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Abstract
The integration of large language models (LLMs) with sym-
bolic solvers represents a promising direction for enhanc-
ing logical reasoning capabilities. However, existing meth-
ods often underutilize LLMs, treating them primarily as text-
to-symbol converters, and remain prone to hallucinations
and performance degradation in complex reasoning scenar-
ios requiring multi-step intermediate reasoning. To address
these limitations, we propose a novel framework that more
deeply integrates LLMs with logical solvers. Our approach
employs a two-step, fine-grained decomposition of the rea-
soning process. First, the LLM analyzes the problem and pro-
vides an outline for solving it. Second, the LLM decomposes
the original problem into simpler sub-problems and gener-
ates formal conditions for each. This strategy fully lever-
ages the LLM’s strengths in contextual exploration and prob-
lem structuring while offloading rigorous deduction to the
symbolic solver, thereby mitigating hallucinations. Exten-
sive experimental evaluation demonstrates that our frame-
work significantly outperforms state-of-the-art baselines. Our
work provides a more effective paradigm for applying LLMs
to complex reasoning tasks. Our codes are available at
https://github.com/meloxxxxxx/DCRF

Introduction
The integration of logical reasoning has long been a sig-
nificant challenge in the field of Artificial Intelligence and
Natural Language Processing (Newell and Simon 1956; Mc-
Carthy and Hayes 1981). The application of reasoning spans
multiple fields (Manning 2022) such as problem solving,
theorem proving, decision making, and robotics, and is cru-
cial for the development of artificial intelligence. In recent
years, with the rapid advancement of large language models
(LLMs) (Achiam et al. 2023; Touvron et al. 2023; Liu et al.
2024), it has been observed that these models begin to ex-
hibit certain reasoning capabilities (Wei et al. 2022a). When
employing the Chain-of-Thought (CoT) technique, LLMs
are instructed to reason step-by-step (Wei et al. 2022b; Ko-
jima et al. 2022), in some cases even demonstrating reason-
ing abilities akin to humans (Dunivin 2024). Despite sub-
stantial progress in reasoning capabilities, Large Language
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Models (LLMs) still exhibit several deficiencies in solving
reasoning problems (Liu et al. 2023): several studies have
found (Golovneva et al. 2022; Ribeiro et al. 2023; Lyu et al.
2023) that LLMs occasionally demonstrate reasoning bi-
ases, leading to conclusions that are logically inconsistent
with previously generated reasoning chains; other research
indicates that current language models still lack robust rea-
soning abilities, showing unstable performance across dif-
ferent datasets (Xu et al. 2025); furthermore, the hallucina-
tion problem in language models can also lead to reasoning
errors (Chen and Shu 2023; Li et al. 2023; Mündler et al.
2023), particularly when simple semantic coherence is in-
sufficient for more complex logical reasoning domains.

To address these limitations, recent research trends
have focused on a neuro-symbolic framework that in-
tegrates language models with symbolic solvers to en-
hance performance, including LogicLM (Pan et al. 2023),
LINC (Olausson et al. 2023), CLOVER (Ryu et al. 2024),
and QuaSAR (Ranaldi, Valentino, and Freitas 2025). These
approaches primarily leverage language models as text-to-
symbol converters, relying on traditional external reasoning
systems for the core inference process.

Although they ensure rigorous answer verification us-
ing logic solvers, they underperform on complex logical
datasets, particularly those requiring detailed explanations
of intermediate reasoning steps. This stems from the insuf-
ficient utilization of LLMs within their reasoning workflow.
On one hand, they overlook the LLM’s ability to capture key
aspects of the problem statement through planning and de-
liberation, leading to suboptimal translations. On the other
hand, using the logic solver alone for reasoning fails to gen-
erate interpretable solutions; thus, LLMs need to be involved
in the reasoning process itself, not merely as translators.
These shortcomings result in a significant gap between their
practical applicability and the requirements for solving com-
plex logical problems (Drori et al. 2022).

Other works, like Symbolic CoT (Xu et al. 2024), attempt
to more tightly integrate the CoT technique of LLMs with
logical languages, aiming to better leverage the reasoning
capacity of LLMs and improve overall reasoning effective-
ness. These methods behave well in explicable deductions,
but the hallucination issues remain unsolved, as it does not
employ rigid logic solvers for verification.

