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Abstract

The rapid development of advanced large lan-
guage models (LLMs) has made Al-generated
text indistinguishable from human-written text.
Previous work on detecting Al-generated text
has made effective progress, but has not in-
volved modern Chinese poetry. Due to the dis-
tinctive characteristics of modern Chinese po-
etry, it is difficult to identify whether a poem
originated from humans or Al The prolifera-
tion of Al-generated modern Chinese poetry
has significantly disrupted the poetry ecosys-
tem. Based on the urgency of identifying Al-
generated poetry in the real Chinese world, this
paper proposes a novel benchmark for detect-
ing LLMs-generated modern Chinese poetry.
We first construct a high-quality dataset, which
includes both 800 poems written by six profes-
sional poets and 41,600 poems generated by
four mainstream LLMs. Subsequently, we con-
duct systematic performance assessments of six
detectors on this dataset. Experimental results
demonstrate that current detectors cannot be
used as reliable tools to detect modern Chinese
poems generated by LLMs. The most difficult
poetic features to detect are intrinsic qualities,
especially style. The detection results verify
the effectiveness and necessity of our proposed
benchmark. Our work lays a foundation for
future detection of Al-generated poetry.l

1 Introduction

Large language models (LLMs) have made non-
negligible progress in various tasks (Lan et al.,
2024; Yan et al., 2024; Fang et al., 2023, 2025;
Lyu et al., 2025). However, the rapid development
of advanced LLMs has made Al-generated text in-
distinguishable from human-written text (Hayawi
et al., 2024; Najjar et al., 2025). This Al-generated
content could deceive readers through novel forms
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of manipulation (Weidinger et al., 2022; Buchanan
etal., 2021; Cooke, 2018), which makes reliable de-
tection of Al-generated text a challenge (Wu et al.,
2025). This phenomenon extends even to the do-
main of poetry, traditionally considered the exclu-
sive realm of human creative expression (Bena and
Kalita, 2020; Chaudhuri et al., 2024).

Al-generated poetry has become increasingly
prevalent in the real world. It is foreseeable that
the total amount of poetry generated by Al will
surpass the cumulative amount of all poetry cre-
ated in human history (Huo, 2020). Professional
models were shown to have the potential to gener-
ate high-quality poems that are engaging to read-
ers (Linardaki, 2022; Kobis and Mossink, 2021).
However, humans have been demonstrated to ex-
hibit limited accuracy in distinguishing between Al-
generated poetry and human-written poetry (Darda
et al., 2023; Jakesch et al., 2023). Empirical stud-
ies indicate that humans cannot distinguish poems
generated by ChatGPT-3.5 and may misclassify Al-
generated poems as human-written literary works
(Porter and Machery, 2024).

With the development of literature, modern Chi-
nese poetry has become one of the most popular lit-
erary genres in the current Chinese world. Modern
Chinese poetry is a unique genre of poetry, which
is obviously different from classical Chinese po-
etry and rhymed English poetry (Wang et al., 2024).
Specifically, modern Chinese poetry is free in form
and innovative in language, and is not restricted
by format, sentence length, rhythm, or meter (Guo,
1957; Wang, 2006; Skerratt, 2013; Xu, 2015; Awan
and Khalida, 2015).

Can detection models accurately identify Al-
generated modern Chinese poetry? The meaning-
ful evaluation of LLMs must be grounded in cul-
tural context (Lan et al., 2025). Previous work on
detecting LLM-generated text has made effective
progress (Chen et al., 2025), but these methods
are not applicable to modern Chinese poetry. For
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Figure 1: The framework of our proposed benchmark.

instance, Uchendu et al. (2023) proposed that inco-
herence in text can serve as an indicator of LLM
generation, but this metric fails to generalize to
modern Chinese poetry because coherence and flu-
ency are not necessary factors for modern Chinese
poetry. In recent work, Wu et al. (2024a) intro-
duced GECSCORE, a detection method based on
grammatical error correction scores, to distinguish
between LLM-generated and human-written texts.
Their core idea relies on the disparity in grammati-
cal errors as a discriminative feature, because they
found that human-written texts typically contain
more grammatical errors than those produced by
LLMs. This method performs well across diverse
real-world text sources. However, GECSCORE is
still not applicable to modern Chinese poetry be-
cause one of the most unique intrinsic features of
modern poetry is its deliberate violation of gram-
matical conventions (Deng, 2007; Blohm et al.,
2018). Modern poets achieve maximum rhetorical
tension and novel aesthetics by breaking grammati-
cal rules (Chen, 2012b). Therefore, the seemingly
incorrect grammar in modern poetry is actually the
result of careful design, rendering grammar-based
detection methods ineffective.

Recently, there are authors who submit Al-
generated poems to journals or publish them on
online platforms without indicating that they come
from LLMs. The proliferation of Al-generated
modern Chinese poetry has significantly disrupted
the poetry ecosystem: (1) it deceives both readers
and journal editors, and (2) misleads poetry novices.
Therefore, developing reliable text source identifi-
cation techniques is critically urgent and practically
significant for distinguishing human-written poetry
from Al-generated poetry. However, no detection
research has focused on modern Chinese poetry.

Based on the urgency of identifying Al-

generated poetry in the real Chinese world, in this
paper, we propose a novel benchmark for detect-
ing LLMs-generated modern Chinese poetry. Our
goal is to determine the recognition capabilities
of detectors on LLMs-generated modern Chinese
poetry. We first constructed a high-quality mod-
ern Chinese poetry dataset named AlGenPoetry,
which contains 800 poems written by six profes-
sional poets and 41,600 poems generated by four
mainstream LLMs. This dataset focuses on differ-
ent aspects of poetry, including intrinsic qualities,
external structures, and emotions. Then, we con-
ducted detection experiments on this dataset using
six detectors. The experimental results demonstrate
that current detectors cannot be used as reliable
tools to detect modern Chinese poems generated
by LLMs. Among them, the most difficult poetic
features to detect are intrinsic qualities, especially
style. When conducting in-domain detection exper-
iments on poems with different features generated
by different models, RoBERTa-based detector has
the best comprehensive detection performance. For
data with different characteristics, poems with the
same style as human poems are the most difficult to
detect, while poems that literally express specific
emotions, especially fear, are the easiest to detect.
These detection results verify the effectiveness and
necessity of our proposed benchmark.
Main contributions of our work are as follows:

* We constructed the first modern Chinese po-
etry dataset that includes both high-quality
poems written by professional poets and those
generated by several mainstream LLMs.

* We propose the first benchmark for detect-
ing LLMs-generated modern Chinese poetry.
Both in-domain and out-of-domain experi-
mental results from six detectors verify the
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effectiveness and necessity of our work.

* Our work reveals the vulnerabilities of exist-
ing detectors in this task, and lays a foundation
for future detection of Al-generated poetry.

