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Abstract

The rapid development of large language
models (LLMs) has extended text generation
tasks into the literary domain. However, Al-
generated literary creations has raised increas-
ingly prominent issues of creative authenticity
and ethics in literary world, making the detec-
tion of LLM-generated literary texts essential
and urgent. While previous works have made
significant progress in detecting Al-generated
text, it has yet to address classical Chinese po-
etry. Due to the unique linguistic features of
classical Chinese poetry, such as strict metrical
regularity, a shared system of poetic imagery,
and flexible syntax, distinguishing whether a
poem is authored by Al presents a substan-
tial challenge. To address these issues, we
introduce ChangAn, a benchmark for detect-
ing LLM-generated classical Chinese poetry
that containing total 30,664 poems, 10,276 are
human-written poems and 20,388 poems are
generated by four popular LLMs. Based on
ChangAn, we conducted a systematic evalua-
tion of 12 Al detectors, investigating their per-
formance variations across different text granu-
larities and generation strategies. Our findings
highlight the limitations of current Chinese text
detectors, which fail to serve as reliable tools
for detecting LLM-generated classical Chinese
poetry. These results validate the effective-
ness and necessity of our proposed ChangAn
benchmark. Our dataset and code are available
at https://github.com/VelikayaScarlet/
ChangAn.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable performance across a wide range (Li
etal., 2025; Zhang et al., 2025a,b; Mao et al., 2025;
Liu and Henao, 2025). However, this powerful
generative capability also entails potential risks:
models may fabricate large amounts of false or
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even misleading content. As a result, the automated
detection of text generated by LLMs has become
an increasingly urgent research need in the NLP
field.

Chinese NLP has attracted much attention (Xu
et al., 2022; Lan et al., 2025). However, existing
research on the detection of content generated by
LLMs has primarily focused on modern languages
and contemporary literary genres. Some highly
literary forms such as English poetry (Chen et al.,
2024), Haiku (Jobanputra et al., 2025), and Chi-
nese classical (Chen et al., 2025) and modern po-
etry (Wang et al., 2024b, 2026), which are increas-
ingly becoming important extensions of LLMs’ text
generation capabilities, have remained largely un-
derexplored in detection research.

Currently, Al-generated content has given rise to
increasingly prominent real-world issues in many
realms (Shi et al., 2024), and so has classical lit-
erature. Recent studies (Meng, 2025; Wang et al.,
2025) and media reports! 2 3 indicate that multiple
poetry journals and literary platforms have publicly
condemned the submission of Al-generated works
without proper disclosure, reflecting growing con-
cerns within the literary community regarding cre-
ative authenticity and authorship ethics. Reliance
on human judgment alone has become insufficient
to cope with the large-scale and low-cost genera-
tion of Al-generated content in this area.

In the Chinese literary tradition, classical po-
etry has long occupied a important position. Un-
like modern poetry, which is relatively free in
form, classical poetry is a highly formalized and
strongly constrained literary genre, characterized
by strict conventions governing line count, line
length, tonal alternation, rhyme schemes, and paral-
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Figure 1: The overall structure of our proposed benchmark

lel structures (Downer, 1963; Liu, 1988; Xia, 2023),
through which it achieves a distinctive sense of mu-
sicality and structural aesthetics.

However, these distinctive linguistic features cre-
ate major challenges for general-purpose text de-
tection methods when applied to classical Chinese
poetry. Classical poetry displays strong regulari-
ties such as tonal alternation, rhyme patterns, and
parallel structures (Chen, 1979; Liu and Yu, 2015).
As a result, detection models struggle to judge if
these regularities reflect human adherence to poetic
conventions or LLMs’ imitation of learned patterns.
Classical poetry also uses a widely shared set of
poetic imagery. Many imagery terms appear often
with both humans and Al models, causing overlap
in lexical distributions (Miao, 1991; Hui, 2000). In
addition, classical poetry has flexible word-class
usage and frequent syntactic inversion (Yu-Kung
and Tsu-Lin, 1971; Jinhua Yang, 2017). For exam-
ple, in "H X LKL ", "4k (green)" acts as a
verb meaning make sth. green. In "fTIE J95% 2",
word order is inverted to meet metrical constraints.
Such departures from modern Chinese grammar
further complicate the task of capturing true lin-
guistic patterns. Therefore,current Al-generated
text detection benchmarks are inadequate for eval-
uating detector performance in this domain.

To address this gap, we construct and intro-
duce ChangAn, a Chinese classical poetry detec-
tion benchmark written by large language mod-
els and modern humAns. ChangAn is designed
to systematically evaluate the effectiveness of cur-
rent LLMs and detection methods in distinguishing

human-written and Al-generated classical poetry.
ChangAn consists a total of 30,664 poems, includ-
ing 10,276 high-quality poems written by 282 mod-
ern poets and poetry enthusiasts, as well as 20,388
poems generated by four mainstream LLMs, with
a balanced distribution across models, ensuring
broad thematic coverage and stylistic diversity. Ad-
ditionally, we evaluate four representative LLMs
and eight detection baselines across distinct scenar-
ios based on text granularity and generation strate-
gies. Notably, we also investigate the dual role of
LLMs as both content generators and zero-shot de-
tectors to explore their capacity for self-detection
in the context of classical poetry. The overall struc-
ture of ChangAn can be found in Figure 1. Our key
contributions are as follows:

* Comprehensive Dataset We introduce
ChangAn, the first specialized benchmark
for detecting LLM-generated classical
Chinese poetry, featuring a diverse collec-
tion of contemporary human-written and
LLM-generated poems.

¢ Evaluation Benchmark We establish a novel
benchmark that incorporates diverse text gran-
ularities and generation strategies, enabling
a holistic assessment of detection methods
across various creative scenarios.

* Experimental Analysis We conduct a com-
prehensive evaluation of different detectors,
exposing the limitations of them and offering
new insights into Al detection for classical
literary languages.
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2 Related Works

2.1 Classical Chinese poetry Generation

Classical Chinese poetry is characterized by rig-
orous metrical patterns and condensed imagery,
features that distinguish its generation from stan-
dard natural language tasks. Early rule-based sys-
tems (Yan et al., 2013) failed to balance strict for-
mal constraints like tonal balance and rhyming with
semantic naturalness and artistic expressiveness.

