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ABSTRACT

In recent years, the rapid progress of artificial intelligence (Al)‘has stimulated
interdisciplinary research and applications. For example, the ¢oncept of Al for
science has the potential to shift the paradigm of scientific research.»Among these
developments, one of the most influential Al breakthroughs; large language models
(LLMs), has demonstrated tremendous potential for expediting the progress of
social science research is an area highly related to language, and has received
relatively limited attention so far. In this paper, we concentrate on integrating
LLMs into historical research, a significant branch'of social science./Our goal is to
enhance historical reasoning ability through AI'empowerment. Specifically, our
work focus on the challenging task of multiple-source multiple-hop reasoning in
historical research. However, a major obstacle that we/encountered was the lack
of relevant datasets to evaluate and improve LLMs in academic field. To alleviate
this gap, we employed LLMs to generate a dataset for benchmarking and training
purposes, which is a key focus of.our study. We found-that historical reasoning
presents unique challenges compared to conventional language and logical reason-
ing tasks. Constructing a comprehensive, challenging, and assessable dataset was
no easy task. Through iterative experimentations we developed a workflow-driven
method for creating the historical reasoning dataset automatically, resulting in a
set of approximately 1,800 multiple-select questions that require multiple-source
multiple-hop historical reasoning to.solve. The dataset was validated by human
historians, which shows that it has.considerable complexity and high accuracy. We
also proposed a method called HR-Tuning to improve general LLM performance in
historical reasoning by leveraging source interpretation data and source deduction
data from this dataset (which avoids over-fitting to the pattern of our data generation
process). Extensive experimentation showed that the improved LLM significantly
outperformed. the original versions of the LLMs. Our contributions include the
insights anto historical‘reasoning and benchmark design, the automatic method
of creating a challenging historical multiple-source reasoning dataset, and an im-
proved LLM using supervised fine-tuning (SFT) for enhanced historical reasoning
capabilities. As faras we know, this is the first work that advances the application
of LLMs in historical research, laying the groundwork for more refined Al-driven
methodologies in'the social sciences.

1 “ INTRODUCTION

There have been significant breakthroughs in Al over the past decade, especially with the emergence
of large language models (LLMs) such as ChatGPT (Floridi & Chiriattil 2020; |/Achiam et al., 2023)),
Claude;and Llama, which has allowed for the application of Al in more disciplines. In this context, Al
has.ncreasingly become a core tool driving advancements in various academic disciplines, profoundly
impacting research in both the natural and social sciences. With the development of Al technologies,
researchers are now able to process massive datasets much more efficiently, reveal hidden patterns,
and propose innovative solutions to complex problems.

In natural sciences, the integration of Al has significantly transformed how research is conducted.
For instance, Al is now being applied in drug candidate discovery, where Al-powered models analyze
molecular structures to rapidly identify potential drug candidates (Jumper et al., 2021)). These



technologies not only improve the efficiency of scientific discovery or invention but also open new
paths for Al-driven automated experimentation and ideation. Simultaneously, the applications of
Al in the social sciences have been growing. The social sciences, focusing on human behavior and
social structures, benefit from Al, specifically in economics (Hansen & Coauthors, [2023)), sociology
(Manning et al.}2024), and political science (Liu et al.,|2023). However, LLM empowered.social
science research has gained less attention so far, despite being much more highly focused on language;
compared with the natural science disciplines.

Working in a crucial field within the social sciences, historical researchers are applying Al technology
for academic exploration, driving innovation in several key areas. The working principles.of history,
its theory and artificial intelligence are interlinked. As early as 1976, Joseph Weizenbaum (Agassi,
1976) proposed that it is necessary for history to be involved in artificial intelligence, especially to
preserve historical materials. History is the conscious reflection of turning “data, memories, evidential
relics about the past, documents and relics” into history through language'(Foot & Partner,|2012),
whose working mode is similar to that of LLMs that absorb and synthesize language materials: As
Joshua Sternfeld said (Sternfeld} 2023)), collecting model training data is like collecting historical
materials. Upon deeper analysis, Al learning resembles historical.research even more.

An example is the use of Al in translating ancient languages such as Akkadian.to‘English using
neural machine translation models, which provides historians with tools to better understand ancient
civilizations without exhaustive manual translations (Gutherz;{2023). Additionally, there has been
considerable emphasis on employing Al to the study of ancient documents'in various areas, including
digitization, restoration, attribution, language analysiss.text.criticism, translation, and decryption
(Sommerschield et al., [2023)).

In addition, some researchers (Garcia & Weilbach)2023)) find out.that the advent of powerful LLMs
offers a novel approach to facilitate a new form-of inquiry for historians and Humanities researchers
when augmented with vector embeddingsfrom specialized historical academic sources, including
primary sources, expert-written secondary sources, andcombinations of the two. Their findings
demonstrate that LLMs can leverage their semantic reasoning capabilities to analyze extensive textual
archives. However, there is little work on using LLMSs.to.do deeper historical research, especially in
the direction of historical reasoning, which is one of the most challenging tasks in historical research.

In reality, though, reasoning has emerged as one of the most exciting topics in the current wave
of interest in LLMs. This interest is particularly reflected in recent studies that explore various
methodologies for enhancing reasoning.capabilities, especially on structured thought processes.

In historical research, reasoning also/plays an important role. History teachers have mentioned
that historical reasoning, including the processes of change, causes, consequences, similarities, and
differences in historical. phenomena and periods, could help students to give meaning to the past
(Van Boxtel & Van Drie}2018)). Furthermore, reasoning is also a crucial methodological foundation in
historical sciences Researcher (Shi, [2022) has pointed out that according to the concept of historical-
causal narrative, researchers.can engage in theoretical dialogues, test hypotheses, and further explore
causal patterns, within logic and evidence, thereby fulfilling the purpose of “learning from history” in
the field of historical political science.

However, current LLM reasoning and historical reasoning differ fundamentally in four key areas: 1)
Knowledge Base: LLMs rely on general knowledge and common sense drawn from vast datasets,
providing broad but non-contextualized answers. In contrast, historical reasoning requires specific
contextual knowledge of time, place, and circumstance to interpret past events accurately. 2) Com-
plexity:'LLMs follow clear and straightforward logical chains, while historical analysis transcends
one singular aspect, and often involves multi-dimensional analysis, incorporating societal, economic,
and.cultural perspectives for a more comprehensive understanding. 3) Result Format: LLMs offer
explicit and clear right answers based on clear evidence. Historical reasoning, by nature, leads to
uncertain conclusions or theses, acknowledging multiple interpretations due to the ambiguous nature
ofhistorical evidence. 4) Evidence Usage: LLMs use structured, reliable evidence, synthesizing large
amounts of complete information, and often produce clear conclusions. In contrast, historical reason-
ing deals with incomplete, unclear, or even contradictory evidence, demanding critical judgment to
interpret diverse sources.

From these aspects, it is clear that the usage of evidence is both crucial and particularly challenging
in historical reasoning. The reason is that it requires not only specialized knowledge grounded in the



specific historical context and conclusions with multiple perspectives, but also the consideration of
various social, political, and cultural factors. Therefore, in this paper, we decided to focus on using
evidence for historical reasoning empowered by LLMs.

Specifically, the usage of evidence has three major difficulties. Firstly, contradicting evidence makes
it difficult to figure out the accurate version of an event. Historians have to analyze multiple ‘sources
and deal with the disparities. Secondly, incomplete evidence is an obstacle as crucial details may be
missing, forcing the usage of creative approaches to fill in the blanks. Thirdly, lack of linguistic clarity
in ancient texts and documents makes them hard to interpret, adding uncertainty. From the perspective
of the common optimization path of LLMs, overcoming these challenges requires fine-tuning and
testing on benchmark datasets to enable the models to perform historical reasoning with evidence.
However, in existing LLM research, benchmarks related to historical reasoning cannot be found: It i3
hard to evaluate the performance of these LLM models in handling historical reasening tasks without
a high-quality dataset. Therefore, we decided to create a benchmark dataset for this purpose, which
can be also used to improve the reasoning capabilities of LLMs in historical research.

In the process of building a historical reasoning benchmark, we faced significant challenges in
ensuring the typical requirements of a dataset on comprehensiveness, complexity, quantity and
quantifiability. One potential approach is to generate historicalquestions and reasoning answers
using enhanced LLMs and then verified and checked by human’s historians:iHowever, this adds more
complexity to the workflow, as it requires careful control of the model’s output.to maintain the quality
of the benchmark.

To address these, we proposed a set of designing principles and success criteria on two perspectives.
First is the historical perspective, which emphasizes the necessity-of complex logical reasoning
supported by evidence. This includes the ability'to analyze, manipulate, and differentiate between
multiple historical sources, as well as support multiple-hop reasoning. Second is the benchmarking
perspective, from a data science standpoint,the focus shifts to ensuring that the benchmark maintains
a sufficient level of difficulty to challenge advanced models, while still producing quantifiable results
and creating comprehensive answers.

Overall, our research offers the following three significant contributions:

o Insights in Historical Reasoning and Benchmark Design: By looking into the complexity
of historical reasoning using LIXMs, it'opens up new frontiers for researchers to better
understand and efficiently analyze historical phenomena. It also enlarge the possibilities
of LLMs in the field of social science research and serves as a solid foundation for further
in-depth study.

e Challenging Benchmark and Extensive Evaluation: It makes a significant contribution by
creating and presenting a previously nonexistent challenging benchmark for historical
reasoning supporting, multiple-source inputs. The dataset not only provides questions
and answers, but-also the “reasoning chain”, i.e., the intermediate reasoning steps, when
answering the questions.<Through extensive evaluation, it rigorously tests and validates the
reasoning capabilities of different models.

e Improved Tuning Method for Historical Reasoning: The research proposes a SFT-based tuning
method using source interpretation data and source deduction data, which significantly
improves LLMs’ historical reasoning capabilities.

We want'to make it clear that the above mentioned LL.Ms based historical reasoning approach is
not the'same thing as quantitative history research (Furet, |1971), which refers to the use of data and
statistical methods to analyze and interpret historical events. It aims to uncover patterns, trends,
and causal relationships in historical development through numbers and data. In contrast, historical
reasoning with LLMs focuses on leveraging the reasoning capabilities of LLMs to analyze complex
historical contexts, make inferences, and generate insights grounded in historical evidence, addressing
the:ambiguity and interpretative nature of historical research, which transcends the data-driven focus
of quantitative history.

The following sections of our paper are outlined as follows: We will first review related works in Al
reasoning, LLM benchmarking, and data generation. Secondly, we will introduce our data generation
process using LLMs, following the design principles we summarized. We will also introduce a tuning
scheme for open-source LLMs to improve their capabilities on historical reasoning. And lastly, we



will present experimental evaluation results, comparing different models and methods, and conclude
with an analysis of results, limitations, and future work.

2 RELATED WORKS

The work proposed in this paper has correlated with three research directions in Al area, including Al
reasoning, Al reasoning benchmarking and data generation.

2.1 AI REASONING

Notable recent research on enhancing LLM reasoning capabilities includes Chain=of-Thought (CoT)
(Wei et al.| 2022), Graph-of-Thought (GoT) (Besta et al.,[2024), and Tree-of-Thought (ToT) (Yao
et al., [2024).

CoT prompts LLMs to generate intermediate reasoning steps. The simple strategy significantly
improves the performance on tasks requiring multi-step reasoning, such as math problems and code
generation problems. CoT also improves the interpretability of LLMs. Inspired by CoT, GoT further
explores multiple reasoning paths in parallel. This enable the models to handle more complex and
non-linear reasoning tasks, such as decision-making problems with multiple‘perspectives. ToT
organizes intermediate reasoning steps into a tree structure. This allows the models to branch and
prune solutions, making it effective for tasks requiring iterative refinement and uncertainty handling.

Although significant progress has been made in improving-the reasoning capabilities of LLMs, current
reasoning tasks are still limited to general reasoning problems, which do not examine and utilize a
wide range of evidences (sources) to make argumentsrand draw deductions like the way in historical
research.

2.2 Al REASONING BENCHMARKING

Benchmarks help evaluate the capabilities and'the limitations of LLMs across various domains and
tasks. Currently, there are two well-known benchmarks that are related to the Al reasoning tasks.

The first is the MMLU (Massive Multitask I‘anguage Understanding) dataset (Hendrycks et al.| [2020),
which is designed to evaluate LLMs on 57 tasks in areas as humanities, STEM, and social sciences.
It features multiple-choice questions based-on.academic and professional exams, testing both factual
knowledge and reasoning skills. MMLU is commonly used to assess models’ abilities in zero-shot and
few-shot settings, making it a key benchmark for understanding LLMs’ generalization and reasoning
capabilities. Althoughthe MMLU involves historical questions, it only involves reasoning based on
a single historical source and does not involve multi-step reasoning. Moreover, the question is not
sufficiently difficult. Most existing LLMs get nearly full marks, lacking sufficient discrimination in
historical reasoning capabilities: In addition, no historical reasoning chain is provided.

The secondis HotpotQA dataset (Yang et al., 2018), which focuses on evaluating LLMs on multi-
hop reasoning. It includes over 100,000 questions to challenge LLMs to differentiate relevant
from irrelevant.information across multiple documents, testing their abilities in comprehension
and explanatory reasoning. Though it allows for answering questions based on two (but not more)
documents, it is not specialized in the field of history, and no historical reasoning chain is provided.

In short, neither dataset effectively addresses the challenges of historical reasoning benchmarking.

2.3 DATA GENERATION

In tecent LLM related research, both OceanGPT (Bi1 et al., [2023) and GeoGPT (Zhang et al.,
2024) present advanced frameworks for domain-specific data generation, yet they follow different
approaches tailored to their respective fields.

OceanGPT is designed for ocean-specific science tasks, in which the data generation process begins
with a manually selected seed dataset built by human experts in ocean science. This initial data is
then expanded through iterative process between the agents and a LLM such as GPT-3.5-turbo.



GeoGPT focuses on geo-spatial tasks, which enhances the efficiency of geo-spatial workflows by
using LLMs’ semantic understanding ability to automate the process of GIS data generation. By
selecting and executing the necessary GIS tools, the system automatically adapts to different tasks
with reduced human intervention.

Both methods emphasized the power of knowledge-enhanced data generation by expanding.on
seed datasets through LLMs. However, neither of these approaches explicitly considered reasoning
capabilities in the data generation process. Instead, they primarily focus on enriching knowledge
and overlook the reasoning process that would allow the models to handle more complex data. This
limitation indicates that though these methods are successful in specific domains, they lack of the
abilities of evaluating and improving the reasoning capabilities of LLMs.

2.4 SUMMARY

In summary, our paper will be quite different from existing work in-three key directions. First,
unlike general Al reasoning research, we focus on historical reasoning, emphasizing the use of
diverse and multiple sources to build structured arguments. Second, existing benchmarkslike MMLU
and HotpotQA either lack complexity or are not specialized in‘history, while we aim to create a
benchmark centered on multi-source, historically-informed reasoning: Finally,unlike OceanGPT and
GeoGPT, which focus on domain knowledge expansion, we explicitly integrate'reasoning into our
data generation process, combining knowledge with intermediate steps for.complex historical tasks.

We want to emphasize why it is necessary to generate a historical reasoning chain in the reasoning
questions. Firstly, it enforces the model to be more reliable when generating correct answers, as
well as provides stronger supervision for model tuning. Secondly, it is more convenient for human
historians to verify the correctness of the generated data.

3 DATASET GENERATION

In this section, we introduce the historical reasoning benchmark design and propose an automatic
method for constructing a challenging historical reasoning benchmark dataset. Without loss of
generality, this method is based on Chinese historical reasoning since the high-quality Chinese
historical research papers are currently more available.

3.1 BENCHMARK DESIGN

Benchmark Task Format. We chose multiple-select questions as the task format for our historical
reasoning benchmark: There are four main characteristics of our multiple-select questions, as shown
in Figure [I] First,.each question have four options. Second, a single question could have multiple
correct options. Third, each of Our questions contains a list of historical sources (could be more than
10 sources). Fourth, in'addition to the correct answers, we propose a novel historical reasoning chain
design thatequip each option with a reasoning chain that explain why this option is true (correct)
or false\(incorrect) according to the given sources. A chain could have multiple steps. Here is an
example of a 4=step historical reasoning chain design:
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As shown in the historical reasoning chain above, each step (row) of the chain have a reasoning
operator (denoted by “->"). To the right of the operator is a historical deduction, and to the left
of the operator is at least two explanations of the given sources or previously-generated historical
deductions. Notably, if the option is true, the deduction in the final row should explicitly prove the
option is true. Otherwise, the final deduction should explicitly prove the option is false.
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Figure 1: Benchmark Question/Task Format

Seed Data. To generate high-quality questions, we selected 1,781 publications from top Chinese
journals in the field of ancient Chinese history as our seed data. All these papers are published
between 2021 and 2024. These papers form a reliable foundation of our benchmark since they contain
multiple historical sources and inherently present well-reasoned viewpoints by reasoning over these
sources. Thus, the well reasoned viewpoints can be taken as the true options, the relevant sources are
taken as the input sources and the underlying reasoning logistics constitute the reasoning chains. The
false options, on the other hand, are generated based on the aggregated sources of all true options
along with their own counter-argument chains:

LLM-based Data Generation Workflow. To further improve the quality of our generated questions,
we propose a novel'workflow-baseddata generation method for constructing historical reasoning data.
We attempted all-in-one generation method, but discovered that it is excessively challenging. None
of existing LLMs is capable of consistently producing high-quality benchmark data. In contrast, the
workflow-based generation decomposes the challenging task, enabling more reliable data generation.

Since'LLMs may still'produce unreliable results even when we employ work-flow based method, we
add a step to check the outputs one by one using commercial LLMs. We examine each option and its
corresponding reasoning chains using the base LLM (GPT-40). If the check failed, we may run the
generation process multiple times. More details are in Section [3.2]

3.2 LLM-BASED DATA GENERATION WORKFLOW

This subsection introduces the data generation workflow of our historical reasoning benchmark. We
use GPT-40 as the base LLM for the workflow. Figure 2] presents the five main steps of the workflow.