To address the aforementioned challenges and enhance



Figure 1: Method overview. We disassemble the original problem into simpler substeps, i.e. substeps S1, S2, . . . and an answer
q, by extracting them from the LLM deduction. Then we verify and solve the acquired substeps using the logic solver. If
the substep carries unverifiable skipping of steps, i.e., the logic solver returns Uncertain, we continue to decompose it for
further verification recursively, until we reach a complete and verifiable deduction graph. During the whole process, we correct
the deduction steps based on the verification results and iterate to reach an optimal deduction. Our framework is formally
summarized in Algorithm 1.

the performance of integrated LLMs and logical solvers on
complex reasoning tasks, we propose a novel methodologi-
cal framework. The core intuition behind our framework is
to leverage the deduction capabilities of LLMs more com-
prehensively while mitigating their reliability limitations in
complex logical reasoning. Specifically, we recursively de-
compose the problem into simple atomic deduction steps,
then verify and solve the acquired atomic steps using the
logic solver. This framework ensures that the LLM has an
adequate understanding of the problem through decompo-
sition, thus capturing crucial points in the problem state-
ment for correct LLM translation and logic solver verifi-
cation. Moreover, the acquired deduction steps with logic
solver verification generate a complete and rigid deduction
process, ensuring strong interpretability compared to prior
neuron-symbolic methods. The process above iterates under
the guidance of the logic solver verification until we reach
a rigid conclusion. A demonstration of our framework is

shown in Figure 1.
Our method makes the LLM transcend the role of a mere

translator, as we more fully harness its capabilities for con-
textual exploration and problem structuring, areas where
LLMs naturally excel. Correspondingly, we circumvent the
reliability issue of LLMs in complex logical deduction,
preventing hallucination behaviors. Extensive experimental
evaluation demonstrates that our method achieves superior
performance across multiple logical reasoning benchmarks,
with an average accuracy improvement of 15% over most
baseline approaches. Moreover, our method excels other
methods by generating a complete and rigid deduction pro-
cess, substantiating both its reasoning precision and practi-
cal effectiveness for complex logical reasoning tasks.

This work makes the following key contributions:

• We critically re-examine the limitations prevalent in cur-
rent neuron-symbolic frameworks, identifying their ma-
jor shortcoming: the absence of LLMs in their deduction,



which results in both suboptimal problem translation and
the lack of interpretable deductions.

• We propose a novel LLM-solver integration framework
that strategically leverages the deduction capability of
LLMs while systematically mitigating hallucination risks
with logic solvers, thereby enabling effective reasoning
in practical applications.

• Through comprehensive experiments, we demonstrate
the significant effectiveness of our framework, showing
consistent outperformance over existing baselines across
diverse logical reasoning datasets, providing valuable in-
sights and advancements for applying LLMs to complex
logical reasoning challenges.

Related Work
Logic Solver: The long-standing pursuit of automated log-
ical reasoning has been a central goal of artificial intelli-
gence, leading to the development of various solvers with
distinct methodologies. Traditionally, this field has been
dominated by symbolic reasoning systems, such as Au-
tomated Theorem Provers (e.g., Prover9 (McCune 2005),
Pyke (Frederiksen 2008)) and Satisfiability Modulo Theo-
ries (SMT) solvers (e.g., Z3 (De Moura and Bjørner 2008)).
These systems operate based on formal representations like
first-order logic, employing rigorous deductive rules to de-
rive conclusions with guaranteed logical soundness. Their
primary strengths lie in reliability and transparency; how-
ever, they are often brittle and require perfectly structured
inputs, rendering them inaccessible for problems expressed
in raw natural language.

Chain of Thought: With the advancement of language
models, reasoning capabilities have garnered significant at-
tention. (Wei et al. 2022b) proposed Chain of Thought
(CoT) prompting, which guides LLMs to generate responses
in a structured ’input, reasoning, output’ format, where the
”reasoning” component exhibits coherent, step-by-step nat-
ural language reasoning leading to the final answer. These
intermediate steps prompt the model to reason progressively
through different logics, enhancing its ability to solve com-
plex problems, such as arithmetic, symbolic reasoning, and
logical reasoning (Sprague et al. 2024; Luo et al. 2025;
Zhao et al. 2023). Although CoT techniques can enhance
the reasoning capabilities of LLMs, they struggle to elim-
inate hallucinations during reasoning (Akbar et al. 2024)
and still suffer from a lack of interpretability (Barez et al.
2025). This makes it difficult to fine-tune and correct er-
rors when mistakes occur in logical reasoning tasks. In sum-
mary, existing CoT techniques still face challenges in en-
abling LLMs to perform robust reasoning in complex envi-
ronments (Sprague et al. 2023).

