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Prompt-based essay writing is an effective and common
way to assess students’ critical thinking skills. Recent work Fluency: 5
has evaluated the impressive capabilities of Large Language “Write a polite emai Relovancy: 4 Total 18
Models (LLMs) on this task. However, most studies focus to request a meeting . .
primarily on English. Those examining LLMs’ performance with your professor.” Coherency: 4 Average: 4.5
in Chinese often rely on coarse-grained text quality met-
rics, overlooking the structural and rhetorical complexities of RIS
Chinese essays, particularly across diverse genres. We there-
fore propose ESSAYBENCH, a multi-genre benchmark specif- (@) One-level
ically designed for Chinese essay writing, along with a fine- Chinese Essay Genre-Oriented Weighted
grained, genre-specific scoring framework that hierarchically Writing Fine-Grained Aggregation
aggregates scores to better align with human preferences. The )
dataset comprises 728 real-world prompts across four major Write an o ather (4) Conclusion 2 W
genres (Argumentative, Narrative, Descriptive, and Exposi- social media has a (3) Expression A
tory), and includes both Open-Ended and Constrained types. positive or negafive p— > 3 w s
Our evaluation protocol is validated through a comprehen- mpact on society. ' z :
sive human agreement study. The results show that our pro- ApEEie | e (coument Wy
tocol aligns well with human judgments, achieving a highest et | BErs Argumentative 4

Spearman’s correlation of 0.816 and outperforming coarse-
grained evaluation methods by an average of 8.6%. Finally,
we benchmark 15 large LLMs, analyzing their strengths and
limitations across genres and instruction types. We believe
ESSAYBENCH offers a more reliable framework for evaluat-
ing Chinese essay generation and provides valuable insights
for improving LLMs in this domain.

Introduction

Prompt-based writing is widely used to assess students’
critical thinking and reasoning skills (Dunham 1997), rep-
resenting a natural evaluation setting for assessing the
text-generation capabilities of Large Language Models
(LLMs) (Brown et al. 2020; Touvron et al. 2023). While re-
cent studies have introduced datasets and evaluated LLMs
for this task (Almegren et al. 2024; Sari et al. 2025), most
focus on English. In contrast, research on Chinese remains
limited and lacks robust evaluation frameworks aligned with
human preferences. This gap limits practical deployment,
particularly in educational contexts, where high-quality
model-generated essays could exercise students’ reading and
writing abilities (Xiao et al. 2023; Woo et al. 2023).
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Figure 1: Comparison between coarse-grained evaluation
methods (a) and our fine-grained and genre-oriented frame-
work for ESSAYBENCH (b).

As shown in Figure 1, current predominant LLM-as-a-
judge strategies (Zheng et al. 2023; Li et al. 2025) for assess-
ing texts mainly fall into two paradigms. One relies on meta-
evaluation to judge response quality in terms of fluency,
relevancy, coherency, readability, and hallucination (Chen
et al. 2023; Hashemi et al. 2024; Fu et al. 2024), while the
other employs pair-wise comparisons (Liu et al. 2024b; Chi-
ang et al. 2024). Although these methods yield valuable in-
sights, they exhibit two fundamental weaknesses. First, the
evaluation criteria remain overly coarse-grained, i.e., cur-
rent LLMs consistently achieve high scores in fluency, rele-
vancy, and coherency (Gu et al. 2025), making it difficult to
reveal specific weaknesses. Second, pairwise comparisons
typically depend on human-annotated references, limiting
their adaptability and scalability in evaluating essay writing.

Extended version: https://arxiv.org/abs/2506.02596



Dataset Composition Evaluation Method

Benchmark Num. . . . . . .

