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Abstract

Large Language Models (LLMs) have achieved
significant progress across a wide range of nat-
ural language processing (NLP) tasks, yet their
ability to understand literary texts, particularly
modern Chinese poetry, remains largely unex-
plored. The unique literary characteristics of
modern Chinese poetry necessitate a distinct
form of reasoning for effective comprehension.
Unlike conventional texts that convey clear in-
formation, the unique "poetic logic" of modern
Chinese poetry requires a holistic reasoning ap-
proach that goes beyond superficial semantic
analysis to be understood. However, current
evaluation paradigms largely ignore this crit-
ical dimension. To address this gap, we pro-
pose Peony, the first benchmark specifically
designed for evaluating the poetic logic of mod-
ern Chinese poetry. We define poetic logic as
four tasks across three levels, namely stanza,
line, and imagery, and systematically evaluate
and analyze six mainstream LLMs based on
Peony. We evaluate these models under both
non-thinking and thinking configurations. The
experimental results reveal the limitations of
current LLMs in understanding the poetic logic
of modern Chinese poetry and validate the ef-
fectiveness and necessity of Peony. Our data
and code will be available.

1 Introduction

Large Language Models (LLMs) have achieved
significant progress in numerous natural language
processing (NLP) tasks, including reading compre-
hension (Xiao et al., 2023), summarization (Liu
et al., 2026a,b), and code interpretation (Peng et al.,
2025). While existing research has predominantly
focused on general-domain language such as sub-
cultural languages (Lin et al., 2026), social media
content (Hu et al., 2025), and programming lan-
guages (Wang et al., 2026b), literary texts, partic-
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ularly modern Chinese poetry, have received rela-
tively little attention. The unique characteristics of
modern Chinese poetry necessitate a distinct form
of reasoning for effective comprehension.

Poetry represents one of the most complex forms
of human language. Unlike conventional texts that
primarily convey explicit information, poetry relies
heavily on implicit associations (Nahajec, 2009),
imagery (Kao and Jurafsky, 2012; Wang et al.,
2024b), emotional resonance (Johnson-Laird and
Oatley, 2022), and non-literal expressions (Sinam-
bela and Damanik, 2025) to construct and commu-
nicate meaning. Consequently, comprehending po-
etry requires more than superficial semantic analy-
sis; it demands the inference of implicit logical con-
nections between lines, grounded in metaphorical
associations (Kovecses, 2013), emotional progres-
sion (Xia, 2021), and abstract semantics (Wheel-
wright, 1940). Evaluating the mastery of this ca-
pability in LLMs provides a fresh perspective for
evaluating whether these models truly possess pro-
found language comprehension and abstract rea-
soning capabilities.

Among various poetry genres, modern Chinese
poetry is particularly challenging. Unlike classical
Chinese poetry, which typically adheres to fixed
metrical structures (Yu-Kung and Tsu-Lin, 1971;
Chen, 1979), modern Chinese poetry adopts freer
forms and places greater emphasis on fragmented
imagery, semantic ambiguity, emotional transitions,
and unconventional syntax (Skerratt, 2013; Wang
et al., 2026a), which constitutes a poetic logic that
is distinct from the traditional texts.

For instance, take the line "BF S EZ T B 1Y
ABUNTETC I ¥ (the face waiting in the sea-
sons is like the blooming and falling of a lotus) in
the " (¥5%) (The Mistake)" as an example, the
poet does not explicitly state the character relation-
ships or the temporal logic; instead, the poet im-
plicitly conveys emotional shifts, such as waiting,
the passage of time, and melancholy, by juxtapos-
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Figure 1: The overall structure of our proposed benchmark.

ing the images of "Z=7T7 (seasons)" and "FE {£ )
FF¥% (the blooming and falling of a lotus)". Sim-
ilarly, the expression "B M A EFHEE" (the
night rises from the earth) in the poem " (&% H)
HA1%) (A Poem Dedicated to the Night)" breaks
the conventional perception of the relationship be-
tween "% (night)" and spatial dynamics in everyday
language. These poetic characteristics, rooted in
implicit imagistic associations and unconventional
expressions, require readers to actively synthesize
emotional and semantic connections to reconstruct
the underlying poetic logic, which is the cue of a
poem’s holistic meaning. This reliance on global
logical integration poses a barrier for LLMs, as
they often struggle to move beyond local semantic
features to grasp the cohesive structure of modern
Chinese poetry.

However, this critical "poetic logic" remains
largely ignored in current NLP evaluation
paradigms. There is currently no specialized frame-
work to evaluate whether LLMs truly comprehend
the underlying logical structures of modern poetry.
This omission prevents us from answering a fun-
damental question: do current LLMs truly possess
the capability to comprehend the poetic logic of
modern Chinese poetry?

To address this gap, we propose Peony, a Poetic
logic reasoning benchmark for modern Chinese
poetry. Peony aims to systematically evaluate the
capability of current LLMs to comprehend the po-
etic logic of modern Chinese poetry. This bench-

mark contains 800 high-quality works by six con-
temporary poets, covering various themes, lengths,
and writing styles to ensure thematic breadth and
stylistic diversity. Furthermore, we formalize po-
etic logic into four tasks across three levels: line,
stanza, and imagery. This allows us to system-
atically evaluate the capabilities of LLMs in the
context of modern Chinese poetry comprehension.
Based on this benchmark, we conduct comprehen-
sive experiments and analyses on six mainstream
models across two groups. The overall structure
can be found in Figure 1.
Our key contributions are as follows:

* Evaluation Benchmark We introduce Peony,
the first benchmark specifically designed for
the poetic logic of modern Chinese poetry. It
contains high-quality works by contemporary
poets and covers various themes and styles.

* Comprehensive Tasks We have established
the first evaluation benchmark tailored to the
poetic logic of modern Chinese poetry, includ-
ing four tasks across lines, stanzas, and im-
agery to comprehensively evaluate the perfor-
mance of LLMs in comprehending the poetic
logic of modern Chinese poetry.

* Experimental Analysis We conduct a de-
tailed evaluation of popular LLMs on the Pe-
ony benchmark and provide a thorough analy-
sis of the results. Our work offers new insights
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Figure 2: The distribution of the poems categorized by the number of stanzas and lines.

into the research concerning the comprehend-
ing of literary works by LL.Ms.

2 Related Works

2.1 LLMs in Poetic Domains

Poetry has gained widespread attention due to its
unique stylistic features, immense literary value,
and significant challenges. Current research primar-
ily focuses on three directions: poetry generation,
translation, and detection.

Poetry Generation. Since the pre-training cor-
pora of LLLMs contain a vast amount of poetry in
different languages, the models themselves have
demonstrated a certain capability for poetry gener-
ation (Antar, 2023; Huang and Shen, 2025; Koziev
and Fenogenova, 2025). Progress has been made
regarding sentiment and style control during the
generation process (Shao et al., 2021) as well as
format constraint issues (Yu et al., 2024; Song et al.,
2025). Furthermore, Deng et al. (2024) proposed
an evaluation framework to measure the capability
of LLMs to create classical Chinese poetry, while
(Li et al., 2026a) proposed POEMetric to evaluate
the capability of LLMs to generate English poetry
from the three dimensions of execution capability,
creativity, and overall quality.