2 Related Work

With the improvement in the quality of Al-
generated poetry, some studies have made efforts
to identify Al-generated poetry, but primarily fo-
cused on English poetry. Kobis and Mossink (2021)
evaluated humans’ ability to discriminate English
poems generated by GPT-2 (Radford et al., 2019)
that meet appearance criteria such as rhyme and
repetition. They introduced a new Turing test by in-
centivizing the accuracy of human judgments (i.e.,
increasing judges’ motivation). Specifically, they
evaluated humans’ preference for model-generated
poems and human-written poems. The results
showed that participants preferred human-written
poems to model-generated poems, regardless of
whether they were told the source of the poems.
Furthermore, although humans were motivated to
participate in the experiment because of mone-
tary rewards, they were still unable to accurately
identify Al-generated poems. Porter and Mach-
ery (2024) explored whether non-professional read-
ers can distinguish between English poems of the
same style generated by GPT-3.5 and poems writ-
ten by famous poets. Their experiments proved that
poems generated by general Al models are more
likely to be misidentified as human-written because
these poems are considered simpler and easier to
understand. For example, Al-generated poems
have obvious themes and emotions. In addition, hu-
mans’ ability to discern Al-generated poems does
not improve with more poetry experience. Hayawi
et al. (2024) used four traditional models to classify
Al-generated texts and human-written texts, includ-
ing random forest (RF) (Liaw et al., 2002), support
vector machine (SVM) (Burges, 1998), logistic re-
gression (LR) (Kleinbaum et al., 2002) and long
short-term memory (LSTM) networks (Hochreiter
and Schmidhuber, 1997). Among them, the Al-
generated English poems are derived from GPT-3.5
(Radford et al., 2019) and BARD (Thoppilan et al.,
2022). Their experimental results show that SVM
is the most reliable model, which can correctly
detect the poems generated by BARD.

Different from these studies, our work focuses
on modern Chinese poetry, which is significantly
different from the poetry in previous work.

Poems Stanzas Lines Words
Human 800 2.1K 15K 137K
GPT-4.1 104K 418K 254K 2284K
DeepSeek-V3 104K 36.4K 205K 1446K
DeepSeek-R1 10.4K 39.8K 230K 1816K
GLM-4 10.4K 56.2K 340K 2764K

Table 1: The statistics of AlGenPoetry dataset.

3 Task

In our work, the detection task of LLM-generated
poetry is defined as a binary classification task,
formulated as:

1, if P is generated by LLMs,
Y(P) = e ey
0, if P is written by human,

where P denotes the input poem to be detected,
and Y (P) € {0, 1} represents the binary output of
the detector (1 for LLMs-generated, O for human-
written). Figure 1 presents the framework of our
proposed benchmark.

4 AlGenPoetry Dataset

A high-quality benchmark dataset is a prerequisite
for advancing research on detecting poetry gener-
ated by LLMs (Wu et al., 2025). Currently, there is
no publicly available dataset specifically designed
for identifying LLMs-generated modern Chinese
poetry. To address this gap, we constructed a novel
modern Chinese poetry dataset named AIGenPo-
etry. AIGenPoetry includes both 800 high-quality
poems written by six professional human poets and
41,600 poems generated by four state-of-the-art
LLMs. To the best of our knowledge, this con-
stitutes the first modern Chinese poetry dataset
comprising data pairs of both poems written by
professional poets and those generated by Al

Human-Written We collected 800 high-quality
modern Chinese poems written by six professional
modern Chinese poets, which are particularly valu-
able due to three distinctive characteristics:

* Clarity of Source: The misclassification of
LLM-generated texts as human-written ones
and their subsequent use as training data has
led to an unresolved data ambiguity problem
(Wu et al., 2025). To ensure the reliability and
clarity of data sources in our work, all human-
written poems in our dataset are derived from
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poems provided by trustworthy professional
modern Chinese poets themselves. This effec-
tively avoids the data ambiguity issues high-
lighted in the previous detection tasks (Alemo-
hammad et al., 2023; Cardenuto et al., 2023),
where existing training datasets contain con-
tent generated by LLMs.

¢ High Quality: Human-written poems in our
dataset are directly provided by six profes-
sional modern Chinese poets with rich expe-
rience in poetry creation, including: senior
editors of famous poetry journals, university
professors, members of the Chinese Writers
Association?, etc. They have published ex-
cellent poetry collections, published influen-
tial research papers on poetry, and won many
high-quality poetry awards. They are not only
professional poetry creators, but also senior re-
searchers of poetry theory. Therefore, the po-
etry data from them in our work are precious
and valuable for promoting the development
of related domain.

* Diversity: Human-written poems in our
dataset encompass a diverse range of styles,
themes, and forms in real-world modern Chi-
nese poetry. For example, the dataset includes
poems in diverse forms, such as single-stanza
poems and multi-stanza poems with uniform
or varying line counts. These poems cover
a wide range of topics, including emotions,
daily life, social issues, philosophy, and so on.

LLMs-Generated Integrating text generated by
multiple LLMs as training data can significantly
enhance the detector’s performance in cross-model
detection (Wu et al., 2025). Therefore, the Al-
generated poems in our work are produced by var-
ious mainstream LLMs, including GPT-4.1 (Ope-
nAl) (Achiam et al., 2023), DeepSeek-V3 (Liu
et al., 2024), DeepSeek-R1 (Guo et al., 2025), and
GLM-4 (Zhipu Al) (ZHIPU, 2024).

The performance of LLMs is highly sensitive
to input prompts (Antar, 2023; Gao et al., 2023).
Based on the unique characteristics of modern Chi-
nese poetry and the way people often use LLMs to
generate poetry in the real Chinese world, we care-
fully designed 13 prompts, recorded as Pjc(y..13}-
Table 7 in in Appendix A.1 presents the detailed
prompts used for poetry generation. These prompts

2https ://www.chinawriter.com.cn/

focus on different aspects and characteristics of
modern Chinese poetry, including intrinsic quali-
ties, external structures, and emotions:

* P;: In the real world, people tend to write
poems with the same title. Therefore, P; re-
quires LLMs to generate poems with the same
title as human poems, but without any other
restrictions. The data generated by P; is used
as the baseline.

* Py ~ Ps: Both intrinsic quality and external
form are essential components of modern po-
etry (Huo, 2020). So we designed P, to P
based on the style (Yuan, 1991; Luo, 2000),
thought and sentiment (Xi, 2019; Mo, 2009),
and theme (Zhong, 2003) of the poem.