LLM Logical Reasoning: Logic-LM (Pan et al. 2023)
first proposed integrating LLMs with logical solvers by us-
ing the LLM to translate natural language into formal logic
representations, which are then processed by the solver to
enhance reasoning. However, the limited translation capabil-
ity of language models resulted in suboptimal performance.
Subsequent research proposed various methods to improve
translation accuracy. LINIC (Olausson et al. 2023) sug-

gested having the language model translate K times followed
by voting to increase accuracy. CLOVER (Ryu et al. 2024)
decomposed natural language logic problems into potential
logical components in first-order logic forms and selected
the most probable logical combination, thereby improving
semantic accuracy. QuaSAR (Ranaldi, Valentino, and Fre-
itas 2025) enhanced semantic logic by having the LLM iden-
tify key logical components in natural language problems
and transform them into quasi-formal representations—a
semi-structured mix of symbols and natural language. How-
ever, these methods primarily focus on the translation ca-
pability of language models, without leveraging other LLM
abilities such as searching, association, or simple reason-
ing. Consequently, SymbCoT (Xu et al. 2024) proposed a
framework relying solely on language models, dividing the
LLM into four modules—translation, planning, solving, and
verification to perform multi-step reasoning centered around
symbolic logic. This method performs well in simple reason-
ing tasks, but the hallucination issues of language models
become apparent in complex reasoning scenarios, as it does
not employ rigid logic solvers for verification. As language
models continue to evolve, the future direction should not
be confined solely to optimizing translation capabilities nor
simply assigning all tasks to the LLM. Instead, it is crucial
to properly acknowledge and integrate the various strengths
and weaknesses of LLMs, better leveraging their advanta-
geous capabilities while avoiding their limitations, such as
hallucination in complex reasoning.

Method
Motivation
LLMs suffer from reliability issues in complex reason-
ing (Chen and Shu 2023; Li et al. 2023; Mündler et al.
2023), including hallucination, cyclic reflection, lack of ver-
ifiability and faithfulness, etc. To mitigate these reasoning
flaws, prior works, including LogicLM (Pan et al. 2023),
LINIC (Olausson et al. 2023), CLOVER (Ryu et al. 2024),
QuaSAR (Ranaldi, Valentino, and Freitas 2025), employ
neuro-symbolic methods that integrate LLMs with symbolic
reasoning to enhance the logic capacity of models. These
methods abide by the following common workflow:

i) Employ the LLM to translate natural language into for-
mal logic representations, including Deductive Reason-
ing, First-Order Logic, Constraint Satisfaction, etc.

ii) Entrust the reasoning mission to logic solvers, includ-
ing Prover9 (McCune 2005), Pyke (Frederiksen 2008),
Z3 (De Moura and Bjørner 2008), etc.

In these methods, the employed rigorous symbolic logic
solvers ensure verifiable and faithful deductions (Step ii),
but the suboptimal effect of these methods indicates the ex-
istence of weak links in their workflow, i.e. the translation
from natural language to formal logic representations (Step
i).

We empirically identify that the key issue in the transla-
tion (Step i) above is the absence of logical deduction, which
is separately conducted by logic solvers in Step 2. Specifi-
cally, given a logic problem consisting of several premises



Figure 2: A demonstration of our empirical observations
about logic translation. When given redundant premises car-
rying interference information, the model is unaware of the
role of each premise in the deduction, thus reaching mind-
less logic translation that the logic solver cannot deduct
upon; if we decompose the problem into understandable
steps, the model catches the key point of this deduction,
thus locating the crucial points in the problem statement and
making effective translations for logic solvers.

and a question for an LLM to translate into formal represen-
tations, the model is unaware of the role of each premise in
the deduction, as it cannot see through the complex prob-
lem solution. Please refer to Figure 2 for a demonstration.
This prohibits the model from capturing crucial points in the
problem statement, resulting in a suboptimal translation.

An intuitive solution is to make the problem more brief,
i.e., fewer premises that carry less interference information;
thus, the translation model understands the key point of this
deduction, and then it can locate the crucial points in the
problem statement and make effective translations for logic
solvers.

To demonstrate the effect of reducing the number of
premises on better translation, we propose an empirical ex-
periment where we employ LLMs to translate FOL prob-
lems into logic languages, then use the logic solver to solve
the problem. The results are shown in Figure 3. As the
logic solver is reliable and faithful, i.e., a correct translation
must lead to a correct answer, the accuracy reflects the per-
formance of LLM translation. The results show that fewer
premises are highly correlated with higher answer accuracy,
which proves the effect of making the problem more brief
for the translation model to see through.

On this basis, we propose the following method that recur-
sively decomposes the problem into simple atomic deduc-
tion steps, which ensures an adequate problem understand-
ing of the translation model.

