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Abstract

Classical Chinese poetry is a treasured cultural
heritage of humanity, attracting extensive re-
search interest. However, the study of clas-
sical Chinese poetry is hindered by the lack
of open, large-scale, and fine-grained multi-
modal datasets. Prior datasets are either lim-
ited by modality constraints, dataset size, or
the level of dataset refinement, making them
inadequate for effectively supporting studies
and the development of applications in classi-
cal Chinese poetry. To address these issues,
we propose a method for constructing a large-
scale and fine-grained multimodal knowledge
graph of classical Chinese poetry. We first de-
sign an informative ontology graph for classi-
cal Chinese poetry and comprehensively col-
lect knowledge about poetry based on it. Fur-
thermore, the method leverages knowledge
augmentation, prompt optimization, and text-
image alignment to acquire comprehensive,
fine-grained knowledge. Both qualitative and
quantitative evaluations are conducted on the
Multimodal Knowledge Graph of Classical
Chinese Poetry (CPMK), highlighting its com-
prehensiveness and high quality. We also con-
duct downstream evaluations on four tasks: po-
etry question answering, poetry theme clas-
sification, poetry-image retrieval, and rigid-
formats poetry generation. Significant results
are achieved across all four tasks, demonstrat-
ing CPMK’s effectiveness in supporting re-
search on Chinese poetry. CPMK will be re-
leased to promote research in Chinese culture!.

1 Introduction

Classical Chinese poetry is a treasured cultural her-
itage that passes down ancient literature and fosters
cross-cultural understanding between the East and
the West. As times change, understanding Chinese
poetry has become increasingly difficult. Differ-
ences between ancient poetry and modern Chinese,
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APB | As HangZhou's Vice Magistrate (1071-1074), Su Shi
wrote many poems about West Lake, including this in
early 1073.

Figure 1: Illustration of poetry understanding via
AP(Ancient Poetry), MCT(Modern Chinese Trans-
lation), PI(Poetry Imagery), IM(Imagery Meaning),
[I(Imagery Image), and APBG(Ancient Poetry Back-
ground).

the evolution of poetry imagery meanings, and fac-
tors such as the poetry background all affect our
understanding of Chinese poetry.

For example, SuShi(75#X)’s poem “7K J: Bl
I 77 4F, 1175 SR JR A5~ describes the beauty
of nature in diverse weather conditions. However,
the evolving meanings of poetry imagery, such as
KongMeng(%= 5¢), alongside the background of
ancient poetry, have made it difficult to fully un-
derstand the poem. This difficulty not only hinders
understanding of the poetry but also impedes the
study and development of applications for classical
Chinese poetry. Presenting the semantics of poetry
imagery through both textual and visual modali-
ties(Figure 1) can help people from different cul-
tural backgrounds understand Chinese poetry.

Although classical Chinese poetry is a corner-
stone of Chinese cultural heritage and has been
extensively studied from various scholarly per-
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spectives, most existing research remains predom-
inantly focused on the textual modality (Wang
etal., 2023; Wei etal., 2024). The scarcity of multi-
modal datasets hinders research beyond the textual
modality. Therefore, constructing a MultiModal
Knowledge Graph (MM-KG) of classical Chinese
poetry is essential for advancing research in this
area.

To facilitate the discussion, we introduce several
key concepts relevant to classical Chinese poetry,
which are explained in the following sections. An-
cient Poetry refers to the content of classical Chi-
nese poetry, characterized by its traditional form
and archaic language, which differ significantly
from modern Chinese. Poetry Imagery denotes
specific objects or concepts that poets use to ex-
press emotions and thoughts. Imagery Meaning
is the modern Chinese meaning of the Poetry Im-
agery, while Imagery Image refers to the visual rep-
resentation of the Imagery Meaning. Modern Chi-
nese Translation refers to the translation of classi-
cal Chinese poetry into modern Chinese.

To the best of our knowledge, the currently avail-
able MM-KG of classical Chinese poetry is lim-
ited to PKG(Li et al., 2022), which is the only
text-vision modality knowledge graph in this field.
However, it has many shortcomings, making it dif-
ficult to support downstream tasks.

(1) PKG focuses solely on imagery-related
knowledge, neglecting other critical aspects such
as poetry-related knowledge and author-related
knowledge, both of which are essential for poetry
research. For instance, Jiang et al. (2024) uses
poetry appreciation to generate images of ancient
poetry. (2) Imagery images in the PKG are rep-
resented as URLs in website?, but many of these
images are no longer available. Among 59,721
randomly sampled URLs, 12,854(21%) are found
to be invalid, severely impacting the knowledge
graph’s utility for downstream tasks. (3) Auditory
elements are crucial components of classical Chi-
nese poetry. These elements are mandated in many
poetry forms, such as five-character and seven-
character poems. However, the auditory data are
overlooked in PKG.

To address the issues above, this paper pro-
poses a method for constructing a large-scale, fine-
grained MM-KG of classical Chinese poetry that
integrates textual, visual, and auditory modalities.
To obtain comprehensive knowledge of classical

Zhttps://unsplash.com

Chinese poetry, we constructed an ontology graph
encompassing multiple aspects of poetry-related
knowledge. Guided by this graph, we systemati-
cally collected knowledge related to its concepts.
To ensure the completeness of textual knowledge,
we employ a poetry knowledge augmentation strat-
egy. For visual data in the ontology graph, we use
generative models to generate images rather than
traditional web scraping, thereby enhancing the
correlation between text and images. During im-
age generation, origin prompts are processed using
a prompt optimization technique to improve image
quality. For the obtained text-image pairs, text-
image alignment is used to filter out high-quality
text-image pairs. For auditory data, we gathered
auditory knowledge for characters found in classi-
cal Chinese poetry. The proposed method leads
to the construction of an MM-KG of Chinese Po-
etry (CPMK) that spans textual, visual, and audi-
tory modalities.

Qualitative and quantitative evaluations demon-
strate that CPMK is more comprehensive and
accurate than existing poetry datasets. To fur-
ther validate the effectiveness of CPMK in down-
stream tasks, we incorporate it into poetry question
answering task, poetry theme classification task,
poetry-image retrieval task and rigid-formats po-
etry generation tasks. Experimental results demon-
strate that CPMK significantly improves the per-
formance of downstream tasks. Through qualita-
tive and quantitative research, as well as validation
in downstream tasks, it has been demonstrated that
CPMK can effectively support the study and devel-
opment of applications related to classical Chinese
poetry. Our contributions are listed below:

* We propose a method for constructing a large-
scale and fine-grained MM-KG of classical
Chinese poetry. We first design an ontology
of classical Chinese poetry to gather compre-
hensive knowledge, and then adopt knowl-
edge augmentation, prompt optimization, and
text-image alignment to acquire a large-scale
and fine-grained MM-KG.

« Using this method, we construct a multimodal
knowledge graph of classical Chinese poetry
with 6,834,825 textual nodes, 211,467 visual
nodes, and 82,679 auditory nodes. Qualita-
tive and quantitative evaluations, along with
downstream task validation, collectively con-
firm its quality and effectiveness in the field
of classical Chinese poetry.
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* We propose a knowledge-enhanced poetry-
image retrieval model. By establishing con-
nections between classical Chinese poetry
and images through modern Chinese transla-
tion of poetry, the model achieves state-of-
the-art results on two datasets in the multi-
modal task of poetry-image retrieval. Itusesa
large amount of textual data and only a small
amount (or even no) visual data, providing in-
sights for other multimodal tasks.

* We construct two datasets for the classical
Chinese poetry-image retrieval task using
manual collection and automated generation
methods. As far as we know, this is the first
benchmark for this task, and it will be re-
leased to advance research in classical Chi-
nese poetry.

* We validate the effectiveness of CPMK
across four tasks, including poetry ques-
tion answering, poetry theme classification,
poetry-image retrieval, and rigid-formats po-
etry generation. Results in all tasks demon-
strate the effectiveness of CPMK in support-
ing research on classical Chinese poetry.

2 RELATED WORKS

2.1 Knowledge Graph Construction

Due to advancements in LLMs, many studies
have utilized them to construct knowledge graphs.
Wang et al. (2025) leverages LLMs for triple ex-
traction, relational embedding, and schema-based
normalization, which supports multi-domain
construction without retraining or fine-tuning.
FolkScope(Yu et al., 2023) leverages the gen-
erative power of LLMs and human-in-the-loop
annotation to semi-automatically construct the
knowledge graph. MMGraphRAG (Wan and Yu,
2025) utilizes the Yolo model to extract image
entities and leverages large vision models to
obtain textual descriptions of the image enti-
ties, facilitating the construction of multimodal
knowledge graphs. However, in the field of
classical Chinese poetry, the lack of a large-scale
knowledge base like Wikipedia makes it difficult
to collect substantial amounts of data, rendering
existing methods difficult to apply directly.

