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Abstract

Robustly evaluating the long-form storytelling
capabilities of Large Language Models (LLMs)
remains a significant challenge, as existing
benchmarks often lack the necessary scale, di-
versity, or objective measures. To address this,
we introduce WebNovelBench, a novel bench-
mark specifically designed for evaluating long-
form novel generation. WebNovelBench lever-
ages a large-scale dataset of over 4,000 Chinese
web novels, framing evaluation as a synopsis-
to-story generation task. We propose a multi-
faceted framework encompassing eight narra-
tive quality dimensions, assessed automatically
via an LLM-as-Judge approach. Scores are ag-
gregated using Principal Component Analysis
and mapped to a percentile rank against human-
authored works. Our experiments demonstrate
that WebNovelBench effectively differentiates
between human-written masterpieces, popular
web novels, and LLM-generated content. We
provide a comprehensive analysis of 24 state-
of-the-art LLMs, ranking their storytelling abil-
ities and offering insights for future develop-
ment. This benchmark provides a scalable,
replicable, and data-driven methodology for
assessing and advancing LLM-driven narrative
generation.

1 Introduction

Can Large Language Models (LLMs) generate
stories that surpass human-written ones? Recent
breakthroughs, exemplified by models like GPT-40
(Hurst et al., 2024) and Deepseek-R1 (DeepSeek-
Al et al., 2025a), underscore their remarkable abil-
ity to produce coherent, imaginative, and contex-
tually nuanced narratives. This raises intriguing
questions: How proficient are today’s LLMs in
story generation, and how do their outputs compare
to human-authored works?

Evaluating LLM performance in this open-ended
domain remains a significant challenge. While
prior research has explored story generation eval-
uation (Guan et al., 2021; Liu et al., 2024; Paech,

2024; Ismayilzada et al., 2025), these efforts often
face limitations such as small dataset sizes or insuf-
ficient story diversity, hindering widespread adop-
tion. This contrasts with fields like code generation
and mathematical reasoning, where benchmarks
such as CodeForces Rating (Quan et al., 2025) and
American Invitational Mathematics Examination
2024 (AIME 2024) (MAA, 2024) serve as widely
accepted standards.

Inspired by such successes, we propose WebNov-
elBench, a comprehensive and intuitive benchmark
for story generation guided by three key principles:

* Broad Data Foundation: Utilizes diverse, pop-
ular human-authored works.

* Representative Tasks: Covers diverse story-
telling styles, themes, and complexities (details
in Section 3.1).

* Automated and Objective Evaluation: Min-
imizes subjectivity via robust, consistent auto-
mated methods.

We leverage 4,000+ popular Chinese web novels
(> 10,000 readers each) for a synopsis-to-story gen-
eration task. An LLM-as-Judge approach evaluates
stories across eight narrative dimensions. Valida-
tion with Mao Dun Literature Prize novels, which
scored high (Figure 1), confirms alignment with hu-
man judgment. WebNovelBench thus offers auto-
matic assessment of LLM storytelling capabilities
without extensive manual intervention, establishing
a standardized framework for comparison against
human-authored content. In summary, our main
contributions are:

* We introduce WebNovelBench, a large-scale,
data-driven evaluation framework for story gen-
eration, accurately ranking human-authored and
LLM-generated stories via distribution analysis.

* We define eight evaluation dimensions for Chi-
nese story quality, employing a validated LLM-
as-Judge mechanism for robust automated evalu-
ation.
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Figure 1: Web Novel Dataset Distribution and LLM Placement. Our web novel dataset’s quality distribution,
with Low, Medium, and High zones (95% Cls). The blue curve represents the benchmark distribution constructed
from 4,000 curated Chinese web novels. The red curve (Classic Works) was generated using the same pipeline on
25 Mao Dun Literature Prize novels. Positions of 24 LLMs indicate their performance relative to this corpus.

* We conduct a comprehensive evaluation of 24 ad-
vanced LLMs, ranking their storytelling abilities
relative to human-authored works and offering
insights for future development.

2 Related Work

2.1 LLM General Benchmark

General LLM benchmarks like MMLU (Hendrycks
etal., 2021) and its variants (Wang et al., 2024; Yue
et al., 2024), or dynamic benchmarks like MixE-
val (Ni et al., 2024), are invaluable for assessing
broad capabilities such as reasoning and knowl-
edge recall. However, they often lack the specific,
nuanced criteria required to effectively evaluate
creative, open-ended tasks like story generation,
particularly regarding narrative quality, coherence,
and creativity. This highlights the need for spe-
cialized benchmarks in creative domains, akin to
CodeForces Rating (Quan et al., 2025) and SWE-
Bench Verified (Jimenez et al., 2024) or AIME
2024 (MAA, 2024) for coding and mathematics.

2.2 Story Generation Benchmark

Previous work on evaluating LLLM-generated sto-
ries has explored creativity (Ismayilzada et al.,
2025; Paech, 2024) and the correlation of automatic

metrics with human judgment (Guan et al., 2021;
Chhun et al., 2022; Xie et al., 2023; Tian et al.,
2024). For instance, EQ-Bench (Paech, 2024) of-
fers a creative writing score based on a limited set
of thirty-two prompts. OpenMEVA (Guan et al.,
2021) provided a framework for evaluating auto-
matic metrics but did not focus on broad dataset
diversity. Xie et al. (2023) and Tian et al. (2024)
found that while LLMs can approach human-level
quality, their stories often lack originality, suspense,
and narrative diversity compared to human writing.
These existing efforts are limited by small datasets,
narrow diversity, or restricted evaluation criteria,
leaving open questions about how closely LLMs
match human creativity and narrative quality. To
address this, we present a large, diverse web novel
benchmark and a robust evaluation framework for
systematic comparison between LLM and human
storytelling.