Step 1: Reading and Parsing the Paper Content

Procedure 1: Paper pre-processing

Input: Seed paper PDF

Output: Seed paper text

Step 1.1 Collecting historical research papers;

Step 1.2 Convert PDF into markdown file by MinerU;
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As shown in Procedure[T] the first'step.in ourworkflow involves reading and parsing the content of
historical research papers. We employ:the open-source document parsing tool, MinerU
[2024), to convert PDF documents into machine-readable formats (markdown). MinerU excels in
parsing complex layouts and converting Symbols, making it particularly suitable for extracting text
from scientific and historical literature. ‘Thistool enables us to accurately extract textual content,
which forms the basis for subsequent steps in our workflow.

Step 2: Generating True Option Candidates

Procedure 2: Generate true options

Input: Seed paper text

Output: True options; sources, and reasoning chains of true options
Step 2.1 Extracting author’s;viewpoints as true options;

Step 2.2 Listing relevant historical sources;

Step 2.3 Generating the historical reasoning chains;

As‘shown in Procedure 2] given the text of seed paper as input, this step generates true options, the
sources relevant to these true options, and the corresponding reasoning chains.

Step 2.1: Extracting author’s viewpoints as true options. Given the parsed historical paper, we extract
the author’s viewpoints as the true options. According to the common practice in historical reasoning,
eachviewpoint is supported by at least 2 historical sources.

Step.2.2: Extracting relevant historical sources. We list all historical sources that support the extracted
viewpoint in Step 2.1. These sources might include primary and secondary sources.

Step 2.3: Constructing the historical reasoning chains. We extracted the underlying historical
reasoning process of the viewpoint as a structured historical reasoning chain. This chain ensures that
each step of the reasoning is grounded in historical sources and adheres to both historical common
sense and basic logic. Each step in the reasoning chain must be supported by at least two inputs,



either historical sources or previously-generated deductions. The final output (deduction) of the
reasoning chain should align with the extracted viewpoint in Step 2.1.

Step 3: Generating False Option Candidates

Procedure 3: Generate false options

Input: All sources, and true options

Output: False options, and reasoning chains of false options
Step 3.1 Creating misleading viewpoints;

Step 3.2 Constructing counter-arguments;

As shown in Procedure 3] given all previously-extracted sources and the true options as input,.this
step generates the false options and their reasoning chains.

Step 3.1: Generating distractor viewpoints. Based on the provided histerical sources and existing
viewpoints, we first generate distractor viewpoints that could be easily misinterpreted by-a laypetson.
These viewpoints should be sufficiently complex and require at least 2 historical sources to discern
their inaccuracy. It is discouraged to use absolute statements since thisimight degrades‘the difficulty
levels of the questions.

Step 3.2: Constructing counter-argument reasoning chains. We also construct historical reasoning
chains for the generated false options. The chains are similar to;those of the true‘options, but with the
final step refuting the input false options.

It is important that the incorrect viewpoints do not overlap with existing-viewpoints. Thus, we use the
word similarity measure to ensure the non-redundancy.of the generated false options.

Step 4: Verifying Generated Options with Al

Procedure 4: Al checking

Input: All Sources, All Options, All Reasoning Chains

Output: Checked True&False Options; Checked Reasoning Chains
Step 4.1 Checking true option candidates;

Step 4.2 Checking false option candidates;

Step 4.3 Generating the final question;

As shown in Procedure[d} given all of the options, the sources and the reasoning chains we extract-
ed/generated in previous steps as inputy:we generate the checked true&false options, and checked
reasoning chains.

Step 4.1: Checking true option candidates. For each true option, this step verifies the correctness of
the option and its corresponding reasoning chain.

1. Analyzing the option: confirming the accuracy of the option and ensuring that each step in
the reasoning chains adheres to reasoning constraints.

2., Modifying the option: if the option is incorrect, we make minimal necessary modifications
to correct it.

3. Modifying'the reasoning chain: if the reasoning chain is unsatisfactory, we make necessary
adjustments to ensure that each step is supported by at least two historical sources or
previously-generated deductions, ultimately supporting the modified option.

Step 4.2: Checking false option candidates. For each false option, this step checks its correctness, its
difficulty level and its own counter-argument chain.

1. Checking the false option: if the option is correct or lacks sufficient difficulty, we modify it
to ensure it is incorrect and challenging to discern.

2. Checking the reasoning chain: if the counter-argument reasoning chain is unsatisfactory,
we modify it to ensure that each step is supported by at least two historical sources or
previously-generated deductions, ultimately refuting the modified option.



Step 4.3: Generating the final question. We generate the final multiple-select question by randomly
selecting one to four true options from all true option candidates with three to zero randomly-selected
false options, ensuring that there are a total of four options. The selected options, along with their
corresponding historical sources, answers, and reasoning chains, are concatenated to form a complete
multiple-select question. This format ensures clarity, transparency, and reliability, making it suitable
for both human and LLM evaluation.

Step 5: Verifying Generated Options with Human Experts

Finally, we invited historical experts to review both the answers and the reasoning chains to ensure
they accurately provide appropriate historical reasoning challenges and present reliable historical
reasoning chains. We emphasize that even as more advanced Al algorithms emerge in the future,
the “historian-in-the-loop” approach remains essential. This approach is crucial for ensuring-the
academic rigor of research, minimizing bias, incorporating scarce historical materials, and enhancing
transparency. For detailed scoring & verification instructions for human’s historical experts) please
refer to Appendix

3.3 THE PROMPTING FOR DATA GENERATION

Complex prompting is applied in the step 2, 3 and 4 as aforementioned. We have tested several com-
mercial LLMs and found that GPT-40 demonstrated the best instruction-following ability. Moreover,
we discovered that structured prompting yielded much better results compared with unstructured
prompting. Thus, we designed specific structures for each generation or yerification task, including
several general components such as Goals, Knowledge;. Constraints; Input Format, Output Format,
and Examples. One thing to be pointed out is that.using.examples'is crucial according to our experi-
ments. We provide at least three well-selected.€xamples for each step.'In addition, experience also
shows that repeating the the most important-constraints (e.g., formats of reasoning chains) at different
locations of the prompt gives better results.-Details of the prompting structure of each step can be
found in Figure

3.4 SUMMARY

The detailed workflow ensures that.our historical reasoning benchmark questions are both comprehen-
sive and challenging, reflecting the complexities-of historical reasoning and source understanding. By
allocating specific evidence pieces to each actual answer option and adhering to a specified formatting
of explanations (i.e., chains), we enhance the precision and the interpretability of our benchmark,
making it a robust tool for evaluating historical reasoning skills. The code and the prompt of the
above mentioned steps could be found in Appendix & More specific generated examples
can be found in’Appendix [A4}to’'gain a more intuitive understanding of the format we have set.

Figure [ presents-the statistics of the historical reasoning dataset (HRBench). It contains 1781
multiple-select.questions generated from 1781 historical research papers. The numbers of correct
options are nearly evenly distributed. Most questions have seven to twelve sources and 91% of them
have at least seven-sources, which demonstrates the complexity of the input information for the
reasoning. Ninety percent of the questions have more than one reasoning step, and 77% of them have
at least three reasoning steps, which shows the difficulty of multiple-hop reasoning.

4 HISTORICAL REASONING TUNING (HR-TUNING) FOR LARGE LANGUAGE
MODELS

In this section, we will introduce our fine-tuning method on the open-source LLMs to improve its
performance on historical reasoning.

4.1 ADVANTAGES OF FINE-TUNING LLMS FOR HISTORICAL REASONING

Unlike prompt engineering, which relies on contextually crafted prompts for each specific task, we
use semi-supervised fine-tuning (SFT) due to the following reasons:
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Figure 3: Prompting Structures

In total 1781 questions generated from 1781 historical research papers

o 19%
‘ e 72%
28%
14%
== % = 12% 12%
( ‘ 1% 10%
> 3 o
. % 2% 2% 1% 10% 13% &% 1%
1 2 3 4 4 5 6 7 8 9 10 1 12 13 14 15 16 1 2 3 4 5
Number of Number of Number of
Correct Options Historical Sources Reasoning Steps

Figure 4: HRBench Data Statistics

1. Fine-tuned model could be better at understanding historical materials written in both
classical Chinese and vernacular styles. This ensures that the model develops a nuanced

understanding of the linguistic diversity inherent in historical documents.

2. It facilitates the model’s comprehension of the political, economic, cultural, and social con-
texts specific to different historical periods. These contexts often require cross disciplinary
knowledge that prompt engineering cannot achieve consistently across various temporal and

spatial information.
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3. The computational cost is reduced by relying on the embedding knowledge in the model,
which makes it more efficient compared to the prompt engineering.

4. Since we have already utilized GPT-40 with prompt engineering to generate the HRBench, it
might not get further improved by still using the prompt engineering on open-source models.

4.2 HISTORICAL REASONING TUNING (HR-TUNING)

[Input]
Source Raw Sourcel
Interpretation [Output]

Explanationl

[Input]
Source Raw Sourcel + Raw.Source2
Deduction [Output]

Explanationl (Sourcel) + Explanation2 (Source2) -> Deduction

Figure 5: The illustrations of two kinds of historical reasoning tuning-tasks in HR-tuning: the source
interpretation tuning (the upper half) and the source.deductiontuning (the lower half)

To improve the historical reasoning capabilities of existing: LLLMs; we introduce historical reasoning
tuning (HR-tuning). HR-tuning contains two novel instruction tuning tasks: the source interpre-
tation tuning and the source deduction tuning. By fine-tuning open-source LLMs, we empower
existing LLMs with deeper understanding:of historical sources and stronger multiple-source historical
reasoning capabilities.

The source interpretation tuning: In the upper half of Figure |5} the model is provided with one
primary or secondary historical source-and is'required to interpret the content, aiming to extract
meaningful insights or implications from the text. The goal of this tuning method is to enable the
model to capture the important information in‘the individual sources.

The source deduction tuning. As shown in the lower half of Figure [5] we provided multiple
primary/secondary_historicalsources to the model and ask it to interpret the sources and draw
coherent and appropriate deduction based on the sources. In the historical research area, the multi-hop
reasoning process could face ambiguous, incomplete, and even contradictory evidence, which is
extremely challenging.

The'training data for both tuning tasks could be derive from the reasoning chains in the created
HRBench dataset. However, to avoid over-fitting to the pattern of the data generation process (e.g.,
memorizing the.styles of true/false options), we use only the reasoning chains that do not contain the
final true or false options. They are typically the early reasoning steps of historical reasoning since
the‘last step must contain true or false options according to our data generation procedures.

These two instruction tuning mimic the complexities of real-world historical reasoning and pose
challenging SFT tasks for LLMs. More details are in Section[5.2]and Appendix and

5./ EXPERIMENTS

In"the following, we first evaluate the quality of the proposed Historical Reasoning Benchmark
(HRBench). Then, using the up-to-date split of HRBench, we benchmark the historical reasoning
capabilities of state-of-the-art (SOTA) open-source LLMs and closed-source LLMs. At last, we
improve Qwen2-7B (Yang et al., [2024) with the proposed HR-tuning method, compare the resulting
model (i.e., HR-Qwen2-7B) to the SOTAs and ablate its major design specifics.
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5.1 MEASURING THE QUALITY OF HRBENCH

a5% 76%

42% ‘

&

13% 18% \)

> 4
6% r
- \,

score=1 score=2 score=3 score=1 score=2 score=3

(a) The distribution of the difficulty scores (b) The distribution of the'reliability scores

Figure 6: The distributions of the difficulty/reliability scores evaluated by expert historians

We use the up-to-date split of HRBench (namely HRBench-2024) as the benchmark dataset in this
work. It contains 299 multiple-select questions and each of them is generated according to a historical
paper published in 2024. A few expert historians wereinstructed to evaluate and verify of the proposed
benchmark. First, the experts are required to score the questions from'two perspectives: the difficulty
level of the questions and the reliability level of/the historical.reasoning chains. The scores range from
1 to 3, with 1 being the lowest and 3 being the highest. The distributed are shown in Figure[§] On
the one hand, the average difficulty score is-2.32 and approx. 42%/45% of questions are regarded as
medium/high difficulty level by human experts: This.verifies that HRBench is a challenging historical
reasoning benchmark from the human-perspective. On the other hand, the average reliability score is
2.69 and approx. 76% cases of historical reasoning are thought high-quality by human experts. This
demonstrate the quality of the proposed benchmark. Second, following the guidelines detailed in
Appendix [A.3] all questions are further verified by the expert historians, which further improves the
quality of the proposed benchmark.

5.2 EXPERIMENTAL SETUP

Benchmarking state-of-the-art (SOTA) LLMs. To explore the historical reasoning capabilities of
existing LLMs, we perform a comprehensive evaluation on both closed-source LLMs and open-source
LLMs. The closed-source LLMs are:/GPT-40 (the 2024-05-13 version), Qwen-Max (the 2024-04-28
version), DeepSeek-V2.5 and.Doubao-pro-32k (the 2024-08-28 version). The open-source LLMs are:
Qwen2-7B (Yang et al.;12024); LLaMA-3-8B (Dubey et al.|[2024), DeepSeek-Coder-6.7B (Guo et al.
2024) and GLM-4-9B (GLM et al., 2024). For all these models, we use their “chat/instruct” versions
and set the temperature to.0. We assess the LLMs using the aforementioned HRBench-2024 (299
questions) and its hard subset HRBench-2024-Hard (136 questions with the difficulty scores as 3).
Every question may have multiple true options, the model is judged to have answered correctly only
if it identifies all correct and incorrect options. We utilize the metric Accuracy (%) to measure the
model’s‘performance.

Historical Reasoning Tuning (HR-Tuning) for LLMs.

We uses historical reasoning chains to turn the model. To avoid over-fitting to the pattern of the data
generation process (e.g., memorizing the styles of the options), we use only the 2021-2023 splits from
HRBench (i.e., excluding the 299 human verified questions from the 1781 questions) for training
and remove all rows that contains the true or false options (i.e., the final row of the chains). The 299
questions in HRBench-2024 are applied to test the performance of LLMs, and the part with difficulty
score of 3 forms a subset called HRBench-2024-Hard. For all experiments, we adopt the Qwen2-7B
model with full-parameter fine-tuning for 600 steps using an AdamW optimizer (Loshchilov et al.|
2017) (with hyper-parameters set to S; = 0.9, S = 0.95 and weight_decay = 0.1). We use a global
batch size of 16 and a cosine learning rate schedule with initial learning rate 2 x 10~%. The gradient
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clipping norm is 1.0 and the maximum sequence length is 2048. We conduct all experiments on 4
NVIDIA-A800 with ZeRO-3 data parallelism (Rajbhandari et al., [2020) and the LLaMA-Factory
codebase (Zheng et al., [2024)).

5.3 BENCHMARKING STATE-OF-THE-ART LLMS

Table 1: The results of state-of-the-art (SOTA) LLMs on HRBench-2024 and HRBench-2024-Hard.
Bold denotes the best performing model on the dataset

LLMs Accuracy on Accuracy.on
HRBench-2024 HRBench-2024-Hard
Qwen-Max (2024-04-28) 60.54% 60.29%
GPT-40 (2024-05-13) 60.20% 58.82%
Doubao-pro-32k (2024-08-28) 57.53% 57.35%
DeepSeek-V2.5 56.52% 50.74%
Qwen2-7B|Yang et al.| (2024) 56.52% 54.41%
GLM-4-9B |GLM et al.|(2024) 52.17% 47.06%
LLaMA-3-8B [Dubey et al.|(2024) 21.74% 19.12%
DeepSeek-Coder-6.7B |Guo et al.|(2024) 4.35% 221%
HR-Qwen2-7B (Ours) 65.55% 63.97%

Table|1|list the historical reasoning results of both open-source LLMs and closed-source LLMs on
HRBench-2024 and HRBench-2024-Hard. Theresults show that Qwen-Max emerges as the highest-
performing closed-source model with accuracy of 60.54%/60.29%, while GPT-40, which also serves
as the question generator, achieves comparable results of 60.20%/58.82%. While being much smaller
than the closed-source LLMs, the performance.of Qwen2-7B is highly competitive (56.52%/54.41%),
and significantly outperforms other.open-source baselines like GLM-4-9B, LLaMA-3-8B, and
DeepSeek-Coder-6.7B. This is probably.because the LLMs have difficulty accessing high-quality
historical reasoning data during their pre-training phases, then their historical reasoning capabilities
do not effectively grow with an.increase in model size. Finally, the proposed HR-tuning method
(HR-Qwen2-7B) achieves the best performanceof 65.55%/63.97%, surpassing the second-best model
(Qwen-max) by 5.01%/3.68%and the baseline model (Qwen2-7B) by 9.03%/9.56%. This verifies
the effectiveness of HR-tuning in improving the historical reasoning capability of LLMs.

5.4 ABLATION STUDY ON HR-TUNING

Table 2: The ablation results of tHR-tuning on HRBench-2024 and HRBench-2024-Hard. Bold
denotes the.best performing model on the dataset

I1Ms Accuracy on Accuracy on
HRBench-2024 HRBench-2024-Hard
a0 Qwen2-7B (Baseline) 56.52 54.41%
al + source interpretation 60.20% 56.62%
a2 + source deduction 65.55% 63.97 %
a3+ source deduction (w/o references) 62.21% 58.82%
a4  +source interpretation & deduction 65.22% 62.50%

This subsection ablates major design elements in HR-tuning. All ablation experiments are based on
Qwen2-7B (the “chat” version). (Yang et al., [2024)).

Table [2] shows the ablation results of HR-tuning. First, compared to the baseline, introducing
the source interpretation tuning alone improves the accuracy by 3.68% (al vs. a0), matching
the accuracy of GPT-40 on HRBench-2024 at 60.20%. We attribute this performance gain to the
improved capabilities of LLMs in understanding classical Chinese. In comparison, introducing the
source deduction alone significantly boosts the performance by 9.03% (a2 vs. a0). This indicates the
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effectiveness of training the model to deduce information from multiple sources, a critical capability in
historical reasoning tasks where conflicting narratives are common. However, removing the references
(explicitly linking the explanations to their sources) in the deduction output degrades the accuracy by
3.31% (a3 vs. a2). This phenomenon reveals the explicit deduction over multiple historical sources
is crucial to the historical reasoning task. By combining both the source interpretation tuning and
the source deduction tuning (a4), surprisingly we observe that the combination compromises. the
performance compared to a2 (65.22% vs. 65.55%). This may be because the interpretation data is
inherently contained in the deduction data. During training, the model may resort to shortcuts by
memorizing previously seen interpretation, instead of truly understanding the source in a multi-source
context as in the deduction-only setting. This degrades the effectiveness of source deduction.

