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常识和常识推理

常 识

常识是一个人类群体的共识

不同群体所拥有的常识差异巨大

但即使跨越时空和文化差异常识，不同人群
依然拥有广泛的常识

常识推理

常识推理，指的是在给定的条件下，根据常
识，推导出合理结论的过程。

常识推理一直是自然语言出来中的一个难题，
因为传统的NLP系统无法获得人类常识。

预训练语言模型PLM和大语言模型LLM出现
以后，AI可以从海量的数据中学到某种程度的
人类常识，常识推理水平有了大幅度提高。

但AI与人类获得常识的方式毕竟有着本质的
不同，AI在常识推理方面，依然面临非常大的
挑战。

1 total: 18 Disclaimer: The views and opinions expressed here are those of the speakers and do not necessarily
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现有的常识推理基准请给出两个CommonsenseQA的数据样例

以下是两个 CommonsenseQA 数据集（包含 1.0 和 2.0 版本）的典型样例，结合其设计特点与官
方公开示例整理而成：

📖 样例 1：CommonsenseQA 1.0（选择题型）

问题：
“Where would you most likely find a village located?”
（村庄最可能位于哪里？）

选项：

(A) In the middle of a lake（湖中心）
(B) On top of a mountain（山顶）
(C) Along a riverbank（河岸旁） ✅
(D) Underneath a desert（沙漠下方）
(E) Floating in the sky（漂浮在空中）

标签：C

推理依据：
人类常识中，村庄通常依赖水源（如河流）生存，因此“河岸旁”符合现实逻辑；其他选项违背地理
常识（如湖心无法建村、沙漠下无生存条件）。

❓ 样例 2：CommonsenseQA 2.0（判断题型）

问题：
“If you see people holding umbrellas while walking on the street, it must be raining.”
（如果看到人们在街上撑伞，那么一定正在下雨。）

标签：错误（False） ❌
推理依据：
撑伞可能因多种原因（如遮阳、防雪、挡风沙），并非仅对应下雨。此陈述过度简化因果，忽略
其他可能性，违反常识中的“多因一果”逻辑。

💡 数据集核心特点对比

特性 CommonsenseQA 1.0 CommonsenseQA 2.0

任务类型
五选一选择题（需推理选择正确答
案）

二元判断（True/False，需识别陈述是否合
理）

数据来源 基于 ConceptNet 知识库构建
人工构造对抗性问题，覆盖知识库未包含
的常识

2025/6/6 00:49 📖 **样例 1：CommonsenseQA 1.0（选择题型）**
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CommonsenseQA 1.0

Background: The Turing Test is intended to serve as a test of
whether a machine has achieved human-level intelligence. In one of
its best-known versions , a person attempts to determine whether
he or she is conversing (via text) with a human or a machine.
However, it has been criticized as being inadequate. At its core, the
Turing Test measures a human’s ability to judge deception: Can a
machine fool a human into thinking that it too is human? Chatbots
like Eugene Goostman can fool at least some judges into thinking it
is human, but that likely reveals more about how easy it is to fool
some humans, especially in the course of a short conversation, than
the bot’s intelligence. It also suggests that the Turing Test may not
be an ideal way to judge a machine’s intelligence.

An alternative is the Winograd Schema Challenge.

Rather than base the test on the sort of short free-form
conversation suggested by the Turing Test, the Winograd Schema
Challenge (WSC) poses a set of multiple-choice questions that have
a particular form. Two examples follow; the second, from which the
WSC gets its name, is due to Terry Winograd.

I. The trophy would not fit in the brown suitcase because it was
too big (small). What was too big (small)?
Answer 0: the trophy
Answer 1: the suitcase

II. The town councilors refused to give the demonstrators a permit
because they feared (advocated) violence. Who feared (advocated)
violence?
Answer 0: the town councilors
Answer 1: the demonstrators

The answers to the questions (in the above examples, 0 for the
sentences if the bolded words are used; 1 for the sentences if the
italicized words are used) are expected to be obvious to a

2025/6/6 00:04 Commonsense Reasoning

https://commonsensereasoning.org/winograd.html 2/8

Winograd Schema Challege
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现有的常识推理基准

任务目标判断假设（Hypothesis）是否可从前提（Premise）中推断成立

（三分类：蕴含/矛盾/中立）

您说得对！非常抱歉误解了缩写。您指的是 RTE（Recognizing Textual Entailment）文本蕴含
推理数据集。以下是两个经典样例（基于 RTE-1 至 RTE-5 挑战赛数据格式），展示 蕴含
（Entailment） 与 矛盾（Contradiction） 两类标签：

📖 样例 1：蕴含关系（Entailment）

前提（Premise）：

“台风预警发布后，沿海居民被要求撤离危险区域。”

假设（Hypothesis）：

“台风预警意味着人们需要离开沿海地区。”

标签（Label）：Entailment ✅
推理依据：
前提中“撤离危险区域”直接推得“离开沿海地区”，假设是对前提的同义转述与合理推断，逻辑成
立。

❌ 样例 2：矛盾关系（Contradiction）

前提（Premise）：

“奥巴马是首位获得诺贝尔和平奖的非洲裔美国总统。”

假设（Hypothesis）：

“奥巴马是唯一获得诺贝尔和平奖的黑人。”

标签（Label）：Contradiction ❌
推理依据：
前提仅说明奥巴马是“首位非洲裔美国总统获奖者”，未排除其他黑人获奖者（如南非前总统德克勒
克）。假设中的“唯一”添加了前提未支持的限制条件，构成矛盾。

💡 RTE 数据集核心特点

属性 说明

任务目
标

判断假设（Hypothesis）是否可从前提（Premise）中推断成立（三分类：蕴含/矛
盾/中立）

数据规
模

RTE-1~RTE-5 累计约 5,000 样本，每届约 800 句对

挑战难
点

需识别 语义等效转述、逻辑隐含关系 及 词汇歧义陷阱

2025/6/6 11:22 📖 **样例 1：蕴含关系（Entailment）**
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RTE (Recognizing Text Entilement)

请给出两个bAbI数据集的样例。

以下是两个来自 bAbI 数据集（20 个问答任务）的典型样例，分别展示 简单推理（单支持事实）
和 复杂推理（多支持事实）两类任务，数据格式基于官方公开示例整理。

📖 样例 1：单支持事实任务（Task: qa1）

上下文（Context）：

1 Mary moved to the bathroom.  
2 John went to the hallway.  
3 Daniel went back to the hallway.  
4 Sandra moved to the garden.  

