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Abstract

Logical reasoning is a core challenge in natural language un-
derstanding and a fundamental capability of artificial intelli-
gence, underpinning scientific discovery, mathematical theo-
rem proving, and complex decision-making. Despite the re-
markable progress of large language models (LLMs), most
current approaches still rely on forward reasoning paradigms,
generating step-by-step rationales from premises to conclu-
sions. However, such methods often suffer from redundant
inference paths, hallucinated steps, and semantic drift, re-
sulting in inefficient and unreliable reasoning. In this pa-
per, we propose a novel framework, Hypothesis-driven Back-
ward Logical Reasoning (HBLR). The core idea is to inte-
grate confidence-aware symbolic translation with hypothesis-
driven backward reasoning. In the translation phase, only
high-confidence spans are converted into logical form, such
as First-Order Logic (FOL), while uncertain content remains
in natural language. A translation reflection module further
ensures semantic fidelity by evaluating symbolic outputs and
reverting lossy ones back to text when necessary. In the rea-
soning phase, HBLR simulates human deductive thinking by
assuming the conclusion is true and recursively verifying its
premises. A reasoning reflection module further identifies and
corrects flawed inference steps, enhancing logical coherence.
Extensive experiments on five reasoning benchmarks demon-
strate that HBLR consistently outperforms strong baselines in
both accuracy and efficiency.

Code — https://github.com/wufeiwuwoshihua/HBLR

1 Introduction

Logical reasoning lies at the heart of artificial intelli-
gence (Al), playing a central role in scientific discov-
ery, mathematical theorem proving, and complex decision-
making (Bronkhorst et al. 2020). In natural language under-
standing, logical reasoning refers to the process of draw-
ing valid conclusions from a set of textual premises, of-
ten requiring models to perform multi-step, structured in-
ference (Nunes 2012; Bronkhorst et al. 2020). Despite
its importance, reasoning over natural language remains a
formidable challenge due to linguistic ambiguity, implicit
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Figure 1: Conceptual comparison of reasoning paradigms.
HBLR adopts a hypothesis-driven backward reasoning strat-
egy with selective symbolic translation, enhancing precision
and effectiveness.

knowledge, and the need for robust and reliable composi-
tional generalization (Ye et al. 2023; Pan et al. 2023; Li et al.
2025; Luo et al. 2025). Effective logical reasoning requires
not only the understanding of individual statements, but also
the ability to model their interrelations through valid and
principled logical transformations (Smith 2003).

Over the past decades, a wide range of approaches have
been proposed to tackle this challenge. Early methods re-
lied extensively on symbolic representations and rule-based
inference engines, such as first-order logic (FOL) systems
and logic programming frameworks. Subsequently, con-
straint solvers (e.g., GeCode (Schulte, Lagerkvist, and Tack
2006), PyKE (Frederiksen 2008)) and automated theorem
provers (e.g., Prover9 (McCune 2009), Z3 (Microsoft Re-
search 2015)) were introduced to strengthen formal infer-
ence capabilities. More recently, the emergence of neural-
symbolic reasoning has enabled the integration of statistical
learning with structured logical operations, bridging the gap
between expressivity and scalability.

In particular, the emergence of large language models
(LLMs) (Patel et al. 2022; Hahn et al. 2022) has greatly
propelled the development of natural language reasoning. A
series of studies, such as CoT (Chain-of-Thought) prompt-
ing (Wei et al. 2022), Tree of Thoughts (Yao et al. 2023a),
LINC (Olausson et al. 2023), and Logic-LM (Pan et al.
2023), have demonstrated the potential of LLMs in perform-



ing complex deductive reasoning tasks. These methods ei-
ther directly leverage LLMs to generate reasoning chains in
natural language, or translate natural language into symbolic
forms and invoke external solvers. Some recent works, such
as SymbCoT (Xu et al. 2024), further integrate symbolic
representations with LLMs to enhance reasoning faithful-
ness and interpretability.