Algorithm 1: Framework
Input: Logic problem P = (p1, . . . , pk, q)
Initialization: Deduction LLM F (·), logic extraction LLM
G(·), translation LLM H(·), logic solver L(·), maximum
disassemble depth d for Algorithm 2, maximum trial num-
ber T , trial experience E = ∅
Output: Answer to q

1: for t in range(T ) do
2: Disassembly: {S1, . . . , Sn} = G(F (P )), assume Sn

is the final substep that reaches the answer to q.
3: vn = Verify(Sn) (Algorithm 2), this triggers a

recursive verifiction consistent with the deduciton
graph G{S1, . . . , Sn}, getting verifications vi =
Verify(Si), i = 1, . . . , n− 1

4: if vn = True then
5: Break
6: else
7: Give feedback to the next trial:

E = E
⋃
{(S1, v1), . . . , (Sn, vn)}

8: end if
9: end for

10: return Sn[conclusion]

Algorithm 2: Verify
Input: A substep Si to verify
Initialization: Logic problem P = (p1, . . . , pk, q),
substeps S1, . . . , Sn, maximum disassemble depth d,
translation LLM H(·), logic solver L(·).
Output: Verification of Si[conclusion],
i.e. vn ∈ {True, False, Uncertain}.

1: To verify Si, gather required subconclusions S =
{Sj |Sj [conclusion] ∈ Si[proofs]}

2: for Sj in S do
3: Verify subconclusion: vj = Verify(Sj)
4: if vj = Uncertain and d not exceeded then
5: Further disassembly: {S′

1, . . . , S
′
k} = G(F (Sj))

6: vj = Verify(S′
k)

7: end if
8: end for
9: Use only True subconclusions:

Si[proofs] = Si[proofs]\{Sj [conclusion] ∈
Si[proofs]|vj ̸= True}

10: verification result vi = L(H(Si))
11: return vi
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Figure 3: Accuracy of using different LLMs in FOL problems as translators.

Preliminaries
First-Order Logic (FOL) We employ the FOL gram-
mar (Enderton 2001) in our method to parse natural lan-
guages into a verifiable logic language. Specifically, a logic
problem (say P ) is parsed into a list of FOL formulas in-
cluding known Premises (say p1, . . . , pk) and an unknown
Conclusion (say q) to be proved.

LLM deduction Given an LLM and a logic problem
P = {p1, . . . , pk, q} to solve, we formalize the natural lan-
guage deduction of the LLM using substeps {S1, . . . , Sn},
Si = ([conclusion], [proofs]), where [conclusion] is the
subconclusion reached in the substep, and [proofs] de-
notes the premises and other subconclusions employed as
its proofs. The subconclusion and its proofs in natural lan-
guage can also be parsed into FOL formulas for verification.
Note that this proof citation constructs a deduction graph
G(S1, . . . , Sn).

Method description
Our method decomposes the original problem into simpler
deduction steps using LLMs, then verifies and solves the ac-
quired substeps using the logic solver. If the substep carries
unverifiable skipping of steps, we continue to decompose it
for further verification recursively. The above disassembly
and verification are conducted alternately until we reach a
complete and verifiable deduction graph. Finally, we correct
the deduction steps based on the verification results, and it-
erate the process above to reach an optimal deduction. Our
framework is demonstrated in Figure 1 and summarized in
Algorithm 1. We elaborate each part as follows.

Acquire deduction steps through recursive disassem-
bly We disassemble the problem with the CoT(Chain-of-
thought) (Sprague et al. 2024) technique to acquire sub-
steps {S1, . . . , Sn}, Si = ([conclusion], [proofs]). For-
mally, given a logic deduction problem P = (p1, . . . , pk, q),
where p1, . . . , pk are premises, q is a question, we em-
ploy a deduction LLM F (·) with CoT to get a CoT de-
duction F (P ), and an extractor LLM G(·) with a prompt
to extract substeps from the deduction, which gets substeps
{S1, . . . , Sn} = G(F (P )).

The framework above leverages the deduction instinct of
the LLM to simplify the problem, but it often carries un-
verifiable skipping of steps. If so, we continue to conduct
the disassembly recursively, i.e. disassemble substep by do-
ing G(F (Si)), until we reach an atomic disassembly with
verifiable substeps. This is described in Algorithm 2. Such
verification ensures a faithful deduction, compensating for
the faithfulness flaw of model deduction.

Translate and verify substeps To verify each sub-
step, we first employ an LLM H(·) prompted to trans-
late natural language into formal logic representations
H(Si), i = 1, . . . , n, then we utilize the logic solver
L(·) to give a verification result vi = L(H(Si)) ∈
{True, False, Uncertain}. Described in Algorithm 2 as
a recursive function, the verification is complemented
according to the deduction sequence in the deduc-
tion graph G(S1, . . . , Sn). Note that the verification of
Si[conclusion] only uses True statements, i.e. premises
and verified True subconclusions in Si[proofs].

