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Abstract

While Large Language Models (LLMs) have
increasingly assisted in historical tasks such as
text processing, their capacity for professional-
level historical reasoning remains underex-
plored. Existing benchmarks primarily as-
sess basic knowledge breadth or lexical under-
standing, failing to capture the higher-order
skills—such as evidentiary reasoning—that are
central to historical research. To fill this gap,
we introduce ProHist-Bench, a novel bench-
mark anchored in the Chinese Imperial Exam-
ination (Keju) system—a comprehensive mi-
crocosm of East Asian political, social, and
intellectual history spanning over 1,300 years.
Developed through deep interdisciplinary col-
laboration, ProHist-Bench features 400 chal-
lenging, expert-curated questions across eight
dynasties, accompanied by 10,891 fine-grained
evaluation rubrics. Through a rigorous eval-
uation of 18 LLMs, we reveal a significant
proficiency gap: even state-of-the-art LLMs
struggle with complex historical research ques-
tions. We hope ProHist-Bench will facilitate
the development of domain-specific reasoning
LLMs, advance computational historical re-
search, and further uncover the untapped po-
tential of LLMs. We release ProHist-Bench at
https://github.com/inclusionAI/ABenc
h/tree/main/ProHist-Bench.

1 Introduction

Recent breakthroughs in LLMs (OpenAl et al.,
2024; Yang et al., 2025) profoundly impact his-
torical research by automating the processing of
vast digitized archival collections (Chen et al.,
2025) and facilitating narrative generation (Ye et al.,
2025). Such paradigm shift motivates the develop-
ment of historical benchmarks for LLMs. Existing
evaluations cover various dimensions, including
general historical knowledge (Hauser et al., 2024),
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Figure 1: An illustration of LLMs’ factual hallucina-
tions in historical research tasks. Severe hallucinations
persist in specialized historical contexts, even among
advanced LLMs.

ancient languages (Zhou et al., 2023; Piryani et al.,
2024), and multi-modal historical materials (Shi
et al., 2023; Ghaboura et al., 2025; Zhang et al.,
2025b), providing the evaluation of LLMs’ com-
prehension of general history and their ability to
process complex historical materials.

However, a significant gap remains between ba-
sic historical knowledge and professional histor-
ical research. As shown in Figure 1, LLMs still
suffer from hallucination problems and fail to re-
solve conflicting historical records, which are also
demonstrated in recent studies (Zhou et al., 2025;
Ghaboura et al., 2025). Rather than merely retriev-
ing facts, professional historical research hinges
on complex skills such as socio-political contex-
tualization, evidentiary reasoning and interpretive
synthesis (Weinstein, 2005; Chen, 2014). Yet cur-
rent benchmarks largely overlook the evaluation
of such higher-order skills, leaving LLM capabili-
ties on genuinely professional historical tasks both
underexplored and easy to overestimate.

To bridge this gap, we propose ProHist-Bench,
the first Professional History Benchmark frame-
work. Through deep interdisciplinary collaboration

29880

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 29880-29911

July 2-7, 2026 ©2026 Association for Computational Linguistics


https://github.com/inclusionAI/ABench/tree/main/ProHist-Bench
https://github.com/inclusionAI/ABench/tree/main/ProHist-Bench

between Al researchers and professional historians,
ProHist-Bench is anchored in the Chinese Impe-
rial Examination (Keju, #+2%), a civil service se-
lection system that operated for over 1,300 years
and profoundly influenced the East Asian civiliza-
tions (Weinstein, 2005; Chang, 1942). Centered
on Keju, historians curated 400 expert-level, chal-
lenging questions and, crucially, handcrafted fine-
grained scoring rubrics tailored to each question,
amounting to 10,891 rubrics in total. These criteria
systematically evaluate 9 core historical research
capabilities (e.g., evidentiary reasoning, temporal
reframing), ensuring comprehensive and rigorous
professional assessment. Our systematic evaluation
and analysis of 18 advanced LLMs reveals signifi-
cant deficiencies in professional historical research
capabilities, identifying specific weaknesses in han-
dling complex, conflicting, and context-dependent
historical tasks.
In summary, our contributions are as follows:

* We construct 400 challenging history ques-
tions written by historians, and for the first
time use the Keju as a distinctive lens to cover
roughly 1,300 years of historical evolution in
ancient China, forming a multi-level bench-
mark that spans from basic factual understand-
ing to historical research tasks.

» We further propose the first history evaluation
framework for LLMs: historians manually cre-
ated 10,891 scoring rubrics covering nine cat-
egories of historical research abilities, and we
also designed a complete rubric-based evalua-
tion pipeline to enable systematic and repro-
ducible assessment of model performance.

* We conducted a systematic evaluation of 18
advanced LLMs. Our results reveal signifi-
cant deficiencies in current models’ ability to
perform professional historical research.

2 Related Work
2.1 MLLM Evaluation for History

In the multimodal domain, researchers have es-
tablished benchmarks evaluating cross-cultural un-
derstanding (Liu et al., 2021; Chiu et al., 2025;
Vayani et al., 2024), Chinese visual culture (Zhang
et al., 2025a; Zhou et al., 2025), and historical
material processing (Shi et al., 2023; Chen et al.,
2025; Ghaboura et al., 2025; Liu et al., 2025; Zhang
et al., 2025b). However, these benchmarks primar-
ily focus on basic perceptual tasks such as visual
recognition and OCR, largely neglecting the deep

reasoning and argumentation capabilities essential
for professional historical research.

2.2 LLM Evaluation for History

A burgeoning body of evaluation research has
explored the application of LLLMs within histor-
ical research. Existing work covers global history
knowledge (HiST-LLM (Hauser et al., 2024), Hi-
BenchLLM (Chartier et al., 2025)), as well as his-
torical document understanding (M5SHisDoc (Shi
et al., 2023), ChroniclingAmericaQA (Piryani
et al., 2024), AC-EVAL (Wei et al., 2024), and
C3Bench (Cao et al., 2024b)). For general
Chinese capabilities, benchmarks such as C-
Eval (Huang et al., 2023), CMMLU (Li et al.,
2023), and Chinese SimpleQA (He et al., 2024)
provide comprehensive assessments of fundamen-
tal knowledge and QA across diverse disciplines.
In the specialized field of Classical Chinese Stud-
ies (CCS), ACLUE (Zhang and Li, 2023) and C-
CLUE (Jietal., 2021) target tasks ranging from an-
cient text comprehension to Named Entity Recog-
nition, while WYWEB (Zhou et al., 2023) and
WenMind (Cao et al., 2024a) expand the scope to
include sequence labeling, machine translation, and
holistic alignment with human intuition. While ex-
isting benchmarks effectively assess general knowl-
edge and linguistic proficiency, they fail to capture
specialized capabilities such as low-resource con-
text adaptation and deep historical reasoning.

Compared with existing work, the uniqueness
and advantages of ProHist-Bench are twofold.
First, ProHist-Bench is the first benchmark focused
on in-depth research into the history of Keju, mov-
ing beyond basic historical QA toward specialized
historical research. Second, we establish a more
rigorous and fine-grained evaluation framework for
assessing research-oriented abilities, including fact
organization, historical comparison, and eviden-
tiary reasoning. This framework also provides a
valuable reference for future benchmark construc-
tion in other historical domains.

3 Dataset Construction

3.1 Design Principles

Historical research presents distinctive reasoning
challenges that extend beyond basic knowledge
comprehension to encompass accurate terminol-
ogy interpretation, evidence-based deduction, and
the construction of coherent narratives grounded in
historical context. ProHist-Bench aims to bridge
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Task ID Task Name Task Description

Definition: Assesses the model’s ability to understand and explain historical terms.

Tl Term Interpretation Example: Explain the term Gongshi (graduate of the Keju examination).

Definition: Assesses the model’s ability to organize and present historical facts.
Example: Briefly explain how the Qing dynasty’s entry inspection system prevented
cheating in the Keju examination.

T2 Fact QA

Definition: Assesses the model’s ability to make comparisons, integrate viewpoints,
and reason with evidence based on historical facts.

Example: Discuss the Liudeng Chuzhi Fa (Six-Grade System of Promotion and
Demotion).

T3 Historical Reasoning

Definition: Assesses the model’s cross-contextual reasoning and decision-making
abilities within a specific historical context.

Example: Assume you are a Qing dynasty candidate in the Keju examination in
the 46th year of Qianlong (1749). Please write an essay in the Eight-Legged Essay
(baguwen) format, following the specific rules for writing. If any characters need to
be avoided due to taboos, use pinyin. Limit your response to 700 words. Provide
only the essay and do not include any other content. The topic is: ¥ H: 3 E
MiE>4%, JLRM (Mencius said: Those who wait for Wenwang to rise are all the
people.).

T4 Celun Generation

Table 1: Task definitions in ProHist-Bench. The benchmark is organized into four task types: Term Interpretation
(T1), Fact QA (T2), Historical Reasoning (T3), and Celun Generation (T4).

the gap between comprehensive LLM evaluation
and the intrinsic challenges of historical research.
Aligned with the characteristics of historical schol-
arship, we adhere to the following principles in
constructing ProHist-Bench.

Historical Representativeness. We emphasize
that historians are typically not generalists, but
rather experts in a particular historical field, fo-
cusing on in-depth research of specific historical
periods or events. The Keju examinations, as an
important mechanism for talent selection in ancient
China, spans over 1,300 years of history, and its
study represents an extremely important direction
for contemporary Chinese historical research. Our
dataset contain a substantial amount of historical
knowledge about Keju, and only by mastering this
knowledge can historical researchers conduct in-
depth research on Keju and thereby provide new
insights. Although Keju research differs from other
historical research fields in terms of research con-
tent, their research methodologies often share simi-
larities. Therefore, examining LLLMs’ capabilities
in fact organization, evidence reasoning, and other
aspects through this topic can authentically reflect
the performance level of LLMs when conducting
in-depth historical research.

Historical Authority. Historical authority is not
an inherent or immutable property of any single
narrative, but rather a defensible interpretation
grounded in available evidence and established

scholarly norms. Accordingly, drawing on a sub-
stantial body of extant historical materials and his-
toriographical scholarship—such as Qingdai Zhu-
juan Jicheng (IE AR B R ) and the latest aca-
demic findings—we develop a rigorously grounded
and well-justified evaluation framework to assess
the capabilities of LLMs.

Multi-dimensional Capability Assessment. A
well-designed benchmark should capture the di-
verse capabilities required for historical research.
To this end, ProHist-Bench is constructed along
four dimensions. First, in terms of task diver-
sity, as shown in Table 1, ProHist-Bench draws
inspiration from historical examinations and covers
four task types: Term Interpretation (T1), Fact QA
(T2), Historical Reasoning (T3), and Celun (Policy
Essay) Generation (T4). Second, in terms of diffi-
culty diversity, all questions are annotated as either
General or Hard, depending on whether they pri-
marily require basic factual understanding or more
advanced abilities such as multi-step reasoning,
multi-source integration, and interpretive judgment.
This binary scheme reduces subjective ambiguity
and improves annotation consistency. Third, in
terms of content diversity, ProHist-Bench spans
a broad range of historical domains, including pol-
itics, economics, social life, transportation, and
intellectual-cultural history. Fourth, in terms of
temporal coverage, it covers more than 1,300
years across nine dynasties, enabling evaluation
across varied historical periods.
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Figure 2: Overview of the dataset construction pipeline.

3.2 Authoritative Data Sources

ProHist-Bench is constructed based on 125 core ref-
erences spanning three categories (see Appendix H
for the complete bibliography): (1) Ancient Chi-
nese Text. Qing dynasty official documents, lo-
cal gazetteers, and examination archives, including
Qingdai Zhujuan Jicheng (1§ &% 5 A), and
Qingdai Keju Kaoshi Shulu (BB 1A 5K)
by the last Tanhua (3£1£) (third-place scholar).
(2) Authoritative Scholarly Monographs. Two
Chinese national comprehensive histories, along-
side seminal works by leading scholars including
Ichisada Miyazaki, Benjamin Elman, and others,
ensuring global scholarly perspectives. (3) Top-
tier Academic Journals. Cutting-edge research
papers from CSSClI-indexed journals, including
Historical Research, Modern Chinese History Stud-
ies, and Qing History Journal, etc.

3.3 Expert Annotation

The questions and reference answers in this dataset
were all manually constructed by historians. The
dataset construction pipeline is shown in Figure 2.

Question Writing Based on thirteen preset di-
mensions and temporal distributions, we extracted
related knowledge from historical materials and
research papers, converting them into four question
types: Term Interpretation, Fact QA, Historical
Reasoning, and Celun Generation. We introduced

Task Distribution within Content Topics

-y -T2 T3

Official Appointment
Keju and Socioeconomi
Human Civilization o

Ancient Academic Thoughts 62%

Social Networks of Literati

31.24% (Total)
12.38% (Total)
11.43% (Total)
10.67% (Total)
10.29% (Total)
6.48% (Total)
5.14% (Total)
3.43% (Total)
2.86% (Total)
2.10% (Total)
1.52% (Total)
1.52% (Total)

0.95% (Total)

Figure 3: Distribution of task categories across various
content topics. The chart displays the ratio of T1-T3
tasks for each topic.

LLMs to assist historians in refining the question
phrasing: identifying ambiguities through multi-
round Q&A testing, adjusting qualifiers and back-
ground prompts accordingly, and attempting dif-
ferent questioning styles to evaluate the models’
diverse capabilities.