问题（Question）：
Where is Mary?
答案（Answer）：
bathroom
支持句子编号：1

推理逻辑：
答案直接源于第 1 句 Mary moved to the bathroom，无需跨句子关联。

🔍 样例 2：多支持事实任务（Task: qa2）

上下文（Context）：

1 Sandra journeyed to the bedroom.  
2 Mary got the football there.  
3 John went to the kitchen.  
4 Mary went back to the kitchen.  
5 Mary went back to the garden.  
6 Sandra went back to the office.  
7 Mary dropped the football.  

问题（Question）：
Where is the football?

答案（Answer）：
garden

支持句子编号：3 6（或 7 5，不同版本略有差异）
推理逻辑：

1. 第 2 句：Mary 在卧室拿到足球；
2. 第 5 句：Mary 移动到花园（此时足球随她移动）；
3. 第 7 句：Mary 在花园丢弃足球 → 答案需综合第 2、5、7 句的时空路径。

2025/6/6 00:57 📖 **样例 1：单支持事实任务（Task: `qa1`）**
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bAbI
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现有的常识推理基准
以下是基于 TRAM（Temporal Reasoning Assessment for Large Language Models） 时间推
理基准的两个典型样例，结合其设计目标与公开研究描述整理而成。TRAM 包含 10个异构子数据
集，覆盖事件排序、时间常识、跨文档时间线重建等复杂推理任务。由于 TRAM 未公开具体样
本，以下样例根据其论文描述与类似数据集（如 COTEMPQA）的共时推理逻辑构建，体现 TRAM
的核心挑战点：

⏱️ 样例 1：事件精确排序（TRAM 子任务：Temporal Sequences）

问题：
“已知以下事件：

A：公司发布第一季度财报（3月31日）
B：公司宣布新产品研发启动（4月15日）
C：股价单日上涨 8%（4月16日）
问：事件 C 是否可能由事件 A 直接引起？请解释。”

答案与推理：

标签：否 ❌
依据：
事件 A（3月31日）与事件 C（4月16日）间隔超过两周，股价波动通常由近期事件驱动
（如事件 B 在4月15日）。时间逻辑要求模型识别 延迟因果的合理性边界（财报影响通常
在1-3天内反映）。

🔄 样例 2：共时关系解析（TRAM 子任务：Co-Temporal Events，类似
COTEMPQA）

问题：
“在 2020 年 1 月 23 日至 4 月 8 日期间，武汉市因新冠疫情封城。
同期，雷神山医院于 2 月 8 日投入使用。
问：雷神山医院是否在封城期间全程运营？”

答案与推理：

标签：是 ✅
依据：
封城期（1.23–4.8）完全包含医院运营期（2.8–4.8），属 期间关系（During）。模型需计
算时间包含性，并忽略无关事件（如封城结束日）的干扰。

💡 TRAM 数据集核心特点

维度 说明

任务类型
10 项子任务覆盖：事件排序、时长推断、共时关系、时间常识问答、跨文档时
间线对齐等

2025/6/6 01:00 ⏱️ **样例 1：事件精确排序（TRAM 子任务：Temporal Sequences）**
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TRAM

以下是基于 MuSR（Multistep Soft Reasoning） 数据集论文描述的两个典型样例构造。该数据
集专注于多步软推理任务，通过自然语言叙事构建复杂推理场景（如悬疑推理、事件因果链），

挑战模型的多步逻辑整合与常识推断能力。以下样例根据论文核心设计逻辑还原，并体现其关键
特征：

🕵️‍♂️ 样例 1：谋杀悬疑推理（多步因果链整合）

叙事背景（约 1000 词摘要）：

富豪 Charles 在书房中毒身亡。前一天，他与妻子 Clara 激烈争吵财产分配问题；女仆 Emma
曾因偷窃被 Charles 威胁解雇；园丁 Thomas 被目击在案发前 1 小时携带农药进入书房。尸
检显示毒素为氰化物，而 Thomas 的农药瓶仅含除草剂。警方在 Clara 的手袋中发现未使用
的氰化物胶囊。

问题：
谁最可能是凶手？需结合动机、机会、物证三要素逐步推理。

答案与推理链：

1. 动机分析：
Clara 与死者有财产纠纷（直接利益冲突） ➔ 动机强
Emma 虽有怨恨，但解雇威胁已解除（无即时杀人动机） ➔ 动机弱
Thomas 无已知矛盾，且农药无害 ➔ 无动机

2. 机会验证：
Thomas 进入书房但未携带毒物（农药瓶无害） ➔ 无作案工具
Clara 未被目击进入书房，但手袋藏毒 ➔ 具备隐蔽投毒机会

3. 物证关联：
氰化物胶囊与死因匹配，且 Clara 持有同类毒物 ➔ 直接物证链

4. 结论：Clara 是凶手（需综合三步推理，排除干扰项 Thomas）

挑战点：

模型需区分 直接证据（氰化物胶囊）与 干扰线索（Thomas 的农药）
理解 隐蔽机会（未目击≠无作案可能）体现现实世界的不完备信息推理。

⚖️ 样例 2：合同纠纷归因（多因素责任判定）

叙事背景：

公司 A 与公司 B 签订软件交付合同。A 未按时提供 API 接口文档，导致 B 的测试延迟 2 周；
B 在延迟期间擅自修改核心模块，引发兼容性崩溃。最终交付失败，双方互相追责。

问题：
哪方应承担主要责任？需分析违约先后顺序与因果关系。

答案与推理链：

2025/6/6 01:04 🕵️‍♂️ **样例 1：谋杀悬疑推理（多步因果链整合）**
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MuSR
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常识推理测试基准与模型能力进展

Before 2018,神经网络语言模型（MLP-LM、LSTM-LM）

CommonsenseQA，Winograd Shema Challange，RTE，bAbI

2018,预训练语言模型（BERT）

CommonsenseQA 2.0，PIQA

2023,大语言模型LLM（ChatGPT）

家族排行问题，青蛙跳井问题，弱智吧数据集

2025,大推理模型LRM（o1、DeepSeek）

MuSR，TRAM，SCR-Bench

声明：常识推理数据集和测试基准非常多，这里只列出少数例子，不是系统性的总结。
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研究问题