The advent of deep learning led to the
widespread adoption of Recurrent Neural Net-
works (RNNSs) in poetry generation (Wang et al.,
2016; Yi et al., 2017), which significantly en-
hanced semantic coherence and thematic consis-
tency. In the Transformer era, LLMs have fur-
ther bolstered generative capabilities by leveraging
large-scale corpora to internalize complex linguis-
tic structures (Luo et al., 2021; Huang and Shen,
2025). Furthermore, recent studies have achieved
substantial progress in addressing long-standing
challenges, including emotional and stylistic con-
trol (Shao et al., 2021) as well as intricate format-
ting and metrical constraints (Yu et al., 2024; Song
et al., 2025).

2.2 LLM-Generated and Human-Written
Poetry

As generative artificial intelligence permeates lit-
erary creation, discussions regarding the bound-
aries between LLMs and human authorship have
intensified. In studies focusing on English poetry,
Ko6bis and Mossink (2021) examined the stylistic
quality and subjective credibility of texts gener-
ated by GPT-2. Their work introduced two pivotal
concepts: Humans-out-of-the-loop (HOTL) and
Humans-in-the-loop (HITL). Experimental results
indicated that human participants face significant
challenges in identifying HITL poetry involving
manual intervention. This conclusion was further
supported by Gunser et al. (2022) and Porter and
Machery (2024), whose research revealed substan-
tial cognitive limitations in laypeople when distin-
guishing between Al-generated verses and works
by renowned poets.

In the domain of short-form poetry, (Hitsuwari
et al., 2023) conducted comparative experiments
on Japanese Haiku. Given the extremely concise
"5-7-5" syllable structure and the inherent imagery
ambiguity of Haiku (Hitsuwari et al., 2023; Tateishi
and Mizuguchi, 2025), participants could not effec-
tively differentiate between human-made and Al-

generated works. Notably, high-quality Al Haikus
were frequently misidentified as human-written,
which underscores the high fidelity of Al in con-
strained text generation. Furthermore, Wang et al.
(2025) established the first benchmark for detect-
ing modern Chinese poetry. This study highlighted
the impact of Al-generated content on the literary
ecosystem and suggested that intrinsic linguistic
traits, particularly style, remain the most difficult
dimensions for detection, whereas poems with ex-
plicit emotional expressions are relatively easier to
identify.

The detection of classical Chinese poetry
presents inherent difficulties due to short text
length, fixed linguistic patterns, and sparse struc-
tural information (Chen et al., 2025). First, stan-
dard formats restrict each verse to very few tokens,
thereby limiting the discriminative features avail-
able for detection methods. Second, the widespread
use of shared imagery, classical allusions, and spe-
cific rhetorical devices across the genre makes
more difficult to distinguish the creation between
human and Al. Consequently, this has become one
of the most challenging detection tasks within the
NLP field.

3 The Dataset

3.1 Dataset Statistics

High-quality data constitutes the foundation of
any evaluation benchmark (Wu et al., 2025; Fang
et al., 2025; Peng et al., 2025). However, there
is currently a lack of publicly available datasets
featuring classical poetry authored by modern po-
ets. To fill this gap, we constructed the ChangAn
dataset, a novel corpus comprising 10,276 high-
quality classical poems by 282 modern authors
and 20,388 samples generated by four mainstream
LLMs. To the best of our knowledge, this is the first
classical poetry dataset to simultaneously incorpo-
rate both modern human compositions and LLM-
generated works. It includes 17193 Ci, 3773 jueju
and 9699 lvshi. Detailed statistical information for
the ChangAn dataset can be found in Table 1. We
provide poem examples in Appendix A.

3.2 Poetry Written by Humans

We curated a dataset of 10,276 high-quality clas-
sical poems authored by 282 modern poets and
poetry enthusiasts. Specifically, the data were col-
lected from two primary sources. First, we crawled
poems from popular online social platforms and
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Author Num. Poems Num. Sents Avg. S/P Avg. C/S Total Characters
Human 10,276 105,828 10.30 5.70 603,034
Doubao Seed-1.6 5,136 48,232 9.39 6.13 295,742
DeepSeek-V3.2 5,138 51,858 10.09 5.89 305,285
Kimi-K2 5,017 51,129 10.19 5.92 302,812
GPT-4.1 5,097 50,713 9.95 5.83 295,503
Overall 30,664 307,760 10.04 5.86 1,802,646

Table 1: Statistical distribution of the ChangAn dataset. Abbreviations include Num. Poems (Number of Poems),
Num. Sents (Number of Sentences), Avg. S/P (Average Sentences Per Poem), and Avg. C/S (Average Characters

Per Sentence).

communities, such as Xiaohongshu and Baidu
Tieba. Second, we selected high-quality works
from professional literary publications and themed
anthologies. These sources represent a wide range
of contemporary poetry creation, where modern
poets actively publish their works and exchange
creative insights. These works strictly adhere to tra-
ditional norms regarding metrical patterns, imagery,
classical allusions, and linguistic style, while simul-
taneously incorporating innovative elements such
as modern imagery. Consequently, this collection
provides an authentic reflection of contemporary
human proficiency in classical composition. Im-
portantly, all authors’ names (or pseudonyms), are
preserved within the dataset to acknowledge intel-
lectual property and ensure complete transparency.

Our decision to utilize classical poetry by mod-
ern authors rather than ancient literary figures and
poets stems from the fact that most ancient texts
have already been incorporated into the pre-training
corpora of LLMs. If ancient works were used to
evaluate Al detection methods, models could eas-
ily determine the source by "memorizing" specific
text segments, thereby failing to accurately reflect
their true discriminative capabilities. In contrast,
modern classical poetry effectively mitigates the
bias caused by data leakage. This approach en-
sures that the detection task remains focused on its
core objective: whether a model can distinguish be-
tween human-written and Al-generated texts based
on stylistic, structural, and linguistic features rather
than mere memorization.