In the field of classical Chinese poetry, there
have also been studies focused on constructing
knowledge graphs. KnowPoetry (Hong et al.,
2020) proposes a framework to extract poems,

poets, and their relationships from Tang poetry,
thereby constructing a domain ontology and a
knowledge graph. SKG-Poetry (Zhao et al., 2022)
constructs a sememe knowledge graph of classi-
cal Chinese poetry, linking classical and modern
Chinese vocabularies to enhance semantic under-
standing. These knowledge graphs are either con-
strained by their modalities or suffer from quality
deficiencies, which makes it difficult for them to
support downstream tasks effectively.

2.2 Classical Chinese Poetry Data

Research on classical Chinese poetry data primar-
ily focuses on textual data, with limited explo-
ration of visual and audio modalities. The an-
cient corpora of text include four main datasets:
Poetry(Werneror, 2017), CCPM(Li et al., 2021),
ACP-Corpus(Liu et al., 2025), Chinese-poetry-
and-prose(VMIJUNYV, 2023).

There is limited attention to vision and audio
modalities in the study of classical Chinese poetry.
In terms of vision modality, the PKG (Li et al.,
2022) compiles knowledge related to poetry im-
agery, and (Liu et al., 2020) maps poems to spe-
cific categories and collects images corresponding
to those categories. Regarding the audio modality,
to our knowledge, no relevant knowledge graph
has been identified.

3 Method for constructing CPMK

We analyse the data requirements from recent stud-
ies on classical Chinese poetry, such as Li et al.
(2022); Jiang et al. (2024); Li et al. (2021), to con-
struct an ontology graph. This graph serves as the
guidance for the construction of the MM-KG of
classical Chinese poetry. The ontology graph is
in Appendix I. Guided by the ontology graph, this
method overcomes the limitations of previous stud-
ies, which lacked comprehensive coverage of Chi-
nese poetry knowledge. The construction of the
Chinese poetry MM-KG consists of several stages,
with a schematic overview of the pipeline provided
in Appendix J.

3.1 Acquisition of Raw Data.

Knowledge related to ancient poetry and the author
is crawled from the authoritative poetry website
SouYun®. We extract words that appear more than
5 times and all the characters that have appeared
in ancient poetry. These words and characters are

*https://sou-yun.cn/
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used to crawl for their semantic meanings on the
website HanDian*. For words, if their semantic
meaning exists, they are categorized as poetry im-
agery, and their meaning serves as imagery mean-
ing. For characters, in addition to their semantic
meanings, we also crawl their auditory knowledge
and visual knowledge in HanDian. Characters are
visually represented as GIFs or SVGs to demon-
strate stroke order. Pinyin and Zhuyin are offered
as audio to illustrate pronunciation.

When dealing with imagery images, manual
collection of extensive images is exhausting, and
web scraping poses significant challenges due to
the unique characteristics of classical Chinese po-
etry. (1) There is a lack of comprehensive image
databases for Chinese literature, as existing large-
scale image websites primarily focus on modern
elements and offer limited coverage of ancient Chi-
nese literature. (2) Some imagery meanings are
relatively abstract, making it challenging to find
images that basically convey their visual meaning
when using web scraping.

ChiXiao(A %)

Figure 2: Imagery image for the “ChenMeng” and
“ChiXiao”, both generated using a generative model.

Generative models trained on large-scale
datasets can effectively address the issues
mentioned. For instance, the poetry imagery
ChiXiao(7r & )’s imagery meaning refers to the
legendary ancient sword of LiuBang(Xl| }¥), the
poetry imagery ChenMeng(Z® %)’s imagery
meaning symbolizes the illusion of the mortal
world. As shown in Figure 2, generative models
can generate content related to ancient legends
and abstract concepts with relatively effective
results. Therefore, this paper uses a generative
model to create imagery images. The selection of
the generative model and the prompt setting can
be found in Appendix E.

“https://www.zdic.net/

3.2 Poetry Knowledge Augmentation

Since the pre-Qin period (before 1000 BCE), the
long-term transmission of Chinese poetry has intro-
duced significant textual variations. To the best of
our knowledge, existing studies (Wei et al., 2024;
He et al., 2023) often overlook these nuances, re-
sulting in incomplete datasets. Furthermore, as
most data is sourced from the internet, its reliabil-
ity is compromised by varying website quality and
unresolved historical inconsistencies. This paper
adopts a cross-augmentation strategy, which inte-
grates variations from multiple knowledge bases
to provide the most comprehensive and reliable
knowledge. We focus on two core aspects: knowl-
edge of ancient poetry and the author.

We collect knowledge about ancient poetry and
authors from GuShiWen® and GuoXueHui®. For
ancient poetry-related knowledge, we employ a
two-phase deduplication strategy inspired by (Liu
et al., 2025): global alignment removes redundant
poems, while local alignment segments poems by
punctuation and evaluates overlaps between text
chunks. Similar ancient poems are clustered rather
than overwritten, with their relevant knowledge in-
tegrated to ensure a comprehensive representation.
Details of the process are provided in Appendix F.
For author-related knowledge, we determine entity
consistency by verifying the author’s name and dy-
nasty, and then aggregate the relevant information.

3.3 Prompt Optimization for Imagery Image
Generation

Maintaining the consistency between the input text
and generated images is a challenge. Many gen-
erative models use CLIP’s text encoder, freez-
ing its parameters while only the diffusion pro-
cess is trained (Ramesh et al., 2022; Rombach
et al., 2022). However, research from Zhang et al.
(2024) shows that CLIP’s text encoder effectively
handles fewer than 20 tokens, leading to hallucina-
tions when processing longer texts.

Table 1 demonstrates that raw imagery mean-
ings sourced from the internet exceed token lim-
its(21.72). This internet-derived textual data often
contains irrelevant noise, which affects the perfor-
mance of downstream tasks. Additionally, much
poetry imagery has multiple meanings that are dif-
ficult to distinguish using scripts. The above is-
sues PKG has not yet resolved. In PKG, multi-

>https://www.gushiwen.cn/
®https://www.gushicimingju.com/
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Table 1: The average token distribution. Abbreviations
—IM: Imagery Meaning; SP: Supplementary; Desc:
Description.

Type Token Length | Total Num
Raw IM 21.72 177,664
Refined IM 6.70 257,028
SP Knowledge 23.72 58,827
Visual Desc 15.30 135,720

ple imagery meanings and textual noise are com-
bined into a single query, leading to a weak corre-
spondence between the meanings and the retrieved
images. Some studies (Liu et al., 2025) attempt
to remove textual noise using regular expressions,
but they struggle to cover all cases in large-scale
datasets. Therefore, this paper uses LLMs to fil-
ter noise, separate complex raw imagery meanings
into distinct meanings, and retain useful auxiliary
information as supplementary knowledge, produc-
ing refined imagery meanings.

Table 1 shows that the refined imagery mean-
ings often become overly concise(6.70), failing
to achieve the optimal token length. Intuitively,
providing detailed descriptions within the model’s
comprehension range enhances the accuracy of
the generated images. For example, prompts like
“The sea god” are too concise, whereas “The ma-
jestic sea god stands above the waves” provides
clearer, more interpretable context for the gener-
ative model. Additionally, there is a significant
difference between the semantics of the text and
the visual descriptions, and using textual semantics
directly as prompts often fails to generate images
that meet expectations(Betker et al., 2023). Draw-
ing inspiration from Retrieval Augmented Gen-
eration(RAG) technologies, we utilize LLMs to
rewrite refined imagery meanings into visual de-
scriptions suitable for generative models. It en-
hances clarity and relevance while keeping the
prompt length within a manageable 20 tokens, ef-
fectively reducing the likelihood of hallucinations.

LLMs are also used to determine if an imagery
meaning can be visually represented, discarding in-
puts like stopwords that lack visual significance.
This ensures that only visually meaningful data is
processed by the generative models, enhancing ef-
ficiency. The instruction is shown in Appendix G.

3.4 Imagery Meaning-Imagery Image
Alignment.

When handling large-scale text-image pairs, accu-
rately aligning them is a significant challenge. It is
common to use the CLIPScore(Hessel et al., 2021)
to evaluate the relevance between text and images.
For a given image encoding v, caption encoding c,
and scaling factor w, the CLIPScore formula is as
follows:

CLIPScore(c,v) = w - max(cos(c, v),0)

CLIPScore has certain limitations (Schuhmann
etal., 2022): a high threshold may lead to the omis-
sion of entities, while a low threshold can weaken
alignment between text and images, particularly
with large-scale text-image pairs. Inspired by
GLIDE (Nichol et al., 2022), which evaluates im-
age generation quality through classification, we
abandon the traditional threshold-setting approach.
Instead, we propose leveraging an image-to-text re-
trieval task to address this alignment challenge.