* Py ~ Pg: For external structure, the most in-
tuitive external features of modern poetry in-
clude stanza-division and line-breaking (Xue,
2010). Line is the most fundamental formal
unit of modern Chinese poetry (Yang and Liu,
1985; Shen, 1999), constituting a key distinc-
tion from classical Chinese poetry and prose
(Wang, 2007; Sun, 2011). Line-breaking not
only manifests the structural aesthetics of po-
etry but also carries its inherent tension (Chen,
2012a; Xue, 2016). A line is connected to
another adjacent line or lines to form a higher-
level structure called a stanza. Stanza is a
section of text in modern poetry that has a
complete meaning (Song et al., 2023). There-
fore, we designed Py to Pg to focus mainly
on the external structure of the poem, namely
stanzas and lines.

* Py ~ P13: Poets also express their emotions
through poetry, so Pg to P;3 require LLMs to
generate poems with different emotions, but
the titles are the same as human poems.

Following DeepSeek’s recommendations for the
poetry writing task (Liu et al., 2024), we set temper-
ature to 1.5 and top_p to @. 95 for all models. Then,
each LLLM generated 800 poems per prompt, match-
ing the number of original human-written poems.
This ensures a one-to-one correspondence between
human-written and LLM-generated poems under
each prompt. Human-written poems and LLMs-
generated poems through Py 13y constitute a
pair of data (H D;, LD;), denoted as Dy 13}

Table 1 presents the statistics of AIGenPoetry
dataset. Examples from the dataset are provided in
Appendix A.2. Appendix A.3 shows the detailed
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G GPT-4.1 DeepSeek-V3 DeepSeek-R1 GLM-4 Avg
enerator —

Detector | AUROC F, AUROC Fy AUROC Fy AUROC F AUROC F
Fast-DetectGPT 43.24 46.97 54.67 51.99 94.89 85.19 96.59 92.25 72.35 69.10
LRR 68.84 62.35 55.71 54.32 55.08 55.74 99.79 98.37 69.86 67.70
Log-Likelihood 73.44 65.19 50.08 47.18 64.78 61.11 99.66 98.50 71.99 68.00
Log-Rank 73.23 65.89 47.97 47.80 62.94 57.46 99.83 98.87 70.99 67.51
Binoculars 47.64 44.02 68.63 65.17 93.89 87.34 83.97 78.43 73.53 68.74
RoBERTa 82.00 81.45 96.25 96.25 99.75 99.75 87.38 87.21 91.35 91.17
Avg. 64.73 60.98 62.22 60.45 78.56 74.43 94.54 92.27 75.01 72.03

Table 2: The performance (%) of various detectors on D data pairs (in-domain).

distribution of dataset, the average number of stan-
zas, lines, and words per poem (Table 8), as well as
the statistics of word frequency statistics (Table 9).

5 Experiment

Detector We employed a variety of detectors to
evaluate AlGenPoetry. For statistics-based meth-
ods, we utilized Fast-DetectGPT (Bao et al., 2023),
LRR (Su et al., 2023), Log-Likelihood (Solaiman
et al., 2019), Log-Rank (Gehrmann et al., 2019),
and Binoculars (Hans et al., 2024). For fine-tuning-
based approaches, we adopted the RoBERTa (Liu
et al., 2019) based classifier, which has demon-
strated superior performance on DetectRL bench-
mark (Wu et al., 2024b).

Since previous work has mainly been validated
on English data, migrating to Chinese requires
certain configuration modifications. For the Log-
Likelihood, Log-Rank, and LRR methods, we em-
ployed Qwen2.5—3B3 as the scoring model to opti-
mize detector efficiency while maintaining a model
size comparable to the widely used English scor-
ing model GPT-Neo-2.7B*. For Fast-DetectGPT,
we used Qwen2.5-3B as the reference model and
ch.an2.5—7B5 as the scoring model. For Binoc-
ulars, we used Qwen2.5-7B as the observer, and
Qwen2.5—7B—Instruct6 as the performer. For the
RoBERTa-based classifier, we fine-tuned the Chi-
nese ROBERTa model’ with 3 epochs, a learning
rate of Te-6, and a batch size of 16.

We used the above detectors to conduct both
in-domain and generalization (out-of-domain) ex-
periments on AIGenPoetry dataset. In-domain ex-

3https ://huggingface.co/Qwen/Qwen2.5-3B

4h'ctps ://huggingface.co/EleutherAl/gpt-neo-2.
7B

5https ://huggingface.co/Qwen/Qwen2.5-7B

6https://huggingface.co/Qwen/Qwen2.
5-7B-Instruct

7https://huggingface.co/hfl/
chinese-RoBERTa-wwm-ext

periments were trained and tested on datasets with
the same characteristics generated by individual
LLMs. Both the training set and the test set contain
400 pairs of poems. Each pair consists of a human-
written poem and a LLM-generated poem. The data
for generalization experiments merged poems gen-
erated by multiple LLMs, but the test set had dif-
ferent features from the training set. We balanced
the dataset by up-sampling the human-written po-
ems to match the size of the LLM-generated poems
across all prompts.

Temperature Experiments To explore the ef-
fects of different temperatures, we conducted ad-
ditional experiments with temperatures of 0.7 and
0.0. The experiment is divided into two steps:

1. Four LLMs generate new poetry data. Based
on P;, each LLM generates 800 new poems
at temperatures of @.7 and 0. @ respectively.

2. Detectors detect LLMs-generated poems. 1)
Overall performance of the detector: the detec-
tors detect the data generated by the 4 LLMs.
2) Performance of the detector for a single
LLM: the detectors detect the data generated
by a single LLM. 3) Generalization of the de-
tector: the generalization ability of the detec-
tors on the datasets generated under different
temperature settings.

6 Analysis

Tables 2 and 3 present the performance of various
detectors on the D; data pairs and the D,_ ;5 data
pairs (in-domain) with different characteristics, re-
spectively. Table 4 shows the generalization perfor-
mance of various detectors across out-domain data
pairs with different features from all LLMs. The
results (F1-scores) of the temperature experiments
are presented in Table 5 and 6.
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Generator — GPT41 DS-V3 DS-R1  GLM4 Avg. GPT41 DS-V3 DS-R1  GLM4 Avg.