Despite these promising advances, current methods still
face several key limitations. First, most approaches adopt
a forward reasoning paradigm, generating reasoning steps
from premises toward conclusions. However, this paradigm
often suffers from redundant reasoning paths, hallucinated
intermediate steps, and goal deviation, resulting in unreli-
able or inefficient inference (Kazemi et al. 2023). Second,
symbolic translation is often applied globally to the entire
input, despite the fact that large language models may only
be confident about specific parts of the text. Over-reliance on
imperfect translation may introduce logical errors or seman-
tic loss (Li et al. 2025). Finally, reasoning steps are seldom
verified or revised once generated, making the process prone
to compounding mistakes.

To address these challenges, we propose a novel frame-
work, Hypothesis-driven Backward Logical Reasoning
(HBLR), shown in Figure 1. The core idea is to reframe log-
ical reasoning as a hybrid process that (1) selectively trans-
lates high-confidence spans of natural language into for-
mal logic and (2) simulates human-like deductive reasoning
via backward chaining. Specifically, HBLR first performs
confidence-aware symbolic translation into FOL while re-
taining uncertain parts in natural language. A translation re-
flection module further ensures semantic fidelity by revert-
ing lossy translations. Then, HBLR assumes the conclusion
to be true and recursively verifies its logical support in a
hypothesis-driven, backward fashion. A reasoning reflection
module is also introduced to detect and correct flawed infer-
ence steps, ensuring logical coherence and robustness.

* We propose HBLR, a novel logical reasoning framework
based on hypothesis-driven backward chaining, which
simulates human deductive thinking by assuming the
conclusion and verifying its premises in reverse, address-
ing the inefficiencies of forward reasoning paradigms.

We introduce a selective symbolic translation strategy
that converts high-confidence spans into logic form while
retaining uncertain parts in natural language, thereby bal-
ancing formal precision and semantic flexibility.

We conduct comprehensive experiments on five bench-
mark datasets and show that HBLR achieves superior
performance in reasoning accuracy and efficiency.

2 Related Work

Prompt-based LLM Reasoning. Logical reason-
ing—deriving correct conclusions from given premises—is
a core ability for large language models (LLMs) (Mon-
dorf and Plank 2024; Sun et al. 2023; Qiao et al. 2023).
Prompting provides a direct way to activate this ability.
For complex tasks, step-by-step prompting has become
widely used (Besta et al. 2024b; Wang et al. 2023).
Chain-of-Thought (CoT) prompting (Wei et al. 2022)
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guides LLMs to generate intermediate steps, while Tree-of-
Thought (ToT) (Yao et al. 2023a) and Graph-of-Thought
(GoT) (Besta et al. 2024a) enable exploration of multiple
reasoning paths. However, these methods still struggle in
non-mathematical tasks and when exemplar and target
question complexity differ (Sprague et al. 2024).

Another major direction is question decomposi-
tion (Zhang et al. 2023; Yao et al. 2023b; Kazemi
et al. 2023). Least-to-most prompting (Zhou et al. 2023;
Wang, Cheng, and Liu 2025; Jiang et al. 2025) solves
problems by first handling simpler sub-questions, and
divide-and-conquer strategies (Cui et al. 2023; Zhang et al.
2024; Cheng et al. 2025) further improve consistency and
logical accuracy. Backward chaining (Kazemi et al. 2023)
reduces the search space by breaking tasks into solvable
sub-modules. Despite these advances, prompt-based rea-
soning still faces high computational cost and unstable
performance (Yao et al. 2023a).

Symbolic-based LLM Reasoning. Symbolic reasoning
uses formal logic symbols and expressions to enable consis-
tent and precise inference, helping reduce issues in prompt-
based reasoning such as inconsistency and sensitivity to
premise order (Chen et al. 2024; Bao et al. 2024a).

