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Abstract

Deductive reasoning is a crucial logical capability that assists
us in solving complex problems based on existing knowledge.
Although augmented by Chain-of-Thought prompts, Large
Language Models (LLMs) might not follow the correct rea-
soning paths. Enhancing the deductive reasoning abilities of
LLMs, and leveraging their extensive built-in knowledge for
various reasoning tasks, remains an open question. Attempt-
ing to mimic the human deductive reasoning paradigm, we
propose a multi-stage Syllogistic-Reasoning Framework of
Thought (SR-FoT) that enables LLMs to perform syllogis-
tic deductive reasoning to handle complex knowledge-based
reasoning tasks. Our SR-FoT begins by interpreting the ques-
tion and then uses the interpretation and the original question
to propose a suitable major premise. It proceeds by gener-
ating and answering minor premise questions in two stages
to match the minor premises. Finally, it guides LLMs to use
the previously generated major and minor premises to per-
form syllogistic deductive reasoning to derive the answer to
the original question. Extensive and thorough experiments on
knowledge-based reasoning tasks have demonstrated the ef-
fectiveness and advantages of our SR-FoT.

Code — https://github.com/RodeWayne/SR-FoT

Introduction
Deductive reasoning (Johnson-Laird 1999) is the process of
drawing valid inferences. Deductive reasoning is a powerful
human capability, where rigorous deductive reasoning helps
us use existing knowledge as premises to derive correct sub-
sequent conclusions, enabling us to tackle various complex
tasks in the real world.

Automated deductive reasoning has long been a pursuit in
the field of Natural Language Processing (NLP) (Chowd-
hary and Chowdhary 2020; Bharadiya 2023; Khurana
et al. 2023). Works on automated rigorous reasoning in-
clude reasoning engines and Automated Theorem Proving
(ATP) (Bibel 2013), which often provide methods for auto-
matically checking the rigor of reasoning. However, these
engines require the use of formal languages, which limits
their applicability in knowledge-based reasoning scenarios.

*Corresponding author.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Because formal language-based reasoning requires a pre-
defined library of formalized premises, many knowledge-
based reasoning tasks, including common-sense question
answering, involve a diverse array of premises. It is diffi-
cult to prepare and rigorously formalize such a large library
of premises in advance. Therefore, performing correct de-
ductive reasoning in natural language holds significant im-
portance.

Large Language Models (LLMs) (Chang et al. 2024;
Floridi and Chiriatti 2020; Touvron et al. 2023; Chiang et al.
2023; Huang and Chang 2022; DeepSeek-AI 2024) pre-
trained on extensive corpora possess inherent soft deduc-
tive reasoning capabilities (Seals and Shalin 2023). With the
aid of the Chain-of-Thought prompt (CoT) (Lyu et al. 2023;
Wei et al. 2022; Zhang et al. 2022; Turpin et al. 2024; Lee
et al. 2024; Liu, Pang, and Fan 2023), the cognitive abili-
ties of LLMs are further enhanced. However, reasoning with
CoT often does not constitute strict deductive reasoning and
thus can lack rigor. Fig. 4 illustrates the different processes
of handling the same problem using CoT and classic syl-
logistic deductive reasoning, clearly showing that the syllo-
gistic deductive approach is more rigorous. We believe that
guiding large language models to perform deductive reason-
ing, rather than merely multi-step reasoning, can enhance
the rigor of the reasoning process, reduce illusions, and sub-
sequently improve performance on complex tasks.

Inspired by the most fundamental human deductive rea-
soning paradigm, syllogistic reasoning (Bucciarelli and
Johnson-Laird 1999; Khemlani and Johnson-Laird 2012;
Bara, Bucciarelli, and Johnson-Laird 1995), we propose a
multi-stage reasoning framework for large language models
to guide them in using syllogistic reasoning to solve spe-
cific problems. In contrast to existing works in the commu-
nity (Wu et al. 2023; Ye et al. 2023b; Deng et al. 2023),
we do not solely rely on simplistic processes or create tar-
geted benchmarks to evaluate the LLMs’ capabilities in per-
forming syllogistic reasoning. Instead, we propose a reason-
ing framework based on the syllogistic thinking paradigm to
handle complex knowledge-based reasoning tasks. Our SR-
FoT advances in guiding LLMs in performing syllogistic de-
ductive reasoning, thereby achieving improved performance
on these tasks and enhancing the rigor and reliability of the
reasoning process.