Research
Questions

模型能否进行
多步常识推理

模型能否组合
不同类型常识
进行推理

如何降低数据
集构造成成本

(自动合成)
推理链长度的
可控性和
可解释性

如何保证数据
本身的多样性
和合理性
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论文

SCoRE: Benchmarking Long-Chain Reasoning in
Commonsense Scenarios

Weidong Zhan1, Yue Wang2, Nan Hu1, Liming Xiao1, Jingyuan Ma2, Yuhang Qin1,
Zheng Li2, Yixin Yang2, Sirui Deng1, Jinkun Ding1, Qingxiu Dong2, Wenhan Ma2, Rui Li2,

Weilin Luo3, Qun Liu3, Zhifang Sui2∗
1Center for Chinese Linguistics, Department of Chinese Language and Literature, Peking University

2School of Computer Science, State Key Laboratory of Multimedia Information Processing, Peking University
3Huawei Noah’s Ark Lab, China

szf@pku.edu.cn, zwd@pku.edu.cn

Abstract

Currently, long-chain reasoning remains a key challenge for large language models
(LLMs) because natural texts lack sufficient explicit reasoning data. However,
existing benchmarks suffer from limitations such as narrow coverage, short rea-
soning paths, or high construction costs. We introduce SCoRE (Scenario-based
Commonsense Reasoning Evaluation), a benchmark that synthesizes multi-hop
questions from scenario schemas of entities, relations, and logical rules to as-
sess long-chain commonsense reasoning. SCoRE contains 100k bilingual (Chi-
nese–English) multiple-choice questions whose reasoning chains span 2–11 hops
and are grouped into various difficulty levels. Each question is accompanied
by fine-grained knowledge labels, explicit reasoning chains, and difficulty lev-
els for diagnostic evaluation. Evaluation results on cutting-edge LLMs such as
o3-mini and Deepseek R1 shows that even the best model attains only 69.78%
accuracy on SCoRE (even only 47.91% on the hard set), with errors often stem-
ming from rare knowledge, logical inconsistency, and over-interpretation of simple
questions. SCoRE offers a scalable, extensible framework for evaluating and di-
agnosing the long-chain commonsense reasoning abilities of LLMs and guiding
future advances in model design and training. Our data and code can be found at
https://github.com/pokerwf/KnowLogic.

1 Introduction

Reasoning is a high cognitive function that involves analyzing, inducting, and deducing new informa-
tion based on existing knowledge[1]. It plays a fundamental role in human intelligence. Evaluating
the commonsense reasoning ability of large language models (LLMs) is crucial for the development of
AI. This ability significantly influences LLMs’ decision-making capabilities and is vital for advancing
towards human-like intelligence in artificial general intelligence (AGI).

While commonsense knowledge and reasoning are both indispensable for human-like intelligence,
current commonsense reasoning benchmarks mostly exhibit a systemic bias toward knowledge
memorization over structured reasoning. Previous commonsense reasoning datasets typically relied
on human annotation [2–6], template rules [7–9] or LLMs [10–12] for data generation. Human
annotated datasets, such as CommonsenseQA [2], CommonsenseQA 2.0 [3], and ProtoQA [4], guide
crowdworkers to generate questions associated with given knowledge. However, the questions are
mostly solvable through direct knowledge retrieval or single-step reasoning rather than multi-step
reasoning, which appears to be too simple for large reasoning models. Moreover, the high cost
of manual annotation makes it difficult to build large-scale datasets. Datasets based on template
rules, such as bAbI [7] and TRAM [8], connect commonsense knowledge with explicit logical

Preprint. Under review.
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拟将本测试基准名称改为SCR-Bench
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本文的贡献

1
我们提出了SCR-Bench，一个双语基准，旨在通过多步推理链
评估常识场景下的复杂逻辑推理。它由10万个常识推理问题组
成，融合了不同层次的多样常识知识、多场景和长推理链。

2
我们提出了一种知识驱动的数据合成方法，将人工构建小规模知识库
和自动问题生成相结合，以最小的人力成本保证数据质量和数量。该
方法具有透明和可追踪的工作流程，便于对LLM进行可解释的评估。

3
我们使用13个最先进的推理LLM进行了评估。表现最好的模型取
得了69.78%的分数，在难题子集上的平均准确率只有47.91%，
说明SCR-Bench对于表现最好的模型来说是很有挑战性的。

4 通过案例分析，我们发现了LLM在常识推理能力方面存在的几个显著缺
陷，包括对低频常识知识的误解、逻辑上的自我矛盾和过度思考等。
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知识库框架

3. We conducted evaluations using 13 state-of-the-art reasoning LLMs. The highest-performing
model achieved a score of 69.78%, and the average accuracy on the hard set was only 47.91%,
indicating that SCoRE is challenging for the top-performing models.

4. Through case analysis, we identified several significant shortcomings in the commonsense
reasoning capabilities of LLMs, including misunderstandings of low-frequency common-
sense knowledge, self-contrast in logic, and overthinking, among others.

2 Data Synthesis for SCoRE

The basic methodology for generating our reasoning data revolves constructing knowledge base and
ultilizing Inference Engine to generate questions. The core knowledge base is relatively small in
scale, and to ensure accuracy, it primarily leverages existing knowledge bases combined with manual
construction. The reasoning engine is developed under strict logical rules, which—given the accuracy
of the knowledge base—guarantees the precision of the automatically synthesized data.

2.1 Scenario-Centered Knowledge Base Construction

Three-tiers & 
Two-columns

Scenarios Entities

Lemon
Category: fruit
Color: yellow
Taste: sour
......

Banana
Category: fruit
Color: yellow
Taste: sweet
......

Label: Space

Four Person Booth

Label: Space Label: Nature Label: Nature

Cat
Category: mammal
Leg-num: 4
Live-place: land
......

Goldfish
Category: fish
Leg-num: 0
Live-place: freshwater
......