One main line of work improves LLM reasoning by in-
troducing explicit logical representations (Wang et al. 2022;
Wan et al. 2024). Wang et al. (2022) mapped natural lan-
guage to logical forms to produce more aligned and reli-
able answers, while Bao et al. (2024b) used structured se-
mantic graphs for logic-driven data augmentation across di-
verse tasks. Xu et al. (2024) proposed a two-stage method
that first generates logical forms and then uses them to
guide downstream reasoning and planning more effectively.
Another direction employs symbolic solvers to infer over
LLM-generated logic (Olausson et al. 2023; Pan et al. 2023;
Ye et al. 2023). Solver choice, such as SAT (Ye et al.
2023) or first-order logic (Pan et al. 2023), directly affects
accuracy and overall generalization quality. SymBa (Lee
and Hwang 2024) further integrates classical SLD resolu-
tion with LLMs, providing symbolically guided chain-of-
thought reasoning that significantly improves both perfor-
mance and interpretability.

Despite these strengths, symbolic methods remain limited
by the translation step from natural language to logic: errors
or missing information in this process can weaken down-
stream reasoning (Pan et al. 2023).

3 Preliminaries
3.1 Problem Definition

We study the task of natural language logical reasoning,
where the input consists of a set of premises P and a target
conclusion C. The goal is to determine whether the conclu-
sion can be logically inferred from the premises, denoted as
P = C, meaning that C is true in all possible interpretations
where P holds. In our setting, both P and C may contain
a mixture of formal logic expressions and natural language
statements. After symbolic translation, the inputs are refor-
mulated as a hybrid premise set P’ and a hybrid conclusion
C’. The final goal is to determine whether P’ |= C’.



Dataset Solver GPT-4 DeepSeek-V3
FOLIO Prover9 0.7383 0.7245
ProofWriter PyKE 0.8338 0.8211
ProntoQA PyKE 0.9050 0.8783
Deduction constraint  0.9599 0.8963
AR-LSAT 73 0.4304 0.4041

Table 1: Datasets, their associated symbolic solvers and
the translation accuracy of GPT-4 and DeepSeek-V3. Note:
“Deduction” denotes the LogicalDeduction dataset, and
“constraint” refers to the python-constraint solver.

3.2 Empirical Exploration

Translation Module. We first evaluate the SymbCoT (Xu
et al. 2024) translation module to measure how well LLMs
convert natural language into formal logic. We keep the orig-
inal SymbCoT translator but replace its LLM-based reason-
ing with symbolic solvers, using solver outputs as prox-
ies for translation accuracy within well-defined logical do-
mains. Experiments are run on five datasets (Saparov and
He 2022; Tafjord, Mishra, and Clark 2020; Ghazal et al.
2013; Han et al. 2022; Zhong et al. 2021) and four symbolic
solvers, with GPT-4 and DeepSeek-V3 as base models, fol-
lowing the setup of Logic-LM (Pan et al. 2023). As shown
in Table 1, LLMs achieve high translation accuracy on syn-
thetic datasets like ProntoQA and ProofWriter, which use
clear logical templates. However, performance drops sharply
on manually curated datasets such as FOLIO and AR-LSAT,
where natural language is more varied and logical structure
is often implicit. These results show that LLMs handle ex-
plicit logical inputs well but struggle when logic is expressed
indirectly. This motivates a selective translation strategy that
converts only high-confidence spans to logic and keeps am-
biguous parts in natural language to reduce semantic drift.
To evaluate how translation errors affect SymbCoT’s
LLM-based reasoning module, we examine two datasets
with low translation accuracy, FOLIO and AR-LSAT, and
measure the share of reasoning failures linked to transla-
tion errors. As shown in Figure 2a, these errors are a major
source of SymbCoT’s reasoning failures on both datasets.

Reasoning Module. We further analyze the efficiency
of SymbCoT’s reasoning strategy. Although SymbCoT
employs a plan-and-solve approach that generates rea-
soning chains from premises to conclusions, we ob-
serve that its LLM-based reasoning often lacks goal-
directedness—frequently invoking irrelevant premises and
introducing redundant steps. To quantify this inefficiency,
we extract essential reasoning paths from correct GPT-4 pre-
dictions by pruning extraneous steps while retaining all nec-
essary inferences. We then compute the ratio of tokens in
the essential paths relative to the original plans (Figure 2b).
The results show that forward reasoning tends to overuse
available premises, resulting in unnecessarily verbose infer-
ence trajectories. These findings highlight the need for a
goal-driven alternative that begins with the hypothesis and
selectively identifies minimal supporting premises, thereby
improving reasoning efficiency and precision.

