
Fine-Tuning Sample Order Matters in Propositional Logical Question-Answering
(Student Abstract)

Fengxiang Cheng1, Chuan Zhou2, Fenrong Liu3,1*, Robert van Rooij1*

1Institute for Logic, Language and Computation, University of Amsterdam
2School of Mathematics and Statistics, The University of Melbourne

3Tsinghua-UvA JRC for Logic, Tsinghua University
{f.cheng, r.a.m.vanrooij}@uva.nl, chuan.zhou@student.unimelb.edu.au, fenrong@tsinghua.edu.cn

Abstract

Large language models (LLMs) have achieved impressive
progress in natural language processing tasks but still struggle
with complex logical reasoning. We observe that in propo-
sitional logic question-answering (QA), LLMs’ performance
varies with the order of training samples during fine-tuning.
Motivated by this, we propose a data-driven approach to auto-
matically determine the fine-tuning sample order, enhancing
the logical QA performance of LLMs. Specifically, we first
quantify the logical reasoning complexity of propositional
reasoning samples and then stratify the training data into sev-
eral subsets of ascending complexity. Subsequently, we fine-
tune the LLMs on these subsets, progressing from low to high
reasoning complexity. Experimental results demonstrate that
our approach outperforms single-stage fine-tuning baselines
across diverse reasoning benchmarks.

1 Introduction
Large language models (LLMs) have exhibited remarkable
performance in a large number of natural language process-
ing (NLP) tasks. However, research indicates that LLMs still
struggle with complex scenarios that demand logical reason-
ing capabilities (Cheng et al. 2025). Previous methods for
improving logical question answering (QA) of LLMs can be
broadly divided into three categories: external solver-based
methods (Olausson et al. 2023; Pan et al. 2023; Ye et al.
2023), prompt-based methods (Xu et al. 2024; Liu et al.
2025), and fine-tuning methods (Feng et al. 2024; Morishita
et al. 2024; Wan et al. 2024).

Despite these advancements, each pipeline faces distinct
limitations. Solver-based approaches are highly susceptible
to translation errors (Ryu et al. 2025; Wang et al. 2025),
while prompt-based techniques remain constrained by the
model’s intrinsic reasoning abilities (Xu et al. 2025; Cheng
2026). Furthermore, we observe that direct fine-tuning often
fails to resolve complex logical reasoning challenges effec-
tively, which can be stemmed from the inability of LLMs
to comprehend logical rules and struggle to simultaneously
process multiple premises (Cheng 2025; Fu et al. 2025).

To address these limitations, we propose a reasoning
complexity-based fine-tuning approach, by noting that
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fine-tuning sample order matters in LLMs’ performance in
propositional logical QA. We stratify training dataset of
propositional logic in ascending order of reasoning com-
plexity which is quantified by an LLM. Then we fine-tune
LLMs on these subsets of training data from low to high rea-
soning complexity, enables LLMs to solve complex reason-
ing problems. Experiments show that our method achieves
remarkable performance gains over single-stage fine-tuning,
demonstrating the generalization on various tasks including
logical, mathematical, and commensense reasoning tasks.

2 Logical Question-Answering Tasks
Logical QA tasks are commonly used to assess the logical
reasoning capabilities of LLMs, requiring LLMs to deter-
mine whether a statement can be derived from the given
information. In logical QA tasks, there’s a set of premises
(denoted here as facts) and a statement (referred to as the
hypothesis). The possible answers include: Proved (if it can
be derived), Disproved (if it contradicts the facts), or Un-
known (if the facts are insufficient to draw the hypothesis).
An example for logical QA in dataset FLD×2 (Morishita
et al. 2024) is as follows.

An example for Logical QA

Contexts (Facts):
• Someone that is dolomitic does prospect.
• If something does prospect it does benumb quartette.
• Something does not benumb quartette but it is a nu-
meral if it does not prospect.
• ......
Query: Based on the provided facts, verify the hypoth-
esis: That that opiate benumbs quartette hold.
Options: A) Proved B) Disproved C) Unknown
Answer: A) Proved

3 Proposed Method
Noting that LLMs’ performance varies with the order of
training samples during fine-tuning, we first quantify the
logical reasoning complexity of training samples in sym-
bolic formalization and then fine-tune the LLM on subsets
(of the training data) in ascending order of the complexity.
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Benchmark Metric LLaMA LLaMA-Ours Imp. Ministral Ministral-Ours Imp.
LogiQA acc 0.306± 0.018 0.324 ± 0.018 5.882% ↑ 0.263± 0.017 0.275 ± 0.018 4.563% ↑

OpenBookQA acc 0.313± 0.007 0.315 ± 0.007 0.639% ↑ 0.336± 0.007 0.349 ± 0.007 3.869% ↑
HellaSwag acc norm 0.729± 0.004 0.772 ± 0.004 5.898% ↑ 0.729± 0.004 0.732 ± 0.004 0.412% ↑

SciQ acc norm 0.949± 0.007 0.954 ± 0.007 0.527% ↑ 0.919± 0.009 0.921 ± 0.009 0.218% ↑
GSM8k (CoT) flexible-extract 0.616± 0.013 0.626 ± 0.013 1.623% ↑ 0.074± 0.007 0.144 ± 0.010 94.595% ↑

GSM8k (CoT-Zero-Shot) flexible-extract 0.454± 0.014 0.466 ± 0.014 2.643% ↑ 0.055± 0.006 0.063 ± 0.007 14.545% ↑

Table 1: Performance evaluation comparing our reasoning complexity-based fine-tuning approach against single-stage fine-
tuning across diverse reasoning benchmarks. Imp. indicates the relative improvement rate over the corresponding baseline.