Label: Nature Label: Nature

Propositions- A is on the bottom left side
- B is on the bottom right side

Property-
Related

Logical Rules
"X is to the left of Y" <=> "Y is to the right of X"
"X is on the first tier" and "Y is on the third tier" =>"X is 
separated from Y by one tier in between"
......

"X is a mammal" => "X is a homothermal animal"
"X is red" and "Y is yellow" => "The light reflected by X has a 
longer wavelength than the light reflected by Y"
......

- The color of lemon and banana is same
- A cat has more legs than a goldfish

Relation-
Related

🍋 🍌

😺

- A is to the left of B
- C is directly above A

- A is to the right of B
- D is directly opposite A

- Lemon is yellow
- Lemon is sour

A

B

C

D

E               F 

C               D

A               B

Figure 1: The framework of knowledge base. Illustrated with scenarios in the space domain and
entities in the nature domain.

SCoRE relies on a knowledge base that includes scenarios, entities, propositions to express properties
and relations, and logical rules for reasoning. The overall framework of the knowledge base is
presented in Figure 1.

Scenarios are the core of our knowledge base. We believe that commonsense reasoning requires an
understanding of the specific scenarios in which additional implied information must be inferred to
fully grasp the context. Each scenario has designated slots for placing entities, and these slots impose
selection constraints on entities. For example, in a "four-person booth" scenario, there should be
four entities, each should be a person. The scenario also constrains the way we describe the relations
of entities, for example, when describing the spatial relations in a "three-tier and two-column"
scenario, we may use left, right, above and below, but we would not describe the front and back of
entities. Scenarios are constructed by manually designing a minimum set of propositions based on
the properties and basic relations, and a set of logical rules to infer all relations. These propositions
and rules can be reused when constructing a new scenario by judging whether they are appplicable in
the new scenario. Appendix L lists the scenarios used by SCoRE.

3

以空间域和自然域实体为例
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知识库框架说明
▶ 场景是我们知识库的核心：

▶ 每个场景都有用于放置实体的指定槽，这些槽对实体施加了选择约束。
▶ 场景是通过人工设计一个基于属性和基本关系的最小命题集，以及一组逻辑规则来推断所
有关系来构建的。

▶ 通过判断这些命题和规则在新的场景中是否适用，可以在构造新的场景时重用这些命
题和规则。

▶ 实体是被填充到场景中的候选者，它也具有由命题和逻辑规则所描述的多种性质和关系：
▶ 每个场景和实体都有“领域”标签注释，每个命题都用其领域、相关实体和关系标记，以
便进行细粒度分析。

▶ 实体及其属性是从现有的外部资源（如HowNet、ConceptNet和维基百科）中提取的。
▶ 基于它们，我们手动总结与实体的属性或关系相关联的逻辑规则。

▶ 当前版本的知识库将实体、实体之间的关系和事实命题组织成结构化的场景，表示跨空间、时
间、自然和社会领域的核心知识。知识库是可扩展的。

目前，知识库包含11个场景、707个实体和与29个属性和109个关系相关联的939条规则。
▶ 尽管知识库的规模相对较小，但它具有产生大量问题的潜力。

以“三层两列”场景为例，知识库中有633个实体满足该场景的约束条件。只要选择6个实体填
充到此方案中，就会产生A6

633 = 6 ∗ 1016种可能的组合。
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数据合成过程

Entities are candidates to be filled into the scenarios, which also have multiple properties and relations
described by propositions and logical rules. Each scenario and entitiy is annotated with a "domain"
label, and each proposition is labelled with its domains, related entities and relations for fine-grained
analysis. The entities and their properties are extracted from existing external resources such as
HowNet [13], ConceptNet [14] and Wiki. Based on them, we manually summarize logical rules
associated with the properties or relationships of the entities.

The current version of the knowledge base organizes entities, relations between entities, and factual
propositions into structured scenarios representing core knowledge across spatial, temporal, natural,
and social domains. At this stage, the knowledge base includes 11 scenarios, 707 entities, and 939
rules associated with 29 properties and 109 relations. It is designed to be extensible, and will be
continuously expanded in future iterations. Details about its construction are shown in appendix A.

Though the knowledge base is relatively small in scale, it has the potential to generate a large number
of questions. Taking the "three-tiers two-columns" scenario as an example, 633 entities in the
knowledge base meet the constraints of this scenario. Just selecting 6 entities to fill into this scenario
yields A6

633 = 6 ∗ 1016 possible combinations.

(a) Scenario Definition (b) Inference Data Generation

Fill Entities into Scenario

Scenario

Knowledge Base

Entities

Fact Base

Scenario

Knowledge Base

Statement Set

Randomly Select Facts

Generate Introductory

Strawberry
Color: 
Taste: 

Entities

Lemon
Color: yellow
Taste: sour

- Strawberry is on the middle tier
- A yellow item is above a red item
- All sweet items are on the left side
......
(Added fact:)
- (Bread is below a round item)

Yes ✅ No ❌

End Add Another 
Fact

- Lemon is yellow
- Lemon is sour
- Strawberry is red
- Strawberry is sweet
......
- Lemon is on the top tier
- Strawberry is on the middle tier
......

Can they uniquely 
determine the scenario?

Lemon, strawberry, bread, ... , six 
items are placed on a three tier
shelf, a customer is standing ...

Lemon🍋

Strawberry🍓

Sugar🍬

Eggplant🍆

Egg🥚

Bread🍞

Lemon

Strawberry

Sugar

Eggplant

Egg 

Bread

Scenario

(c) Question Generation

Fact Base

Choose a Fact & Mask an Entity

is on the top tier

Find All Correct Entities

Generate Question

- Lemon is on the top tier
- Strawberry is on the top tier
- A yellow item is above strawberry
......

Lemon, strawberry, bread, …, six items 
are placed on a three tier shelf. It is 
known that:
- Strawberry is on the middle tier
- A yellow item is above a red item
- All sweet items are on the left side
......
Question:    is on the top tier
A. Lemon      B.Eggplant
C.  Egg          D.None of the above
Answer: AB

Lemon is on the top tier
Strawberry is on the top tier

Initial Facts

Generated Facts

- A yellow item is on the top tier
- A red item is on the middle tier
- A yellow item is above a red item
......