6 CONCLUSION

This paper focuses on benchmarking and improving the historical reasoning capabilities of large
language models (LLMs). To resolve the unique challenges of historical reasoning, we construct a
comprehensive, challenging, and assessable dataset HRBench, containing areund 1,800 multiple-
select questions that require strong multiple-source historical reasoning capabilities to'solve. The
dataset is validated by human historians and shows considerable complexity and high accuracy. We
also proposed a method called HR-Tuning to improve LLMs” historical'reasoning capabilities by
leveraging source interpretation data and source deduction/data from the HRBench dataset, aiming at
avoiding over-fitting to the pattern of the proposed data generation process. Extensive experimentation
showed that the improved LLM (HR-Qwen2-7B) significantly outperformed its original model and
surpassed the state-of-the-art commercial models (e.g., GPT-40/and, Qwen-max). We hope that this
work can promote Al-driven methodologies in social science research.

7 REMARKS

7.1 LIMITATIONS AND FUTURE WORKS

While our research has made significant contributions to historical reasoning using LLMs, several
limitations should be considered. First, the creation of the historical reasoning benchmark dataset
is constrained by the availability. and the quality of seed historical papers, while the reliance on
several human experts‘for/validation introduces potential biases and limits scalability. However,
this limitation can be simply fixed by achieving more extensive cooperating in historical research
community. Secondy the fine-tuning process uses only 7B LLMs due to the limitation of the
computational resources.»When more resources are allocated, this disadvantage could be easily fixed.
Third, the experimental evaluation is limited by the scope of the validation dataset and the metrics
used. Reliance on accuracy as the primary metric may not fully capture the nuanced aspects of
historical reasoning. To solve this, we intend to evaluate LLMs’ capabilities of generating reliable
historical reasoning chains'in our future works. Fourth, the applicability of our findings to broader
historical contexts and different languages remains uncertain. We plan to extend our method with
more language by collecting high-quality seed papers in more languages and adopt multi-lingual
LLMs.

In addition, our ultimate goal is to build a platform that assists historians in conducting their research
more efficiently and effectively. Besides reasoning, historical studies involve a range of methodologies
or tasks, such as comparative study, cliometrics, documentary analysis, and psychological history,
among others. While it is possible to train a huge LLM using standard method to manage all these
tasks, creating specifically designed datasets to enhance those capabilities could prove to be more
effective.

To'reach this ultimate goal, alongside the methodologies employed in historical studies, it is also
vital to find an effective way to merge the strengths of LLMs with human expertise and intelligence.
While some current applications do incorporate human interaction, like through prompt engineering,
most LLM-based technologies primarily depend on the models’ own capabilities. Historically, both
historical and broader social science research have heavily relied on professional expertise. An
LLM-powered research platform provides a new avenue for improving the efficiency of research tasks.
However, sufficiently integrating human expert capabilities into the interaction with LLMs poses a
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unique challenge compared to recent advancements seen in academia and industry. Essentially, this
type of research platform not only depends on the LLM’s capabilities but also effectively harnesses
the research capabilities of human experts. The quality of the outcomes will depend significantly on
the varying levels of expertise among the human researchers involved.

The final step in historical research tasks involves composing the research report, a component-that
is currently also lacking. In this phase, the researcher provides guidance to the large-scale model,
instructing it to integrate all preceding discussions and relevant literature into a coherent research
paper, complete with references listed at the end of the document. Alternatively, the researcher might
first draft an outline of the paper based on earlier discussions, following which the large-scale model
can compile all available information into a well-structured academic paper.

While this is no easy task, we believe that achieving this ultimate goal is ultimately possible. Such.a
platform will not only enhance historical research but also prove valuable for other social science
studies. Furthermore, it may offer potential insights for natural science‘research, although realizing
this may present even greater challenges.

7.2 ONLINE DEMOS

Please visit our online demos through http://www.hrllm.online. A chat-bot interface is
provided in the demo, where users can interact with the bot withiany historical‘questions, though it is
more focused on improving the LLM capabilities in multiple-source reasoning. For the convenience
of trying the bot, we also provided a list of sample reasoning-questions with-multiple sources next to
the input box. You can click any of the questions to try the improved historical LLM.

In addition, we also provide a link to test the multiple-select question generation process. You may
upload a historical research paper in Chinese language and in PDF format (please be noted a scanned
PDF will not work currently).
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A APPENDIX

A.1 FEATURED SOURCE CODE

A.1.1 BENCHMARK DATA GENERATION

import json

import time

import os

import re

import traceback

import difflib

import argparse

import pdb

from utils import openai_chat, gwen_long_chat, deepseek_chat,
doubao_chat, gwen2_72b_chat

import random
random. seed (37)

def text_similarity(textl, text2):
return difflib.SequenceMatcher (None, textl, text2)iratiol)

def replace_with_the_first_source (match):
# RBEFTAYGAE
content = match.group (1)
# EERFE-MEZH"n
first_material = re.search(r’iﬁ%\d+’, content)
if first_material:
# BEREEHE -\ LGN En
return f’ ({first_material.group()) }
return match.group (0)

def get_full_sources(item_dict, shuffle=False):

full_sources_dict = {}
full_sources_list = []
for item_idx, (_, dtem) dn enumerate (item_dict.items()):

for local_idx, source 1n dtem[’sources’].items():
# & FAE B s AR Bl ik
if/source not .in full_sources_list:
match_flag =.False
for i in range(len(full_sources_list)):
comp_source = full_ sources_list[i]
if text_similarity(source, comp_source)>=0.4: # same as
anfexisting source
match_flag = True
full_sources_dict[source] = {"global_idx": i,
"item_ idx": item_idx, "local_idx": local_idx,
"redirect’: None} # reuse the existing index of
the same source

# keep the longer one
if len(source)>len (comp_source) :

full_sources_1list[i] = source

full_ sources_dict[comp_source] ['redirect’] = source
else:

full_ sources_dict[source] ['redirect’] = comp_source
break

if not match_flag:
full_sources_list.append(source)
full_sources_dict[source] = {"global_idx":
len(full_sources_list), "item_idx": item_idx,
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"local_idx": local_idx, ’'redirect’: None} # create a
new index

if shuffle:
random.shuffle (full_sources_list)

# align gloabl idx across all same—-source sources
for source in full_sources_dict.keys() :
target_source = full_sources_dict[source] ['redirect’]
if target_source is None:
full_sources_dict[source] ['global_idx’] =
full_sources_list.index (source)
else:
¢ BRI RAHERZRALE, THRAESRELE
while full_sources_dict[target_source] [’ redirect/]¢sis not Neone:
target_source = full_sources_dict[target_sourece] [’ redirect’]
full_sources_dict[source] ["global_idx’] =
full_sources_list.index (target_source)

return full_sources_dict, full_sources_list

def process_chains (raw_chains, global_sources, strict=True):
structured_chains = []
deductions = dict ()
for i, line in enumerate (raw_chains) :
if len(line)!=2:
print (' incorrect format’)
print (line)

src, dst = line
sources = src.replace(’ %, '’) .split (' +7)
if strict:
assert (len (sources)<=4 and len (séurces)>1), £/ EFEIRG LM T EE D
AN BEAA, BAR24{ Len (sources) M}/
chain_inputs = []
for source in sources:
if ¢ (£H “4n source:
content, /source_ddx_.= re.split (r’ (£#[(1’, source)
source_idx = int(re.split(r’) [)]’, source_idx) [0])
assert (source_idx~1l in global_sources.keys()),
f'sourcelidx={source_idx},
global_sources={global_sources}"
chain_inputs.append((’iﬁ+’, source_idx, content))
elif 7##’ _in source:
deductionhidx/ = int (source.split (£/##7) [11[0])
assept (deduction_idx in deductions.keys()),
f"deduction_idx={deduction_idx}, deductions={deductions}"
content = deductions[deduction_idx]
chain.inputs.append ((’##%’, deduction_idx, content))
else:
raise NotImplementedError

PECT MR in dst:

if 7 (##7 in dst and dst.strip() .startswith (' 4f#b")
chain_output = dst.split (’* (3f#&7) [0]
chain_output = re.split (r’##\d’, chain_output) [1:]

elif * (7 in dst:
chain_output = dst.split (’/ (4&?@’)[0]

elif dst.strip().startswith (') :
chain_output = re.split (r’df#\d’, dst)[1:]

deduction_idx = int(dst.split(’?ﬁi@’)[l][O])

assert (deduction_idx<=4)

if deduction_idx not in deductions.keys{():
deductions[deduction_idx] = chain_output
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109 else:
110 raise NotImplementedError # deductions should not repeat

111 else:

112 assert (i == len(raw_chains)-1)

113 dst = dst.replace (' ######4######4#H####44", ') .replace(’\n’,’'™)

114 dst = dst.replace (' HAWA’, " EHFAE")  BEIRTHREGHZ

115 if ¢ (EFHWA in dst:

116 chain_output = dst.split (’ ('VF%LJ}Q,%\’) [0]

17 elif 7 (RB4BEWR AL’ in dst:

18 chain_output = dst.split (’ (REHEERIAE" ) [0]

119 else:

120 raise NotImplementedError

121 # chain_output = dst.split Crry 0]

122 structured_chains.append ({"input": chain_inputs, ’output’:
chain_output})

123 return structured_chains, deductions

125 def all_in_one_true_item_ post_process (item) :

126 nun

127 {

128 "sources": {1: "xxx", 2: "xxx", ...W

129 "deductions": {1: "xxx", 2: "xxx", sm. .h,

130 "option": MEHMAET,

131 "chains": [

132 {"input": ﬁ‘tﬁ‘]“ﬁﬁ’u‘[ (" /", 1idx,content)]}

133 1,

134 "raw_chains": K& H LRI

135 }

136 e

137 true_item_dict_by_option = ({}

138 options = re.split (r’ ####\s~\FAn\d\ss\n##44’, item)

139 options = [option for option in options/if len (option.strip())>0]
140 for option_idx, option.in enumerate (options[:4]):

141 item_dict = {’sources®: {}, fdeductions’: {}, ’'chains’: []}
142 sections = re.split (r’[\d]’4 ‘option) [1:]

143 option = sections[0]ssplit( EHME\n’) [1].strip()

144 for existing_option in true_item dict_by_option.keys():

145 sim = text_similarity (option, existing_option)

146 if sim>=0.7:

147 print (" &L TAEF &

F\nnew: {option}\nold: {existing_option}\nsim={sim}")
148 continue

150 item_dict [’ option’ W= option

151 historical sources = re.findall (r’ £H\d+ (2:\n: ||:) (.*?) (?2=\%
#n\z)” sections[1l], re.DOTALL)

152 assert (len(historical_sources)>=2), ' ELHFKFLM>=2"

153 for i, source in enumerate (historical_sources):

154 item.dict [’ sources’][i] = source.strip()

155

156 # . Extracts inference chains from section 2 W £ LA ()

157 faw/chains_txt = sections[2].split (/7 £4fEEE
#\n’) [1].replace(’ (', ’ (').replace(’')’, ") ')

158 rawiuchains_txt = re.sub(r’ O (["]1+)) ',
replace_with_the_first_source, raw_chains_txt) # % $HF AP ALK
G—A7 &

159 item_dict[’raw_chains’] = raw_chains_txt.replace(’\n\n’,

"\n’) .replace (/ ###hEH#EEFEEEEFEEERRES, 7 7)) Lsplit (0 (FEEAA
E) 7)y[01 + 7 (EHAE) 7

160 raw_chains = [line.split(’->’) for line in
raw_chains_txt.split ('\n’) if ’->’ in line]

16% structured_chains, deductions = process_chains (raw_chains,
item_dict [’ sources’], strict=False)

162 item_dict[’chains’] = structured_chains
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163 item_dict [’ deductions’] = deductions

164 assert (! (EHWE) ' in item dict[’raw _chains’])

165 item_dict[’item _idx’] = option_idx

166 item_dict [’ label’] = True

167 true_item_dict_by_option[item_dict[’option’]] = item_dict
168

169 return true_item_dict_by_option

170
171 def true_item post_process (item) :

172 nnn

173 {

174 "sources": {1: "xxx", 2: "xxx", ...},

175 "deductions": {1: "xxx", 2: "xxx", ...},

176 "option": MEHIEY,

177 "chains": [

178 {"input": EHAER [ (7 /7, idx, content)]}

179 1,

180 "raw_chains": R&WILEGH ELEEIR

181 }

182 o

183 item_dict = {’sources’: {}, ’"deductions’: {}, ’chains’s» [}

184 sections = re.split(r’ [\d]’, item) [1:]

185 item_dict[’option’] = sections[0].split ( EHME\n") (1] strip()

186

187 historical_sources = re.findall (r’ NG+ (2:\n: "] [9)0(.%2) (2=\%
#n\z)’ , sections[1l], re.DOTALL)

188 assert (len (historical sources)>=2), ' LH#HFLIHM>=2"

189 for 1, source in enumerate (historical_sources) :

190 item_dict[’sources’][1i] =ssource.stnipl)

191

192 # Extract inference chains from/sectiogh, 2 ¥ i@ L 42 ()

193 raw_chains_txt = sections[2].split ("} A
#\n’) [1] .replace (", % (") .replace(’)’, ') ')

194 raw_chains_txt = re.sub(x/ O ([7]+) )0,
replace_with_the (first_soutce, . raw_chains_txt) # 53y AT AKE—
N5

195 itemld?.lc“c ["raw_chains’/] = raw _chains_txt.replace(’\n\n’,

'\n’) .replace (" 44 # b d ba RS EEFS, ) Lsplit (0 (EE AR
B) ) [0] + T (AEERLE)

196 raw_chains = [line.split{/#>’) for line in raw_chains_txt.split ('\n’)
if "—=>’ in:line]
197 structured_chains, deductions = process_chains (raw_chains,

item/diet [’ sources’ ] /strict=False) # true &K, RTHABL—K, 4
THIHFHEE - optioneheck

198 item_dict ["chains”] = structured_chains

199 item_dict [’ deductions’] = deductions

200 assert (! (EHWE) 7 in item dict[’raw _chains’])
201

202 return item_dict

203
204
205 _«~def fallse_item/post_process(false_item, source_dict):

206 item_dict = {’sources’: None, ’'deductions’: {}, ’chains’: []}
207
208 sections = re.split(r’ [\d]’, false_item) [1:]
209 item_dict[’option’] = sections([0].split (#EWE\n") [1].strip()
210
211 #MExtract inference chains from section 2 EIEAEIEF LA ()
Ay raw_chains_txt = sections([1l].split (/B @it
#\n’) [1].replace(’ (', " (").replace(’)’, ') ")
213 raw_chains_txt = re.sub(r’ O (["1+)) 7,
replace_with_the_first_source, raw_chains_txt) # My EFAKE—
N B
[N
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w

216

217
218
219
220
221
222
223
224
225
226

227

228

229

230
231

232

236

item_dict[’raw_chains’] = raw_chains_txt.replace(’\n\n’,
'\n’) .replace (/ ###4#4dHt 4 EE#EEEEEE, ) Lsplit (0 (RBEAHREA
A) 7)[0] + 7 (REHBEALR) 7

raw_chains = [line.split(’->’) for line in raw_chains_txt.split (’\n’)
if "=>’ 1in line]

structured_chains, deductions = process_chains (raw_chains,
source_dict)

item_dict[’chains’] = structured_chains

item_dict [’ deductions’] = deductions

assert (/ (RBE4EEMAA) 7 in item dict[’raw_chains’])

return item_dict

def item_checking_post_process(item_dict, check_res, .source.dict):
sections = re.split(r’ [\d]’, check_res)[2:]
if ' REBHK not in sections[0]:
label = "SRR EMIA L if item_dict[’label’ ] else "R ARRA 5]
A 6 4R A
new_option = sections[O].split(f’@ﬁ&ﬁ?%iﬁﬁ\({label) P [1) o strip ()
assert (/' label’ not in new_option and ’'An’ not in
new_option.strip()), £’/ TAaZIEXEHE
- {new_option}’
item_dict[’option’] = new_option
if ' Z£EMBK not in sections[1]:
raw_chains_txt = sections[1].split (Lf5#z &9 nm £ g
#\n’) [1].replace(’ (', " ("l replace(’')2, ") ")

raw_chains_txt = re.sub(r’ O ¢[%+)) 7,
replace_with_the_first_source, raw.chains_txt) # % ¥#¥ &% A4
A&

w [N
item_dict [’ raw_chains’] =.raw_chains_txtireplace(’ (',

! (’).replace(’)’, ") ")..replace (“\n\n’,
"\n’) .replace (' ###hfHFHHHHFH A REAFEHFE, )
raw_chains = [line.splity(’->’) for line in
raw_chains_txt.split ('\n/ ), if "->’ in line]
structured_chains, deductions &~.process_chains (raw_chains,
source_dict)

item_dict[’chains’] = structured_chains
item_dict [’deductions’ ] = deductions
if item_dict({’label’] == True:
assert ("o (PFHWE) 7 in item dict[’raw chains’])
item_diet [*raw_chains’ = item_dict[’raw_chains’].split (’ €z
B0 + 1 (FEEAE)
else:
assert (7 (RB4BEMA) ' in item dict[’raw_chains’])
item_dict [/ raw . chains’] = item_dict[’raw_chains’].split (/ (RI4EZEN

B) Y [0] + o (RBAFERR) 7

return item_dict

def step_ by_step_generate(md_file, chat_api=’openai’, verbose=False):
if chat._api == ’openai’:
chat = openai_chat
true_option_max_retries = 3
false_option_max_retries
check_option_max_retries
elif chat_api == ’"qwen’:
chat = gwen_long_chat
true_option_max_retries = 3
false_option_max_retries =
check_option_max_retries
elif chat_api == ’deepseek’:

3

I
(]