The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

15186



Our SR-FoT consists of five stages. Initially, it involves
interpreting the question. Subsequently, SR-FoT guides the
Large Language Model (LLM) proposing a major premise
suitable for the question. This major premise typically en-
compasses the built-in knowledge of the LLM, which serves
as a universal rule that aids in addressing the original ques-
tion. The next stage involves obtaining a minor premise,
which acts as the bridge linking the major premise to
the original problem and is crucial for applying the major
premise to the current issue. We first let the LLM formu-
late minor premise questions based on the original question,
major premise, and contextual information, and then answer
these to obtain an appropriate minor premise. Finally, with
both the major and minor premises established, we enable
the LLM to perform syllogistic reasoning based on the orig-
inal question and these premises to derive the answer to the
original question. Furthermore, to minimize the interference
caused by excessive information during the reasoning pro-
cess (Dong et al. 2023), we restrict each stage to only ac-
cess the content from its necessary preceding stages. For ex-
ample, during the final syllogistic reasoning, only the origi-
nal problem and the previously established major and minor
premises are visible, without the need to reference the prob-
lem interpretation and minor premise question stages.

Our main contributions can be summarized in three
points: i) We propose a multi-step thinking framework that
guides LLMs in using syllogistic deductive reasoning to
solve knowledge-based reasoning tasks. Specifically, to en-
hance the ability of LLM to leverage its built-in knowledge
for solving diverse tasks, we introduce a problem interpreta-
tion stage when acquiring the major premise and improve
the quality of both premises as well as their logical con-
nection to the original problem by adopting an autonomous
question-answering approach during the acquisition of the
minor premise (Bubeck et al. 2023); ii) To facilitate more
rigorous reasoning, we have designed our thinking frame-
work so that each step only accesses the information nec-
essary for that stage, thereby reducing the illusions and er-
ror accumulation that can come from overly long reason-
ing steps; iii) Our SR-FoT achieves superior performance
over the existing chain of thought-related methods on var-
ious knowledge-based reasoning QA datasets such as Sci-
enceQA (Lu et al. 2022), StrategyQA (Geva et al. 2021), and
BoolQ (Clark et al. 2019), demonstrating the superiority of
our SR-FoT.

Related Work
Chain-of-Thought
Chain-of-Thought (Wei et al. 2022) has been demonstrated
to enhance performance in reasoning tasks by fully uti-
lizing the in-context learning capability of the large lan-
guage model to stimulate its multi-step reasoning ability.
Self-consistency CoT (SC-CoT) (Wang et al. 2022) further
improves the performance of CoT by utilizing the consis-
tency of multiple sampled reasoning chains. Complexity-
based CoT (C-CoT) (Fu et al. 2022) further discovers that
the consistency of complex reasoning chains is even more
vital for the reasoning performance of language models. In

addition, some efforts have also been made to further stimu-
late the reasoning ability of language models by focusing on
the structure of the reasoning chain and the levels of reason-
ing, such as Least-to-Most (Zhou et al. 2022) and Tree-of-
Thought (Yao et al. 2023). However, these works have not
considered how to stimulate the reasoning abilities of LLMs
from the perspective of logical reasoning.