Detector | Focus on the intrinsic qualities of poetry (D,_5)
D, (Style) D5 (Style)
Fast-DetectGPT  33.33 52.21 75.82 54.58 53.99 43.28 57.50 80.99 50.89 58.17
LRR 47.00 53.17 51.54 58.07 52.45 52.28 63.97 52.00 54.89 55.79
Log-Likelihood 43.58 51.81 56.82 54.34 51.64 48.19 67.61 60.01 50.26 56.52
Log-Rank 44.10 50.63 52.47 57.15 51.09 50.21 66.50 56.50 50.16 55.84
Binoculars 38.00 59.87 79.12 68.25 61.31 52.47 65.79 82.36 64.12 66.19
RoBERTa 86.35 84.85 97.00 82.08 87.57 79.09 73.94 96.62 64.62 78.57
Avg. 48.73 58.76 68.80 62.41 59.68 49.29 64.27 66.37 54.06 58.50
D, (Thought and sentiment) D5 (Theme)
Fast-DetectGPT  33.33 54.54 79.45 69.73 59.26 33.22 61.78 83.09 71.12 62.30
LRR 52.20 57.72 57.15 77.12 61.05 50.14 63.40 56.74 77.11 61.85
Log-Likelihood 49.35 59.99 63.91 75.16 62.10 50.47 65.22 59.20 71.05 61.49
Log-Rank 50.25 62.32 62.89 76.72 63.05 51.60 63.82 61.07 75.85 63.09
Binoculars 33.33 61.41 81.54 74.50 62.70 34.32 72.24 83.47 76.56 66.65
RoBERTa 84.05 87.87 98.12 82.90 88.24 86.18 91.12 99.00 81.05 89.34
Avg. 50.42 63.98 73.84 76.02 66.07 50.99 69.60 73.76 75.46 67.45
Focus on the external structures of poetry (Dg_g)
Dg (Stanza) D, (Line)
Fast-DetectGPT  40.27 46.98 71.89 80.00 59.78 33.33 65.79 87.62 77.75 66.12
LRR 58.84 49.81 48.07 94.62 62.84 58.31 54.99 54.58 94.00 65.47
Log-Likelihood 68.08 41.97 50.16 93.87 63.52 68.94 53.91 61.83 94.12 69.70
Log-Rank 66.42 45.69 50.37 94.75 64.31 68.36 55.79 58.81 94.00 69.24
Binoculars 36.65 60.89 77.08 80.28 63.72 33.33 74.23 87.37 70.37 66.32
RoBERTa 84.87 94.36 98.87 87.35 91.36 83.36 97.62 99.62 83.26 90.97
Avg. 59.19 56.62 66.07 88.48 67.59 57.60 67.05 74.97 85.58 71.30
Dg (Stanza and line) Dg (No emotion)
Fast-DetectGPT  33.72 60.57 87.37 71.08 63.18 33.38 36.62 78.85 74.25 55.78
LRR 56.49 56.34 55.64 90.48 64.74 44.13 4391 45.74 86.74 55.13
Log-Likelihood 68.55 51.61 59.98 91.09 67.81 52.79 40.16 50.83 80.74 56.13
Log-Rank 66.89 54.02 62.06 90.96 68.48 50.52 40.44 49.23 83.40 55.90
Binoculars 33.33 69.98 85.32 77.22 66.46 45.86 59.35 82.43 81.59 67.31
RoBERTa 86.19 97.62 99.37 84.73 91.98 98.37 98.37 100.00 95.75 98.12
Avg. 57.53 65.02 74.96 84.26 70.44 54.18 53.14 67.85 83.75 64.73
Focus on emotions in poetry (Dy_13)
D, (Happiness and joy) D1, (Sadness and despair)
Fast-DetectGPT  33.38 49.45 84.22 77.96 61.25 39.42 51.48 87.87 91.11 67.47
LRR 71.85 60.20 58.35 97.87 72.07 62.06 56.04 56.93 98.00 68.26
Log-Likelihood 74.48 49.96 66.39 98.50 72.33 68.80 51.90 65.47 98.37 71.14
Log-Rank 77.71 56.45 66.06 98.87 74.77 68.33 54.54 65.91 98.87 71.91
Binoculars 33.33 60.49 85.35 63.47 60.66 41.15 66.11 86.85 75.02 67.28
RoBERTa 86.57 97.25 99.12 94.86 94.45 91.05 97.87 100.00 95.37 96.07
Avg. 62.89 62.30 76.58 88.59 72.59 61.80 62.99 77.17 92.79 73.69
D15 (Anger) D5 (Fear)
Fast-DetectGPT  50.76 5491 86.66 93.87 71.55 46.80 55.60 85.81 92.87 70.27
LRR 58.48 54.90 56.42 97.00 66.70 59.84 55.38 54.99 98.12 67.08
Log-Likelihood 60.32 50.77 63.39 98.12 68.15 65.88 50.60 64.66 98.25 69.85
Log-Rank 61.76 52.19 62.86 98.25 68.77 63.13 53.78 62.42 98.50 69.46
Binoculars 53.41 66.04 87.87 80.76 72.02 58.40 72.28 87.75 76.54 73.74
RoBERTa 97.12 97.87 100.00 98.37 98.34 94.49 98.37 100.00 98.25 97.78
Avg, 63.64 62.78 76.20 94.40 74.26 64.76 64.33 75.94 93.76 74.70

Table 3: The performance (F1-score) of various detectors on D, _ ;5 data pairs (in-domain) with different character-
istics. DS-V3 and DS-R1 represent DeepSeek-V3 and DeepSeek-R1 respectively.
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Train on Dy 4, 5, test on different data

Train on Dg_g, test on different data

Test on — Dyyays Dy D¢_g Dy Dip_13 Avg.  Dg_g D, Dio_13 Dayaqs Ave.
Fast-DetectGPT 60.50 67.81 63.80 59.11 67.03 6444 64.68 6891 67.88 60.86 65.88
LRR 56.57 5944 5793 50.15 6046 57.00 5955 6097 6239 57.55 60.30
Log-Likelihood 56.57 5832 57.85 5125 5985 56.82 6424 63.61 66.23  60.20 63.35
Log-Rank 58.11 60.50 59.89 52.17 6224 5870 63.02 62.69 6538 59.53 62.53
Binoculars 6424  69.61 67.69 6843 68.02 68.44 67.69 69.61 68.02 6424 67.29
RoBERTa 84.19 8432 8431 83.53 8387 84.01 89.12 89.16 89.04 87.12 88.44
Avg. 63.36 66.67 6525 60.77 6691 6490 68.05 69.16 69.82 6492 6797
Train on D, _ 3, test on different data
Test on — D10713 D1 D2+4+5 D2 D678 D6 D9 DlO AVg
Fast-DetectGPT 67.88  68.91 60.85 55.71 60.09 64.68 61.04 59.22 6339 61.74
LRR 6333 6197 58.17 5394 5697 60.51 58.89 5212 66.05 58.58
Log-Likelihood 65.11 62.87 59.51 5413 59.05 63.04 59.66 54.19 67.10 59.94
Log-Rank 6536  62.69 59.52 5377 5873 6299 59.85 5339 68.00 59.87
Binoculars 68.02 69.61 6424 60.86 63.13 67.69 66.06 6843 61.66 6521
RoBERTa 9359 93.07 8590 81.88 83.25 9280 92,51 88.62 9341 88.93
Avg. 70.55 69.85 6470 60.05 63.54 68.62 6634 62.66 69.93 65.71

Table 4: The generalization performance (F1-score) of various detectors on different feature data pairs from all

LLMs.
Detector — Fast-Det. LRR Log-Likelihood Log-Rank Binoculars RoBERTa Avg.
Trainon 1.5, teston 1.5 68.88 62.07 62.76 61.72 69.61 92.44 69.58
Train on 0.7, test on 0.7 76.15 71.22 67.81 70.52 74.28 93.10 75.51
Train on 0.0, test on 0.0 79.34 74.34 70.36 74.03 78.43 93.29 78.30
Train on 1.5, test on 0.7 76.15 66.11 66.90 65.97 74.28 92.84 73.71
Train on 1.5, test on 0.0 79.34 69.28 68.65 67.86 78.43 92.75 76.05

Table 5: The results (F1-scores) of the temperature experiments on poetry data generated by 4 LLMs. The 1.5,
0.7, and 0.0 in the first column represent the different temperatures of the LLMs used to generate the poetry data.