3.3 Poetry Generated by LLMs

In addition to human-written classical poetry, our
dataset incorporates 20,388 samples generated
by four prominent LLMs: DeepSeek-V3.2 (Liu
et al.,, 2024), GPT-4.1 (Achiam et al., 2023),
Kimi-K2 (Team et al., 2025), and Doubao Seed-

1.6 (Team, 2025). Furthermore, we designed two
distinct prompting strategies to simulate direct gen-
eration based on a given topic and critique-driven
refinement. During the data generation phase,
we randomly selected 2,569 human-written poems
from the original corpus as a seed set (1/4 of all
poems). These samples guided the LLMs in genera-
tion based on their specific titles, styles, and genres.
The remaining 7,707 poems were excluded from
the generation process and instead mixed with the
Al-generated works to construct a comprehensive
test set comprising 28,096 poems. This design pro-
vides a robust baseline for subsequent discrimina-
tion experiments by incorporating pristine human
samples that the models never encountered during
the generation phase. The prompts of direct gener-
ation P, and critique-driven refinement F. can be
found in Appendix B.

For the generation parameters, we adopted the
recommended temperatures for creative writing:
1.5 for DeepSeek-V3.2 and 1.0 for the other mod-
els. To better analyze the stylistic differences be-
tween human-written and Al-generated poetry, we
provide word cloud diagrams and high-frequency
image statistics for both Al and human subsets in
Appendix C.

4 Evaluation Methods

Accurately evaluating the discriminative capability
of detection methods for LLM-generated poetry
presents a significant challenge. Relying solely on
the direct detection of fully Al-generated works
fails to capture the actual efficacy of these tools
in complex, real-world scenarios. This limitation
arises from the diverse ways LLMs are utilized:
they can either create entire poems independently
or be employed to polish and revise human-written
drafts. Consequently, we systematically evaluate
existing detection methods across two dimensions:
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text granularity and generation strategy.

4.1 Text Granularity

To evaluate performance boundaries across differ-
ent data scales, we categorize the detection tasks
into Single-Poem Detection (SPD) and Multi-
Poem Detection (MPD).

We select 6 and 12 poems for the MPD setting
to reflect both cultural norms. A collection of 6 po-
ems is a common and cohesive unit in classical Chi-
nese poetry such as (=5 =%l) (Three Officials
and Three Partings), (ZETH/NE) (Six Songs
of Under the Frontier), (X h/N#84A)) (Six
Quatrains Written Playfully), and {_L 7T 7
) (Six Poems on the Lantern Festival Night),
making it a natural choice for evaluation. To report
performance under a larger scale, we additionally
adopt 12 poems (twice the size of 6), allowing us
to analyze the impact of doubling the input data on
detection efficacy.

Single-Poem Detection This setting focuses on
the most common form of poetry sharing. Because
Chinese classical poems are short, they provide
limited semantic and stylistic features for detectors.
This reflects how detection methods perform in real-
world contexts such as social media or submission
platforms.

Multi-Poem Detection This setting simulates
the publication of poetry collections, in which an
author’s lexical choices and imagery tend to show
stylistic similarity across works. We therefore eval-
uate ensembles of 6 and 12 poems to assess how
sample size affects detection accuracy.

4.2 Generation Strategy

We further distinguish between two strategies to
simulate the varying depths of LLM involvement
in the creative process.

Direct Generation This strategy refers to a set-
ting in which text is generated directly by an LLM
without any post-processing. It serves to evaluate
whether detection methods can identify patterns
that are purely generated by LLMs.

Critique-driven Refinement This strategy sim-
ulates the logical process of "#Ef (deliberating
and crafting)" in human composition. It focuses on
how LLMs optimize text through self-evaluation
and targeted adjustments. This mode poses a
greater challenge to the discriminative capabilities
of detectors compared to direct generation. We
have shown how it works in Appendix D.

5 Experimental Setup

Decision-based Detectors We selected four rep-
resentative LL.Ms for our experiments: DeepSeek-
V3.2, GPT-4.1, Kimi-K2, and Doubao Seed-1.6.
Through grouped experiments, we aim to analyze
whether these models can identify their own gener-
ated poems, thereby verifying their self-recognition
capabilities. The prompts we used in this task can
be found in Appendix B.

Probability-based Detectors We evaluated a
variety of methods on the ChangAn dataset fol-
lowing standard configurations from prior research.
For Log-Likelihood (Solaiman et al., 2019), Log-
Rank (Gehrmann et al., 2019), and LRR (Su
et al., 2023), we utilized Qwen2.5-3B (Qwen
et al., 2025) as the base scoring model. For
Fast-DetectGPT (Bao et al., 2023), we employed
Qwen2.5-3B as the reference model and Qwen?2.5-
7B as the scoring model. Regarding supervised
detectors, we used AIGC-Detector-V3 (Tian et al.,
2023) (including both the Zh-v3 version and its
short-text optimized Zh-v3-short variant) and LLM-
Detector-Small-zh (Wang et al., 2024a) model. All
baselines were configured with their default pa-
rameters. Additionally, Roberta (Liu et al., 2019)
is also introduced, which has prominent perfor-
mance in classification tasks. We fine-tuned the
Chinese Roberta model with 3 epochs, a learning
rate of le-4, and a batch size of 16. When training
the ROBERTa model, we randomly split the entire
dataset into training set, validation set, and test set
at a ratio of 8:1:1.

To ensure reliability, all experiments were con-
ducted three times on 2 A100 GPUs, each with
80G memory, and we reported the average values
as our final results.

Metrics For decision-based detectors, where
logit values are inaccessible, we report Accuracy,
Recall for Al, Recall for Human, and Macro-F1
based on their discrete classification outputs. For
probability-based detectors, we follow previous
work and report AUROC and Macro-F1 scores.