In the image-to-text retrieval task, text perturba-
tions are introduced. Specifically, for each gener-
ated imagery image, the imagery image is used to
retrieve imagery meaning along with the two text
perturbations. The first perturbation is a randomly
selected imagery meaning from the total set, while
the second perturbation is composed of a random
character selected from the tokenization vocabu-
lary in BERT(Devlin et al., 2019). If all gener-
ated imagery images correctly retrieve the imagery
meaning, the imagery images and imagery mean-
ing are considered aligned, and the text-image pair
with the highest CLIP score is selected as the fi-
nal match. Otherwise, those text-image pairs are
deemed mismatched and discarded.

4 Qualitative and Quantitative
Evaluations

To assess the quality of CPMK, we conduct both
qualitative and quantitative evaluations. The de-
tails of qualitative evaluations are in Appendix D.

4.1 Quantitative Evaluations

(1)We counted the number of entities in each
dataset, with the results presented in Table 2. To
our knowledge, CPMK is the first dataset to in-
tegrate text, vision, and audio modalities within
classical Chinese poetry. According to the table,
CPMK significantly exceeds prior research in the
number of entities. Large-scale datasets facilitate
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research and application development in classical
Chinese poetry.

Table 2: Modal entity statistics across datasets. Results
with * are inferred from their papers due to dataset un-
availability.

Corpus #Text #Vision | #Audio
CCPM[17] 136,090 - -
RPG*[10] 215,227 - -
VMIJUNV[33] 1,515,463 - -
ACP-Corpus*[20] | 2,159,920 - -
PKG[18] 1,115,143 | 96,049 -
Image2Poem*[19] 117,867 1,036 -
CPMK 6,834,825 | 211,467 | 82,679

(2)To evaluate the effectiveness of the pro-
posed prompt optimization and text-image align-
ment methods, we design a comparative evalua-
tion. The raw imagery meanings are optimized
using a heuristic approach rather than prompt op-
timazation as prompts to generate new images,
which are then refined through our text-image
alignment method. The image generation part is
the same as that used in this paper. We record the
average token length of the text processed by the
heuristic methods and calculate the CLIPScore’ of
the generated images. The details of the heuristic
approach are shown in Appendix H.

Table 3: Average CLIPScore for semantic alignment.
Abbreviations —Heu: Heuristic; PO: Prompt Optimiza-
tion; Align: Our Proposed Method; Max: Maximum
score among all generated pairs.

Data CLIPScore | Total Num
Heu 0.912 752,172
Heu + Align 1.056 306,270
Heu + Align + Max 1.068 102,090
PO 1.022 407,160
PO + Align 1.136 319,419
PO + Align + Max 1.191 106,473

The results in Table 3 demonstrate that im-
ages processed by prompt optimization have a
higher CLIPScore compared to the heuristic ap-
proach. By simply reducing the number of im-
agery meaning-imagery image pairs from 407,160
to 319,419, text-image alignment significantly im-
proved CLIPScore, demonstrating its effective-
ness.  Notably, the final counts of imagery
meaning-imagery image pairs obtained through
the heuristic approach (102,090) and prompt opti-
mization (106,473) are very close. It suggests that

"In this paper, we calculate CLIPScore using the CN-
CLIP-1B model (Yang et al., 2022).

LLMs with visual capabilities can effectively de-
termine whether an imagery meaning is visually
representable, enhancing computational efficiency.
It also demonstrates that LLMs can rewrite text
prompts for image generation.

5 Downstream Task Validation

To validate the effectiveness of CPMK in down-
stream tasks, we conduct a preliminary experiment
on four downstream tasks. We conduct a poetry
theme classification task and a poetry question an-
swering task to validate the effectiveness of tex-
tual knowledge in CPMK. the poetry-image re-
trieval task is validated for visual knowledge. To
represent phonological knowledge, this paper uses
Pinyin as a textual proxy for audio during valida-
tion. This approach is validated through the rigid-
format poetry generation task. Since both poetry
question answering and poetry theme classifica-
tion adopt RAG techniques, without loss of gen-
erality, we introduce poetry question answering in
Appendix A.

5.1 Poetry Theme Classification

The Poetry Theme Classification task aims to cat-
egorize poems into the appropriate theme cate-
gories. We use the RAG technique to apply CPMK
and PKG in this task and evaluate their perfor-
mance using the TCCP® dataset. TCCP is a theme
classification dataset for Chinese classical poetry,
containing 3,247 poems across 9 categories. We
use poetry imagery as a query to retrieve rele-
vant imagery meanings from CPMK and PKG,
then combine this knowledge with the original
poem and input it into different models for poetry
theme classification. Given that poetry imagery in
CPMK has multiple meanings, we use an LLM to
select the appropriate one based on context. How-
ever, because PKG does not distinguish between
these meanings, all interpretations are directly in-
put into the model as retrieval knowledge. Details
are in Appendix B.

The results indicate that both CPMK and
PKG enhance the model’s classification capabil-
ity. However, CPMK demonstrates a more signif-
icant improvement, achieving state-of-the-art re-
sults. This suggests that when inputting the same
type of knowledge, CPMK provides both higher
accuracy and broader coverage than PKG.

8https ://github.com/shuizhonghaitong/classification_
GAT/tree/master/data
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Table 4: The performance of different LLMs with PKG
and CPMK.

Models Micro-F1 | Macro-F1
gemma?2:2B[32] 24.28 23.36
gemma2:2B + PKG[32] 26.75 22.07
gemma?2:2B + CPMK]32] 31.28 34.23
qwen2.5:3B[44] 39.51 42.63
qwen2.5:3B + PKG[44] 41.98 44.15
qwen2.5:3B + CPMK]44] 48.15 50.15
deepseek-r1:7B[6] 73.66 68.85
deepseek-r1:7B + PKGJ[6] 71.60 68.89
deepseek-r1:7B + CPMK]6] 75.72 69.90

5.2 Poetry-Image Retrieval

Existing retrieval models struggle with classical
Chinese poetry due to domain-specific knowledge
gaps and limited multimodal datasets. To address
this, we propose KPIR (Knowledge-enhanced
Poetry-Image Retrieval, Fig 3). Because the cur-
rent retrieval model establishes a correspondence
between modern Chinese and images, we lever-
age this by associating the encoding of the ancient
poetry with its MCT to bridge the semantic gap
between poem and image(Image < MCT <«
Ancient Poetry).

KPIR leverages expertise from CPMK, encom-
passing poetry imagery, imagery meaning, im-
agery image, and MCT. The architecture employs
three encoders: a frozen text encoder for MCT
(fmet) and imagery meaning (fin), a trainable
text encoder for ancient poetry (fq,) and poetry
imagery (fp;), and a frozen image encoder for
imagery image (f;). Knowledge injection is
achieved via Cross-Entropy Similarity Matching

(CESM), which aligns bimodal embedding distri-
butions by integrating similarity scores into a cross-
entropy framework.

Given a mini-batch containing N bimodal (X,
Y) pairs, where Y includes poetry knowledge
from CPMK (MCT, imagery meaning, imagery
image), based on either the ancient poetry or the
poetry imagery in X. We form representation pairs
{(fF, f]),yij} with labels y; ;: 1 for matching
pairs and O for non-matching ones. In a mini-batch,
the CESM loss from modality X to Y is:

exp(sim( f,f]y))
> iy exp(sim(f2, f7))

pivj:

N N
1
CESM(X,Y) :_NE > yi,j log(pi,;)
i=1 j=1

We applied the CESM in four stages: Lap2met =
CESM(fapa fmct): Lp'iZim = CESM(fp’La fzm)a
and Ly = CESM(fyi, fii) Liopi =
CESM( fii, fpi). Knowledge is injected through
MCT(Lp2met) and imagery meaning(Lpizim ). We
utilize L;;0p; and Ly;2;; to preserve the correspon-
dence between text and image. The final loss func-
tion is:

L = Lapamet + Lpizim + Lpizii + Liiopi

Dataset and Evaluation Metrics. We extract
30,000 pairs of ancient poetry and MCT from
CPMK as the training dataset, with all poetry
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Table 5: Performance of Different Models on the Poetry-Image Retrieval Task

PI-Manual PI-Generate

Models t2i i2t t2i i2t

R@3 | R@3 | R@5 | R@10 | R@20 | R@5 | R@10 | R@20
Taisu-0.2B[21] 0.714 | 0.700 | 0.167 | 0.217 | 0.260 | 0.290 | 0.340 | 0.375
AltClip-0.9B[5] 0.601 | 0.671 | 0.236 | 0.293 | 0.375 | 0.249 | 0.331 | 0418
R2D2-0.4B[41] 0.586 | 0.814 | 0.124 | 0.161 | 0.224 | 0.269 | 0.359 | 0.444
CN-CLIP-0.4B[43] | 0.686 | 0.771 | 0.179 | 0.236 | 0.323 | 0.282 | 0.365 | 0.452
KPIR-0.4B 0.914 | 0.857 | 0.404 | 0.507 | 0.602 | 0.348 | 0.445 | 0.546

imagery-related knowledge sourced from CPMK.
Due to the lack of existing datasets for poetry-
image retrieval tasks, we construct two datasets
for evaluation: 1) We manually collected 70 high-
quality pairs of ancient poetry and image (PI-
Manual) from the internet. 2) We generate 1000
images corresponding to ancient poetry using a
generative model (PI-Generate), with specific gen-
eration details provided in the appendix C.2. In
addition, we generated a validation set of 500 im-
ages from ancient poems, following the aforemen-
tioned methodology but using an alternative gen-
erative model. This study uses recall as the eval-
uation metric, counting the number of correct an-
swers within the retrieved set.