2.3 LLM-as-a-Judge

Automated evaluation for open-ended text gener-
ation increasingly employs the LLM-as-a-Judge
paradigm (Zheng et al., 2023), where LLMs assess
outputs without reference texts (Li et al., 2024; Kas-
ner and Dusek, 2024). While promising for align-
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Figure 2: Framework of Our Method. Our benchmark framework consists of four major components: (1) Data
Preparation Phase: We collect and curate a large web novel dataset, and use Doubao for story-to-synopsis extraction
to build a 4,000 novels synopsis-to-story dataset. (2) Distribution Construction: Each story is scored across eight
quality dimensions using LLM-as-judge, followed by PCA+ECDF to form a quality distribution benchmark. Classic
literary works are used to validate the high end of the distribution. (3) Model Evaluation: LLMs generate stories
from selected subsets of the dataset. Their outputs are scored and mapped onto the distribution to assess model
performance. (4) Ad Hoc Evaluation: New data can be scored and aligned with the benchmark for measuring data

quality and supporting further applications.

ing with human preferences, LLM-as-Judge relia-
bility is a concern, with research focusing on fair-
ness and potential biases (Shi et al., 2025; Zhang
et al., 2023; Ye et al., 2024). For instance, Ye et al.
(2024) introduced CALM to identify and quantify
biases in LLM judges. Recent works (Liu et al.,
2023; Kim et al., 2023; Pereira et al., 2024; Chang
et al., 2023) also leverage LLM-as-a-Judge for eval-
uating text generation, but do not specifically ad-
dress the unique challenges of story evaluation,
where aspects such as narrative coherence, struc-
tural coherence, and characterisation are essential.
This body of work underscores the importance of
careful design and validation of the LLM-as-Judge
component, which we address in our work to en-
sure reliable and fair story evaluation based on
multi-dimensional criteria.

3 Benchmark Construction

3.1 Dataset

Based on Jun (2023)’s work, we curated a dataset
from over 10,000 Chinese web novels (published
2013-2020) via several preprocessing steps:

* Deduplication. Some text files may contain
highly similar content under different titles, in-

dicating that they represent the same novel. Di-
rectly comparing exact character matches is in-
sufficient for identifying duplicates. To address
this, we employed difflib' to compute pair-
wise similarity scores and removed novels with a
similarity score greater than 0.9.
* Chapter Parsing. Web novels are typically long-
form narratives presented in a serial-chapter for-
mat. However, the raw texts lacked explicit chap-
ter delimiters. To extract chapters, we designed
regular expression patterns tailored to common
chapter formatting styles in Chinese web novels.
Novels containing fewer than ten chapters were
excluded, as they did not meet our definition of
“long-form” or suggested incomplete parsing.
Tail Author Removal. It is commonly observed
that successful authors tend to publish multiple
novels over time. Based on this observation, we
compiled the list of all authors and excluded nov-
els written by those with the fewest works. After
this filtering step, we retained a final set of 4,000
web novels.

The curated 4,000 novels ensure ’Representative
Tasks’ by covering diverse genres (e.g., Eastern

'A Python Standard Library
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Fantasy: 1281, General Realism: 1255, Western
Fantasy: 670, Historical: 234, plus Sci-Fi, Sus-
pense, Romance with varied subthemes like ’Origi-
nal World Setting’). This breadth reflects popular
web fiction complexities. (Details in Appendix E)

For the synopsis-to-story task, we utilize
Doubao-pro-32k to generate a ’synopsis’ (main
characters, key plot points, important scenes) for
ten random consecutive chapters from each novel.
This yielded ten < chapter content, synopsis> pairs
per novel. (Details in Appendix A)

3.2 Maetric

We evaluate narrative quality through eight care-
fully designed key dimensions (Table 1). These di-
mensions were systematically established through
a multi-stage process. We began by reviewing es-
tablished narrative theories (e.g., character arcs,
plot structuring) and analyzing the official writ-
ing guides from major web novel platforms. This
was followed by a pilot study where initial dimen-
sion candidates were tested for clarity, assessabil-
ity, and orthogonality. The final eight dimensions
were selected to provide a comprehensive yet non-
redundant coverage of essential stylistic and struc-
tural components of storytelling, enabling nuanced
analysis beyond surface-level fluency and effec-
tively capturing the complexity and depth inherent
in narrative quality.

3.3 Scoring Method

To rank LLM works against our 4,000 human-
authored web novels, we combine Principal Com-
ponent Analysis (PCA) (Hotelling, 1933) for multi-
dimensional score aggregation and Empirical Cu-
mulative Distribution Function (ECDF) (Conover,
1999) for percentile ranking.

Score Aggregation via PCA. Given a dataset of N
samples, where each sample is evaluated along d
dimensions, we first normalize all dimension scores
using z-score standardization:

sy = " e LN e L), ()
J

where z;; is the raw score of the i-th sample in the

j-th dimension, and j; and o; are the mean and

standard deviation of the j-th dimension across all

samples.

We then perform PCA on the standardized data
to extract the first principal component, whose nor-
malized loading vector w = (wy, wa, . .., wq) rep-
resents the relative importance of each dimension.

The aggregated composite score s; for the i-th sam-
ple is then computed as a weighted sum:

d
S; = ijzij (2)
Jj=1

Percentile Ranking via ECDF. To translate
raw scores into interpretable relative rankings,
we apply the ECDF over all aggregated scores

{s1,82,...,8N}:

ECDF(z I(s; < x) 3)

||Mz

where I(-) is the indicator function. The ECDF
provides a percentile score in the range [0, 1], repre-
senting the proportion of samples with scores less
than or equal to x.

Given a new LLM-generated sample with ag-
gregated score Syeyw, its percentile rank is Pheyw =
ECDF (Spew)-

This percentile reflects the model’s performance
relative to the full empirical distribution of the ref-
erence dataset, indicating the level at which stories
generated by a LLM are comparable to those writ-
ten by humans. By evaluating the model across
batches of test samples, we can estimate the LLM’s
overall writing ability

Let B = {SLLM, £2L)M, ol LLM} be a set of ag-
gregated scores for a batch of M LLM-generated
samples. The estimated writing level is then de-
fined as the average percentile:

Z ECDF (SLLM) )

Pum =

The value PLLM € [0, 1] represents the expected
percentile rank of the LLM’s output relative to the
distribution of human-written texts in the reference
dataset.

4 Experiments and Results

4.1 Experimental Setup

Due to resource limits, our evaluation dataset uses
100 web novels (one per percentile from the 4,000-
novel distribution), with 10 synopsis-to-story pairs
per novel (1,000 test samples in total). The overall
rank of an LLM is its average percentile rank across
these 100 books.

