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ABSTRACT

Large Language Models (LLMs) have shown outstanding performance on diverse
natural language processing tasks, but they still struggle with complex logical rea-
soning, limiting its real-world applicability. While previous neuro-symbolic ap-
proaches for improving LLMs’ performance on logical question-answering (QA)
primarily focus on either translation quality or reasoning process, they largely
overlook LLMs’ performance significantly sensitive to the orders of relevant in-
formation (also known as premises in logical QA tasks) in the input contexts.
Motivated by such observations, we propose a method to first reorder the logical
QA premises to align with the premises orders in forward chaining proof to im-
prove LLM logical reasoning. We then use the LLM to translate both premises
and the question to the symbolic language, and perform symbolic reasoning via
an external logic solver using the translated symbolic language. In this way, both
the translation and reasoning accuracy are enhanced, due to the forward chaining
premises benefits (i) sequentially formulating the objects and (ii) performing sym-
bolic reasoning during the premises searching in solver. Empirical experiments
across three benchmarks demonstrate that our premises reordering method stably
outperforms neuro-symbolic baselines, including both symbolic solver-based and
prompt-based methods.

1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable performance on various natural lan-
guage processing tasks, but still struggle in complex logical reasoning, which significantly limits
their practical applicability in real-world scenarios (Cheng et al., 2025). To evaluate LLMs’ logi-
cal reasoning capabilities, logical question answering (QA) task required LLMs to decide whether
a statement can be logically deduced from the given information (which is known as the premise).
The LLM is expected to distinguish whether the specific statement is true (it can be inferred from the
premises), false (it can be proved to contradict the premises), or unknown (when the given premises
are insufficient to infer or refute it) with the premises.

There are two neuro-symbolic paradigms in existing methods to improve the logical reasoning capa-
bilities of LLMs: symbolic solver-based methods (Olausson et al., 2023; Ye et al., 2023; Ryu et al.,
2025) and prompt based methods (Liu et al., 2025; Ozeki et al., 2024; Xu et al., 2024b; 2025). Sym-
bolic solver-based approaches firstly translate natural language (NL) queries into symbolic language
(SL) by LLMs, and then employ an external logical symbolic solver to process the logical reasoning
in these symbolic representations. Alternatively, prompt-based strategies leverage LLMs to perform
the translation, reasoning and verification processes via designed prompts.

However, previous methodologies primarily focus on improving translation quality and ensuring
LLMs apply appropriate reasoning rules, largely overlooking the order of premises can also signif-
icantly impact the performance of LLMs in logical QA tasks. Though in logical and mathematical
reasoning theory, changing the order of premises alone does not affect the validity of the conclusion,
it has been experimentally proven that LLMs achieve optimal performance when the premise order
in the context aligns with the intermediate steps of the ground-truth forward reasoning chain Chen
et al. (2024); He et al. (2025). For example, as shown in Figure 1, for the same question with two
different premise orders, the model answers correctly when the premise order matches the ground-
truth proof (right purple box), but answers wrongly under the original disordered premise sequence
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Figure 1: The overall framework of our proposed method. We first reorder the input premises
to align with the ground-truth forward-chaining proof path (Step 1). Subsequently, the structured
context undergoes the translation and reasoning process (Step 2 & 3), compatible with both symbolic
solver-based and prompt-based methods to derive the final answer.

(left gray box). In general, presenting premises in the order that mirrors the ground-truth deduc-
tion proof significantly reduces hallucination, while the performance drops by over 30% Chen et al.
(2024) if LLMs are forced to reason over disjointed or shuffled premises.

Motivated by this observation, we propose a novel framework that reorder the given premises based
on the ground-truth deduction proof with forward chaining for each QA problem before the trans-
lation and reasoning process. Specifically, we leverage the LLM to restructure the input premises
(contexts) into the order that mirrors the proof path where dependencies are presented sequentially
(e.g., placing “If A then B” prior to “If B then C”). Following this reordering stage, the trans-
lation and reasoning processes are then executed. By organizing premises to a forward-chaining
flow, we enhance both translation and reasoning accuracy, since the reordered premises is beneficial
to not only formalize the entities in NL sequentially, but also perform symbolic reasoning step-
by-step. Our experiments demonstrate that our premises reordering method consistently improves
performance of LLMs across various baseline methods. Our main contributions are summarized as
follows:

• We propose the first method to explicitly reorder the premises based on the ground-truth
proof before the translation and reasoning process, to improve LLMs’ performance in log-
ical QA.