([
o w

22



290
291
292

293

204
295
296
297
298

299

300
301
302
303
304

305

306
307
308,
309
310
311

312

313
34
315
316

317

chat = deepseek_chat

true_option_max_retries = 3
false_option_max_retries = 3
check_option_max_retries = 5
elif chat_api == ’'doubao’:
chat = doubao_chat
true_option_max_retries = 3
false_option_max_retries = 3
check_option_max_retries = 5
elif chat_api == 'gwen2’:
chat = gwen2_72b_chat
true_option_max_retries = 3
false_option_max_retries = 3
check_option_max_retries = 5

else:
raise NotImplementedError

paper_md = open(md_file, ’'r’).read()

cur_options_txt = "H &’

option_mapper = {0: 'A’, 1: ’'B’, 2: ’'C’", B: ’'D’, 4: "E,, 5: 'F’, 6:
IGI’ 7: 'H'}

true_item_dict_by_option = {}

false_item_dict_by_option = {}

merged_item_dict_by_option = {}

output_item_dict_by_option = {}

# TODO, currently we only sample™ong,combinaiton “totally 70
combinaitons)
COMBINATIONAL_GENERATION_FOR_TRUE_OPTIONS .= False

FhEdEAE 1. AWICEMA LR

# BRLEBRMNEALR, R L EHILRGITA LA, 128 — Kk A4E R 34 E 7 350 kMR
B4

if verbose:
print (/ >>> Step 01. ZAREFMBIA, H.70)

num_options = 4
true_reasoning_prompt =
open (' prompts/fistep_by_step prompt_02_true_reasoning_extraction.txt’,
"r’) .read ()
all_in_one_true_ reasoning_prompt =
open (fprompts/step! by step_prompt_’ \
"02_all_3in one_true_reasoning_extraction.txt’, ’‘r’).read()
ALL_IN_ONE_TRUE_OPTION_GEN = True
if ALL_IN_ONE_TRUE_OPTION_GEN:

messages = [
{"role": Msystem", "content":
all in_one_true_reasoning_prompt},
{"role": "user", "content": £’/ XA

g_ [1] \n\nll nn {paperfmd} nn "\n\nl }
]
count =0
true_item_dict_by_option = None
while count<true_option_max_retries:
try:
all_in_one_true_items = chat (messages, max_tokens=3000,
verbose=verbose)
true_item_dict_by_option =
all_in_one_true_item_post_process(all_in_one_true_items)
break
except Exception as e:
print (£" % {count RAMBLEM LR MKE FF+1): (e™)
# traceback.print_exc/()
count +=1
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318 assert (true_item_dict_by_option is not None), ' 7k FELEH kA"

319 else:
320 for item_idx in range (num_options) :
321 messages = |
322 {"role": "system", "content": true_reasoning_prompt},
303 {"role": "user", "content": £’ XA
Z[1]\n\n""" {paper_md}"""\n\n#A 1EH A%
A [2]\n{cur_options_txt}’}
324 ]
325
326 count = 0
327 true_item_dict = None
328 while count<true_option_max_retries:
329 try:
330 true_item = chat (messages, max_tokens=1200,
verbose=verbose)
331 true_item_dict = true_item_ post_process (true_item)
332 for existing_option in true_item _dict_by_option.keysiy() :
333 sim = text_similarity (true_item dict[’option’ ],
existing_option)
334 assert (sim<=0.7), f"WELFTHRE, FIFHAEKR" \
335 "\nnew: {true_item_dict[’optien’]}" \
336 "\nold: {existing_option}\msim=4simp"
337 break
338 except Exception as e:
339 print (£"% {count XMW EF LM KL FHF41): (e}")
340 # traceback.print_exci)
341 count +=1
342 if true_item_dict is None&:
343 print (difficult t¢o extract more Options’)
344 continue
345
346 true_item_dict[’ditem idx’] = ditem idx
347 true_item_dict [’ label”] = True
348 option = true_item dict[/option’]
349 if cur_options_ txt == ‘&L
350 cur_optiensatxt = f’doption_mapper[item_idx]}. {option}\n’
351 else:
352 cur_options_txt +=,f'/ {eption_mapper[item_idx]}. {option}\n’
353 true_item_diet_by_optionfoption] = true_item_dict
354 assert (len(true_item_dict_ by_option)>0), /K& &ihIEH LR/
355
356 # B A EREEIR SR 6 BT SO, 4244 R 8% 9 E A T
357 _, full sources_list = get_full_sources (true_item_dict_by_option,
shuffle=True)
358 new_sources_txt = '/
359 for i, source in enumerate (full_sources_list):
360 new_soureces_txt += £/ £ H{i: +1}\n{source}\n’
361 curpoptions_txt = '’ # reset cur_options
362 for option_idx, option in enumerate (true_item_dict_by_option.keys()):
363 cur_loptions_txt += f’{option_mapper [option_idx]}. {option}\n’
364 tmp_isource dict = {i:source for i, source in

enumerate (full_sources_list) }

366 HEF 2. EREIRER

367 if verbose:

368 print (" >>> Step 02. A RAERER ...
369

370, false_reasoning_prompt =

open (' prompts/step_by_step_prompt_03_false_reasoning_generation.txt’,
"r’) .read()

3N for _ in range (num_options-1): # at most 3 false options
372 messages = [
373 {"role": "system", "content": false_reasoning_prompt},
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374 {"role": "user", "content": E"##HEHFHEEEEEFEEEEEEESSEE \nINPUL\n L
## & [1]\n\n{new_sources_txt }\nIA I
A [2]\n{cur_options_txt}"}

375 ]

376

377 count = 0

378 false_item_dict = None

379 while count<false_option_max_retries:

380 try:

381 false_item = chat (messages, max_tokens=1200, verbose=verbose)

382 false_item_dict = false_item_post_process (false_item,

tmp_source_dict)
383 for existing_option in false_item _dict_by_option.keys():
384 sim = text_similarity(false_item dict[’option’],
existing_option)

385 assert (sim<=0.7), f"WELT#RE, FHEKR"\

386 "\nnew: {false_item_dict[’option’]}" \

387 "\nold: {existing_option}\nsim={sim}"

388 break

389 except Exception as e:

390 print (£"% {count R A& RBIZZANMREFF 17 : (e)")

391 # traceback.print_exc/()

392 count +=1

393 if false_item_dict is None:

394 raise NotImplementedError (/ &k & R RLER .00 )

395

396 false_item_dict[’item_idx’] = len (true_item dict_by_option) +
len(false_item_dict_by_option)

397 false_item dict[’label’] = False

398 false_item_dict[’sources’/] = {i: source for i, source in
enumerate (full_sources  1ist) }

399 option = false_item dict[’option®]

400 cur_options_txt += f’4foption_mappenflen (true_item _dict_by_option)
+ len(false_itemidicty by _oeptien) %}. {option}\n’

401 false_item_dict_bysoption[option] = false_item_dict

402

403

404 for option in true_ _item dict _by.option.keys() :

405 merged_item_dict_by_option[option] =
true_item_dict_byioptionfoption]

406 for option inufalse_item dict_by_option.keys():

407 merged_item_dict_by _optionfoption] =
false_ item_dicti by option[option]

408

409 HE44EER 3. E

410 if verbose:

411 print (/' >>% Step 03. #FEHM...")

412 print ("merged_item_dict_by_option’, merged_item_dict_by_option)

413 # ‘@heck_reasoning prompt =

opendlprompts/step_by_step_prompt_04_reasoning_checking.txt’,
"r’) .nead()
414 truel check reasoning_prompt =
opén (' prompts/step_by_step_prompt_04_true_reasoning_checking.txt’,
“n’).read()
415 false_check_reasoning_prompt =
open (' prompts/step_by_step_prompt_04_false_reasoning_checking.txt’,
'r’) .read()
416 final_ full_sources_dict, final_full_sources_list =
get_full_ sources (merged_item_dict_by_option, shuffle=True)
417 final_sources_txt = "7’

418 for i, key in enumerate (final_full_ sources_list):
Mg final_sources_txt += £’ ¥#{1i: +1}\n{key}\n\n’
420

421 # deprecated: check for several times

422 for check_i in range(1l):
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423
424

425

426

427
428
429
430
431
432
433
434

436

437
438
439

440
441
442
443

444
445
446
447
448
449
450

463

465
166
467
468
469

470
471
473
473
474

new_merged_item_dict_by_option = {}
for option_idx, (option, item) in
enumerate (merged_item_dict_by_option.items()):

print(f"ﬁﬁ‘é‘?/‘kﬁi: {check_i,» &
%i:+1}{option_mapper[option_idx:]}: label{item[’ label’ ]}
0"

raw_chains = item[’raw_chains’]

for i, source in item[’sources’].items(): # since 0
local_name = f’ (iﬁ*{i) +1}

global_idx = final_ full_sources_dict[source] ['global_1dx’]
global_name = f’ (£#{global_idx) +1}’
raw_chains = raw_chains.replace (local_name, global.name)

if item[’ label’]:
check_reasoning_prompt = true_check_reasoning.prompt
this_input = f"iﬁ%@Lﬁ[l}\n{finalisourcesitxt.strip()}\n\n%ﬁﬁ
Wh (EAMALE) [2]\n{option.strip QP \n\n L AW &697 L L L
#[3]\n{raw_chains.strip() }\n\n"
else:
check_reasoning_prompt = false_check_ reasoning prompt
this_input = £f"¥H#F & [1]\n{final sources_mxt .strip() }\n\nZal
W A PR EF 4 RIE) [2] \h{option.strip () ) \n\nK K % AT
BEH $EFFA (3] \n{raw_chains.strip () P\nyn"

messages = [
{"role": "system", "content™: check! reasoning_ prompt},
{"role": "user", "content™:

ErHtHHF A A \nInpute \n {this_input}"}

count = 0
output_item_dict =_.None
while count<check option_max retries:
try:
check _.res = chat (messages, max_tokens=1200,
verbose=verbose)
output_item_diet = item_checking_post_process (item,
check_res, ‘tmp_source_dict)
break

except Exceptionias .e:
print (£" F {count XATHAMEINFE+1)1: (el
#fwtracebagkyprént_exc ()
count +=1
if output_item_dict is None:
raise NotImplementedError (' REAETHA ... ")
if verbose:
print (“this_input’, this_input)
print (“¢heck_res’, check_res)
new_merged_item_dict_by_option[output_item_dict[’option’]] =
output_item_dict
merged_item_dict_by_option = new_merged_item_dict_by_option

if verbose:
pring (' >>> Step 04. éJ&i@ﬂ...’)
print (' new_merged_item_dict_by_option’, merged_item_dict_by_option)

num_true_items = random.randint (1, min(len(true_item_dict_by_option),
num_options)) # HEALETEANYE
U
num_}éﬁse_items = num_options - num_true_items
new_true_item_dict_by_option = {}
new_false_item_dict_by_option = {}
for option, option_v in merged_item dict_by_option.items () :
if option_v[’label’] == True:
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475
476
477
478
479

480

481
482
483

484

485
486
487
488
489
490

191
492
493
494
495

496
497
498
499
500

501
502

503

504

505

506
507
508
509
510
511
512

513

514
515
516
517,
518
519
520
521
522
523
524
525
526
527

528

new_true_item_dict_by_option[option] = option_v
else:
new_false_item_dict_by_option[option] = option_v

sampled_true_options =
random. sample (list (new_true_item_dict_by_option.keys()),
num_true_items)

sampled_false_options =
random.sample (list (new_false_item dict_by_option.keys()),
num_false_items)

for option in sampled_true_options + sampled_false_options:
output_item_dict_by_option[option] =
merged_item_dict_by_option[option]
output_item_dict_by_option[option] =
merged_item_dict_by_option[option]

# 6. ARMA
final_sources_txt = final_sources_txt

final_options = list (output_item_dict_by_option.keys())
random.shuffle (final_options)

final_options_txt = "’
gt_answer = '’
final chains = '7/

for option_idx, option in enumerate (final options).:
final_ options_txt += f’ {option_mapper|optien idx}}. {option}\n’
this_final_chains =
output_item_dict_by_optionfoption] [“raw_chains’].strip/()
idx = option_mapper[option.idx]
if output_item dict_by_optien[option] ’label’]:
gt_answer += idx
assert ("YF# WAL’ in thisrfinali€hains)
this_final_chains = this_final_chains.replace(’ﬁigﬁkﬁ’, £/ 3%
M {idxEH) )
else:
assert (! R B4 %M 27 inathis. final chains)
this_final ‘chains = this_.final_chains.replace (' REH RN L, £/ ik
I idxFEIR L)

final_chains += f"{option idx+1}. %
M {idx Wt \n{this finallchains}\n\n"

output_txtun= £"" " RE RARAF AR 15 T 2 A, PIBT T 2 R R T AR L

{final” SGurces_txt}i&I4

{final options txt )X A—ERTRAHEHEM, EVA—NMERALR,. ZEEHOMNEARER .
SR ERERGFERT, TERELMARNE .

b s b s EAER

{Gtranswer )/ $FEFLEAL .

{fi4nal_chains}
mmwaw
if verbose:
print (£’ \n\nOutput Text:\n{output_txt}’)
output_dict = {}
output_dict[’source_path’] = md_file
output_dict[’chat_api’] = chat_api
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529 output_dict[’output_txt’] = output_txt

530 output_dict[’final_options’] = final_options

531 output_dict[’output_item dict_by_option’] = output_item dict_by_option

532 output_dict[’true_item_dict_by_option’] = new_true_item dict_by_option

533 output_dict [’ false_item _dict_by_option’] =
new_false_item_dict_by_option

534 output_dict[’old _true_item dict_by_ option’] = true_item _dict_by_option

535 output_dict[’old_false_item_dict_by_option’] =
false_item_dict_by_option

536 output_dict[’final_full_sources_dict’] = final_full_sources_dict

537

538 return output_dict

539
540
541 def build_args/():

542 parser = argparse.ArgumentParser ("hist reasoning")

543 parser.add_argument ("-s", "--start-index", default=0, ‘type=int,
help='A24H K895
7))

544 parser.add_argument ("-e", "--end-index", default=-1, type=int,
help="' 4% RH K5
%)

545 parser.add_argument ("--split", default=2023, type=int, choices=[2021,
2022, 2023, 2024), help='%E%%
)

546 parser.add_argument ("--rewrite", action="store_txue")

547

548 args = parser.parse_args ()

549 return args

550

551

550 if _ name_ == '_ main_ ’:

553 args = build_args ()

554 print (args)

555 split = f'md_{args.split

556 data_path = f’./data/inputs/{split}”

557 output_path = f’ 4/dataseutputs/{split}’

558 verbose = True

559 chat_apis = [’openai”]

560 # chat_apis = [’ deepseek]

561 # chat_apis =, [’ doubao’]

562 # chat_apispy= Mawen2’ ]

563

564 if os.path.exists (output_path) is False:

565 os.makedirs (output_path)

566 for chat_api in chat_apis:

567 this_output_path = os.path.join (output_path, chat_api)

568 if .os.path.exists (this_output_path) is False:

569 os.makedirs (this_output_path)

570

571 files = os.listdir (data_path)

572 files = [file for file in files if file.endswith ('’ .md’)]

573 raw. len = len(files)

574

575 assert (args.start_index>=0)

576 if args.end_index == -1:

577 files = files[args.start_index:]

578 else:

579 assert (args.end_index > args.start_index)

580 files = files[args.start_index:args.end_index]

58

582 for file_idx, file in enumerate(files):

583 for chat_api in chat_apis:

584 read_idx = args.start_index+file_idx+1

585 this_output_path = os.path.join (output_path, chat_api)
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586
587
588
589

590

591

592

593
594

595

596

597
598
599

600

601
602
603
604
605
606
607

608
609
610
611
612

613
614

16

data_file = os.path.join(data_path, file)
output_file = f’ {read_idx}-{file}’
output_json_path = os.path.join(this_output_path,
output_£file) .replace(’ .md’, ’.Jjson’)
output_txt_path = os.path.join(this_output_path,
output_£file) .replace(’ .md’, ’.txt’)

print (£’ Generating {output_txt_path}
({args.start_index+file_idx+1}/{raw_len})\n\n’ \

THEH AR R R \n\n”)

start_time = time.time ()

if args.rewrite == False and os.path.exists (output_txt_path) ==
True:
print (f’Rewrite=False and {output_txt_path} (already existed.
Continue...’)
continue
else:
try:

output_dict = step_by_step_generate (data_file,» chat_api,
verbose=verbose)
except Exception as e:
print (£" [Error 3 #] {output_(txtopathbf@EAR4E, kL. } (e}™)
# traceback.print_exc/()
continue

with open (output_json_path, "w’) as w:
w.write (json.dumps (output_dict,  indent=4,
ensure_ascii=False))
with open (output_txt_path, ’'w’) as w:
w.write (output_dict [/ output_txt’ ]9

timecost = time.time() - start_time

print (f’ Progress: {read_idx}/f{waw_len}, api: {chat_api},
timecost: {fimecost: 2F13L \

", written to, foutput_txtapathpP\n\n’ \

TR R A S R R R 4 \n\n”)

A.1.2 HR-TUNING'DATA GENERATION

import
import
import
import
import
impont
import
import
import

json

time

os

re

random
traceback
difflib
argparse
pdb

def build_args():

parser.= argparse.ArgumentParser ("hist reasoning")

parser sadd_argument ("--train-splits", default='2021-2023", type=str,
help=" %%
%)

parser.add_argument ("--valid-percentage", default=0., type=float,
help=’%’($€‘
%)

parser.add_argument ("--method", default=’options’,
choices=['options’, ’'source_understanding’, ’source_explanation’,
’source_deduction’], type=str, help=’fﬁ%¢ﬂ
/a\l

parser}add_argument("——source—shuffle", action="store_true")
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17 parser.add_argument ("--no-source-idx", action="store_true")

18 parser.add_argument ("--prompts", default='"1’, choices=["1", ’2’, ’'3',
T1427, 71437, 72437, '14243"], type=str, help='RFFE AL, tmERRE
7, HEEHMERFORAE, HEFA MEH FORAT1237)

19

20 args = parser.parse_args()

21 return args

22

24 def generate_sft_data(args):

25 prompt_ids = args.prompts.split (' +’)

26 prompts = []

27 for prompt_id in prompt_ids:

28 prompt_id = int (prompt_id)

29 prompt_file = os.path.join(

30 f’prompts/sft_promptssft_prompt_{prompt_id:02d} med.txt!)
31 prompts += [open (prompt_file) .read()]

33 start_split, end_split = args.train_splits.split(’-")

34 start_split = int(start_split)

35 end_split = int (end_split)

36 assert (end_split >= start_split and start_split in#[2021, 2022, 2023,

2024] and end_split in [2021, 2022, 2023, 20241)