Feedback and adjustment To correct mistaken subcon-
clusions or change the whole wrong thinking when it hap-
pens, we provide the model with the verification result that
denotes the correct and incorrect subconclusions as feed-
back, which the model will take as a guiding experience for
the next iteration. This is described in Algorithm 1.

Experiment
Experiment set-up
In this module, we introduced the basic settings used in our
experimental method.
Datasets.

For logical reasoning problems, we evaluate our method
and the baselines on the following datasets: FOLIO (Han
et al. 2022), AR-LSAT (Zhong et al. 2022), Zebralogic (Lin
et al. 2025), Puzzle (Srivastava et al. 2023), and PrOn-
toQA (Saparov and He 2022). The details of these datasets
are introduced as follows.

FOLIO: The questions in this dataset are largely aligned
with the frontiers of real-world knowledge and are phrased



in highly natural language. These questions are primarily
solved through complex first-order logical reasoning. We
selected all instances from this dataset to form the test set.

AR-LSAT: This dataset consists of analytical reasoning
problems and is highly challenging, as even state-of-the-art
baseline methods perform poorly on it. We selected all
instances from this dataset for testing.

Zebralogic: This type of dataset belongs to multi-
attribute sorting logic puzzles, which require logical
reasoning based on all given clues to correctly assign each
unique value of every attribute to its corresponding position
(e.g., house). We randomly selected 200 instances from this
dataset for testing.

Puzzle: This dataset covers a wide variety of reasoning
problem types and is considered a comprehensive bench-
mark. We randomly filtered out 200 reasoning-related
questions for testing.

PrOntoQA: This dataset is specifically designed to eval-
uate the deductive reasoning capabilities of large language
models (LLMs). The task in PrOntoQA is to verify the
truthfulness of a new fact. We used a instance from this
dataset for testing.

Metrics. We employ accuracy (ACC) on the datasets as our
primary evaluation metric. Additionally, the average time
taken to solve a reasoning problem is computed and reported
as a measure of method efficiency.
Compared Baselines. To demonstrate the advantages of our
method, we select several recent and representative stud-
ies in related fields to serve as our baselines. These include
Logic-LM (Pan et al. 2023), LINC (Olausson et al. 2023),
CLOVER (Ryu et al. 2024), QuaSAR (Ranaldi, Valentino,
and Freitas 2025), and SymCoT (Xu et al. 2024). Among
them, SymCoT is a pure LLM-based method that leverages
Chain-of-Thought (CoT), while the other approaches gener-
ally employ a framework that combines LLMs with logical
solvers.
Implementation Details. In our experiments, all evalua-
tions were conducted using LLMs and the Z3 solver follow-
ing our framework’s procedure. The maximum disassembly
depth was set to 2 by default, and the maximum trail number
was also set to 2 by default. These default values were de-
termined by balancing the method’s performance with com-
putational overhead during runtime. Each step in the frame-
work employs corresponding prompts, with detailed specifi-
cations provided in the Appendix .
Main Result.

Our main experimental results are presented in Figure 4.
As demonstrated, the integration of LLMs with solvers
yields significant improvements in reasoning capabilities
compared to the standard LLM approach and the Chain-of-
Thought (CoT) method. Specifically, the Chain-of-Thought
(CoT) method improves the average accuracy by 6.1% com-
pared to the standard approach. LogicLM demonstrates a
15.1% performance gain over the standard method, while

Table 1: Performance of different methods applied to GPT 4
on logical reasoning datasets

Dataset AR-LSAT FOLIO Zebralogic Puzzle PrOntoQA

Standard 0.329 0.662 0.125 0.620 0.765
CoT 0.342 0.701 0.140 0.605 0.915

Logic-LM 0.429 0.765 0.425 0.625 0.840
LINC 0.377 0.730 0.380 0.655 0.880

CLOVER 0.641 0.784 0.715 0.825 0.925
QuaSAR 0.558 0.745 0.405 0.755 0.855
SymCoT 0.442 0.775 0.155 0.640 0.890

Ours 0.632 0.804 0.735 0.820 0.965

Table 2: Performance of different methods applied to
GPT3.5 on logical reasoning datasets

Dataset AR-LSAT FOLIO Zebralogic Puzzle PrOntoQA

Standard 0.234 0.461 0.090 0.430 0.460
CoT 0.281 0.534 0.115 0.475 0.700

Logic-LM 0.381 0.642 0.345 0.520 0.725
LINC 0.320 0.627 0.315 0.515 0.680

CLOVER 0.541 0.706 0.645 0.740 0.775
QuaSAR 0.476 0.657 0.350 0.645 0.700
SymCoT 0.381 0.667 0.140 0.555 0.740

Ours 0.571 0.745 0.635 0.800 0.875

our approach achieves a 32.7% improvement. Notably, our
method maintains a 3.1% advantage over the state-of-the-art
CLOVER approach.