Symbolic Formalization of Samples
To formalize the reasoning process, we first translate natural
language inputs into symbolic language. We focus specifi-
cally on the propositional logic subset of the FLD×2 dataset,
denoted as Dprop. Each sample in Dprop consists of a set of
premises P = {s1, s2, . . . , sn}, a hypothesis h and the la-
bel l. To execute translation, we employ a LLM, denoted as
Mtrans. Specifically, Mtrans first identifies atomic propo-
sitions and establishes a mapping dictionary (e.g., “Some-
one is dolomitic” assigns to p). Then the LLM reconstructs
the logical structure in each premise with standard logical
connectives (¬,∧,∨,→). Consequently, the original input
is converted into a symbolic set Psym = {ϕ1, ϕ2, . . . , ϕn}
and a target formula ψ, where ϕi and ψ are well-formed
formulas (WFFs) in propositional logic. This formalization
isolates the logical structure from vague natural language,
facilitating precise logical reasoning complexity evaluation.

Reasoning Complexity Quantification of Samples
To quantify the logical complexity of each sample, we utilize
DeepSeek as a reasoning complexity evaluator, denoted as
Meval. For each sample xi ∈ Dprop, we prompt Meval

to generate a step-by-step deductive proof deriving the truth
value of the hypothesis, given the label li.

Then we prompt Meval to give a reasoning complexity
score for each sample based on the proof path. Intuitively,
problems requiring longer derivation chains or nested appli-
cations of inference rules (e.g., Modus Tollens) are assigned
higher complexity scores. The complexity score function is
denoted as S(xi). Based on scores, we sort the entire dataset
Dprop in ascending order of reasoning complexity, obtaining
a ranked sequence Dsorted = (x(1), x(2), . . . , x(|Dprop|)),
where S(x(i)) ≤ S(x(j)) for all i < j.

Complexity-Driven Dataset Stratification
Utilizing the ordered sequence Dsorted, we stratify training
dataset Dprop into several subsets. We divide Dsorted into
three disjoint subsets: Deasy , Dmedium, and Dhard, based
on the reasoning complexity scores. The partitions are de-
fined by thresholds τ1 and τ2. This stratification ensures that
Deasy contains samples with straightforward fewer deduc-
tion steps, while Dhard encompasses complex problems re-
quiring longer reasoning steps and more logical rules.

Fine-tuning Based on Reasoning Complexity
Given Deasy , Dmedium, and Dhard, we further propose a
phased fine-tuning framework that mimics the human learn-

ing process of progressing from simple to complex. We ini-
tialize our target LLM, Mθ, and update its parameters θ se-
quentially across three distinct training stages. In stage 1,
the model is fine-tuned on Deasy to grasp fundamental log-
ical rules, resulting in parameters θ1. In stage 2, we fine-
tune on Dmedium to yield θ2. Finally, in stage 3, the model
with parameters θ2 is trained on Dhard to obtain the final
weights θfinal, which can tackle more complex reasoning
patterns. This phased fine-tuning can help LLMs to tackle
high-complexity propositional logical QA tasks.

4 Experiments
We fine-tune (Pang et al. 2024) two LLMs (LLaMA-3.1-
8B (Dubey et al. 2024) and Ministral-8B (Team 2024)) on
propositional logic subset of the FLD×2, specifically utiliz-
ing samples partitioned by reasoning complexity. To assess
reasoning performance, we employ five diverse reasoning
benchmarks: LogiQA (Liu et al. 2021), OpenBookQA (Mi-
haylov et al. 2018), HellaSwag (Zellers et al. 2019),
SciQ (Welbl, Liu, and Gardner 2017), and GSM8k (Cobbe
et al. 2021). We adopt three metrics: acc denotes standard
accuracy; acc norm represents accuracy normalized by the
length of the candidate answer; and flexible-extract validates
whether the correct solution is present in the model’s output.

Table 1 presents the comparative performance of our
reasoning complexity-based fine-tuning approach against
the single-stage baseline. Our method stably outperforms
the baseline methods on all 5 benchmarks. Specifically,
LLaMA-3.1-8B and Ministral-8B demonstrates remark-
able gains with improvements of 5.882% on LogiQA and
94.595% on GSM8k (CoT), respectively. These results in-
dicate that fine-tuning on samples ordered from lower to
higher logical reasoning complexity effectively enhances the
LLM’s logical reasoning ability and shows robust general-
ization on mathematical and commonsense reasoning tasks.

5 Conclusion
In this work, we proposed a curriculum-based fine-tuning
framework to enhance the logical reasoning capabilities
of LLMs. By quantifying reasoning complexity of propo-
sitional logic samples and stratify the training data into
three subsets, we fine-tune LLMs on these subsets ordered
from easy to hard. Experimental results demonstrate that
our method outperforms single-stage fine-tuning baselines
across various reasoning benchmarks. For future work, we
plan to extend this phased fine-tuning approach into broader
logical domains, such as first-order logic.
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