🍓

🍋

🍓
🍋

🍋 🍆
🍓 🥚

🍞🍬

🍋

🍓

Figure 2: Overall process of data synthesis. The pipeline consists of three stages: (1) Scenario
Definition: selecting entities/events from the knowledge base and constructing natural language
descriptions; (2) Inference Data Generation: applying the Reasoner to iteratively generate a fact
base via rule-based logic and select a minimal statement set that uniquely determines all entity
positions; (3) Question Design: using the statement set and answer key to generate different question
types (e.g., precise, vague, true/false) with appropriate options. This process ensures verifiable
reasoning chains, rich logical structures, and natural language fluency.

2.2 Knowledge-Driven Question generation

Once the knowledge base is completed, we can ultilize a knowledge-driven method to automatically
generate numerous questions. Our Question generation is fully automated by the Inference Engine,
which consists of three steps. The overall process of question generation is shown in Figure 2.

Step 1: Scenario Definition This first step establishes the scenario and enhances its presentation.
It involves selecting an scenario and a few entities that meets the constrains of the scenario from the
knowledge base and filling the entities into the scenario. Crucially, it generates introductory text
for context and applies templates for natural language transformation of scenario elements. This
combines scenario creation with immediate linguistic refinement for user-friendliness.

Step 2: Inference Data Generation The second step is utilising a Reasoner to generate inference
data. The Reasoner is a rule-based program that takes the relations associated with the scenario and

4

(a)场景定义：从知识库中选择实体/事件，构建自然语言描述；
(b)推理数据生成：应用推理机通过基于规则的逻辑迭代地生成事实库，并选择唯一确定所有实体位置的最小语句集；
(c)问题设计：使用语句集和答案关键，生成不同的问题类型（如精确、模糊、真/假），并带有适当的选项。
这个过程确保了可验证的推理链、丰富的逻辑结构和自然语言的流畅性。
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数据合成过程详细介绍

第一步 场景定义：建立场景并生成其文本描述。

它包括从知识库中选择一个场景和少量满足场景约束的实体，并将这些实体填充到场景中。

这个过程将为上下文生成介绍性文本，我们采用预定义模板对场景元素进行自然语言转换。
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数据合成过程详细介绍

第二步 推理数据：使用推理机来生成推理数据。

推理机是一个基于规则的程序，它将与场景关联的关系以及实体或事件的所有属性作为输入。

它维护一个事实库，刚开始事实库只包含所有实体和事件属性的描述。
▶ 程序会自动遍历知识库中的逻辑规则，将其与初始事实进行匹配，生成新的事实，并将其添加到事实
库中。

▶ 程序将事实库中新添加的事实与原始事实一起作为新的初始事实，并将它们再次输入到推理机中。
▶ 重复这个过程，直到不能生成新的事实为止。每个事实都用所涉及的属性或关系标记，以实现
精确的分析。

事实库完成后，推理机会选择一组事实，这些事实可以唯一地确定场景中每个实体或事件的槽

位。这一组事实可以构成一条长思维链，推导出所定义的场景。
▶ 对于每一个步骤，推理机从事实库中随机选择一个事实，将其添加到语句集，并验证语句集是否可以
唯一确定每个实体或事件的槽。

▶ 在这个过程中，程序会自动记录语句中涉及的域、实体、属性和关系以及推理步骤的数量。
▶ 重复这一过程，直到答案为“是”。通过这种事实库生成和语句选择的反复叠加，可以形成一条显性
的长推理链。
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数据合成过程详细介绍

第三步 问题设计：使用问题生成器来设计问题。

问题生成器将语句集和实体或事件的ground-truth排列作为输入。它首先选择一个题型。
▶ 如果问题类型是“正确陈述”或“不正确陈述”，生成器将随机选择四对实体或事件来生
成正确或不正确的陈述作为选项。

▶ 当题型为“单选”时，生成器生成一个命题，该命题可以唯一确定场景中实体或事件的槽
位，并屏蔽相关信息。

▶ 当问题类型为“多选”时，生成器生成多个实体可以满足此命题的命题，并将所有这些实
体识别为潜在答案。对于选项，如果场景有4个潜在答案，则所有实体/事件都将是选项。
否则，它会随机选择其中的三个作为选项A、B和C，然后添加“以上都不是”作为选项D。
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数据合成过程详细介绍

▶ 为了数据的质量，我们进行了三轮人工验证，经过这个过程，数据的准确率达到了100%。
▶ 这种方法自动将一个小的常识知识库转换为一个包含显式、可验证推理链的多步骤推理问题的

大型数据集。它提供了四个关键的优点：

（1） 逻辑可靠性——每个问题都对应于一个形式化的推理过程；
（2） 组合丰富性——规则组合产生多样的常识模式；
（3） 可控的推理链——让我们调整链的长度和难度；
（4） 文本自然性——情景基础产生流利的、上下文丰富的问题陈述。
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知识驱动的常识推理基准（数据集）

全数据集包含由上述方法生成的100,000个问题。考虑到测试成本，我们特意选择了6000个能够覆盖
我们知识库中所有知识点的问题组成测试数据集。

▶ 知识密度：测试集由6,000个中英文双语问题组成，涵盖空间、时间、社会和自然四大常识领
域，以及带有多个“领域”标签的问题的混合领域，每个领域每个语言600个问题。问题涵盖了
知识库中的所有知识点，共计11个场景，707个实体，29个属性和109个关系。

▶ 显式推理链：问题中的所有事实都由推理引擎生成，并且在数据合成过程中记录所有推理步骤。
由于我们的数据合成过程中存在显式且可追踪的推理链，因此这些链的长度是高度可控的。我
们的数据集涵盖推理链从2到11跳不等的问题，支持对模型的多跳推理能力进行分层评估。

▶ 细粒度标签：问题是通过逻辑规则连接领域知识而产生的，保证了推理过程的清晰和可追溯性。
在推理过程中记录了7种标签：域、场景、实体、属性和推理过程中使用的关系，以及推理链长
度和问题类型。模型出错的问题可以被分析并追溯到具体的知识点或推理步骤。

▶ 难度级别：根据问题的认知负荷、知识复杂度和信息完备度计算，数据集包括易、中、难三个
难度级别。难度等级分布比例为1:2:3。我们认为，当前的LLM正处于从简单推理任务向复杂推
理任务过渡的阶段。我们专注于更多中等或难问题，以加快模型推理能力的提升。
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数据集样例

- Correctness of the question: whether there were contradictions, commonsense violations, or
missing conditions;

- Correctness of the answer: whether the answer of the questions are correct;
- Linguistic Quality: whether the questions were expressed clearly and naturally, rated on a

3-point scale.