6 Results and Analysis

6.1 Opverall Performance

Table 2 illustrates the performance of various
decision-based detectors. The results indicate that
most detectors perform poorly and tend to misclas-
sify both Al-generated and human-written poems
as human creations. DeepSeek-V3.2 achieves the
highest performance among the tested detectors. In
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Detectors Acc. Recall (AI) Recall (Human) Macro-Recall Macro-F1
Deepseek-V3.2 39.56 31.79 60.96 46.37 39.42
Kimi-K2 31.98 16.06 75.83 45.94 31.30
Doubao Seed-1.6 33.80 22.08 66.07 44.07 33.96
GPT-4.1 26.02 5.10 83.63 44.37 23.31
LLM-Detector-Small-zh 29.38 3.86 98.74 51.30 25.16
Average 32.15 15.78 77.05 46.41 30.63

Table 2: Overall performance comparison of LLM detector. The metrics include Accuracy (Acc.), Recall for

Al-generated and Human-written poetry, and Macro-F1.

Detectors AUROC Macro-F1
Log-Likelihood 83.94 73.77
Log-Rank 85.86 75.56
LRR 71.09 64.81
Roberta 95.03 86.18
Zh-v3 72.37 65.44
Zh-v3-short 72.25 65.06
Fast-DetectGPT 49.67 49.35
Average 75.89 67.14

Table 3: Performance comparison of detection methods.
Note that "Zh-v3" and "Zh-v3-short" refer to the AIGC-
Detector-v3 (Zh) and its short-text variant, respectively.

contrast, GPT-4.1 shows the weakest performance.
It is noteworthy that all Chinese-developed models
outperform GPT-4.1, which likely stems from the
differences in their respective training corpora and
exposure to classical Chinese literature.

Unexpectedly, LLM-Detector-Small-zh, which
is specifically optimized for the Chinese language,
underperforms most detectors. This suggests that
existing decision-based detectors trained on general
text possess extremely limited generalization capa-
bilities when applied to specialized genres such as
classical poetry.

Table 3 presents the results of probability-based
detectors. Several key observations can be made.
First, statistical methods demonstrate a signifi-
cant advantage in poetry detection compared to
the decision-based detectors discussed previously.
Log-Likelihood and Log-Rank achieve robust per-
formance with AUROC scores exceeding 80%.
This suggests that while Al-generated poetry may
differ semantically from human-written poems, it
exhibits distinguishable patterns in word and im-
agery usage, as illustrated by our analysis in Ap-
pendix C. Notably, the fine-tuned Roberta model
achieves the highest AUROC of 95.03%, proving
the potential of supervised learning in classical po-
etry detection.

Second, the Fast-DetectGPT fails completely. Its
AUROC of 49.67% is nearly equivalent to random

guessing. This indicates that the negative curvature
hypothesis relied upon by Fast-DetectGPT does not
hold under the highly constrained linguistic struc-
tures of classical poetry. Because the creative space
of classical poetry is constrained by strict rhythm
and parallelism, standard perturbation analysis may
struggle to distinguish statistical artifacts from the
few viable token alternatives.

Finally, specialized tools like AIGC-Detector-
V3 (Zh-v3 and Zh-v3-short) show limited efficacy,
as their performance remains substantially lower
than that of basic statistical methods.

6.2 Can LLMs Identify Their Own Poetic
Creations?

Figure 2 illustrates cross-model recall in poetry
detection. Two key observations emerge regarding
models’ ability to identify their own outputs.

First, most models show little advantage in self-
recognition, unlike in general text domains. Pan-
ickssery et al. (2024) found that for common texts,
a model’s self-recognition correlates linearly with
self-preference bias, reflecting reliance on an "iden-
tity signal." In classical poetry, this signal appears
significantly weakened: Doubao Seed-1.6 achieves
only 16.09% recall on its own samples, much lower
than its 37.27% recall when detecting GPT-4.1, in-
dicating that the strict constraints of poetic form
effectively mask the statistical patterns typically
exploited by models.

Second, the discriminative capability may de-
pends more on domain-specific modeling depth
than on model identity. DeepSeek-V3.2 exhibits
the most robust and consistent detection perfor-
mance across all author groups, while GPT-4.1
fails to recognize Al-generated poetry regardless
of the source, with recall rates consistently below
7%. Given that these models struggle to iden-
tify their own work, their evaluative judgments in
this domain are unlikely to be driven by the self-
recognition-based bias identified by Panickssery
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Detectors Deepseek-V3.2 Kimi-K2 Doubao Seed-1.6 GPT-4.1 Overall
AUROC Macro-F1 AUROC Macro-F1 AUROC Macro-F1 AUROC Macro-F1 AUROC Macro-F1

Log-Likelihood 82.39 75.30 84.62 77.42 84.62 77.22 84.19 76.85 83.94 73.77
Log-Rank 83.55 76.86 86.78 80.06 86.60 79.16 86.60 79.53 85.86 75.56
LRR 72.27 66.56 70.98 65.98 70.89 65.38 70.15 64.89 71.09 64.81
Roberta 93.61 81.69 93.90 81.89 97.95 84.12 94.64 82.52 95.03 86.18
Zh-v3 77.16 69.91 66.11 61.49 69.42 63.74 79.38 71.48 72.37 65.44
Zh-v3-short 77.62 70.15 65.60 60.56 72.82 66.68 77.74 69.92 72.25 65.06
Fast-DetectGPT 53.60 46.69 50.92 44.99 52.10 45.92 41.70 40.71 49.67 49.35
Average 77.17 69.59 74.13 67.48 76.34 68.39 76.34 69.41 75.63 68.60

Table 4: AUROC and Macro-F1 comparison across LLM generators. Note that "Zh-v3" and "Zh-v3-short" refer to
the AIGC-Detector-v3 (Zh) and its short-text variant, respectively.
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Figure 2: Cross-model recall performance for poetry
detection. (A) denotes Author models; (D) denotes
Detector models. Numerical values of Recall (Al) rep-
resent the percentage of correctly identified Al samples.

et al. (2024). Instead, the results indicate that Al-
generated poetry has reached a level of stylistic
maturity where its machine traces are indistinguish-
able even to the originating models.