38 output_data = []

39 explanation_output_data = []

40 deduction_output_data = []

41 cases = dict ()

42 insert_option = args.method == "options’

43 use_source = ’source_’ in args.method

44 if args.method == ’'source_understanding’:

45 use_source_explanation = True

46 use_source_deduction =.True

47 if args.method == ’'source_explanation’ :

48 use_source_explanation = True

49 use_source_deduction = False

50 if args.method ==’ source/ deduction’ :

51 use_source_explanation =/False

52 use_source_deduction =_.True

53 for split in rangey(startisplit, end_split+1):

54 data_path = f’./data/outputs/md_{split}/openai’

55

56 files /= os.listdir(datal path)

57 files = sorted([file for file in files if file.endswith(’.json’)])

58 for file in files:

59 with open (os.path.join(data_path, file), 'r’) as r:

60 data = json.loads (r.read())

61 case = data[’output_txt’]

62 sources = data[’output_txt’].split (' Mk TH 4, FIBTT R RAMLERA

THASL : \n\n’) [1].split (&R : /) [0].strip()

63

64 if use_source_explanation or use_source_deduction:

65 explanation_prompt = open (

66 " ./prompts/sft_prompts/sft_prompt_source_explanation.txt’,
"r’) .read/()

67 deduction_prompt = open (

68 " ./prompts/sft_prompts/sft_prompt_source_deduction.txt’,
"r’) .read()

69 answer = case.split (" #######44#H44#F4HHEHHE) [1]

70 chains = answer.split(’Hifjﬁfﬂﬁjiz "Y[1l].strip() .split ('\n’)

71 for row in chains:

R source_splits = re.split(rﬂ.i**\d: +’, sources)

73 source_splits = [split.strip() for split in source_splits]

74 source_splits = [split for split in source_splits if

len (split)>0]
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75

76

71

78
79
80
81

82
83
84

86
87
88

89
90
91
92
93
94
95
96
97
98
99

100

101
102

103
104
105
106
107
108
109
110

111
112

113

114,
115
116
117
118
19
120
121
22
123

124

if '->’ in row and ’#%M’ not in row and ’if
%’ not in row.split (/->7)[0]:

explanations = row.replace ('
.07 ) wsplit (P =>7) [0] .strip () .split (" +7)
deduction_output = row.replace(’

T,y .split (7 —>") [1].split (© (3
w’)[0].strip()

comb_sources = []

new_chain_txts = []

explanation2source = {}
source2idx = {}
try:
for i, explanation in enumerate (explanations):
content, source_idx = re.split (r’ (&
#[(]’, explanation)
source_idx = int(re.split(r’) L)1,
source_idx) [0])
this_source = source_splits([source_idx—-1]

if use_source_explanation:
explanation_output_data.append ({"instrtuction":

explanation_prompt, #"input": “this_source,
"output": content})
explanation2source [content] =«thisisource

comb_sources.append(this_source)

comb_sources_txt = 1/

if args.source_shuffle:
random.shuffle(comb_sources)

for i, txt in/ enumerate(comb, sources) :
source2idx [txt] =1
comb_soufces_txt +="f/FH{i: +1}\n{txt}\n\n’

for explanation in explanation2source.keys():
source.idx =
source2idx[explanation2source[explanation]]
# shuffléed, adx
1f not args.no_source_idx:
newschain_txts.append (f’ {explanation (&£
*%}{source_idx) +1}7)
elsg:
new_chain_txts.append (f’ {explanation}’)

new_chain_txt =’ + ’.join(new_chain_txts)
new.chain_txt += f’ -> {deduction_output (k) 37

1f use_source_deduction:
deduction_output_data.append ({"instruction":
deduction_prompt, "input": comb_sources_txt,
"output": new_chain_txt})
except Exception as e:
print (£’ [Error for row: {row}, {e}’)
# oUtput_data = explanation_output_datal[:5000] +
deduction_output_datal[:10000]
output_data = explanation_output_data + deduction_output_data

if insert_option:
true_item_dict_by_option = datal[’true_item_dict_by_option’]
false_item_dict_by_option = data[’false_item_ dict_by_ option’]

cases[sources] = []
for option, option_data in true_item_ dict_by_option.items{() :
label = " A’
chains = option_datal[’raw_chains’].replace (‘& AE", " R&
EH7) Lstrip ()
cases[sources] .append( (option, label, chains))
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125 for option, option_data in false_item_dict_by_option.items():

126 label = 4%’

127 chains = option_datal[’raw_chains’].replace (' R BRI
B, THEHIR) Lstrip ()

128 cases[sources] .append( (option, label, chains))

129

130 if insert_option:

131 for source, options in cases.items():

132 for (option, label, chains) in options:

133 input = f"iﬁ+?k§[l}\n{source}\n\n%ﬁﬁﬂhi[2]\n{option}\n\n"

134 output = f"2HE: [1]\n{chains}\n\nEFIB . [2]\n{label}"

135 for prompt in prompts:

136 instruction = prompt

137 output_data.append({"instruction": instruction, "input":

input, "output": output})
138
139

140 output_path = f’./data/’

141 if os.path.exists (output_path) is False:

142 os.makedirs (output_path)

143 if use_source_explanation or use_source_deduction:

144 shuffle_suffix = ’_shuffle’ if args.source_shuffle else 7’

145 no_source_idx_suffix = ’'_no_source_idx’ if args.no_source_idx else
rr

146 output_file = os.path.join (output_path,
f"sft_hist_reasoning_{args.tmain.splitis.xeplace('-","_")}" \

147 f"_{args.method}{shuffle_suffix} {noysourcedidx’ suffix}.json")

148 else:

149 output_file = os.path.join(output_path,
f"sft_hist_reasoningf{args.train_gplits.replace(’'=","_")}" \

150 f"_prompts{args.prompts.réplace('+','")4)_{@rgs.method}.json")

151 with open (output_file, 'w’) as w:

152 w.write (json.dumps (output_data, dndent=4, ensure_ascii=False))

153

154 print (f’Finished.\nNum ‘ef “cases:/ {den (output_data)}, written to

{output_file} “«..%)

155

156

157 if __name_ == '_ main_ ’:

158 args = build_args ()

159 print (args)

1

60 generate_sft,.data (args)

A.2 FEATURED PROMPTS
A.2.1. BENCHMARK DATA GENERATION

Generating True Option Candidates

-Goal-
B b R =l]2 EE R P H RIS FIER AL S . REEHAREEER M L0 £ E b
F . A ER L AR ELkAR X E AR, ARMEHF AT SO e m LfEEgE.

-Knowledge-

KRALR IR FR

L XHREIE . F—F LR (AL - RETH, AhAY. F4. ARRLGBAHREG T RgH
S AFhl RS FA R HARMEG A, ARRBRT AR ZOHR . F=FHHF (RELH) . EFTA
IARITE TR - 7, RABANARTARR, RERBRT AT RGERL.

2. M EHELHEAA, MBI L RES BRI LY, A—oMHHE—5F.

3HEE S LM, HEALHAITRE. A FREIE.
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4 IR RTHS ol 5 2 -

-Constraints-
1 ARG H R AL A B4R, M RTRIE TH AT RIEIESRE .
2 ATAARZB - ER TR, AXRTUND LHEZIRFHESEALAEL .
3. IR T AHFREZGRLE, LAR—FFHONERFEINZHGAE, TRERNEHEL.
4. H P & P ogE5— AR R A EIEAE I AR P A R B, BAUE R — K.
5. AR —FEH, S—FEHAZIE, BEEEA=F 4.
6 RAERGEZN L, TAHFESLEMANGAAREERERTR, FAFLED LIHEER BFIEMIALA DA PIE

7 %Aﬂjﬁéﬁiﬁkmiﬁaﬁz,L% ZAMEESVEERE . LHD) A Fe ) LEE AR ALIE 12184544 %690 A7 E
ie & T AR, CNTARBRERETERFHH . FRAKE . FRS® A LI & .

8. FAHFETLA. Z‘\/bﬁ%z\wx‘#z‘\ﬁﬁéﬁﬂuéﬁviﬁ 11y

9. FARAWEF, BAPKEBETEHEALAX, TE2FE L XALE . YOUMUST FOLLOW THE OUTPUT
FORMAT BELOW.

-Input Format-
LA L
”””'L/\I ﬂ\] 52 999999

-Output Format-

5 — 3 B & gAY ek, AR EE L T

HH#HE

M, #n

HHHH

18 &

ML MBEGEE AL, GARTERZRMELRATA LA, RTEZHEEFTF R ESFABORE, LA
G RHATE XL AT 1'21\/‘1:%?5"%’(}141%/‘1

87 &

2K

AW EANRE R D A2, & RN

-ﬁ\/uﬁfi)ﬂi%%}xﬁi‘éﬁ%5/7?1 2 AE e (rﬁﬁﬁéﬁ?i@%ﬁ) , RETfedE Ms L ags A4EAD 4. A
& L F L

- BREVAT X

FAH

SKARXMEHAE (FFER)  RITHZLETL, —FEHFAFRAELORLE, LAE—FFHGA

s TEAE AR  ARELA LA B NTE I NAF 2 A

FHEA, (L E) XXX (LA Z)

FH2 .

SKARLEHAZRE (FFEX) , RITIBRELTL, —FEIHTAFRFELZOINE, LARIAFEF G
B, RESERHAZE, T Bha Mk @E

R, B EY XXX (LERE)

LA A2

A ER LT MBI IR (ATAFERFEGLEL) » AREZEFHERALME NG LERLE, 7
A EREARE S EREAZNEHR . 2, B LEEIEAREA AR AT AR F L
RALA R WA XEER RO ESERER S FEERMNTRF R

1, 35y F—ITRAFA —ADNREFS, BELFLEME S ANF 2+, RS FLI4N, A
B L RARTIF A A LT moer, Bl R A AL 8 5
FHIGRE (LHD + 2426 AH (ﬁ‘UFJrZ) fo SHEEREGAE (AR

2. BYHE . FATRATA - ANBREBFS, F— /\%fiiﬁlﬁ“éf)'é’) BHERE P AAIANF REE, RS R
A4y X KT RE LA &Tﬂbia;ﬁéﬁ'ﬁii@ HEEA Ef}'**{x%‘l/\“é** 3]5115\)‘—‘4?%7’54)‘141?5
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LR R, RE—ANEMF KL RAFE AR

A e AR (2D + e mE (U2 SH#H®1As (dRidl)
FoH3e AR (LH3) + R4 (R4 SHER2 A% (H182)
Hl + w2 SHEXRRGAE (FEEAA)

YR .

a BEEME, BRE—ITHIEEIBREFEHEFTRAAREE, SO LHEELIRRRMTIH H L
FTRAARAEZE, BEAPREEARNBHRILARY .

b. “->STEMEFEANLH, MR EAESF RS EMGERHE TRHER

c. W MIFA T, FHOEBAERAE ZRERFT L+, W F T TAHFEE oL .

d 24 A AL N E#ITH L4 1

e. BT EHAERGIE L, 2V EZREARANERN —KR, TAFRERT FHEAEA -

fZELERBENSEH . REFEAMER, REZEHGHELIAEZTRNEA -

g BE—RHBESATH, 4.

SRR < HmAr A B (EHmA EH ) ST A, X R4ERY )
SRR HmAe E A AE (EHmE ) >HEG T A R4 R]
SRR I HmAr e A (EHm. £Hn) S>HEGF AR THEE )
SR AR CEHmAr E e BAE (EHm+EHn) ->FHEF R, XX
h. F— 1748 — ML F >

i RTHARIE BRI LN G HE .

HHFHEHRHHHHEAR
-Examples-

HHHHEHHE R
Input:

ENYT

i A

HHFHHEHAHHEHRE AR

Output:

H#H

Wl

HitHH

S

Mok 8 £ 3k L35 9 60 I Tl 4 B B BOR 69 6. CABMAE M Bl I th 09 12 56 f 4 Ao R AR 8977
HHRTAHLE R MSHE

¥ ¥ 7] &

FAH

SELEFHT, 2B ERD A 124, BARE B SEMIOM, RBRLYG SV, X—HA—M, K—4HH
BEM, R EHATH—M TR RAKRE, LAwE R, BLEH, —H—%8, HETTH, 5
BAE, BRAMRGEGM AL ER RGO TENE .

(B BT A )

2
SHERFGBMNFLHZMNI T LSS 930 Fla, S E LGt . REASER, RIAKRFLHEGL
H#ehe

(REEITZ TFAhRmE, BRFTZITENAER)

A3

>R I KL RN SR R BT 8 M E s, R A R R E LA R m AR . gk ok R LA A E AL E & R 3R
7, mRBEARRFEMN, “HBEFEMNE, MehFLE, HEERBAESL.

T ARZAESE)

B &L
SUBME LI FlaARA. EBRFALPAEAHBMRE L RO THLEHE, BIAAE . HHBEH, A
BHF L FRREF LHRF AR RIE .

34




—— LB KEFEF B LR T SRR ARF

7 LAt A2

SRS E R EGEMN, BAMAGEIAE (L1 + BMFLES Ead . kB HEF (LK)
ST LA ERF L P ARB T KRR, 5T E RS RA R F LT E GERD
HRZFRBARFEL, FAESRARFL (LH3) +RFHTAIBRBEDRAEFLER (LHD) >R
MELEDERARFER S L64. FBRTHELETRAMEE. WEMES 2l rad Tk (i)
W1+ 4BR2 SHA LB LRFXEHORDETRFT G L 50T F R G, ARMMM 5 8 vh 6 2 %1245
FERARGAHBRTALERAMELE (EHAR)

i

R, B2

i

V&

AN . PR FRGLF L AR AAREZY A AR AL T @AD T DERE, Bk T ANk EmRF L
A, HEAHRIRET HE,

$H7 &

FAH
SHEEMEGTRAEHE—F B LEERERGRL. OEARESHIABRA KT E LT, LH~
RELBA T, b FlAELEm. RKEWFTIFTHELEHS, BRARRZE—F R K.

— (kziRA%)

A2

SHEMNFLNREGEF AL, AL LFEALR, S =FF%. 3INA, “FHREFTR, KFRLEF
P, ZFdyhi, SREA—F, BRFEDZAFEPHBRHAR L, #IT7E. BE. L. L. BE
WAk . BB T4E, R REA LM 5 ALK He

— KM LFEHRETEB)

FH3

SHEGREFUMNAFL S ZQIT SHG B FlEd o ELGREG . EFSFR, KINMKFLAEGEL
H#h .

(BEEITZTAKRME, BRI T BN msm k)

F 4

SN W EHRFLEH P ANFLRATRZGES, amd 22N FL A Lt —F K EBYH
—R2FHLEL

— (hegmmE)

iR igAR

AAREZSHGAABEAA obtde P Bl TEHREIL (H1) + BNBIFLFEHIHRT F@ifEmeg L
%%g#%ﬁ%%(iﬂw->ﬁm%%i%%ﬁﬁ%%7a%ﬁ%%ﬁ%mm%&,%ﬁ?~4ﬁﬁﬁ%ﬁ
B (w1

BN F R AT A5 69 E st Bt R A5 S &L (EH3) +FadaMmMAL it —F R R ES —2F
A% (44 >BNArmawtegE L TR L RBRRET 55 (HFiL2)

Wbl + 2 >N, FAETFHOIHFLALTARREY AFPIRBLT O T I ELERE, BRTEN
Fa K RF Lol ARLMMBRERRET AE. (EEALE)

BT

W3

HHHH

A -

ERGERB L A R BEEA, SMT WRRLE A, FH B EF 84T E T L A A UK A,

$H 7R
F A
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SHEEAGE, FHFLKROGINREBIRA LR . LEILE RARFZ T RRGEZI, B LE—FRTIHFLE I
B, —RAGRARBFLEN, B4 ERE . M. VEFE LN, FHFARGLEF LAREE,
BHMERGEAR T 9 L& .
CBif L& 3 L)

A2

SEMNFLMEEEE AL, RS EERAG R, HR—E¥% . S04, SEREFR. SUiREF
P ZFLHhE, XREA—F, BRED, AFEPRRGEAM LY, #i7E8M. BT L. ko BE
HWAR . A5 T, RATHREITLSMEIERE .

BN L FRBRET R

A3
SHELE, EMeFwR . AERBE T -5k (BELBER) M ZREBIRFLERE S k.
(e F L L3F L 5 &Sk M)

h X EE LA

SHEMAGESFHRERREIL (M) + BNELTHOLEM AL, FAIF L EHAMMEE R (£H2)
SHELEN R LM T @RRALFAE (EkD

HXE, EAaR TwA, AHRTERER (XH3) + ALEH TFmAAEER TG R (L
#2) > L E A By T BT LA E L L3k A AR PURAL (HE62)

W1+ 02 ->F X FHBL R F e SN, KT WBIRAEA, BT BUR LR L3k
Ao e PURAL (P4 &)

i

N, 24

it

U

FAMFa AR eGFE L F k& AR, HART S O BRFAR T LA .

¥ H7) &

F A
SHEBFOMMNFLDZANI T LM ST FES By 2 LEME . REAEEH, RINMKRFLAEXGE
HEHh .

(REEITZTAKRTME BRZFZ T BN 5K

A2

SN e ERFLEHE, BNFLRATEAZGES, mred M 22BN FL A L#—FEE BG5S
—2FL ARG

— (hagmmE)

LR AR

FRM LA kel B 3 g G Fle S ELBAEFRBERE, ERINMRFTLPEGEEY R (LA +
A RMNE LRAAR —F RR R T RLOKRA (H2) SBMNFAMROFXTEEARE BT
B AR AF Bk 897 LA G, (EAAL &)

ST

-Real Data-

SR

WA WAEFRBI ERANRE . L, HFAFRABRE—BERNEZFR, IFRGTFEFTER:
LENNEGGERZELIANRZEY, SARESIEENE . LRI E2Fp £ R IR, 1265124 F402%RARE
WA & T A BATT AR BRAVER AR FH . FRAK . TRS®E LG L.