LLMs (open-source and proprietary) were ac-
cessed via APIs with a standardized system prompt
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Metric VA 4E Explanation Weight
D1: Use of Literary 1EREFI% Based on the quantity and quality of rhetorical | 0.1304
Devices devices like metaphor and symbolism

D2: Richness of FEEHIAEEE | Frequency of visual, auditory, and other 0.1160
Sensory Detail sensory descriptions

D3: Balance of AP Frequency, dialogue proportion, and 0.1152
Character Presence psychological depth of each character

D4: Distinctiveness of | FEXT EMHFEEE | Whether dialogue reflects distinct 0.1171
Character Dialogue personalities

D5: Consistency of et Whether language and actions align with 0.1377
Characterisation character identity

D6: Atmospheric and | EIRVCHLE Whether scenes support the overall 0.1290
Thematic Alignment atmosphere and themes

D7: Contextual TEIRIERLE Whether settings match time/place/cultural 0.1281
Appropriateness background

D8: Scene-to-Scene B s Whether scene transitions are smooth and 0.1263
Coherence natural

Table 1: Narrative Evaluation Metrics and PCA-Derived Weights. This table lists the eight dimensions used
to evaluate narrative quality. Each weight reflects the metric’s relative importance, derived through PCA on web

novels scores.

and constant generation settings (4096 max to-
kens, temperature 0.6, eight evaluation criteria in
prompt; see Appendix A). Outputs were evalu-
ated by Deepseek-V3 using a consistent evaluation
prompt. For details on the robustness analysis, see
Section 5.3 below.

4.2 Main Experiments

We evaluate a total of 13 open source models and
11 closed source models on our benchmark. Fig-
ure 3 illustrates the performance of these frontier
models across eight distinct narrative evaluation
dimensions and overall effect.

Top models (Qwen3-235B-A22B (Yang et al.,
2025), Deep-Seek R1 (DeepSeek-Al et al., 2025a),
Gemini-2.5-Pro) score high (3.5-4.6) across di-
mensions; Qwen3-235B-A22B achieves a 5.21
norm score, indicating strong alignment with high-
quality human writing. Mid-tier models (e.g., GPT-
40, DeepSeek-V3 (DeepSeek-Al et al., 2025b))
show varied performance (scores 2.5-3.8), high-
lighting areas like sensory detail and literary device
use for improvement. Lower-ranked models (e.g.,
GLM-4-9B-chat (GLM et al., 2024), LLaMA-3-
8B (Grattafiori et al., 2024)) perform consistently
poorly (less than 2.0 norm score), especially in lit-
erary devices and character dialogue, indicating

significant room for improvement, particularly for
open-source or smaller LLMs.

An insightful pattern emerging from the heatmap
lies in the varying levels of difficulty across evalua-
tion dimensions. Most models perform relatively
well in dimensions such as D6 and D8, suggest-
ing these aspects are easier for current LLMs to
capture. In contrast, D3 consistently shows lower
and more uniform scores across models, indicating
a shared weakness in maintaining psychological
depth and balanced development of multiple char-
acters. Similarly, dimensions like D1 and D2 also
pose challenges, particularly for smaller models.
These findings point to concrete directions for fu-
ture improvement that incorporate richer narrative
techniques and improve character-level modeling
may help LLMs achieve more human-like story-
telling abilities.

In general, this benchmark effectively captures
distinct strengths and weaknesses among current
LLMs. While the most advanced models achieve
near-perfect scores within our distribution, demon-
strating their strong performance on the story-to-
synopsis dataset, this does not diminish the value
of the benchmark. In contrast, it validates our
original intuition. Our primary goal is to evaluate
the story generation capabilities of contemporary
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Figure 3: LLM Performance Heatmap Across Narrative Dimensions. Shows average scores (on a 1-5 scale)
for 24 LLMs on eight dimensions, sorted by percentile rank. Final column is PCA-derived weighted norm score.
Higher scores indicate better alignment with quality human writing.

LLMs, and the results suggest that leading models
have reached a level comparable to top-tier works
in web novels. This study primarily presents a
methodological framework; future work may ex-
tend it through the inclusion of higher-quality ref-
erence texts or more fine-grained and diverse eval-
uation criteria.

4.3 Comparison with Other Benchmarks

To contextualize our contribution, we compare
WebNovelBench with existing benchmarks for
story generation evaluation, as summarized in Ta-
ble 2. OpenMEVA (Guan et al., 2021) provides a
framework for evaluating automatic metrics using
an existing dataset of 400 stories. It aligns with
human preference and utilizes 8 evaluation dimen-
sions. However, it does not employ weighted di-
mensions for score aggregation, potentially treating
all aspects of narrative quality as equally important,
which might not reflect nuanced human judgment.
AlignBench Writing Ability (Liu et al., 2024) uses
a self-constructed dataset of 75 stories. While it
considers human preference and evaluates across

5 dimensions, its dataset size is relatively small,
which might limit the diversity of narrative styles
and scenarios covered. Similar to OpenMEVA,
it does not incorporate dimension weights in its
scoring. EQ-Bench Longform Creative Writing
(Paech, 2024) focuses on long-form creative writ-
ing with a self-constructed dataset of 12 stories,
each comprising 8 chapters (totaling 96 evaluation
instances). It employs a comprehensive set of 14
dimensions. However, according to the available
information, it does not explicitly align its dataset
construction with broad human preference (e.g., via
popularity metrics of source texts) and also lacks
a weighted approach to aggregating its numerous
dimensional scores. The work by Ismayilzada et al.
(2025) evaluates creative short story generation us-
ing an existing dataset. While it aligns with human
preference and uses 4 evaluation dimensions, its
very small test set of only 4 stories per LLM signif-
icantly limits the robustness and generalizability of
its findings. It also does not use weighted dimen-
sions. In contrast, WebNovelBench offers several
key advantages:
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Benchmark Dataset Information Evaluation Method
Human . . .
Data Source Testing Samples Preference D1{nens10n E\'/a]uatl'on
. Weights Dimension
Alignment
OpenMEVA (Guan et al., 2021) Existing dataset 400 stories v X 8
AlignBench Writing Ability (Liu et al., 2024) Self-constructed 75 stories v X 5
EQ-Bench Longform Creative Writing (Paech, 2024)  Self-constructed 12 stories, each with 8 chapters X X 14
Ismayilzada et al. (2025) Existing dataset 4 stories v X 4
‘WebNovelBench (ours) ‘Web novels 100 stories, each with 10 chapters v v 8

Table 2: Comparison of Other Benchmarks.

* Scale and Diversity: Built on 4,000+ web nov-
els, testing with 100 distinct stories (10 chapters
each, 1,000 instances), ensuring wide genre/style
coverage.

