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Abstract: Existing approaches to the automatic annotation of classical Chinese poetry often
fail to generate precise source citations and depend heavily on manual segmentation, lim-
iting their scalability and accuracy. To address these shortcomings, we propose a novel
paradigm that integrates dictionary retrieval with retrieval-augmented large language
model enhancements for automatic poetic annotation. Our method leverages the contex-
tual understanding capabilities of large models to dynamically select appropriate lexical
senses and employs an automated segmentation technique to minimize reliance on man-
ual splitting. For poetic segments absent from standard dictionaries, the system retrieves
pertinent information from a domain-specific knowledge base and generates definitions
grounded in this auxiliary data, thereby substantially improving both annotation accu-
racy and coverage. The experimental results demonstrate that our approach outperforms
general-purpose large language models and pre-trained classical Chinese language models
on automatic annotation tasks; notably, it achieves a micro-averaged accuracy of 94.33% on
key semantic segments. By delivering more precise and comprehensive annotations, this
framework advances the computational analysis of classical Chinese poetry and offers sig-
nificant potential for intelligent teaching applications and digital humanities research.

Keywords: automatic annotation; knowledge base construction; large language model

MSC: 68T50

1. Introduction

Classical Chinese poetry represents a treasure of traditional Chinese culture, embody-
ing profound historical and cultural connotations as well as exquisite artistic techniques.
The deep philosophical reflections and aesthetic values embedded in these poems not only
constitute a vital subject for literary scholarship but also play a significant role in cultural
transmission and aesthetic education in contemporary society.

As shown in Figure 1a, due to the substantial linguistic divergence between classical
Chinese poetry and modern Chinese, poems frequently contain various semantic chunks,
such as allusions, metonymy, semantic shifts, and the names of official titles and institu-
tions [1]. The meanings of these chunks often cannot be interpreted literally, and some
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terms are no longer in use in contemporary Chinese. Consequently, modern readers often
face considerable challenges in reading and understanding classical poetry, which signifi-
cantly impedes its broader accessibility and cultural transmission [2,3].

A B EMNRIFIZ B EFERALEHRARE Remembering My Brother Sent to Anxi on the Winter Solstice, Regretting We
FIR Cannot Return Home Together”
At Jade Gate Pass, you drives forth in loyal might,
FRITIEL, FESE IR, While in the Laurel Court, your brother attend the Prince’ rite.
TEUR Sy 3, 22 1| PRt f Parted like birds on Mount Huan, you sigh in pain,

Responding to Dianshe-lang Qu’s “On Escort Duty to the Eastern Outskirts,

The Jiang s distant waters block your fish-borne lines again.

(a) Chunks in Classical Chinese Poetry (The italicized text represents the free translation corresponding to the original poem on the left. The
bolded text indicates the titles, and the text background colors correspond with the types of chunks.)

. “J& I (hu cong):  attendants of the emperor or officials .....
Semantic o xe s .. .
Shifts “FEEK” (baiqing): return home after a long absence to visit family ......
“B5 B> (péiyn): escort the emperor ......
Official titles & “Z P4~ (anx1) : the supreme military-administrative authority in the Western Regions ......
Institutions | 41’ (diéin shé ling): In the Tang dynasty, the Eastern Palace’s Dianshe Bureau handled logistics—bathing, cleanin setup.
“E?Q”(yu guan): Yumen Pass was one of the Han Great Wall’s frontier strongholds, established under Emperor Wu ......
Toponym % )11(jiang chuan): the Qishui River, located on the modern border between Qishan and Fufeng counties ......
%> (huan ling): also called Mount Huan, likely northeast of modern Tongshan County in Jiangsu ......

Peri(;n:l J “fili #.1°((qti diéin she): A Dianshe-lang official surnamed Qu, the author of the original poem to which this one responds ..... ]
“NpIY(chi yi): - A poetic allusion for serving the state fearlessly despite hardship, from the “Biography of Wang Zun” in the Book of Han
<pE IS I 73 32*(hudn ling jie fén yi): A poetic allusion to the “birds of Mount Huan,” conveying the sorrow of brothers parted,

Allusion from Kongzi Jiayu (Yan Hui).

2% )I| PR 45 1 (jiang chuan xian kui ya): A poetic allusion to the “carp bearing letters” motif from the ancient Yuefu poem
L “Watering Horses at the Long Wall Grotto.”
Imace “FEFE(gui yuan): A garden of osmanthus trees, later a metaphor for passing imperial exams (“plucking laurels”) and here referring to
27 the Forbidden Garden.