Domain Language Constraints | LLM Fine Grained Traits  Scoring
C-Eval (Huang et al. 2023) 13,948 | General Tasks ZH X X X -
AlignBench (Liu et al. 2024b) 683 General Tasks ZH X v X Direct
LongBench-Write (Bai et al. 2024) 120 | General Writing ZH&EN X v X Direct
HelloBench (Que et al. 2024) 647 General Tasks EN X v X Weighted
WritingBench (Wu et al. 2025) 1239 | General Writing ZH&EN 4 4 X Direct
ESSAYBENCH (Ours) 728 | Essay Writing ZH v v v Weighted

Table 1: Comparison of ESSAYBENCH with other benchmarks in terms of size, composition, and evaluations.

Moreover, as introduced in Table 1, although recent
benchmarks like AlignBench (Liu et al. 2024b) and Writ-
ingBench (Wu et al. 2025) have turned attention to assess
LLM’s capability in Chinese writing, their evaluation meth-
ods fail to capture the unique characteristics of essays like
logographic characters, complex constructions, and rhetori-
cal traditions. Chinese literary and expository practices dif-
fer markedly across genres: argumentative essays demand
logical structure and persuasive rhetoric (Wachsmuth et al.
2017); narratives require compelling plot development and
character voice (Somasundaran et al. 2018); descriptive
writings emphasize vivid imagery and sensory detail (Mc-
Carthy 1998); and expository passages call for clarity, orga-
nization and factual precision (Balepur, Huang, and Chang
2023). However, existing evaluation frameworks largely
overlook genre-specific criteria, limiting their ability to re-
flect the nuanced demands of Chinese essay writing. This
motivates our central research question as follows:

How can we reliably assess the quality of LLM-
generated Chinese essays in ways that truly reflect
genre-specific conventions?

In this paper, we introduce ESSAYBENCH, a fine-grained
and multi-genre benchmark tailored for Chinese essay writ-
ing. ESSAYBENCH covers four widely recognized genres:
Argumentative, Narrative, Descriptive, and Expository writ-
ing. To ensure alignment with real-world scenarios, we col-
lect and manually refine a total of 728 essay prompts. These
prompts are further categorized into two types based on their
instruction style: Open-Ended and Constrained, allowing us
to examine LLMs’ behavior under different writing con-
ditions. Furthermore, to overcome the limitations of exist-
ing evaluation methods for Chinese essay writing, we pro-
pose a fine-grained and genre-oriented evaluation frame-
work (see Figure 1). We define multiple evaluation traits
with hierarchical dependencies based on their complexity,
ranging from basic to advanced requirements for each es-
say genre. For each trait, we design targeted sub-questions
that reflect genre-specific writing expectations. To account
for the hierarchical nature of these traits, we further intro-
duce a dependency-weighted score aggregation strategy to
better capture the writing quality.

We conduct two key experiments. First, to assess our
framework’s effectiveness and robustness, we perform a
comprehensive human agreement study and a quality sensi-
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tivity analysis. The results demonstrate that our evaluation
protocol aligns closely with human judgments, especially
when applied to more advanced LLMs. More importantly, it
significantly improves the ability to distinguish essay qual-
ity across high-, medium-, and low-level responses. Second,
we benchmark 15 large-scale LLMs on the Chinese essay
writing using our framework, offering detailed comparisons
of their capabilities in writing Chinese essays.
In summary, our main contributions are as follows:

* We present ESSAYBENCH, a multi-genre benchmark tai-
lored for Chinese essay writing, covering Argumenta-
tive, Narrative, Descriptive, and Expository genres. The
benchmark is curated from real-world scenarios, ensuring
practical relevance and applicability.

We propose an effective and robust evaluation protocol
for Chinese essays that aligns closely with human judg-
ments and greatly improves the ability to distinguish es-
says of varying quality.

We benchmark 15 widely used large-scale LLMs to eval-
uate their strengths and weaknesses in Chinese essay
writing, and highlight areas for future improvement.