* Inherent Human Preference Alignment: By
using popular web novels (each with over 10,000
readers) as the source, our benchmark inherently
captures broad human literary preferences.

* Data-Driven Dimension Weighting: PCA de-
rives weights for 8 narrative dimensions, pro-
viding a nuanced, objective assessment reflect-
ing their relative importance in human-authored
works.

¢ Comprehensive and Focused Evaluation:
Eight carefully defined dimensions provide a
thorough yet focused assessment of key story-
telling elements.

These features make WebNovelBench a robust,
scalable, and replicable solution for assessing and
advancing LLM-driven narrative generation, par-
ticularly for long-form stories in the Chinese web
novel domain.

5 Rationality Analysis
5.1 Metric Analysis

To assess the rationality and effectiveness of the
proposed eight evaluation metrics, we conducted
a detailed statistical analysis combining PCA and
distributional visualization.

Principal Component Analysis. > PCA shows the
first component explains 75.6% of variance (first
three greater than 90%), indicating the metrics cap-
ture a dominant quality factor. This high concen-
tration of variance in the first principal component
is a significant finding. It suggests that while our
metrics capture distinct facets of narrative, they
are strongly correlated and align with a unified
dimension interpretable as *overall narrative qual-
ity This supports our use of dimensional aggrega-
tion, as it reflects the most significant shared signal

2See Appendix B for further details.

across all aspects of writing. The derived weights
(11.5%—-13.8%) remain well-balanced, allowing
each metric to contribute meaningfully to the fi-
nal score. This approach preserves the strengths
of averaging while significantly reducing tie cases
in actual evaluation, thereby improving ranking
resolution and enabling more fine-grained differen-
tiation between models.

DDDDDDDDD

Scoe - h " scoe B Score

Overall Distribution (I

Score Score Mean Score

Figure 4: Distributions of Narrative Metrics and Fit-
ted Normal Curves. Solid lines show the empirical
distribution; dashed lines show the fitted normal distri-
bution.

Distributional Characteristics. The probabil-
ity density function (PDF) of each individual
metric, obtained via kernel density estimation
(KDE) (Parzen, 1962), is plotted against its best-fit
normal distribution to evaluate shape characteris-
tics (Figure 4). The majority of metrics (e.g., D2,
D3, D4, and D6) display near-Gaussian behavior,
implying smooth and well-behaved scoring distri-
butions conducive to comparative assessment. Met-
rics such as D1 and D7 exhibit mild deviations
from normality, with signs of skewness or slight
multimodality. These deviations likely reflect the
existence of content subgroups, for instance, dif-
ferences in stylistic density between human and
LLM-generated texts or variations in how explic-
itly context is embedded. Importantly, the averaged
score across all dimensions yields an aggregate dis-
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Figure 5: Robustness Assessment of LLM-as-Judge. Boxplot of normalized scores for selected classic Chinese
novels, based on 11 times repeated evaluations using the LLM-as-judge framework. Each box shows the interquartile
range (IQR) with the median and mean marked. The majority of works demonstrate consistently high scores with
narrow IQRs and minimal outliers, indicating the robustness and stability of model evaluations.

tribution that closely aligns with the Gaussian, fur-
ther validating the integration of the metrics into a
coherent composite score.

PCA and distributional analyses confirm our met-
rics are well-structured, diverse, complementary,
and robust, suitable for large-scale evaluation of
human and LLM novels.

5.2 Classic Literature Comparison

We validated our benchmark against 25 Mao Dun
Literature Prize-winning novels (first 10 chapters
each). As shown in Figure 1, these classics con-
sistently scored in the high range, confirming our
framework’s ability to capture acknowledged liter-
ary merit.

This comparative analysis not only aligns with
human evaluative judgments but also affirms the
anticipated quality hierarchy among the three text
categories under study: classic works, web novels,
and LLM-generated content. The findings validate
the benchmark’s sensitivity to nuanced differences
in textual quality and its robustness in reflecting the
relative literary value of diverse sources. Moreover,
the stratification of LLM-generated outputs into
three distinct quality tiers based on this distribution
appears both credible and well-justified.

5.3 LLM-as-Judge

To create a scalable and fully automated evalua-
tion pipeline while ensuring reliability, we adopted
the LLM-as-Judge paradigm. Acknowledging the
potential biases of a single judge model, our pri-
mary concern was to validate its consistency and
robustness. Therefore, we conducted a rigorous

cross-validation experiment by having GPT-4.1, a
powerful model from a different developer, evalu-
ate and rank all 24 LLMs using the same methodol-
ogy. The resulting rankings showed exceptionally
strong correlation with those from our primary eval-
vator (Spearman: 0.986, Kendall tau: 0.922), as
detailed in Figure 6. This high level of agreement
across different leading models substantiates the
stability and reliability of our evaluation results.

Ranking Correlation of Models

— = Perfect Agreement (y=x) o,/
’
’ °
] //
VR |
’
e
o f‘
< 5]
z d
o /’
= ® 7/
X ’
S Vak )
2 0,
’
.'/ °
R4
7 Spearman p = 0.986
A Kendall T = 0.922
(e}
4

Ranking by DeepSeek-V3

Figure 6: Cross-Evaluator Consistency between
Deep-Seek-V3 and GPT-4.1 Rankings. The scatter
plot shows strong agreement in model rankings, with
Spearman p = 0.986 and Kendall 7 = 0.922, indicating
high consistency between the two evaluators.

For our primary evaluation pipeline, we selected
Deepseek-V3 as the judge. This decision was
based on its state-of-the-art performance, partic-
ularly its nuanced understanding of the Chinese
language and cultural contexts prevalent in web
novels, which is crucial for high-quality assessment.

1835



Empirical evidence also indicates that direct scor-
ing, without explicit chain-of-thought reasoning,
effectively mitigates position and context-length
biases highlighted by Ye et al. (2024). This de-
sign enhances evaluation flexibility, scalability, and
accuracy, especially for single-generation outputs
essential to dataset curation.

To further corroborate the validity of our auto-
mated ranking against human judgment, we con-
ducted a supplementary human study. We em-
ployed a stratified sampling approach, selecting
three distinct groups of models, each containing 5
LLMs. For each group, we selected six novels (two
each from low, medium, and high-quality tiers)
and evaluated the synopsis-to-story output for one
chapter.