(b) Annotation of Chunks in Classical Chinese Poetry
Figure 1. Chunks and Annotation Examples in Classical Chinese Poetry.

As shown in Figure 1b, annotation (4i¥) refers to the practice of explicating the
key components of a poem in order to help readers grasp its content, emotional tone,
and cultural significance. Through annotation, readers can more accurately apprehend
the poem’s central theme while also delving into the meanings of annotated segments
and the deeper information they convey. Traditional annotations rely on philological
methods—examining character definitions, interpreting historical allusions, and analyz-
ing imagery —to guide readers toward an accurate understanding of poetic meaning. Nev-
ertheless, manual annotation is inherently inefficient and cannot scale to the vast corpus
of existing texts; moreover, it is difficult to ensure consistent quality across different an-
notators. With the rapid advancement of artificial intelligence techniques, research into
automated annotation of classical poetry has become an inevitable path for overcoming
the bottlenecks of traditional annotation.

Current approaches to automated annotation can be broadly divided into two categories:
dictionary-based methods and generative-language-model methods [4,5]. Dictionary-based
approaches can supply relatively accurate lexical explanations but cannot dynamically ad-
just sense selection according to context; they struggle with polysemous terms or context-
dependent vocabulary and are unable to define entries absent from the dictionary. For ex-

Za

ample, “FEK” (yu guan) has three distinct senses in the dictionary: “Yumen Pass”, “a poetic
epithet for a door latch”, and “a metonym referring to the palace gate”. However, existing
dictionary-based automatic annotation methods are unable to accurately disambiguate and

assign these specific senses. Conversely, methods based on generative language models can



Mathematics 2025, 13, 2023

30f19

produce flexible annotations, yet their performance hinges critically on the quality and diver-
sity of their training data, and they suffer from issues such as hallucinations and inconsis-
tent outputs [6]. Furthermore, generative language-model-based annotation approaches rely
on the manual input of chunks to be annotated and cannot automatically extract the chunks
shown in Figure 1b. The granularity of manually segmented chunks significantly impacts the
accuracy of generated annotations, rendering large-scale automatic annotation infeasible.

In response to these limitations, this study proposes an automated annotation paradigm
that combines dictionary definitions with retrieval-augmented generation [7]. Building on
the accuracy of dictionary-based explanations, this paradigm integrates the contextual under-
standing capabilities of large language models to dynamically select the appropriate sense of
a term according to its context, thereby addressing the shortcomings of traditional dictionary
annotation. Simultaneously, by employing automatic text-chunk segmentation techniques, it
eliminates the dependence on manual chunking. For segments not covered in existing dictio-
naries, the system retrieves relevant information from large-scale domain knowledge bases
and generates the optimal annotation. This method not only enhances annotation flexibility
and accuracy but also improves the handling of complex contexts, offering a more compre-
hensive and reliable solution for the automated annotation of classical Chinese poetry.

2. Related Work
2.1. Traditional Annotation Studies

Traditional annotation of classical Chinese poetry employs philological methods—such
as etymological analysis of characters, interpretation of historical allusions, and examination
of poetic imagery —to explicate and interpret ancient verse. Its primary aim is to assist readers
in accurately apprehending the poem’s surface meaning through a detailed analysis of lexi-
cal choices, syntactic structures, and cultural context, while also uncovering deeper cultural
connotations and aesthetic value. Such annotations typically rely on documentary research,
historical records, and linguistic expertise, with particular emphasis on tracing and elucidat-
ing the origins of allusions, historical events, and cultural symbols [8,9].

However, traditional annotation exhibits several significant limitations [10,11]. First,
it depends entirely on manual effort, resulting in low efficiency and an inability to process
large corpora. Second, annotation quality varies according to the annotator’s individual
scholarship and subjective interpretation, owing to the absence of a standardized frame-
work, which leads to inconsistent results. Third, traditional studies tend to focus on canon-
ical texts, paying insufficient attention to lesser-known works, thereby constraining both
the breadth and depth of research.