Logical Reasoning Ability of LLMs
There has been considerable research within the community
on the logical reasoning capabilities of LLMs, broadly cat-
egorized into two directions: one focuses on logic reason-
ing based on formal languages, and the other on natural lan-
guage logic reasoning. Research related to formal language-
based logic reasoning primarily concentrates on the field of
Automated Theorem Proving (ATP) (Bibel 2013), utilizing
the built-in mathematical priors of LLMs to accelerate the
search process in theorem proving or to construct a growing
library of mathematical theorems to aid new proofs (Wang
et al. 2023). This work typically operates within interac-
tive theorem-proving platforms like the Lean system, which
restricts its application in daily question-answering scenar-
ios. Logic reasoning on natural language with LLMs gen-
erally involves soft reasoning (Yu et al. 2023), which does
not provide rigorous guarantees. For instance, the Chain-
of-Thought (CoT) enhances the general explicit reasoning
abilities of LLMs, and there are exploratory studies demon-
strating to what extent LLMs can perform in logical reason-
ing, or how segment checking might reduce soft deductive
reasoning illusions and error accumulation (Ye et al. 2023a;
Dhuliawala et al. 2023). Recently, several studies on syllo-
gistic reasoning with LLMs have been proposed. However,
these primarily create benchmarks (Ye et al. 2023b), evaluat-
ing the capability of LLMs to perform syllogistic reasoning
on datasets with given premises. Unlike previous works, our
research investigates how to guide LLMs through a multi-
stage process that involves autonomously generating minor
and major premises and performing syllogistic deductive
reasoning to answer a variety of knowledge-based reason-
ing questions.

Methodology
We have designed a reasoning framework that guides large
language models to perform syllogistic deductive reasoning
for addressing various knowledge-based reasoning question-
answer tasks. Next, we present syllogistic reasoning as back-
ground knowledge, followed by a detailed description of our
SR-FoT framework.

Background: Syllogism
In traditional logic, syllogism (Smiley 1973) is a form of rea-
soning where one proposition (the conclusion) necessarily
follows from two other propositions (known as premises).
As shown in Fig. 1, a syllogism consists of three parts: a ma-
jor premise, a minor premise, and a conclusion. Logically,
the conclusion is derived by applying the major premise to
the minor premise. The major premise represents a general
principle, while the minor premise is a specific statement.
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Major Premise: All human beings will die.
Minor Premise: Socrates is a human being.
Conclusion:       Socrates will die.

Figure 1: A syllogism example.

Syllogistic reasoning is a type of deductive reasoning; rig-
orous deductive reasoning ensures that if the premises are
correct, the conclusion must also be correct.

Procedure of Our SR-FoT
While our proposed SR-FoT does not guarantee the execu-
tion of rigorous syllogistic reasoning for 100%, it aims to
guide the reasoning paradigms of the LLM through carefully
designed prompts and sub-tasks at each stage. By strategi-
cally controlling the input visible at each stage, we strive to
ensure that the LLM conducts rigorous syllogistic reasoning
and minimizes the occurrence of reasoning fallacies. Specif-
ically, As shown in Fig. 2, our SR-FoT is divided into five
stages. The prompts for each stage of our SR-FoT are shown
in Fig. 3.

Stage 1: Question Explanation. The key to utilizing
syllogistic reasoning to solve various complex knowledge-
based reasoning tasks lies in formulating appropriate ma-
jor and minor premises that fit the current problem. Accord-
ingly, the first stage of our SR-FoT involves using a prompt
with examples to guide the LLM in interpreting the origi-
nal task question and proposing a solution approach. This
guidance helps direct the LLM to formulate suitable ma-
jor premises and then appropriate minor ones. In this stage,
besides the guidance and example prompts, the only infor-
mation available to the LLM is the ”original question” and
the ”context” provided by the task, which also includes ”op-
tions” information for multiple-choice questions.

Stage 2: Major Premise Production. After acquiring the
“question explanation”, we gain a deeper understanding of
the original question and develop an approach to solve it.
This solution approach often includes guidance on what fur-
ther information is needed. In this stage, based on these
guidelines, we propose an appropriate major premise, which
is derived from the task ”context” or the built-in knowledge
of the LLM. In Stage 2, besides the guidance and example
prompts, the information accessible to the LLM includes the
”original question” ”context” and the ”question explanation”
generated in the first stage.