Three human annotators independently assessed
the outputs following the same eight-dimensional
criteria as the LLM-as-Judge framework. We av-
eraged the human scores for each model and com-
puted rank correlations within each group. As de-
tailed in Table 3, the results demonstrate high align-
ment, with an average Spearman’s p of 0.93 and
Kendall’s 7 of 0.87. Notably, Group 2 achieved
perfect correlation. This confirms that the rank-
ings produced by WebNovelBench align closely
with human preference, validating the ecological
validity of our automated judge.

Metric Gl G2 G3 Mean
Spearman p 090 1.00 090 0.93
Kendall 7 0.80 1.00 0.80 0.87

Table 3: Correlation between WebNovelBench auto-
mated rankings and human evaluation across three
sampled model groups. The high correlation coeffi-
cients indicate strong alignment with human preference.

Additionally, to validate robustness, we con-
ducted a stability analysis on repeated evaluations
over classic literary texts, observing high consis-
tency with an interquartile range below 0.05 and
variance around 0.001 (Figure 5).

While our current framework demonstrates re-
liable performance, we note that it is constrained
by available resources. Future work could further
enhance robustness by implementing an ensemble-
judge system that aggregates scores from multiple
diverse LLMs to better average out model-specific
biases.

5.4 Length Analysis

To avoid introducing bias, we conducted an analy-
sis of the length of model-generated outputs. > The
results indicate that most models closely adhered to
the requested length or context window, producing
outputs averaging between 800 and 1200 words.
Notable exceptions include Claude 3.7 Sonnet and
Gemini 2.5 Pro, which consistently generated sig-
nificantly longer texts. Overall, output length re-
mained relatively stable across models and did not
emerge as a major differentiating factor under the
4096-token constraint. In future work, a scoring
regularization term based on output length may be
introduced to enhance robustness.

6 Conclusion

WebNovelBench addresses challenges in evaluat-
ing LLM long-form storytelling. It uses 4,000+
Chinese web novels for a synopsis-to-story task.
An automated pipeline with eight LLM-judged nar-
rative dimensions and PCA+ECDF scoring pro-
vides percentile rankings against human content.
Experiments show WebNovelBench effectively dis-
tinguishes classic literature, web fiction, and LLM
outputs, providing stable rankings for 24 SOTA
LLMs. WebNovelBench is a valuable tool for
benchmarking progress and guiding LLM devel-
opment in creative narrative generation. While
focused on Chinese web novels, the methodologi-
cal framework of WebNovelBench, which involves
leveraging a large corpus of popular works to con-
struct a distributional benchmark and applying
PCA with ECDF for ranking, is highly extendable.
These principles offer a valuable template for devel-
oping similar benchmarks in other languages and
literary domains, although the specific narrative di-
mensions would likely require careful cultural and
genre-specific adaptation. Future work includes
diverse judge models, genre expansion, and fos-
tering more engaging LLM storytellers, catalyzing
innovation in machine-generated narratives.

Limitations

Here we outline several limitations of our work.
First, our benchmark relies exclusively on Chinese
web novels as the evaluation dataset. While this
provides a rich, diverse, and representative corpus
for our purposes, future work should extend the
benchmark to other languages and literary forms

3See Appendix C for further details.
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to improve its generalizability. Second, due to re-
source and time constraints, our experimental scale
is limited: we evaluated performance only on the
subset using a single LLM-as-Judge model. Al-
though our results demonstrate robustness, evaluat-
ing additional subsets with multiple judge models
in future studies would further strengthen and val-
idate our conclusions. Lastly, while we propose
that our benchmark can directly assess data quality,
we have not yet explored its broader applications.
Future research will investigate how these bench-
mark datasets can be leveraged to enhance model
performance and other downstream tasks.
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A System Prompt

To ensure consistency and clarity in our evaluation
pipeline, we standardised the prompts used across
all stages of the benchmark. Figure 11 shows the
system prompt used to guide story generation,
while Figure 12, 13 presents the evaluation prompt
employed by the LLM-as-judge to assess narrative
quality. Additionally, Figure 10 illustrates the sys-
tem prompt used for Story-to-Synopsis extraction,
which serves as a foundation for constructing our
generation dataset. These prompts were carefully
designed to minimise ambiguity and ensure the
reproducibility of our benchmark results.

B Principal Component Analysis Details

To determine the relative importance of each evalu-
ation dimension, we applied Principal Component
Analysis (PCA) to the score distributions across our
web novel dataset. The scree plot in Figure 7 shows
that the first principal component accounts for over
75% of the total variance. This indicates that while
each of our eight evaluation dimensions captures a
distinct and meaningful aspect of narrative quality,
they also collectively reflect a strong underlying
evaluative signal. The high explained variance sup-
ports the internal coherence of our metric design
and justifies the use of PCA-derived weights for
aggregating narrative quality scores. This balance
suggests that the dimensions are complementary
rather than redundant, each contributing uniquely
to the overall narrative assessment.

The radar chart embedded in the same figure vi-
sualises the PCA-derived weights assigned to each
of the eight narrative dimensions (D1-D8). These
weights, used throughout our benchmark scoring,
reflect each dimension’s contribution to the primary
variance component and therefore represent their
relative importance in the overall evaluation frame-
work.

C Length Analysis Details

To support the main findings in Section 5.4, we pro-
vide a visual summary of the mean output lengths
across all evaluated models in Figure 8. The green
and red dashed lines represent the expected length
bounds (800-1200 words). As shown, the vast ma-
jority of models generated outputs that fall within
or near this range, indicating consistent adherence
to the specified context length.

0.7559

o
»

o
w

Explained Variance Ratio

0.0465 0.0376

0.0246 00152

0.0086 0.0067

Principal Component

Figure 7: PCA of Evaluation Metrics. The bar chart
shows the explained variance ratio for each principal
component. The radar chart visualises the relative
weights of the eight narrative dimensions used in our
benchmark.

Given this overall consistency, we do not delve
into detailed length-based comparisons in the main
text. Notable outliers such as Claude 3.7 Son-
net (around 2,700) and Gemini 2.5 Pro produced
(around 2,000) significantly longer outputs, while
models like LLaMA 3.3 and GLM-4-9B-chat
tended to under-generate. These deviations are
exceptions rather than the norm and had limited
impact on the overall evaluation results.

While length was not found to be a major differ-
entiating factor in narrative quality, future iterations
of the benchmark may consider applying soft con-
straints or regularisation mechanisms to penalise
excessively long or short outputs.