• We empirically validate our method through diverse experiments, showing that our
premises reordering method consistently outperforms all the baseline methods.

• We demonstrate the generalization of our approach by integrating it into both symbolic
solver-based and prompt-based paradigms with better performance.

2 RELATED WORK

2.1 LOGICAL REASONING IN LLMS

Current methodologies for enhancing LLM logical reasoning generally fall into three categories.
Prompt-based methods employ in-context strategies like Chain-of-Thought (CoT) to guide step-by-
step deduction in symbolic representations Xu et al. (2024b; 2025), while fine-tuning approaches
train LLMs on synthetic datasets to internalize logical reasoning patterns Morishita et al. (2024);
Wan et al. (2024). Alternatively, solver-based methods use LLMs to perform NL-to-SL translation
for external solvers Ye et al. (2023); Ryu et al. (2025) to perform reasoning. Unlike existing frame-
works that manage to improve the reasoning engine or translation quality, our work is the first to
introduce premise reordering before translation and reasoning process.
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Table 1: Performance comparison of logical reasoning accuracy between Deepseek-v3 and GPT-4
across three benchmarks (ProntoQA, ProofWriter, and LogiDeduction). We compare five base-
line methods under two settings: original input ordering (w/o reorder) and our proposed forward-
chaining reordering (w reorder).

Deepseek-v3 GPT-4

ProntoQA ProofWriter LogicDeduction ProntoQA ProofWriter LogicDeduction

CoT w/o reorder 98.20% 90.17% 92.00% 91.20% 78.67% 88.67%
w/ reorder 98.80% 91.33% 94.00% 92.60% 80.83% 91.67%

LogicLM w/o reorder 83.20% 80.50% 93.33% 93.40% 79.17% 87.00%
w/ reorder 84.00% 80.67% 93.33% 93.40% 79.33% 87.33%

SymbCoT w/o reorder 98.00% 85.83% 94.00% 96.00% 82.33% 86.33%
w/ reorder 98.40% 86.33% 94.33% 96.20% 83.67% 87.00%

CR w/o reorder 95.40% 80.33% 83.67% 93.20% 71.67% 80.33%
w/ reorder 95.80% 81.83% 84.00% 93.60% 72.17% 81.00%

DetermLR w/o reorder 96.80% 82.17% 88.33% 97.80% 77.33% 85.00%
w/ reorder 97.20% 82.17% 88.67% 97.60% 78.00% 85.33%

2.2 ORDER SENSITIVITY IN LLMS

Although classical logic is theoretically invariant to premise order, LLMs exhibit significant sen-
sitivity to the input sequence. Empirical studies highlight that the position of relevant information
drastically affects performance, often citing the “lost-in-the-middle” effect Liu et al. (2024). In log-
ical reasoning specifically, LLMs achieve optimal accuracy when premises align with the order of
the ground-truth reasoning chain, whereas randomized inputs cause substantial degradation Chen
et al. (2024); He et al. (2025). While previous works primarily analyze order sensitivity as a model
vulnerability, we propose a method to reorder the input to achieve better performance in LLMs’
logical reasoning.

3 PROPOSED METHOD

As illustrated in Figure 1, our framework enhances logical reasoning of LLMs by restructuring the
input context before reasoning. The pipeline consists of two main stages: explicitly reordering
premises to align with the ground-truth forward-chaining proof path, followed by the translation and
reasoning process compatible with both solver-based and prompt-based paradigms.