The results showed that approximately 30% of the questions had issues in at least one of the above
three dimensions. We traced each error back to its originating knowledge entry and made the
necessary corrections.

The third round followed the same procedure as the second, focusing on evaluating the correctness of
the question and answers. This round revealed that, with the exception of the social domain, where
errors were caused by the reasoning program, all other domains achieved 100% correctness. After
fixing the errors of the program, both the dataset and the knowledge base reached complete accuracy.

D Question examples of different domains and question-types

Table 6 shows the examples of questions across different domains and question-types in our dataset.

Domain Scenario Question
type

Example of question

Space centrifugal
hexagon

6 slots -
vague

周伯通、郝大通、柯镇恶、赵志敬、刘处玄、王重阳六位
道士在终南山重阳宫内盘腿席地打坐，围成一个圆圈，修
炼内功，六人的位置恰好形成一个正六边形。六人都面朝
外背对圆心而坐。任意相邻两人之间的间距相等，大约为
一米。已知：
刘处玄的右边接着就是赵志敬，
郝大通在赵志敬的右边，二者相邻，
从赵志敬的左边数起第二个位置是王重阳，
从柯镇恶的左边数起第五个位置是王重阳，
从王重阳的左边数起第二个位置是周伯通。
问题：
赵志敬与___之间隔着两个位置。
选项：A.刘处玄 B.周伯通 C.柯镇恶 D.郝大通
答案：C
David, Jennifer, Elizabeth, Michael, John, James, —these six
Taoist priests are seated cross-legged on the ground inside the
Chongyang Palace on Zhongnan Mountain, arranged in a circle
as they practice internal martial arts. The positions of the six
priests form a perfect hexagon. Each priest is facing outward,
with their backs toward the center of the circle. The distance
between any two adjacent priests is equal, approximately one
meter. It is known that:
Michael is directly to the right of John;
Jennifer is directly to the right of Michael;
James occupies the second position to the left of Michael;
James occupies the fifth position to the left of Elizabeth;
David occupies the second position to the left of James.
question:
Michael and ___ are separated by two positions.
Options: A.John B.David C.Elizabeth D.Jennifer
Answer:C

5 slots - pre-
cise

柯镇恶、王处一、郝大通、尹志平、刘处玄、赵志敬六位
道士在终南山重阳宫内盘腿席地打坐，围成一个圆圈，修
炼内功，六人的位置恰好形成一个正六边形。六人都面朝
外背对圆心而坐。任意相邻两人之间的间距相等，大约为
一米。已知：
尹志平在赵志敬右边数起第五个位置，
柯镇恶的左边紧接着就是刘处玄，
尹志平在郝大通左边数起第二个位置。

16
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数据集样例

Domain Scenario Question
type

Example of question

问题：
___在尹志平左边数起第三个位置。
答案：D
选项：A.郝大通 B.刘处玄 C.柯镇恶 D.以上选项都不
是
Elizabeth, Robert, Jennifer, Susan, John, Michael, —these six
Taoist priests are seated cross-legged on the ground inside the
Chongyang Palace on Zhongnan Mountain, arranged in a circle
as they practice internal martial arts. The positions of the six
priests form a perfect hexagon. Each priest is facing outward,
with their backs toward the center of the circle. The distance
between any two adjacent priests is equal, approximately one
meter. It is known that:
Susan occupies the fifth position to the right of Michael;
John is directly to the left of Elizabeth;
Susan occupies the second position to the left of Jennifer.
question:
___ occupies the third position to the left of Susan.
Options: A.Jennifer B.John C.Elizabeth D.None of the
above
Answer:D

three rows
two
columns

6 slots -
vague

月季、水仙、茉莉、君子兰、天竺葵、郁金香六盆花放置
在三层花架上呈列，花架紧靠大厅南墙放置，每层两格，
各放一盆花，一在东，一在西。画师站在花架前，面对花
架支起画架，为花架中六盆花画素描。在描述各花的方位
关系时，约定以画师自身左右方位为参照，即东侧花盆为
左，西侧花盆为右。东侧花盘在西侧花盘左边，西侧花盆
在东侧花盆右边。已知：
郁金香的正上方是月季的正下方，
月季在天竺葵左上方且二者隔了一层，
天竺葵在一层西侧，
君子兰在天竺葵左上方且二者不隔层，
月季在茉莉左边，
水仙在君子兰右边。
问题：
___所在层和天竺葵所在层相邻。
答案：D
选项：A.茉莉 B.月季 C.郁金香 D.以上选项都不是
Monthly Rose, Narcissus, Jasmine, Clivia, Geranium, Tulip,
—these six pots of flowers are arranged on a three-tiered flower
stand, placed against the south wall of the hall. Each tier is di-
vided into two sections, with one pot placed in each section—one
on the east side and one on the west. The artist stands in front of
the flower stand, facing it, and sets up an easel to sketch the six
pots of flowers. When describing the positional relationships of
the flowers, the artist’s own left and right are used as a reference,
with the eastern pot being on the left and the western pot being
on the right. In other words, the eastern pot is to the left of the
western pot, and the western pot is to the right of the eastern pot.
It is known that:
The position directly above Tulip is directly below Monthly
Rose;
Monthly Rose is located at the upper left side of Geranium and
there is a tier between them;
Geranium is on the west side of the first floor;
Clivia is located in the upper left corner of Geranium and the
two are not separated by a layer;
Monthly Rose is to the left of Jasmine;
Narcissus is somewhere to the right of Clivia.
question:
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数据集样例

Domain Scenario Question
type

Example of question

(8)Jack became a father 23 years after he met his future wife;
(9)Jack retired 64 years after he was born.
Question: Select the correct statement(s): ____
Options:
A.The gap between the time the United Nations was founded
and the time Google was founded is 97 years.
B.Jack became a father 20 years before Google was founded.
C.Jack started junior high school after the first Pulitzer Prizes
were announced.
D.The gap between the time Jack was born and the time he
started high school is 16 years.
Answer: D