Fast-Det. in the first row represent Fast-DetectGPT.

6.1 In-domain

Baselines As shown in Table 2, current detectors
cannot serve as reliable tools for detecting LL.Ms-
generated modern Chinese poems, despite their un-
expected performance on certain individual LLM-
generated poems. Specifically, when the evaluated
LLMs-generated poems share identical titles with
human-written poems, most detectors exhibit un-
satisfactory performance. Among them, RoBERTa-
based detector demonstrates markedly distinct de-
tection capabilities compared to other detectors
when distinguishing between data pairs composed
of poems from different LLMs and human-written
poems. RoBERTa-based detector achieves the best
overall detection performance, significantly outper-
forming other detectors. Its average F1-score is
91.17%, surpassing the second-best detector, Fast-
DetectGPT, by 22.07%. However, the average de-
tection performance of the remaining five detectors
is comparable, with F1-scores clustered between
67.51% and 68.74%. Obviously, RoOBERTa-based

detector outperforms other detectors in detecting
poems generated by DeepSeek-R1, DeepSeek-V3,
and GPT-4.1. Especially for the detection of
DeepSeek-R1-generated poems, RoOBERTa-based
detector achieves an F1-score of 99.75%. Intrigu-
ingly, for GLM-4-generated data, RoOBERTa-based
detector attains only an 87.38% F1-score, while
Fast-DetectGPT, LRR, Log-Likelihood, and Log-
Rank all achieve Fl-scores above 92%. How-
ever, GPT-4.1-generated poems pose challenges
to all detectors, with the highest detection perfor-
mance being merely 81.45% (RoBERTa-based de-
tector). In contrast, among individual LLMs, GLM-
4-generated poems are the most detectable, with an
average F1-score of 92.27%. We infer that this is
related to the length of GLM-4-generated poems.

External Structures Under identical prompts,
GLM-4 generates longer poems than both human
and other LLMs (Table 8). Specifically, the poems
generated by GLM-4 contain on average 2.73 more
stanzas, 13.83 more lines, and 93.95 more words
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Detector — Fast-Det. LRR Log-Likelihood Log-Rank Binoculars RoBERTa Avg.
Experiments on poetry data generated by GPT-4.1
Trainon 1.5, teston 1.5 46.97 62.35 65.19 65.89 44.02 81.45 60.98
Train on 0.7, test on 0.7 69.74 95.25 95.87 96.12 61.84 80.84 83.28
Experiments on poetry data generated by DeepSeek-V3
Trainon 1.5, teston 1.5 51.99 54.32 47.18 47.80 65.17 96.25 60.45
Train on 0.7, test on 0.7 61.50 64.32 58.10 61.95 74.59 97.37 69.64
Experiments on poetry data generated by DeepSeek-R1
Trainon 1.5, teston 1.5 85.19 55.74 61.11 57.46 87.34 99.75 74.43
Train on 0.0, test on 0.0 87.15 60.64 65.16 63.97 91.87 99.87 78.11
Experiments on poetry data generated by GLM-4
Trainon 1.5, teston 1.5 92.25 98.37 98.50 98.87 78.43 87.21 92.27
Train on 0.0, test on 0.0 93.87 98.87 99.12 99.12 78.83 88.78 93.10

Table 6: The results (F1-scores) of the temperature experiments on poetry data generated by a single LLM.

than those written by human, and exceed GPT-4.1-
generated poems (the second longest) by 1.38 stan-
zas, 8.21 lines, and 46.16 words, respectively. In
the process of constructing the dataset, we found
that GLM-4 can effectively capture the meaning of
‘Ps, that is, the generated poems have exactly the
same number of stanzas as human poems. How-
ever, when generating poems with identical line
counts (D-), all models generate poems containing
1-3 additional lines per poem compared to human
counterparts, though remaining structurally proxi-
mate. Overall, the structure of GLM-4-generated
poems is similar to that of human poems when the
number of stanzas is restricted. However, com-
pared to other poems without restrictions on the
structure, the number of stanzas and lines generated
by GLM-4 is far more than that of human poems.
Dg_g in Table 3 validate our assertion that GLM-
4’s detectability stems from generating poems ex-
ceeding human-written lengths. Specifically, when
required to match human stanza counts (Dg), detec-
tors’ average F1-score on GLM-4 decreases from
92.27% (Table 2) to 88.48% (Table 3). Similarly,
with line count constraints (D), detectors’ per-
formance drops to 85.58%, and further to 84.26%
under combined stanza-line constraints (Dyg). This
result also verifies the necessity of constructing
poetry data with different structures (Dg_g).

Intrinsic Qualities Modern Chinese poetry tran-
scends mere line-breaking techniques, prioritizing
intrinsic qualities over external structures. Dy_5
in Table 3 present detector performance on LLMs-
generated poems same as human-written poems
in style, thought & sentiment, and themes. When
detecting style-matched poems with distinct titles

and content (Ds), all detectors exhibit significant
performance declines. For instance, average detec-
tion performance drops from 72.03% (Table 2) to
59.68% (Table 3), with the F1-score of RoOBERTa-
based detector decreasing from 91.17% (D) to
87.57% (D). Other detectors show reductions
of at least 7.43% (Binoculars), with four remain-
ing detectors declining by at least 15.11% (Fast-
DetectGPT). For GLM-4, detection performance
plummets from 92.27% to 62.41%. Notably, GPT-
4.1-generated poems with the same style as human
poems are the most difficult to detect among all
the data, with detectors achieving only an aver-
age Fl-score of 48.73% (Table 3). These results
demonstrate that LLMs can effectively evade the
detection of detectors by imitating the style of po-
etry, and generating poetry in the same style is cur-
rently one of the most commonly used method for
Al-generated poetry in real-world scenarios. Disap-
pointingly, except for the detection performance of
RoBERTa-based detector (97.00%) on DeepSeek-
R1, other detectors performed poorly in detecting
different LLMs-generated poems with the same
style as human poems. Similarly, detection perfor-
mance on D,_5 decreases compared to D, con-
firming the difficulty of detecting LLMs-generated
poems matching human intrinsic qualities.