Main results. The experimental results on
poetry-image retrieval demonstrate that KPIR
achieves state-of-the-art performance across two
datasets. Our model, KPIR-0.4B initialized us-
ing the CN-CLIP(Yang et al., 2022) model, signifi-
cantly surpasses previous methods. To explore the
role of each component in CPMK and the effective-
ness of the KPIR framework, we conducted addi-
tional experiments in Appendix C.

5.3 Rigid-Formats Poetry Generation

Rigid-Formats Poetry Generation involves creat-
ing poems that adhere to rigid rhythmic formats.
However, the scarcity of audio knowledge for an-
cient Chinese poetry limits the development of
prosody research. To evaluate current resources,
we test three popular Pinyin conversion tools on
the CPMK dataset (containing 50,769 Pinyin char-
acters). The coverage results are summarized in
Table 6.

Due to CPMK’s rich audio knowledge, we
can easily expand the training set for the Rigid-
Formats Poetry Generation task in (Li et al., 2020),
thereby enhancing the model’s rhythm perception.
We supplement the original 19,244 training entries

Table 6: Coverage of Pinyin conversion tools on the
CPMK dataset.

Tool Count | Coverage (%)
Pypinyin[25] | 37,684 74.22
Pinyin[24] 26,227 51.66
Xpinyin[23] | 25,368 49.97

with an additional 20,000 ancient poems annotated
with pinyin and evaluated on their test set. The
results are shown in Table 7. The results indicate
that augmenting the training data with CPMK’s au-
dio knowledge improves the model’s performance,
demonstrating the effectiveness of CPMK’s phono-
logical knowledge.

Table 7: Performance comparison between SongNet
and SongNet-Aug.

Category Metric SongNet  SongNet-Aug
Format 1 MA-F1 99.16 99.84
MI-F1 99.17 99.82
MA-F1 81.66 84.41
Rhyme T vipg 81.19 83.55
MA-D-1 79.70 80.67
Diversity MI-D-1 3.50 3.75
VeSIY T MA-D2 97.60 98.15
MI-D-2 40.00 40.81

6 Conclusion

This paper proposes a method for constructing an
MM-KG for classical Chinese poetry, integrating
textual, visual, and auditory modalities. By intro-
ducing knowledge augmentation, we ensure tex-
tual data completeness. We enhance the corre-
lation between text and images through prompt
optimization and text-image alignment. Qualita-
tive evaluation, quantitative evaluation, and down-
stream tasks evaluation validate the quality and ef-
fectiveness of CPMK.
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7 Limitation

While this study makes strides in alleviating the
data scarcity challenges associated with construct-
ing MM-KGs for classical Chinese poetry, several
limitations persist.

(1) Due to constraints in human labor and
computational power, constructing a large-scale,
ground-truth image dataset comparable to Ima-
geNet remains currently infeasible. Consequently,
we rely on synthetic data, though we acknowledge
that such an image is inherently constrained by
the generative models’ internal representations and
parameter spaces. This may introduce a cascad-
ing bias—where generated content reflects model-
specific interpretations rather than the true essence
of the imagery—potentially limiting the general-
ization boundaries of multi-modal representations.
To mitigate these biases, we utilized the highest-
performing models available and invested substan-
tial computational resources, including a genera-
tion phase exceeding one month, to ensure optimal
representational accuracy.

(2)While the effectiveness of the audio modal-
ity is evidenced by improvements in phonetic
tools and data augmentation, a direct evaluation
of'its impact on TTS(Text-to-Speech) performance
or human perception remains a limitation of this
work. Nevertheless, the fine-grained, character-
level audio data in CPMK makes such a direction
highly feasible. This granularity is essential for
modeling continuous speech from discrete charac-
ters—a task that would be significantly more chal-
lenging without our dataset.

(3) The textual data primarily rely on open-
domain internet resources, which may lack the rig-
orous proofreading and authority found in official
classical archives. This is a pervasive challenge in
contemporary knowledge graph engineering that
may impact the absolute factual integrity of the
knowledge base.

(4) Although we have validated the effective-
ness of CPMK through four tasks, these bench-
marks remain relatively fundamental. Future re-
search will focus on designing more sophisticated
downstream applications to further explore the
high-level cognitive value of the CPMK.
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Appendices
A Poetry Question Answering Task

To validate the comprehensiveness of the data
in CPMK, we applied it to the poetry question
answering task. Following the traditional RAG
framework, we use regular expressions to extract
the author, title, and ancient poetry as keywords
from the original query. Like LightRAG(Guo
et al., 2024), we use keywords as query conditions
to retrieve related knowledge from CPMK. The re-
trieved knowledge is combined with the original
query and fed into the LLM to answer questions.
We evaluate five tasks related to classical po-
etry in WenMind(Cao et al., 2024), including Ba-
sic Q&A (T1), Ancient Poetry Translation (T2),
Sentiment Classification (T3), Ancient Poetry to
English (T4), and Poet Introduction (T5), total-
ing 1,310 questions. T1 involves questions about
basic knowledge of ancient poetry, such as iden-
tifying the title and author based on the content.
T2 is about translating ancient poetry into modern
Chinese. T3 deals with sentiment classification
of the poetry. T4 involves translating the poetry
into English. T5 provides an introduction to the
poet. Since the knowledge in PKG covers only
poetry imagery and cannot support most of the
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Table 8: The performance of different models, with * indicating results cited from original paper.

Models T | T2 | T3 | T4 | TS
ChatGLM3-6B*[§] 10.6 | 55.5 | 43.0 | 449 | 33.3
Ancient-Chat-7B*[27] 14.7 | 52.7 | 36.0 | 28.6 | 23.9
LLaMA3-Chinese-8B*[31] | 1.7 | 62.4 | 42.5 | 52.3 | 23.4
Baichuan2-13B-Chat*[42] | 20.1 | 66.9 | 43.0 | 51.3 | 55.4
Ziya-LLaMA-13B*[13] 6.4 | 575|405 | 40.2 | 31.6
Qwenl.5-32B-Chat*[2] 32.0 | 67.9 | 64.0 | 54.7 | 58.1
Yi-1.5-34B-Chat*[46] 30.5 | 69.0 | 53.5 | 54.2 | 64.6
ChatGPT-4[1] 23.6 | 759 | 61.3 | 66.3 | 44.1
ChatGPT-4-RAG 73.4 | 75.8 | 64.3 | 71.2 | 65.9

tasks mentioned above, this study uses only CPMK
for the experiments. We conduct experiments on
ChatGPT-4 using the same model-scoring metric
as WenMind. In this paper, the LLM used is kept at
default settings without any additional adjustments
to the model’s temperature or context length, un-
less specifically emphasized otherwise.

As shown in Table 8, our ChatGPT-4-RAG
demonstrates strong performance across most
tasks, thanks to the high-quality CPMK, which en-
hances the model’s understanding of ancient po-
etry. However, its performance on T2 is inferior to
ChatGPT-4’s, likely due to overlap between Wen-
Mind’s internet-based dataset and the extensive
datasets used to train current LLMs. We think the
results are sufficient to illustrate that the CPMK en-
compasses a broad range of knowledge. This study
employed a simple RAG framework without task-
specific adjustments and still achieved significant
performance improvements across most tasks. The
experimental results demonstrate that CPMK is of
high quality and can provide the model with better
knowledge related to classical Chinese poetry.