3.1 PREMISE REORDERING BASED ON FORWARD CHAINING

To mitigate the performance degradation caused by disordered or random contexts, we introduce a
adaptive method that reorders the input premises to mirror the ground-truth deduction proof. Specif-
ically, we prompt an LLM to analyze the logical dependencies within the context and reorder the
premises based on forward chaining proof, where a premise A → B is positioned strictly before
B → C to infer the conclusion A → C. It can be refined by generating a coherent “logical
chain”—such as tracing from the entity in the question to its property (e.g., Sea eel → Fish → . . .→
Not Paper). In this way, we effectively reduce the workload and complexity stemmed from informa-
tion retrieval. This alignment ensures that the subsequent translation and reasoning engine process
structured premises rather than a set of disjointed or random ordered facts, thereby minimizing hal-
lucinations and logical disconnects.

3.2 TRANSLATION AND REASONING

Following the reordering stage, the structured premises undergo a translation and reasoning pro-
cess that generalizes across different neuro-symbolic approaches. First, the reordered NL context
is translated into formal SL, such as First-Order Logic, by an LLM. Subsequently, the reasoning
step is executed to determine the truth value of the conclusion (True, False, or Unknown). This
stage can either offload the symbolic representations to an external logical solver (symbolic solver-
based method) for rigorous proofs or leverage the LLM itself (prompt-based method) to perform
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reasoning over the reordered context. By decoupling the ordering optimization from the reason-
ing process, our method consistently enhances performance regardless of the downstream reasoning
engine employed.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

To evaluate the effectiveness of our proposed reordering method, we conducted experiments
across three benchmark datasets of logical reasoning: ProntoQA Saparov & He (2023),
ProofWriter Tafjord et al. (2021), and LogicDeduction Srivastava et al. (2023). These datasets
encompass varying degrees of complexity, ranging from simple deductive chains to complex multi-
hop reasoning scenarios involving negation and quantification.

We utilized two LLMs as backbones: Deepseek-v3 and GPT-4. We compared our approach against
five established baselines, which are categorized into two distinct paradigms based on their reasoning
execution:

• Solver-based Method: LogicLM Pan et al. (2023). This framework operates by trans-
lating NL into SL (e.g., Prolog or FOL) and performs the inference process by the corre-
sponding solvers.

• Prompt-based Methods: This category includes Chain-of-Thought (CoT) Wei et al.
(2022), Symbolic Chain-of-Thought (SymbCoT) Xu et al. (2024a), Cumulative Rea-
soning (CR) Zhang et al. (2023), and DetermLR Sun et al. (2024). These methods rely
entirely on the LLMs to perform NL-to-SL translation and step-by-step logical deduction.

For all baselines, we conduct experiments under two conditions: standard input ordering (w/o re-
order) and our reordering (w reorder) based on forward chaining proof.

4.2 RESULTS ANALYSIS

Table 1 presents the comparative performance of five baselines across the three datasets. The results
demonstrate that our reordering method enhances performance across all models and baselines. Note
that the improvement differs between the two baseline paradigms.

Impact on Prompt-based Methods. Methods relying on LLMs reasoning (e.g., CoT, SymbCoT,
CR) exhibit a more pronounced sensitivity to the premise ordering. As observed in Table 1, apply-
ing reordering to CoT on the ProofWriter dataset achieves notable gains (e.g., GPT-4 performance
improves from 78.67% to 80.83%). By aligning the input sequence with the ground-truth reasoning
chain, our method facilitates the generation of reasoning paths, reducing hallucination and workload
long-distance retrieval during intermediate deduction steps.

Impact on Solver-based Methods. Solver-based approach (LogicLM) shows a relatively smaller
performance variance between the w/o reorder and w reorder settings compared to the prompting
methods. This is resulted from that the reasoning engine of LogicLM is an external solver (e.g.,
Pyke or Z3), which is theoretically invariant to the order of logical formulas (i.e., {A,B} ⊢ C is
equivalently complex to {B,A} ⊢ C). Therefore, the reordering does not affect the reasoning stage
much. Instead, the observed gains stem from the improved translation qualities. A logically coher-
ent premise order benefits the LLMs’ performance during the translation stage (NL → SL), ensuring
higher consistency in predicate definition and variable binding, thereby generating syntactically cor-
rect and semantically accurate symbolic expressions for the solver.