Answer Annotation We consulted a total of 125
references to compile the answers and provided
detailed citations for each one. The answers un-
derwent cross-verification via multi-source histor-
ical materials, adhering to mainstream consensus
while listing various viewpoints for unsettled is-
sues, emphasizing argumentative logic rather than
trivial details. It is worth noting that, although we
attempted to use LLMs to assist in answer annota-
tion, we found that LLMs exhibit significant short-
comings in subject completion within ancient texts,
terminology understanding, and the mechanisms
of historical events. Therefore, ultimately, all ref-
erence answers were written sentence-by-sentence
by historians to ensure historical accuracy.

Quality Assessment To ensure data quality, we
adopt a four-stage quality-control pipeline. First,
six historians independently wrote 100 questions
each based on 125 literatures and annotated refer-
ence answers, rubrics, and metadata such as dy-
nasty and topic. Second, each question was re-
viewed by at least one non-original historian, and
any disagreements were adjudicated by a third se-
nior historian, ensuring at least two-person review
for every question. Third, two senior historians
independently checked all questions, and any re-
maining disagreements were resolved by majority
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ID Capability Category = Count Percentage

R1 Concept Definition 1,002 9.20%
R2 Fact Organization 6,452  59.24%
R3 Historical Comparison 173 1.59%
R4  Evidentiary Reasoning 732 6.72%
RS5 Comprehensive Evaluation 315 2.89%
R6 Viewpoint Integration 97 0.89%
R7 Academic Expression 1,167 10.72%
RS Classical Writing 91 0.84%
R9 Temporal Reframing 862 7.91%
Total / 10,891 100%

Table 2: Statistics of specific rubric dimensions (R1-R9)
in ProHist-Bench.

voting, providing full-coverage and high-standard
quality control. Fourth, we randomly sampled 5%
of the data for in-depth review by historians. If any
error was found, a full recheck was triggered, fol-
lowed by repeated sampling until the sampled batch
reached 100% accuracy. In addition, we discarded
questions that were too easy, overly subjective, or
highly contested such that stable criteria could not
be defined within the designated source boundary,
thereby ensuring the executability and consistency
of the evaluation standards.

3.4 Dataset Statistics

ProHist-Bench consists of 400 expert-curated his-
torical research questions spanning four core tasks:
Term Interpretation, Fact QA, Historical Reason-
ing, and Celun Generation. As shown in Fig-
ure 3, the dataset covers 13 topics, with Regis-
tration and Process accounting for the largest share
(31.24%), followed by Definition and Evolution
(12.38%) and Entry into Officialdom and Appoint-
ments (11.43%). In terms of task distribution, T2
constitutes the largest proportion (43%), followed
by T3 (35%) and T1 (22%). More fine-grained
statistics by task type, difficulty, and dynasty are
provided in Appendix C.

4 Rubric Evaluation Framework

To systematically evaluate whether LLMs can
function like historians, we designed a multi-
dimensional rubric evaluation framework, decom-
posing LLM performance into 9 observable dimen-
sions, defining clear levels and rules for each di-
mension, thereby enhancing scoring consistency
and reproducibility.

4.1 Rubric Definition

A rubric is a set of criteria or scoring rules de-
veloped by historians to evaluate the quality of
responses to historical questions. As shown in Ta-
ble 2, we design nine rubric dimensions to cap-
ture different aspects of historical research abil-
ity. For T1-T3, the rubric covers Concept Defi-
nition (R1), Fact Organization (R2), Historical
Comparison (R3), Evidentiary Reasoning (R4),
Comprehensive Evaluation (R5), Viewpoint In-
tegration (R6), and Academic Expression (R7).
Together, these dimensions assess whether a model
can accurately define historical concepts, organize
and compare facts, reason with evidence, synthe-
size scholarly perspectives, and present arguments
in a rigorous academic manner. For T4 (Celun
Generation), we further introduce Classical Writ-
ing (R8) and Temporal Reframing (R9), which
evaluate the model’s ability to generate historically
grounded responses under dynasty-specific literary,
institutional, and stylistic constraints. To preserve
historical fidelity, the rubric also imposes explicit
penalties for major violations of period conven-
tions, such as departures from genre norms or the
use of taboo expressions. Detailed definitions, scor-
ing rules, and penalty criteria are provided in Ap-
pendix A.

Each dimension is weighted according to its im-
portance for historical research and the level of
capability it demands from the model. Basic di-
mensions, such as Concept Definition and Fact Or-
ganization, mainly assess knowledge recall and
are therefore assigned lower weights. By con-
trast, more advanced dimensions, such as Eviden-
tiary Reasoning and Temporal Reframing, require
broader knowledge and more complex reasoning,
and thus receive higher weights. The nine dimen-
sions are applied selectively across tasks: T1-T3
emphasize R1-R7, while T4 focuses on the special-
ized abilities captured by R8 and R9.

Penalty Rubrics. In addition to the positive eval-
uation rubrics designed for the nine capabilities
above, we further establish a set of universal
penalty rubrics applicable to all tasks, aimed at
capturing intolerable errors, hallucinations, and
other problematic behaviors in LLM-based histori-
cal research. Detailed definitions are provided in
Appendix B.
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4.2 Rubric Construction

Constructing fine-grained and objective rubrics is
challenging, but necessary for in-depth evaluation
of LLMs in history. Existing benchmarks mainly
rely on automated metrics such as Accuracy and
BLEU, which capture surface-level textual similar-
ity but fail to assess higher-order historical abilities,
such as fact organization, comparative analysis, and
evidence-based interpretation.

Rubric-based evaluation provides a more suit-
able alternative. While this approach has been val-
idated in expert domains such as law (Shi et al.,
2026) and healthcare (Arora et al., 2025), our work
is, to the best of our knowledge, the first to ap-
ply it to history. All rubrics in our benchmark are
question-specific and developed by historians. For
T1-T3, we adopt an Iterative Refinement strat-
egy, where historians draft initial criteria and iter-
atively revise them based on real model outputs
to avoid overly coarse judgments. For T4, we fol-
low a Historical Authenticity principle, grounding
the rubrics in the Qing Dynasty Imperial Exami-
nation Regulations (IFREHAZ51) and relevant
scholarship to ensure historical fidelity and tempo-
ral accuracy. To enhance objectivity, we invited
multiple historians to translate historiographical re-
quirements into quantifiable criteria and conducted
repeated cross-validation, reducing individual bias
and strengthening disciplinary rigor.

4.3 Rubric Statistics

As shown in Tables 2 and 3, ProHist-Bench com-
prises 10,891 fine-grained evaluation criteria, with
an average of 27.23 criteria per question. T1-T3
tasks contain 9,938 criteria (91.25%), while T4
task include 953 criteria (8.75%). Among the nine
capability categories, Fact Organization accounts
for the largest proportion (59.24%), reflecting its
fundamental role in historical research, followed by
Academic Expression (10.72%) and Concept Defi-
nition (9.20%). The distribution demonstrates our
rubric criteria emphasis on core historical compe-
tencies while maintaining comprehensive coverage
of diverse historical research capabilities.

4.4 Evaluation Protocol

We adopt an LLM-as-a-Judge paradigm to auto-
mate the evaluation process. To ensure reliable
evaluation, we conducted a preliminary study com-
paring six candidate LLMs against expert historian
evaluations. We randomly sampled 50 instances

Task Total # Criteria Avg. # Criteria

T1 1,650 18.33
T2 3,963 26.42
T3 4,325 36.04
T4 953 23.83
Total 10,891 27.23

Table 3: Statistics of fine-grained evaluation criteria
across different task categories.

Consistency with Historian Evaluation

High Consistency Region
DeepSeek-R1-0528

GPT-5-2025-08-07 CraXoYee)

(0.57, 0.81)
0.8

Claude-3.7-Sonnet
(0.66, 0.70) Qwen3-235B-A22B
0.7 | (0.74, 0.73)

GPT-4.1-2025-04-14
(0.47, 0.68)

Answer Correlation

Gemini-2.5-Pro
(0.62, 0.51)

0.5 0.6 0.7 0.8
Rubric Correlation

Figure 4: Consistency score of candidate judge models
with manually crafted (human) ground truth (answers
and rubric).

and collected the outputs of the evaluated LLMs.
We asked each candidate judge model and human
experts to perform item-by-item 0/1 hit annota-
tion according to the rubric, obtaining fine-grained
scores (rubric-level) and an aggregated total score
(answer-level). We then computed the Pearson cor-
relation coefficients between each candidate judge
model and the experts on both types of scores. As
illustrated in Figure 4, DeepSeek-R1 demonstrated
the highest average consistency (0.77) with histo-
rians at both the answer level and the fine-grained
rubric level, and was therefore selected as the judge
model.

For scoring, we define a quantitative metric
named Rubric Score (RS). The judge model deter-
mines the presence (binary 0/1) of each criterion
defined in the rubric. The final score is calculated
by aggregating the weighted scores of all triggered
items (including both bonus and penalty terms) and
normalizing by the total potential positive score:

— max > (Iy - wp) + Z(Ip : wp)
RS — <0, o ) (1)

where I, and I, denote the indicators for bonus
and penalty rubric items, respectively (I € {0,1}
denotes the indicator of whether a specific criterion
is met), and w represents the pre-defined score of
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Model BL RG BS RS
Closed-Source Models
Claude-Sonnet-4.5-Thinking 2.53 476 7149 12.99
GPT-5.2 350 346 7148 11.07
GPT-5.2-Thinking 445 458 71.55 14.08
GPT-03-2025-04-16 7.88 3.65 72.60 14.66
Gemini-3-Pro-Preview 1.94 6.27 7397 26.71
Gemini-3-Pro-Preview-Thinking 2.35 5.16 73.92 26.73
Qwen3-Max 477 6.64 7501 17.71
Open-Source Models
Llama-4-Scout-17B-16E 259 3.09 72.68 272
gpt-oss-120b 1.27 1.78 70.18 10.75
gpt-0ss-20b Fail Fail Fail  Fail
Kimi-K2-Thinking 3.62 643 7320 2279
GLM-4.6-Thinking 2.09 5.11 7230 24.32
Qwen3-14B-Thinking 1.89 3.61 7293 11.61
Qwen3-32B-Thinking 2.06 397 7299 13.89
Qwen3-235B-A22B-Thinking 1.08 5.22 7250 28.14
DeepSeek-V3.2 465 620 73.52 18.77
DeepSeek-V3.2-Thinking 491 6.16 7341 18.72
DeepSeek-R1-0528 1.93 6.60 73.15 26.87

Table 4: Performance comparison of various LLMs
on tasks T1-T3. The reported metrics include aver-
age BLEU (BL), ROUGE (RG), BERTScore (BS), and
Rubric Score (RS).

that criterion. Negative scores are clipped to 0 to
ensure a valid range.

5 Experiments

5.1 Setup

Evaluated Models We conducted extensive ex-
periments on ProHist-Bench, evaluating 7 closed-
source LLMs (Claude-Sonnet-4.5-Thinking, GPT-
series, Gemini-series and Qwen3-Max) and 11
open-source LLMs (Llama-4-Scout-17B-16E, gpt-
oss-series, Kimi-K2-Thinking, GLM-4.6-Thinking,
Qwen3-series and DeepSeek-series). We used of-
ficial APIs or standard deployment setups for all
LLMs. To ensure deterministic evaluation, we fixed
all hyperparameters and eliminated randomness.

Metric We employ different evaluation metrics
tailored to specific task types. We utilize two
complementary evaluation approaches: (1) auto-
matic metrics including BLEU (BL) (Papineni
et al., 2002), ROUGE (RG) (Lin, 2004), and
BERTScore (BS) (Zhang et al.) to measure the
similarity between LLM outputs and reference
answers; and (2) expert-based evaluation using
Rubric Score (RS) to assess the historical research
capabilities of LLMs. For T4 task, we rely solely
on Rubric Score (RS) for evaluation, as these tasks
require nuanced assessment of research quality that
cannot be captured by automatic metrics.

5.2 Main results

Core tasks in professional historical research
remain extremely difficult for all current LLMs.
As shown in Table 4, even top-performing LLMs
such as Gemini-3-Pro and Qwen3-235B achieve
RS scores barely approaching 30, while most
LLMs score below 15. This pervasive underperfor-
mance indicates that existing LLMs still struggle
to meet satisfactory professional historical research
standards when handling tasks requiring high fac-
tual precision, complex logical reasoning, and nu-
anced understanding of specific historical contexts.

Chinese LLLMs demonstrate superior perfor-
mance in ProHist-Bench. Qwen3-Max achieves
the strongest overall performance with an aver-
age BS of 75.01 and secures the top score of
87.08 on T4 task (Figure 5). Notably, open-source
LLMs such as DeepSeek-R1-0528 (RS 26.87) fol-
low closely behind, indicating that through large-
scale parameters and strategic optimization, the
open-source community has achieved capabilities
approaching closed-source LLMs. Furthermore,
LLMs trained on large-scale Chinese corpus, in-
cluding GLM-4.6, Kimi-K2, and the DeepSeek
series, consistently outperform LLMs like Llama-4-
Scout (RS 2.72) and gpt-o0ss-120b (RS 10.75). This
performance gap demonstrates the critical impor-
tance of domain-specific pretraining and cultural-
linguistic alignment.

5.3 In-Depth Analysis

We evaluated model performance across five key
dimensions: prompting strategies, capabilities, dif-
ficulty, dynasties, and topics. Here, we highlight
the two most critical findings. Detailed analyses of
remaining dimensions are provided in Appendix F.