B Details of Poetry Theme Classification
Task

B.1 Implement Details

For the TCCP dataset, we split it into training,
validation, and test sets at 7:2:1. Its theme is di-
vided into nine categories: homesickness, chant-
ing things, landscape, missing someone, meditat-
ing on the history, pastoral, frontier war, boudoir
resentment, and farewell. To enhance the model’s
ability to comprehend and analyze problems, we
ask it not only to answer questions but also to pro-
vide explanations for its answers. Given that the
TCCP dataset contains nine categories, we provide
one learning example per category, leveraging few-

shot learning to improve the model’s performance.
The instruction to LLM with RAG is

You are an expert in Chinese classical poetry.
The user will provide a series of questions related
to themes of classical poems. Your answer cate-
gories should be within [ “homesickness”, “chant-
ing things”, “landscape”, “missing someone”,
“meditating on the history”, “pastoral”, ‘'fron-
tier war”, “boudoir resentment”, and ‘‘farewell”’].
The answer should only include the category and
an explanation for your choice. For example, re-
spond in the format: {“Answer”:
sentment”, “Explanation”: “This poem expresses
longing for a loved one far away, which is typical
of the “boudoir resentment” category.”}

“boudoir re-

The instruction is followed by nine learning ex-
amples, each corresponding to one of the nine cat-
egories. To establish a standard evaluation, we use
ChatGPT-4 to generate explanations for few-shot
learning. To investigate how differences in im-
agery knowledge between CPMK and PKG affect
poetry theme classification, our prompts specifi-
cally instruct the LLM to analyze the relationship
between poetry imagery, imagery meaning, and
the theme classification results. The instruction to
ChatGPT-4 is

As an expert in Classical Chinese poetry, you
need to analyze the poetry theme classification
problem provided by the user, along with the clas-
sification result. By considering the relevant po-
etry imagery and imagery meaning in the poem,
explain why the poem fits the given theme and sum-
marize the final result in a single paragraph.

B.2 Case Study

We present case studies for both CPMK and PKG
using DeepSeek-R1:7B in Figures 4 and 5. Small-
scale LLMs (2B, 3B, and 7B) are selected for

14657



Role:User
Content:
{“HHAMEZ BUKE

DeepSeek Response
{"Answer" : "If ",

I'content: fRR—NHEHAFHER, BABRE-FIEFIANLERE, ROBERFIFIZE RS, &', BE
Py, e, CEE WK, B RAT IR, BRREROERFFBRBEAMTA, HIML{"Answer" "B,
| "explanation": "XEFHRATIMIEFTFANBELE, BTERLSFR. ARG, J

"
e o o e e e o mm  w mm e e e e -

HHAFTE BE/N\+—, WBEKK. FHEERR, #LFKH,
HPBENRREXFERTHAFNE. T—HNRBAEXETA—BKANERAXZER. THNERAXZ2TE.
BRABREXZEH; B, BUNERAXZLE. ALREHE. }

"explanation": "R EHBEHEE UMNRR, 5IANHLNBEMENZ. BEN+—BEFENEMN, BTrIEFEEL
GRS, B P A KR RAER BRPERE, BREEREEE. THERR RATHF IR E MRS, Ml
KPP UL T HELBTFALIRRER, BEEEHNHLTEINEN. A, XEFBTHREEFR.

Figure 4: Case study of DeepSeek-R1:7B classification using CPMK.
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Figure 5: Case study of DeepSeek-R1:7B classification using PKG.

theme classification, as their relatively lower noise
robustness should theoretically highlight the qual-
ity disparities between the two methods. Interest-
ingly, we observed that these smaller models still
possess a surprising capacity to extract meaningful
insights from irrelevant text, which narrows the ob-
served performance gap. Nonetheless, CPMK con-
sistently delivers more precise imagery knowledge,
thereby facilitating a more accurate understanding
of poetry themes.

C Details of Poetry-Image Retrieval Task

C.1 Implement Details

KPIR is initialized using the CN-CLIP (Yang et al.,
2022) model. We evaluate the performance of
the baseline CN-CLIP and our KPIR across three
scales, including 0.1B, 0.4B, and 1B parameter ver-
sions(in Figure 9:Comparison Across Different Pa-
rameter Sizes).

We use the Adam optimizer (Kingma, 2014)
with a weight decay rate of 0.01 and a learning
rate of 2e-5. The random seed is set to 123. The
batch size is set to 128. Since our CESM model
involves mini-batch comparisons, we shuftle the
training set at the end of each epoch. Our exper-
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As an expert in Chinese classical poetry, please help me extract scene and emotion description N
from the translation and appreciation of Chinese classical poetry to use as prompts for image
generation.
Input: {"translation":"Translation of the poetry",

"appreciation":"Appreciation of the poetry"}
Output: {"scene_description":"Scene description from the poetry",

"emotion_ description ":"Emotion description from the poetry"}
Requirements:
1. The scene and emotion description should be concise and clear.
2. The scene and emotion should be suitable as prompts for image generation models.
Example:

Input: {"translation":" [ i LAk, ANZAGR—I0! i ge B E, JEE T BT,
GE 4 EZA

"appreciation”:"SL I . PRI S, DUSERE S mUTHE TR ER T REAMIR
WA ANE R ARSI, R T e N AR 57 B S IR AR VA 52 ks 4, ah
TRBUN EE 2 Ay T RO TSk A )

Output: {

"scene_ description ":"{EZUIAY, AR Ay FANAE, D7 SR AT b ) S R
“emotion_ description " : "MCH- I A ) 0% E U, AR P E R RS AR, ) J

Figure 6: Instructions for generating emotion description and scene description.

iments are conducted on an RTX 5090 GPU with
32 GB of memory.

C.2 PI-Generate dataset Construction

We detail the process for using LLMs to generate
the poetry-image retrieval dataset(PI-Generate).
Given the critical role of emotion in ancient poetry,
we distinguish between scene and emotion descrip-
tions to ensure the generated images accurately
reflect the poems’ intended meanings. Specifi-
cally, this study retrieves modern Chinese trans-
lations and poetry appreciations of ancient poetry
from CPMK. These texts are then refined using
ChatGPT-4 (Achiam et al., 2023), which generates
tailored prompts that encapsulate both scene and
emotion descriptions for image generation. To mit-
igate potential biases introduced by a single model
architecture, we employed distinct generative mod-
els for the validation and test sets. The validation
set consists of 500 poem-image pairs generated via
DALL -+ E 3 (Betker et al., 2023), while the test set
comprises 1,000 pairs generated using Nano Ba-
nana Pro (Zuo et al., 2025). The detailed instruc-
tions for extracting scene and emotion descriptions
are illustrated in Figure 6.

The scene and emotion descriptions are
combined to form the final prompt for image gen-
eration, following the instruction provided below:
{ “scene_description”:
“emotion_description”: “emotion_description”}

[ . . »”
scene_description”,

C.3 Poetry-Image Retrieval Task Ablation
Study

We conduct an ablation study on KPIR-0.1B to
demonstrate the impact of each loss function on the
poetry-image retrieval task. The experimental re-
sults are shown in Table 9: Ablation Study on Loss
Functions. Without loss of generality, we con-
duct ablation experiments on the CN-CLIP-0.1B
model.

The results indicate that incorporating both
global knowledge of poetry translation and lo-
cal knowledge of poetry imagery significantly im-
proves the model’s performance, particularly en-
hancing its ability to retrieve text from images
while maintaining its poetry-image retrieval capa-
bility as much as possible. Even when trained
solely on text, the model’s performance also im-
proves. We attribute this improvement to preserv-
ing text-image correspondence in CN-CLIP dur-
ing fine-tuning, as well as to our focus on fine-
tuning the textual side, which correctly outputs po-
etry embeddings. Additionally, £,;2;, plays a cru-
cial role in the knowledge injection process. Given
the abundant presence of poetry imagery, aligning
it with its meaning enables the model to understand
poetry at a fine-grained level accurately.

C.4 Experiment on PKG

To investigate whether the superior performance
of the KPIR framework stems from its architec-
tural design or the high-quality knowledge within
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Table 9: Experimental results of KPIR on poetry retrieval: Ablation study, task-specific evaluation (PKG & MCT),
and model scaling comparison. Bold and underlined values denote the best and second-best performance.