2. H AN S LM T BB P HIANT Bk, H— TR — NG >, Babid LA S N A AT
P AR, B AT EBESZATH L

3. RAAHTEFTAR, TATRBERL T RGAGINEF L4 1

Generating False Option Candidates
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-Goal-
HER—IVEEZHHETFe P BB T IEEGA L LZER . RBREHAREZER, RELTIHFALA

W, EREAATARIES BOBRAE, FERBBAZIRBRZE RGN LHERIAE .
-Knowledge-
FHBRIEEFR

1. M EsR. F—F ¢4 (AEZEH) . RETH, R LAY F4H. LELEGPANTRYE TR H
M, HANRSFAFDFEZREGEH, ABRBRTHARSEOFEL. F=FHH (HELH) . BE A
BRI I1E R B, RBFBEANFRARR, BERBTH T ZGFR.

2. e HELSEAA, KB RLESwmEE, Ao —0E

3.REE S EH, ST HAITRE. HH FREE.

4, TER L . RTHE S I & & 4.

-Constraints-

1. AT ARG BT EF ThRn, AXTARIED LIEF IR LR BB R A .

2. M —F A — AT, B LRE S A2 K.

B.MEMERA—F M, S—FEHAZIE, BEEEA=F 4.

4. A ROEENE, FAFELTUAANEER, FAHFADLIEZ LR P ARLE AL FOEE.

5. WARGBENL, FTEALARZOHAINEE, FERESANLHE EHATFESEELS, A HITR R4
M.

6. BREBEF, BAPKBBRTERNEEAX, FETE L X AL - YOUMUST FOLLOW THE OUTPUT
FORMAT BELOW.

-Input Format-
) &
EEEEY

A A A
EARGILARL, &ELLAIAN, &I AN

-Output Format-

HIE A2

BRFHI R, ER—RAE D BIRIEE RIRE R T
CGBRAAE S E R RS RE RG4S R E R

- ROT 4R B4R 0L & 60 FI BT A ) 1 |

LR A AR R 8 R e Ml et R SR L B o BT, B A AR T AR R AR 4L iR ik
MEG PR EE !

RO R B R R Al RAS EAT R AR B R ARAR T ARG 4R i T 6 94 5 A
B

S RARE AR %S I W A E RS aE LA L .

VR &i2: Reg:d
RBLEZTEHNEVERATHERRK[NTOEERL, S HiEm L REREZ. HLEEIRLLEY
HIZ R % F L AT AEE I

1. 2FHE. FITRAFA —ANREFS”, BFEFEMZE S AT m0*, R EFLI4A, B
B A AL R AR I A DA LA R, B R A LR
SR (AL + LH2OE (LR + . SREBRERARGHEE (RBERALR)

2. 5T NF —ITRAHFA —ANEEFS, F—ANEEFAMG T EE AT &+, R E R
AR AN T BT Z $ A, LA R A IS B EM A IAT A, ERBE—ITOEM Y &
ob R RIS RE—ANEM T 2L R AL A,

SRR (A1) + EH2e AR () SHERIARE (R

TR (LH3) + A4 AR (B4 SHER2AE (HEie2)

b L2 > R BN B M (RBAEIZEA L)

WHEAR
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a MR SHR, BE—ITHIBEIRMBEFEALT R LLRTH.
b. “->"EMEGEAEH, HumstES B St s T E2ER
c. ML, FHOERAERAE ZRERF T L+, RO F T IAHFEE B .
d. 2048 A & AT S 1
e. AT ¥ HARGIE®L, 2V FEREFEARNERN R, TAHFRERTIHEER .
f2ERBEEANSEH . REFEAAES, RIEZ RO RAEE N A,
g BE—AFAMBESANEH, do.

IR AR CEHmA L BRE (EHmFE ) + . > R, X ZHEIRG ]
SRR CEHmAe E A BE (EHmE ) + . SHFEG T R, X RHEIRE !
IR AR HmAr L AR (M, 8+ ->FHGF R, XA IR
IR CEHmA E R (EHm+EHn) + . >FHT A, ZRER!
h. F—474H — AN EEF >

HHHHE R

-Examples-

HHHHEHRE R

Example 1:

HHFHHEHRH R

Input:

£ A7 &

SHBELERRT=, gy iF. T FA. . BB AWK, HE RN . mi . d . RE . R
B WALE FEHAIRE

(F AR E)

A2

SBRBABANGEM ., ATEZEN . 2+MMAETSE A HAEEI . RETH, THEHL, ZAFXK
ZHb. ARFEXRE (F) (F) 78, AFELIIERE, WEREUIZ, TELIUERAR -

— (e ERHRRE)

FH3:

SE BRI M, RAEFBEEIE, SAENGRDEN  BEIMNBEERRER. ... .. REXE, AMNRECA, B
WX R, RARFETAAERFTLEY — AR NG, REMER, RESXS#HFIENE,
HE AP AR . EAAE, FER A

G DEY)

F A4

SHELEERIRE, 0 A, BNEREEHRIKRGME] . EFNFL, HUNKRE, AL HETEERN. AT
FAEZ . WREHLLPR 2, ¥ EEA R THER, LA AT, R, 2TENESE, A
Tz, RRZEA, REAM VTALRSE . RT. W REKRI 4.

ALk (FHBEY

F A5
SEHEMR.BIEHER, =F2s bx428. 7%
gy, BAE, AABAMEY, BPAER R RATRA £ .
— (2%

A
SEANK BRAES  ERES . ABRE. A5CE. BEMRRERFRLHN, R—h REEHR

K .
(TS A AR A

AT

S| 2 E PR, BEWRS . LRSS AT
—= B (LR B

FHS
SEAT, TRPHHE, AR BHEGE. Lo, AR ER, EREE, BEINE . BARZHERARMR

WA LE, RETNRAFE. BFzRFR, XLzit#
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P HMAXRAELEN . AlERE, EEE, RFLVFIRRAELH, RAEERRKEHNE. LBEEAN. At
F o ME it BB T RBEMESSE . ENSHE, LBEFE, MEER, ATRK, LIRS, FEZ
o

— (A

FH#9.
SERZ—BRE5LA%4A6E wAEEMGSLINERB T AT ARTAK. BT HE L) LKL R FE T
LRE, R2TARAE FRABREFHEZAAAGER, —@OXEREWBACAGE LG I FHNE.

Q=D& D)

A N A

A RFHIAGEAFEE AN EE LORBENT OB EHLS, EHERABEARREHZE S, T
MHMERR Z @B T BRBRAARLZGERE.

B.“U2F T 2RI WIEHESTERELORIE, HAR L AENE L FE BBt 5 A2 b iF 8838 75 4
HREZEAFERE TS mEL, FEHELFZ.

C.TH#=%F (764) XN BFRXFTARKGEIEANLTALE TR R FTHE B FHET A7 5N ES1F0H
o VAR 0 351

HHFHHEHRHHHRAR
Output:
%% =

Mg HRAIRY, BEFNL/ET A B KR, AR T & BHI

e ARG

e EHARERBREFNBRELEG RS LN (EHT) + BEERLELEHGEAREFZRY (£H49)
SRBREFAAINZEABERAIOIRTHART LR, TREFEAIIHELABHAN SR LR EEY
R (R BA4EE W)

HHHHHEHHHHEHE A

Example 2:

HHEHHEHEHAAHEHRAHERE

Input:

L& 2IE 3

KA

SKUALFIE, FARE, WAEARA, 25 RERAAR . EFR/ITEE, KB (EK) AFR R, g
VAR Z ik & T AT AR

— REEZF

A2

SRR AT AL, AN E Y AEH S .
— (AZE)

A3

SHFAR, HFEXETHE, AAHFER, &bns .. FEAL EREN KAZIREILEZLT
BRR .
—KELE GEZRRE)

F A4

>HABERS AR TAREH, TLOYRA.

— A R

SOHS 5, o ,

SEERI N 2AZHEFEL . PR, NKEALZFE. —ZRG KL, HiEHE, THRMEAT.
— (EE T E)

FH6 .
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>i%%ﬁ’ﬁwﬁﬁoiﬁﬁz‘,u%%ééx%k%,%uﬁm&~m&m,ug&m%zm,méa
RS
— (REEL%)

F AT
>ﬁéﬁui2®%®,&%ﬂ%%ﬂ,%ziioﬁiiéﬂéﬁzwﬁwyﬁﬁ%ﬁ%ﬂ,%ziﬁc
— (FERH)

KA

SKEHEE, BRAE, +45F%, RBAT. 79 . “BEIZEAEH, AJAL. "KFELEL.
Hpa . g EAImALER, Rk Em—HE, ZEMEEL. WREBEER . AL LR @d) Ak
B AT REES, WA E, 5RIMZF. HEZ, REX, BRAXIES, RTEEL; AT
i, TR, BEYIMEIE, TERAL.

kEE (FARRRER)

A N A
A REENAZERBENREAFRAERAT, T HRE, &k EZTRGHTHER .

HIHHEHE R

Output:

xR

RELRGE L REOHBCIRRA\R A AHH, ZER XA AREINLH B GRS, B EZHRPATESF
IR AEALILRS -

g Ae

KEERMNERE”, AAZMNERENEERIEFEE (L8 + kEEHEZH KA RMY I 5 (£
Hs5) SKEEIRGEELE”, Wl KAFA R, AAFRELESHREER, A AR AE (3EL])
HBl+ RkEEGETFNARZTORERHE (EH6) >HKRERINAZTERLRAAREALTHEY RS, AL E
RPATEFH BOAREEAETILRSE . WEGE X Z MG, {295 2B 8B & R 2 L Ke=
MK, LFERAREZ B, R EAKE R A RCP L AL F 2, AT aE A Mieds %k
EE<EE R BA R (REARAE)

A

-Real Data-

R

WA, RETREHNEZFRANLE, AR—ADNEERLEUARRRZEER LG H LEFELAL . 184/F, HF—
ANHETEFF S L M GG F BRRE DH AT Bk, TR — AR>S, B A E R R #AITH
HE, B AT EARESANATH EAAEERGAELAELTHNARERE (e TR AE . A&
W) 1 R RGTAAEET E R

Verifying Generated True Options

-Goal-
IR —NVEEZHET TP BB TR GA L LZER . RBEHAREZER, RELTIH. £F
B AT B AR A 6 AR LA G EA .

-Knowledge-

% A RIEEFR

L XHMEDRR OF—F R (ARLH) - RETH, XA . F4. AZRLGORAHRE T ROM
A A EEFARE A RMEG LN, ARRBRT AR ROERL. F=FHH (AELH) - EETA
I AREZ IR - ik, B BAGHTARR, FERBRTH AT ZGHFIL.

2. % EHBLEAR, MBI RES BB L L, A—oMIH—2E .

3RKRE S M, A EALHRITRE . HA. FREIE

4. MIERE . RTHE S 0 K 4T
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-Constraints-

1 ATEAZER T n e it ARTURED LHEFIEREZ R S ATAE .

2. IEBEEF—F Bt —AEH, EEMLAE S ES2MA L M.

3. fmtfi)ﬂ*%iﬁ S —FHARZE, BEZEMLAZFEH.

4. FREUEF, BAPKEARTAHEHKR KX, TE2EPE L XA ZE . YOU MUST FOLLOW THE OUTPUT
FORMATBELOW

5. AT &) DT AZ 6 X B R, Jp LA @A$*/Hfzfﬁ‘x%%&ﬁﬁ'zﬁ%@%;ﬂ

a EFHEE . B RATH —MEEFS”, RPIEFEMEEE P AIANT Exx, F SABT44, BH Ak
#; BRI A AR A AT Rk, B ARG AEE LA

FH1 A (A1) + EH2008F (EH2) +.  >HEFREGAE (EZFR L)

b. $ ¥R . H—ITRATH —NELFS, a/\iﬁiﬂ%zm |8 % BERE 2N F A, & $ R
ﬂﬁ¢$,ﬁ%¥ﬁﬁ%%iﬂyﬁﬁﬁiaﬁﬁﬁﬁ 125 tmwﬁﬁr“”éw #%F*ﬁ%tbﬁé
SLRTFI, RE—ANEMT EALRAFEER L,

A1 EE (HD + M2 () SHEB1AE (i)

TR MR (EH3) + M4 EBE (4 SER289RE (GE12)

bl + 2 SEZ ARG RNE (EHANR)

HEEH R .

a R SR, BE—ITHLEEIRLBEFEART R L AT,

b. « >”£4)‘Jé’3£ﬁ/|\9‘17}+ R ZtE S RS M egiEbH E2ER .

AT T %ﬁ%#ﬁi@ﬁ@ﬁﬂik%ﬁ 55 Ll BT 5 R AT ER gk .
AT EHAERGER, EOFREEAR M — R, DAL R AL -
CEERIBEAEH . REE AR, R 6 b RAEF WK

B — Rk BRESASH, 4.

TR “ ¥ HmAe ¥ HnBE (EHmiE A ) > K X REIRG !
SRR HmAr L AR (EHmE A ST R, ZTAERG!
IR AR HmAr E AR (EHm, T8 >#HO T A, TR
SRR HmAe I A AR (EHm+EF ) ->FEH R, X RE4EIR
h, & —ATRA — MR F7->!

>—h('D o0

-Input Format-
% # 9 & ‘
FA—FR=FHLHR, BEE, FRTA LTS SR LA X

ﬁ? (ﬁ%%é)
T

é”s»é‘%

LATW A LA
iR

-Output Format<

2T

M AR B R THE 7%\ R AR B4

- RS S FIBT S AT LR E IR A

- BRI AA K S RF LA, IRTREL %R G R, sHRRAE R TR AR R AR B AT A 5 6 B
A 33 TMﬁW%$ﬁﬁ§J% %%&%ﬁx%?(@?r%ﬁaﬁx) 1 LA TIA AT A4
ok GERBAML R LHREILA) .

AN LAEER R FOE— VIR, TEHRFEAREH. HXFRPEELHR .

152 )5 0GB (SLAR AR 9K & EE A A

2R

e B AERA, NEE<RESZ

S R B SR ERAEATIHA IR AER L, M2BEEx SR EHTHER. &, RTRAMKE ]
ARG, MTEREGEREERETHAER.
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BB E e L EIE A2

2R

- 1545 BUG 69 SR L IR SRR AE M AL ARG N B Rk, o RB ARG LIRF IR F G L
ARG X B R, BoFRA0ZBATEH FLEBHER 1)

e REAH EREIRBAERE, PRz L EEIR, REFSAXERon £ FR, BAT ZIEELY
RSB IES AR LREMY . E&, RTRABMRPMRENER, AFZRBEALERZINER -

- REAH LEEIRCHFEAREH . HLERPREHR, NERRESEL .

SR AT ALtz iEe (EREAA)

HHFHEHHHHRH R

-Examples-

HHHHEHHE R

Example 1:

HHHHEHAHHHHREAR R

Input:

EELRIE 3

S &

St B, BEM BREMHE, £FREH, BRER, REATHI2HK A B, A RIK.
— (Fie-mH)

A2

SERT CBR) 3. “HAKTRKT, AHAP, ¥R E. "Lk A, SETOHRLARZEY N L
Fa, TREBTHRLMEGRILAHFE L AL G LK

— (BRRAR)

F A3

(EETH I A

SEREZNE...... RERIBERY, 86kE, FXL  FRAELEY, AEHK, BLTF%E, M,
EHMERY, 2MEL.

(e &K 7)4%5)

F A4

(LRBE FE) T

SLRF=+Z, MI%F. SHAE~IRBES, BYTHA—FBES, Lhi—5BAS.
(X wk@EE)

FHS

(EEEE (R) ) 2He

STHEAAFAL, ZAF CEAERRE S . E. A . HFH . BEIHE, FPRE,. $%A5RFH=
%, B, 5%,

(ERAM (D))

FH6 .

FREINA .
SEBZBL+ARS s WELH, EALBABA#T .
— FX R (ALY

AT

S CALER) B L. M RFIF+FLYE, £ b REEFZY . FAEKERE . KM KL, AR
¥ EFIELTFANAABIRZL . 7

—~ (AFZE)

£ 4184

(FRPAEARN () ) 2.
SEZRABREETUREFRERLAET, AP HEREZAFRIRHARET,
—  (ERPRABEE)
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FH#9.
SHP . EM . BIAFEE, BRI, REARSHE, T2 BIXM.
— (ERFELRME)

LAH10:

>SKFLRE (ZFELME) ATTFREIA, LTFRERRFLEBMHE. $364—366 5 HIRE . T LN
TFFEHY..L HEEMLLE, ALFAEL. 2F. FFBAR=TAT. ARG, BAAERE.

—— (HEFLRHE)

F A1

(=Ffh 2 42) 0.

>¥ . MEABKE. K MREYE, RETIAFEZA, FYIRAE. .
— (ERFRLRM@)

FHH2:

SHRRT AR (FAE) , CLEELZERFARABGSEERRIL AL RH 2 S, EREFRX—(F4IA
Gt BE . SAERUERA L W IEATR, AA S F IR —A RIR TSR B

—— (HAE)

LAt m CE#H A E)
AR % T AR EEAARGL . N AR SIFFRL, BRET —A LG E L EERL, BEHER
ARRETHRRMEGESE, RALT L LRELRRERFMERETEFHERMK .

LAT ARG AT AR

BT 6 HF Fh%k B et R (LH6) + AR ME FHEARLNAMSRKERRX (LH1) >HTHEZRKE
BHlegEs (Rel)

B AAWNEH LSRG IRE A R RCER) + ARWAERAETLEE . PEFRLRLE, T6#
Hfdoos P o &80 HERFRL (ZH9) S>ERPGSEBERLE 2, 2&7 4% LR L (FEr2)
AXWPETLABIT A EH, FRLGRRS R F . E. BAF (LHS5) +EBL+EB2->H2K
RIS E R REOEFRGE . PFRL, B E THAEELHERY, RBETEFLILBRBEAARETE TN EZR
P, LT ARG EHR (FARR)

HHEHHHHRHEHEEERE AR

Output:

AT

WA BRI AR EAE, £ F G

—Fzziififﬁ‘iiiﬁi: HEALER. HEFRFRDZAR, RS AT RHEIRMAEZ R SR LZEHRY, £
A5

B g eI A (LI AR R SE 5 k)
T F B

G en LTI
T E G K

HHHEHEHHEHAHEHAHEE

Example2:

HHHHE R

Input:

L&, 2IE 3

K

SHRERE, FRAFAREGEFER. FEAERPEA RALE —TRELZBTHEGYREF5 .
L IR GEREAERAIC %)

F 442
SHARTOBBREMNT, DR AN TEAELEFRSHOHRE RS, HAARFEY . F3 KM

HEEGEARKR, NERGEDLHILE.