The analysis of emotions is shown in Appendix
A.4. In summary, when conducting in-domain de-
tection experiments on poems with different fea-
tures generated by different models, RoBERTa-
based detector has the best comprehensive detec-
tion performance. For data with different character-
istics, poems with the same style as human poems
are the most difficult to detect, while poems that
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literally express specific emotions, especially fear,
are the easiest to detect.

6.2 Generalization

As shown in Table 4, detectors trained on poems
focusing on intrinsic qualities (D 4. 5) have the
ability to generalize to poems with other features
besides Dg. Specifically, detectors trained on po-
ems focusing on intrinsic qualities (D54 5) can
generalize to the baseline (D7), poems with re-
stricted structures (Dg_g), and poems with obvi-
ous emotions in the surface meaning of the text
(Dq9_13)- For example, Fast-DetectGPT improves
its F1-score from 60.50% to 67.81% when detect-
ing a baseline (D) where only the title is the same
as human poems. Similarly, it also improves its F1-
score to 67.03% when detecting poems focusing on
different emotions (D;y_13). This shows that in-
trinsic qualities including style, theme, thought and
sentiment are the core issues that need to be solved
to accurately detect poems generated by LLMs.
The F1-scores of detectors trained on datasets D,
D3, Dy, and Dy in Table 3 when detecting in-
domain poems are all lower than those of detectors
trained on other data (except Dgy), which further
reinforces this conclusion.

In contrast, detectors trained on poems that fo-
cus on structure (Dg_g) cannot generalize to poems
that focus on intrinsic qualities (Do 4 5). Specifi-
cally, the average F1-score of all detectors trained
on data Dg_g decreased from 68.05% to 64.92%
when detecting data Do 4. 5. And the performance
of each detector decreased. Similarly, detectors
trained on poems that literally express different
emotions (Dq,_13) also have difficulty generaliz-
ing to poems with other characteristics. Among
them, the detectors have the most difficulty gen-
eralizing to poems with the same style as human
poems but different titles and contents, and the
average Fl-score of all detectors decreased from
70.55% to 60.05% (Ds).

The results in Table 3 and 4 prove that the most
difficult poetry features to detect are intrinsic qual-
ities, especially style. However, in real scenarios,
imitating style is one of the most common way
to generate poetry using LLMs. Unfortunately,
current detectors are still inaccurate for detecting
modern Chinese poems with multiple features and
cannot be used as reliable poetry detectors. This
once again highlights the effectiveness and neces-
sity of building high-quality poetry datasets.

6.3 Analysis of Temperature Experiments

Detectors except RoOBERTa-based Table 5 and
6 show that when LLM’s temperature is set to 1.5,
the generated poems are the most difficult to de-
tect, and the detector performs the worst under this
temperature setting. As the temperature decreases,
the detector’s performance improves (compared to
a temperature of 1.5, the average improvement of
the detector at temperatures of @ and 0.7 is 8.72%
and 5.93%, respectively). This indicates that poems
generated by LLMs at lower temperature settings
are easier to detect. More specifically, taking GPT-
4.1 generator as an example, when the temperature
decreases from 1.5 to 9.7, the Fl-score of LRR
improves by 32.90% (Table 6). Furthermore, when
the test set comes from a lower temperature setting,
the performance of all detectors is improved. This
shows that the detectors trained on the dataset with
a temperature of 1.5 can be effectively generalized
to datasets with lower temperatures.

RoBERTa-based detector The temperature of
LLMs generating poetry data has an extremely
minimal, negligible impact on the performance of
RoBERTa-based detector. In addition, GLM-4 re-
mains relatively unaffected by variations in temper-
ature settings compared to the other three LLMs.
These results prove that setting the temperature
to 1.5 for the poetry generation task is reasonable,
which facilitates the construction of a challenging
benchmark to reveal the difficulties posed by LLM-
generated poetry for existing detection systems.

7 Conclusion

In this paper, we propose the first benchmark for
detecting LLMs-generated modern Chinese poetry.
Experimental results demonstrate that current de-
tectors cannot be used as reliable tools to detect
LLMs-generated modern Chinese poems. The
most difficult poetic features to detect are intrinsic
qualities, especially style, while poems that liter-
ally express specific emotions, especially fear, are
the easiest to detect. GPT-4.1-generated poems
with the same style as human poems are the most
difficult to detect among all the data. The detec-
tion results verify the effectiveness of our proposed
benchmark. Our work reveals the vulnerabilities of
existing detectors in this task, and lays a foundation
for future detection of Al-generated poetry. Mean-
while, we call on the research community to pay
attention to the oversight and protection of modern
Chinese poetry and other forms of artistic creation.
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Limitations

Our research focuses on modern Chinese poetry,
which is characterized by a highly flexible form.
Our method may not be applicable to classical po-
etry or rhymed modern poetry. Therefore, the re-
sults of our study cannot represent or cover all types
of poetry.

Ethics Statement

The dataset we built consists of high-quality poems.
Poetry may contain negative emotions, but there is
no information harmful to society.
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A Appendix

A.1 Prompts for Poetry Generation

Table 7 presents the detailed prompts we designed
for poetry generation.

The prompts in our work were carefully crafted
and validated to meet specific goals. Below, we
address the key considerations:

* Diversity: Previous benchmark studies [1-3]
typically used simplistic prompts, often lim-
ited to a single title for text generation. In
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Prompts Specific Content

Py Please create a modern Chinese poem titled 77;.

Ps Please create a new modern Chinese poem, requiring the
style to imitate the following poem, but with a completely
different title and content.

Ps3 Please create a new modern Chinese poem, requiring
the style to imitate the following poem, with the same
title as the following poem, but with completely different
content.

Py Please create a new modern Chinese poem, requiring the
expressed thought and sentiment to be the same as the
following poem, but with a completely different title and
content.

Ps Please create a new modern Chinese poem, requiring the
theme to be the same as the following poem, but with a
completely different title and content.

Ps Please create a modern Chinese poem titled 77, contain-
ing S; stanzas.

Pr Please create a modern Chinese poem titled 77, with a
total of L, lines.

Ps Please create a modern Chinese poem titled 77, contain-
ing S; stanzas and a total of L, lines.

Py Please create a modern Chinese poem titled 77, ensuring
that the content does not convey any emotion.

P1o Please create a modern Chinese poem titled 77, express-
ing emotions of happiness and joy.

P11 Please create a modern Chinese poem titled T7;, express-
ing emotions of sadness and despair.

P1a Please create a modern Chinese poem titled 77, express-
ing emotions of anger.

P13 Please create a modern Chinese poem titled 77, express-
ing emotions of fear.