Stage 3: Posing the Minor Premise Question. After es-
tablishing the major premise, to effectively engage in syl-
logistic reasoning, we need a minor premise. In syllogistic
reasoning, the minor premise is a specific statement that de-
scribes the relationship between a particular instance and
the category mentioned in the major premise. Through the
minor premise, the universal characteristics of the major
premise can be applied to the specific instance in the mi-
nor premise, which is a crucial step in using syllogistic rea-
soning to solve specific problems. Given the diverse and of-

ten complex nature of the knowledge-based reasoning tasks
we need to address, it is challenging to provide a matched
and correct minor premise in one step. Our SR-FoT divides
the step of proposing a minor premise into two stages: pos-
ing the minor premise question (Stage 3) and answering the
minor premise question (Stage 4). The task of the ”posing
the minor premise question” stage is to determine what in-
formation about the specific instance in the original ques-
tion the LLM should acquire to utilize the major premise in
answering the ”original question”. Therefore, in the ”pos-
ing the minor premise question” stage, besides the guidance
and example prompts, the LLM needs access to the ”original
question,” ”context,” and the ”major premise” generated in
Stage 2.

Stage 4: Minor Premise Production. The task of Stage 4
is to utilize the ”context” information provided by the orig-
inal task, along with the built-in knowledge of the LLM, to
answer the minor premise question posed in Stage 3. This
stage aims to obtain the correct information about a spe-
cific aspect of the particular instance in the original ques-
tion, leading to the formulation of an accurate and matching
minor premise. Given the potential complexity of the mi-
nor premise questions, we guide LLM to employ the Chain-
of-Thought (CoT) technique to answer the minor premise
question and to organize and obtain the minor premise. Fur-
thermore, to avoid the interference caused by excessive in-
formation, in this stage, besides the guidance and example
prompts, the LLM has access only to the ”minor premise
question” and ”context” without needing to see the ”original
question” again. The ”minor premise question” and ”con-
text” already contain all the information necessary for the
task of the LLM at this stage; viewing additional information
like the ”original question” could instead lead to distractions
and affect performance.

Stage 5: Final Syllogistic Reasoning After the aforemen-
tioned stages, complex original knowledge-based reasoning
questions can now be answered using syllogistic reasoning.
The specific approach involves designing the appropriate
task instruction and example prompts, allowing the LLM
to engage in syllogistic reasoning based on the major and
minor premises generated in earlier stages, to arrive at the
answer to the original question. Therefore, in Stage 5, we
design the LLM to have access, in addition to the guidance
and example prompts, to the ”major premise” generated in
Stage 2, the ”minor premise” generated in Stage 4, and the
”original question”.

Experiments
To evaluate the effectiveness of our SR-FoT, we conducted
a series of experiments using both Open-source and closed-
source LLMs on several common knowledge-based reason-
ing question-answer datasets.

Experiment Setup
Datasets. To fully demonstrate the effectiveness and gen-
eralization of our SR-FoT, we conduct a series of experi-
ments on three datasets from different fields.

ScienceQA (Lu et al. 2022) is a scientific question-
answering dataset and contains 21,208 multimodal multiple-
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LLM QuestionExpanation

LLM

Question Explaination PromptQE Questionori Context

PromptMP Questionori Context QuestionExpanation

Posing the Minor
Premise Question

MajorPremise

PromptQmP Questionori Context MajorPromise LLM QuestionmP

Major Premise
Production

PromptmP QuestionmP Context LLM minorPremise
Minor Premise
Production

Final 
Syllogistic 
Reasoning

MajorPremise minorPremisePromptSR Questionori LLM Answerori

Figure 2: Procedure of our SR-FoT. Questionori: Original Question, Context: Context provided for Original Question, Answerori:
Answer for Original Question, QuestionmP: Question for Minor Premise, PropmtCoT: Guide Prompt for CoT, PropmtQE: Guide
Prompt for Question Explanation, PropmtMP: Guide Prompt for Major Premise Production, PropmtQmP: Guide Prompt for
Posing the Minor Premise Question, PromptmP: Guide Prompt for Minor Premise Production, PromptSR: Guide Prompt for
Final Syllogistic Reasoning and so on.