5.3.1 The Impact of Prompting Strategy

To investigate the impact of distinct prompting
strategies, we conducted a systematic evaluation
on the ProHist-Bench. As shown in Table 5, results
demonstrate that Professional Prompting and Role-
Playing consistently outperform Chain-of-Thought
(CoT). This suggests that for history-literate LLMs,
activating expert identity is more effective than en-
forcing step-by-step reasoning. Conversely, RAG
methods, typically effective in knowledge-intensive
tasks, underperform in this evaluation due to the
severe scarcity of high-quality ancient historical
data in existing retrieval corpora. Retrieved docu-
ment fragments often contain noise or insufficient

29886



90
87.08 86.45 86.35 86.00 85.58 84.88
85
80.83
80 79.22 78.67
v
H
g7
]
:570
=
&
65
60
55
50 * © « ® ® © ® ®
> R AC" R S R o S
o ‘,‘;,&‘ s 46\“\9 @‘o\v «\@9 4\0“\0 P o ‘“\&o
a¥ g Pad AT ICAprT e 4 Peg
5 4 N x o K
[ e“‘.‘& & o & ge® Q“a“‘} o 22
QY e .3
a“‘, \‘\\‘b C\’“ Y 0:"'20

I Qwen Series GPT Series DeepSeek Series
N Gemini Series W Claude Series Others
77-95 77.65 77-45
69.47
61.83
60.35
59.12
52.42
N/A
A% &% i APt s o ,0° 2°
o 4 R 0 A &
A & & o o e W« 0 e o o
o“s"h P Py & «®
& o
a¥ ‘}'a“‘ A4

Figure 5: Main results of different models on the T4 task. The table presents the performance of representative
closed-source and open-source LLMs. The metrics reported are Rubric Score (RS).

Positive Scores (higher is better)

Gemini-g-Pro-Preview | 0.47 0.26 034 0.7 0.49 oz 0.8
Gemini--Pro-Preview-Thinking | 051 o024 0.26 025 o0.44 0z 0.7
GPI52 026 0.0 0.00 047 0.28 0.06 027

Uama-4-Scout-17B-16E  0.11 0.03 0.03 o0.02 0.07 o0.02 0.00

0.41 016 04 0.6 033 0.08 0.27

GPT-03-2025-0416  0.35 03 014 0.8 034 0.07 048
DeepSeck-V3.2 | 0.44 016 03 0.8 035 0.08 0.27
Qwen3-14B-Thinking 026 0.0 0.0 0.5 0.28 0.03 0.7
Qwen3-235B-A22B-Thinking | 0.48 025 024 038 0.46 oz 0.45
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GPT-5.2-Thinking 032 03 0.0 01 026 0.08 0.09
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Claude-Sonnet-4.5-Thinking 031 o 0.0 0.5 05 0.06 048
Qwen3-32B-Thinking 032 03 o014 0.6 o030 0.04 0.8
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Figure 6: Performance heatmap across nine historical capability dimensions (R1-R9). Left: Positive Rubric Hit
Rate (darker green indicates better performance). Right: Penalty Rubric Hit Rate (darker red indicates higher
penalties), quantifying defects such as hallucinations and factual errors.

relevance, disrupting rather than supplementing the
model’s reasoning. Detailed RAG experiments and
analysis are provided in Appendix E.

5.3.2 Fine-grained Capability Analysis

To comprehensively evaluate the historical research
capabilities of LLMs, we analyzed the distribution
of Positive and Penalty Rubric Hit Rate (Figure 6),
yielding several key observations: i) Tool-like util-
ity and formalization capabilities are mature.
High positive rubric hit rate in R8 (Classical Writ-
ing) demonstrate a mastery of rule-based logic. Fur-
thermore, stable performance in R5 (Comprehen-
sive Evaluation) confirms the models’ ability to
generate self-consistent narratives. ii) Viewpoint
Integration (R6) is currently the most promi-
nent shortcoming of existing LLLMs. The R6 hit

rate is extremely low across nearly all models (most
are distributed between 0.02 ~ (0.12, with the max-
imum only at ~ 0.23), indicating that regardless
of model capability, there are significant deficien-
cies in their ability to resolve conflicting historical
records. In addition, iii) capabilities in historical
comparison (R3), evidentiary reasoning (R4),
and fact organization are also generally weak.
Based on a detailed case study (see Appendix G),
we find that the main reasons are twofold: first,
most models are unable to distinguish the seman-
tic evolution of the same concept across different
historical periods; second, at the levels of reason-
ing and organization, although models can produce
conclusions, they often lack a complete chain of
historical evidence and support from a correct time-
line, resulting in weak arguments.
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Model Role Prof. CoT RAG
Closed-Source Models

Claude-Sonnet-4.5-Thinking 19.42 26.01 20.09 15.89

GPT-5.2 15.42 15.73 12.85 14.22
GPT-5.2-Thinking 19.39 19.90 16.96 16.81
GPT-03 17.09 17.59 14.33 20.29

Gemini-3-Pro-Preview 32.94 30.95 25.08 26.53
Gemini-3-Pro-Preview-Thinking 32.56 31.08 26.26 26.76
Qwen3-Max 24.95 25.05 23.71 20.86
Average 23.11 23.76 19.90 20.19

Open-Source Models

Llama-4-Scout-17B-16E-Instruct  5.11 4.55 3.88 5.88
gpt-0ss-120b 10.61 13.42 10.73 11.71
gpt-08s-20b 041 0.77 0.19 279
Kimi-K2-Thinking 31.61 36.10 34.10 31.18
GLM-4.6-Thinking 31.73 32.51 27.78 24.10
Qwen3-14B-Thinking 13.12 12.66 11.23 11.92
Qwen3-32B-Thinking 17.23 15.19 15.25 13.33
Qwen3-235B-A22B-Thinking 32.79 34.67 29.72 27.92
DeepSeek-V3.2 28.76 27.72 24.01 27.86
DeepSeek-V3.2-Thinking 29.13 26.68 25.66 26.46
DeepSeek-R1-0528 30.92 26.64 25.96 30.97
Average 21.04 20.99 18.96 19.46

Table 5: Impact of different prompting strategies
on LLM performance. We evaluated four strategies:
Historian Role-playing (Role), Professional Prompt-
ing (Prof.), Chain-of-Thought (CoT), and Retrieval-
Augmented Generation (RAG).

5.4 LLMs vs. Human

To further assess LLMs in historical research, we
compare SOTA LLMs with two human baselines:
close-book historians, representing internal knowl-
edge only, and open-book historians, representing
a reference-augmented upper bound. The human
baselines comprise around 20 history professors
and PhD students. As shown in Figure 7, SOTA
LLMs achieve competitive performance on His-
torical Reasoning and Celun Generation, but still
lag far behind open-book historians on precision-
critical tasks such as Term Interpretation and Fact
QA. This gap suggests that, although LLLMs have
moved beyond basic historical QA, they have not
yet reached the standard required for independent
professional verification, and are better viewed as
assistive tools rather than autonomous scholars.

6 Conclusion

In this paper, we introduced ProHist-Bench, an
expert-curated benchmark anchored in Chinese Im-
perial Examination to rigorously evaluate the his-
torical reasoning capabilities of LLMs. By tran-
scending simple general knowledge QA to focus
on professional historical research tasks, our inter-
disciplinary study reveals a significant proficiency
gap between SOTA LLMs and professional his-

— Qwen3-Max
—— GPT-5.2-Thinking
—— Qwen3-235B-A22B-Thinking

T3 60 48

T4

Figure 7: Performance comparison between human ex-
perts and LLMs. The Historian-Open-Book represents
the expert ceiling with external resource access, while
Historian-Close-Book serves as the unassisted human.

torians. Our extensive evaluation highlights that
current LLMs still struggle with the complex rea-
soning required for expert-level analysis.

Limitations

We used a standardized prompt across all 18 mod-
els to ensure fairness and comparability. Although
some models might perform better with model-
specific prompt engineering, our goal was to assess
their intrinsic historical reasoning under consistent
conditions. Our results provide a robust baseline
for performance in the historical domain.
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A Positive Rubric Criteria

To support fine-grained evaluation, we design nine

rubric dimensions covering different aspects of his-
torical understanding, reasoning, and generation.
Detailed definitions are provided below.

R1. Concept Definition. Assesses whether the
model can provide concise conceptual definitions
of historical phenomena before detailed elabora-
tion, ensuring the definition captures core elements
while maintaining historical accuracy. (2 points)

R2. Fact Organization. As the most fundamen-
tal capability in historical research, this evaluates
whether the model can clearly and comprehen-
sively narrate the basic processes of events, insti-
tutions, phenomena, or intellectual developments
from emergence through evolution to dissolution.
(3 points)

R3. Historical Comparison. Building upon fact
organization, this assesses the ability to identify
historical evolution and cultural variations across
different dynasties anchored in the Keju, demon-
strating cross-temporal and cross-spatial compara-
tive capabilities. (3 points)

R4. Evidentiary Reasoning. Evidentiary Rea-
soning assesses the fundamental principle of argu-
ments grounded in historical evidence by evaluat-
ing whether the model can derive reliable and aca-
demically consensual conclusions after organizing
facts. This dimension ensures that all arguments are
substantiated by credible historical sources rather
than hallucinations and requires the model to cite
concrete historical examples to support its view-
points. (4 points)

R5. Comprehensive Evaluation. Examines
whether the model can provide holistic evaluations
and interpretations of the significance of histori-
cal events, figures, and institutions—a fundamental
capability. (1 point)

R6. Viewpoint Integration. Evaluates whether
the model can incorporate cutting-edge scholarship
and research trends, present mainstream academic
perspectives on historical phenomena, and estab-
lish clear connections among different scholars’
viewpoints. (5 points)

R7. Academic Expression. Assesses the rigor
and professionalism of the model’s academic writ-
ing. (5 points)

R8. Classical Writing. Evaluates structural com-
pleteness based on essential elements of the eight-
legged essay format, including opening (i} &),
elaboration (@), transition (2 #), and thesis
(A@). (3 points)

R9. Temporal Reframing. Evaluates the ability
of LLM to reason within a specific historical con-
text. Specifically, the rubric allocates 4 points to
whether the writing style accords with the prefer-
ences of a given dynasty and 5 points to whether
the essay meets basic compositional requirements.
In the Celun Generation task, the LLM is posi-
tioned as a candidate in the imperial examination
of a particular dynasty, and the evaluation therefore
also considers its grasp of the institutional context,
literary conventions, and historical taboos (1%
1A]) of the period. To preserve historical fidelity,
we impose substantial penalties. Responses that
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depart from period style incur a 40 point deduction,
whereas responses that violate examination norms
incur a 60 point deduction. For example, the use
of taboo words such as an emperor’s name could
historically result in disqualification, and the 60
point penalty is intended to reflect the seriousness
of such errors.

B General Penalty Rubric Criteria

General penalty rubric criteria includes:

(1) Inappropriate Academic Formulation: In-
stances of mechanically applying social sci-
ence theories or making inappropriate analo-
gies. {-3 points}

(2) Fabrication of References or Materials:
Acts of fabricating cited references or invent-
ing historical sources/materials. {-5 points}

(3) Missing Citations: Failure to provide stan-
dard citations when quoting Classical Chinese
texts. {-3 points}

(4) Chronological Conversion Errors: Errors
in converting ancient Chinese era names to
Common Era (AD) years. {-3 points}

(5) Core Concept Errors: A lack of understand-
ing or complete misinterpretation of specific
historical terms. {-5 points}

(6) Non-Academic Language Style: The con-
tent is overly colloquial and lacks the rigor
expected of academic writing. {-1 points}

The criteria listed above apply to the entire eval-
uation process and are organized along two dimen-
sions: i) Factuality Dimension (Items 1-5): De-
signed to assess whether the model can accurately
reflect historical records at the level of historical
fact. Items 1, 2, and 3 focus on detecting hallu-
cinations—instances where the model generates
content that appears plausible and self-consistent
but lacks a factual basis. Items 4 and 5 focus on
detecting the model’s knowledge accuracy, check-
ing for factual errors during the generation of spe-
cific knowledge points. ii) Expression Dimension
(Item 6): Designed to assess the model’s command
of academic language. It requires that the gener-
ated content adheres to the academic norms of the
humanities and social sciences, avoiding overly
colloquial, entertaining, or casual unprofessional
expressions.

C Dataset Scope and Topic Taxonomy

General E Hard
T
T2
T3

Proportion (%)

Figure 8: Distribution of difficulty levels (General vs.
Hard) across different task categories.

20.0
8.8%

Ming 3.8% 6.2% 0.0%
15.0
Song 1.2% 3.8% 1.2% 0.0%
12.5 @
0
Tang 0.5% 1.5% 0.5% 0.0% 8
10.0 5
Liao  0.2% 0.8% 0.2% 0.0% 5
7.5 M
Jin 0.2% 0.8% 0.2% 0.0%
5.0
Yuan 0.2% 0.8% 0.2% 0.0%
2.5
East Asian 1.2% 1.2% 1.2% 0.0%

T1(22.50%) T2(37.50%) T3(30.00%) T4(10.00%)

Figure 9: Cross-distribution of dynasties and task cate-
gories. Darker colors indicate higher proportions. “East
Asia” represents historical knowledge of East Asian
countries other than China.

We present the statistical data of ProHist-Bench
in Figures 8, 9 and 3. ProHist-Bench consists of
400 expert-curated challenging historical research
questions across four core tasks: Term Interpre-
tation, Fact QA, Historical Reasoning, and Celun
Generation.

C.1 Difficulty Distribution

Difficulty distribution (Figure 8): Historical Rea-
soning is the most challenging, with 35.0% hard
samples, compared to only 25.6% for Term Inter-
pretation.