Mean Length of Generated Outputs by Model

& 8
Model

Figure 8: The Average Length of The Outputs Gener-
ated by The Models. The green and red dashed lines in-
dicate the expected lower and upper bounds (800—1200
words). Most models generate outputs within or near
this range, while a few, such as Claude 3.7 Sonnet and
Gemini 2.5 Pro, produce significantly longer outputs.
Models like LLaMA 3.3 and GLM-4-9B-chat under-
generate relative to expectations. Overall, most outputs
demonstrate consistent adherence to the desired context
length.

1839



D Ethical Considerations

Our WebNovelBench dataset is constructed by ref-
erencing and curating from an existing, published
collection of Chinese web novels as described in
Jun (2023), which is distributed under the MIT Li-
cense. This ensures that our work is based on a
resource that is openly accessible to the research
community and permissive for academic use.

For each novel, only a limited excerpt (10 chap-
ters) is included in our benchmark to minimise data
usage while supporting comprehensive evaluation.
All data is strictly used for research, evaluation, and
benchmarking purposes, and is neither employed
for model training nor for any commercial applica-
tions.

No personally identifiable or private information
is contained in the dataset. We conducted careful
reviews to exclude any sensitive or inappropriate
material.  Furthermore, we comply with all
applicable terms of use and licensing agreements
for the language models involved in our evaluation.
Model outputs generated in this study are solely
used for scientific analysis and reporting.

E Dataset and Classic Literature Details

E.1 Chapter Length Statistics

Our dataset comprises 40,000 chapters (10 chapters
per 4,000 novels). The average chapter length is
3,139.03 characters, with a standard deviation of
1,133.80 characters, enabling robust quantitative
analysis of narrative quality.

E.2 Genre Distribution

To ensure broad representativeness, the dataset
spans a diverse range of genres and subgenres. The
full genre distribution is shown in Figure 9 and
Table 4.

E.3 The Mao Dun Literature Prize

The Mao Dun Literature Prize is one of China’s
most prestigious literary awards for novels, estab-
lished in 1981 and awarded by the China Writers
Association. Named after the renowned novelist
Mao Dun, it is typically awarded every four years,
recognising outstanding achievements in contem-
porary Chinese fiction. Laureates of the prize are
widely regarded as exemplars of literary excellence
in modern Chinese literature.

29.6%

29.0%

Figure 9: Genre Distribution of 4,000 Novels.

Genre (Primary — Secondary) Count

Fantasy — Eastern Fantasy 1281
Realistic — Unspecified 1255
Fantasy — Western Fantasy 670
Fantasy — Unspecified 326
Historical — Unspecified 234
Fantasy — Unique Worldview 205
Historical — True History 101
Historical — Unique Worldview 44
Sci-Fi — Cyberpunk 42
Fantasy — Post-Apocalyptic 38
Realistic — Unique Worldview 25
Fantasy — Cyberpunk 22
Mystery — Unspecified 20
Sci-Fi — Unspecified 19
Sci-Fi — Western Fantasy 9
Realistic — True History 9
Historical — Eastern Fantasy 6
Sci-Fi — Unique Worldview 5
Sci-Fi — Post-Apocalyptic 4
Realistic — Western Fantasy 4
Realistic — Eastern Fantasy 4
Romance — Unspecified 3
Historical — Western Fantasy 2
Mystery — Eastern Fantasy 2
Mystery — Unique Worldview 1
Fantasy — Eastern Fantasy 1
Romance — Western Fantasy 1
Romance — Unique Worldview 1

Table 4: Genre distribution of the 4,000+ web novels.

E.4 Selected Mao Dun Literature Prize Novels

As high-quality human-written references, we eval-
uated the following 25 Mao Dun Literature Prize-
winning novels (first 10 chapters each) using our
benchmark pipeline:
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AN (War and People)
KARHK (The Song of Everlasting Sorrow)
/" KFH (The Second Sun)
RIRVEE (Red Poppies)
{LFd =F#8H (Jiangnan Trilogy)
RN =FH (Tea Person Trilogy)
PBHAKAIZELL (The Funeral of a Muslim)
7R 77 (The East)
FIREJR (White Deer Plain)
XN (The Scenery Here)
YRFETE R (You Are on the Plateau)
VA 22 JLAT] (Xu Mao and His Daugh-
ters)
it (The Book of Life)
ZXH R (Li Zicheng)
[ IR ZS (Sky of History)
FTH0 (Baimen Willow)
4 BiEk (The Broken Golden Basin)
ZRiIC (Dongzang Chronicle)
% (Frog)
5K & 1E (Zhang Juzheng)
T&5F (No Words)
#= XiC, (The Wind Walker)
A R 2 (The Yellow River Flows East)
FFLEIHE 5 (Ordinary World)
1 K (Snowy Land)

These classics are widely acknowledged for their

literary quality and serve as the upper-bound refer-
ence for LLM-generated narrative evaluation.

F Data Samples

Story-to-Synopsis Extraction Sample, generated by
Doubao-pro-32k:

Story-to-Synopsis Extraction Input

1498 E AT & «5f KB, XA VA2
EAEAR 258, SEOMER, XAk aT
RESy ... “EEY—RIARTE, HEERE
TR RS, X — B, X2Vl

Story-to-Synopsis Extraction Input

(English Version)

Chapter 1498: No Sense of Propriety "Brother Xiao
Yan, this Yao Wangui is a four-star beginner Dou
Sage. He’s extremely strong and won’t be easy to
deal with." ... "A useless thing like you dares to boast
in front of my teacher? This slap is just a small lesson
for you!"