6.3 Which Model’s Poems is the Easiest to
Identify?

Table 4 presents a detailed evaluation of detec-
tion performance across various generative models.
Kimi-K2 proves to be the most "stealthy" model.
It yields the lowest average AUROC (74.13%) and
Macro-F1 (67.48%), suggesting a higher degree of
integration with the natural distribution of human-
written poetry. However, the results demonstrate
that the average AUROC scores across the four
sources of generated poetry exhibit only modest
variations. This level of comparability suggests
that different LLMs tend to leave a similar density
of statistical artifacts when constrained by the rigid
structures of classical Chinese poetry.

The consistently high performance of the fine-
tuned Roberta model across all groups, particularly
its 97.95% AUROC on Doubao Seed-1.6, demon-

Detectors Recall (Gene.) Recall (Crit.)
Doubao Seed-1.6 21.88 22.29 (+0.41)
Deepseek-V3.2 36.72 26.87 (—9.85)
Kimi-K2 18.33 13.79 (—4.54)
GPT-4.1 4.64 5.56 (+0.92)

LLM-Detector 52.13 50.48 (—1.65)
Average 26.74 23.80 (—2.94)

Table 5: Performance comparison of decision-based
detectors across different generation strategies, we re-
port the recall of Al-genereted poetry. LLM-Detector
denotes the LLM-Detector-Small-zh. Values in paren-
theses denote the recall shift of the latter relative to the
former.

Tl s Generation Critique
AUROC Macro-F1 AUROC Macro-F1

Log-Likelihood 93.33 86.54 74.70 (—18.63) 68.61 (—17.93)
Log-Rank 94.73 88.53 77.12 (—=17.61) 70.65 (—17.88)
LRR 77.76 71.13 64.53 (—13.23)  61.21(-9.92)
Roberta 97.69 87.44 92.38 (—5.31)  83.58 (—3.86)
Zh-v3 75.62 69.18 70.49 (—5.13)  64.88 (—4.30)
Zh-v3-short 76.36 69.59 70.61 (—5.75)  65.01 (—4.58)
Fast-DetectGPT ~ 51.52 49.40 47.85(—3.67)  47.35(—2.05)
Average 80.93 74.54 71.10 (—9.83)  65.90 (—8.64)

Table 6: Performance comparison of probability-based
detectors across generation strategies. We report the AU-
ROC and Macro-F1 score. Parentheses indicate the de-
crease in performance from direct generation to critique-
driven refinement.

strates that supervised detectors can effectively cap-
ture shared machine traits even when the source
models differ in architecture and scale.

6.4 Impact of Generation Strategies

Table 5 and Table 6 present the performance of
various detectors across two distinct generation
strategies: direct generation and critique-driven re-
finement. The results indicate that the refinement
process generally enhances the detection difficulty
of Al-generated poetry generally, although its im-
pact varies slightly across different detectors.
First, as the Table 5 shows, for decision-based de-
tectors, critique-driven refinement has a modest but
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Detectors SPD MPD-6 MPD-12

Acc R-AI R-Hu M-F1 Acc R-AI R-Hu M-F1 Acc R-Al R-Hu M-F1
Deepseek-V3.2 39.56 3179 60.96 3942 61.75 7451 2658 5054 62.83 74.18 31.53 52.83
Kimi-K2 3198 1606 7583 3130 50.84 4281 7297 50.12 5492 5523 5405 5161
Doubao Seed-1.6  33.80 22.08 66.07 3396 5552 4935 72.52 5421 5420 48.69 6937 5279
GPT-4.1 2602 510 83.63 2331 6954 9248 631 4580 7194 9412 1081 50.07
LLM-Detector-S-zh  29.38 3.86 9874 25.16 42.86 31.57 84.24 4260 28.73 1567 8551 28.65
Average 3215 1578 77.05 30.63 56.10 58.14 5252 48.65 54.52 5758 50.25 47.19

Table 7: Performance comparison across MPD, SPD-6, and SPD-12 strategies. R-Al and R-Hu denote Recall for Al
and Human samples, respectively. M-F1 stands for Macro-F1 score.

Detectors SPD MPD-6 MPD-12
AUROC M-F1 AUROC M-F1 AUROC M-F1
Log-Likelihood 8394 7377 9890 9571  99.96  99.08
Log-Rank 8586 7556 9929 9697 1000  99.70
LRR 7109 6481  99.63 9724 1000  99.70
Roberta 9503 8618  99.96 8489  99.99  84.76
Zh-v3 7237 6544 8798 8051  89.90  83.43
Zh-v3-short 7225 6506 8273 7460 8459  77.28
Fast-DetectGPT ~ 49.67  49.35 4516 4427 4529 4222
Average 7574 6859 8795 8203 88.68 83.74

Table 8: Comparison of detection performance (AUROC and Macro-F1) across different window strategies. M-F1
stands for Macro-F1 score. Zh-v3 refers to AIGC-Detector-v3 (Zh-v3).

meaningful effect. On average, recall drops from
26.74% to 23.80%, though individual models ex-
hibit varied responses: DeepSeek-V3.2 decreases
by 9.85%, while Doubao Seed-1.6 and GPT-4.1
increase slightly by 0.41% and 0.92%, respectively.
This indicates that for certain detectors, the refine-
ment process can even introduce patterns that are
more detectable.

In contrast, the impact of the critique-driven re-
finement strategy is even more pronounced for
probability-based detectors. According to Ta-
ble 6, the average AUROC across these methods
falls from 80.93% to 71.10%. Methods like Log-
Likelihood and Log-Rank, which perform well on
direct generation, experience substantial perfor-
mance degradation of approximately 17% to 18%
in AUROC when evaluating samples from critique-
driven refinement. This provides evidence that the
refinement process effectively reduces the identifi-
able statistical artifacts that characterize raw LLM
outputs.

While the fine-tuned Roberta model remains
the most robust detector, even its performance
shows a slight decrease in AUROC from 97.69% to
92.38%. This clear adversarial advantage afforded
by critique-driven refinement underscores a signifi-
cant challenge for current detection methodologies.

6.5 Influence of Text Granularity

Table 7 and Table 8 illustrate the detection per-
formance across different text granularities. The
results demonstrate that Multi-Poem Detection
(MPD) significantly outperforms Single-Poem De-
tection (SPD), as the aggregation of multiple poetic
samples provides a richer set of features detectors.