31673

100%

Q
= GPT4 =
0.88 0866 — Deepseck-vs | o 0% 76.1%73 7%
0.801 0787 | -E
Lono § 604 |56:9%39-1% 55.2%
50_72 0.697 S
3 S 40%
<0.64 2
S 20%
0.56 o] ’
0%
FOLIO AR-LSAT FO PW De Pr AR

(a) (b)

Figure 2: (a) Translation Error Rate Among SymbCoT Fail-
ure Cases in FOLIO and AR-LSAT (b) Ratio of essential
tokens retained after pruning redundant steps from GPT-4-
generated reasoning plans.

4 Methodology
4.1 Overview of the HBLR Framework

To overcome the limitations of existing methods in sym-
bolic translation and reasoning, we propose Hypothesis-
driven Backward Logical Reasoning (HBLR) (Figure 3).
HBLR improves translation reliability and strengthens
goal-directed reasoning through two components: the
Confidence-aware Symbolic Translation Module (CSTM)
and the Hypothesis-based Backward Reasoning Module
(HBRM). CSTM selectively converts natural language into
formal logic based on structural and semantic confidence,
while HBRM mirrors human deductive reasoning by start-
ing from the conclusion and working backward to find the
minimal supporting premises.

4.2 Confidence-aware Symbolic Translation

To reduce errors from full symbolic translation, we intro-
duce the Confidence-aware Symbolic Translation Module
(CSTM), which selectively converts structurally sound and
semantically clear statements into logical forms while keep-
ing the rest in natural language. This hybrid strategy bal-
ances the rigor of symbolic logic with the expressiveness
and robustness of natural language. CSTM uses two mech-
anisms—a structural rule-based pre-checker and a semantic
consistency verifier—to ensure both syntactic and semantic
requirements are met before translation.

Structural Filter. To determine whether a sentence s is
suitable for symbolic translation, we apply a structural filter
that detects logic-compatible patterns in natural language.
Sentences that pass this filter are translated into a logical
form ¢, while those that do not are retained in natural lan-
guage to preserve semantic fidelity.

We define logic-compatible patterns as a specific class
of linguistic structures that are suitable for formal repre-
sentation. A sentence is considered logic-compatible if it
conforms to these predefined patterns, which include ex-
plicit predicate-argument constructions, the presence of log-
ical connectives or quantifiers such as “if,” “then,” “and,” or
“or,” and canonical formulations commonly found in propo-
sitional or first-order logic. These structural characteristics
ensure that the sentence can be reliably and meaningfully
translated into symbolic form.
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Figure 3: Overview of the Hypothesis-driven Backward Logical Reasoning (HBLR) framework. Structural Filter and Semantic
Verifier below illustrate the internal mechanisms of the Confidence-aware Symbolic Translation module.

Semantic Verifier. To ensure that symbolic translations
faithfully preserve the meaning of the original sentence,
we introduce a semantic verifier. For each candidate logical
form ¢ generated from a natural language sentence s, the
verifier assesses whether ¢ semantically aligns with the in-
tent of s. This check is performed using LLM-based prompt-
ing with carefully selected few-shot exemplars.

The verifier is designed as a conservative safeguard rather
than a perfect semantic judge. Because an incorrect logical
form is more harmful than retaining the original natural lan-
guage, the system adopts a strict acceptance rule: ¢ is ac-
cepted only when it can be confidently verified as fully con-
sistent with s. Any logical form with uncertainty or insuffi-
cient semantic evidence is rejected, and the corresponding s
is preserved in natural language. This conservative strategy
reduces semantic drift and ensures that symbolic representa-
tions remain faithful and reliable, avoiding the introduction
of incorrect logic when translation is uncertain.