Poetry Translation. Song et al. (2023) proposed
a zero-shot poetry style injection method, treating
poetry translation as a standard machine translation
problem. Resende and Hadley (2024) explored
the potential of LLMs to improve the translation
quality of rhymed and non-rhymed poetry. Wang
et al. (2024a) proposed an explanation-based poetry
machine translation method to enhance the perfor-
mance of ChatGPT in poetry translation tasks.

Poetry Generation Detection. Wang et al.

(2025) constructed a detection benchmark for mod-
ern Chinese poetry and discovered that existing de-
tectors struggle to effectively identify poetry gen-
erated by large language models, while Li et al.
(2026b) focused on classical Chinese poetry and
proposed the ChangAn benchmark, verified the lim-
itations of current decision-based and probability-
based detectors in this task.

2.2 LLM’s Comprehension of Poetry

Poetic comprehension is a crucial prerequisite for
advancing downstream tasks (Tang, 2014; Wang
et al., 2026a) such as poetry generation, transla-
tion, and detection. Zhao et al. (2024) studied an-
cient Chinese poetry by aggregating multi-source
corpora to design benchmarks that analyze liter-
ary nuances and evaluate model comprehension
across various collections. Jannidis et al. (2025)
conducted case studies and probing experiments to
analyze how LLMs process German poetry across
multiple linguistic dimensions, including meter,
rhythm, vocabulary, syntax, and figurative lan-
guage. Al Ghallabi et al. (2025) introduced the
Fann Or Flop benchmark to evaluate Arabic poetry
comprehension across diverse genres and histor-
ical periods, evaluating capabilities in semantic
interpretation, metaphor analysis, thythmic aware-
ness, and cultural context. Additionally, Wang et al.
(2026a) evaluated ChatGPT’s capability to interpret
modern Chinese poetry across multiple dimensions.
Despite these efforts, the poetic logic underlying
modern Chinese poetry remains underexplored, ne-
cessitating a more rigorous approach to evaluating
model comprehension of modern Chinese poetry.



Metric Value
Number of Poems 800
Number of lines 12,826
Average lines per Poem 16.03
Average Characters per line 10.23
Number of LIO 800 (800)
Number of STO 436 (436)
Number of IMF 400 (695)
Number of SNI 800 (2424)

Table 1: Statistical information of the Peony benchmark.
The actual number of questions is indicated in parenthe-
ses.

3 The Dataset

3.1 Dataset Statistics

There remains a lack of systematic evaluation
benchmarks for the comprehension of poetic logic
in modern Chinese poetry. To address this gap, we
construct the Peony Benchmark based on existing
modern Chinese poetry corpora, aiming to evalu-
ate the capabilities of LLMs in comprehending the
poetic logic of modern Chinese poetry. Specifi-
cally, we utilize the high-quality modern Chinese
poetry created by humans from the AlGenPoetry
dataset (Wang et al., 2025) as a foundation, and
further design and construct tasks, questions, and
ground-truth answers focused on poetic logic to
form a new benchmark for evaluating the poetic
logic of modern Chinese poetry. Peony contains
800 modern Chinese poems in total. The statistical
information of the benchmark is presented in Ta-
ble 1, and the distribution of the poems categorized
by the number of stanzas and lines is illustrated in
Figure 2.

The Peony benchmark comprises 800 modern
Chinese poems by six contemporary poets, curated
from the AIGenPoetry dataset. Table 1 reports the
corpus and task statistics, while Figure 2 shows the
distribution of poems by numbers of stanzas and
lines.

The selection of contemporary works over canon-
ical poetic works aims to mitigate data leakage
risks. Given that most canonical poetic works are
likely included in the pre-training corpora of LLMs,
models may succeed through memorization or pat-
tern retrieval, thereby obscuring their actual capa-
bility to comprehend poetic logic. AlGenPoetry
was released in November 2025, after the reported
knowledge cutoff dates of all evaluated models.

3.2 Benchmark Construction

The construction of Peony follows a systematic
pipeline. We first select task-compatible samples
from the 800 poems and then apply line/stanza
shuffling or imagery/sentence masking according
to each task. Following prior work (Huang and
Xiong, 2024; Lan et al., 2025), we use DeepSeek-
V4-Pro (DeepSeek-Al, 2026) to generate initial
mask positions and distractor candidates for IMF
and SNI. Professional poets subsequently review
all candidates and substantially revise or replace the
vast majority before inclusion in the benchmark.

The annotators are two professional poets and
poetry-theory researchers. For STO and LIO, they
redesigned options containing obvious contextual
breaks or contradictory imagery so that distinc-
tions primarily depend on internal poetic logic. For
IMF, they removed cases in which multiple im-
agery options could reasonably fill a blank and
ensured a unique intended answer. For SNI, ex-
perts redesigned distractors that reused the same
imagery as the correct answer, so that selecting an
option required evaluating the coherence of the en-
tire sentence with the poem rather than matching
individual imagery words. These procedures and
the expert revision process are described further in
Appendix A. The complete curation prompts are
provided in Appendix B.

3.3 Diversity

Peony exhibits diversity in poetic form, content,
and style. In terms of form, it includes single-
stanza and multi-stanza poems, poems with uni-
form or varying numbers of lines per stanza, and
symmetrical structures in which the opening and
closing stanzas contain the same number of lines.
The poems range from fewer than ten lines to more
than thirty lines. In terms of content, the collection
covers emotions, daily life, social issues, travel,
philosophy, art, and artificial intelligence. Stylis-
tically, it includes both poems that retain rhyth-
mic and structural echoes of classical Chinese po-
etry and free-verse works characterized by frag-
mented syntax and unconventional imagery. A
comparison with existing Chinese poetry bench-
marks is provided in Appendix C. The full list of
high-frequency imagery words is provided in Ap-
pendix D.



4 Evaluation Tasks

Evaluating the capability of LLMs to compre-
hend the poetic logic of modern Chinese poetry
presents significant challenges. Therefore, we in-
troduce four tasks from three levels (line, stanza
and imagery) in Peony to systematically measure it:
Stanza Ordering, Line Ordering, Imagery Fill-
ing, and Sentence Inference. Each task is scored
based on accuracy, ranging from O to 100, where
higher scores indicate superior comprehension ca-
pabilities. Illustrative examples for each task are
provided in Appendix E. All evaluation items and
their ground-truth answers are reviewed and final-
ized by professional poets with expertise in poetic
theory and practice.

Given the high stylistic freedom of modern Chi-
nese poetry, a single set of verses may allow for
multiple logical interpretations. To avoid the ambi-
guity inherent in these tasks, we have designed this
task as a multiple-choice format. Consequently, the
model must make a clear and definitive selection
from the provided candidates. The complete eval-
uation prompts for all four tasks are provided in
Appendix B.