More importantly, while most baselines achieve accu-
racy rates of approximately 60-80% on simpler reason-
ing datasets such as FOLIO, Puzzle, and PrOntoQA, their
performance drops significantly to around 40% on more
challenging logical reasoning tasks like AR-LSAT and Ze-
bralogic. This performance level is close to random guess-
ing, indicating that these methods struggle with com-
plex logical reasoning problems. Although CLOVER shows
competitive performance on these difficult tasks, our method
achieves the highest average accuracy of 63.1% and 69.8%
on AR-LSAT and Zebralogic, respectively.

Furthermore, as shown in Tables 1 2 3, our method consis-
tently achieves superior performance across different back-
bone models. Compared to the popular baseline Logic-LM,
our approach improves average accuracy by 16.7%, 20.7%,
and 15.6% on GPT-4, GPT-3.5, and DeepSeek models, re-
spectively. When compared to the standard approach, our
method demonstrates approximately 30% ∼ 40% improve-
ment across all models, highlighting its strong generaliza-
tion capability across diverse model architectures.

Computational Cost
In this module, we evaluate the temporal cost of different
methods. Our evaluation approach is as follows: we mea-
sure the average time required by each method to complete
a logical reasoning problem using the GPT-4 model. Since
the runtime of the SAT solver is negligible compared to that
of the LLM, this metric is used to assess the computational
cost.

The specific results are shown in Table 4. It can be ob-
served that the average time for the Standard and CoT meth-
ods is 6–7 seconds, yet their accuracy is relatively low. The
temporal costs of the other methods range from 10 sec-



Figure 4: The average performance on three models of different methods

Figure 5: The performance of our method on GPT-3.5 using different combinations of hyperparameters

Table 3: Performance of different methods applied to
Deepseek on logical reasoning datasets

Dataset AR-LSAT FOLIO Zebralogic Puzzle PrOntoQA

Standard 0.351 0.691 0.130 0.625 0.815
CoT 0.342 0.701 0.135 0.640 0.940

Logic-LM 0.429 0.799 0.445 0.635 0.910
LINC 0.377 0.760 0.370 0.655 0.925

CLOVER 0.662 0.838 0.695 0.820 0.955
QuaSAR 0.576 0.750 0.400 0.735 0.920
SymCoT 0.433 0.833 0.160 0.670 0.915

Ours 0.688 0.838 0.725 0.875 0.975

onds to 100 seconds. Although our method incurs a higher
temporal cost, its superior accuracy compensates for this
drawback: compared to all baselines except CLOVER, our
method achieves an average accuracy that is at least 15%
higher, which fully justifies the increased temporal expendi-
ture. Furthermore, while our method’s average accuracy is
only 3.1% higher than that of CLOVER, we simultaneously
achieve a reduction of 23 seconds in temporal cost. Even

Table 4: Comparison of inference time costs using different
methods with GPT-4.

Method Standard CoT Logic-LM LINC

Average time per question 6.3s 7.1s 26.8s 48.5s

Method CLOVER QuaSAR SymCoT Ours

Average time per question 99.2s 12.4s 51.7s 76.2s

when compared to the state-of-the-art method CLOVER, our
approach maintains a dual advantage in both accuracy and
temporal efficiency.

Ablation Study
In this module, we conduct ablation experiments to validate
the importance and effectiveness of two key components
in our method: decomposing the original problem into
sub-problems and rethinking the outline. To this end, we
define the maximum depth for problem decomposition as
the hyperparameter maximum disassemble depth, and the
maximum number of rethinking iterations as the hyper-



Figure 6: The performance of our method on GPT-4 using different combinations of hyperparameters

parameter maximum trial number . For convenience, we
denote these two hyperparameters as depth number and
outline number. In our experiments, the depth number
takes values of 0, 1, 2, and 3, while the outline number
takes values of 0, 1, and 2. We apply these hyperparameter
configurations to both the GPT-4 and GPT-3.5 language
models and conduct experiments on the default dataset.
Results are illustrated in Figures 6 and Figures 5.