Related Work

LLM Generation Evaluation. The rapid progress of LLMs
prompts the need for a comprehensive evaluation of their
text generation (Liu et al. 2023; Kim et al. 2025). Existing
frameworks are often task-specific: instruction-following is
assessed via diverse prompts and constraint scenarios (Qin
et al. 2024; Wen et al. 2024; Jiang et al. 2024), while rea-
soning is tested through multi-hop question answering (Kr-
ishna et al. 2024; Ling et al. 2025). In this work, we turn our
attention to the issue of generated text quality evaluation.
Previous research has addressed quality assessment in spe-
cific contexts: e.g., summarization (Liu et al. 2024c), finan-
cial content (Islam et al. 2023; Xie et al. 2024), Wikipedia-
style writing (Gao et al. 2024; Zhang et al. 2025), and long-
form text (Tan et al. 2024; Que et al. 2024). In contrast, we
address the underexplored challenge of evaluating Chinese
writing across literary genres, offering a systematic frame-
work for multilingual LLM assessment.

Automatic Essay Evaluation. Automated Essay Scor-
ing (AES) uses computer systems to assess written text
in educational settings (Dikli 2006; Attali and Burstein
2006). While datasets like ASAP (Hamner et al. 2012)
and TOEFL11 (Blanchard et al. 2013) provide valuable
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Figure 2: Overview of the ESSAYBENCH dataset curation, representative prompts, and the evaluation framework.

English essay prompts, they are limited in scale and un-
suitable for assessing LLM-generated essays, especially in
non-English contexts. AES methods have progressed from
hand-crafted features (Yannakoudakis, Briscoe, and Med-
lock 2011; Persing and Ng 2013) to neural, trait-specific
models (Taghipour and Ng 2016; Uto, Xie, and Ueno 2020),
and recently to LLM-based evaluation (Lee et al. 2024; Chu
et al. 2025). These typically score coarse-grained aspects
like grammar, coherence, content, and creativity (Li and Ng
2024), but remain English-centric and overlook the rhetori-
cal and cultural complexities of Chinese writing. In addition,
although recent frameworks like WritingBench (Wu et al.
2025) and BigGen Bench (Kim et al. 2025) offer fine-grained
evaluation strategies through prompt-specific assessment in-
stances, they fall short in covering a broader range of writing
prompts, limiting their applicability to various essay tasks.

ESSAYBENCH Dataset

ESSAYBENCH originally contributes to developing the
datasets specifically tailored for Chinese Essay Writing.
While prior benchmarks (Wu et al. 2025) have largely pro-
vided queries on creative writing tasks in general domains,
they do not adequately capture the structure, purpose, and
constraints of formal essays, particularly within educational
and academic contexts. To effectively benchmark the essay
generation abilities, ESSAYBENCH introduces a comprehen-
sive set of essay prompts that span four major and widely
recognized genres in Chinese writing instruction (Chad-
bourne 1983): Argumentative, Narrative, Descriptive, and
Expository essays, which cover the majority of Chinese
prose compositions in educational settings. Furthermore, to
support comprehensive evaluation, we categorize prompts
into two distinct sets based on their multiple constraints. In

37398

this section, we describe the essay prompt construction pro-
cess in detail, including data collection and quality control,
and the two-phase query categorization procedures.

Prompt Collection

As shown in Figure 2, to reflect real-world usage and align
with educational settings, we choose to collect prompts from
practical and authentic resources. Specifically, we collect
data from two primary resources, namely 1) real-world user
queries obtained through online chatbot interactions, reflect-
ing informal and user-generated prompts in tutoring or self-
study contexts. 2) educational examination materials, in-
cluding official Chinese essay prompts, represent standard-
ized writing tasks used in formal assessments.

Prompt Filtering

Building on the collected prompts from these two sources,
we construct a broad candidate pool containing several thou-
sand raw entries. To ensure the quality and representative-
ness of the datasets, we implement a multi-step filtering
pipeline. First, we apply heuristic-based rules to remove ir-
relevant and low-quality prompts. We then employ cluster-
ing methods (e.g., K-means (Hastie et al. 2009) with elbow
method) to detect and eliminate duplicate or near-duplicate
entries. To further enhance prompt diversity, we compute
pairwise ROUGE-L scores between prompts and retain only
those pairs with a similarity score below 0.7 (Jiang et al.
2024). In this stage, we get over 1000 relative prompts cov-
ering essay writing.