4.1 Stanza Ordering (STO)

The Stanza Ordering task evaluates a model’s capa-
bility to reconstruct the original logical sequence
of a poem from shuffled stanzas. A stanza is a unit
consisting of several continuous lines, typically
separated by blank lines within the poem. Unlike
the Line Ordering task, each stanza functions as
a relatively coherent semantic unit. The logical
progression between stanzas, such as narrative ad-
vancement, emotional development, and imagery
evolution, is inherently more stable than the rela-
tionships between individual lines. In this task, we
evaluate model performance using accuracy.

4.2 Line Ordering (LIO)

The core of the Line Ordering task is to evaluate
a model’s capability to discern the underlying log-
ical sequence of a text. As noted by (Guo et al.,
2025), existing sentence-ordering datasets often
contain explicit cue words that make logical rela-
tionships between sentences apparent. This allows
models to achieve high scores by simply identify-
ing these markers rather than comprehending the
underlying text logic. In contrast, modern Chinese
poetry rarely features such explicit markers; it is a
genre that relies heavily on imagery associations

and spatiotemporal discontinuity. Therefore, lever-
aging these characteristics of modern Chinese po-
etry enables a more accurate evaluation of whether
a model truly understands the poetic logic unique
to this genre.

In this task, the model is presented with two
components: a set of shuffled sentences and a piece
of contextual poetic text. The contextual text pro-
vides a complete poetic framework, encompassing
elements such as imagery, mood, and intentional
ambiguity. The model must utilize this context to
reorder the shuffled sentences so that they align
with the poetic logic of the provided poem.

4.3 Imagery Filling (IMF)

Imagery is an essential component of modern Chi-
nese poetry, as poets often convey complex emo-
tions and philosophical reflections through the lay-
ering, juxtaposition, and resonance of imagery.
Based on this, we design the Imagery Filling task to
evaluate whether a model can identify the most con-
textually appropriate imagery from multiple candi-
dates within a given poetic logistical framework.

Specifically, we select a set of complete modern
Chinese poems and designate several slots to be
masked, with each slot corresponding to a multiple-
choice question focused on imagery.

The final score is calculated as the accuracy
across all questions. This is expressed as follows:

Score = Z N x 100, (1)

i=1 " "

where C; is the number of correctly answered ques-
tions for the ¢-th poem, NV; is the total number of
questions for that poem, and M is the total number
of poems in the evaluation set.

Furthermore, we report the Perfect Rate (PR),
which is represented as the proportion of poems
in which all blanks are correctly filled. The PR is
defined as:

M P
PR = Z ~L % 100 )
=1 M

where P; = 1 represents all questions in a poem
are answered correctly and P; = 0 otherwise . This
metric evaluates the model’s consistency in main-
taining logical coherence throughout an entire po-
etic work, regardless of whether a poem contains a
single question or multiple questions.



Category Models STO LIO IMF SNI  Average
DeepSeek-V4-Flash  47.02 49.31 66.08 37.21 49.91
DeepSeek-V4-Pro 4596 51.00 7293 42.12 53.01

Non-thinking GPT-5.1 39.08 4325 69.44 36.14 46.98
Kimi-K2.5 5238 63.00 75.25 48.93 59.89
GLM-5.1 49.54 56.12 6898 42.20 54.21
DeepSeek-V4-Flash  50.00 67.59 76.09 39.81 58.37
DeepSeek-V4-Pro 5459 76.60 79.88 4594 64.25

Thinking Gemini 3 Pro 68.35 8529 78.85 63.53 74.01
Kimi-K2.5 56.88 71.50 79.83 48.85 64.27
GLM-5.1 57.64 77.69 7648 4493 64.19

Table 2: Overall performance comparison of LLMs on the Peony benchmark (accuracy). Bold indicates the best

performance and underline indicates the second best.

4.4 Sentence Inference (SNI)

The Sentence Inference task is designed to eval-
uate a model’s capacity to grasp the poetic logic
connecting individual lines within modern Chinese
poetry. Unlike the Imagery Filling task, which fo-
cuses on localized imagery collocation, Sentence
Inference prioritizes inter-line coherence, encom-
passing diverse poetic logical relationships such
as causality, contrast, progression, resonance, and
imagery leaps. Modern Chinese poetry frequently
deviates from conventional line-level connectors,
such as chronological or causal chains, and instead
relies on emotional flow, imagery accumulation, or
intentional gaps to advance the text. Consequently,
understanding imagery at the word or phrase level
is insufficient; the model must also comprehend
the poetic logical trajectory between lines.

Specifically, we select a set of complete modern
poems and designate several critical positions to
be masked. Each masked position corresponds to
a multiple-choice question where the model must
select the most contextually appropriate sentence
from a set of candidates. Only one candidate is the
original sentence from the poem, while the remain-
ing options serve as distractors that are inconsistent
with the underlying poetic logic. The masked con-
tent can be a complete line, or just a part of a line.
The scoring criteria for this task are identical to
those of the Imagery Filling task.

S Experimental Setup

Models We evaluate the performance of the mod-
els under two distinct settings. Non-thinking
mode, which includes DeepSeek-V4-Flash and Pro,
GPT-5.1 (Singh et al., 2025), Kimi-K2.5 (Team
et al., 2025), and GLM-5.1 (Zeng et al., 2026).
Thinking mode, which includes Gemini 3

Pro (Pichai et al., 2025), as well as the aforemen-
tioned models (DeepSeek-V4-Flash and Pro, Kimi-
K2.5, and GLM-5.1) operating with their respective
reasoning modes activated. We adopt developer-
recommended default parameters for all models.

Metrics For LIO and STO tasks, we report Ac-
curacy, and for IMF and SNI tasks, we report both
Accuracy and PR. All experiments are conducted
three times, and we report the average values as
our final results in Tables 2 and 3.

6 Results and Analysis

Figure 14 presents the experimental examples for
different tasks.

6.1 Opverall Performance

Table 2 shows that the performance of different
LLMs varies significantly. Specifically, among the
non-thinking models, Kimi-K2.5 achieves the best
and most balanced performance. Its average accu-
racy (59.89) is 5.68 points higher than that of the
second-best non-thinking model, GLM-5.1 (54.21).
This indicates that Kimi-K2.5 possesses a strong
capability to capture poetic logic without explicit
reasoning, especially in the Imagery Filling (IMF)
and Sentence Ordering (LIO) tasks. In contrast, the
worst performing non-thinking model is GPT-5.1,
with an average score of 46.98.

Table 3 reports the PR for IMF and SNI tasks.
A consistent pattern emerges across both think-
ing and non-thinking models: the PR values are
substantially lower than the corresponding accu-
racy scores. For instance, DeepSeek-V4-Pro (Non-
thinking) achieves an IMF accuracy of 72.93 but a
PR of only 59.95, indicating that models can handle
individual imagery items but fail to coordinate mul-
tiple imagery units within a single poem. This gap



is even more pronounced in the SNI task, where the
highest PR among all models is only 30.77 (Gem-
ini 3 Pro), confirming that cross-sentence poetic
logic remains a major challenge for current LLMs.