C.2 Task and Dynasty Distribution

Task distribution (Figure 9): Fact QA dominates
at 37.50%, while Celun Generation is minimal at
10.00%. Historical period distribution (Figure 9):
The Qing Dynasty predominates, particularly in
Term Interpretation and Historical Reasoning (both
20.0%), due to its proximity to modern times and
well-preserved documentation.
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C.3 Topic Taxonomy and Distribution

To ensure a systematic and comprehensive evalua-
tion of LLMs, we constructed a fine-grained knowl-
edge taxonomy, as illustrated in Figures 10. This
hierarchical framework decomposes the complex
historical domain into 13 Main Topics and their
corresponding 31 Sub-topics.

Unlike traditional benchmarks that focus primar-
ily on factual recall, our taxonomy spans a broad
spectrum of historiographical dimensions. It ranges
from fundamental institutional procedures (e.g.,
Keju Registration & Process, Offices and Roles)
to complex socio-political interactions (e.g., The
Interplay between Keju and Socio-economy, So-
cial Networks of Literati). Furthermore, it incor-
porates high-level historical analysis, such as Keju
Reform & Abolition and Keju's Value in Human
Civilization. This structured approach serves as
the foundational guide for data collection, ensur-
ing that the benchmark not only tests the model’s
knowledge retention but also its capability to han-
dle diverse historical contexts and conduct deep
reasoning across different granularity levels.

D Extended Discussion on Prompting
Strategies

As illustrated in Table 6, we analyzed how dif-
ferent prompting methods—including Role, Prof.,
CoT, and RAG—affect the capabilities of various
LLMs. Table 6 details performance metrics across
Term Interpretation, Fact QA, and Historical Rea-
soning, highlighting significant variations between
closed-source and open-source LLMs under differ-
ent prompting conditions. The specific prompt tem-
plates utilized in these experiments are provided in
Figure 11 and Figure 12.

E Detailed Evaluation of RAG

Implementation of RAG. We construct the
retrieval corpus by cleaning, segmenting, and
vectorizing the latest Chinese Wikipedia dump.
Our RAG system is implemented with the
FlashRAG framework (Jin et al., 2025), using
bge-large-zh-v1.5* as the embedding model.
In this section, we examine how varying the num-
ber of retrieved documents (k) affects model per-
formance. As shown in Table 7, increasing k does

*https://huggingface.co/BAAI/bge-large-zh-v1.
5

not lead to consistent gains. Instead, most LLMs
exhibit substantial sensitivity to retrieval noise. For
example, for Gemini-3-Pro-Preview, the average
score decreases from 27.35 to 25.51 as k increases
from 10 to 100. This suggests that, for models with
relatively strong internal knowledge, retrieving too
many external documents (e.g., & = 50 or 100)
may introduce irrelevant information that interferes
with otherwise precise reasoning.

F Additional Experimental Analysis and
Results

F.1 Difficulty-wise Performance Analysis

As illustrated in Figure 13, the transition from
General to Hard tasks precipitates a universal per-
formance decline, with the average score plum-
meting from 20.89 to 8.39. This > 50%
drop confirms that while current LLMs pos-
sess broad historical knowledge, they lack the
deep inferential capabilities required for complex
historiography. Notably, models incorporating
chain-of-thought mechanisms—such as Gemini-
3-Pro-Preview-Thinking (15.62) and Qwen3-235B-
A22B-Thinking—demonstrate superior resilience
compared to standard models, indicating that ex-
plicit reasoning steps are essential for navigating
complex historical logic.

F.2 Topic-wise Performance Analysis

As detailed in Table 8, model performance exhibits
sharp variance across historical sub-domains, re-
vealing a distinct dichotomy between static knowl-
edge and complex reasoning. Specifically, while
models consistently achieve higher scores in fac-
tual tasks like Keju Literature and Ancient Educa-
tion, their proficiency drops notably in reasoning-
intensive domains such as Keju Reform and An-
cient Geo & Transport, which demand the syn-
thesis of spatial and temporal changes. This anal-
ysis also highlights a significant capability gap:
top-tier closed-source models (e.g., Gemini-3-Pro)
maintain robustness across diverse topics, whereas
open-source models struggle with complex con-
texts—exemplified by near-zero scores in Ancient
Social Networks due to their inability to capture
implicit interpersonal relations.

F.3 Dynasty-Level Performance Analysis

Figure 14 reveals a marked imbalance in model pro-
ficiency across historical eras, correlating strongly
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Figure 10: The hierarchical taxonomy of the topic framework for ProHist-Bench. This framework categorizes
the dataset into 13 Main Topics and their corresponding Sub-topics, covering diverse dimensions ranging from
institutional procedures and official roles to socio-economic interactions and global influences.

with textual data availability.

While top-tier
LLMs (e.g., Qwen3-235B-Thinking, Gemini-3-
Pro) demonstrate robustness in mainstream dynas-
ties such as Tang, Song, and Ming—achieving peak

This re

RS exceeding 30.0—performance universally de-
grades in low-resource contexts like the Liao and
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Prompt Templates of Role Play and Professional Prompting

Role Play:
System: R E—MERFPEF LERKGHTE, RETERLENRSME . (ROEIZENETERSH

LT, REFE R - BRI . EEER

SEAIRE RIS ARTE S, BRI AR B T2 TR A (A RS -
-BABAR (] s AW HR L SRR -

$8 AR R AR S BRI R S I E S -

-BE SR SUEAG SR 5K, B OR IE 2 W SORHIALE

Hiri: EEZEREXARNIEHE, MACRRERFRNE -
TR I A PR

User: {Question}

System: You are a senior historian and researcher specializing in Chinese history, dedicated to rigorous his-
toriographical research and interpretation. Your responses must be grounded in historical materials and methodologies,
ensuring factual accuracy, logical clarity, and academic rigor.

When responding:

1. Use concise, scholarly language; avoid sensationalism or superficial, generalized explanations. 2. Explicitly specify
dates, locations, key figures, historical contexts, and factual details.

3. Identify existing academic controversies and the nuances of diverging scholarly perspectives.

4. Avoid conjecture or fabrication; ensure all content is verifiable through historical sources.

The goal is to ensure your responses possess value for academic discourse, rather than serving merely as simple
informational introductions.

Please answer the following question:

User: {Question}

Professional Prompting:
System: Vr7E—RIAAGREH SWIH i 20 BTk Bl SR - IRIES RETH A ERE, LIemrA
BV AFE I, FFAERH P AL AT 4ERE -

1. What: FAREE S FIE - BOOFARCEER - HERHEA

2. Why: BEESRAER . & il ZEXE . A0 A
3. When: Hf[EEN BBk 5

4. Who: FERPITIHE M FrRIE WL BRUTRFR

5. Where: 1855 X2 7500

6. How: EHFFEHE « 21EH - MLk S HT

FEEE R ATARYE IR AR AR, (B RIED T IE S BRI -

BIEER: R EREERZFW, FIHAFAWSHEAKSE - FERTE L, FRFZHE™
o EH NI S By, TS A

VE [ N T R

User: {Question}

System: You are a researcher of Chinese history skilled in employing the SWI1H Historical Analysis Method. Your task
is to comprehensively deconstruct events or issues based on user inquiries, incorporating the following analytical
dimensions into your response:

1. What: Definition of the event, characteristics, core constituent elements, and description of historical facts

2. Why: Direct and root causes, background, motivations, logical relationships, and academic perspectives

3. When: Temporal localization and periodization

4. Who: Relevant historical actors, origins of identity, motivations, and power relations

5. Where: Geographic location and the impact of regional differences

6. How: The process of the event, modes of operation, and mechanism analysis

You may select relevant dimensions based on the specific question, but you must ensure the analysis is thorough and
structured.

Response Requirements:

- If a specific dimension involves historiographical controversy, you must list divergent viewpoints and explain their
evidentiary basis.

- Information must align with historical records and maintain rigorous logic.

- The output should be segmented by dimension to facilitate reading and evaluation.

Please answer the following question:

User: {Question}

Figure 11: Prompt templates of Role Play and Professional Prompting.
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Prompt Templates of CoT and RAG

CoT:

System: 12— AL B A LRGN T EDD B35, RTE R E RGBS L3080 (Chain of
Thought) 77V, FB A MR . EIZEEK.

- BT BT B A TR IS

- Bra I (R B2 T Al S A

- ISR EANFHEWT R R, RARBAE AT REME S R

- REFEESEAN, IEREBIEREE IR SRS

WEHAT—B PR, [BE TR

User: {Question}

System: You are a scholar of Chinese history with training in historiographical research. When answering
questions, you must use the Chain of Thought method to analyze step-by-step and reach a conclusion. Response
Requirements:

- Each step of reasoning must be explicit and clearly organized.

- All historical information must be based on credible historical sources.

- If there are divergent inferential paths, indicate their plausibility and evidentiary basis.

- Maintain rigor and transparency, allowing the reader to clearly see your chain of reasoning.

Let’s think step by step to answer the following question:
User: {Question}

RAG:

System: RE—NAEET £ FR BT, KL G B S AMRFSNER TR N I 51 22 5K R (v ~ FUBUEIZ -
E%?%%ﬂﬁ%%@%ﬁ?%ﬁ@,iﬁ@%\Eﬁﬁiwkiﬁﬁgou?%—%ﬂ%ﬁ%%%%I
4. HER:

- XSO AT RES [ALEUAE G, R BEANTE A AE R

- RSN AR B A 8, FiESSE

- WRSCRS S ARRER AR, E EEAREER B & AR E

- I S PRALE B 2 A VR I R AR S5 1

TH R AR
User: {Question}

System: You are a research assistant proficient in history, skilled in combining your own knowledge with
external resources to provide accurate and authoritative answers for historians. Please answer the user’s question
based on your knowledge base, generating an accurate, natural, and human-like response. Below are some potentially
relevant reference documents. Please note:

- These documents may be relevant to the question, or they may not be entirely relevant.

- If the content of the documents helps answer the question, please reference them appropriately.

- If the documents are not significantly related to the question, please rely primarily on your own knowledge to answer.
- Prioritize the accuracy and relevance of your response.

Please answer the following question:
User: Question

Figure 12: Prompt templates of CoT and RAG.

F.4 Detailed Results of Different LLMs onthe F.5 Detailed Comparison between Models and
T1-T3 Tasks Human Performance

As presented in Table 10, top-tier LLMs (e.g.,

Gemini-3-Pro-Preview, Qwen3-235B-Thinking) ef-

fectively surpass the Closed-book Historian base-

line (Avg ~34.0 vs. 29.33), demonstrating superior

large-scale knowledge retention. However, a sub-

Detailed results of different LLMs on the T1-T3  stantial gap persists when compared to the Open-
tasks are reported in this section. Table 9 presents  book Historian (60.67), highlighting that while
the performance of representative closed-source = models excel at static retrieval, they significantly
and open-source LLMs lag behind human experts in complex evidence syn-
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Model Term Interpretation Fact QA Historical Reasoning Average

Role Prof. CoT RAG Role Prof. CoT RAG Role Prof. CoT RAG Role Prof. CoT RAG

Closed-Source Models
Claude-Sonnet-4.5-Thinking 18.65 26.53 20.50 15.77 17.37 27.34 21.23 20.28 23.43 2395 18.37 13.18 19.42 26.01 20.09 15.89
GPT-5.2 16.66 15.01 11.78 14.15 13.76 1595 1290 22.11 15.58 1599 13.58 9.21 1542 15.73 12.85 14.22
GPT-5.2-Thinking 2297 19.01 1631 17.04 15.73 21.23 17.61 21.89 18.29 18.90 16.65 13.32 19.39 19.90 16.96 16.81
GPT-03 18.03 19.23 16.13 17.12 13.27 18.84 15.39 30.11 20.62 14.80 11.67 1693 17.09 17.59 14.33 20.29
Gemini-3-Pro-Preview 31.95 37.64 31.20 27.88 29.19 30.83 24.51 28.44 39.59 26.08 21.21 24.04 32.94 30.95 25.08 26.53
Gemini-3-Pro-Preview-Thinking 32.93 34.78 32.88 24.85 27.74 30.61 25.59 27.06 38.37 28.89 22.13 28.36 32.56 31.08 26.26 26.76
Qwen3-Max 2470 29.27 26.90 22.46 20.80 24.39 24.86 21.78 30.89 22.73 19.88 18.79 24.95 25.05 23.71 20.86
Average 23.70 25.93 22.24 1990 19.69 24.17 20.30 24.52 26.68 21.62 17.64 17.69 23.11 23.76 19.90 20.19
Open-Source Models

Llama-4-Scout-17B-16E-Instruct  4.74 6.87 540 546 3.06 433 3.69 872 844 3.09 298 443 511 455 3.88 588
gpt-oss-120b 12.75 10.58 8.12 10.08 8.56 16.79 1320 16.89 9.80 11.35 9.61 9.89 10.61 13.42 10.73 11.71
gpt-0ss-20b 0.12 1.00 024 165 019 091 0.07 6.17 1.20 042 031 1.68 041 0.77 0.19 2.79
Kimi-K2-Thinking 30.99 42.68 40.21 27.42 27.96 3537 32.86 36.94 37.50 32.07 31.07 30.96 31.61 36.10 34.10 31.18
GLM-4.6-Thinking 32.67 35.73 30.04 20.85 28.10 33.95 27.99 24.78 35.01 28.28 25.83 26.68 31.73 32.51 27.78 24.10
Qwen3-14B-Thinking 13.01 15.89 12.62 11.62 11.07 11.31 1049 17.06 16.03 11.93 11.09 8.89 13.12 12.66 11.23 11.92
Qwen3-32B-Thinking 17.63 18.09 17.14 14.62 13.68 1541 16.13 16.11 21.30 12.74 12.73 1036 17.23 15.19 15.25 13.33
Qwen3-235B-A22B-Thinking 33.29 38.93 34.79 28.92 29.23 36.12 30.75 31.11 36.69 29.67 24.63 2493 3279 34.67 29.72 27.92
DeepSeek-V3.2 28.25 31.32 28.69 26.31 24.22 28.37 25.29 29.06 35.69 24.20 18.89 28.54 28.76 27.72 24.01 27.86
DeepSeek-V3.2-Thinking 29.41 33.66 31.53 23.69 24.02 25.25 25.46 30.78 35.46 23.23 21.50 26.25 29.13 26.68 25.66 26.46
DeepSeek-R1-0528 29.39 27.50 27.89 30.00 26.96 27.45 27.08 34.28 38.77 25.00 23.11 29.75 30.92 26.64 25.96 30.97
Average 21.11 23.84 21.52 1824 1791 21.39 19.36 2290 25.08 18.36 16.52 18.40 21.04 20.99 18.96 19.46

Table 6: Impact of different prompting strategies on model performance. The table compares the effectiveness of four
prompting methods: Historian Role-playing (Role), Professional Prompting (Prof.), Chain-of-Thought (CoT),
and Retrieval-Augmented Generation (RAG) across Term Interpretation, Fact QA, and Historical Reasoning

tasks.

thesis and research-oriented reasoning.