Table 7: The prompts we designed for poetry genera-
tion.

contrast, our study goes beyond this baseline
(P;) by designing and verifying 12 additional
diverse prompts. We designed these prompts
to reflect the unique characteristics of modern
Chinese poetry and the ways in which users
typically interact with large language mod-
els (LLMs) for poetic generation in practical
settings. Our 13 prompts address different as-
pects of modern Chinese poetry, ranging from
intrinsic qualities (e.g., emotions, themes, and
styles) to external structures (e.g., number of
stanzas or lines). The complexity of these
prompts varies depending on their focus. For
instance, P5 requires the model to generate a
new modern Chinese poem by imitating the
style of a human-written poem while creating
entirely different content under the same title
(Table 7). This demonstrates the diversity and
sophistication of the prompts we developed.

* Applicability: Our prompts were specifi-
cally designed for generating modern Chinese

poetry, reflecting its unique characteristics.
Importantly, these prompts were developed
based on feedback from professional modern
Chinese poets. Their expertise as both prac-
titioners and researchers of poetry theory has
been invaluable in ensuring the relevance and
applicability of our prompts to the domain.

* Practicality: The prompts we designed re-
flect how people commonly use LLMs in real-
world scenarios. For example, users often
generate poems with the same title (P;), the
same style (P, and P3), or specific structures
(Pg_g). These practical use cases informed
our prompt designs.

» Effectiveness: The goal of our study is to
evaluate the ability of detectors to identify
the source of poems. The poems generated
using our prompts exhibit high quality and
are comparable to human-written poems, pos-
ing significant challenges for detection mod-
els. This underscores the effectiveness of our
prompt designs in achieving the objectives of
our study.

A.2 Examples

Here are examples of a human-written poem and
LLMs-generated poems under Ps.

¢ Human Poem:

5

(dao suan)

—E—E, Fiac
(yi céng yi céng, bao tud zi ji)
—#—#, MR AT
(yi ban y{ ban, bai sui zi ji)

£ R 32 & Al

(zai che di tan bai qidn)
— AR R B

(y1 qi¢ dou shi j1 ban)

B—ANEERI, BRZINEG
(zai yi ge réng qi di bu, gan shou hid du de 1i liang)

BB, L HARR2RGTH
(zhi dao, jiao chii ti nei quan bu de lido kuo)
AR, MMARGBREGEE
(zhi dao, sud you 1 {i se dio ta zai bdi se IY)
BB RIRAR
(zhi dao bian chéng ye ti)
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PR S AR R

(ba sud you guang mang dou shud chi 14i)
¢ GPT-4.1 Generated Poem:

X
(zhii chd)

—h—h, FERET
(yi pian yi pian, shii zhan zi ji)
—%—%, RFAC
(yill yilt, pido fi zi ji)
£ i KA
(zai fei shui zh qidn)

— W AT " KA
(y1 qi¢ dou hdi shi an jing)

BEFEREATEE, BB E IR
(zai tou ming de béi bi, gan shou wén du de huan
rao)

HE, tHRERASYESH
(zhi dao, y& mai xié€ jin nei Xin de ki yu gan)
BB PTA FIRARRER
(zhi dao, sud you qing se tui chéng chéng che)
P SRR
(zhi dao réng jin hii po)
R AR & Six
(rang yu xiang yu hui shéng huan huan shéng qi)

* DeepSeek-V3 Generated Poem:
IRES

(zhé xin)

—B— &, AT
(yi didn y1 didn, chai kai zi ji)
—F—¢, HFac
(yi z1 yi ju, tan ping zi ji)
3K GRS B
(zai di d4 zhi xin gidn)
ENCE P g

(bi hua dou shi gidng bi)
EASHGIR D, fhatfE F oG 454

(zai xin féng de zhé hén i, chu peng wéng shi de
feng 11)
B3, RERMRE KGR
(zhi dao, mo ji yin chéng ytin dud de xing zhuang)
B3, MTAKELEAZAE
(zhi dao, sud you an yu zhui luo zai kong bai 17)

HITRNE

(zhi dao bian chéng yli mdo)
Je B R AR 42 42 2 A2
(bd zhéng ge qidl tian dou qing qing ju qi)

* DeepSeek-R1 Generated Poem:

IR R 48
(liang y1 shéng)

— W —, RTFSBGEGNE
(y1 zh€ yi zh€, zhdn ping quan sud de chdo shéng)
N e T}
(zai féng gan zhi gidn)
PR A8 S AR = R A 6914 0

(su0 you zh¢ zhou dou shi wei yu hé de shang kou)

CRULENAARIRENEE
(jin shu s1 chan zhan zhe chéng shou tian kong de
zhong liang)

HE|, AAEZH B RBLE A
(zhi dao, bu wén 11 shen chii de xidn se¢ jié jing)
BB, SRR RE A B
(zhi dao, xian wéi béng jin chéng tou ming de qin
xian)
BB AR K

(zhi dao mou ye shi zong)
ARZRAGTHRGHR

(yue guang Ii zhi lid xia xiu shi de 1€i hén)
* GLM-4 Generated Poem:

TR A9 &
(da mo € luan shi)
—R—i, KARITE®RA
(yi bian y{ bian, shui lit dd m6 1éng jido)
—T—-, AkHl AL
(yi ctin yi cun, yue guang xu€ jian cli cao)
£ FLOE R E AT
(zai zhén zheng yudn run zhi qidn)
#3805 RAR R PR
(méi dao shang hén dou shi yin ji)

fo— i AT RIRAL . B b B
(zai yi dao hé chuédng shén chi, gdn shou chong
shua de nai xin)

BB, FTA RBAMTAFEA
(zhi dao, sud ydu jian rui dou bian dé réu hé)
HE, RGN LIZAE NG RF
(zhi dao, shén sé nei Ii fan qi wén rin de guang z¢€)

HELAFER
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(zhi dao hua zud hin yudn)
e BT A AR AR I A #F K
(bd sud you gud wing dou chén dian wéi jing mo)
The example demonstrates that the LLM-
generated poem adheres to the prompt’s require-
ments, imitating the style of the human-written
poem while creating distinct titles and content.
These examples highlight the challenges of detect-
ing Al-generated poetry and emphasize the signifi-
cance of our study.

A.3 Data Distribution

Table 8 presents the average number of stanzas,
lines, and words per poem for both human-written
and LLM-generated poetry, along with the propor-
tion of poems that exceed or fall below these aver-
ages relative to their respective total counts (human-
written or LLMs-generated). Table 9 shows the
frequency of nouns in human-written poems and
LLM-generated poems. In addition, we provide
the detailed distributions of all human-written and
LLMs-generated poems, covering three categories:
(1) the number of stanzas per poem and the corre-
sponding count of poems, (2) the number of lines
per poem and the corresponding count of poems,
and (3) the number of lines per stanza and the cor-
responding count of stanzas:

* Figures 2 to 6 present the distribution of all
human-written and LL.Ms-generated poems,
focusing on the number of stanzas per poem
and the corresponding count of poems. The
horizontal axis represents the number of stan-
zas in a single poem, while the vertical axis
indicates the number of poems corresponding
to a specific stanza count.