We additionally evaluate five professional poets
and four non-expert readers on a random sample
of 40 poems. Experts achieve higher average per-
formance than non-experts, although performance
varies substantially across individual readers. Full
results and participant definitions are reported in
Appendix F.

GPT-5.1 performs the worst on all tasks except
IMEFE. Our qualitative analysis suggests that it of-
ten relies on surface meaning and has difficulty
integrating implicit themes, emotions, and Chinese
cultural references. In a representative example,

(FEF5EI%) (Zhuangzi and Reflection), its re-
sponse does not identify the connection between
Zhuangzi’s Butterfly Dream, “/& ¥ (Zhuangzi),”
and “Fk7K (Autumn Waters),” resulting in an in-
correct interpretation of the poem’s theme. More
generally, our qualitative analyses identify three re-
curring sources of model errors: reliance on surface
meaning rather than underlying themes, difficulty
following emotional progression, and failure to in-
tegrate interacting images into a coherent artistic
conception. The SNI case study in Appendix G
illustrates how these limitations can occur together.

Overall, thinking configurations generally out-
perform their non-thinking counterparts. Kimi-
K2.5 is the only exception on SNI, where the dif-
ference is small (48.85 versus 48.93). Gemini
3 Pro achieves the strongest overall performance
(74.01), exceeding the second-best thinking model,
Kimi-K2.5 (64.27), by 9.74 points and the best non-
thinking model, also Kimi-K2.5 (§9.89), by 14.12
points.

On the two tasks for which DeepSeek-V4-Pro
assisted initial candidate generation, the DeepSeek
models do not consistently outperform the other
systems. DeepSeek-V4-Pro obtains 45.94 on SNI,
below Gemini 3 Pro (63.53) and within the range
of the other models; on IMF, its 79.88 is close
to Kimi-K2.5 (79.83) and Gemini 3 Pro (78.85).
These results provide no clear evidence of a sub-
stantial performance advantage associated with the
annotation source.

The largest average gains from thinking
mode are observed for DeepSeek-V4-Flash and
DeepSeek-V4-Pro, which improve by 18.46 and
11.24 points, respectively, over their non-thinking
configurations.

Category Models IMF PR SNI PR
DeepSeek-V4-Flash 51.27 11.62
DeepSeek-V4-Pro 59.95 12.50

Non-thinking GPT-5.1 56.60 8.88
Kimi-K2.5 62.50 18.62
GLM-5.1 54.89 13.12
DeepSeek-V4-Flash  62.56 9.38
DeepSeek-V4-Pro 69.10 15.77

Thinking Gemini 3 Pro 66.75 30.77
Kimi-K2.5 67.76 17.71
GLM-5.1 61.78 14.79

Table 3: PR for IMF and SNI tasks across different mod-
els. Bold indicates the best performance and underline
indicates the second best.

Notably, Gemini 3 Pro achieves its best perfor-
mance on the LIO task (85.29), followed by the
IMF task. Conversely, all other models, regardless
of whether they are thinking or non-thinking, per-
form best on the IMF task, followed by the LIO
task.

6.2 Specific Tasks

Experimental results show that the most challeng-
ing task is SNI, followed by STO, while the rela-
tively easiest task is IMF.

Stanza Ordering (STO) STO requires the model
to grasp the understanding of the entire poem,
thereby recovering the global structure of the stan-
zas. Gemini 3 Pro performs relatively best, with
an accuracy of 68.35. Among non-thinking mod-
els, Kimi-K2.5 performs best (52.38). Experimen-
tal results show that all models perform worse on
STO than on LIO, indicating that while stanza-level
logic is more stable than line-level logic, it requires
a higher capability from the model to grasp com-
plete structural units, themes, and emotions.

Line Ordering (LIO) LIO evaluates the model’s
capability to recover the logical order of lines
within a poem. Gemini 3 Pro leads by a wide mar-
gin with an accuracy of 85.29, followed by GLM-
5.1-Thinking (77.69) and DS-Pro-Thinking (76.60).
Among non-thinking models, Kimi-K2.5 ranks first
with 63.00, but still far below thinking models. It
is noteworthy that the overall performance of non-
thinking models is low, indicating that sentence-
level poetic ordering is a significant challenge for
most models. Taking " ({HJK) (The Scar)" as an
example, the correct order B (15423) requires the
model to recognize the emotional progression from
the memory of "/ (grandfather)" triggered by
"{5JE (scar)" to "/INES A ML (the small nest



calling back old friends)," a logic that non-thinking
models struggle to understand. Conversely, think-
ing models can better infer the logical progression
between lines through reasoning.

Imagery Filling IMF) Among non-thinking
models, Kimi-K2.5 performs best, with both ac-
curacy (75.25) and PR (62.50) significantly higher
than DeepSeek-V4-Flash (66.08 & 51.27). Among
the thinking models, DeepSeek-V4-Pro achieves
the highest accuracy and PR (79.88), followed by
Kimi-K2.5. Compared to non-thinking models,
the accuracy differences among different thinking
models on the IMF task are relatively small.

Furthermore, the gap between accuracy and PR
is prevalent across all models. For example, while
DeepSeek-V4-Pro’s accuracy rate is 79.88, its PR
is only 62.56, meaning that at least one imagery is
incorrectly filled in 37.44% of the poems. Taking
" (BRFKMG)  (Late Autumn Poem)" as an example,
the correct answer (D: ZL (red leaves), A: H Yt
(moonlight), B: #k H{ (autumn insects)) requires
the model to simultaneously grasp the connection
between three imagery items and the somber atmo-
sphere of autumn. Any error in any one of these
imagery compromises the PR. This demonstrates
that even the best-performing model struggles to
achieve a coherent grasp of the overall imagery of
the entire poem. The model’s capability to handle
individual blanks is acceptable, but its performance
deteriorates when it needs to process the logic be-
tween multiple imagery simultaneously. This also
reveals a current lack of understanding of poetry as
a whole in LLMs.

Sentence Inference (SNI) SNI is the most chal-
lenging among the four tasks, requiring the model
to select the most appropriate sentence to main-
tain the consistency of the poetic logic within the
poem. Gemini 3 Pro shows a significant lead, with
an accuracy of 63.53 and a PR of 30.77, far ex-
ceeding other models. We observed that this is
because Gemini 3 Pro can accurately understand
the meaning of the entire poem and the core themes
and emotions it wants to convey, especially by cor-
rectly inferring the inherent logical relationships
between candidate lines and other lines.
Furthermore, Gemini 3 Pro also pays attention to
the context surrounding the candidate lines. Taking
" (—HRE) (A Blade of Grass)" as an exam-
ple, Gemini 3 Pro correctly captured the contex-
tual consistency between "# & K A (ignited
by spring)" and the cycle of seasons, "5 B (Qing-

ming)" and the ritual of offering sacrifices, and the
logical causal relationship of "2 H T (mourn
itself)" because "7 A %K (no one comes)." Al-
though Gemini 3 Pro performs this task relatively
well, its PR is only 30.77, indicating that at least
one sentence in 69.23% of the poems is incorrectly
selected.