Prompt Categorization

To better evaluate how LLMs perform at different levels of
writing difficulty, we divide the prompts into two subsets:



Open-Ended and Constrained. To support this categoriza-
tion, we first analyze the collected prompts and define five
key factors that influence writing complexity and reader ex-
pectations: (1) Genre Specification. Each prompt clearly de-
fines the target genres, including argumentative, narrative,
descriptive, or expository, which guide the structural and
rhetorical style of the expected response. (2) Topic Specifi-
cation. Prompts indicate a central topic that the essay should
focus on. For example, an argumentative prompt may re-
quire elaborating on a specific viewpoint, while an expos-
itory prompt asks for the introduction of a particular ob-
ject or concept. (3) Content Constraints. These constraints
specify required elements or themes within the essay. For
instance, an argumentative prompt may instruct to include a
historical example. (4) Length Requirements. Some prompts
include explicit word or paragraph limits, adding structural
constraints that impact the planning and execution of essay
writing. (5) Target Audience. Prompts may specify the in-
tended readership, such as middle school students or readers
of a children’s literary magazine, influencing the tone, vo-
cabulary, and complexity of the writing. In particular, each
prompt explicitly specifies both the writing genre and the
topic, ensuring clarity in the contents.

Building on the above-mentioned factors, we categorize
each prompt into the either set based on the presence of
constraints beyond the genre and topic, i.e., prompts in the
Open-Ended set include only basic instructions (genre and
topic), while those in the Constrained set contain addi-
tional requirements, such as length, content focus, or stylis-
tic constraints. To perform this classification, we adopt a hy-
brid approach that combines rule-based parsing with LLM-
based analysis. Specifically, rule-based methods are applied
to identify explicit length constraints, while LLMs are used
to detect more nuanced elements, such as topic- and content-
related restrictions. All prompts are then manually reviewed
by the authors to correct any misclassifications and ensure
the overall consistency and quality of the dataset. After man-
ual curation, we totally get 728 prompts that capture a wide
range of topics, genres, and instructional objectives in real-
world Chinese writing tasks. The statistics of the dataset are
shown in Figure 3.

ESSAYBENCH Evaluation Protocol

In this section, we present the design of our evaluation
framework for assessing Chinese essays. Due to the open-
ended and reference-free nature of essay writing, we adopt
the LLM-as-a-judge paradigm (Chen et al. 2024; Gu et al.
2025) as our evaluation approach. Despite its growing pop-
ularity, existing protocols for evaluating essay generation
remain insufficient, particularly in the context of Chinese
writing, which involves distinct linguistic features and cul-
turally rooted rhetorical conventions (Liu et al. 2024a). To
meet these evaluation needs, we propose a genre-oriented,
fine-grained, and dependency-aware evaluation framework
for ESSAYBENCH, capturing structural, linguistic, and hier-
archical aspects of Chinese essays.

Genre-Oriented Evaluation. In practical essay evaluation,
the criteria for assessing quality often vary across genres, as
different genres emphasize distinct aspects of writing based
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Figure 3: Dataset Statistics. Note that Open denotes Open-
Ended sets, Cons. refers to Constrained sets.