Method GPT-3.5-turbo DeepSeek-V2 Qwen1.5-32B-Chat
ScienceQA StrategyQA BoolQ ScienceQA StrategyQA BoolQ ScienceQA StrategyQA BoolQ

Single-Round
Base 85.9 84.8 79.4 87.0 92.3 86.3 87.4 90.8 83.4

CoT (Wei et al. 2022) 86.9 91.3 79.4 88.6 91.8 86.0 87.1 91.0 83.0
SR-FoT (Ours) 87.4 92.1 81.7 91.8 93.2 87.3 88.7 91.9 84.6

Multi-Round
SC-CoT (Wang et al. 2022) 87.4 91.5 82.8 88.6 92.4 87.4 87.6 92.3 84.3

C-CoT (Fu et al. 2022) 87.4 90.2 81.0 88.5 92.3 87.4 87.2 92.0 83.9
SC-SR-FoT (Ours) 88.9 93.4 85.0 93.0 95.0 89.4 90.4 94.4 88.2

Table 1: Comparison with the state-of-the-art methods on the ScienceQA, StategyQA, and BoolQ datasets.

choice science questions. It can be divided into three sub-
jects: natural science, language science, and social science.
It requires the language model to select one answer from
multiple options, usually requiring multi-step reasoning. In
our experiment, we employ the test set samples which only
have a text context, with a total of 2224. We report the accu-
racy of our SR-FoT and comparison methods on this set.

StrategyQA (Geva et al. 2021) is a question-answering
dataset focusing on open-domain questions. Its questions
contain multiple reasoning steps, and a strategy should be
used to obtain the answers. In our experiment, we evaluate
the methods with accuracy on the train set, which includes
2290 samples.

BoolQ (Clark et al. 2019) is a reading comprehen-
sion dataset consisting of 16k samples. They often query
for complex, non-factoid information, and require difficult
entailment-like inference to solve. In our experiment, we
compare the accuracy of our SR-FoT with other methods
on the dev set, with a total of 3270.

Experimental Setting. Our experiments are performed
using API calls on the proprietary model GPT-3.5-
turbo (Ouyang et al. 2022), the open-source model
DeepSeek-v2 (DeepSeek-AI 2024) with 236B parameters,
and Qwen1.5-32B-Chat (Bai et al. 2023) version with
32B parameters. The control group methods include the
Base method, Chain of Thought (CoT) (Wei et al. 2022),
Self-consistency CoT (SC-CoT) (Wang et al. 2022), and
Complexity-based CoT (C-CoT) (Fu et al. 2022) methods.
Our own approaches included SR-FoT and Self-consistency
SR-FoT (SC-SR-FoT), which represents our SR-FoT fol-
lowing the self-consistency sampling and aggregation set-
tings of SC-CoT. In the single-round sampling methods
which include Base, CoT and SR-FoT, the hyperparame-
ters on GPT-3.5-turbo and Qwen1.5-32B-Chat are set to
top p=0.3 and temperature=0.2, while the temperature on
DeepSeek-v2 was set to the default recommended value of
1 (DeepSeek only allows the temperature hyperparameter to
be adjusted). In the multi-round sampling methods which in-

15189



explain_prompt = """You are a knowledgeable scholar. Below is a question with corresponding context. Please read and 
understand the question carefully, explain the meaning of the question, and find what information in the context is needed to 
answer this question. Please note that the information you find must be from the context, and you cannot directly answer this 
question and assume some information does not appear in the context.

Question: {question}\n Context: {context}\n Explanation: """

major_prompt = """From the perspective of the syllogism, please propose a major premise for the question according to the 
context and the explanation. In a syllogism, the major premise is a general statement or a universal truth. Note that the major 
premise must be found or supported in the context and as much as possible related to the question.

Question: {question}\n Context: {context}\n Explanation: {explanation}\n Major Premise: """

minor_question_prompt = """From the perspective of the syllogism, please ask a minor premise question for the given 
question. The minor premise question you ask should be as relevant as possible to the given question.

Question: {question}\n Context: {context}\n Major Premise: {major}\n Minor Premise Question: """

minor_prompt = """Please according to the context, think step by step to answer the question. Note that You must think and 
answer only based on the context.

Question: {minor_question}\n Context: {context}\n Minor Premise: """

final_prompt = """From the perspective of the syllogism, please according to the major premise and minor premise, think 
step by step to answer the question.