Among the non-thinking models, Kimi-K2.5 per-
forms relatively best, with an accuracy of 48.93 and
a PR of 18.62. We observed that Kimi-K2.5 could
identify the theme and atmosphere of the poem
through external imagery, but could not understand
the deeper meaning and true emotions of the poem.

In summary, our results and analysis reveal dis-
tinct differences among various LL.Ms in their ca-
pacity for poetic logic, providing a reference for
future evaluations of LLMs’ performance in the
domain of literary understanding.

7 Conclusion

In this paper, we propose Peony, the first bench-
mark specifically designed for evaluating the poetic
logic of modern Chinese poetry. Peony comprises
800 modern Chinese poems, meticulously crafted
by modern poets, featuring various poetic imagery,
styles and themes. We systematically evaluated
many popular LLMs with Peony, and our results
show that all evaluated models exhibit substantial
limitations in recovering poetic logic across the
four Peony tasks. While all thinking models outper-
form their counterparts in average, the performance
advantage of thinking models in the SNI task is
not pronounced, suggesting that explicit reasoning
strategies are not always applicable to the com-
prehension of poetic logic. Furthermore, although
all models achieve relatively high accuracy on the
IMF task, their PR values are significantly lower,
reflecting a pattern where models can manage in-
dividual imagery but fail to coordinate the logical
relationships between multiple imagery units. By
introducing Peony into the NLP community, we
have opened up new research avenues in the evolv-
ing field of modern Chinese poetry comprehension.

Limitations

Peony has several limitations. First, it contains 800
works by six contemporary poets. Although the po-
ets span different styles, themes, and poetic forms,
this collection cannot represent the full historical
and stylistic diversity of modern Chinese poetry.
Future versions should incorporate more poets and



poems. Second, Peony operationalizes poetic logic
through four tasks centered on structural organiza-
tion, imagery association, emotional progression,
and contextual coherence. It does not directly eval-
uate the full range of literary understanding, includ-
ing cultural interpretation, open-ended metaphor
analysis, and aesthetic judgment. Finally, because
modern Chinese poetry differs substantially from
classical Chinese poetry and poetry in other lan-
guages and traditions, our findings should not be
generalized to genres such as classical Chinese po-
etry, haiku, or Arabic poetry without further study.

Ethics Statement

This study collects poetic samples exclusively from
contemporary poets, and all data are used strictly
for non-commercial scientific research purposes.
We hope that this approach will foster the integra-
tion of Al and literature.

Furthermore, all experts involved were fairly
compensated at rates above the minimum wage,
ensuring that our research was conducted in full
compliance with legal standards.
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A Annotation Quality Control

DeepSeek-V4-Pro was used only to assist mask se-
lection and initial distractor generation for IMF and
SNI. Professional poets reviewed every candidate
and substantially revised or replaced the vast ma-
jority of generated distractors before inclusion. For
STO and LIO, experts removed options with obvi-
ous discontinuities or contradictory imagery and
redesigned them so that the contrast depended on
internal structure and progression. For IMF, they
constrained candidates to concrete imagery nouns
and eliminated cases with more than one plausible
answer. For SNI, they ensured that candidates were
complete sentences of similar length and rewrote
distractors that merely repeated the same imagery
with superficial changes. All final answers and
options were determined by the experts.

B Prompts We Used in Peony

B.1 Prompts used in Data Curation

During the data curation process, we employed
DeepSeek-V4-Pro as an annotation assistant. Its
primary task was to select appropriate imagery
and sentences for blanking in the IMF and SNI
tasks, as well as to generate distractor options. It
should be emphasized that this step was intended
solely to reduce the manual effort of human ex-
perts. All final items were completed under the
review and revision of human experts. The prompts
used for DeepSeek-V4-Pro can be found in Table
4 and 5. Where the Candidate Imagery Word Pool
({noun_pool}) is chosen from the nouns existing
in the given poem, and {num_to_dig} depends on
the length of the poem.

B.2 Prompts used in Evaluation

For the four evaluation tasks in Peony, we designed
task-specific prompts to ensure consistent and re-
producible model assessment. Each prompt in-
cludes a clear task description, the input format
(full Poem or excerpt with blanks), candidate op-
tions, and strict output formatting requirements
to facilitate automatic evaluation. The complete
prompts can be found in Table 6, 7, 8 and 9.

C Supplementary Analyses and
Benchmark Comparison

Table 10 shows that correct answers are approx-
imately balanced across positions A-D in every
task.



Task Answers A (%) B(%) C(%) D (%)
IMF 695 27.5 25.0 23.5 24.0
SNI 2,424 25.4 24.1 25.7 24.7
LIO 800 23.6 259 26.0 24.5
STO 436 24.5 24.5 25.0 25.9
Overall 4,355 25.3 24.6 25.4 24.7

Table 10: Distribution of correct answer positions.

To examine positional bias further, we randomly
permuted each STO question into two additional
option orders (STO1 and STO2) and re-evaluated
two representative non-thinking models. As shown
in Table 11, performance remains stable across
option orders.

Model Original STO1 STO2
DeepSeek-V4-Flash 47.02 47771  46.56
GPT-5.1 39.08 3945 39.68

Table 11: STO accuracy under two random option per-
mutations.

Most existing Chinese poetry benchmarks focus
on classical poetry. Table 12 situates Peony as a
modern-poetry benchmark targeting poetic-logic
comprehension rather than generation detection or
a single semantic classification task.

D Imagery in Peony

Imagery constitutes a cornerstone of modern Chi-
nese poetry, serving as the primary vehicle through
which poets convey emotion, evoke atmosphere,
and construct poetic meaning. Poetic imagery in
modern Chinese poetry also carries rich connota-
tions, relies on unconventional associations, and
participates in complex networks of semantic reso-
nance across lines and stanzas.

To characterize the imagery landscape of Peony,
we perform a statistical analysis of imagery word
frequencies across the 800 poems in our bench-
mark. We distinguish between short imagery words
(single-character words) and long imagery words
(two-character words). Table 13 presents the top 20
high-frequency imagery words in Peony, divided
into short and long forms.

As shown in Table 13, the most frequent short
imagery word is " A (Human)" with 245 occur-
rences, followed by "2 (Love)" (90) and "X
(Wind)" (68). Natural elements such as "7K (Wa-
ter)", " (Rain)", and "Z (Snow)" also appear
prominently, reflecting the enduring influence of
classical nature-themed poetry on contemporary
practice. For long imagery words, "H €. (Self)"

ranks highest (145), followed by "KZ* (Sky)" (99)
and "4 (Life)" (89). Temporal concepts includ-
ing "% A (Time)", "I/ [A] (Time)", and "Z=77 (Sea-
son)" also show high frequency, indicating that the
passage of time and seasonal change serve as recur-
ring thematic concerns.