* Figures 7 to 11 show the distribution of all
human-written and LL.Ms-generated poems,
focusing on the number of lines per poem and
the corresponding count of poems. The hori-
zontal axis denotes the total number of lines
in a single poem, and the vertical axis repre-
sents the number of poems with a specific line
count. Among them, the number of lines in
a single poem includes the title and the blank
lines within the poem.

* Figures 12 to 16 illustrate the distribution of
human-written and LL.Ms-generated poems,
focusing on the number of lines per stanza and
the corresponding count of stanzas. The hori-
zontal axis indicates the number of lines in a

single stanza, while the vertical axis shows the
number of stanzas with a specific line count.

A.4 The Analysis for Emotions

Emotions Unlike poems focusing on intrinsic
qualities or structures, LLMs-generated poems ex-
pressing specific emotions (D;g_13) prove more
detectable than poems that do not express any emo-
tions (D). For instance, the detectors’ F1-score
improved from 64.73% to over 72.59% when de-
tecting poems expressing emotions. Remarkably,
RoBERTa-based detector achieves 100.00% de-
tection accuracy on emotion-related poems (D,
D11_13) generated by DeepSeek-R1.

This result aligns with real-world poetic prac-
tices. Human poets typically write to express emo-
tions, resulting in frequent emotional content in
human-written poems. Thus, poems that do not
contain any emotions (Dg) can be used as a detec-
tion feature. However, Chinese poetry aesthetics
emphasize conveying infinite meaning through fi-
nite words, which means poets embed emotions
implicitly rather than through explicit lexical mark-
ers. Human poems rarely contain direct emotional
terms (e.g., happiness, sadness, anger, fear, etc).
Therefore, the poems literally containing these
emotions (Dqq_q3) are easier to be detected than
other types of poems.
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Stanzas Lines Words
AVg. P > Avg. P < Avg. AVg P > Avg. P < Avg. AVg P > Avg. P <Avg.
(%) (%) (%) (%) (%) (%)
Human 2.68 54.50 45.50 18.86 53.50 46.50 171.95 43.38 56.63
GPT-4.1 4.03 37.38 62.62 24.48 52.96 47.04 219.74 49.22 50.78
DeepSeek-V3 3.51 46.07 53.93 19.73 4793 52.07 139.12 4291 57.09
DeepSeek-R1 3.83 69.75 30.25 22.15 43.06 56.94 174.77 45.54 54.46
GLM-4 5.41 45.60 54.40 32.69 43.25 56.75 265.90 44.18 55.82

Table 8: The average number of stanzas, lines, and words per poem for both human-written and LLM-generated
poetry, along with the proportion of poems that exceed or fall below these averages relative to their respective total
counts (human-written or LLMs-generated).

Human
N A B R X% ¥ Mk W % %
oun (rén) (shi) (feng)  (tian kong) (méng) (yiishui)  (chéngshi)  (shi tou)
Frequency 265 130 125 99 82 80 68 65
DeepSeek-R1
Noun i B F5 LEE e A 3 H4A ®T
(shi)  (zhiwén) (nidnldn)  (zhé zhou)  (yue guang) (bo 1i) (qing t6ng) (ying zi)
Frequency 8571 4453 4167 3904 3554 2984 2619 2478
DeepSeek-V3
Noun B R x A%k 5 1z A A&
ou (shi) (féng) (guang) (yue guang) (xué) (xin) (rén) (yue liang)
Frequency 3471 2155 1989 1867 911 843 824 802
GLM-4
Noun A, R it e A o B =
u (feng) (shi jie) (shi jian) (ying zi) (rén) (tian kong)  (shéng yin) (xin)
Frequency 4424 3584 2468 2381 2261 2144 2142 1557
GPT-4.1
Noun R ®¥T # 5 A e % & i ]
u (féng)  (ying zi) (shi jie) (rén) (ye se) (meng) (guang) (shi jian)
Frequency 5122 3892 2900 2413 2339 2227 2203 2199

Table 9: Frequency of nouns in human-written poems and LLM-generated poems.
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Figure 2: Stanza distribution of human-written poems.
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DeepSeek-R1: Part 1 (Stanzas 1-6) DeepSeek-R1: Part 2 (Stanzas 7-12)
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Figure 3: Stanza distribution of DeepSeek-R1-generated poems.
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Figure 4: Stanza distribution of DeepSeek-V3-generated poems.
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Figure 5: Stanza distribution of GLM-4-generated poems.
GPT-4.1: Part 1 (Stanzas 1-7) GPT-4.1: Part 2 (Stanzas 8-22)
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Figure 6: Stanza distribution of GPT-4.1-generated poems.
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Figure 7: Line distribution of human-written poems.
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Figure 8: Line distribution of DeepSeek-R1-generated poems.
DeepSeek-V3: Part 1 (Lines 4-32) DeepSeek-V3: Part 2 (Lines 33-81)
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Figure 9: Line distribution of DeepSeek-V3-generated poems.

GLM-4: Part 1 (Lines 3-51) GLM-4: Part 2 (Lines 52-230)
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Figure 10: Line distribution of GLM-4-generated poems.
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GPT-4.1: Part 1 (Lines 3-36)
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Figure 11: Line distribution of GPT-4.1-generated poems.

1200
1095
022
» 900 837
£
Y
k=]
o
S 600
= 512
2 ”
= 323
Z 300 s M 28
156 160 190 - 156 153
129, g 122 I I 108
0
2
R 11| | [ [1]
35678 9101112131415161718192021222324252627282930313233343536
Lines
Human: Part 1 (Lines per Stanza 1-9)
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Human: Part 2 (Lines per Stanza 10-43)
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Figure 12: The number of lines per stanza and the corresponding count of stanzas in human-written poems.

DeepSeek-R1: Part 1 (Lines per Stanza 1-10)
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Figure 13: The number of lines per stanza and the corresponding

DeepSeek-V3: Part 1 (Lines per Stanza 1-10)
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DeepSeek-R1: Part 2 (Lines per Stanza 11-49)
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count of stanzas in DeepSeek-R1-generated poems.

DeepSeek-V3: Part 2 (Lines per Stanza 11-35)
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Figure 14: The number of lines per stanza and the corresponding count of stanzas in DeepSeek-V3-generated

poems.
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GLM-4: Part 1 (Lines per Stanza 1-14) GLM-4: Part 2 (Lines per Stanza 15-133)
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Figure 15: The number of lines per stanza and the corresponding count of stanzas in GLM-4-generated poems.

GPT-4.1: Part 1 (Lines per Stanza 1-11) GPT-4.1: Part 2 (Lines per Stanza 12-62)
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Figure 16: The number of lines per stanza and the corresponding count of stanzas in GPT-4.1-generated poems.
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