same table as V
o print('(B)") pre_conditions.append(seated(L) ==
# C) Table 1: L, P; Table 2: K, M; — seated(V))
— Table 3: Q, V, Z s@ = Const('s@', sponsors_sort)
if is_sat(And(seated(L) == 1, pre_conditions.append(ForAll([s@],
— seated(P) == 1, seated(K) == 2, — And(1 <= seated(sQ), seated(s@)
— seated(M) == 2, seated(Q) == 3, o <= 3))
— seated(V) == 3, seated(Z) == 3)):
o print('(C)") # Question: Which one of the
# D) Table 1: L, Q, V; Table 2: K, M; — following is an acceptable
« Table 3: P, Z < assignment of sponsors to tables?
if is_sat(And(seated(L) == 1, def is_sat(option_constraints):
<« seated(Q) == 1, seated(V) == 1, solver = Solver()
— seated(K) == 2, seated(M) == 2, solver.add(pre_conditions)
— seated(P) == 3, seated(Z) == 3)): solver.add(option_constraints)
< print('(D)") return solver.check() == sat
# E) Table 1: L, V, Z; Table 2: K, M,
— P; Table 3: Q # A) Table 1: K, P; Table 2: M, Q;
if is_sat(And(seated(L) == 1, — Table 3: L, V, Z
« seated(V) == 1, seated(Z) == 1, if is_sat(And(seated(K) == 1,
— seated(K) == 2, seated(M) == 2, — seated(P) == 1, seated(M) == 2,
« seated(P) == 2, seated(Q) == 3)): «» seated(Q) == 2, seated(L) == 3,
o print('(E)") — seated(V) == 3, seated(Z) == 3)):
« print('(A)")
rejected program: # B) Table 1: K, Q, Z; Table 2: L, V;
from z3 import =* <« Table 3: M, P
if is_sat(And(seated(K) == 1,
# Declarations — seated(Q) == 1, seated(Z) == 1,
— seated(L) == 2, seated(V) == 2,
— seated(M) == 3, seated(P) == 3)):
— print('(B)")
# C) Table 1: L, P; Table 2: K, M;
s Table 3: Q, V, Z
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if is_sat(And(seated(L) == 1,

— seated(P) == 1, seated(K) == 2,
— seated(M) == 2, seated(Q) == 3,
— seated(V) == 3, seated(Z) == 3)):
o print('(C)")

# D) Table 1: L, Q, V; Table 2: K, M;
« Table 3: P, Z

if is_sat(And(seated(L) == 1,
seated(Q) == 1, seated(V) == 1,

— seated(K) == 2, seated(M) == 2,
— seated(P) == 3, seated(Z) == 3)):
< print('(D)")

# E) Table 1: L, V, Z; Table 2: K, M,
P; Table 3: Q
if is_sat(And(seated(L) == 1,

—

« seated(V) == 1, seated(Z) == 1,
— seated(K) == 2, seated(M) == 2,
«» seated(P) == 2, seated(Q) == 3)):
< print('(E)")

B Text Templates for Rule-based Samples
in KB

For samples in SemanticPref that are synthesized
with rule-based operations, we use a text template
to populate them into the knowledge base, and ex-
plain their errors. We have two nearly identical
templates which only differ in the sequence of pre-
ferred and rejected programs, and we randomly
choose between them for KB population. One of
the templates are shown as follows.

For the given story, we have two Z3
logic programs using python API.
[LCONTEXTI]

# Program 1:

[ [CHOSEN_PROGRAM]]

Execution Result:

[[CHOSEN_EXEC]]

# Program 2:

[[REJECTED_PROGRAM]]

Execution Result:

[[REJECTED_EXEC]]

The first program is preferred than
the second one, because:

(these description are only included
— when the sample has corresponding
error patterns)

1. the program 2 has missing
constraints from the original

—

—

—

o
« text, while the other one has
— them.
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2. the program 2 contains semantic
errors in declaration, while the

.
< other one is correct.

3. the program 2 uses undefined

«» predicates that's not in the z3

« declaration, while the other one
is correct.