Notably, the presence of abstract yet tangible
terms such as " A [8] (Human World)" and "{H 7
(World)" suggests that modern Chinese poetry en-
gages not only with concrete sensory experiences
but also with philosophical reflections on existence
and society. The diversity and richness of these
imagery words collectively establish Peony as a
challenging benchmark for evaluating LLMs’ ca-
pacity to comprehend poetic logic.

E Examples of Different Tasks

Table 14 provides concrete examples of the Stanza
Ordering (STO), Line Ordering (LIO), Imagery
Filling (IMF), and Sentence Inference (SNI) tasks.
Only one example is shown per task.

F Human Performance

We recruited five professional poets and four non-
expert readers to provide a human reference on a
random sample of 40 poems. None of the profes-
sional poets authored poems in Peony. The non-
experts had received Chinese-language education
at the undergraduate level but had not formally
studied modern Chinese poetry. The experts had
more than eight years of poetry-writing experience,
had published individual poetry collections, and
had published a substantial number of modern Chi-
nese poems. Table 15 reports Accuracy for all four
tasks and PR in parentheses for IMF and SNI. Ex-
perts achieve a mean score of 51.44, compared with
41.28 for non-experts, with substantial variation
within both groups.

G SNI Case Study

SNI is the most challenging task. For the poem
“Lintie Ji”” (Copying Calligraphy), DeepSeek-V4-
Flash in thinking mode answers both blanks incor-
rectly (AA rather than DC). The first error shows a
preference for locally compatible ancient imagery:
the model chooses the bamboo-slip and ox-cart
option, but overlooks the action-level continuity
between “leaping onto horseback” in the correct
option and “passing through a rain of arrows” in
the following line. The second error shows that it
does not connect “one dot, one stroke, one hook”



with calligraphic strokes and therefore misses the
option containing ‘“xuan paper.” The reasoning also
recognizes the allusion to Wang Xizhi’s Preface
to the Orchid Pavilion Collection but fails to use
its background correctly, treating “Orchid Pavilion
winding stream” as the relevant location rather than
identifying “Kuaiji Shanyin.” This example illus-
trates how surface imagery matching, cross-line
logic, and incomplete use of cultural knowledge
can jointly produce SNI errors.



Prompt for Curating the Imagery Filling Task

R EAFRAR TR - FREXE R ({ttle}) : {content}
(FHEZESEFE] . {noun_pool }
E55: N [(AEESSARE] Fifk (num_to_dig) MEUESIAMTIZZ H HA -
F*%TM?ZZHTEEH)%:
- WIRBRI ~ FIRE RS
(a) fEltF (PR~ [E2FF]~ (%]~ O]~ [R5~ [BRBL - [EHR] -
(b) ik (HRAEART) - B2 R DR - [BAE]- [(#E - (5] [FR]- [5FE]- [H
E;/]
() Zib (3= SEMER) - [REAR) - (THER) S [RUEK) - [BEEE.
2. R “%ﬁﬁ’]ﬁ%ﬂ:%”
(a) 2k GEh&EEEMENET) - [RE]- [éﬁ El] [RFE] ~ [FRHR]~ [PP98] -
(b) 21k (REERIEIR) o [ [—H]1-
3. FEBMEN,
(a) TRFENZIFARAIECRDE T WL, 1E RIRIWFF -
(b) FEFEIR 100% i E =& B AR i ~ *ﬁ%%éﬁ!&ﬂ
4. FIRIAERGE
(a) W RIRE B I A B SE AR 2 1R -
(b) WRIFIAZ(FHRE], TIRTRONIEM - A (LRSS iRy, 2SI 5 -
PR 2 |
[QUESTION] (#Z=EHSCA, A [(=1] - [&2] FMiR)
[ANSWERS] (Jid1) | (JiF2) , ‘
[OPTIONS] [71] : <3Fa%1 | (F#k2) 1 (Fk3)  [Z2] © (FkD) | (FHk2) 1 (F#13)
English Translation
You are an expert in modern Chinese poetry. Please read the following poem titled "{title}":
{content}
[Candidate Imagery Word Pool]: {noun_pool}
Task: Select {num_to_dig} core imagery words from the candidate pool to create cloze test style questions.
Strict Rules for Imagery Substantiation:
1. Must be "visible and tangible entities":
(a) Allowed: [earthen jar], [armor], [container], [fallen leaf], [bird], [railway track], [window lattice].
(b) Forbidden (abstract nouns/states): [bond], [curtain], [abyss], [wWhiteness], [expression], [symbol], [tree ring],
[vigil], [back view].
(c) Forbidden (physiological/spatial concepts): [folds], [grooves], [touch], [distance].
2. Must be "static objects":
(a) Forbidden (verb-noun compounds/action nouns): [burning incense], [setting sun], [afterglow], [howling],
[shout].
(b) Forbidden (pure measure words): [a petal], [a slice], [a wisp].
3. Better to omit than to force:
(a) If you are uncertain whether a noun qualifies as a "physical entity," discard it.
(b) Only select nouns you are 100% certain are concrete objects.
4. Distractor Generation Logic:
(a) Distractors must also be "physical entity nouns" of the same category.
(b) For example, if the correct answer is [earthen jar], distractors should be [porcelain vase], [wooden bucket],
[clay pot] — abstract words are strictly prohibited.
Output strictly in the following format:
[QUESTION] (Text with blanks, marked as [Blank1] , [Blank2] )
[ANSWERS] (word1)l(word2)
[OPTIONS] [Blank1] :(distractorl)l(distractor2)l(distractor3) [Blank2] :(distractorl)l(distractor2)l(distractor3)