G Case Study

We conducted detailed case studies on Tasks T1-
T4, as shown in Figures 15, 16, 17, 18, 19,and 20.
By analyzing the T1 to T4 cases, we can draw
the following conclusions about LLMs’ capabili-
ties in historical research: (1) Lack of fine-grained
knowledge: In T1 and T2 task, the model often
provides correct “general definitions”, but when
faced with rubric-required specific details (e.g., the
names of specific punishments, or exact time points
in the evolution of certain official titles), it is prone
to omissions or hallucinations. (2) Temporal con-
fusion: In the T3 (historical reasoning) task, the
model tends to confuse institutional differences
across dynasties (e.g., Tang—Song vs. Ming—Qing).
For example, when explaining the “metropolitan
examination” (Huishi, 251zt), some models fail to
accurately distinguish that the term became stan-
dardized in the Ming—Qing, and instead make a
loose analogy by mapping it to the Tang—Song
“provincial examination” (Shengshi, /3. (3) Dif-
ferences in hard-constraint adherence: T4 (Celun
Generation) shows the greatest variation among
models. This is the most difficult task because it re-

quires the model to satisfy both format constraints
(the baguwen structure) and negative constraints
(name taboos). Some LLMs (e.g., Gemini-3-Pro)
perform excellently on both taboos and structure,
while others (e.g., Qwen3-235B) received a score
of 0 for failing to follow the taboo or format re-
quirements.

H Specific Source of ProHist-Bench

Ancient Chinese Text, including Ancient books,
local gazetteers, original archival compilations, and
eyewitness accounts:

- (1) EHEEE, k.
B (BRERZEF) | KU
., 20194,

o (&) ERINEEE, EEH . 5ETK
F GREFEEEPRE) | BRIG EIX
KEHRRA, 20094,

o (IMLERL) WEZNS: (INLEE)
F168 (HELE—) . WM IHLARE
Bt 20194,

o BER FEg: GEREBEER) . &
RO HRRRE, 19924,

= ENE
iyt
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RAG (k = 10) RAG (k = 20)

Model

Concept Fact Historical Concept Fact Historical
Interpretation Exposition Reasoning verage Interpretation Exposition Reasoning Average
Closed-Source Models
Claude-sonnet-4.5-20250929-Thinking 11.86 15.33 16.53 14.25 12.65 21.82 16.50 16.10
GPT-5.2 14.41 23.46 19.05 18.65 11.81 22.24 18.04 16.35
GPT-5.2-Thinking 16.10 21.54 21.16 19.25 16.39 26.71 19.75 19.94
GPT-03-2025-04-16 20.28 19.79 24.58 21.25 20.84 27.76 21.42 22.67
Gemini-3-Pro-Preview 25.17 28.83 28.79 27.35 26.48 24.59 26.50 26.04
Gemini-3-Pro-Preview-Thinking 22.62 28.88 32.11 27.21 24.97 24.82 24.83 24.89
Qwen3-Max 17.24 24.17 24.95 21.58 17.94 26.00 24.17 21.92
Open-Source Models
Llama-4-Scout-17B-16E-Instruct 4.62 6.54 3.74 5.03 5.00 7.12 7.96 6.49
gpt-oss-120b-mxfp4-high 9.97 12.08 13.42 11.58 11.61 14.35 11.42 12.19
gpt-0ss-20b-mxfp4-high 1.72 2.38 0.37 1.58 1.19 2.88 6.96 3.51
Kimi-K2-Thinking 23.62 25.29 24.47 24.40 22.19 28.82 25.79 24.96
GLM-4.6-Thinking 13.69 22.21 20.42 18.31 17.10 22.94 15.63 17.99
Qwen3-14B-Thinking 8.90 14.67 12.00 11.64 9.16 16.82 11.79 11.85
Qwen3-32B-Thinking 11.03 13.17 14.47 12.65 12.81 11.29 14.29 12.94
Qwen3-235B-A22B-Thinking 17.93 18.29 22.16 19.17 16.74 20.94 15.25 17.24
DeepSeek-V3.2 21.07 23.92 22.89 22.50 23.55 24.65 24.75 24.21
DeepSeek-V3.2-Thinking 21.55 24.54 28.53 24.39 17.81 30.24 23.96 22.79
DeepSeek-R1-0528 25.24 24.58 26.00 25.22 20.13 32.35 29.13 26.01
RAG (k = 50) RAG (k = 100)
Model Concept Fact Historical Concept Fact Historical
Interpretation Exposition Reasoning verage Interpretation Exposition Reasoning Average
Closed-Source Models
Claude-sonnet-4.5-20250929-Thinking 20.72 12.13 11.77 14.13 16.17 16.11 7.71 12.51
GPT-5.2 24.17 15.13 16.58 18.01 17.96 19.67 13.29 16.38
GPT-5.2-Thinking 27.11 19.83 15.52 19.79 19.52 24.17 18.16 20.10
GPT-03-2025-04-16 28.17 22.17 18.03 21.89 22.09 32.39 23.03 25.07
Gemini-3-Pro-Preview 27.06 27.87 22.81 25.49 26.09 28.22 23.52 25.51
Gemini-3-Pro-Preview-Thinking 27.28 23.04 20.32 22.93 26.22 24.94 20.94 23.63
Qwen3-Max 26.28 17.65 18.26 20.07 19.65 26.28 19.26 21.14
Open-Source Models
Llama-4-Scout-17B-16E-Instruct 9.11 4.65 7.45 6.97 7.39 7.44 6.26 6.92
gpt-oss-120b-mxfp4-high 19.56 11.57 5.58 10.99 12.83 9.67 7.74 9.85
gpt-oss-20b-mxfp4-high 3.78 0.61 1.97 1.99 0.61 1.39 1.58 1.22
Kimi-K2-Thinking 31.67 21.30 24.19 25.14 16.57 26.28 19.77 20.38
GLM-4.6-Thinking 19.00 16.09 21.42 19.11 17.35 19.17 17.00 17.65
Qwen3-14B-Thinking 16.56 7.35 11.19 11.31 7.70 18.22 8.84 10.82
Qwen3-32B-Thinking 18.89 11.78 9.52 12.58 12.57 17.94 10.58 13.06
Qwen3-235B-A22B-Thinking 18.78 13.70 15.74 15.85 16.78 31.89 14.74 19.68
DeepSeek-V3.2 25.44 21.39 20.19 21.89 2222 24.72 20.19 21.97
DeepSeek-V3.2-Thinking 33.78 18.91 20.16 23.17 22.26 24.00 22.77 22.92
DeepSeek-R1-0528 25.83 19.65 25.16 23.57 18.17 23.94 23.58 21.94

Table 7: Performance comparison of LLMs with varying numbers of retrieved documents (k) provided as context.
Here, k € {10, 20,50,100} denotes the specific number of top-ranked documents retrieved and concatenated into
the input prompt for each model.
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Model Performance: General vs Hard Difficulty

L 16.49 Difficulty Level
Claude-sonnet-4.5-Thinking . :
T 5 m= General
: : = Hard
GPT-5.2
R + 54
Thinki 17:50
GPT-5.2-Thinki :
5.2 1] ng 6'61
17.97 !
GPT-03-2025-04-16 . :
7.42 :
] .46
Gemini-3-Pro-Preview 13.62 :
N ;- 5
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e, R - 7>
en3-Max :
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Figure 13: Performance gap between General and Hard difficulty levels. The sharp decline in average scores (20.89
to 8.39) confirms the benchmark’s rigor in distinguishing deep historical reasoning from basic factual recall.
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Model Ancient Ancient Geo Ancient Ancient Admission & Keju Registration Ancient

Social Net & Transport Education Official System Career Path & Process Academic Thoughts

Closed-Source Models
Claude-sonnet-4.5-20250929-Thinking 24.00 11.17 13.75 15.70 15.23 12.34 19.00
GPT-5.2 15.00 15.28 11.30 12.07 12.88 12.07 16.75
GPT-5.2-Thinking 27.80 10.11 15.00 17.26 18.85 14.18 23.00
GPT-03-2025-04-16 22.80 18.22 15.50 18.61 17.07 13.81 21.88
Gemini-3-Pro-Preview 36.20 27.33 23.02 31.22 27.48 26.82 39.88
Gemini-3-Pro-Preview-Thinking 25.80 29.83 26.48 29.43 28.45 25.62 36.63
Qwen3-Max 27.40 22.72 16.14 20.54 20.93 18.12 23.50

Open-Source Models
Llama-4-Scout-17B-16E-Instruct 3.20 2.44 2.36 2.72 2.48 2.78 3.75
gpt-oss-120b 15.80 13.50 7.86 10.59 10.90 10.78 22.38
gpt-0ss-20b 0.00 1.22 0.20 0.11 0.35 0.20 0.00
Kimi-K2-Thinking 35.40 27.11 25.09 24.52 26.37 22.00 40.25
GLM-4.6-Thinking 41.20 28.72 25.23 30.57 23.07 24.40 32.25
Qwen3-14B-Thinking 20.60 8.94 13.29 14.52 13.78 10.66 14.50
Qwen3-32B-Thinking 17.20 10.94 13.70 19.87 16.47 14.66 22.50
Qwen3-235B-A22B-Thinking 52.00 30.33 30.84 3250 29.73 26.20 40.88
DeepSeek-V3.2 23.60 18.28 19.23 21.72 21.58 18.54 28.00
DeepSeek-V3.2-Thinking 22.60 22.56 18.34 23.35 23.92 18.82 22.50
DeepSeek-R1-0528 33.80 30.44 27.13 32.52 29.67 26.84 44.38
Model Ancient Society Keju in Keju Reform Keju Keju Definition Keju Materials /

& Economy Human History & Abolition Literature & Evolution & Life Sites

Closed-Source Models
Claude-sonnet-4.5-20250929-Thinking 11.09 15.13 12.70 16.27 12.05 11.75 /
GPT-5.2 8.88 3.60 10.74 12.18 10.92 13.00 /
GPT-5.2-Thinking 15.76 13.07 11.07 14.73 14.35 15.00 /
GPT-03-2025-04-16 13.71 19.40 13.04 20.00 13.45 15.13 /
Gemini-3-Pro-Preview 26.65 26.20 25.30 33.19 23.52 30.38 /
Gemini-3-Pro-Preview-Thinking 30.06 32.47 23.11 31.09 23.81 22.13 /
Qwen3-Max 16.85 10.33 15.63 2191 17.43 17.50 /

Open-Source Models
Llama-4-Scout-17B-16E-Instruct 2.09 1.13 1.67 6.55 2.12 4.38 /
gpt-oss-120b 11.88 12.60 9.93 8.18 10.23 14.00 /
gpt-0ss-20b 0.91 0.00 0.44 0.00 0.20 0.00 /
Kimi-K2-Thinking 24.68 13.80 17.44 26.36 21.40 28.13 /
GLM-4.6-Thinking 20.59 26.13 24.26 29.64 22.18 26.25 /
Qwen3-14B-Thinking 11.26 9.87 8.52 15.64 10.49 20.50 /
Qwen3-32B-Thinking 13.41 7.13 11.81 16.64 14.42 16.12
Qwen3-235B-A22B-Thinking 26.59 23.20 26.48 27.27 27.17 32.75 /
DeepSeek-V3.2 19.47 13.33 12.93 2491 15.82 20.00 /
DeepSeek-V3.2-Thinking 16.71 13.93 12.37 25.36 14.60 24.13 /
DeepSeek-R1-0528 24.12 23.00 22.11 29.36 25.68 25.75 /

Table 8: Fine-grained performance across specific historical topics. The table reports the evaluation scores of
varying LLMs on 13 distinct topics.
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Term Interpretation Fact QA Historical Reasoning Average
BL RG BS RS BL RG BS RS BL RG BS RS BL RG BS RS
Closed-Source Models
Claude-Sonnet-4.5-Thinking 142 176 7124 1272 336 5.12 71.68 1521 233 657 7142 11.87 253 476 7149 12.99