on their inherent characteristics. As a result, our framework
is adapted to different genres accordingly. Following the
principal rubrics outlined in (Blanchard et al. 2013; Hamner
et al. 2012) and the Chinese high school curriculum stan-
dards (MOE 2020), we refine and develop genre-specific
evaluation traits that align with Chinese writing conven-
tions. For each genre, we summarize these guidelines into
six evaluation dimensions that range from basic to advanced
requirements. For instance, in the case of argumentative es-
says, the dimensions include Argument, Evidence, Argumen-
tation Methods, Logical Development, Expression, and Con-
clusion. The detailed definitions of these dimensions are pro-
vided in the Appendix. This setup allows our framework to
effectively capture the distinctive features of different essay
types and evaluate essays across varying quality levels.
Fine-Grained Evaluation. Existing methods to evaluate in-
dividual dimensions typically rely on direct scoring or bi-
nary questions (Que et al. 2024), but these approaches are of-
ten limited by their coarse granularity (Kim et al. 2025). In-
spired by the multi-trait evaluation design (Lee et al. 2024),
we introduce a set of sub-questions (g;) under each eval-
uation dimension to enable more nuanced assessments, as
detailed in the Appendix. We adopt the Chain-of-Thought
(CoT) (Wei et al. 2023) prompting technique to guide LLMs
in analyzing responses and identifying linguistic evidence
in support of the assigned scores. The final score for ¢-th
dimension .S; is computed by aggregating the scores of the
corresponding sub-questions as S; = > ¢;.
K3

Dependency-Aware Evaluation. Many existing works de-
termine the overall response quality by simply summing
or averaging the scores of individual dimensions. However,
based on our observations and preliminary experiments, we
find that hierarchical traits contribute unequally, and treating
them independently often fails to capture nuanced features
in high-quality essays. To address this limitation, we propose
a dependency-aware scoring approach inspired by (Saaty
1980; Zizovi¢ and Pamucar 2019), which assigns weights
to each trait based on its position in the evaluation hierarchy.
For example, traits at the base level are assigned a depth (d)
of 0, while mid-level traits have a depth of 1. The weights



Methods Overall Argumentative Narrative Descriptive Expository
p U I T P | p T
DeepSeek-V3
Align-Score 0.674 0.599 0.744 0.674 0.635 0.559 0.656 0.580 0.656 0.578
Ours w/o WT. 0.646 0.529 0.701 0.576 0.596 0.464 0.778 0.672 0.509 0.405
Ours 0.667 0.549 0.670 0.546 0.648 0.518 0.796 0.676 0.554 0.458
GPT-4o
Align-Score 0.628 0.546 0.587 0.516 0.582 0514 0.642 0.563 0.700 0.594
Ours w/o WT. 0.706 0.596 0.747 0.643 0.747 0.645 0.688 0.576 0.643 0.520
Ours 0.733 0.627 0.754 0.662 0.773 0.658 0.700 0.594 0.707 0.601
DeepSeek-R1
Align-Score 0.749 0.667 0.745 0.667 0.764 0.695 0.709 0.617 0.778 0.686
Ours w/o WT. 0.803 0.685 0.789 0.648 0.830 0.719 0.817 0.702 0.785 0.669
Ours 0.816 0.704 0.795 0.673 0.838 0.724 0.839 0.731 0.791 0.690

Table 2: Comparison of human agreement evaluation across different scoring methods on sampled data. p refers to Spearman’s
p, T denotes the Kendall’s 7, while WT. represents the dependency-based weights.

(W) are computed using 1, with the hyperparameter « con-
trolling the importance of basic and advanced levels. The
final score is a weighted sum of all trait scores.

W, = o e))

Human Agreement Evaluation

To validate the effectiveness of our evaluation protocol, we
conduct a comprehensive human agreement study in Chi-
nese essays. Specifically, the study focuses on two aspects:
1) Ranking Agreement, which measures how closely the
rankings produced by our evaluation framework align with
human judgments; and 2) Sensitivity Evaluation, which as-
sesses the robustness of the framework in distinguishing es-
says of varying quality.

Experiment Setup

Datasets. We randomly sample 80 prompts across differ-
ent categories, selecting ten prompts per genre per dif-
ficulty level. For each prompt, we evaluate essays gen-
erated by seven language models, including both open-
and closed-source models: LLaMA-3.1-70B-Instruct (Meta
2024), Qwen-2.5-72B-Instruct (Qwen 2025), GPT-3.5-
turbo (Brown et al. 2020), Claude-3.5-Sonnet (Ouyang et al.
2022), Deepseek-v3 (DeepSeek-Al 2025b), Grok-3 (xAl
2025), and GPT-40 (OpenAl et al. 2024).