Cyclic
Scenario

Incorrect
Statements

小明是一名大学生，以下是他的每周安排:
(1)星期三，他打羽毛球;
(2)周三，他开组会;
(3)在星期三，他跑步;
(4)在他打羽毛球之后1天，他阅读科幻小说;
(5)在他开组会的2天之后，他练习吉他;
(6)在他开组会之后3天，他看论文。
问题：以下选项中不正确的是____
选项：
A.在他打羽毛球的5天之前，他跑步。
B.在他阅读科幻小说的6天之后，他打羽毛球。
C.在他看论文的3天之前，他阅读科幻小说。
D.在他练习吉他之后2天，他阅读科幻小说。
答案：ACD
Jack is a college student, and here are his weekly plans:
(1)On Wednesday, Jack plays badminton;
(2)Jack has a group meeting on Wednesday;
(3)Jack goes jogging on Wednesday;
(4)Jack reads sci-fi novels 1 day after he plays badminton;
(5)2 days after Jack has a group meeting, he practices the guitar;
(6)3 days after Jack has a group meeting, he reads research
papers.
Question: Select the incorrect statement(s): ____
Options:
A.Jack goes jogging 5 days before he plays badminton.
B.Jack plays badminton 6 days after he reads sci-fi novels.
C.Jack reads sci-fi novels 3 days before he reads research papers.
D.2 days after Jack practices the guitar, he reads sci-fi novels.
Answer: ACD

Social General
Social
Relationship

Correct
statements

已知：冯志强是冯秀英的哥哥，也是周强的朋友。王丽
是冯志强的妻子，也是周强的同学。郑建国是王丽的前男
友，也是李晓静的男朋友。吴晶是郑建国的数位前女友中
的一位，也是孙大伟的前妻。周强是吴晶的领导，也是赵
伟的下属。李晓静是周强的数位领导中的一位，也是孙大
伟的同事。钱静是孙大伟的前女友，也是赵伟的女朋友。
问题：以下选项正确的是___
选项：
A.孙大伟的同事是吴晶的前男友的媳妇
B.孙大伟的前妻是李晓静的男朋友的母亲
C.赵伟的下属是郑建国的某位名字中带有丽的前女友的同
学
D.赵伟的下属是郑建国的某位名字中带有丽的前女友的同
事
答案：C
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背景：大语言模型时代的常识推理

以场景为中心的知识驱动的常识推理数据合成与评价方法

知识驱动的常识推理基准（数据集）
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实验结果Table 3: Models Performance on Different Domains (Accuracy %). Best performers in each domain
are bolded.

Model Space Nature Time Social Mix Avg
CN EN CN EN CN EN CN EN CN EN

Closed-Source Models
o1-preview 67.17 58.83 89.83 84.33 79.67 80.67 49.67 71.67 61.17 54.83 69.78
o1-mini 62.00 56.50 82.00 75.33 88.00 85.67 33.83 56.67 48.00 45.33 63.33
claude-3.5-sonnet 45.33 43.17 76.00 70.83 60.50 71.67 56.83 68.67 36.33 36.17 56.55
glm-zero-preview 39.50 34.50 73.17 71.83 66.83 79.17 38.67 78.33 22.83 27.33 53.22
glm-4-plus 30.33 30.17 74.17 64.50 71.67 70.67 38.67 58.17 25.50 26.00 48.98
gpt-4o 29.50 29.00 68.17 65.67 65.50 69.83 25.17 45.00 23.67 26.83 44.83
qwen-max 15.83 13.17 65.83 64.00 54.17 71.67 47.67 56.33 24.83 26.00 44.50
o3-mini 19.67 22.00 57.33 57.83 58.50 62.33 24.67 70.00 26.67 25.17 42.41

Open-Source Models
deepseek-r1 54.67 52.17 81.33 75.33 57.67 71.83 80.83 84.00 48.67 39.17 64.65
qwq-32B-preview 40.50 43.50 76.33 75.00 59.67 76.83 55.67 77.50 27.50 32.67 56.52
deepseek-v3 36.83 35.67 67.83 64.00 60.83 65.00 45.00 82.17 24.83 33.67 50.56
deepseek-r1-distill-qwen-32b 45.17 37.50 81.83 60.17 66.00 65.33 54.33 42.83 26.50 23.00 50.27
qwen-2.5-72B 30.67 26.00 68.83 60.83 66.00 77.00 29.33 51.17 22.50 23.17 45.55

Human
Best 96.67 90.00 100.00 96.67 93.33 93.33 80.00 100.00 96.67 86.67 93.33
Mean 85.71 85.24 95.19 94.07 80.42 80.83 70.83 96.11 80.48 80.00 82.36

The results reveal that reasoning models exhibit a stronger correlation between question difficulty
and reasoning length compared to standard models. Details are shown in Appendix J.

Lower Performance on Rarer Scenarios We simultaneously analyze the performance of different
models across various knowledge domains and scenarios, and the results are presented in Figure 3.
The overall distribution of correct rates follows a similar trend. However, even within the same
domain, there are significant performance variations across different scenarios. For instance, models
perform better on general social relationships than on family relationships. Similarly, models show
weaker performance when addressing spatial scenarios such as the layout of centrifugal hexagon,
compared to the arrangement of three rows and two columns.

Changing the Way to Ask Affects Performance Additionally, the formulation of the question also
plays a crucial role in the model’s performance. For example, as shown in Figure 3, the phrasing of a
question, such as asking the model to judge whether a statement is correct or incorrect, can influence
the accuracy of the response. Similarly, the level of precision in describing spatial relations, such as
the difference between vague and precise type of the six-slot scenario in space domain also affects
the models to understand and respond correctly.

Downward Accuracy Across Difficulty Levels Figure 4 presents the average accuracy of different
domains at three different difficulty levels: easy, medium and hard. The data shows a clear downward
trend in accuracy as the difficulty increases, suggesting that the complexity of the task significantly
impacts model performance.