Model

GPT-5.2 239 032 7012 1155 6.01 4.83 7205 7.68 1.18 4.09 71.78 1272 3.50 346 71.48 11.07
GPT-5.2-Thinking 213 1.06 7037 15.08 796 6.24 7195 1131 1.81 516 7195 1495 445 458 71.55 14.08
GPT-03-2025-04-16 292 1.12 7215 14.16 1495 4.68 72.87 1510 2.77 425 7259 1479 7.88 3.65 72.60 14.66
Gemini-3-Pro-Preview 0.60 3.24 7343 2957 261 6.66 7415 31.86 2.08 7.98 7413 27.53 194 627 7397 29.29
Gemini-3-Pro-Preview-Thinking 0.63 1.65 73.35 2442 370 6.54 74.18 3047 194 6.08 74.03 2635 235 516 7392 26.73
Qwen3-Max 0.00 3.54 7479 1635 7.64 744 7514 1929 478 796 7500 17.85 477 6.64 7501 17.71
Open-Source Models
Llama-4-Scout-17B-16E 0.00 043 7128 251 621 371 73.11 346 0.00 429 73.18 244 259 3.09 7268 272
gpt-oss-120b 032 022 68.69 11.21 227 231 7054 796 0.73 229 7085 12.07 127 1.78 70.18 10.75
gpt-0ss-20b Fail Fail Fail  Fail  Fail Fail Fail  Fail  Fail Fail  Fail  Fail  Fail  Fail  Fail  Fail
Kimi-K2-Thinking 2.16 344 7325 22.69 6.10 7.21 73.12 22.67 1.61 7.69 7328 2293 3.62 643 7320 2279
GLM-4.6-Thinking 048 1.67 71.26 2593 340 5.88 72.69 2421 1.65 6.73 72,60 23.10 2.09 5.11 7230 2432
Qwen3-14B-Thinking 034 052 71.87 11.08 3.11 4.87 7329 13.16 1.53 434 7328 11.09 1.89 3.61 7293 11.61
Qwen3-32B-Thinking 043 088 7197 1349 3.60 5.16 7325 13.87 135 481 7343 1423 206 397 7299 13.89
Qwen3-235B-A22B-Thinking 030 3.83 71.70 2673 1.62 6.23 72.81 3036 099 5.01 7270 2795 1.08 522 7250 28.14
DeepSeek-V3.2 093 2.64 7290 1656 9.25 734 73.68 2330 1.70 7.44 73.80 17.83 4.65 6.20 73.52 18.77
DeepSeek-V3.2-Thinking 0.68 2.57 73.00 1629 7.99 7.73 7348 2447 422 6.88 73.62 1721 491 6.16 7341 18.72
DeepSeek-R1-0528 047 283 7222 2520 345 871 7349 3131 1.14 6.80 7342 2555 193 6.60 73.15 26.87

Table 9: Detailed results of different LLMs on the T1-T3 tasks. The table presents the performance of representative
closed-source and open-source LLMs. The metrics reported are BLEU (BL), ROUGE (RG), BERTScore (BS),
and Rubric Score (RS).
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T1: EANKBREITRIDERE

T1: Define Juren Datiao (The Grand Selection of Juren).

S A EEEEEEEEENEEEENEEENEDN
** '0‘

*

Golden Description Sample

*Score:74
------ Rubric2: 5 2 A KR W ER SR EFET
REANTENSHERL, [ Point out that Juren
Datiao (Grand Selection of Juren) was a selection
process designed to provide opportunities for
entry into officialdom for Juren who had failed R
the Metropolitan Examination for several
consecutive sessions. |

""" Rubricd: B% %\ KHEA B 18 AR AR IR
5Rxt, [ Specify that the assessment criteria

for Juren Datiao  focused on the *Score:87
candidates’ physical appearance and their
manner of verbal responsiveness

(conversational poise). ]

Sypusmssssssnsnsnennnnnnnnns®

L o

* *
..llllllllllllllllll“

“llIlllllllIlllllllllllll-..

*Score:26

------ AREF=R (—HER, FEA=H) SMRMREEPHLHEN HFH
BRESM AH] . ~EFEETERBEENER. K. EYHBREX
B[ All Juren who had partici in the M i ination for three
consecutive sessions (some sources say four, but it was later fixed at three) without
attaining the Jinshi degree were eligible to apply for the Datiao. The examiners
determined the selection or rejection of candidates primarily based on their physical
appearance, physique, and manner of and verbal r i 3

FEARP-WRESRERERE ERERZMN L) BRBEAGHAEN, - BER

HBOARERIER . 5. SEABXHKRE [ Juren Datiaowas targeted at Juren
who had failed the Metropolitan Examination multiple times (typically required to
have failed at least three sessions) and had not yet been appointed to any official
posts. The-core criteria for selection were physical appearance, stature,
temperament, and verbal responsiveness (the manner of conversation and
poise) ]

------ FEMAHABESM, BEBEHES N NRE —ERE (M=NFH) RE
B—EEH. o ERIORER, FRMR ML - --Participation was not
open to all Juren. it was restricted to those who had failed the Metropolitan
Examination a certain number of times (typically three sessions) or had reached a
specific  age. The core criteria for i were  "physical
appearance” and "verbal responsiveness” (poise and eloquence in answering). - ]

AR BERNE R (EA) BRME#HE. KRN EHRTRP YL (BRS

B, XBEEHHNEE) - H—FERER TR [ ~This was a special selection
mechanism conducted periodically in the capital for Juren who had not yet attained
the Jinshi (Metropolitan Graduate) degree and had remained on the waiting list
for official appointments for an extended period. The process involved a centralized
evaluation of the candidates' aptitude, literary proficiency, and logic, followed by
their classification into different grades for appointment. -+ 1

T1: ENR B aSch P RN T2 AR

T1: Define the Mokan (Post-examination Audit) in the Qing Dynasty imperial examinations.

“IIIIIIIIIIIIIIIII...‘

*Score:50

Golden Description Sample

------ Rubric2 B EEREBBHARE, L. &1
BEEETRENRSREYE, BEREMR
EHETRE. [

of Mokan (post-examination audit) in the

State the process
Qing Dynasty: after the results of the
Provincial (Xiangshi) and Metropolitan (Huishi)
examinations were announced, the answer
scripts of the successful candidates were sent
to the imperial court, where the court would *Score:50
appoint officials to conduct a thorough

inspection of the papers. ]

“IIIIIIIIIIIIIIIIIIIIIIIIII..
. .
..llIIIIIIIIIIIIIIIIIIIIIII‘

*

* * o
“ysssssnsnsnsnnnnnns?® *Score:33

------ B EE A SRR WBE ZE 81T, MMERR BHE" (BEEHHREER. #
BEEE) . NREBHM PR (F) HEnikE.
place after the results of the Provincial i p

Examination(Huishi) are announced. "Audit
Officials" (Mokan Guan), who are typically drawn from the ranks of the Hanlin
Academyand the Censorate (Imperial Censors).The audit is primarily directed at the
examination scripts of the successful candidates (those who have passed). 1

------ BEESH. SUBBZE#HT (BRED0HELXOEFERXNEL) . HE/HRH

ZRBENH, BRAHEABHFEHELISHAEERTHIA. [ -This process was
typically conducted after the results of the Provincial (Xiangshi) and Metropolitan
(Huishi) ions were (a similar, albeit simplified, procedure also
followed the Palace Examination). Although the names of the successful candidates had
already been publicized, their final academic degrees and honors could only be
officially confirmed once they had successfully passed the Mokan audit. - 1

BHRASR. SREEAZRMBEE, BPRENNM (TERIU) HhXHA
REMABHETEE, NENEXEE THEHTHZNEE. [ Mokan (Post-

examination Audit) specifically referred to the system in which, after the results of

the Provincial i (. and Metropoli (Huishi) were
i central (primarily the Ministry of Rites) would

d a the h of the ion scripts of successful
didates (Juren and hi) and audit the performance of the relevant examination

officials. =+ 1

------ EXEEPHES. MEBRZE, HFRER (REHE") HERFHHERE
W& M TESI%E ., [ ~After the Chief Examiners have completed the initial
grading, finalized the selection of scripts, and drafted the rankings, separately appointed
officials known as "Audit Officials" (Mokan Guan) perform a script-by-script verification
of the successful candidates' examination papers and the official recruitment

Figure 15: Case study on Task T1 (Part I): Qualitative Results.
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T1: SHTEEHI TR IAER.

T1: Provide a definition for Zhigongju (Chief Examiner)

S A EEEEEEEEENEEEENEEENEDN
** '0‘

*

*Score:67

Golden Description Sample

~~~~~~ Rubric5: 42 E| AT HMH LR R E: M
TERFHIMME AR, [ In discussing the
historical evolution of the Zhjgongju (Chief

*Score:67

Examiner), it should be noted that the position
first emerged during the Tang Dynasty. ]
*Score:50

“llllllllllllllllllIlllll-..
Sypusmssssssnsnsnennnnnnnnns®

* L4

* *
..Illlllllllllllllll“

*Score:33

""" AR HRER AR ERE RIS, BEX RIS KL BEBER. 1
B A EE EEE WA “MFTEE” . [~ The regular examinations (Changke) of the
Tang Dynasty were presided over by the Kaogong Yuanwailang of the Ministry of

Personnel. During the Kaiy era of Emp the ponsibility was
shifted to the Libu Shilang (Vice Minister of Rites). At this time, the chief examiner
was commonly referred to as the "Zhigongju™ . = ]

------ BRSER: (M73) WA TES. FH%bERED RONE TR, FHEM

AR, HRERRTFH, KB MER (FEEHILIBEBRFH) BEMT
Bl oo [ -Origins and Devel : This position was first ished during
the Tang Dynasty. Initially, the examinations were administered by the Vice Director of
the Bureau of Merit (Kaogong Yuanwailang) under the Ministry of Personnel. =+ 1

Tang Dynasty was the period during which the Zhigongju system was officially
formed and came into widespread use. Typically held by the Vice Minister of Rites. -

""" R EFMEAES. THRENER--AAESTEEHAFNEEE (SRFE
R, ERBAREIEERE) . [ - Zhigongju Refers to officials temporarily
appointed by the Emperor to preside over the civil service examinations (Gongju). This
role was roughly equivalent to what was called the "Chief Examiner" in later
generations (primarily seen in the Tang and Song dynasties, with the title or
similar designations continuing in subsequent eras). = 1

T: MR FETREAERE.

T1: Provide a definition for Huishi (Metropolitan Examination )

“lllllllllllllllllll.
*
L4

*

*Score:36
Golden Description Sample

""" Rubricd: EH SRS, TH. BENTL,
FERPREN TR, FREEATL. SR
ENEERPHRIE.SE. [ Describe the

evolution of the Metropolitan

*Score:36

Examination (Huishi) during the Jin, Yuan, Ming,
and Qing dynasties, primarily focusing on
changes in admission quotas, examination
timing, and its hierarchical status within the *Score:36

imperial examination system. ]

“ypmsnsmsnssssnsnenennnnnnns®

¢ E NN EEEEEEEENEEEEENEEEEEE Ny

*
*
o

*Score:36

“sgssnsnsnsnnnnnnnnns®

BAEX: SRENEERP, 4 5H (BRER) 2EHEZRERK - BEH

"ERAAREIHEEMERER. (£X KR Krubricl B &) [ Basic
Definition: The Metropolitan Examination (Huishi) is the second-tier examination in the
imperial civil service system, following the “Provincial Examination” (Xiangshi). It is a
nationwide selection process through which Juren (Provincial Graduates) advance to
become Gongshi (Tribute Scholars).(The entire text makes no mention of the
content related to rubricl.) ]

""" ERWER - SR —ARRETHE - EREUERR AR (BEBEE
#) . oo ([ o] Regarding the claim that "the Tang and Song called it Huishi"the
term Huishi (Metropolitan Examination) was actually standardized during the Ming and
Qing dynasties. | In the Tang and Song, the equivalent examination was known
as Shengshi (Departmental Examination), as it was administered by the Department of
State Affairs (Shangshu Sheng). -+ 1

------ SRRWENY (ARERATHE, ETEHEER) ARHRBILBIHNLE
MR, FLRRENEXRET. [ The Metropolitan Examination
(Huishi) was a nationwide imperial examination held in the capital during the Ming
and Qing dynasties (the system reached maturity during this era, though its
origins can be traced back to the Tang and Song). - 1

S PEERNEHEDH—RER, BEETRBILBES (XRAULBRFH
P o == (£ KR KrubriclBZ) [ Metropolitan Examination (Huishi)

A major level of the imperial examination system in ancient China, the Huishi was
typically held in the capital and administered by the Ministry of Rites (hence also
known as the "Ministry Examination” or "Spring Examination"). ).(The entire text
makes no mention of the content related to rubricl.) ]

Figure 16: Case study on Task T1 (Part IT): Qualitative Results.
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T2: BARMEEERSER. ERNELE?

T2: How did the Ming Dynasty punish candidates for examination irregularities and cheating?

S A EEEEEEEEENEEEENEEENEDN
** '0‘

*

*Score:63

Golden Description Sample

------ Rubric2: % H IR W RH EB N FEF U TE
AR BERYH S, [ The Ming Dynasty
had the following punishment methods for *Score:14
students who cheated in the imperial examination:
first, they were " fuchu ”on the spot. ]

Rubric3:% H “$k i BV BUGH & FE L% £ S iz R
ERBHEE.

revoking the eligibility of all non compliant

[ Answering “fuchu” means
*Score:33

candidates to take the exam in that subject. ]

Sypusmssssssnsnsnennnnnnnnns®

“llllllllllllllllllIlllll-..

* L4

* *
..Illlllllllllllllll“

----- —BEEGAREIN BN, FELTNAERKEES: JLIEEREE WEERE
1&IRFHFBE, [ ~Once an irregularity is discovered within the examination hall, the
candidate will immediately face expulsion (fuchu): their eligibility is terminated on the
spot, and they are forcibly escorted out of the Examination Compound (Gongyuan) by
officials or bailiffs. -+ ]

------ LiHFB. BUBAREREE: MABKEMN, KERITIMERELES, KHER
EE. XERRBEHLT. (B8R Krubric2E R A R) [ ~Summary dismissal and
disqualification from the current examination: For first-time minor irregularities, the
proctor could immediately expel the candidate from the hall and void their results for that
session. This was the most lenient penalty. -(Missing content required by rubric2) ]

------ 1) BiH SLRES: IR XFHE K. 2) FHSNRLS: FiE. FHE EZEFH
BYHE, (R % rubric2E R (IR &)[ --~On-site and Session-specific Penalties: This
involves the immediate invalidation of the candidate's current examination results. 2)
Penalties against Status and Academic Titles: This includes removal from the official student
registry (geji), disqualification from future examinations, and even the retroactive revocation
of previously earned academic degrees or titles. -(Missing content required by rubric2) ]

------ WEEEEMNRAEEARN: MSTFX. HF/EH. ERIE, REXE.
rubric2 E R 9 A B)[ Specific punitive measures for candidates caught cheating:
(Jiahao):Wearing a heavy wooden collar for public humiliation. Corporal punish
(zhangze/chixing). Stripping of academic degrees and titles (gechu gongming).Penal
military servitude (fape/ chongjun):Exile to remote borders for military service. (Missing
content required by rubric2) - 1

(BR%

T2: R R HI BB

T2: Briefly describe the palace examination system in the Song Dynasty

“lllllllllllllllllll.

*
*

*Score:18

Golden Description Sample

------ Rubric25: % RRBRGES HRE. B,

BHS. [ In the Song Dynasty, the titles
conferred upon candidates who passed the
imperial examinations (dengke) were

categorized into three grades: Jidi (Passed with
Highest Distinction), Chushen (Possessing the
Status), and Tong-chushen (Equivalent to the

Status). ] 5 o
core:

“ypmsnsmsnssssnsnenennnnnnns®

‘-IlllllllllllllllIlllllll-..

*
*
o

*Score:14

“sgssnsnsnsnnnnnnnnns®

""" FBRH (Z84) @ REBGSA=R (FER, FEA=F) . —BH#tt:
RE", —HEBHtHE. ZRBEELHE. [ -+Graded Admission
(Sanjia):Palace Examination results were categorized into three tiers (originally five, but
later fixed at three):The First Tier (Yijia): Conferred the title "Passed with Highest
Distinction™ (Jinshi Jidi). - The Second Tier (Erjia): Conferred the title "Possessing
the Status of Jinshi" (Jinshi Chushen).The Third Tier (Sanjia): Conferred the
title "Equivalent to the Status of Jinshi" (Tong-jinshi Chushen). - ]

------ BIANSGH IR (BREEHERA=F) | —B=F, BHELRE". -
EF&, Bt g”. =B: EHTH, BE#LHS".
Examination results were divided into five tiers (which were gradually fixed into three
tiers after the Southern Song Dynasty)The First Tier (Yijia) were conferred the
title “Passed with Highest Distinction® (Jinshi Jidi). -~ The Second Tier (Erjia), who
were conferred the title "Possessing the Status of Jinshi" (Jinshi Chushen).The
Third Tier (Sanjia), who were conferred the title "Equivalent to the Status
of Jinshi” (Tong-jinshi Chushen). -+ 1

------ JERFIE—ROAER (%) . F—. ZHEBHIRE, F=AHH#LHS",
$Em, ARG E#ELHS”, [ ~During the early period of the Northern Song
Dynasty, candidates were generally categorized into five tiers. The First and Second
Tiers were conferred the title “Passed with Highest Distinction" (Jinshi Jidi);
the Third Tier was conferred "Possessing the Status of Jinsh” (Jinshi Chushen);
and the Fourth and Fifth Tiers were conferred "Equivalent to the Status of Jinsh’”
(Tong-jinshi Chushen). - 1

----- BRABEABHE FTEATEFRHBSHE, B ELREF, SH—F. =

o Eliflo === [ - The Palace Examination ceased to fail candidates, serving primarily
as a mechanism for re-ranking and categorization into tiers. - Titles such as "Passed
with Highest Distinction" (Jinshi Jidi) and others were conferred, with the
graduates divided into the First, Second, and Third Tiers (Sanjia). - 1

Figure 17: Case study on Task T2 (Part I): Qualitative Results.
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T2: EEERBEENEGHSTEDROTESITIG.

T2: Explain the complete operational mechanism of the Changju (Regular Imperial Examinations) in the Tang
Dynasty, from the local level to the central government.

“lllllllllllllllllll..
.0 *

Golden Description Sample Score