PI-Manual PI-Generate
Method / Configurations t2i i2t €2i i2t
R@3 R@3 | R@5 R@I0 R@20 | R@5 R@I0O R@20
Lpizii Liizpi  Lpizim  Lapzmet \ Ablation Study on Loss Functions
v v 0914 0.728 | 0.333 0420 0.515 | 0.209 0300 0.379
v v v 0.857 0.743 | 0.319 0.410 0.511 | 0.214 0.283 0.387
v v v 0.914 0.743 | 0.327 0442 0.525 | 0.211 0.287  0.391
v v v 0914 0.743 | 0.322 0.433 0.537 | 0.213  0.301 0.391
v v v 0.786 0.814 | 0.257 0336 0433 | 0.232 0302  0.403
v v v v 0.886 0.771 | 0.328 0.414  0.510 | 0.240 0324  0.441
Lpizii Liizpi Lpizim  Lap2met ‘ Experiment on PKG( MCT is from CPMK)
v v v 0.686 0.743 | 0.193 0.273 0.357 | 0.201 0.252  0.327
v v 0.823 0.700 | 0.315 0.403 0.495 | 0.203 0.290  0.376
v v v v 0.786 0.757 | 0.260 0357 0.449 | 0.216 0.289  0.370
MCT-retrieval Task
CN-CLIP-0.1B [43] 0.871 0.900 | 0.300 0.381 0.465 | 0.324 0.409  0.505
CN-CLIP-0.4B [43] 0.886 0.886 | 0.328 0.400 0.494 | 0.377 0454 0.541
CN-CLIP-1B [43] 0.857 0.900 | 0.330 0.403 0.491 | 0.374 0.463 0.550
Comparison Across Different Parameter Sizes
CN-CLIP-0.1B [43] 0.714 0.729 | 0.171  0.233 0.298 | 0.216 0.282  0.387
CN-CLIP-0.4B [43] 0.686 0.771 | 0.179 0236  0.323 | 0.282 0.365 0.452
CN-CLIP-1B [43] 0.743 0.714 | 0.201 0.268 0.339 | 0.279 0.347  0.429
Investigation of Single Point of Failure
KPIR-0.1B_typel 0.826 0.714 | 0.316 0389 0482 | 0.218 0.303 0.388
KPIR-0.1B_type2 0.771 0.828 | 0.249 0327 0.430 | 0.233  0.309 0.430
KPIR-0.1B (Ours) 0.886 0.771 | 0.328 0414 0510 | 0.240 0324 0.441
KPIR-0.4B (Ours) 0.914 0.857 | 0.404 0.507 0.602 | 0.348 0.445 0.546
KPIR-1B (Ours) 0.928 0.900 | 0.435 0.531 0.627 | 0.356 0.460  0.573

CPMK, we conduct comparative experiments us-
ing the PKG. All experiments are initialized with
CN-CLIP-0.1B, and the results are presented in Ta-
ble 9: Experiment on PKG. Since PKG only con-
tains poetry imagery, imagery meanings, and im-
agery images, it lacks the modern Chinese trans-
lation component—a core element of the KPIR
framework. To ensure a fair comparison, we sup-
plement PKG with translation knowledge from
CPMK. For imagery images, due to server con-
straints and link decay among the 96,049 URLs,
we successfully crawled 46,914 valid images.

Results show that:(1) Even when integrated
with PKG knowledge, the model outperforms the
CN-CLIP-0.1B, validating the effectiveness of the
KPIR framework in multi-modal knowledge inte-
gration. (2) Under identical experimental settings,
the performance using CPMK imagery knowledge
consistently exceeds that of PKG. Even when sup-
plemented with the same translation knowledge,
the PKG-based variant still underperforms com-
pared to the CPMK ablation results. This confirms

that the CPMK knowledge offers superior seman-
tic quality and better alignment for poetry retrieval.

C.5 Modern Chinese Translation-Image
Retrieval Task

The core objective of KPIR is to bridge the se-
mantic gap between ancient poetry and images by
leveraging Modern Chinese Translation (MCT) as
apivot. To validate the effectiveness of this knowl-
edge injection framework, we conduct a compar-
ative experiment between KPIR’ s poetry-image
retrieval and CN-CLIP’ s direct MCT-image re-
trieval. Specifically, we use modern translations of
the poems as queries to perform bidirectional im-
age retrieval using the base CN-CLIP model. The
experimental results, as shown in Table 9:MCT-
retrieval Task, reveal several key insights On the
PI-Manual dataset, KPIR’ s poetry-image retrieval
performance is superior to CN-CLIP” s MCT-
image retrieval. On the PI-Generate dataset: KPIR
outperforms MCT-based retrieval in the Poetry-to-
Image task, while in the Image-to-Poetry task, it
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achieves comparable (though slightly lower) per-
formance. These findings are particularly coun-
terintuitive. Given that CN-CLIP is pre-trained
on massive contemporary Chinese datasets, one
would reasonably expect its performance on the
MCT-image retrieval task to serve as a perfor-
mance upper bound for KPIR. However, the fact
that KPIR—using ancient poetry—can match or
even surpass the performance of CN-CLIP using
modern text indicates that its success is not solely
reliant on MCT. Instead, it stems from the synergis-
tic integration of both MCT and imagery-related
knowledge, thereby confirming the rationality and
superior capability of our proposed KPIR frame-
work in complex cross-modal alignment.

C.6 Investigation of Single Point of Failure

Since KPIR utilizes Modern Chinese Translation
(MCT) to bridge the gap between poetry and im-
ages, this study evaluates the translation quality
to determine whether it constitutes a single point
of failure. Specifically, we employed an LLM to
rewrite the original MCTs of the 30,000 training
samples into two distinct variants:

Typel(Mechanical): Translates metaphors as
literal physical objects via character-by-character
mapping.

Type2 (Unconstrained): Provides translations
using an expert-persona prompt.

By comparing these two variants, we aim to
quantify the model’s sensitivity to the quality of
semantic bridging and its robustness against po-
tential translation inaccuracies. Both translation
variants were generated using Qwen2.5-7B. We ac-
knowledge that the overall translation quality is
constrained by the model’s mid-range parameter
scale and its limited domain-specific expertise in
classical Chinese poetry. Notably, the quality of
Typel was further suppressed by our intentional
requirement for mechanical rigidity. To quantify
this, we measured the semantic similarity between
the generated translations and the ground truth us-
ing BGE-M3 embeddings. The cosine similarity
scores for Typel and Type2 were 0.712 and 0.740,
respectively. These relatively moderate scores re-
flect a realistic ’sub-optimal’ translation scenario,
allowing us to rigorously evaluate how the KPIR
performs when the semantic bridge is imperfect.

The prompt of Typel:

Act as a “Mechanical Literal Translator.” Your
sole objective is to translate Classical Chinese po-
etry into Modern Chinese by replacing each char-

acter with its most basic, primary dictionary defi-
nition.

Requirements:

1. Treat each Chinese character as an independent
unit and translate it with its most fundamental Chi-
nese equivalent.

2. Translate allusions and metaphors as literal
physical objects. For example, “4 %"~ must be
translated as “4& 115, not ki Ak
¥ must be translated as “4L L) .
“Please output the result strictly in JSON format:
{ “translation”: “mechanical literal Translation
result here”}”

The prompt of Type2:

You are an expert in classical Chinese poetry.
Your task is to translate Classical Chinese poetry
into Modern Chinese.

“Please output the result strictly in JSON format:
{ “translation”: “Modern Chinese Translation”}”

Despite the suboptimal quality of MCTs, KPIR
still achieves performance gains. This resilience
is primarily attributed to our dual-stream knowl-
edge injection strategy, which combines Global
(MCT) and Local (Imagery) knowledge. Specif-
ically, while global translations may contain se-
mantic biases, the granular, local poetry imagery-
related knowledge acts as a corrective anchor, en-
abling the model to grasp the poem’s meaning even
when the MCT is inaccurate.

This synergy effectively mitigates the error
propagation from flawed translations, validating
the architectural rationality of the KPIR frame-
work and the quality of the CPMK dataset. Ulti-
mately, the integration of global and local perspec-
tives ensures that the KPIR is not reliant on a single
point of failure (MCT), but rather benefits from a
robust, multi-level semantic understanding.

C.7 Cross-Style Generalization Analysis

While our dataset primarily consists of synthetic
imagery generated via diffusion models, a poten-
tial concern is whether the model overfits to gen-
erative styles at the expense of real-world or tra-
ditional artistic styles. We conducted an Out-Of-
Distribution (OOD) experiment using a manually
curated test set of 106 pairs of ink paintings by
Feng Zikai. We provide an example of the test set
in Figure 8. Feng Zikai is a preeminent Chinese
artist known for a minimalist and lyrical style that
differs significantly from the textures produced by
modern diffusion models. As shown in Table 10,
although the model selection for KPIR-0.4B was
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Query Image Retrieved Poetry

AP: % (guan) & (xinhuang)#k (ba) &
(yu) #(qing)
:> Literally Meaning: , wind instrument

and new bamboo plucking green Jade.
Translation: New bamboos grow up like
green jade.

Query Poetry Retrieved Image
AP: (xihu) =,
ZE(lv) T 4.
Literally Meaning: As arrived, someone
poured green dye into West Lake, turning its ::>
green.

Translation:Spring arrives, bringing vibrant scenery
To West Lake,with waters greener than any dye.