4. the program 2 contains constraints
that have inconsistent semantics
— with the context, while the other
one is semantically correct.

—

—

—

C Additional Results and Discussion

C.1 Additional Results for Performance of
Auto-formalization

The performance of auto-formalization with
DeepSeek v3.2 and its reasoning mode are reported
in Table 7 and Table 8 respectively. These re-
sults further confirm the effectiveness of PrefRAG
in auto-formalization using different settings of
DeepSeek v3.2, as PrefRAG consistently achieves
higher executable rate, execution accuracy and raw
accuracy over baselines on in-distribution and out-
of-distribution benchmarks.

C.2 Additional Results for Ablation Studies

Table 6 provides a comparison between the perfor-
mance of baselines, PrefRAG and ablated PrefRAG
with reasoning models. Same variant from Sec-
tion 5.4 are adopted. As reasoning models perform
unstably under different baseline settings, results
of both Logic-LM and LTRAG are listed. A similar
trend reported in Section 5.4 is observed from these
results, that the variant PrefRAG-A consistently
outperforms baselines but underperforms PrefRAG.
Therefore, data augmentation is proved to be a key
component of the data construction.

C.3 Discussion of Exceptions of Main Results

The exceptions of the main results can be ex-
plained with results in Section 5.3. On FOLIO,
PrefRAG has a significantly higher executable rate
than Logic-LM with gpt-4o, thus less samples fail
to parse and use backup answers instead. The over-
all raw accuracy without backup strategies again
demonstrate that PrefRAG actually outperforms
Logic-LM in auto-formalization task, reaching an
improvement of 22.66%. Same as on LogicalD-
eduction with DeepSeek v3.2, where PrefRAG
slightly underperforms the CoT baseline by 0.67%.



03-mini dpsk-rs

Dataset Method ER EA RA ER EA RA
Logic-LM 996 69.57 6.93 7449 89.14 66.67

LTRAG 4848 20.54 9.96 3770  36.36 1.35
AR-LSAT PrefRAG-A 987 9430 93.07 9563 97.72 93.45
PrefRAG 98.27 9559 9394 96.10 9640 92.64
Logic-LM 0.00 0.00 000 94.12 81.25 7647
FOLIO LTRAG 100.00 81.32 81.32 100.00 84.62 84.62
PrefRAG-A 99.51 83.74 83.33 99.02 85.15 84.31
PrefRAG 100.00 84.80 84.80 99.51 85.71 85.29

Table 6: Comparison of baselines, PrefRAG, and PrefRAG-A with reasoning models 03-mini and DeepSeek v3.2
reasoning mode. PrefRAG-A represents the RAG framework same as PrefRAG but augmented data is removed

from the KB.
Dataset Method ER EA RA
Logic-LM  41.56 68.75 28.57
AR-LSAT LTRAG 63.64 85.03 54.11
PrefRAG 81.82 91.01 74.46
Logic-LM 8529 79.31 67.64
FOLIO LTRAG 100.00 8242 82.42
PrefRAG 97.06 83.34 80.88
Logical  Logic-LM 100.00 96.67 96.67
Deduction PrefRAG 100.00 99.33 99.33
Logic-LM  80.60 65.26 52.60
ProverQA ' fRAG ~ 98.60 77.08  76.00

Table 7: Executable rate (ER), execution accuracy
(EA) and raw accuracy (RA) without CoT backup with
DeepSeek v3.2 (%).