GPT-4.1 presents a unique case of extreme clas-
sification shift. In the SPD setting, it achieves an
R-Hu of 83.63% but an R-Al of only 5.10%, indi-
cating a strong bias towards classifying its outputs
as human-written. However, this bias reverses dra-
matically in MPD-6, where R-AlI surges to 92.48%
while R-Hu drops to 6.31%. This suggests that for
GPT-4.1, the accumulation of text leads to a violent
shift from human-leaning to Al-leaning predictions,
a phenomenon not observed as intensely in other
models.

We found that the performance gain from in-
creasing text length exhibits clear diminishing re-
turns. As shown in the average metrics in Table 7,
the transition from SPD to MPD-6 yields a substan-
tial increase in average Accuracy (from 32.15% to
56.10%) and R-AI (from 15.78% to 58.14%). How-
ever, further increasing the granularity to MPD-12
results in negligible improvements, and in some
cases, a slight decline in performance. Same but
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more evident trend can be observed in Table 8. The
average AUROC across these methods increases
from 75.74% in SPD to 87.95% in MPD-6, and
further to 88.68% in MPD-12. Both Log-Rank and
LRR achieve almost perfect AUROC scores.

This confirms that the statistical signals of Al-
generated poetry, while subtle in isolated samples,
become highly distinguishable as the available text
volume increases. However, this performance gain
follows a pattern of diminishing returns. The re-
sults indicate that a size of 6 poems already cap-
tures the majority of identifiable features, so more
poems in the MPD-12 setting yields only marginal
improvements.

7 Conclusion

In this paper, we propose ChangAn, the first spe-
cialized benchmark for classical Chinese poetry
detection. Comprising 30,664 samples, ChangAn
features diverse styles and rich poetic imagery.
Using this dataset, we systematically evaluated
decision-based and probability-based detectors, ex-
posing significant limitations in current detection
methodologies. Our results show that all decision-
based detectors failed to accurately identify Al-
generated poems; while certain probability-based
detectors outperformed them, they still struggled
significantly against our critique-based refinement
strategy. Interestingly, this performance degrada-
tion was mitigated as the sample volume per set
increased. Furthermore, we observed a unique phe-
nomenon: unlike their performance on general text,
LLMs exhibit a notable inability to recognize their
own poetic creations. By establishing ChangAn
as a rigorous benchmark, we open new avenues
for research in the evolving landscape of classical
Chinese poetry detection.

Limitations

We select four representative LLMs as primary gen-
eration sources. While these models are industry
standards, our findings may not generalize to all
generative systems due to variations in architecture,
training corpora, and fine-tuning. Additionally, our
evaluation is limited to specific prominent detec-
tion tools; thus, some highly effective or emerging
techniques may not have been captured in the cur-
rent experiments.

Ethics Statement

The poetry samples in this study were collected
from public collections and online communities,
restricted strictly to non-commercial scientific re-
search. To ensure transparency and scholarly in-
tegrity, all human-written poems are presented with
their original author names (mostly pseudonyms).
By providing explicit attribution, we acknowledge
the intellectual property of contemporary poets
while establishing a verifiable foundation for our
corpus.

Our practices strictly comply with Article 24
of the Copyright Law of the People’s Republic of
China through: (1) Proper Attribution, by explicitly
stating authors and titles; (2) Academic Purpose,
where data is used solely for research and bench-
marking; and (3) Non-Commercial Nature, ensur-
ing that scholarly sharing for reproducibility does
not compete with the works’ normal exploitation
or prejudice the holders’ legitimate interests. This
open-source contribution ultimately facilitates the
intersection of technology and literature.
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A Examples of Poetry

To provide a qualitative overview of the generative
capabilities, we present several examples of classi-
cal Chinese poetry authored by both humans and
various LLMs in Figure 3. These samples illus-
trate a spectrum of styles. While the Al models
demonstrate a sophisticated grasp of traditional im-
agery and formal constraints, the human examples
often exhibit more specific, lived-experience-based
narratives.

B Prompts We Used in ChangAn

B.1 Decision-based Detector

For decision-based detectors, we utilize an expert-
based prompting strategy. As illustrated in Figure
4, we instruct the model to act as a poetry identi-
fication expert. The model is required to provide
a brief analysis of the poem’s linguistic and metri-
cal features before assigning a binary label (0 for
Human and 1 for AI). This process is designed
to improve the reliability of the classification by
forcing the model to justify its decision based on
specific poetic nuances.

B.2 Poetry Generation

In this section, we present the detailed configura-
tions of the two prompting strategies employed in
our study: the Direct Generation Prompt () and
the Critique-driven Refinement Prompt (F.). The
P, is designed to evaluate the capability of LLMs
in direct creation under strict metrical and stylistic
constraints based on provided titles.

Conversely, the P, implements an iterative re-
finement process where the model first identifies
the given poem’s shortcomings in metrics, word
choice, coherence of imagery, and novelty, and
subsequently performs revisions to achieve higher
artistic quality. The prompts can be found in Figure
5; both the original Chinese prompts and English
translation are provided.

C A Comparative Analysis of Creative
Preferences between Human and Al

This section explains the style of using imagery
and semantic differences between Al-generated
and human-written poetry based on the visual and
statistical evidence.

As shown in Figure 7 and Table 9, Al and human
authors exhibit high similarity in their choice of
common imagery. Both groups frequently utilize
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Author: Human

WTREWT, TESUA,

(BRR-ZENARBEZIBEHFF (B EXF) )
FEEZFBHE, ALK . WHABFTEY, MFES2EIHR7T.
ERMILAEE . BRIBEREN, REOHRAILE-

Author: Deepseek-V3.2
(VANZRE R BInvip)

BICRIE K, AEERE, AREE.

BTSSR, ReEsF. EFRLEE, RS, SFHR.
B, BRRE . SR, s .
Mk

A7~ TRGAOK, JLIEE - SEEER . T, IRKITk, — A& .