Story-to-Synopsis Extraction Output

<FBENYI> SR EIL, HHA, B, BR<IE
E NP>

<FEEBET> (1) B)LREER R 73U EL
Wb XRE, NS, WRERAEST,
HNBEEF|F LR K, KRG VAR E
o (5) ZIRIGFZALA T IAARK K, KRR
WHAGHN, T THR—BEFHIM . </=£
S ,

<HEYF> RE (RARELEI K EHZEH
H) </BEEHE>

Story-to-Synopsis Extraction Output

(English Version)

<Main Characters> Xiao Yan, Xun’er, Yao Wangui,
Yao Lao, Yao Tian </Main Characters>

<Main Plots> (1) Xun’er reminds Xiao Yan that
Yao Wangui is a four-star beginner Dou Sage and
not easy to handle. Xiao Yan assures her he has
it under control, stating that once he acquires and
refines the Purifying Lotus Demon Flame, defeating
Yao Wangui will be no issue. ... (5) Yao Tian, furious,
orders Yao Wangui to kill Xiao Yan. Xiao Yan’s soul
avatar appears, slaps Yao Tian, and gives him a lesson.
</Main Plots>

<Important Scenes> Sky (the place where everyone
gathers and the confrontation occurs) </Important
Scenes>

LLMs synopsis-to-story generation samples, us-

ing the above extraction result as input example:

GLM-4-9B Generation

ErERELT, AR, A E AR
Sty s T I S S
% AR R R SR, Dr R RER
B3 5 DB - 255, (R R R
WL EMY WA R, R K AEANT . Wk
BB LA, W BRI
P EEITE, 2R ERERH A )
ARk TR G I - AT, T AR
B AR i 5 MR T 25K 7
AR . IR HRIEE A, AT
) WIS IV AR, AT
Wl THR B ~HR .

o

NS}

>_
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GLM-4-9B Generation (English Version)

Beneath the vast sky, the crowd buzzed with excite-
ment, and all eyes were firmly fixed on three figures.
Xun’er stood close beside Xiao Yan, her eyes shining
with both determination and worry, as if she could
sense the resolve within him.

“Yao Wangui, aren’t you a four-star beginner Dou
Sage? Dealing with you is well within my grasp,”
Xiao Yan’s voice echoed through the air, laced with
an undeniable authority.

No sooner had he finished speaking than Yao Tian
unleashed a powerful surge of soul force, launching
an attack on Xiao Yan. Yet, to everyone’s astonish-
ment, Xiao Yan easily shattered Yao Tian’s spiritual
assault.

“You!” Yao Tian glared furiously at Yao Wangui.
“Kill him!”

Xiao Yan’s soul avatar appeared before the crowd.
Without hesitation, he slapped Yao Tian across the
face. “Take that as a lesson.”

Qwen3-235B-A22B Generation

TR B ISR A IS AR, A 5T oL
FHARE, % ACHI ] Bt 7 3 P
D TILBRE T, 15080, "7
2% JE D 10 8 P/ 4 DR B A
T, HI7E 7 40 0 L O 40 2 R =
KB 705, I % B g B I 2 75
B BRIHBERIE, GO0
FRE TR - 42 IR 26 B R
JGERY, B AR E AR = 2 R Pl
M URALR L S R (LB TR, 25
BUET T 2ORE? RiE AR T, B
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Qwen3-235B-A22B Generation (English
Version)

The sea of clouds around the floating island churned
like boiling lava. Xiao Yan stood with his hands
behind his back by the bluestone railing, his dark
robe swirling to reveal the pitch-black Fallen Heart
Flame at his waist.

Suddenly, Xun’er grabbed his wrist, her fingertips
trembling. “The seven-coloured pill mark on that
elder’s forehead...” The girl’s whispered warning was
torn apart by the fierce wind, yet it crystallised in
Xiao Yan’s ear: “Yao Wangui, Third Elder of the Yao
Clan. The oppressive force of a four-star Dou Sage
can bend the rings of ancient trees.”

Yao Tian’s robe was shredded by the wild gale, ex-
posing the hideous ‘Sin Pill’ scar on his chest. Xiao
Yan’s avatar descended, stepping through the air and
leaving eight afterimages. Each resounding slap sent
the clouds collapsing into lotus petals. “Do you know
how many crimes Yao Lao took upon himself when
your grandfather secretly refined the ‘Bone Melting
Pill’ all those years ago?” As the final blow landed, a
long howl of demonic fire echoed from deep within
the floating island, and the phantom of the Purifying
Lotus blossomed a crimson mark upon every fore-
head.

GPT-4.1 Generation
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GPT-4.1 Generation (English Version)

The sky resembled an iron curtain scorched by raging
flames—Ilofty, deep, and ominous. Wisps of cloud,
torn apart by invisible forces, drifted raggedly across
the heavens, casting mottled shadows over a storm
on the verge of eruption. Beneath the vast expanse,
figures appeared, their auras churning the air in tidal
waves of battle energy.

Xun’er, dressed in a pale blue gown, stood by Xiao

Yan’s side, a hint of worry hidden between her brows.

She whispered, “Brother Xiao Yan, Yao Wangui is
a four-star beginner Dou Sage—do not take him
lightly.” Her voice, slender yet urgent, flowed like
a spring through cracks in the heart’s stone.

Xiao Yan’s gaze was calm as still water, the corners

of his lips curled in quiet confidence. “Don’t worry.

As long as I obtain and refine the Purifying Lotus
Demon Flame, Yao Wangui will be of no concern.”

Yao Tian’s face darkened to iron as he roared, “Kill
him! I'll take his life myself!” Before his words faded,
the void twisted, and a soul avatar silently formed at
his side. With a crisp “smack,” the soul avatar struck
Yao Tian across the face. For a moment, heaven and
earth fell silent—only the wind and the collective
gasp of the crowd remained.

Xiao Yan’s avatar gazed down at the stunned Yao
Tian, his voice icy: “Arrogant fool, all you know is
to insult your elders. Is this what you call dignity?
Provoke me again, and I’ll make sure you’re silenced
forever.”

Deepseek-V3 Evaluation (English Ver-

501))

<Extraction Results> <Main Characters and
Their Dialogues> 1. Xiao Yan — "Don’t worry. As
long as I obtain and refine the Purifying Lotus De-
mon Flame, Yao Wangui will be of no concern."
... </Main Characters and Their Dialogues>
<Main Plots> 1. Scene Setting: The sky is
scorched by blazing flames, a storm is about to
erupt. Xiao Yan and Xun’er converse in a tense
atmosphere, with Xun’er reminding Xiao Yan of
Yao Wangui’s strength. ... </Main Plots>
<Important Scenes> 1. Confrontation Under
the Sky: Beneath the fiery sky and swirling
sea of clouds, Xiao Yan and Yao Wangui stand
opposed to each other. ... </Important Scenes>
</Extraction Results>