—— (FfE4m ERIAL)

A3

SHEEMEZROEMBNERE LR, IBBETHRELZASS EAALEHOREA .
<%§%§ﬁ§kﬁ>

¥ K4

SREEZRNAMFRFTIRAELEEIRBR ZONRSNE, B0 E. A7 HEMLaTBRBERY, LFRE

AR ERGAE T RAKRERS . %H%ﬁ#i%%iﬁﬁi%%%%ﬁ%@%&to
FEERBELAE)

FHS -

SEEAFSHEMGRAY AL RRARARLTAREARITER LS FLIHALERE. FRWELF
A2 P A — Mﬁﬁﬁa“ XA T o870 Bp A T2 AT 8 R A0 7% 7

— <</Fj aﬁ:gg %é%»

F 46

SEEFTZFE A TIAMRI SNGHEL T CEEAN] NG EBRE#ITRES HAHESREYG LS
R EBHELZN.

— 4P E (D

AT

SHEBERBENMBNELOFETH FHHE LS FMILRK, WL IBFELETIAESFUHELTFHIL.
PG IR R S s -

— Bk FER (FEEEHELE)

LA
SEMWEHERNLS EXER, HRA R AT OB L AL KIRAAF R AL BIH . 25 K H AT
BT AP RBRLABR, Hiw T ARASRERAL PATHREESD .

—(RBRHEMEL)

49

SHERZFHIE, FRAGFIBBERT AR AETFHESHEEMIBRE, KA LS4 E ;L
%884 K -

— (i mAE)

Lar s (EAWS)
B E A 1L R 5 M DA T EMRFR T ‘% HMELWGERFR, TRES ARG T EZRELZFTRRE
84 = EIL, AT RE AERIER 26 AR

AL AR

% BEF MR EZTHEOLTERERA (2HT) +BWELFOXBEIIRERE, RAHELERE
RRBEACRE) >HBEOAFCXAYTEMRAIRETBALELGLEFA GERD

W%&* ﬁz#ﬁ$ﬁ&%ﬁﬁ&%ifa£(iﬂ{>+km%%%l?“ﬁﬁ&%i? W E BB ARE
@ LafEfe A HR (RS SHEEAZREFTUAATHEAFRREOLZHL, RET —FERAIRE K
ik Z IR 7 ik (AR E)

HHHHHHAHHHEREHEH A

Output:

2T

A BETWE REAME, BFE
O LA RAE g n KRR G A —E P AR 1R AR R A Tﬁ%ﬁﬂ%ioik,ﬁiﬁﬁ
FRPHRAT & (FHERLL) HABIAARREZE, REEXTEFHS

BB BEIR B (LI R R E I B
T &5
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0 n LA

BHRFmMERTHEGETHRRARA (X)) + HELFWEBRBEIGRERE, AAHEERE
KA (Z#H6) >EENET XA TERARFRALLGRRTEL (LD

BEHRN. RERPRALEYAREOEHIL (LMD + RAFINEHAZ Y oalr &6 L7 LY A K%
AL A A Z R (2HS) SHELFRXTAATHREFIRREGEHIL, RE|ETHRAIREL
EeRZ IR F ik (H82)

B+ ER2 SHELTHREIXEINIRAN TEBRANFAALLGRREIL, THR4 —F AR 5
RPAARREGESHL, RATRELEREHRZGHR . (FHRL)

5B s
g%
£&

HHHHEHHERHE R

Example 3:

AR AR

Input:

ST A

KA

SEFAUARISHAS, HaelgRkd, FL2E. A2 ESUAFAI AL, TREKKREL, IR -
— (AExR)

A2

S ZRAZR, LEFIE, FTERIAL, WEIMEL, FBRAEHEADIIK, BFRF. Fl4L
R, AOTAEFPLI L, MELEFETLY . ARFIE8M =

— (HAERTE)

F A3

SEFE . “BAEIXEmLE, RIAL. " HAFEERE . WY g ELAIRALER, ReEkEEIm—
HE, ZEHb. " WBEBEEIL . AXLF, ROANE JMTH2 KEE4SHS HENITE, H5RIAE
F.HEZX, R&EI, BRAAINEL, FTEkA, AT B TR BZYIM0E, TEAE.

— (FARLSRER)

£ 4 .
SEERIS, BEAZeFb. PERAE MK LML L Fd . —FRM KL, HEHE, THRAETS.
— (AR FEFE)

A5
SELTR, BAAR, BREEZ MTHE 62
(kB EE)Y

F A6
SHEAR, BEXETHE, BUFHFEK, £6lpks.... FREL, EEN RAFTIREFEZILT
— REE CRERE)

KT :

B 48 R Bp AL B 6992 5 B A AR O

SHEERE EHREY MEZ T . AFAR, AIFRETRA
Bk, X SABEN, BEMAZIEARE, BAET RS %, ERIE
RPRAF S AL B0k, —— AT, BHATAREKR

— (WL %)

A8

>SEUFFLE, SFARE, BERR, 25K E m@ﬁ& ZTAFAITLE, s (BAR) AB AR, e
uﬂz&ﬁi%mﬁ%9iﬁT<mﬁ . A s Wﬁ+%%’ﬁx%kmfzﬁ,ums%d o 4F
TEEARIEF, U{HBAL, HEEHGTEIH, AMMERE. WE ZAHBATRE R BELHHZI
KA .
— REE (FRERXELR)
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LAt s CEHRE)
REENAEFSMGARRZAHG P X" T, I HIFM/B#RE, 5O KA ARAF A B
x.

LA AL R 6 AR AR

BHER, BAAR, FARANME (LHS) + FRE . A RFEREFTRT GA#- ZUMRES T
ZE (M) SAE RGP XLFE T HEe RN ERD

REEZRARGEZLFOALZLMIFIRER (L) + AR RARH PRI ZETAZAZE (LHD >
B ENTH EMAH R R L2 R 05 (#182)

el + w2 ->KEERAEFEHNPGAEZRAFNGP XL E, s 23 RMAREHAEKS E KA
AmAFINABE. (FHRLR)

A

Output:
2T
A ATAA SR RAEE R SAT A, Bk g R # 47 R EN B RO E (R e 5 R&

%) . AREETFRA LA GRE TR R L.
S HRMERAE . A SWAARITEAE . LH LA P A R REF B kAT AL

B g g8 (b IRAR AR & SE AR AL )
ARG ERAEPAG T X I, REEIAN M FHIEMAE #RE .

s G ey h £ LA

EEER, AR, N FARBEEmE (M5 wF2Rf . 2AMNGRT2RBEFTES OA-ZEAEREA
PLZE (LH2) SHHERG P LHALIF R T o AU ERT)

EESRIFBB/ILTFOBE, RBEFEN TN EE (A8 + AEFEBH PRI ZETEAZRE (ZHD

SEEENTHEAREZOEREHRZ X (ERD

J}ﬁi’r}l%: B2 >EFEHIAGARZTRZARGTLZ £, REERT RN EHIIEMFE L
(L)

A

-Real Data-

HHEHHHHE

WAE, F—AEEF - SEMEG TR BD N T R, F—TRA -S>, Bl AT E@EES A
FA L ARG TEETER

Verifying Generated False Options

-Goal-
HER—NEEZRWEIFT BB EGRIERGALAALZA. BBRIHAREEFR, RELT LN, £
B AT 4E IR E LA R eE WARR RZEER LG SEEIREEER .

-Knowledge-

¥R R EE P

L RHMEAS X R -F N (ARTH) - RETH, BhLAN . F4. AZRLGTAHRE T ROH
. FHREFAFAFEEREG LR, ARRKBRTAMAHZOHEL . F=FAHH (MR . EFTA
AR ILE . ek, BEB AN TLAR, HERBRT AL RGHL .

2. MEARESEAN S BB L RSB L, Ao MHHHE—2E .

3REEL G HAL LA LR BITRE . A, FREIE.

AP IER S ZWRTR S E M.

-Constraints-

WATEAAZEfF—FTW R EFE5R, ARTURIED SHEEILRRRKEZNLE .

2. IERA GG H—F At — AR, EBELAE Y A2 AL R

BB RA=F M, S—FIHATIE, BEESA=FEH.

4. BEHEOEBFENE, FREARJEOHNEE, FTERESAAIHNEZEATHRSETES, FRAITRES
Hek -

5. FREEF, BAPKRERETEHEALAX, T2FE £ XA LK. YOU MUST FOLLOW THE OUTPUT
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FORMAT BELOW.
6. AT R XFHRRGHXE Lo, HARENROEEFERER S FRDRA TRF L

a. BHEE . HEIRATA —ANREF S, REZFEME PHINT Aok, RS FRIA AN £
A BAREFEMRA I Rox, BLRAEELEL

A1 BRAE CORD + 28R (U2 + . >RBEBRALGBE (R REIRLR)

b. $ ¥R F—ITRAFA —NHEEF>S”, E-NELF AN T ExxE S AT B, "BHS R
A, ZTEF ETRESH, LTRECHGIME N, HEFEMACT AT 2, JER)G —T69 50 Tk
sLRRHHER, BB —AEMF R LRAEEN L,

TR (A1) + EH28 B () SERIYARE (GE)

F A3 AAE (EH3) + £H4988 (M) SHER2OAZE GER2)

1 + L2 >R BERN EGRE (RREEALR)

WY F

a B LSHR, BE—THEHERIRTEFOALERFAREE .

b ST EMEHEANEH, Akt RS A MR H T EAR .

c. WMAATHE, #OBAERA ZTRIELF T L1, BBYF T AT T E it s
d AT R4 w9, 20 FERZBMEAMAMEA =R, RAFRERTIEE R
e, ZEARBEATH . KB EANMES, R 60 RAFE A

£y — R MRES AT, e

- X AAAEN ! CEHmAe e AR (I HmA ) > R, X 4R !
SRR HmA T EE (HmE ) IR A, KRR
SR ARG T HmA TR (FHm, M) S#F AL A RESEIRY
SRR HmA PR S (P me NS # g P RS BRI
h. HF— 4T — N>

-Input Format-
) &
FA—FHR=FOLH, 2E2E, FETA LIRS S AREA X

LaT A A P35 2 B 6945 % W %)
ERTE/P

BB LA LG LA
e g

-Output Format-

2T

A AREZRATREZ: & 2580 ALEIE .

SR LA, AT BTN ARG B IRANAR R T RA RSO HH A

- BATW A R A EA G, RFEREEBRAHRY, AREASRFHOHNEE (HWE D FRRB2NS LA #
ITIRAHRILES A RR#ITRBEAHR) -

-SRI AW REE R, ML ELR GRS RSO AW EE (FEDFRERE2NEHBTHREEE
o ARRATR IR, RAFRABE G RE, BldaT o M7 7. o= BT F,
B A AR T R TR B g P B A | )

SEOM B LR LA T E—FHRE, TEMAEARER . HhEFRPHELHR.

152G 6, & (ubIR4n R Z A P 7| 2 B 6945120 &)

ZoR

She Rl AL A B4R, HASR SR AEE, NEEREHK .

- LA AR KRR, EHFIEERA, R2Z2 XA AL LIHEEIREARGERLT, BGEHHH
B, AT st ey R, Fliec“m 47 AR <3t R AR, B Y RAERT AR RAL4E R
HREHREE ! D RO ERAETEREAR CHEA SRR BB AR E) L B AR T R
EIREREIPER EE !

s G e h £ LA
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£R.
- A8 BUG W) AL LI AT R TR A @R AR AR GG X R Roex, e RB AW LEE LA Ry LR
HARGH X E R, BLFEApR#TER LR BEER 1
—%%ﬁmﬁiﬁﬁkﬁﬁﬁﬂﬁ’%A%&Wﬁiﬁﬁ 2, REFEAXZHAp L FR, LRRATRRS
AAEERE . EE, RTRABMRIDEBEGGER, mFEZREERXLERTHEMN.
- REAHLBBELIRCHFEALER . HLFRPFERHR, NHREFHRL .
- RA&T R MAREC (RBABZERAL) 7o
HHHHHEHHHHAHE R
-Examples-
HHHEHEHHEHEHE A
Example 1:
HAHHRHH A
Input:
L& 2IE 3
2 #H
SEREMRELT . ARLE. BRRAETTEL LEITAR SARETRE . HXINTLH. —FR
Foo—FFE
—— (HFEAEHR)

£ H2

SHEAATIFERBRAERIE, ThED, AGRZS. ARALKA LY, BWPehiat$E, :Jmm_?a‘-. <A
B MBRTRL, HREIKF . LARS . —ARIHL ) BRALEA, TARTIN THARGTA. B2
LA NAIY

——<%£ﬁ%$>

* 43

SALER], B RMITR AR, B EWUEA S . SN, F— RG] kT —ES], RABKRL
Zh, HPAZFFEE, MIAME, BhHYE AL EwE (3 H%E, LM%, TLEAFT . TEZIH .
— FRA (WEETL)

¥ 4

SHERAE (1567) REHLFART AT B @A8 Lk, EQ. BE-AEX. AEAT AL, KThHE
B, GRHS. FXBRFE, ARG ENEBEIEROGRAFLETGR YAFELZR . ”

CES )

* S
SERZF =4, TAREWBLH N4, AASHL L, 29 LNETAR, ZEARDEEH .
— ()

=

SardL s Ch #9| K 6945 15&%5)
VA E ARG A RACER O R A E I, & sE A 69 2k B B A & oAb 69 2E AR A

BB % AT, 54 AR st AR
ﬁiﬂ'&%lﬁlﬁi%%ﬁ‘]ﬁ’ﬁkﬁéﬁ A (XH3) + HFHH (EAAFH) TRTAFELRAG 2L (LHD)
VAL ARG RAF RO T A EIL AL, TEA A8 E (RBREFENE)

HHHHHHHEHHAHEHRRRE

Output:

A

S ﬁm%& HaRe, LA ERGGPIBRE, lmﬁ 52 .

SRR D AALTE Ei%ﬁ%ﬁﬁ%ﬁ %%%w%iﬁﬁ RITURREANEERLE, £F
15 2% .

W% 2JG 9 B (b IR R R 9% 5 A B 6 4R &)

X EA5 K

(RN R &) LR
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T FEK

HHHHHEHH A
Example 2:
HAHHHHAHHH AR
Input:
$ 47 &
KA
p) l)iiiﬁ RAELEEBERE . SJEMATTH . AU GRET B mBEAFERRK . R8BSR E T T3 E T
TZAIT-
—— (HEH-w)aiElE)

FH2:

S(EERBREZ) #mF 5T ERRXRETHL S 245 FAE 5T M7 K BR/ . AP BN R - 4309
REBE. BE. PERFRITTAE . RESRAF, S8E&" . RFURMNELIS—BEGFRAT .

— k9 (ERRAREETHEA)

A3
SRBRFEAKR . WHALEELERASTEERIAFFINLA B4 R OH ek . LA AT £ A8 446, =54
Iiﬂiio(ﬂ(ﬁ“l’)%]ii\iﬂkfl%$ FHEERDTREE | BXIRTB, AN AEF Kk A E 4T ﬁkﬂ*‘* ...... (%

) LRARIEE % - NSRS K R B B RSB AR & e
SR AT EBETE AT

— (MEMBEE)

K4

>SERXFEHM, RRFFTHEARKMA, Y FAEHFME S FPRF, T-LREEDRY -
mREREE)

A5

>SRFAFAEEAZRANRE R T AR B EENLRKR . BAFREDFATR AR
RAE . REA HloEERE . wEAF AR TENAZE AR, B, ... e YT s N L N
BRTOALEGH. 2FE XANEELE .. 2B ABBAEE . 2HA L TRER TR, ... A T A R B
mwiﬁ%%§$$ ...... A= #hﬂ%ab%ﬁéizaﬁ

— (EEBEL)

# 6
S g MR RRARGEE. [ AR 5 BHAN . ERAZH RBEALE. ETRBE. T4
%ﬁ%ﬂ?ﬁi%%&ﬁﬁﬁi,fﬁé\%i,%#fiﬁﬁéﬁk%/ﬂ%&a&c ML EZERR RS TR

— (EALEE)

AT
SEEZAMPFARBEZIBERAN, FPRBF_THAA AVNBERETVILARETULHES .
— (a EH)

FHS -

SERDH ALK TR TRREES, “THALGEREEHNALTIRA R, RO EHEE454
N EREH, FEATAMEKRREARETALAMELER.

— (BEs®)

L& F

>%1’<EIVJ*J‘§'#‘3&,“%iﬁﬁﬂfﬂ#’x?%%%tuvﬂ$éﬁﬁ%éﬁﬂz$”, REATHRERXEBNGF MO HAL®C ZHE—
RAETTREEDERGH T

L KER (EE%)

F 4410
> CGRRY #R, ZRLPFTHFSEENR, L2 LRER T PREARAREFEH, EEBEALHNTH R H,
MR T — A B AR IZ MR .
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— (@)

Lar ik CF 985 A 694512 0 8)
ERABRFEREZAARBLE—F, HLSRTHLALTER, HF A EINILE #0912 .

RBE A8 65 LA AL

W )28 de A RS R AR 6 Bl B 3E A H AR T (D) + AL AR PR A RBEE A, 2842
PE, FRAERBITARERET (EH3) SERAABLRBZRABREETHNLEFRT—BS 45 224 20N
HI TR E LR E (FEBD
#ie1+ kBRBEEZZRARETRERIF, RREFTRAGHHAZAE (IR SERABRFEORFER
AR B ELELE, L5 5RFTARAEROEALARA L (RBEEERR)
A
Output:
HHF
L AT R R, B BEE AL, BAC—HY . L. R RCERAILAE R LR AE, F
N
- EEEIR. HhEIBEELIRSAE—ZNA, M. $H3F I T EL AT BREH AL LHEEL
A FEERK
52 G 68 (LA R 28 P | A B 69 4512 8 )
EFAT A F RGP L, REEINA R EHIEMITE H KL .
M&F%%iﬁﬁdﬁ

W 238 £ 2R AS ARG B B 3E e dE IR T (D) 4+ @Rl B B Ak ar PAR R RIRF B A, RRAZM
FE, FRERBEATALRT (LH10) + REREBREZRRARETRERTF. RRFFTRA MR
(FH9) SEREARRFENRFFTEHMAA AL S E5R T ALRSTALARAL (RBEERE)
R
Example 3:
A
Input:

£ H7 &

FH

SHBERE, TRAGARENAEASHER. AR ZPE B AE—TRE LA THEN Y AEFF .
— FTHE CGEREAEMNEICR)

FH2 .
SHAREEOBRBREMNT, B RARANTABAE LIRS HOHRE RS, HRARFEY . F3 KM

AEFEQEADBRK, NEGEILA TE -

— (FAEAE EBIL)
A3 ‘
SHEEMEROEMHNMBRE LR, ZEETHFRELAESSENARLZHGRRA .
CHEE 5§A%>
F A4
SBREEZRBMFE R ZIAAERREREORLINE, 205, A EFRTHREERY,. LFHERE
ﬁﬁﬁ#%%%i?&ik@”% i%ﬁ%i#i%%ifﬁ$%%%%ﬁ%@%ﬁto

SEHES -
SEEAFSHIWYRA Y AL RERAEARLTARAZRITEREE ALIHALES . FREZLE®
fﬁ#ﬁ ﬁ&%v%ﬁ“k%l S48, BP A L2 AT 6 RALE D .