Major Premise: {major}\n Minor Premise: {minor}\n Question: {question}\n Answer: """

Figure 3: Prompts for each stage of our SR-FoT.

clude SC-CoT, C-CoT and SC-SR-FoT, we perform 10 sam-
plings each. To enhance the diversity of sampling outcomes,
the hyperparameters on GPT-3.5-turbo and Qwen1.5-32B-
Chat for top p and temperature are adjusted to 0.7 and 0.9
respectively. The temperature hyperparameter on DeepSeek
remained at the default recommended value of 1. The num-
ber of in-context example prompts used in all the methods
on the ScienceQA, StrategyQA, and BoolQ datasets are 5,
2, and 2, respectively.

Experimental Results and Analyses
Performance on ScienceQA. Scientific question answer-
ing is a task scenario that often requires deductive reason-
ing. As seen in Tab. 1, under GPT-3.5-turbo, in the com-
parison of single-round sampling methods, our SR-FoT out-
performs the Base and CoT methods by 1.5% and 0.5% re-
spectively and is on par with multi-round sampling meth-
ods like SC-CoT and C-CoT. In the comparison of multi-
round sampling methods, our SC-SR-FoT exceeds SC-CoT
and C-CoT methods by 1.5%. Under the open-source model
DeepSeek-V2, SR-FoT outperforms the Base and CoT by
4.8% and 3.2% respectively, even surpassing multi-round
sampling methods. What’s more, our SC-SR-FoT further in-
creases the accuracy to 93.0%. Under Qwen1.5-32B-Chat,
compared to the Base and CoT methods, our SR-FoT has an
improvement of 1.3% and 1.6% respectively. Compared to
SC-CoT and C-CoT, our SC-SR-FoT also performs better,
surpassing them by 2.8% and 3.2% respectively. These in-
dicate that our methods achieves greater superiority on the
ScienceQA dataset under multiple models.

Performance on StrategyQA and BoolQ. StrategyQA
and BoolQ are two other knowledge-based reasoning
question-answer datasets that require a true or false judg-
ment based on context or common sense knowledge. From
Table 1, for StrategyQA under GPT-3.5-turbo, in the com-
parison of single-round sampling methods, our SR-FoT out-
performs Base and CoT by 7.3% and 0.8% respectively; in
the comparison of multi-round sampling methods, our SC-
SR-FoT exceeds SC-CoT and C-CoT by 1.9% and 3.2% re-
spectively. Similar trends are observed under DeepSeek-V2
and Qwen1.5-32B-Chat. In addition, our SR-FoT and SC-
SR-FoT also perform the best in both single-round sampling
methods and multi-round sampling methods on BoolQ un-
der the three models.

Overall, whether under the closed-source large language
model GPT-3.5-turbo or the open-source large language
models DeepSeek-V2 and Qwen1.5-32B-Chat, our SR-FoT
achieve a superior accuracy compared with other com-
pared methods on the ScienceQA, StrategyQA, and BoolQ
datasets. This demonstrates the effectiveness of our SR-FoT.

It is worth noting that under DeepSeek-V2 and Qwen1.5-
32B-Chat, the Base method achieves relatively high results
across all three datasets, while the benefits of the CoT
method show signs of saturation, and at times perform worse
than the Base method. However, our methods, whether un-
der single-round sampling settings (SR-FoT) or multi-round
aggregated sampling settings (SC-SR-FoT), are still able to
further enhance performance, demonstrating greater poten-
tial for performance gains. We believe this is because our
SR-FoT employs a syllogistic deductive reasoning frame-
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Question：Which word does not rhyme? Options：['bib', 'job', 'sob'] Ground Truth：bib

CoT：
The answer is 'job', reasoning process step by step:
1.The question asks which word does not rhyme with the others.
2.The options provided are 'bib', 'job', and 'sob'.
3.To determine which word does not rhyme, we need to consider the ending sounds of each word.
4.'Bib' and 'sob' both end with the same 'b' sound, making them rhyme with each other.
5.However, 'job' ends with a different sound, the 'b' sound, making it not rhyme with 'bib' and 'sob'.
6.Therefore, based on the context and the ending sounds of the words, 'job' does not rhyme with the others.