Hybrid Representation. The final output of CSTM con-
sists of two complementary components: a set of high-
confidence logical expressions {¢;}7”; and a set of natu-
ral language statements {s;}”_;, which are retained due to
insufficient structural or semantic confidence for symbolic
translation. These elements are integrated into a unified hy-
brid context that serves as the input for downstream reason-

ing. Formally, we define the hybrid context as:

HybridContext = P’ UC’ )

where P’ = {¢;} U {s;} denotes the premise set, com-
prising both logical expressions and natural language state-
ments, and C' = {¢m} U {s,} represents the conclusion,
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expressed in logical or textual form depending on transla-
tion confidence. This hybrid representation enables flexible
yet faithful reasoning by combining the precision of formal
logic with the semantic richness of natural language.

4.3 Hypothesis-based Backward Reasoning

To address the inefficiency and lack of clear goal orienta-
tion inherent in conventional forward reasoning approaches,
we introduce the Hypothesis-based Backward Reasoning
Module (HBRM). Inspired by the classical hypothetical-
deductive paradigm, HBRM initiates reasoning by assum-
ing the conclusion to be true and recursively verifying the
premises that would logically support it.

Backward Reasoning with Hypothesis. The input to
HBRM is defined as a tuple (P’,#), where P’ denotes
the hybrid premise set, containing both logical expressions
and natural language statements, and 7 is the hypothesis
explicitly asserting that the target conclusion C holds true.
Reasoning unfolds by constructing a sequence of interme-
diate hypotheses {H;}, each of which is iteratively evalu-
ated through deductive inference based on the information
encoded in P. This backward chaining process is formally
summarized in Algorithm 1.

Stopping Criteria. The backward reasoning process ter-
minates when any of the following conditions is met: (i)
the current hypothesis H; is directly entailed by a premise
in P, indicating a successful and complete proof; (ii) H;
contradicts an existing premise in P, resulting in a logical
refutation; or (iii) the maximum number of reasoning steps
is reached without sufficient supporting evidence, in which
case the outcome is deemed logically inconclusive.



Algorithm 1: Backward Reasoning with Hypothesis

Require: Hypothesis H, Hybrid Premises P’
Ensure: Validity status of H
1: while steps < k do

2. Z + REASONING(P’, H)

3:  if Z contradicts P’ or H then
4: return False

5:  elseif Z supports P’ or H then
6: return True

7:  else

8: H+—Z

9: endif

10: end while
11: return Unknown

Dimension CoT Logic-LM SymbCoT HBLR
Use of Solver X v X X
Translation None Full Full Selective
Strategy Forward  Solver Forward Backward
Redundancy High - High Low
Interpretability  High Low High High
Verification No No Yes Yes

Table 2: Comparison of HBLR and baseline methods. HBLR
does not rely on external solvers and achieves low reasoning
redundancy and high interpretability through backward rea-
soning with confidence-aware symbolic translation.

Verification Mechanism. To ensure logical soundness
and semantic fidelity, HBRM incorporates a verification
mechanism that evaluates the validity of each reasoning step.
If a step contains logical errors, semantic inconsistencies,
or unsupported inferences, the system reconstructs a revised
reasoning path; otherwise, the original path is preserved. By
guiding the inference process in a backward manner, from
the conclusion toward its underlying premises, HBRM en-
hances goal alignment, reduces redundancy, and produces
more efficient and interpretable reasoning trajectories.

4.4 Discussions

As shown in Table 2, HBLR addresses several limitations of
existing reasoning frameworks. Unlike Logic-LM and Sym-
bCoT, which fully translate all inputs into symbolic logic,
HBLR performs selective symbolic translation, converting
only high-confidence spans while retaining natural language
when appropriate. This reduces translation errors and better
preserves contextual semantics. In contrast to CoT and Sym-
bCoT, which rely on forward reasoning, HBLR employs a
hypothesis-driven backward reasoning mechanism that ini-
tiates inference from the conclusion and recursively iden-
tifies minimal supporting premises. This goal-oriented ap-
proach significantly reduces redundancy in reasoning paths.
HBLR also incorporates a step-wise verification mechanism
that evaluates each inference step, improving both reliability
and interpretability. Overall, HBLR combines the precision
of symbolic methods with the flexibility of neural reasoning,
while mitigating the weaknesses of both.
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5 Experiments
5.1 Experimental Settings

Evaluation Models. Experiments are conducted using
four representative LL.Ms: the relatively less capable GPT-
3.5-Turbo (OpenAl 2023); the more advanced GPT-4
(Achiam et al. 2023) and DeepSeek-V3 (Liu et al. 2024);
and DeepSeek-R1 (Guo et al. 2025), currently one of the
most reasoning-capable models available.