<Scoring Results> <Use of Literary Devices
Score>4</Use of Literary Devices Score>
<Richness of Sensory Detail Score>>4</Richness
of Sensory Detail Score> <Balance of Char-
acter Presence Score>3</Balance of Character
Presence Score> <Distinctiveness of Charac-
ter Dialogue Score>4</Distinctiveness of Char-
acter Dialogue Score> <Consistency of Char-
acterisation Score>4</Consistency of Charac-
terisation Score> <Atmospheric and Thematic
Alignment Score>4</Atmospheric and Thematic
Alignment Score> <Contextual Appropriateness
Score>4</Contextual Appropriateness Score>
<Scene-to-Scene Coherence Score>4</Scene-to-
Scene Coherence Score> </Scoring Results>

LLM-as-Judge evaluation
Deepseek-V3 as a critic:

sample, using

Deepseek-V3 Evaluation
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Story-to-Synopsis Extraction System Prompt
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Your task is to extract key information—such as main characters, major plot points,
and important settings—from the given novel excerpt. This information will be used to
construct a knowledge graph and encyclopaedic entry for the novel. Please read the following
text carefully:

<Novel> {text} </Novel>

When extracting the information, follow these steps:

1. Carefully read through the entire novel excerpt.

2. Identify the main characters, i.e., the characters who play a central role and around whom
significant parts of the plot revolve.

3. Outline the major plot points, which refer to the core events and pivotal turns that drive the
story forward.

4. Determine the important settings, i.e., the key locations and environments where significant
story developments occur.

5. Check the extracted information for accuracy and completeness.

Output your extracted results within the <Extraction> tags using the following for-
mat:

<Main Characters> [List the names of the main characters, separated by commas] </Main
Characters>

<Main Plots> [Describe the main plot points in detail, following the chronological order of
events. Use line breaks between different events, e.g., (1)...(2)...] </Main Plots>
<Important Scenes> [List the names of the important settings, separated by commas]
</Important Scenes>

Please ensure that the extracted information is rich, comprehensive, and accurate.

Figure 10: System Prompt Used for Story-to-Synopsis Extraction
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Generation System Prompt
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You are a Chinese fiction writer. Your task is to expand and create a narrative based on the
information provided by the user. Your writing must adhere to the following guidelines:

1. The user will provide the key information for a long-form novel using the following format.
Please read the information carefully:

<Main Characters>[Names of the main characters]</Main Characters>

<Main Plots>[Main plot points in chronological order]</Main Plots>

<Important Scenes>[Names of important scenes or locations]</Important Scenes>

2. A critic will evaluate your writing according to the following criteria:

Use of Literary Devices: Scored based on the quantity and refinement of complex rhetorical
devices such as metaphor, symbolism, and paradox.

Richness of Sensory Detail: Scored based on the frequency of visual, auditory, olfactory, and
other sensory descriptions.

Balance of Character Presence: Scored based on the frequency of each character’s appearance,
proportion of dialogue, psychological depiction, and overall balance of character portrayal.
Distinctiveness of Character Dialogue: Scored based on whether each character’s dialogue
reflects individual personality and remains distinguishable even if names are hidden.
Consistency of Characterisation: Scored based on whether the characters’ language and
actions align with their identities and backgrounds.

Atmospheric and Thematic Alignment: Scored based on whether scene descriptions support
the emotional tone and thematic coherence of the narrative.

Contextual Appropriateness: Scored based on whether the setting details are appropriate for
the time period and regional background.

Scene-to-Scene Coherence: Scored based on whether the narrative transitions naturally
between scenes, avoiding abrupt or disjointed shifts.

3. Return only the generated novel in the following format:

<text>Your generated story content</text>

Figure 11: System Prompt Used for Generation
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Evaluation System Prompt
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Figure 12: System Prompt Used for Evaluation (Chinese Version)
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Evaluation System Prompt

Your task is to rate a novel based on the given criteria (1-5). Please read the following novel text carefully:
<Novel> {chapter} </Novel>. When extracting information, please follow these steps:

1. Carefully read through the entire novel text.

2. Identify the main characters, i.e., those who play key roles and around whom major events unfold.

3. Summarize the main plot, which refers to the core events and key turning points driving the story forward.

4. Determine the important scenes, i.e., key locations and settings where major story events take place.

5. Check whether the extracted information is accurate and complete.

Please output your extraction results within the <Extraction Results> tag, using the following format:

<Main Characters and Their Dialogues>[List the names of main characters and their dialogues]</Main
Characters and Their Dialogues>

<Main Plots>[Describe the main plot in detail, following the sequence of events]</Main Plots>

<Important Scenes>[List the names of important scenes]</Important Scenes>

Please ensure the extracted information is rich, comprehensive, and accurate.

When scoring, please follow these steps:

1. Based on the quantity and quality of complex rhetorical devices (metaphor, symbolism, paradox), provide a
score for Use of Literary Devices.

2. Based on the frequency of visual, auditory, olfactory, and other sensory descriptions, provide a score for
Richness of Sensory Detail.

3. Count the appearance frequency, dialogue proportion, and psychological descriptions of each character and
assess the balance of character descriptions; then provide a score for Balance of Character Presence.

4. Check whether character dialogues reflect distinct personalities and whether they remain distinguishable even
without names; provide a score for Distinctiveness of Character Dialogue.

5. Analyse whether characters’ language and actions match their identities and backgrounds; provide a score for
Consistency of Characterisation.

6. Through emotional spectrum analysis, check if scene descriptions serve the overall atmosphere and themes;
provide a score for Atmospheric and Thematic Alignment.

7. Analyse whether environmental details match the historical, locational, or cultural background; provide a score
for Contextual Appropriateness.

8. Evaluate whether the generated content transitions naturally between scenes and avoids abrupt scene shifts;
provide a score for Scene-to-Scene Coherence.

Please output your scoring results within the <Scoring Results> tag, using the following format:

<Use of Literary Devices Score>1</Use of Literary Devices Score> <Richness of Sensory Detail
Score>1</Richness of Sensory Detail Score> <Balance of Character Presence Score>1</Balance of Character
Presence Score> <Distinctiveness of Character Dialogue Score>1</Distinctiveness of Character Dialogue
Score> <Consistency of Characterisation Score>1</Consistency of Characterisation Score> <Atmospheric
and Thematic Alignment Score>1</Atmospheric and Thematic Alignment Score> <Contextual Appropriate-
ness Score>1</Contextual Appropriateness Score> <Scene-to-Scene Coherence Score>1</Scene-to-Scene
Coherence Score>

Please ensure your scoring is comprehensive and fully meets the requirements.

Figure 13: System Prompt Used for Evaluation (English Version)
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