2 (HBEBEELE)

£ #6.
SHEETEFOEBPRAARBSNGHELETCEEN AAEEBRERITRE, RAHEEREGOE”
AR FEK ALY .

— 4FE ()
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AT
SHBEREENMBANELIWFEZETH SUHELRZFWILE, RERFOETENLEEOHELFT KA -
RAG R R .

BB FEAR (FEREHELER)

2H .
SEWEREBOAFELTE, FRARAMAG HS L ERRA T RS HS A 5K M T
EF; AV ARBIUAR, BT FREAFERAR YhTAREEN M.

C (RREMEL)

F 49

SERZTHE, FRAAGAIRRERTAR, £EFHAEBEHEEKIERES KA KRG B # L
%8.84 K -

— (xmEE)

GarAL s (F 7% 5] 2 B 69452 L&)
AERAIEFRALREFRENRIIZROTHEERENEVKARSY, SFRREL” HAf” SR €
T, #m¥P AT ¥REFRE, AFRLETAES RAHRS .

BB EAIN A LI

BESREGAFRALBENMNIGETE D (LH6) +FLEERENE "B K. 7 "R Sl L * mAZH

%i%ﬁ(iﬁw->%%%25@§%R%%§%%%%ﬁ%;W%%%ﬁ&%i?&ﬁ%?%ﬁ%%T%
b1

AEALGFRAREEFHEERS I EEGT A mARG R LA OR4) + ¥R & FONbimist i

dFEGRFHEE, LEARFEN (42 SHELAIBEIRARZEFRIRIIRZAGTE RAK

b, mAEREELSREK ARG (HFr2)

Wl + 02 SAAUAIGFRAEZALF R IRV HATRBTHEEREVKA RS FHLETHAFRET

M, mARES mA LA (REBRALR)

HHHHHHHHEHAHARA A

Output:

2

LA BATAL R AR, AR R, FRER, FROAZETAEZRAGRAE S AN AR L
ke, BRAREEEF.

- EEERAE . REBEGRGGIME, BB T ORI RAITHRER EFSALXETHE . B LFRF

HEHR, RBETZE LIHELIRTARBMSALS S AR -

L LR NCY Y S F B LY CE Y
REHLEERAEEL PRTORNEEAUTHEEREVEVRAMS, FHRELF AP SR T
T, #mYonT SR .

BRGHH SR
BMEERENASHFAABENPZGEF B (TH6) + TRAERENAETHK. FRRAER LT RAZH
Eﬁ%%(iﬂn->%%%ié@§%&g%§w&%%m%,W%%%ﬁ&%i?&ﬁ%?%ﬁ%%T%
(1)

RGP G A EREFR TRV EIERTTAZ ARG KRR LA (£H4) + AR F OB RATE
ﬂ?ﬁ%%%i%,ﬁﬁﬁ%%ﬁ%(iﬂn SHLPI G FBEEBZAETRERVIZRITEZRAKR
e LA (dfE62)

Witl + B2 SALPI G FRALBEFHIOAS TRENESRFOKARSE FRESRAFR T TH
AR, 2ZFRITEREA, T2RALLT RAY LA (RBEEFZELR)

HHHHHHEHHHHHEHE

-Real Data-

R

AR, H AT SCEM T B E PN B, F—AITRF — MRS ->C B —AF EABES A
AN TR TAFERER
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A.2.2 HR-TUNING DATA GENERATION

Source Interpretation

-Goal-
HER—TEEZHER o F R LB GALELEEA. A, St i, BEEZRBITEL L,

-Input Format-

— A —F K= F 8 LA

-Output Format-

2 H A LA
HHHHHHRHE R
-Real Data-

HHHHHHHHE A

Source Deduction

-Goal-
HERA—IVEEZHHETFe P BB TR GA AL ZER AA BESZIFTEH, ZRAEZILFHEG
ek ERATIR A .

-Input Format-

P A—FR-FH A

-Output Format-

SR8 A (EH1D) + A28 mE (U2 +aoeike A s ()
HHHHHHRHH R

-Real Data-

HHHHHHHHHHHAHEA A

A.3 CORRECTION INSTRUCTIONS
A.3.1 CORRECTION FORMAT

Directly modify the option content or historical reasoning process in the “question.txt” file. Mark the
modified option content or historical reasoning process with an asterisk (*) at the end of the line; no
additional reasons for modification are'needed.

A.3.2 “CORRECTION LOGIC

a) Only modify the option content or historical reasoning process; do not change the answers (i.e., do
not change ABC to AC).

b) The true option is:mostly the viewpoint of the paper’s author and is generally correct. However, if
there is insufficient historical evidence to infer the option, it can be slightly modified or narrowed in
meaning to make it inferable based on the existing corpus.

c) false options may sometimes be too simple, containing absolute expressions (e.g., “completely”,
“always”) or many negative expressions (e.g., “did not”). Try to remove these expressions or soften
the tone to make the question more challenging.

d) The historical reasoning process may contain some leaps or require additional knowledge, but if it
still.aligns with logic or historical common sense, it is considered acceptable.

A.4 MORE REASONING SAMPLES FROM THE SYSTEM

Here are some samples we generated from LLMs. Judging from the following samples, our generated
historical questions are good in difficulty and reliability. They require analysis of multiple sources and

52



consideration of factors. Answers are well-reasoned and evidenced, following the detailed historical
reasoning processes. This indicates our data generation process is effective in creating high-quality
questions for LLMs improvement.

A.4.1 SAMPLE #1

TR A
Bk T 7S PN 91 R R T AR

AL
PR BERBEABEIXTRTHAE. BE TARTHARKRTAERLIZENR D TRANAERG T
D‘?]\“«“'ig”"

— (&)

42 .
REZ®, B4 TXRF...... REZFp, —@meTXRTF, —BeTLE
— Gl EED)

A3
AT LB “R7ZBA, WRIERE . MmEHREA ZERAGWH FHIF S BHRE K, #EHEFR
EERMORALRR -

— (&HF)

¥ R4
iﬁfﬁﬁiﬁﬁ\E“ﬁ%ﬁ%”«ﬁﬂ&i%>%&i#ﬁ:“é&ﬁi%;E&iz;Q&ﬁ@%,E&i
jil«ﬁﬂwx¥%>

FHS

(m&y FR“BER QIR TF, FBIFBLNLEA, Ao BERRY» T L5 B I h%RLGE
YEEE . — RIS A EE, BRE T WEMA E . B LA RRY, 8B R BB AR
HARPNEE.
— (wm%)

FH6
KTFERAIBEK, Z2NTHE, &TALF.

— (FEE)

£ HT
FEBAEARIMP ST THAOS D EHHFIF)  BPAASBEARESH, GkETH —4, FREIARE
RETAL . RAPH % IF, OB FRMuR.

—— (%)

FHS
WHHEBERGEZERTVNEFETE, PHEARARTFOREN T . T RARELENW, HAZEHR
B .

(BB LET)

£ 419
HE (BAZIME) BRSHIF. ATFLTHETIXI G, TEIMF, ZHAIS, THEBRI L
KB ERBRY TRRTF, REAIER.

Cate @)

¥ 4410
HRABRPGFERCRBAIENEREN—REFHH, BRIFZ2ITEAFT. 2. EFLEABEEST I EHL
P, -

i

E /AR

%h
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— (&R

$ A
TAEERYE, AEZaATEN, ALARABRABR"FE#ITHLE 5HA".
— (E®E)

F 412
WHATFEY . BEEAME TR, TR TEE, BAEALE L. T4 A48 . “EAEHRII TR L. ”
— (EHE)

£ 3
&ﬁﬁ!%&&%ﬁ%x%i@%?%ﬁﬁoEi%@ﬁuﬁ&%ﬁ\ﬁﬁ%@%&,Eqa%ﬁﬁﬁﬁﬁ

¥,
— 3l &, #RA)
FEG B FT BREGHRR, BRFERGTGREPITERF S, ART AR B 094 24z 5

?%ﬁﬁ%m?%?%%éﬁ%%ﬁﬂﬁk A7 HEAGEF ) B0 MRANRTOEF L.
ﬁﬁ%%+m%?%&m%ﬁm BTRLTREOOEPFRELS, LBERANTHFARBOBSG S

&

>

¥EIBH

A
0
$&

ﬁ%xuﬁ REFIRGZME, HET TG RIFTHEH R T KT F RAT A 8

WO W > &
Nwm D

>
g3
O o

My

X AEEEAR

1. ®AA

REZHHRFEEMES, REGXFEG 0, —maLELe (M) + 7R adRAIZaEES (£

7)) ->B Eatigr i E 6 AFAE RACRND| #E M ER GE1)

He1 + T HREKRT EEN, T8 R TR RN E (2D + AEa% AR AHFRBIEBFZERIR (EH13)

?¢%ﬁﬁﬁﬁﬁﬁﬁﬁﬁ%@%Wkk HE DL R EFITEFE S, MRT 7y 3 E G A 5324
357 A E 5

2. ®HB -

WEHEBERE L Lo B EEE, BEFREEAILA (LHS) + PRTUAABEFHFBERFTHEGEE S
T (2H10) >P R FERGBEHARTH TG EF LR (FEBD)
?k%ﬁ%?%%ﬁ%ﬁ$$ﬁz(iﬁw)+ﬂ£ﬁﬁﬁ&%%%ﬁﬂmﬁﬁ%ﬁ%ﬁ%(iﬂ@->¢%
st 73 B 69 FEF S &R Pz 6 2P (EB2)
éﬁm+$ﬁ%>@ﬂ*%ﬁﬂ%nﬁ%?%%ﬁﬁ%%ﬁ%%L A BENEEFNE, MRS FTOEFE
# (GERBEA)

3. #IAC:

Eﬁﬁ“ﬁﬁ&%ﬁﬁﬁ R AALERE (£H6) + AmAAE> G ALSTRIEIMIES (EH3) -SHAME
3531 ) % AT 31 B &I GEB 1)

ﬂm‘ﬁ%%ﬁ%ﬁm%ﬁﬁ%ﬁﬁ%m FHEANSB (EHS) + mRAEZHHEHEERE, BRETA (X

F3)( SR HE Bk RS 0 he R R AL (H62)

HEWT+ W2 SAMSH B0 LSBT RKATARD, BRI T REG G ZENLE, 18453 a3t A AR

BOEE S EF B (LRCEM)

4,35 D «

DAY AR B AR AR T AR R %%&(iﬂ&)+ﬂ££\ﬁﬁ%%ix%Au%%%ﬁEﬁ%ﬁ””
ﬁ(iﬂﬂ)>‘ﬁ%ﬁiﬁ7ﬁ%ﬁ%& (1)

BAEE ARG >HHH s HEGEH (LH10) + TERIRA>HIRPZHEENRT, BRTAIR
B C(EH9) >oital Byt BN R AT P TR BREH (HFik2)

1 2R SAMSHAERHTRAIZEFIIRGRE, BB THARSFGEH, F57HBHERTENTF
FATH MM G AR (AFDER)
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A.4.2 SAMPLE #2

T R 45 AR
DA% T80 £, FIBT T 5] SR A T A

H1

RAF LG, AR — & E, BRI R oh, B K P3¢ B £ F(982) IMEMATRA T AN EAIAM - E—
R gAe T A HT N B0 KR, 4 H 2 ?%H%&W&Elﬁréaﬁ)\ﬂ]}‘ R Z 2.0 b 83 748 [ \GK
.

(b B 1458 £ HAT R

& H2

FEEE RS HNYN YRIBENWEGHR. B, CEAFASERFIRYEIRBRFEN, 22 RREGH
e, 5 ER R ZHRZFZM -

— (BEAFZTFANRAE TERBFTZTEMNGEZ)

£ H3

RRFEBSEARAIADHOHARE X, FRRKENTREFGEZFERA  ERIEERIG, RALAST .
LB —ZBEEREN, REHHER AHABIOZTREIE . TRERKZFNEM SRR, AEFH OHFE
ZRR ke .

— (F L E M LD

$ 4

FREDAR—FHMNEFTELBIHF R F5 P TRATARL” B R” GHR, PLEHEY = .
T, EARMBEE A RGERZ A, RFHG L THZER—ANE, 5{:1"*§¢k4§;,€ﬂ-$%iﬁa%ﬁﬁ
% 4aﬁx’r%iﬁ$7\ﬂl’ todp 2R F 2N, mﬂiﬁﬁﬁiﬁiﬁﬁ,?ifiﬂ'l—’%—i’f’rfiﬁﬂﬁ ERKFEM

MEY (RFREERZSE)

$Hs

ﬁkjr@fwt,ﬂ FRERME, TN ERELD, FRAREFR, “EHEEZTYEE”, wBRBREFAEBFAE
i34 b2 1% . + A K F sn*m T AEIE, A G’ é]aﬁ&ﬂb&k/%éﬁi CERAE BB RN B, R AR

Iﬁ

— (ARRBEBFHR)

ifl%

5] 2 W Rk B AR AR N e, RE A G b8 A4 FE N - j[,.ﬁ—;g_tj\ 5‘(996), BB KT HIEF R
AEXEHA, VJ\&ﬂ\—ﬁ-”QL{;)‘?flkﬁiﬁ/\@ff’%ﬁ AR R B % B 2E 50 R B 5R BR
O (EEAZMFRES)

s‘iauﬂ

kFRTRFAFTAEET AN, Z2=2F+— 1 £4a, ﬁ-lzﬂ Hax. 8. 2. RRFASHAS . %
ﬁﬁ?%ﬁﬂlﬁ%/ﬂﬁﬁw\%#a %&Tnbml/aﬁ&*”éﬁ%, B, TEEAIRG TR .
— (RL)

¥ 48
B F Z5-(999) #X, ’%“‘QLL%GP ) AR BN, ERHERMIFR . RFEAUA, REMBEFU AR EE B T
B Gy % N 245 BE R W k% BB R, LF L 5

— (RE)

£ 49

FTATRIE), RFRFADH LA REATHERL. i BENAERDTRRGREA R LSRR, /2705 & )5
HERKR, RERZHE, RGEGHERL AR B EANER, B Al RKETH .

— KR

Mﬂo

BFIRATEE ZNBMH, RFIREDL S5 RN FHRF AT, 2 RHRS -

55




B

A BFERZRREAFERPRRATZG 7Y, FRRELEREGERIL .
B.AMMFTHISANLANLERE (TR EAR) B FH 0 LA .
C.ERBRFRIMGRAFFEIZT ZMGERTAE, FHBLERHGEAL.
D. 2 FRELZFROFUIREENLAE, FREET BOBERATE.

EAE%Z . ABCD

AL .

1.3&£7A -

HEBFARRZERNOERALGART T (LH3) + ZR2DIHZX—FHMEFTRATAR I 2 LIPR
HER LT HEG~ . (LH4) SHELEN AR FE®RET LB RS GFH, GEETD
ERERFRAELRERAFSTPHEAT E0ME, HEFARATE (IH) S RFRAXRF ST LRET R
M, MEREIRAFZN (FH4) >EILFEBELHFEERZRRTABRKRRIRRE 20924, @GEk2)
J}fgifal+éﬁi’ez->@ﬂhﬁé’%i’a%%Rf/\ﬁ%ﬂ\]—i‘l‘iffﬁ%il—%éﬁ)ﬁ%; FHRARAR & LB H A ORI . (BFAALE
)

2.3 B :

Fog BB AAEORN, RELBRBAKS (LR +REWERREBEL L AB, o XMNEFTE
FHBRRET (LM ->MAH T F36)E £ &% £, (1)

KA EREESRMNEIREB N, FRIEZF RS EFTH RS SFRFRFREZETIMNGFA L
AERMSH (LMD SPHEAREE L TR LR K Ari62)

HREARME, RERFAZRTIAR (L5 $ARKLHIMINXAT K (LH8) >IMYFH
FREG] R AL T RRAIAGBEEER (E3)

%%u&ﬁ?+ﬁﬁ3>iM%?ﬁi%%%%mi%%%(i?%%iﬁ%)i@&%ﬁ#%%%%%o
#PBEAH)

3.3%7C

EHERBEAREGRINE, REEFH(ERG) + kG RREBABESIIFHIERKZIN (EH9) >k F
RERZBZMNOGREABRE LA QEBDONTERRKZFG RN RLGSHTRFRREN, AAIRGET T
REAFE (EHTD) + ZRENERF S LORE 2 FRAFZIN (M) SkEIFEPEHRTHERR
MIAEeg A (FE12) HB1+ B2 SFERERFRINRGRAFFLEET ZNOERIE, FHELEH
5. (RFCEH)

437D :

B ERET XM (LRI + WAUEFF M (LH2) >EFHKE EF0RAEZMNFE L& EBILYHE
(1)

HFRREAL TN G RMBE R AR, BRERA (LH10) + FRAHDEH ZFRAR (LH2)
> EFk G 2 F R B R T KA 8 B A - F (IE62)

1+ 82 ->EFRE TFROABARAZILAF . LRBT SHGBB KA LS (EADER)

A.4.3 "SAMPLE #3

T % Ak 13 A
iz T 7] &b, HBRE R AMERA THART AN L AL AT > LORE .

b

Jo B A TEIR =4 (1568) AR kA TIRE . ‘ _ ‘
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