Evaluation Datasets. Our evaluation spans five widely-
used logical reasoning benchmarks: ProntoQA (Saparov
and He 2022), ProofWriter (Tafjord, Mishra, and Clark
2020), FOLIO (Han et al. 2022), LogicalDeduction
(Ghazal et al. 2013), and AR-LSAT (Zhong et al. 2021).
These datasets vary in symbolic formalisms and present di-
verse challenges across deductive reasoning scenarios. We
adopt accuracy as the primary evaluation metric, measuring
the correctness of multiple-choice answers.

Symbolic Formalisms. For ProntoQA, ProofWriter, and
FOLIO, we use first-order logic (FOL) as the primary un-
derlying symbolic structure. To assess the broader general-
izability of our approach, we additionally evaluate on con-
straint optimization (CO) symbolic representations in Logi-
calDeduction and AR-LSAT.

Baselines. We compare HBLR against several strong
baselines employing distinct strategies: (1) Direct, which
uses LLMs to directly answer questions without interme-
diate reasoning; (2) CoT (Wei et al. 2022), which applies
chain-of-thought prompting to elicit step-by-step reasoning;
(3) Logic-LM (Pan et al. 2023), which translates problems
into logic and invokes symbolic solvers; and (4) Symb-
CoT (Xu et al. 2024), which combines symbolic translation
with LLM-based reasoning.

5.2 Overall Evaluation Results

As shown in Table 3, HBLR consistently outperforms all
baselines across five benchmark datasets. On GPT-4, it
achieves gains of up to 36.74%, 22.58%, 10.39%, and
10.07% over Direct, CoT, Logic-LM, and SymbCoT, re-
spectively. Similar trends are observed on GPT-3.5-Turbo,
DeepSeek-V3, and DeepSeek-R1, confirming the robust-
ness of HBLR across models with varying reasoning ca-
pabilities. Compared to Logic-LM and SymbCoT, the im-
provements highlight the effectiveness of HBLR’s partial
symbolic translation and backward reasoning in balanc-
ing logical formality with LLM-native reasoning. Notably,
HBLR outperforms Logic-LM by an average of 14.61% on
DeepSeek-R1. An exception occurs on the LogicalDeduc-
tion task with GPT-3.5-Turbo, where Logic-LM slightly out-
performs HBLR. This is due to GPT-3.5-Turbo’s limited rea-
soning ability—while it handles translation reasonably well,
it struggles with complex inference. Logic-LM avoids this
bottleneck by delegating reasoning to an external solver.
Another notable trend is that Logic-LM and Symb-
CoT often rank second-best on GPT-4, GPT-3.5-Turbo, and
DeepSeek-V3, while CoT ranks second on DeepSeek-R1.



GPT4

| GPT-3.5-Turbo

Dataset

Direct CoT  Logic SymbCoT HBLR | Direct CoT Logic SymbCoT HBLR
ProntoQA 7740 9479 90.50 97.16 99.36 | 46.04 67.80 67.21 71.95 75.58
ProofWriter 52.67 68.11 83.38 79.34 89.41 | 36.53 49.17 58.62 59.03 63.24
FOLIO 70.61 7237 73.83 78.19 84.22 | 45.09 5735 48.83 57.84 59.12
Deduction 7133 7525 95.99 93.00 97.83 | 39.15 43.67 69.06 45.85 49.77
AR-LSAT 3443 35.06 43.04 37.19 44.67 | 20.34 2131 25.15 21.59 27.22
Dataset DeepSeek-V3 | DeepSeek-R1

Direct CoT  Logic SymbCoT HBLR | Direct CoT Logic SymbCoT HBLR
ProntoQA 7493 97.67 87.83 98.43 99.55 | 97.28 99.57 84.21 98.47 99.72
ProofWriter 5446 56.84 82.11 84.15 8948 | 82.48 86.27 84.35 88.34 92.32
FOLIO 68.36  74.64 7245 77.78 8522 | 88.13 9297 7251 84.46 95.60
Deduction 67.25 72.67 90.63 89.91 92.63 | 76.17 8645 99.50 99.03 99.61
AR-LSAT 36.21 4250 4041 44.52 46.69 | 60.40 7691 62.10 70.87 86.47

Table 3: Performance Comparison between HBLR and Baselines on Logical Reasoning Datasets. The second-best score is

underlined and bold one is the best.