Human Annotation. We recruit 14 professional annotators
with rich backgrounds in Chinese linguistics to assess the
generated essays. To ensure reliability and consistency, we
adopt a pairwise comparison annotation method (Wen et al.
2024), assigning each essay pair based on the same prompt
to three annotators. Annotators label each essay pair by se-
lecting whether essay A is better, essay B is better or if
there is a tie. Each annotator is assigned approximately 70
sample pairs per day within an 8-hour work schedule. Over
five days, the annotation process results in a total of 5,040
fully labeled sample pairs. We achieve a high level of human
agreeement in our annotations, with at least two annotators
agreeing on 95% of the data. Specifically, the full agreement

rate (all three annotators agreeing) is 58.1%, and the partial
agreement rate (two annotators agreeing) is 36.9%. Finally,
to effectively leverage the annotations, we use a majority
voting strategy: each essay receive one point each time it is
judged superior to its counterpart by an annotator, enabling
us to derive a clear ranking of models for each essay prompt.
Baselines. As the first to propose an evaluation protocol
specifically tailored for Chinese essay writing, we com-
pare our method against two baseline approaches: (1) Align
Scoring (Liu et al. 2024b) from AlignBench, which evalu-
ates general Chinese writing quality, particularly, we slightly
modify it to evaluate reference-free essays; and (2) Ours w/o
Weights, which applies the same evaluation rubrics as our
method but without dependency-based weighting.

Judges. To verify how well the proposed evaluation
method works, we employ three LLMs as judges, in-
cluding DeepSeek-V3 (DeepSeek-Al 2025b), DeepSeek-
R1 (DeepSeek-Al 2025a) and GPT-40 (OpenAl et al. 2024)
to assign scores 1~10 to each sub-question within every
evaluation trait. Each model analyzes all sub-questions in a
single turn. Specifically, we convert the scores into a model
ranking. In all experiments, the temperature is set to 0.2, and
the parameter « is fixed to 3.

Ranking Agreement

To assess the ranking agreement, we use Spearman’s Rank
Correlation (Spearman 1904) and Kendall’s 7 (Kendall
1938), which capture monotonic relationships between
rankings. As shown in 2, our fine-grained and genre-oriented
evaluation framework shows strong alignment with human
judgments (Shen et al. 2023), achieving high correlations
in both Spearman’s p and Kendall’s 7. From these results,
we draw three key conclusions: (1) Our protocol performs
better with stronger LLMs. Our method crafts dimension-
specific sub-questions and uses the CoT strategy to analyze
the text and then assign all scores in a single turn. More
powerful models exhibit a superior understanding of this
complex and fine-grained process. Notably, DeepSeek-R1
achieves an almost perfect alignment with human annota-
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Method DeepSeek-V3 GPT-40 DeepSeek-R1
U 1 MD:sta T ‘ Up T MDsta T ‘ Up t MDgiq 1T

high&medium

Align—Score 0.56<0_05 0.170.62 0.56=0.14 0.250.84 0.64-1.43 0.42¢.77

Ours 0.57<0.10 0.24¢.74 0.660.05 0.451.05 0.79<0.05 0.700.79
medium&low

Align-Score 0.90.0.05 1.421 06 0.87<0.05 2.161 48 0.93<0.05 1.981 05

Ours 0.78<0.05 1.961 41 0.93.0.05 2.461 45 0.970.05 2.79, 3o

high&low
Align-Score 0.92.9.05 1.661.41 O.93<0,05 2.414 35 0.97<o_05 2.411.06
Ours 0.82<0.05 2.131 .42 0.98 0.05 2.90; 41 0.990.05 3.49, 47

Table 3: Comparison of sensitivity analysis results between baselines and our proposed evaluation method, with the best-
performing scores highlighted in bold. p denotes statistical significance, and std indicates standard deviation.

tions, with p = 0.816 and 7 0.704. (2) Dependency-
based score aggregation improves performance by ap-
proximately 2%. Incorporating trait-level weights consis-
tently improves alignment across different judges and essay
genres, indicating that when assessing essays, the higher-
level dimensions contribute more significantly to accurate
evaluation. (3) Our framework achieves higher alignment
in Narrative and Descriptive genres. Unlike argumenta-
tive and expository essays that emphasize logical structure
and coherence and are effectively handled by general text
evaluation method, narrative and descriptive writing focus
on vivid imagery, rhetorical richness, and lexical complex-
ity, which benefit more from our evaluation approach.