As shown in Figure 6, when depth number = 0, the lan-
guage model degenerates into a logical problem translator. It
can be observed that the average accuracy under this setting
is suboptimal, with only 61.4% accuracy when outline num-
ber = 0. However, when the outline number increases to 1
and 2, the average accuracy improves by 2.6% and 3.5%, re-
spectively. This indicates that during the process of outlining
and rethinking, the model gains a deeper understanding of
the problem, which subsequently enhances translation accu-
racy. Nevertheless, such improvements remain limited when
depth number = 0. In contrast, when depth number increases
to 1, even without outlining, the model exhibits a qualitative
improvement in reasoning capability, with accuracy increas-
ing by 12.4%. This validates our hypothesis that reasoning
or translation errors often arise due to the excessive cogni-
tive span of the original proposition. Decomposing complex
propositions into combinations of simpler ones effectively
enhances the model’s reasoning performance. More impor-
tantly, when depth number = 1, increasing the outline num-
ber to 1 and 2 leads to accuracy improvements of 4.1% and
5.3%, respectively—significantly higher than the improve-
ments observed when depth number = 0. This suggests a
positive interaction between outlining and problem decom-
position: outlining not only improves translation accuracy
but also enhances the reasoning steps involved in subse-
quent problem decomposition. As shown in Figure 5, our
experiments on GPT-3.5 further corroborate these findings,

showing a 14.5% accuracy improvement when depth num-
ber increases to 1, along with a greater marginal benefit of
increasing outline number compared to the depth number =
0 condition. Furthermore, when both depth and outline pa-
rameters are greater than or equal to 1, the accuracy shows
a modest increase (within 3%) as the hyperparameters grow,
sufficiently demonstrating the robustness of our method to
variations in hyperparameter settings. Our method still ex-
hibits parameter robustness on the Deepseek model; the ex-
periment for Deepseek is detailed in Appendix B.

Conclusion
In this work, we critically examine the limitations of exist-
ing neuro-symbolic frameworks for logical reasoning, which
often underutilize the capabilities of Large Language Mod-
els (LLMs) by relegating them to the role of mere text-
to-symbol translators. This narrow usage fails to leverage
the LLMs’ inherent strengths in contextual understanding
and problem structuring, while also leaving them suscepti-
ble to hallucinations and performance degradation in com-
plex reasoning scenarios. To address these shortcomings,
we proposed a novel decomposed collaborative framework
that fosters a more profound and synergistic integration be-
tween LLMs and symbolic solvers. Our methodology strate-
gically decomposes complex reasoning tasks into simpler,
atomic sub-problems, allowing the LLM to dynamically an-
alyze the problem, identify critical reasoning elements, and
structure the logical relationships. The symbolic solver then
rigorously verifies these atomic deductions, ensuring logical
soundness and mitigating hallucinations. This iterative pro-
cess, guided by feedback from the solver, enables the frame-
work to progressively refine its reasoning path. In summary,
our framework successfully harnesses the complementary
strengths of LLMs and symbolic solvers, paving the way for
more robust and trustworthy AI reasoning systems.
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Appendix
A.Prompt Templates
1. Subgoals Prompt: This prompt instructs the model to
deconstruct a given free-form deduction (<DEDUCTION>)
into a sequence of structured steps. Each step must consist
of a discrete subconclusion (<SUBCONCLUSION i>) and
its corresponding proofs (<PROOFS>), which are references
to premises or prior subconclusions. This structured format
is crucial for enabling systematic, step-by-step verification
of the reasoning chain.

Subgoals Prompt:

Solve the following First-Order Logic inference
question:
<PREMISES>
<HINTS>
<QUESTION>
<DEDUCTION>
Please follow these guidelines:
- Summarize the deduction above by extracting the
subconclusion and its proofs in each step.
- The line of the i-th subconclusion should start
with ”<SUBCONCLUSION i>” EXACTLY, and
do NOT use line feed in one subconclusion.
- In the next line of each subconclusion, list its
proofs using indices, like ”premise i, premise j,...,
subconclusion k, subconclusion l”. This line should
start with ”<PROOFS>” EXACTLY, and do NOT
use line feed.
- Each subconclusion is a CLEAN conclusion
without its proof, analysis, and other problems.
- Denote the answer of true, false or uncertain with
a line starting with ”<ANSWER>”, and also don’t
forget to list its proofs in the next line starting with
<PROOFS>.
- Do NOT write subconclusions identical to any of
the given premises and the question.
- Do NOT write subconclusions that are more
complex than the original problems or contain other
problems. The subconclusions should be SIMPLER
than the given problem.
- Do NOT include proof, analysis, and other prob-
lems in each subconclusions.

<FEEDBACK>

2. Translation Prompt: This prompt is designed to convert
a logic problem, originally expressed in natural language,
into the precise syntactic format required by the Prover9
automated theorem prover. The model is provided with ex-
plicit formatting rules, including the placement of assump-
tions and goals, the correct use of logical operators (-, &,
|—), and the structure of quantifiers (all, exists). This
step bridges the gap between human-readable problem state-
ments and machine-verifiable formalisms.