[ HBLR [ AIINL HBLR

jii ..

ProntoQA Deduction ProofWriter FOLIO  AR-LSAT

[ All FOL HBLR

Figure 4: Comparison of selective translation (HBLR) with
its two module variants: All-NL and All-FOL. HBLR con-
sistently achieves higher accuracy across all datasets by bal-
ancing natural language and formal logic.

This suggests that as model reasoning improves, fully sym-
bolic approaches may introduce noise that offsets their ben-
efits. HBLR remains robust by minimizing such noise while
leveraging stronger reasoning capacity.

5.3 Impact of Translation Module

To assess the effectiveness of our selective translation strat-
egy, we compare it with two ablated variants of the HBLR
translation module: All-NL, which performs no translation
and retains all inputs in natural language; and All-FOL,
which fully translates all inputs into formal logic. As shown
in Figure 4, our selective strategy consistently outperforms
both variants across all five benchmarks.

On average, the selective strategy yields a 7.2% improve-
ment over All-NL, showing that natural language alone
lacks sufficient structure for accurate reasoning. It also out-
performs All-FOL by 4.7%, indicating that full formaliza-
tion can introduce translation errors or add unnecessary
rigidity. The gains are especially large on ProofWriter
(+12.83%) and LogicalDeduction (+8.21%), both requiring
multi-step reasoning. In contrast, ProntoQA shows a small
decline (-1.72%) compared to All-FOL, likely because its
highly structured format benefits from full logical conver-
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Figure 5: Proportion of natural language retained by the
Translation module across datasets. Retention varies by task,
reflecting differences in translation confidence.

sion. Overall, these results show that the selective strategy
effectively combines the semantic richness of natural lan-
guage with the structural precision of formal logic, allowing
LLMs to adapt to task demands and input characteristics.
We analyze the proportion of natural language retained by
HBLR’s translation module using GPT-4 (Figure 5). On av-
erage, only 15.74% of the input remains in natural language,
with the lowest retention on LogicalDeduction (2.65%),
showing that most inputs are confidently translated into for-
mal logic. This matches our confidence-aware design: natu-
ral language is kept only for uncertain segments, reducing
ambiguity while limiting translation errors. Higher reten-
tion on AR-LSAT (37.03%) and FOLIO (21.17%) aligns
with Section 3.2, where we show these datasets have greater
translation uncertainty. These results confirm that the selec-
tive strategy adjusts to dataset-specific reliability and pre-
serves robustness when symbolic translation is less certain.

5.4 Impact of Reasoning Module

To evaluate the contribution of our HBRM strategy, we
compare it against a forward reasoning variant that adopts
CoT prompting, while keeping the verification module un-
changed. As shown in Table 4, HBLR consistently outper-
forms CoT across all five datasets.

On average, backward reasoning yields a 5.69% improve-
ment. This gain can be explained as follows: forward reason-
ing tends to expand redundant branches during the search



Dataset HBLR (%) Fwd Var. (%) A

ProntoQA 99.36 95.41 +3.95
ProofWriter 89.41 81.24 +8.17
FOLIO 84.22 77.58 +6.64
Deduction 97.83 93.34 +4.49
AR-LSAT 44.07 38.86 +5.21

Table 4: Comparison between HBLR and its forward rea-
soning variant (Fwd Var.) across five datasets. HBLR con-
sistently achieves higher accuracy.