5 CASE STUDY

To intuitively demonstrate the critical impact of premise ordering on logical reasoning in LLMs,
we conduct a detailed case study on a complex instance from the ProofWriter dataset (ID: RelNeg-
OWA-D5-922 Q7). This problem requires multi-hop deductive reasoning involving negation and
quantifiers to determine the truth value of the statement: “The mouse eats the mouse.”

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

The ground truth is True. The validity of this conclusion relies on the folowing logical reasoning
chain:

1. Fact: Sees(cow, squirrel)

2. Rule 1: Sees(cow, squirrel) → Eats(cow, mouse)

3. Rule 2: Eats(x, mouse) → Blue(x) (can infer Blue(cow))
4. Rule 3: Needs(x, cow) ∧ Blue(cow) → Eats(x, mouse)

5. Fact: Needs(mouse, cow)

6. Conclusion: Combine Fact 5 and inferred Blue(cow) to derive Eats(mouse,
mouse).

We compare the reasoning process generated under the original disordered context versus our re-
ordered context based on the forward chain proof.

Failure with Original Ordering. In the original setting, the premises are presented in a random,
disjointed sequence. For example, the crucial rule defining the “Blue” attribute appears at the very
end of the context (Premise 19), far removed from the initial facts. As shown in the trace below, the
model exhibits a “reasoning cut-off” because it fails to bridge the gap to the intermediate variable
Blue(cow):

1 # Step: Attempting to use Premise 18
2 # Rule: Needs(x, cow) & Blue(cow) -> Eats(x, mouse)
3
4 Reasoning Trace:
5 Premise 18 states: Forall x (Needs(x, cow) & Blue(cow)) -> Eats(x,

↪→ mouse).
6 But Blue(cow) is not given in the premises...
7 We have Blue(tiger), but not Blue(cow).
8 So we cannot use this rule to derive Eats(mouse, mouse).
9

10 # Result: Deduction Fails

Due to the disordered presentation, the model fails to trigger the backward chain to deduce
Blue(cow) from Eats(cow, mouse). Consequently, it incorrectly concludes that the state-
ment is unprovable, resulting in the wrong answer Unknown.

Success with Forward Chain Reordering. Our method reorganizes the premises to align with the
forward-chaining flow of the ground-truth proof. By placing dependencies closer to their triggers
(e.g., positioning rules about “eating the mouse” and “being blue” in a coherent sequence), the
reordering reduces the search workload for the model. The reasoning trace below demonstrates a
successful derivation:

1 # Step 1: Inferring Intermediate Facts
2 From premise 15: Sees(cow, squirrel) is true.
3 -> Therefore, Eats(cow, mouse) is true.
4
5 # Step 2: Chaining to Attribute 'Blue'
6 From premise 1: Eats(x, mouse) -> Blue(x).
7 -> Applying to cow: Blue(cow) is true.
8
9 # Step 3: Final Deduction

10 Apply Premise 19 to x = mouse:
11 Needs(mouse, cow) & Blue(cow) -> Eats(mouse, mouse).
12 -> We have Needs(mouse, cow) (Premise 8).
13 -> We have derived Blue(cow) (Step 2).
14 -> Thus, Eats(mouse, mouse) is true.

This comparison highlights that the difficulty in LLM logical reasoning often lies not in the inability
to understand individual rules, but in the retrieval failure of necessary premises during multi-step
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deduction. Our reordering mechanism mitigates this by reordering the premises to guide the model
along the ground-truth proof path.

6 CONCLUSION

In this work, we introduced a novel framework that explicitly reorders input premises to align with
the ground-truth forward-chaining proof prior to the translation and reasoning processes. By restruc-
turing disordered or random contexts into coherent logical chains, our method effectively mitigates
the retrieval workload and reduces the “lost-in-the-middle” effect during multi-hop logical reason-
ing. Our extensive experiments demonstrate that aligning premises with the forward reasoning path
consistently enhances performance for both symbolic solver-based and prompt-based paradigms.
Notably, our analysis further reveals that while reordering directly guides the reasoning path in
prompt-based methods, it also benefits solver-based approaches primarily by improving the NL-to-
SL translation quality.
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