~~~~~~ Rubricl0:F AR, @IS FZE, F
REFXSMAER, BIFHRER, HE—REE
B . [ State that candidates of
the Mingjing and Jinshi categories, after
*Score:41
passing all necessary audits and reviews,
would sit for the examination in the
spring of  the following year.
Consequently, it was also known as the
. N o *Score:35
"Spring Examination" (Chunwei), with the
timing generally set in the first lunar

month. ]

Sypusmssssssnsnsnennnnnnnnns®

eI NN EEEEEEEENSEENEENEEEEEE W,

* L4

*Score:21
* 4
®sasssssssEEEEEEEnEns

------ BEEREES (SAEA) , KHEE, [ It was typically held in the
spring of the following year (around the second lunar month), and was thus known
as the "Spring Examination” (Chunwel). - 1

""" PRET: GBEER (ABR") . REEA (BRRAREF) BRE5R
B, e ([ o The Central Stage: The Departmental Examination (Shengshi) of the
Department of State Affairs (also known as the “Ministry of Rites
Examination”). Candidates would travel to the capital to report for registration in the
first lunar month of the following year (the spring following the local qualifying
examination (Jeshi) . ]

------ PRER: A, HEI: SEEA (FEEF-E=H) . - ~Central
Examination: The Departmental Examination (Sh ).Timing: Held in the
first lunar month (later fixed between the second and third lunar months). - ]

------ PRAZOHT: ABRE (AABRK/AR) | ABEEH, REAFXSEAER &
BT RBURX R E R (K% RrubricERAEHEBEEA. ) [ ~~The core
central stage: The Ministry of Rites Examinations (Shengshi). These were presided over
by officials from the Ministry of Rites, with Deputy Examiners and Co-examiners
appointed, - (Missing required time-related information in rubric.) ]

T3: RIRRKHEFZ=RFIE.

T3: Discuss the Tezouming (Special List) System of the Song Dynasty.

“lllllllllllllllllll.
*

L 4
*

*Score:70

Golden Description Sample

~~~~~~ Rubrica: & B FE=4 (970) R IBRAFE,
CRBEREFTEHHIEN . [ State that

the Tezouming (Special List) system was

*Score:81

established in the third year of the Kaibao era
(970), and became a formalized institution

during the reign of Emperor Renzong. ]
*Score:81

“ypmsnsmsnssssnsnenennnnnnns®

¢ E NN EEEEEEEENEEEEENEEEEEE Ny

*
*
o

*Score:14
..llllllllllllllllll“

------ REZHFERTRY, K. ARMHEEH, THEFEHER, 2 TRE
REH, REEMAL, “RAB+E "R FRE+UE"FTHABARE
=, [ The "Tezouming" system originated in the early Song Dynasty. During the
reigns of Emperors Taizu and Taizong, conferments were largely basis at the emperor's
discretion. By the reign of p the r i b more
granular; Candidates who had "sat for the Ministry of Rites examination ten times" or
were "over fifty years of age" could be formally listed by the Ministry of Rites: ]

------ MO SEM: EFTAERE=F (9624F) , AKRD, FRUBSEMR, —HIE

5T K CRBWTE (10345F) BRFSHERM. ABEBFHN (WCRHA
FHEREFERA300A, BEEFER) . [ It was first introduced in the third
year of the Jianlong era of Emperor Taizu (962 AD) -~ ‘The imperial edict in the
first year of the Jingyou era of Emperor Renzong (1034 AD) marked the maturity
of the system. - ]

------ LERARRE-F (1005%) EXRALERER: #LHAEE (SMERE

) o == [ --The basic framework was formally established in the second year of
the Jingde era (1005 AD) under Emperor Zhenzong of the Northern Song: [it
required] five attempts (Wuju) for the Jinshi category, meaning participation in five
Departmental Examinations (Shengshi). -+ 1

------ FEMBITEEN, BEREKE. ERATBSHFENEBER, HRTLRER
Bl e FERFEHFESEG L[ ~The system evolved from an ad hoc
practice to a fixed institution, followed by periods of repeated tightening. In the early
Northern Song, it was largely characterized by temporary imperial grace and had
not yet fully ili into an i precedent; - by the mid-to-late
Northern Song, it gradually became "routinized”. - 1

Figure 18: Case study on Task T2 (Part IT) and T3 (Part I): Qualitative Results.
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T3: TRNEEMLEFR?

T3: What were the characteristics of the imperial examination system in the Yuan Dynasty?

‘lllllllllllllllllll..
*

*

Golden Description Sample

------ Rubric7: & B TARI R LEREIINAL BA.
[ State that the Left List (Zuobang) of the Yuan
Dynasty imperial examinations was specifically
designated for the Han people (Hanren) and

Southerners (Nanren). ]

“llllllllllllllllllIlllll-..
Sypusmssssssnsnsnennnnnnnnns®

* L4

* *
..Illlllllllllllllll“

T4: BRER—CEPELRRN GEXZ+HUE) pREs
HEE, BREHRZB/\RINEESRE—FRSH/\R,
MRBEFERIFNT, UHERE. FRTIERBL00F. iF
HEEE, MAHRSH/\RY, TEREEBRET. BER

“TEMmLER, MEERAXF. V[

candidate for the Jiachen year Metropolitan Examination during

Assume you are a

the Daoguang era of the Qing Dynasty (the 24th year of
Daoguang, 1844). Please write an Eight-Legged Essay (Baguwen)
strictly according to its formal requirements. If you encounter
characters that are subject to imperial naming taboos, annotate
them using pinyin. The length should not exceed 700 characters.
Please answer directly, providing only the essay itself without any

other content. The topicis: " ¥ ik, MBEEEXF. "]

eUEEEEEEEEEEEEEEEEEEEEEEEEEEY
Golden Description Sample

Rubric: BRI KA XA

BB RT TR S EOEEE.  (FEX T

FrEREER R, FAFERERN LBEF. )

*

uEEEEEEEEEN,

®aassnnmnnnns

*
4pEEEEEEEEEEEEEEEEEEEEEEEEER®

*Score:41

*Score:8

*Score:45

*Score:28

*Score:84

*Score:0

*Score:84

*Score:94

~~~~~ EABEHE FRONEE (HREA. @BA) MEH" (FXA. BA) .

TR A, AEMAETER. [ The examination was divided into the "Right
List" (known as Youbang, designated for Mongols and Semu people) and the “Left
List” (known as Zuobang, designated for Han people and Southerners)- ]

""" AEFR, BEALY. £ (K&, 8BA) © REARS, FMAHL BHK50%.
B XA BA) - [ ---The Left List (for Mongols and Semu): The examination
questions were easier, and the recruitment quota accounted for 50% of the total. The
Right List (for Han and Southerners): The questions were more difficult: ]

------ FRDEAARE. ZFEXA (REMVLERZRTIEAMANK. 2. X1 F) |
BA (RERGEERENK) Eik. [ -The examination was divided into Left
and Right lists. The Left List was for Han people (referring to those from the former
Jin Dynasty territory and early-submitting groups like the Han, Khitan, and
Jurchen) and Southerners (referring to the Han people from the former Southern
Song territory) to sit for the exam. - 1

------ TRBERIFRENFIERE: N Re. 80, RA. WA X SH HE,
NEGEARELHERREH.
recognizable institutional characteristic of the Yuan Dynasty examinations: Based on
the four ethnic identities—"Mongol, Semu, Han, and Southerner"—the system
featured differentiated exam questions or, at minimum, separately fixed
recruitment quotas. :(No mention of the "list" content required by the rubric.) ]

""" KB FrubricERMBA R, [ ~The most

""" REREFEN, RLFhongle, —NEZ, BAFEY, BEHFRZE,
BHESZEXFZRREZE. ~ZARRERN—, REALRMFA, M
ningiif U Bt 7= 2 ME K ?

------ RTZFEE, N—RZR. AREEXT, EEEEAN HERRE,
FEIZE/NRFT LI

------ BiFEAR Y DAL Kflhong (34) B, BFERANEXRLEY, $H5E
iy, MEIELHRI. ~FRZLE, hong (54) BEIRE, MRz AHEX

ARFEFQ WAL, SHERDME. T#E, EFEAAL E
BE, BIEGAE. ZRHER, FRAM, %A HREAXF!
ZFAEEE, WSHLHmE BRKRST MWRGLREMT. Z5E
PRI BRI E, ST HRMRELE, EHHENSER G, BUKT
RN, MRALE, AR, BTRLEHEH, MATHOC HE
FEHXF! R, BRFELL, FREMRE. HETED,
HEURE, FRKURS, L4NFE EEUFH. A—F—1mi
5, m—H—AfRAY, SEVHE, AHEE. RELED, BilNE
K, BENNE, BARTAYE, FEEMRZK. RELHK UKERE
A SMTHEIE, NEWERE. FREEREBHD, SRTEHHT.
AHBE, IMHSZE RARE, RAOLOZW. CRUERT L,
TENBSXE. Y247, EBAX, GFSRMABEM,_ELTH
Z &, HEERMRMA, RFLAZE. BEXTZII, REET,
BPOSETBRZH, WAKREEMXEER.