At the easy level, the accuracy is generally high, especially in the "nature" and "time" domains, where
the accuracy reaches nearly 80%. This indicates that the models perform well on basic tasks in these
areas. However, as the difficulty increases to medium level and hard level, the average accuracy
of hard level is only 47.91%. This drop reflects the increasing challenge posed by more complex
reasoning tasks in these domains. Detailed performances on different domains across difficulty levels
are shown in Appendix I.

Cultural and Linguistic Differents Affects Performance It is generally believed that large
language models behave better in English than in non-English languages due to the quality and
quantity of training data [20]. However, on the contrary, our results show that most models perform
better on Chinese questions than on English questions in space, nature and mixed domains. We filter
and analyze 100 questions with the greatest performance differences between Chinese and English
and find that these differences are primarily due to the following reasons: (1) Some entities are related
to geography or culture, which can result in their varying frequency across different language corpora.

7

对于人类评估，我们为每个领域招募了10名本科生参与者，并随机抽样数据集的5%作为测试问题，覆盖了所有不
同的层次、场景和问题类型。每位参与者需要在8小时的时间内完成60道题，其中30道中文题和30道英文题。
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一般分析

▶ 更难的问题需要更多token来回答
▶ 越是少见的场景，回答准确率越低

▶ 改变提问的方式会影响回复准确率

▶ 越难的问题，回复准确率越低

▶ 文化和语言差异也会影响回复准确率
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不同知识类型和问题类型在中英文上的差异

Figure 3: The performance of LLMs on Chinese and English questions with different knowledge
attributes and question types. Here, if the answer to a question involves only a single entity, it is
termed "precise." If it involves multiple entities, it is termed "vague".

Although the overall size of English data is larger, the data related to these entities is more abundant
in Chinese. The model performs better in understanding commonsense knowledge related to such
entities in the Chinese than in English. (2) A same word can have multiple different senses. This
semantic ambiguity is more common than in English than in Chinese. The same English word may
correspond to related or completely unrelated Chinese words, which may bring ambiguity to English
questions. The model may confuse different senses during the reasoning process, using different
senses in different steps. Detailed examples are shown in Appendix K.5.

5.2 Error Types Analysis

Low-Frequency Entity Properties and Similar Social Relationships are Prone to Commonsense
Errors The commonsense errors of LLMs can be divided into two categories: errors in entity
properties and errors in entity relations. Errors in entity properties mainly occur in low-frequency
entities. It is language-dependent as the frequency of an entity can vary in corpora of different
languages. Errors in entity relations mainly manifest as the confusion of closely related, similar
social relationships or misinterpreting asymmetric relationships. These types of errors reflect the
limitations of LLMs in handling multifaceted commonsense knowledge. Our benchmark is designed
to expose such weaknesses by featuring tasks with high knowledge point density, which require
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不同知识类型和难度上的差异
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Figure 4: The average performance of LLMs on Chinese and English questions on different levels.

precise understanding and reasoning over multiple interconnected facts. Detailed examples are shown
in Appendix K.

Models’ Internal Capabilities Limitations Lead to Reasoning Errors The reasoning errors of
LLMs can be divided into three categories: logical contradiction, imprecision and inference error.
Logical contradiction refers to the self-contradiction within different parts of the model’s response.
This implies that LLMs have not yet possess logical reasoning capabilities aligned with humans.
Imprecision refers to the model being affected by previous output, leading to errors in reasoning. The
models may use the closer unrelated information to substitute the right information in the following
analysis. The occurrence of this error is strongly related to next token prediction, which is regarded as
the cornerstone of LLMs. Inference error refers to making a wrong inference based on a single clue.
This type of error is related to the model’s ability to construct and understand scenario. Our dataset
is specifically designed to reveal such errors by presenting tasks with high reasoning complexity.
Multi-hop reasoning instances in SCoRE effectively challenge LLMs’ logical reasoning ability.
Detailed examples are provided in Appendix K.

Reasoning-Focused LLMs Tend to Overthink and Provide Additional Special Cases as Condi-
tions Some reasoning LLMs, such as the OpenAI o1 and deepseek-r1 series, may overthink and
invoke rare cases to fit the given conditions. For example, o1-preview argues that a birdcage can be
decorated with white flowers so it can be the item with white flowers. This implies that the training
methods for reasoning-focused models emphasizing logical consistency and depth of reasoning may
lead them to miss more straightforward solutions. This also highlights our dataset’s ability to reveal
not only reasoning failures, but also cases where models over-apply complex logic and overlook
intuitive solutions. Detailed examples are shown in Appendix K.

Model’s Tendency in Single-Choice Questions and Logical Contradictions Lead to Answer
Aggregation Errors Despite mentioning that our questions are multiple-choice in the prompt, the
models still tend to treat them as single-choice questions. For multiple-choice questions, the models
sometimes output the answer immediately after finding one correct answer. This may be due to the
high frequency of single-choice questions in inference data. Additionally, logical contradictions may
also contribute to errors in answer aggregation. There are examples where the model infers A is right
but ultimately answers B. This demonstrates our dataset’s ability to expose errors in decision-making
strategies, such as premature stopping and inconsistent answer aggregation, which are not well
captured by conventional single-choice benchmarks. Detailed examples are shown in Appendix K.

9
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错误分析

▶ 低频实体属性和相似的社会关系容易产生常识错误；

▶ 模型的内部能力限制导致推理错误；

▶ 以推理为中心的LLM倾向于过度思考并提供额外的特殊案例作为条件；
▶ 模型会倾向于把多选题当成单选题来回答，只输出找到的第一个选项；

▶ 存在模型推理过程与给出的答案不一致的情况。
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总结

▶ 在本文中，我们介绍了SCR-Bench，这是一个双语数据集，旨在通过知识驱动
的合成数据策略生成的多跳推理链来评估常识场景下的复杂逻辑推理。

▶ 该数据集包含10万个跨三个难度级别的问题，以及四个领域的常识问题。
▶ 我们的实验结果表明，尽管在代码生成和数学问题解决等领域取得了进展，
但LLM在常识推理方面仍然面临挑战。

▶ 案例分析揭示了常见的错误，如曲解低频常识、逻辑不一致和过度思考。

▶ 本文所提出的数据合成方法能够自动生成具有QA对的大规模、高精度推理数
据，这些数据可以作为训练数据，以进一步提高LLM的推理能力。
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