PR, PACDEERE -

Author: Kimi-K?2

(G PrEA)

IHELAEERERN B, hedh R EARIREL -
EFEEHR R, B = aftmiy -
MR E A, REFSFERL-
LGRS, KERBT—HIK-

Author: Doubao Seed-1.6
(EREV-mk L)

PREFE mik, FBETIRGIER,

TERABR, —HERXE AT,

nIAERZ TR -
RIARE CEFE -

Author: GPT-4.1

()
HRETEIER/IME, BE LA -
NEIZRI T 1S, A& FEEZ K -

Figure 3: Examples of classical Chinese poetry from human and various LLMs.

terms such as P9 X, FH &, VL4, and KIE. This
indicates that LLMs have mastered the fundamental
imagery vocabulary of classical poetry, making it
difficult to distinguish authorship based solely on
high-frequency imagery.

However, the semantic clustering of 2000
human-written and 2000 Al-generated poems in
Figure 6 reveals distinct distributional differences,
where specific areas are occupied almost exclu-
sively by human-written poetry.

Qualitative analysis of poems in these human-
exclusive zones shows that human authors fre-
quently include specific details, such as micro-
scopic action descriptions, biological names (e.g.,
T AE, W), or onomatopoeia (e.g., i Z). Al-
generated works, conversely, often remain confined
to vague and generalized descriptions.

Additionally, AI employs broad, poetic-
sounding terms like J7 &, 4=, and JLIE signifi-

cantly more often than human authors. Conversely,
human vocabulary includes more precise spatial
and temporal expressions, such as =T H or —
. These differences in lexical usage explain why
human poetry exhibits greater semantic breadth
than Al-generated outputs.

D Models’ Critique

To illustrate how the critique-based refinement
works, Figure 8 presents a case. Using a human-
written poem as the input, we demonstrate how the
model identifies subtle deficiencies and performs
refinement.

In Round 1, the model provides an analytical
critique of the original poem (KIHFHK- K E) .
It identifies specific linguistic features, such as the
use of “IRHE”, which it perceives as archaic and
disruptive to the reading flow, and notes the high
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Top 20 High-Frequency Short Imagery Words

Top 20 High-Frequency Long Imagery Words

Rank Human Count Rank Al Count‘Rank Human Count Rank Al Count
1 _AJ8] (World) 466 1 %42 (Leaning) 1035 1 =F & (3k Miles) 22 1 B F B8 (Moonlight) 122
2 #/& (Longing) 371 2 B (10k Miles) 1030 2 —14E (20 Years) 19 2 #HH/E (Send Love) 108
3 KIE (Horizon) 369 3 faT 4k (Where) 1019 3 A{AI7E (Where now) 17 3 ARDE (Deep night) 100
4 Y44F (Past days) 311 4 PR (W. Wind) 1010 4 B A (Scholar) 17 4 MFZHELL (Candle) 76
5 faT 4k (Where) 310 5 RIBH (Setting sun) 999 5 B9 A & (Moonlight) 14 5 EFFIK (Flute) 71
6 4} (Back then) 300 6 K{E (Horizon) 938 6 /DAL (Youth heart) 13 6 JLEfYK (Whenend) 51
7 B H (Bright moon) 286 7 %A (E. Wind) 896 7 #3EAE (Begonia) 13 7 I (Lone swan) 47
8 YL ¥ (Jiangnan) 281 8 [FI'E (Looking back) 727 8 =4 (30 Years) 13 8 F=Ab (Railing) 47
9 7 (W. Wind) 267 9 JLE (How many) 700 9 HIEA (Lovers) 12 9 FEHWIME (Smoke) 47

10 75 B (10k Miles) 263 10 ZHTF (Drizzle) 660 10 R&SF (Untethered) 12 10 7. IH¥# (O1d trip) 39
11 £/b (How much) 237 11 AJ8] (World) 636 11 JLEFK (Whenend) 12 11 T3S (Rainy) 38
12 &M (Spring wind) 233 12 #8/E (Longing) 628 12 7Kz [H] (Clouds) 11 12 72X (Strong wind) 38
13 AIFH (Setting sun) 221 13 NAT (Lone lamp) 584 13 R E (Starry sky) 11 13 FEHH (Wutong) 38
14 [E[& (Looking back) 221 14 T B (1k Miles) 576 14 15,00 (Sadness) 11 14 ZZ1E55 (Mirror) 34
15 #7% (Meeting) 214 15 #§FE (Homeland) 574 15 76405 (Snowy fl.) 11 15 FETEIRIR (Swallows) 33
16 %A (E. Wind) 210 16 M4 (Fleeting) 565 16 #HYT (HP River) 11 16 ZFHMT (Lost mail) 31
17 £ (Sentimental) 203 17 f£% (Past) 560 17 /DEEAT (Youth trip) 11 17 V& 1EHE (Pure light) 31
18 T (1k Miles) 202 18 YLF4 (Jiangnan) 520 18 T (Rainy) 11 18 4 (Wuyi Lane) 29
19 V4 (Life-long) 198 19 H4E (Past days) 519 19 AR (Deep night) 10 19 BRF%E (Letter) 28
20 /D4 (Youth) 194 20 Fif&F (Alone) 515 20 1%/ (How many) 10 20 J3%45% (Dream) 28

Table 9: Top 20 high-frequency poetic imagery (with translations) in human-written vs. Al-generated poetry.

System Prompt:

R PRHASEER -

(Translation: You are an expert in classi-
cal poetry identification.)

User Prompt Template:
AW X B & AR HIIERAIT
H . ESEE A, KEEE (X
FAR) i (RFAD -
FRAINZAITR: {poem_text}

User Prompt Template (English):
Please judge whether this poem is
written by a human or an Al. Provide a
brief analysis, and finally answer O (for
human) or 1 (for AI).
The poem content
{poem_text}

is as follows:

Figure 4: Prompts for generation, refinement, and de-
tection

density of imagery in lines like “% 2 f], 2
&, 23, The critique reflects the model’s in-
ternal preference for stylistic consistency and met-
rical rigor .