Figure 19: Case study on Task T3 (Part IT) and T4 (Part I): Qualitative Results.
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T4: BRARE—AEIER-_T—FTRANNRRSAEL,
ERPHZR/\BRXHNEEFRE—RRS/\BX, nRE:
FERBNT, UPEIE. FRAEENE50F, BEEES
. PRAHRER/BX, TERREMAT. "ZARKT, &
ARFEOKK HEMKK, TREEM_EF? -
[ Assume you are a candidate for the Renxu Metropolitan
Examination during the 21st year of the Kangxi era (1682) of the
Qing Dynasty. Please write an Eight-Legged Essay (Baguwen)
strictly according to its formal requirements. If you encounter
characters that are subject to imperial naming taboos, annotate
them using pinyin. The length should not exceed 650 characters.
Please answer directly, providing only the essay itself without any
other content. The topic is: "EAJART, FERSRMAKK.
KA, MREEM_EF? "]
‘IIIIIIIIIIIIIIIIIIIIIIIIIII..
Golden Description Sample
~~~~~~ Rubric: - fN4TA11: HAERKZE, KEZR
—RABBEST, BRRATBREMIE/AR, FER
ARBAERIE, AT —SEREXELE.

°

eSEEEEEEEEEN,
sasnnnnnnn’

4pEEEEEEEEEEEEEEEEEEEEEEEEER?

T4: BEARE—AFPEXTIEN (ER-+-F) mR%E
&, BERPERZR/\BEXHSEFRS—RRH/\BX, ng
BETERBNT., MoiEnE. FRAEBET00F, BEE
1, MAHREN/ KX, FERHEMRAR. AR F
B hBUAEE.

[ Assume you are an imperial examination candidate during
the Dingchou year of the Jiaging era in the Qing Dynasty (the 22nd
year of Jiaging, 1817). Please write an Eight-Legged Essay
(Baguwen) in strict accordance with the formal requirements of the
examination hall. If you encounter characters that are subject to
imperial naming taboos, annotate them with pinyin. The word
count should not exceed 700 characters. Please answer directly
and output only the essay itself, do not output any other

content. The topic is: "FH: AHIAE, "]

U N EEEEE NN EEENEEEEEENEEENEENEENNY

*

S Golden Description Sample :
E ------ Rubric:-- B3T3 ARX XM A4 3A
. BECBURET RS ES. (AR FR ]
b OEERT, FTRAWERERNEBE®T. ) .
:’ ...... 5

QAEEEEEEEEEEEEEEEEEEEEEEEEEER®

*Score:100

*Score:94

*Score:76

*Score:94

*Score:88

*Score:0

*Score:94

*Score:100

CREE) ~-RUEmER BEER MAEHR, BRMEEHS.
)

: REERACBZE, RREFMUHR, HEBR. K&: R

RE Exuan ye, ZRZH, BMRE. BHELE, EXTKEFE U

t(ﬂiE:F!?, MEAXFAER. REFFAETE? HRTRE RS,
kD> R

------ R BAKRZE RETER, BRZE, HUREC. H5&5KER
SHRBS, WREBMREC, MBAFAE. BEELEEEAZD, RN
KK, MARCZE, TRFMELL. (ERMURRER, &7 HE)

"""" (RiE) HAFREAMMBR, BRTANCZER, BARGELX,
MEXEAFTFRRZP . STSENEGET, CRRUALNE, HRRM
BB AR, M (BR) ANERSED. (KB) RELBSRK, S
ER. SEBSE, ®F0E. LYK, RREH AHAE, LAY
BE, BERG. CRWR, HEHRFE! (k2D i 88)

------ R—B2ZEF, BALZEN. BSHE, Miwan 8 ERE;
B—S2E, RSN, FEED, MBEARRE. - HBE
HEBETH.

‘‘‘‘‘‘ HE: BFERMART, KEHLHLL BEAt, YEkt, Ai
Tk AEER .

ERER HBEUIEA. ZEE, ROZRT, MBZARELD. X
?;Eﬁ?. T2 MBEERR . - FAN BB B, HRTHBUOE
HR! k!

E(TE, —58: HBME. AHTE, BME. BARMIEA, &
FIMES. CIEMALE, S0k, —ELE BEAMMURHE
BEE MREANSHS. #hH5 2, WRF. BE. XTE.

Figure 20: Case study on Task T4 (Part IT): Qualitative Results.
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Model Open-Source # Params Institution Deployment Domain
Claude-Sonnet-4.5-Thinking (Anthropic, 2025) No Anthropic Official AP General
GPT-5.2 (OpenAl, 2025a) No OpenAl Official API General
GPT-5.2-Thinking (OpenAl, 2025a) No OpenAl Official API General
GPT-03 (OpenAl, 2025b) No OpenAl Official API General
Gemini-3-Pro-Preview (Google DeepMind, 2025) No Google DeepMind Official API General
Gemini-3-Pro-Preview-Thinking (Google DeepMind, 2025) No - Google DeepMind Official API General
Qwen3-Max (Qwen Team, 2025) No > 1T Alibaba Official API General
Llama-4-Scout-17B-16E (Meta Llama Team, 2025) Yes 109B (17B active) Meta Locally Load General
gpt-0ss-120b (OpenAl et al., 2025) Yes 116.8B (5.1B active) OpenAl Locally Load General
gpt-0ss-20b (OpenAl et al., 2025) Yes 20.9B (3.6B active) OpenAl Locally Load General
Kimi-K2-Thinking (Team et al., 2025b) Yes 1T (32B active) Moonshot Al Locally Load General
GLM-4.6-Thinking (Team et al., 2025a) Yes 335B (32B active) Zhipu Al Locally Load General
Qwen3-14B-Thinking (Yang et al., 2025) Yes 14B Alibaba Locally Load General
Qwen3-32B-Thinking (Yang et al., 2025) Yes 32B Alibaba Locally Load General
Qwen3-235B-A22B-Thinking (Yang et al., 2025) Yes 235B (22B active) Alibaba Locally Load General
DeepSeek-V3.2 (DeepSeek-Al et al., 2025) Yes - DeepSeek-Al  Locally Load General
DeepSeek-V3.2-Thinking (DeepSeek-Al et al., 2025) Yes - DeepSeek-Al  Locally Load General
DeepSeek-R1-0528 (Guo et al., 2025) Yes 671B (37B active) DeepSeek-Al  Locally Load General

Table 11: Details of all evaluated LLMs.
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T1

Question:
ARG AT A FMERE . Provide a definition for
the term "Zhujuan (4:%)".

Reference Answer:
RERPEHEFREWEZ—. RAFEY
FATHRERM], FORE R IREDF R R
METNARBABYE, WA “RE” .
"Zhujuan" (literally "Vermilion Script") was a type
of examination paper within the imperial
examination system. During the reign of Emperor
Zhenzong of the Song Dynasty, a system of
transeribing exam scripts was implemented. After
an examinee's paper was sealed to conceal their
identity, it was sent to a transcription bureau where
specialized scribes would copy it using red ink.
This red-ink copy was called the "Zhujuan."

Rubrics:
407 Bonus Points :

-3y BIMREREMN F R G E TR
¥, Stating that the purpose of the Zhujuan
system was to prevent favoritism and corruption
among examiners. {+3}

4 HEHABRERT AHUEYREERE
F. Explaining that the Zhujuan was created
by scribes who transcribed the candidate's
"Mojuan” (Ink Script) using red ink. {+3}....
973 Penalty Points :

1. WAEARLGR, WAMBEEARERL, %
1424 Tnappropriate use of academic jargon,
such as forcing social science theories or making
improper analogies. {-3}

T2

Question:
BIspIIZ J5 “WeRR/\BSC” HRAEA RIS BT
B, RMICERFAE S s SR 7 S A48 01 s BE
S “WRNRIL” RAt4 . After the mid-Ming
Dynasty, the ‘Playful Eight-Legged Essay’ emerged,
building upon the official imperial examination's
cight-legged essay. Please introduce what the
*Playful Eight-Legged Essay” is from the
perspectives of its stylistic features, aesthetic
orientation, and historical value.

Reference Answer:

AERSEAEOR B, B RSCREIH Fx REH
%Féﬁﬂ‘t Lig 5 HREEERRE, &
SRETHEARASM) “fail” , 8L A BeMh 2
He2. ... In terms of aesthetic taste, the Playful
Eight-Legged Essay exhibits five pairs of distinct
contradictory features: 1. Vulgarity vs. Elegance:
Themes and language trended toward the vernacular,
pursuing a cynical 'vulgar interest and 'using the

sages' wine cup to drown one's own sorTows." ..

Rubrics:

16y EFHER) RSB BB AX 5,
RN T IRERE N il #B e SK
P2 2 M4 UK. Listing a type classified
by form: hybrid genres such as novels, dramas,
poems, and 'fenyong-style shi zhong' that
incorporated clements of the eight-legged essay. {+3}
17, B BIERTSEM b, Wxk/\BSCR B T
X B[ JEFFAE . Stating that in terms of
acsthetic taste, the Playful Eight-Legged Essay
exhibits five pairs of distinct contradictory

features. {+2}

T3

Question:
ERZEA S RAET ERMAEM, FREHIRERX
AR, LRI . Hxi R
SRR RBUFR, 2GR T WL
. Society underwent tremendous changes
‘between the Tang and Song dynasties. The imperial
examination system was both a manifestation and a
cause of these changes. What viewpoints have
scholars proposed regarding the relationship
between the imperial examination system and the
social changes between the Tang and Song
dynasties?

Reference Answer:
- 2020 Py B P AR ISR AR A, MR
P2 BEAE R I R AAR AR . FEACRIRED)
AR EARR, BEROESE, KHLL

(HRZHE) 55k GREBEUL) , EHF
HERE A R S EGR AR . In the early 20th
century, Naito Konan proposed the ‘Tang-Song
transition” theory. His viewpoint was that the
imperial examination system underwent a
fundamental transformation between the Tang and
Song. The Tang examinations still had an
aristocratic nature. .. By the Song dynasty,
following the reforms of Wang Anshi, the focus
shifted to examining 'classical exegesis' (explaining
the meaning of the classics) and ‘policy essays'
(expressing political views)...

Rubrics:
<3y % 201t S Py BRI PR L R AR AR,
R s S I L R R R R AR AR M 2
Mentioning that in the early 20th century, Naito
Konan proposed the ‘Tang-Song transition' theory,
with the viewpoint that: the imperial examination
system underwent a fundamental transformation
between the Tang and Song. {+5}...

T4

Question:
fRBARR— Bl R ER GET=4) MRIELREE, IR R\
SRS — MR RS MUBEIFEREN T, UPHTinE. FEAERY
700%. WEEEE, UHHESH/ARL FEHHIMAZ. BEE: “H2Z8
B, 42ZBHUETIER. ” Assume you are a candidate in the Metropolitan
Examination of the Guisi year during the Daoguang era (the 13th year of Daoguang's reign)
of the Qing Dynasty. Please write an examination-style cight-legged essay strictly following
the required format. If you encounter any characters that are subject to naming taboos, mark
them with Pinyin. The essay should not exceed 700 characters. Please provide your answer
directly by outputting only the eight-legged essay, with no other content. The topic is: "In
antiquity, stupidity was accompanied by straightforwardness; nowadays, stupidity is
accompanied by deceitfulness.”

Reference Answer:

BINAT i 4 2 SISO 5 55 52 R B 7T LT B AR T 26 1 th B0 7 5 4 LR SR
JEFHR... Stupidity, too, has its distinction between the ancient and the modern; its.
corrupting influence is equivalent to that of recklessness and arrogance. Now, why has
straightforward stupidity become deceitful stupidity? Indeed, when we use the ancient to
examine the present, are its corrupting influences not equivalent to those of recklessness and
arrogance? ...

Rubrics:

417 Bonus Points:

1. SRR BB, RE. =Y. AMIPIAER . The essay includes the four initial

sections: Poti (Opening), Chengti (] Qijiang (I and Ruti

(Initial Argument).{+5}

L5 BUFE AR, BIRERATE QB DAORBGRFE, TSRS R0

Wriie. TPk “EKRT CHET “BURT “B7 %, AR R “T” M.

BRRIRZFAVE. The Qijiang must adopt an “impersonal tone™ meaning it should

not be argued from one's own perspective, but from the persona of another, such as a sage. It

often begins with phrases like * Moreover ”, * If one were to say ”, “It is thought that” , or "

Thave often considered ”. Single characters like "And" or “Furthermore"” can also be used.

All are meant to represent speaking on behalf of the Sage. {+3}....

4T Penalty Poins :

L3RR KT e L CIET CELY “BT B BT BT R “9
“FL” LABHEFRIER . Failure to mark the following taboo characters with Pinyin: "%,

A, AL, VTEY, 3L, ", IR, VB, VR R, VT, MR (-60)

Figure 21: Sample questions, reference answers, rubrics from four tasks.
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* Benjamin A. Elman: A Cultural His-
tory of Civil Examinations in Late
Imperial China, Berkeley and Los An-
geles: University of California Press, 2000.

e Henrietta Harrison: The Man Awak-
ened from Dreams: One Man’s
Life in a North China Village,
1857-1942, Stanford: Stanford University

Press, 2005.
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