Table 4: Prompt for Curating the Imagery Filling Task




Prompt for Curating the Sentence Inference Task

IRRE— D EIUCFHIFTE K - FHEL R ((tite})
{content}
£S5 MOXERFFIE (num_to_dig) PREATHITIZE, HABNZEMAERSE BT IR -
FERPT [(A7FRES TR RTE] -
1. SRR T IR
() PLABREEN IR IR 1B RS BLZ M IR OER AT -
(b) Frifef)F NE & — R B EE SUMSL R AT
2. THIWARGEHE.
(a) THLAINS IEME R KB A) 51 _EAR -
(b) THAISHREFHEGERH —E XK, EHEANESBIMERGER - NEEEBRRER -
(c) THAMNEE—ERREN, NEHESHFRTX -
3. AL BRI
@ A (=1)] - (=2] . [%3] SiRRBsgEHHaF -
(b) RIFFRFIFESCHIHABER 7> A2
4. HyHIFEFESR.
(a) PRRIEIR N AR UE ), AN A N
AR TR R -
[QUESTION] (1 [%X] FRRMHEE0)
[ANSWERS] (1) | (J&A)2) | (JRA3) ; o
[OPTIONS] [=1] : (F#AA) | (FHAB) | (FHAC) [=2] : (FHMAA) | (FHAB) | (T
fajc)  [=3] : (FitAjA) | (FHAB) | (FHtA)C)
English Translation
You are an expert in modern Chinese poetry. Please read the following poem titled "{title}":
{content}
Task: Select {num_to_dig} key sentences from this poem to create blanks, and generate three reasonable distractors for
each blank.
Strict Rules for Sentence Selection and Distractor Generation:
1. Key Sentence Selection Criteria:
(a) Prioritize sentences that play a central role in advancing the poetic mood, marking emotional transitions, or
maintaining logical coherence.
(b) Selected sentences should have a certain degree of semantic independence and substitutability.
2. Distractor Generation Logic:
(a) Distractors should be similar in length and syntactic structure to the correct answer.
(b) Distractors should be semantically relevant to the poem’s theme or context, but would disrupt emotional
progression, narrative logic, or mood coherence if inserted.
(c) Distractors should be plausible and challenging, not obviously irrelevant to the poem.
3. Blank Placement:
(a) Replace each selected sentence with (Blank1) s [Blank2] s [Blank3] , etc.
(b) Keep the rest of the poem unchanged.
4. Output Format:
(a) Strictly follow the format below without any additional content.
Output strictly in the following format:
[QUESTION] (Full poem text with [BlankX] markers)
[ANSWERS] (original sentencel)l(original sentence2)l(original sentence3)
[OPTIONS] [Blankl] :(distractor A)l(distractor B)I(distractor C) [Blank2] :(distractor A)l(distractor B)l(distractor
C) [Blank3] :(distractor A)l(distractor B)l(distractor C)

Table 5: Prompt for Curating the Sentence Inference Task




Prompt for Stanza Ordering Task (Ps70):

TE B DL N A TELIR AR B, SRS THEFIKE S - B8RS R BURE
R — AR SEBE PRSI o ARFEELEIE TR T 2 B AU B
RIS, AR 3k B A R AN SE RS RS AR T -

(FFHEFF RO SEEEFER] © {question_text}

(kT (RFFF TS HEFBIET) ] : {options_text)

(S EK] . BHREEMMFTEAAZEXE, &, LA SRR TIEAE—
ﬁ?%ﬁ%%%%,$%ﬁ§%?ﬁ:%%%:X(Xﬁ%%ﬁ%%ﬁﬁﬁ&%ﬁ%?
7}

English Translation

Please read the following scrambled poetry excerpts and complete the stanza ordering restoration
task. Each numbered excerpt represents a relatively complete independent stanza. Analyze the
narrative progression, emotional development, and imagery evolution between stanzas to select the
most reasonable complete poetic structure from the candidate options.

[Poetry Content to be Ordered]: {question_text}

[Candidate Options (representing the correct order of stanza numbers)]: {options_text}

[Task Requirements]: Provide a brief analysis of the logical connections between stanzas. Finally,
output the final answer in a single line strictly following the format below without any extra
characters: Answer: X (X represents a single uppercase letter corresponding to the option you
have selected)

Table 6: Prompt for Stanza Ordering (STO) Task

Prompt for Sentence Ordering Task (Pr;0):

EE LN RO B, B8 8 ERIT AR B R B, SERGR ATHE A
55, MBI R T e i B & B Y S 5 ) I

(FFHEFF RO SEEEFER] © {question_text}

(el (RFFFA% 5 FIEMAIET) ] : {options_text}

(EHEK] . BEREST, &5, LIABERUTBAEITHRHEAER,
NEFEZRTFR: BEREE: X XRRFEFENENSKREFL)

English Translation

Please read the following poetry excerpt, which includes a portion of correctly ordered lines and
fragments to be sorted. Complete the sentence ordering task by selecting the most reasonable
complete sequence from the candidate options.

[Poetry Content to be Ordered]: {question_text}

[Candidate Options (representing the correct order of line numbers)]: {options_text}

[Task Requirements]: Provide a brief analysis first. Finally, output the final answer in a single line
strictly following the format below without any extra characters: Answer: X (X represents a single
uppercase letter corresponding to the option you have selected)

Table 7: Prompt for Sentence Ordering (LIO) Task




Prompt for Imagery Filling Task (P;;r):

TEFIEE LU RR, RO ISR 2SR R . IRTFEEE TR . NEZE
FERGE ], M52 5T %k Y B AF & S 25 BR AL F IR R E 22 -

(FFFREE] : {poem_title}

(B2 BRAL A SEEERFIR] @ {question_text)

(%5105 %] :  {options_text}

(EFZEK] - BAERESTEHOFEBEMESR, &5, LI RIERU ST —
TR RAER, TNERZRTR: WRAINE:. TRE: XURE21ME (%=1
MFEE) « BERE: XY

English Translation

Please read the following poem and complete the cloze test multiple-choice questions. Analyze
the poetic conception, narrative logic, and emotional direction to select the correct answer that best
fits each blank.

[Poem Title]: {poem_title}

[Full Poem with Blanks]: {question_text}

[Candidate Options List]: {options_text}

[Task Requirements]: Provide a brief analysis of the logic and poetic conception at each blank.
Finally, output the final answer in a single line strictly following the format below without any
extra characters: If there is one blank: Answer: X If there are two blanks (concatenated in order of
blank 1, blank 2): Answer: XY

Table 8: Prompt for Imagery Filling (IMF) Task

Prompt for Sentence Inference Task (Psy;):

TE B DL IR, SERE] FHERTESS o IRFTFEMNEEA 2300 B3R I 7%k B AF 5 1 A E
BRRAE]F -

(SEFERFAR] : {question_text}

(fEi%%ET1] :  {options_text}

(ESEK] . BAERMESHERMSTERE. &E, DI BEEL IS E—1TRE
HEBEAER, NERBEZRTMH: BRE: XYZ (BINEMEILNF8)

English Translation

Please read the following poem and complete the sentence inference task. Select the sentence that
best fits the context for each blank from the candidate options.

[Full Poem]: {question_text}

[Candidate Options]: {options_text}

[Task Requirements]: Briefly write your analysis process. Finally, output the final answer in a
single line strictly following the format below without any extra characters: Answer: XYZ (Write
as many letters as there are blanks)

Table 9: Prompt for Sentence Inference (SNI) Task

Benchmark Poetry Type #Tasks Dataset Scale Evaluation Target

CCPM (Li et al., 2021) Classical 1 27,218 poems Semantic matching

Hou et al. (2025) Classical 1 2,918 poems Theme classification

ChangAn (Li et al., 2026) Classical 4 10K+ human-written + 20K+ Al-generated LLM-generated poetry detection
Neo-Classic (Zhang et al., 2026)  Classical 5 1,406 poems (628 Shi + 778 Ci) Linguistic-aesthetic reasoning
AlGenPoetry (Wang et al., 2025) Modern 1 800 human-written + 41,600 LLM-generated =~ LLM-generated poetry detection
Peony Modern 4 800 poems / 4,355 instances Poetic-logic comprehension

Table 12: Comparison with representative Chinese poetry benchmarks.