SR-FOT：
Question Explanation:
The question is asking which word does not rhyme with the others. To answer the question, we need to understand the concept of rhyming 
words and compare the sounds of each word in the options to determine which one does not rhyme.
Major Premise Production:
Rhyming words have similar ending sounds, typically the vowel and consonant sounds in the final syllables of the words.
Posing the Minor Premise Question:
Which word has a different ending sound compared to the others?
Minor Premise Production:
The word 'bib' has a different ending sound compared to the others.
Final Syllogistic Reasoning:
The answer is 'bib'. The reasoning process of syllogism is as follows: Since rhyming words have similar ending sounds, typically the vowel 
and consonant sounds in the final syllables of the words, and the word 'bib' has a different ending sound compared to the others, it can be 
concluded that 'bib' does not rhyme with 'job' and 'sob'.

Figure 4: A case of using CoT and SR-FoT to answer a question in the ScienceQA dataset respectively. The highlighted red parts
indicate the incorrect or misleading content, while the highlighted green parts indicate the content that helps correct reasoning.

work, allowing LLMs to address these knowledge-based
reasoning tasks based on a more rigorous reasoning process,
thereby achieving better overall performance.

Ablation Study
Effectiveness Comparisons for Subcategories. As
shown in table 2, we conduct the experiments on the Sci-
enceQA dataset with DeepSeek-v2. The results demonstrate
that our methods can enhance the reasoning performance
of the language model across questions of different dif-
ficulty levels and various subjects, compared with the
state-of-the-art methods. When increasing the consistency
of the proposed method, the beneficial effects become more
significant.

Ablation of Stages. As shown in Table 3, we conduct ex-
periments on ScienceQA under DeepSeek-V2 to verify the
effectiveness of each stage in our method. Specifically, ‘all
in one stage’ denotes using instructions and examples to let
the LLM provide the premises based on the question and
options, and then directly provide the answers. ‘w/o stage
3’ denotes providing the minor premise directly, instead of
posing it as a question first and then answering. The results
demonstrate that the completeness of each stage is impor-
tant. In detail, discarding either the problem explanation or
the major and minor premises would decrease the perfor-
mance. Furthermore, allowing the language model to di-

rectly provide the major and minor premise would signifi-
cantly reduce its performance, demonstrating the necessity
of the multi-stage thinking framework in our SR-FoT.

Impact of Visible Information in Various Stages. As
shown in Table 4, we conduct the experiments on the Strat-
egyQA dataset with DeepSeek-v2. ‘w/o context in stage 3’
denotes that the minor premise question is generated with-
out considering the context. ‘add Qori in stage 4’ denotes that
providing the original question, minor premise question, and
context all to the LLM during the process of answering the
minor premise question. The results demonstrate that both
decreasing or increasing the content of the input prompts
adversely affect performance. This underlines the appropri-
ateness of the designed visible information at each stage of
our SR-FoT.

Rigor Analysis
To more directly analyze whether our SR-FoT improves the
rigor of the reasoning process compared to CoT, we ran-
domly select 50 cases from each of the three datasets under
GPT-3.5-turbo for manual evaluation. For CoT and SR-FoT,
if all intermediate steps from the first step of reasoning to ob-
taining the final answer are correct and logically progressive,
without any factual inconsistencies or self-inconsistencies,
we call them rigorous; otherwise, they are not rigorous. The
results are in Table 5. From the table, it can be found that
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Method Subject Grade AverageNatural Social Language Grade1-6 Grade7-12
Base 89.4 92.0 84.1 88.2 85.4 87.0

CoT (Wei et al. 2022) 91.6 96.0 84.8 90.8 85.5 88.6
SC-CoT (Wang et al. 2022) 91.7 96.8 84.4 90.8 85.3 88.6