Dataset SymbCoT (%) HBLR (%) A

ProntoQA 73.65 95.58 21.93
ProofWriter 59.10 81.60 22.50
FOLIO 56.94 73.29 16.35
Deduction 76.13 87.46 11.33
AR-LSAT 55.20 66.08 10.88

Table 5: Effective reasoning rates of SymbCoT and HBLR.
HBLR shows consistent improvements across datasets.

and accumulate translation errors, whereas HBLR starts
from the hypothesis and traces back the key premises that
support it, which greatly reduces the search space and lim-
its error propagation. As a result, HBLR produces shorter
and more accurate reasoning chains. This advantage is espe-
cially clear on ProofWriter (+8.17%), where long reason-
ing chains make forward reasoning prone to early errors
that amplify later; HBLR’s backward strategy focuses on es-
sential premises more quickly and keeps the reasoning pro-
cess stable. On AR-LSAT, which involves complex struc-
tures and diverse semantics, HBLR still achieves a +5.21%
gain, demonstrating stronger robustness and generalization.
Overall, hypothesis-driven backward reasoning effectively
controls the direction of inference, reduces noise and redun-
dancy, and leads to more reliable reasoning across tasks.

Following the methodology in Section 3.2, we compute
the proportion of effective reasoning steps produced by
HBLR using GPT-4 and compare it with the previously
reported SymbCoT results. HBLR substantially increases
the share of effective reasoning, with improvements up to
22.50%. It reaches over 70% effectiveness on all datasets
except AR-LSAT, which contains complex reasoning sce-
narios and broad semantic variation. These results show that
HBLR offers strong efficiency across diverse tasks.

5.5 Performance Across Reasoning Depths

Having established the overall superiority of our method
in direct comparisons, we further analyze its performance
across different levels of reasoning depth. Intuitively, greater
reasoning depth corresponds to higher problem complex-
ity. As illustrated in Figure 6, the performance gap between
HBLR and CoT widens as reasoning depth increases, high-
lighting HBLR’s advantage in handling more challenging
reasoning scenarios. Notably, even at a depth of 5—the
most complex setting in our evaluation—HBLR continues
to achieve the highest performance among all methods.
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Figure 6: The effect of reasoning depth with GPT-4 on
ProofWriter. The red double-headed arrow indicates our im-
provements over vanilla CoT.

Method DeepSeek-V3  DeepSeek-R1 A

Logic-LM 74.69 80.93 +6.24
SymbCoT 78.96 88.23 +9.27
HBLR 82.31 94.34 +12.03

Table 6: Performance improvements from DeepSeek-V3 to
DeepSeek-R1 on different methods.

5.6 Impact of Stronger Backbone Models

We compare the performance gains achieved when up-
grading from DeepSeek-V3 to the more reasoning-capable
DeepSeek-R1 model, as shown in Table 6. HBLR shows
larger improvements than Logic-LM and SymbCoT, pri-
marily because these translation-heavy methods benefit less
from an upgrade that enhances reasoning ability rather than
translation quality. In contrast, HBLR’s confidence-aware
translation mitigates this bottleneck, allowing it to better
exploit the improved reasoning capacity of DeepSeek-R1.
HBLR’s overall gain is smaller than that of Direct and
CoT, as its baseline performance on DeepSeek-V3 is al-
ready strong, especially on ProntoQA, where accuracy is
near saturation. Methods with lower initial performance nat-
urally show larger absolute improvements under the up-
grade. These results highlight HBLR’s adaptability and its
strong potential in settings where model-side reasoning im-
provements are increasingly central.

6 Conclusion

This study presents HBLR, a hypothesis-driven backward
reasoning framework for natural language logical reasoning.
HBLR combines confidence-aware partial symbolic transla-
tion with human-inspired backward chaining to enhance pre-
cision and interpretability. It translates only high-confidence
spans into formal logic based on structural and semantic
cues, leaving uncertain content in natural language to bal-
ance symbolic rigor and flexibility. Reasoning begins from
the hypothesis and works backward to validate supporting
premises, aided by a reflection mechanism that enforces
step-wise consistency. Across five benchmarks with diverse
symbolic settings, HBLR consistently surpasses prior state-
of-the-art methods in both accuracy and effectiveness.
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