Sensitivity Analysis

Accurately determining an LLM’s proficiency in specific ca-
pabilities is essential for identifying its limitations and guid-
ing improvements (Kim et al. 2025). Therefore, it is cru-
cial that the evaluation protocol reliably reflects both high-
and low-quality output. To this end, we conduct a sensitivity
analysis to examine how effectively our evaluation protocol
distinguishes essays of varying quality.

Accordingly, we categorize the essays into three quality
tiers: high-, medium-, and low-quality based on the top-
ranked, median-ranked, and bottom-ranked essays from the
manually annotated data. Then we apply Mann-Whitney U
test (Mann and Whitney 1947) and compute the Mean Dif-
ference (M D) to assess the robustness of the methods, as
shown in 3. Take the high&medium set as an example. The U
score indicates the proportion of cases in which high-quality
data receive a higher score than medium-quality data. The
mean difference reflects the average score difference be-
tween the high- and medium-quality data.

The sensitivity analysis in 3 shows that our evaluation
method is effective at distinguishing essays of varying
quality compared to the baseline. Notably, our method
shows significantly better performance in the high- and
medium-quality essay classification, with an improvement
ranging from approximately 2% to 10%. Furthermore, it
yields a larger mean difference, suggesting that the score
distributions between quality levels are more distinguish-
able. These trends hold consistently across all judge models,
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highlighting the robustness and sensitivity of our framework
when evaluating outputs from strong LLMs. Overall, R1
emerges as the top-performing model, achieving the high-
est U score and exhibiting a pronounced distinction across
all quality levels.

Benchmarking
Experiment Setup

Baselines. To explore how current state-of-the-art LLMs
perform in Chinese essay writing, we meticulously select 15
popular large-scale LLMs for evaluation, including English
language models and Chinese language models. We access
proprietary LLMs via their official APIs and open-source
LLMs through their public repositories. During writing, we
set the temperature to 0.8 to encourage creativity in genera-
tion.

Metrics. Considering the inference time cost and over-
all performance, we adopt GPT-40 as the evaluation judge
model. The temperature is set to 0.2 to ensure determinis-
tic output, while all other parameters remain in their default
settings. To facilitate fair comparison across models, we nor-
malize the aggregated scores to a 100-point scale.

Main Results. The benchmark results are presented in 4.
Notably, state-of-the-art proprietary models achieve strong
performance on the Chinese essay writing task, with Claude-
3.7-sonnet attaining the highest overall score. Moreover,
most newer versions outperform their predecessors, with the
exception of Grok, as Grok-3 places greater emphasis on
reasoning. It is worth highlighting that Chinese LLM fam-
ilies also perform competitively: Qwen-max ranks as the
second-best model, DeepSeek surpasses Grok-3 and GPT-
40 on this task, and Qwen-2.5-72B-Instruct outperforms
both the GPT-40-mini and its similarly sized counterpart,
LLaMA-3.1-70B-Instruct.