PI T HrE
Bamboo wind Newly sprouted
™ instruments such as | bamboo; also refers to Green
the xi 1 the fl

>- |_new ba

AP: Stz B
Translation: A square inch of jade may have flaws.
(a)

PI FIK

™ N ke Spring river

AP: WL .
Translation: Once picked mulberries by the green waters

(b)

Figure 7: Two case studies of KPIR in the poetry-image retrieval task.
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ARFZERR, BGSERSE
Floating clouds cannot block my distant
view, for I am standing on the highest peak.

Figure 8: An example of the OOD test set.

initially performed using a synthetic validation set,
it still achieved performance gains in T2I tasks. To
further isolate the impact of distributional bias, we
evaluated the best-performing checkpoint directly
on the OOD test set (denoted as Optimal). The sig-
nificant performance improvement in this setting
confirms that the model’s gains stem from its abil-
ity to map poetry imagery to core semantic con-
cepts rather than a superficial reliance on gener-
ative styles, demonstrating robust generalization
across disparate visual domains.

Table 10: OOD evaluation results.

Model T2IR@3 12TR@3
Alt-CLIP-0.9B [5] 0.37 0.23
TaiSu-0.2B [21] 0.29 0.17
R2D2-0.4B [41] 0.24 0.27
CN-CLIP-0.4B [43] 0.57 0.38
KPIR-0.4B 0.62 0.37
KPIR-0.4B-Optimal 0.65 0.48

C.8 Poetry-Image Retrieval Case Study

Figure 7 presents two case studies for the poetry-
image retrieval task. In these cases, a signifi-
cant discrepancy exists between the literal mean-
ing and the poetry translation, posing a challenge
to the model’s retrieval abilities. KPIR overcomes
this challenge by leveraging both poetry imagery-
related and MCT knowledge to achieve a more
accurate understanding of the ancient poetry. In
the figure, areas associated with poetry imagery-
related knowledge are highlighted with yellow
solid lines, while those related to MCT-knowledge
are marked with brown dashed lines.

For example, as shown in Figure 7 (a), poetry
imagery-related knowledge such as Di(#f) and
Guan(%) is often translated as flute or other mu-
sical instruments in Modern Chinese. However, in
the context of ancient poetry, they are more liter-
ally associated with bamboo. poetry imagery like
XinHuang(#7 &) are rarely used in contemporary
language. These linguistic factors increase the dif-
ficulty of comprehending ancient poetry. By learn-
ing poetry imagery-related knowledge, KPIR over-
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comes these challenges and correctly interprets the
meaning. In Figure 7 (b), MCT knowledge pro-
vides a crucial semantic supplement for the poetry
imagery-related knowledge. Although the water
corresponding to XiHu(7 #) and ChunShui(#
7K) is blue, the MCT knowledge introduces the
concept of “green water” through poetry transla-
tion, thereby deepening the model’s understanding
of the ancient poetry.

D Qualitative Evaluation of Imagery
Meaning-Imagery Image Pairs

D.1 Questionnaire Design and Evaluation
Process

In the qualitative evaluation, we designed a ques-
tionnaire to evaluate two aspects: the relevance be-
tween imagery meaning and imagery image, and
whether imagery meaning is reasonably split on
CPMK and PKG. The relevance and coverage
scores are used, both ranging from 0 to 5.

Relevance Score: This metric evaluates the
connection between the imagery meaning and im-
agery image, factoring in the imagery image’s qual-
ity. Full points are given if the imagery image cap-
tures any essential meaning of the imagery mean-
ing, with deductions for discrepancies. If there are
two meanings and one is perfectly captured, full
points 5 are awarded.

Coverage Score: Ranging from 0 to the rele-
vance score of the current image, this metric mea-
sures the image’s coverage of imagery meaning.
Full score indicates complete coverage, while par-
tial coverage results in proportional deductions. If
one of two meanings is perfectly captured, a score
of 2.5 is given.

The relevance score minus the coverage score
can help determine whether the segmentation of
the imagery meaning is reasonable. We invited
five university students knowledgeable about clas-
sical Chinese poetry to evaluate 500 imagery
meaning-imagery image pairs randomly selected
from each dataset, totaling 1000 pairs.

As shown in Figure 9, CPMK significantly out-
performs PKG in both relevance and coverage
scores, with a smaller gap between the two com-
pared to CPMK, indicating that CPMK achieves
more reasonable image segmentation. Addition-
ally, the CLIPScore between imagery meaning and
imagery image further validates the higher similar-
ity in CPMK. We provide a questionnaire example
in Appendix D.2.

Evaluation results of PKG and CPMK

5
PKG
CPMK

4.024 4.002

2.296
2 1.848

1.204
14 0.889

0.448

0.022

1 1 ' 1
gimitarty 57 erage 5O cap cup score

Figure 9: The evaluation results of imagery meaning-
imagery image for PKG and CPMK. Gap represents the
Similarity Score minus the Coverage Score.

D.2 Questionnaire Example

We provide a questionnaire example in Figure 10,
illustrating the poetry imagery QuShu(%E i) re-
lated knowledge in CPMK and PKG. In PKG, dif-
ferent meanings are distinguished by different col-
ors, and grey indicates areas representing the ori-
gin of imagery meaning, which are treated as tex-
tual noise. Due to the influence of textual noise
and improper segmentation of imagery meaning,
the text-image correspondence in PKG is weak.
The image barely reflects carpet, resulting in a rel-
evance score of 2. Therefore, the coverage score
for this text-image pair ranges from 0 to the rele-
vance score (2), but it does not effectively convey
the intended meaning of the stage, resulting in a
compromised coverage score of 1. In CPMK, the
correlation between imagery meaning and imagery
image is high, with both relevance and coverage
scores of 4.5 for imagery meaning-imagery image
pairs.

the stage

1 l
¢
§
%
Ak

Figure 10: An example poetry imagery QuShu in the
questionnaire.
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D.3 Questionnaire Guidance

This section outlines the instructions provided to
participants for evaluating the quality of knowl-
edge graphs in our questionnaire. We provide
guidelines for assessing two types of scores: simi-
larity score and coverage score. As illustrated in
Figure 14, we instruct participants to assign the
highest similarity score (ranging from 0 to 5) if
an image fully matches either the surface meaning
(physical description) or the deep meaning (emo-
tional significance) of any given meaning. Partial
matches require point deductions based on the de-
gree of alignment. Figure 14 explains the scor-
ing for coverage, where the similarity score is con-
strained to fall within the range of 0 to the rele-
vance score assigned to the image. If the image
only covers a subset of interpretations, deductions
are made proportionally depending on the number
and significance of the uncovered interpretations.
To ensure clarity, we provide three illustrative ex-
amples for each type of score, addressing common
scenarios.

E Generative Model Selection

In this section, we discuss the selection of the im-
age generation model and prompt settings. We
chose the Taiyi-1B model (Zhang et al., 2022) for
its balance of quality and efficiency. As shown in
Table 11, Taiyi-1B performs comparably to larger
models while offering faster inference due to its
smaller parameter size. However, due to compu-
tational overhead, the entire image generation pro-
cess required approximately one month of process-
ing time on an NVIDIA RTX 4090 (24GB) GPU.

Table 11: Comparison of different models in
Chinese(COCO-CN) datasets. Data is cited from (Wu
et al., 2024)

Models CLIPSim(7) | FID(}) | IS(D)
Taiyi-1B[49] 0.197 69.226 | 21.060
Alt-1.5B[45] 0.220 68.488 | 22.126
Pai-1B[35] 0.196 72.572 | 19.145
Taiyi-3.5B[40] 0.225 67.675 | 22.965

The text prompts were primarily set based on
the model’s recommendations. To generate real-
istic images reflecting common real-world scenes,
we included the word “realistic(Fl35)” in positive
prompts. However, as the model often generated
anime-style images, we added “anime(%]2)” to
steer it toward the desired output. The final pos-
itive prompt words are “{}, ¥ 5L ” where the

imagery meaning is inserted into the {} position,
while the negative prompt words are “/ &, , , !,
o y1 , BUI, BN, JKED, Bhig .

F Knowledge Augmentation

In this section, we detail the process of merging
relevant data. First, ancient poetry is mapped to
hash values to identify duplicates by comparing
these hashes. Next, ancient poems are segmented
by punctuation marks(; . ! ? ), and similar ancient
poems are merged based on the number of match-
ing text segments. Duplicate or similar ancient po-
ems are merged, and their associated knowledge is
integrated. This process is carried out according to
Algorithm 1.

Algorithm 1 Similarity Matching for the ancient
poetry
Input: Raw databases {D;} , num of databases
l.
Output: Deduplicated databases D’.
P+ Ui:l Extract ancient poetrys from D;.
D'+ U§:1 data from D;.
for each pair (Ps, P;) € P x P where P, # P,
and |P)| > |Ps| do
Ny < number of sentence segments in Ps
N; < number of sentence segments in P
C + number of identical sentence blocks be-
tween P and P
if C' > % then
RK = GetRelevantKnowledge(F;)
D'[l] + D'[lJU{RKs}
Delete(D'[s])
end if
end for

G Prompt Optimization for imagery
meaning

We introduce the instructions about prompt op-
timization for imagery image generation, which
is shown in Figure 11. We use DeepSeek-
Chat(DeepSeek-Al et al., 2025) for processing raw
imagery meanings.