Top 20 Short Imagery Words

Top 20 Long Imagery Words

Rank  Imagery Count | Rank  Imagery Count
1 A (Human) 245 1 H (Self) 145
2 % (Love) 90 2 R&(Sky) 99
3 X (Wind) 68 3 A (Life) 89
4 % (Dream) 46 4 FN7K (Rainwater) 80
5 7K (Water) 45 5  FHYE (Sunlight) 73
6 T (Rain) 44 6 T (City) 68
7 15 (Poem) 41 7 A=k (Stone) 65
8 1 (Flower) 34 8  HYt (Moonlight) 64
9 i (City) 32 9  AJA] (Human World) 63

10 7 (Sound) 30 10 5 (World) 62
11 25 (Snow) 28 11 % H (Time) 61
12 5 (Write) 26 12 Ji7K (Flowing) 59
13 4F (Year) 26 13 54K (Body) 53
14 = (Cloud) 25 14 3CF (Words) 52
15 7% (Night) 25 15 E[8] (Time) 51
16 1l (Mountain) 24 16  KHb (Earth) 50
17 A (Moon) 24 17 &K (Spring) 48
18 T (New) 24 18  Z=7 (Season) 48
19 St (Light) 23 19 % H (Sunset) 46
20 #f (Tree) 21 20 & (Sound) 45

Table 13: Top 20 high-frequency short and long imagery words in Peony.



Stanza Ordering (STO)

title: (ETFS5EIR)

Original Content: & ILMIERE A, 8 0 T ESAKE/ C N —HR R/ —FERIBT, e 5 k255
K Bige B @/ — TN, B LUREMEY/mE, ATHESAB LT BCWETS - BEE, B
B/ TE A B ORI, R B Sh/ MRECSE N A R, RE S, A B/ RUE BNE B
AN, B— AR IRBOK R ER

Question: 1. [, B, 2408/REDSMEEIN, B— R IRAKH BIERR /2. B IR
A, WL T ESMKE/EN] e/ Rl £ EE/3 8 LT BSOS - BEE, B
S/ TE ER B R A, (IR SRR AR L 4. BEPIR - R R — N, AL
RAEFEY MR, “T R

Options: A.2431 B.1432 C.4231 D.2341

Correct Answer: A

Line Ordering (LIO)

title: ({HJE)

Original Content: /£ F [ (4L, H—DJIEARBISNA BT, WO FRER/ SR — N FRGUAH S 25

Ei)&(%ﬁ/ﬁﬁ%ﬁﬁﬂﬁ%ﬁM@Fié/%ﬂ?El’\JiE‘hZ, — B/ MEIE ] R — R BE )/ INES /A i E AR )
/]

Question: £ F R O4L, H—NITVEARBISMARITEEC, BT RBY B — 1 FRIUAH S LR

%//1. ﬁiiﬁj%&;hﬂﬁéﬁl\z\??ﬁ/z 8 e HH R 22 FE BOOA/3. [N/, MR — MR /NE /5. ZI TN EIE

17, —3 Mo

Options: A.13425 B.15423 C.53142 D.25413

Correct Answer: B

Imagery Filling (IMF)
title:  (BEFKING)
Original Content: Tk X ZEZEANHEE LI FIINL - BRFK/HUTE RN, —BIRA 2 S/EIERLE A YLt
B, WA REEBEANNAFE LSS, RRKRKN— LA HIONZ], TYESFRA EA NE
MK, B ATERBHR NNl - AR T AS/MRPmEERNEE - BE L/BATHIEE
AT A E R LIRFRE, FIKEE ‘
Question: FAXAETLALHGE (251] BOM - BEAVAITERMIGENE, —BiR 2 S/ERRL [22] %
O WILAEAERNNAHEE LSS, RR (Z3) W—EXRTHIRZ], FYESELEA N
A, B ATEBRN NN R - RO R T A SR IER RKWEE - EIW/BEINNE
[HAE T BB Rz LIRFEE, KEE
Options:

(Z51] : A BARTS C.HEEE DA

(z2] : A AXBEF C.+H# D257

(%3] : AR BRKHR CIE#E DG
Correct Answer: DAB

Sentenze I;l%fer;nce (SNI)
title: (—1HE
Question: — I, UH7E A ATEELAE W ZEBY B RKRIE R/ [Z1]) /2 IR KT 5B A IR
PRERAREE (22) / (23] /EBSRE A O/ ANARZ NAEA Bl Z RATE EFF
Options:
(=1] : AEIBFESHE B X E Hits CAENF I5EE D XXFER SR
(Z2] : ABWHIE, WHR BT ZH, R CIEHNNE, WRDVEZE, Wk
(&3] : AWILARZE BATEARI CTEAZIE DAHE R
Correct Answer: DCC

Table 14: Experimental examples for different tasks. / represents a line break, // represents a stanza break.



Reader IMF (PR) SNI (PR) LIO STO Avg.
Expert 1 94.12 (90) 70 (40) 40 80 71.03
Expert 2 47.06 (20) 16.67 (0) 60 60 45.93
Expert 3 82.35 (70) 30 (10) 50 30 48.09
Expert 4 58.82 (40)  36.67 (10) 50 20 41.37
Expert 5 76.47 (60)  36.67 (10) 80 10 50.79
Non-expert 1 70.59 (50) 30 (10) 60 40 50.15
Non-expert 2 70.59 (60) 26.67 (0) 40 30 41.82
Non-expert 3 47.06 (10) 26.67 (0) 30 50 38.43
Non-expert 4 58.82 (40) 20 (0) 30 30 34.71
All readers 67.32 32.59 48.89  38.89  46.92
Expert mean 71.76 38 56 40 51.44
Non-expert mean 61.77 25.84 40 37.5 41.28

Table 15: Human performance. PR is shown in parentheses.

Title: (lEM4iC) (Copying Calligraphy)

Question: KHAZIEF - #h, JUEVESHE/ (Blank 1] /FEH W, KIFIEBHE/LARKITEERS
T, RBrAEAAEERE . (IEHImIELAE Y, £45 HCRFE/ME B . w AR T A AR
I‘Jé/ (Blank 2] /—/&, —#l, —Z%), MEIGEME/BRERXTE, Bk T 48EKET/TIREN LM
ity

Blank 1 options:

A KB EEZZ MK, (PEITRRAISCE . TR E42

B. iKBEZKZH T, EEMRAHE . T LR

C. f/KiZZZRFLL, IEEEBRMZE - TR ML

D. fKZEZRTEWM, 7R 2FBHIRS . TR ESE

Blank 2 options:

A, RFERL B AOERTE BGRB8

B. AEFAK/ME LB TRIR

C. AEERN S HE T Bl

D. RE4R R EFROK RS £ H A

Correct answers: DC DeepSeek-V4-Flash (Thinking): AA

Table 16: An SNI case study illustrating cross-line poetic-logic errors.
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