Translation Prompt:

Given the premises and a question, the task is to
parse the premises and the question into a complete
Prover9 input file.
The format of the Prover9 input file is as follows:
1) All premises must be placed between ’formu-
las(assumptions).’ and ’end of list.’.
2) The conclusion to be proved must be placed
between ’formulas(goals).’ and ’end of list.’.
3) All formulas must end with a period (.).
4) Use ’-’ for negation, ’&’ for conjunction, and
’—’ for disjunction.
5) Use ’all x (...)’ for universal quantification and
’exists x (...)’ for existential quantification.
Premises:
All people who regularly drink coffee are dependent
on caffeine.
People either regularly drink coffee or joke about
being addicted to caffeine.
No one who jokes about being addicted to caffeine
is unaware that caffeine is a drug.
Rina is either a student and unaware that caffeine
is a drug, or neither a student nor unaware that
caffeine is a drug.
If Rina is not a person dependent on caffeine and a
student, then Rina is either a person dependent on
caffeine and a student, or neither a person dependent
on caffeine nor a student.
Question:
Based on the above information, is the following
statement true, false, or uncertain? Rina is either a
person who jokes about being addicted to caffeine
or is unaware that caffeine is a drug.
formulas(assumptions).
all x (Drinks(x) → Dependent(x)).
all x (Drinks(x) — Jokes(x)).
all x (Jokes(x) → -Unaware(x)).
(Student(rina) & Unaware(rina)) — (-Student(rina)
& -Unaware(rina)).
-(Dependent(rina) & Student(rina)) → ((Depen-
dent(rina) & Student(rina)) — (-Dependent(rina) &
-Student(rina))).
end of list.

formulas(goals).
Jokes(rina) — Unaware(rina).
((Jokes(rina) & Unaware(rina)) — (-Jokes(rina) &
-Unaware(rina))) → (Jokes(rina) & Drinks(rina)).
end of list.
Premises:
Miroslav Venhoda was a Czech choral conductor
who specialized in the performance of Renaissance
and Baroque music.
Any choral conductor is a musician.
Some musicians love music.
Miroslav Venhoda published a book in 1946 called
Method of Studying Gregorian Chant.
Question:
Based on the above information, is the following
statement true, false, or uncertain? Miroslav Ven-
hoda loved music.



formulas(assumptions).
Czech(miroslav) & ChoralConductor(miroslav)
& Specialize(miroslav, renaissance) & Special-
ize(miroslav, baroque).
all x (ChoralConductor(x) → Musician(x)).
exists x (Musician(x) & Love(x, music)).
Book(methodOfStudyingGregorianChant) & Au-
thor(miroslav, methodOfStudyingGregorianChant)
& Publish(methodOfStudyingGregorianChant,
year1946).
end of list.

formulas(goals).
Love(miroslav, music).
exists y (exists x (Czech(x) & Author(x, y) &
Book(y) & Publish(y, year1946))).
-exists x (ChoralConductor(x) & Specialize(x,
renaissance)).
end of list.
——
Premises:
<PROBLEM>
Question:
<QUESTION>

3. Outline Prompt: This prompt directs the model to gen-
erate an initial, step-by-step deductive pathway to solve a
given logical question. Based on the provided premises and
hints, the model is tasked with producing a coherent line of
reasoning. This output serves as the preliminary deduction
that is subsequently analyzed and refined in later stages of
our framework.

Outline Prompt:

Write a step-by-step deduction to solve the follow-
ing question:
<PREMISES>
<HINTS>
<QUESTION>
<FEEDBACK>

4. Feedback Prompts: The following two prompts are em-
ployed when the model’s initial attempt yields an incorrect
result.

Answer Feedback Prompt:

TRIAL <TRIALID>
In this former trial, you gave the following sum-
mary, FAILURE. Please try again.
Your summary:
<SUMMARY>

Outline Feedback Prompt:

TRIAL <TRIALID>
In this former trial, you made the following sub-
conclusions to reach the answer. Through rigid
verification, we denote your correct (i.e., true) and
incorrect (i.e., false or uncertain) subconclusions.
Your trial:
<DEDUCTION>
<SUBCONCLUSIONRESULTS>

B.More Experiments
In this section, we present hyperparameter experiments on
the Deepseek model.

The empirical results are presented in Table 7. Through
analysis, it can be found that the depth number is still an im-
portant parameter affecting the performance of the model.
When both the outline number and depth number are 0, in-
creasing the depth number by 1 increases the accuracy by
8.2%, and increasing the outline number by 1 increases the
accuracy by 3.3%. When the outline number and depth num-
ber are greater than or equal to 1, the performance of the
model ranges from 76% to 79%, proving that our method
has a certain robustness to hyperparameters.



Figure 7: The performance of our method on Deepseeek using different combinations of hyperparameters