H Heuristic Approach

This section introduces the heuristic approaches
used to process raw imagery. The primary ob-
jective is to separate distinct meanings associated
with the same poetry imagery, eliminate textual
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ﬁnput consists of keywords from classical Chinese poetry and their explanations. Each explanation may include\
multiple meanings as well as information about the poem's source.
Input format: Keyword&&Explanation
Task:
1. Data Cleaning:
- Identify and extract the main meaning from the explanation.
- Extract the poem's source, background explanation, and other related information as " Supplementary
Knowledge". This information should retain its original format.
2. Determine if each main meaning has visual characteristics.
- Visual characteristics refer to elements that can be visualized, such as natural landscapes, animals, plants,

specific scenes, etc.

description no longer than 20 words.
image generation.

description" empty.

Return format should be as follows:
Keyword:[

"Visual Information": false, "Visual Description": ""},]
Example:

Output: |

"Visual Information": false, "Visual Description": ""}]

3. If a main meaning has visual characteristics, set " Visual Information " to true and generate a visual
- The visual description should include details such as shape, color, action, background, etc., suitable for

4. If a main meaning does not have visual characteristics, set "visual information" to false and leave "visual

{"Meaning": "Extracted main meaning 1", "Supplementary Knowledge": "Related background or source 1",
"Visual Information™: true, "Visual Description": "Detailed visual description"},
{"Meaning": "Extracted main meaning 2", "Supplementary Knowledge": "Related background or source 2",

Input: KIK&& LT (HF) MRIKLUE, BUK . "BREE &R MR KIEE, A Fimbt. SCRIR
DA, DIt "HRAS R aE B Ll e Bt e HI SRR PR T A R B B 2 A

{"Meaning": "5% 3 B K 88 & 2 44", "Supplementary Knowledge": "ifi i ( Z3I) "RIKLLE, PLK T,
MRS E R MR K IETE, BN R SCURIR AR, PlT . BRAS TR ORI e B,

%

Figure 11: Instructions for processing raw imagery meanings.

noise in poetry imagery, and retain valuable infor-
mation from it as supplementary knowledge. Be-
cause raw imagery can have multiple meanings
across various formats, it is challenging to develop
heuristic rules that can be universally applied to
split meanings. As a result, we split imagery mean-
ings based on the structure of the crawled data. Re-
garding textual noise, the data we gathered con-
tains a large amount of noise. We use regular ex-
pressions to remove as much as possible. Regard-
ing supplementary knowledge, we find that a sig-
nificant amount is marked by ( () ) (book title).
However, due to the large volume of similar infor-
mation, it is difficult to fully represent them with
regular expressions alone. Here are three regular
expression examples:

(D) IBAR (*2) 2. «*x9”

(2) FiRE:*2.

(3) €.*2): *27

I Ontology Graph

We present the ontology graph in Figure 12, which
classifies concepts into key concepts and attributes
based on their significance.

J Pipeline of the method for constructing
MM-KG of classical Chinese poetry

Figure 13 depicts the proposed methodology for
constructing the classical Chinese poetry MM-
KG. The pipeline distinguishes between different
modalities through color coding: red, green, and
blue represent textual, visual, and audio data, re-
spectively. Grey-shaded blocks delineate the sys-
tematic stages of knowledge processing and graph
synthesis.

K Examples of CPMK

In this section, we provide examples of the CPMK.

K.1 Example of poetry imagery and
Character Related Knowledge in CPMK

In Figure 15, we present an example of poetry im-
agery and character-related Knowledge in CPMK.
For poetry imagery (¥f %), we provide its im-
agery meaning, Supplementary Information, and
imagery image. For the character (££), we provide
its Pinyin, ZhuYin, Stroke Count, and Explanation.
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Figure 13: Poetry MM-KG Construction Pipeline

of knowledge augmentation, we provide a compre-
hensive representation of the knowledge related to
these poems.

K.2 Example of Poetry-Related Knowledge
in CPMK

In Figure 16, we present an example of poetry-
related knowledge in CPMK. We integrate knowl-
edge from SouYun, GuShiWen, and GuoXueHui,
striving to present as complete a representation
of poetry-related knowledge as possible through
the consolidation of various databases. Notably,
the version of the classical Chinese poem obtained
from SouYun (P /5 J# 75 Wi AN Q) differs from
those found in GuShiWen and GuoXueHui (¥ /#
¥ A Wi ANE). By preserving these textual varia-
tions and their original sources, CPMK effectively
captures the philological richness and historical
evolution of classical works, which is often over-
looked in single-source datasets. Through the use
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K.3 Example of Author-Related Knowledge
in CPMK

In Figure 17, we present an example of author-
related knowledge in CPMK. This includes the
poet’s name(Z4* ), the historical era, a brief intro-
duction, and an image of the poet. Besides knowl-
edge from SouYun, we also integrate various data
sources from SouYun to provide a comprehensive
introduction to the authors.



HiEE BELYASEARENEE 285 TS RGN ARSI, BRLY
3= = BRI R, 7 ALLETT . SESXE
FHEL BBERS Word: Love Definition: fg;lﬁégugi%iifﬁy&tg> ESIRE (Ot

Word: Chicken Definition: Poultry  1.A deep affection for someone or something. . Word: Ride the Magpie Definition: Refers to the legend of
2.Easy to be prone to or inclined toward something the Cowherd and Weaver Girl.....reuniting on Qixi
Festival via a magpie bridge.

Figure 1 Figure 2 Figure 3

RS

MREAFSEENE— N BEARES X-MERRASRES X -85, WBLEEITED. 2MEH0~5
MENFERER XIS, WERBRAEMEINAREX, EAHERE2 RS BRAHEMREL 140
ERREAHELYNREEXEREAXITON, BEMBRHFATINERTTT AT

Similarity Score:

If an image matches either the surface meaning (physical description) or deeper meaning (emotional aspect) of a
word, it gets a full similarity score (0-5).

Examples:

*Image 1 matches the surface meaning —score: 5.

*Image 2 (e.g., a rose) fits the deeper meaning of Definition 1 but not Definition 2 ("easiness") —score: 4.
*Image 3 doesn’t match Qixi’'s surface or deeper meanings —score: 0.

«If barely relevant, score based on intuition.

BEMRY

BEMSSNITHER A0, HETEENEMESSD)

MRE F RS ZIZEEN A B LR T Ha RGBS, SUREESERERS

MENF AT BETSS BREAX MRS A4, BEEN(04),B A RHE—MEFEHREIT2S,

EI3E MBS A0 B E M /0.

Coverage Score:

The coverage score ranges from 0 to the current similarity score of the image. If the image covers all interpretations of
the word, it gets the full similarity score. Otherwise, points are deducted based on the degree of coverage.

Examples:

sImage 1 fully covers all interpretations —score: 5.

*Image 2, with a similarity score of 4, has a coverage range of (0, 4). Since it only satisfies one interpretation, the score
is halved to 2.

*Image 3, with a similarity score of 0, also gets a coverage score of 0.

Figure 14: Instructions for evaluating the Similarity Score and Coverage Score.
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iﬁj—@ "tag": "EHEE 1",
"align": true,

Poetry Imagery =
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Figure 15: An example of character-related knowledge and poetry imagery-related knowledge in CPMK.
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Figure 16: An example of poetry-related knowledge in CPMK
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“HE"EE (JOE—TH) , FRA, SEEEREL, X5 “@EN”,
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W) o JEARERIRIE T RN, BEAERN CERT , S5EEIRRRA
CEFT, ONT S RPN RS AR ONZRT XA, HESEA
AR CRZERT . M CGHETY ]38, FEAAMNEEY (HRBEEE)
TN, 5ZFFEE LR HARBEKRT, BREERE, S8k EAERZ
AR, A (RAE) L, e Z BN S, RRIER /
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N[ (RAERA Y, CRESEEEE L), (BERES By, (TERERIR L, {
ZEFAIR L, PR LY, (AR LM,

"SRR R

b
FHAh A
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(EERRE AW A (701—762) A FAE, SEEEL, A SUKIEAL. W, FEE
PR (S HRE TR , SeFEr, SEMRQERAMNERE (SIIIHE) HES. ...,
(AT AT RE. REFILIN. SRR, By, REERRN. KT
kg, WAEE TS, BRASK. WX E. BH—5. BEEk. et R,
I

Figure 17: An example of author-related knowledge in CPMK
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