C-CoT (Fu et al. 2022) 91.9 96.0 84.7 90.9 85.7 88.5
w/o explanation 94.2 98.4 83.2 90.9 87.0 90.4

w/o major premise 93.7 96.0 85.1 91.1 87.8 90.9
w/o minor premise 87.3 94.4 87.3 91.0 83.1 87.7

all in one stage 91.2 95.2 86.0 91.0 86.1 89.8
w/o stage 3 94.0 96.8 84.1 90.1 88.5 89.4

SR-FoT (Ours) 95.0 97.6 85.7 91.4 89.9 91.8
SC-SR-FoT (Ours) 97.1 96.8 88.4 93.4 92.3 93.0

Table 2: Effectiveness comparisons for subcategories on the ScienceQA dataset with DeepSeek-v2.

Method Accuarcy
w/o explanation 90.4

w/o major premise 90.9
w/o minor premise 89.8

all in one stage 87.7
w/o stage 3 89.4

Ours 91.8

Table 3: Ablation study of stages in our proposed methods
on the ScienceQA dataset under DeepSeek-V2.

Method Accuarcy
w/o context in stage 3 92.4

add Qori in stage 4 92.7
Ours 93.2

Table 4: Ablation study of visible information in various
stages on the StrategyQA dataset.

Method Rigorous Not Rigorous Rigor Rate
ScienceQA SR-FoT 41 9 0.82

ScienceQA CoT 38 12 0.76
StrategyQA SR-FoT 46 4 0.92

StrategyQA CoT 44 6 0.88
BoolQ SR-FoT 48 2 0.96

BoolQ CoT 40 10 0.8

Table 5: Fifty cases using CoT and SR-FoT respectively,
randomly selected from the three datasets under GPT-3.5-
turbo, are analyzed to assess their rigor, and their rigor rates
are subsequently calculated.

Dataset MaPE MiPQE MiPE FRPE
ScienceQA 13 (26%) 4 (8%) 24 (48%) 9 (18%)
StrategyQA 15 (30%) 5 (10%) 14 (28%) 16 (32%)

BoolQ 10 (20%) 14 (28%) 10 (20%) 16 (32%)

Table 6: Error sources on a random sample of 50 incorrect
examples of our SR-FoT from the three datasets using the
GPT-3.5-turbo model. ‘MaPE’ denotes major premise error,
‘MiPQE’ denotes minor premise question error, ‘MiPE’ de-
notes minor premise error and ‘FRPE’ denotes final reason-
ing process error.

our SR-FoT has a higher rigor rate than CoT on all three
datasets, indicating that our SR-FoT has enhanced the rigor
and interoperability of LLM reasoning. For specific com-
parison cases about rigor, please refer to the supplementary
materials.

Error Analysis
We randomly selected 50 error cases from each of the three
datasets under GPT-3.5-turbo to perform an error analysis of
our SR-FoT. The sources of errors and their respective pro-
portions are as in table 6. From the error analysis, it can be
found that the proportion of different types of errors varies
on different datasets. In ScienceQA, most errors stem from
the step of extracting suitable minor premises from the ques-
tion information. In StrategyQA, the main errors stem from
the final reasoning process and mistakes in presenting the
major premise. In BoolQ, the primary errors originate from
the final reasoning process and errors in formulating the mi-
nor premise.

Case Study
We give a case on the ScienceQA dataset to show how CoT
and SR-FoT work. In Fig. 4, it can be seen that in the fourth
and fifth reasoning steps of CoT, the model misunderstands
the rhyme condition and thus infers wrong information, re-
sulting in an incorrect final answer. In SR-FoT, the question
explanation points out a reasonable direction for the major
premise, then the major premise gives more sufficient rhyme
conditions, and the minor premise correctly distinguishes
different ending sounds. With their joint help, the model
gives the correct final answer. More cases can be found in
the supplementary materials.

Conclusion
In this paper, we have developed a multi-stage syllogistic
reasoning framework of thought(SR-FoT) to guide LLMs
in solving complex and diverse knowledge-based reasoning
question-answering tasks using syllogistic deductive reason-
ing. Experiments across various knowledge-based reasoning
datasets under various LLMs demonstrate the effectiveness
and advantages of our method.
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