In Round 2, the model generates a Refined Poem
according to its own evaluative criteria. The re-
finement shows a clear shift in poetic strategy: the
model replaces the modern mechanical metaphors

(e.g., ‘W54, “A%<H”) and fragmented imagery

with more conventional classical motifs (e.g., “X{
ML, “BF¥#&>). This process does not necessarily
imply a subjective improvement in artistic quality;
rather, it reveals the model’s tendency to normalize
creative expressions toward a more traditional and
“harmonious” aesthetic.

D.1 Human Performance

To establish a human baseline and assess the de-
tection difficulty for human readers, we recruited
four participants (They are not professional poets.
However, they have received over ten years of Chi-
nese classical poetry and literature education be-
fore university.) for the evaluation. Given the high
cognitive load required for distinguishing classical
poetry, we randomly sampled 600 identical poems
(approximately 2% of the total dataset) for each
participant. While the percentage might seem mod-
est, the absolute number of samples is sufficient to
support a robust human performance. Their indi-
vidual and average performances are summarized
in the table below, where we report the score of
Accuracy, Recall (AI/Human), Macro-Recall and
Macro-F1.

As shown in Table 10 The accuracy of the
four human participants is concentrated between
47.00% and 53.83%, the average Accuracy is
around 51.25%, which is very close to random
guessing (50%). This indicates that even for read-
ers with over ten years of literature education, dis-
tinguishing between Al and human classical poetry
is extremely difficult.
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Human Readers Acc. Recall (AI) Recall (Human) Macro-Recall Macro-F1

HRI1 47.00 66.67 13.51 40.09 38.59
HR2 51.67 76.19 21.05 48.62 39.57
HR3 52.50 69.44 8.69 39.07 36.04
HR4 53.83 74.28 16.67 45.48 4291

Table 10: The Human Performance on the ChangAn Dataset.

Besides, the low Macro-F1 scores (average
39.28%, slightly better than decision-based detec-
tors but worse than probability-based detectors)
further confirm that human judgement is unreliable
for this task. These results strongly support the
necessity of developing automated detection meth-
ods, as human judgment is no longer sufficient to
safeguard the authenticity of classical poetry.
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Direct Generation Prompt (P,):

PR — NG E  E H BRFA R K - 1BIREL {title} ABANE— & 77
BOR: ERGESPASE (CPIKS #E . SO, PRAERBUDGEDE -
i HIAE L DL JSON R =UHiH, FL & title 1 content 7B

English Translation

You are an expert in classical Chinese poetry. Please create a poem titled {title}.
Requirements: Strictly adhere to metrical rules including tonal patterns (Pingze), rhyme
schemes, and parallelism (Duizhang). The use of modern vernacular Chinese is strictly
prohibited.

Output Format: Provide the result only in JSON format containing the fields "title" and
"content".

Critique-driven Refinement Prompt (F,):

Round 1 (Critique):

T RLX EIFIE, MSE - R - BEER M SO E 4B e H B B 2 4
(PR {title}] [IE3C: {text}]

Round 2 (Refinement):
TERTE_ LA BB JRFFIREFATIRE B, TRERVEM T S A8 AT -
RS L JSON #&=UHH, 5 title 71 content 7B

English Translation

Round 1 (Critique):

Identify the shortcomings of this poem across four dimensions, specifically metrics, word
choice, coherence of imagery, and novelty:

[Title: {title}] [Text: {text}]

Round 2 (Refinement):

Perform a deep revision based on the identified weaknesses to ensure the work perfectly
complies with metrical standards.

Output Format: Provide the result only in JSON format containing the fields "title" and
"content".

Figure 5: Prompts for direct generation and critique-driven refinement
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Balanced Semantic Clustering (2000 Human vs 2000 Al)
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Figure 6: Semantic Clustering of Al vs. Human Poetry
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Figure 7: Visual comparison of poetic imagery distributions. The left column (a, ¢) shows human compositions,
while the right column (b, d) represents Al-generated poetry.
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Round 1: Critique

Original Poem (Human):

ORI R ZEED)

LT, BHEEE. KEWLRZ, BREREE . HAEESE, AL S
A, Bt . DUT NS, HRIETHE.

W2, Mz, BZF. AAWEEY, ET&RS . NAFRETE, BRiLLRHE
M, TEEVIE? KRABRE, MERFE-

Critique Results:

1. B RSB S OGRS SARE: ERERENET OKERCEL) —&rea)
ASBINAESR . Az AL: #A)F P KA BREX T B0 B2 B AR @ H) /7 2 -

2. R AR AT AR AL Brar 5 AR AT iR (yin, TRAIRSIAR) TEE
7, AFER, BkEar, ERERE, PR . T (LUK
72) WILLMAs B Yy, FHFERE EUER

BREE. “HzE, BZiE, PR =ARSEE, wENS, BAEFRZE
B RRERLETHSS, BEEHEE .

3. BEGEN . SRMEHE SR EENFE L. “BEIRBREER, ®
RV NIBE LS 52O ESE, FRIRZ DER)S EERE R, BT ER
G

FERE: MENRAWMEETSIXTHES, HMETHEE" - Pk 0
Biags, SERKAMERE, WIERFET AR MREEZIE, Bk
AILIERE, DR RS ] -

4. FrAE: BEERSERE BRI R EIRES & MARLS S, HIE
,gﬁéﬁ“%ﬁ%%%lﬂ\MW%%,W%K%Eﬁﬁﬂ%%ﬁ@ﬁ%%%
H o

A E RIS HoMAETAOBRR (Wwe . “REE?) 5B “BE F
HHEBMZER, UEHE . “HEEERESR, MRZEEHR—TRETE -
ETRVER AR B 5, A KB R -

Round 2: Refinement

Refined Poem:

ORIk ZED)

FERRES, SNRBR. BRFFTE, REH WA TAERMNIE, ZEBXIM
HiH, mEARL. WE=F%, TERLTE -

BREk, BaEL, BIE . KR—rEd, FALMES . EAEENE, =FKE
g, ANFHUTT . R ET, BIIHS M.

Figure 8: The example of the process of critique-driven refinement.
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