Genre-based Performance. LLMs demonstrate
stronger capabilities in writing argumentative and
expository essays, while they fall short in narrative and
descriptive genres (see Figure 4). This disparity likely
stems from the inherent characteristics of these genres:
argumentative and expository essays emphasize structural



Argumentative Narrative Descriptive Expository
Models Overall Open  Cons. | Open Cons. | Open Cons. | Open Cons.
‘ English Language Models
Claude-3.7-sonnet (Anthropic 2025) 76.6 71.7 78.8 75.7 75.3 74.6 73.6 71.5 79.0
Claud-3.5-sonnet (Anthropic 2024) 75.4 73.4 73.8 753 73.6 74.8 73.4 77.1 80.4
Grok-2 (xAI 2024) 75.3 75.6 78.5 71.5 73.6 70.2 73.5 75.1 79.3
Grok-3 (xAI 2025) 74.6 74.9 78.1 73.6 72.8 73.1 72.0 73.3 76.4
GPT-40 (OpenAl et al. 2024) 74.2 74.8 76.9 72.8 72.4 70.5 71.7 75.8 76.7
GPT-40-mini (OpenAl et al. 2024) 71.7 72.0 74.1 71.6 68.4 69.9 65.9 72.8 76.7
GPT-3.5-turbo (Brown et al. 2020) 51.5 494 51.4 56.5 53.1 51.1 46.8 50.0 52.9
Gemini-2.0-flash (Gemini. 2025) 72.9 74.5 76.3 71.5 71.1 68.4 67.6 76.7 75.4
LLaMa-3.3-70B (Meta 2024) 61.4 61.2 64.1 62.3 60.3 56.2 53.8 63.2 67.1
LLaMa-3.1-70B (Meta 2024) 40.5 37.6 46.6 35.1 28.6 45.0 422 39.6 44.8
\ Chinese Language Models
Qwen-Max (Qwen 2025) 75.6 74.5 78.7 73.5 74.7 74.1 72.6 77.1 77.6
Qwen2.5-72B-Instruct (Qwen 2025) 72.7 73.1 75.2 71.7 71.4 68.8 68.8 74.5 75.5
DeepSeek-V3 (DeepSeek-Al 2025b) 75.1 77.2 77.9 71.2 71.8 72.7 67.8 80.4 79.4
Doubao-1.5 (Doubao Team 2025) 73.3 75.1 76.2 72.4 70.8 70.8 69.5 75.4 75.1
ChatGLM-turbo (GLM 2024) 71.2 70.0 70.8 70.0 69.6 69.2 68.7 74.2 75.8

Table 4: Benchmarking Results on Chinese Essay Writing. In each column, the highest and the second highest performance is
highlighted in bold and is underlined. Open denotes Open-Ended and Cons. denotes Constrained.

Performance across different genres
8.0

7.8 [

7.6

Score

7.4
7.0
6.8

6.6

argumentative narrative descriptive expository
Genre

Figure 4: Comparison of LLMs’ Performance across genres.

coherence, logical reasoning, and clear topic development,
where LLMs typically excel. In contrast, narrative and
descriptive essays require creativity, emotional nuance, and
context-aware storytelling. These challenges are further
amplified in Chinese writing, where expressive richness,
metaphorical language, and cultural context play a more
significant role, especially in narrative and descriptive
forms. Such features are difficult to model with LLMs,
leading to degraded performance in these genres.

Open-Ended versus Constrained. Interestingly, LLMs
perform better in constrained sets than open-ended sets,
as shown in Figure 5. This is likely because constrained
prompts provide more explicit requirements and clearer
guidance, which help the models organize content, maintain
relevance, and follow a well-defined structure. In contrast,
open-ended prompts offer greater flexibility but less direc-
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Figure 5: Comparison of Performance by Sets.

tion, placing higher demands on the model’s ability to plan,
generate diverse content, and maintain coherence without
external constraints.

Conclusion

In this work, we present ESSAYBENCH, the first compre-
hensive benchmark for evaluating the capabilities of LLMs
in the Chinese essay generation. ESSAYBENCH adopts a
genre-oriented, hierarchical multi-trait evaluation approach
that enables fine-grained scoring. Specifically, we introduce
a dependency-based aggregation strategy to compute the fi-
nal scores. Our comprehensive human agreement study and
sensitivity analysis demonstrate that the framework achieves
high alignment with human judgment and effectively distin-
guishes essays of varying quality. Furthermore, we bench-
mark 15 large-size LLMs on Chinese essay writing, reveal-
ing notable limitations in real-world contexts.
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