Dataset Method ER EA RA
Logic-LM  74.79 89.14 66.67

AR-LSAT LTRAG 4.33 40.00 1.73
PrefRAG  96.10 96.40 92.64
Logic-LM  94.12 81.25 76.47
FOLIO LTRAG 100.00 84.62 84.62
PrefRAG 99.51 85.71 85.29
Logical  Logic-LM 100.00 97.67 97.67
Deduction PrefRAG  100.00 100.00 100.00
Logic-LM  98.60 76.06 75.00
ProverQA b fRAG  100.00 77.00  77.00

Table 8: Executable rate (ER), execution accuracy
(EA) and raw accuracy (RA) without CoT backup with
DeepSeek v3.2 reasoning mode(%).
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D An Example of Logic-LM’s Output
with 03-mini

We here list an output generated with the translation
prompt of Logic-LM with 03-mini. We can observe
that the model first repeated the six programs from
the in-context examples, then generated the final
program. The program did not follow the grammar
as shown in the examples, such as using different
notes for comments, and using natural descriptions
like "set of children". This example shows that
03-mini performs poorly in instruction following
task, and its reasoning process as well as its output
are disturbed by the in-context samples.

11171171777177777717717777777

// Problem 1

// Tuesday Meals for Vladimir and
< Wendy

1117117177177777717717777777
// Problem 2
// Technician Machine Repairs

11717117771171717177117177777777
// Problem 6
// Assigning Lockers to Children

// Declarations

children = EnumSort([Fred, Juan,

< Marc, Paul, Nita, Rachel,

< Trishal)

lockers = EnumSort([1, 2, 3, 4, 51)
assigned = Function([children] ->
[lockers])

—




// Additional helper

— functions/relations:

shared = Function([lockers] -> [set
— of children]) // the set of

— children assigned to a locker

// Constraints

// Each locker is assigned to either

— one or exactly two children, and

< every child is assigned to

— exactly one locker.

ForAl1([1l: lockers], Or(Count([c:

— children], assigned(c) == 1) ==

< 1, Count([c: children],

— assigned(c) ==1) == 2)) :::

— "Locker occupancy condition”

ForAll([c: children], Exists([l:

— lockers], assigned(c) == 1)) :::
"Each child is assigned a locker”

// If a locker is shared (assigned to

< two children) then one must be a

< boy and one a girl.

boys = EnumSort([Fred, Juan, Marc,
— Paull)

girls = EnumSort([Nita, Rachel,

< Trishal)

ForAll1([1: lockers],
< Implies(Count([c: children],
— assigned(c) == 1) == 2,
Exists([b: boys, g: girls],
< assigned(b) == 1 And
< assigned(g) == 1))) :::
"Shared locker gender mix"
// Specific gender constraints for
— sharing
assigned(Fred) == "Fred is
— assigned to locker 3"
(Count([c: children], And(c == Juan,
— Count([1l: lockers], assigned(c)
o ==1) = 1)) = 1) ::: "Juan is
— assigned to some locker and must
< share (see below)”
// Juan must share a locker -> the
— locker Juan is in must contain 2
— children.
ForAl1([1: lockers],
— Implies(assigned(Juan) == 1,
< Count([c: children], assigned(c)
s == 1) == 2)) ::: "Juan must share
< a locker”
// Rachel cannot share a locker ->
— her locker is solo.
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ForAl11([1l: lockers],

— Implies(assigned(Rachel) == 1,

— Count([c: children], assigned(c)
— ==1) == 1)) ::: "Rachel does not
— share a locker”

// Nita’s locker cannot be adjacent
< to Trisha’s locker.

Not (Abs(assigned(Nita) -

< assigned(Trisha)) == 1) :::

— "Nita's locker not adjacent to

— Trisha’s"

// Marc alone is assigned to locker
- 1.

assigned(Marc) == : "Marc is

— assigned to locker 1 and is alone
— there”

// Additional note: When a locker is
<« shared it must be one girl and
< one boy - already enforced.

// Extra given conditions for this
<« problem instance:
assigned(Trisha) == :: "Trisha is
— assigned to locker 3"

// Options

Question ::: "If Trisha is assigned
- to locker 3 and Marc alone is

< assigned to locker 1, then which
< one of the following must be

- true?”

is_true(assigned(Juan) == 4) :::
o n (A) n
is_true(assigned(Juan) == 5) :::
o II(B)”

is_true(assigned(Paul) == 2) :::

N n (C) n

is_true(assigned(Rachel) == 2) :::
n (D) n

is_true(assigned(Rachel) == 5) :::

n (E) n
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