Although a number of educational websites—such as =¥ 3 (Gushiwen.cn) [12]
and H1FA M (GushiCi.com) [13]—have attempted to digitize traditional annotation re-
sources, their lexical notes largely derive from compilations of expert-authored annotated
editions (e.g., The Annotated Anthology of Li Bai [14] and The Complete Annotated Works of
Du Fu [15]). Because these resources are constrained by the scope of human scholarship,
they cover only a small fraction of the vocabulary appearing in classical poetry and can-
not meet the demand for large-scale automated annotation. These inherent limitations of
traditional annotation underscore the necessity for research into efficient, accurate, and
scalable methods for automatic annotation.

2.2. Automatic Annotation Research

Automatic annotation of classical Chinese poetry can be classified into two main ap-
proaches: dictionary-based annotation and generative language-model-based annotation.
Dictionary-based methods—exemplified by the SouYun platform [16] —perform word seg-
mentation on the input text and then retrieve all dictionary senses for each segment. How-
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ever, this approach has three key limitations. First, it cannot disambiguate a term’s context-
specific sense; instead, it presents every possible definition for a given lexeme. Second, an-
notation accuracy depends critically on the quality of the word segmentation: segmenta-
tion errors directly degrade the correctness of the retrieved definitions. Third, dictionary-
based systems cannot annotate out-of-vocabulary items, since any term absent from the
dictionary receives no explanatory entry.

With the advent of large pretrained language models, generative approaches have
shown substantial promise. For example, Li Shen et al. (2023) developed “Al Taiyan”,
a pretrained and fine-tuned Classical Chinese language model capable of sentence bound-
ary disambiguation, allusion recognition, annotation, and prose-vernacular translation [17].
Unlike dictionary-based methods, generative models can select the appropriate sense of
a term according to its context, markedly improving annotation flexibility. Yet they too
face challenges: (1) they require manual identification of target segments for annotation,
and the granularity of these manually extracted chunks significantly influences annotation
quality, rendering bulk automation impractical; (2) their outputs are inherently probabilis-
tic, making it difficult to guarantee the precise generation of etymological sources or illus-
trative examples; and (3) the computational expense of training or fine-tuning such large
models is substantial, while issues such as model hallucination (the production of inac-
curate or irrelevant content) and unintended shifts in model behavior during fine-tuning
remain unresolved.

In summary, although both dictionary-based and generative language-model ap-
proaches have advanced the field of automated annotation, each exhibits intrinsic limi-
tations. These shortcomings highlight critical directions for future research aimed at de-
veloping methods that are simultaneously more efficient, accurate, and scalable.

2.3. Research on Classical Chinese Poetry and Ci

In recent years, driven by rapid advances in natural language processing (NLP), au-
tomated analysis and study of classical Chinese poetry have emerged as a focal point in
academia. Researchers have applied deep learning and pretrained language-model tech-
niques to tasks ranging from poetic genre classification and poem generation to sentiment
analysis, with the aim of uncovering the underlying linguistic patterns, cultural character-
istics, and artistic values of these works.

Hu et al. (2015) conducted automatic thematic classification of Tang-dynasty po-
ems by extracting features from the poem’s text, title, form, and author metadata [18].
Huang et al. (2023) performed a difficulty grading of the Three Hundred Tang Poems cor-
pus at the character, word, and sentence levels, employing k-means clustering on a deeply
processed text representation to stratify poem difficulty [19]. Liu et al. (2020) created
the Ancient Poetry Readability Dataset Plus (APRD+), a manually annotated corpus with
six readability tiers. They used features such as character frequency and the number of lex-
ical annotations and applied machine-learning algorithms (e.g., random forest) to evaluate
reading-difficulty levels in classical poetry [20].

Yao (2011) developed an automatic allusion-analysis system by constructing an on-
tology of historical and literary allusions as a reference knowledge base, enabling the sys-
tem to identify instances of allusion in poetic text [21]. Tang et al. (2019) reframed allu-
sion recognition in Tang poetry as a relevance-ranking task: for each test sentence, they
computed similarity scores against candidate allusion sentences, weighting both single-
character and bi-character overlaps to rank potential allusive references [22].

Yi et al. (2018) introduced a working-memory model for Chinese poetry generation
that leverages historical information—such as the poem’s theme and key lexical items—to
maintain both coherence and thematic consistency across generated lines [23,24].
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Despite these advances, most existing studies focus on surface-level textual features—
characters, words, sentences, and document-level statistics or semantic embeddings—
without fully exploiting deeper, contextually informed semantic representations inherent
in classical poetry.

2.4. Large Language Models and Retrieval-Augmented Generation

Recent studies have demonstrated the feasibility of applying general-purpose large
language models (LLMs) to downstream information-extraction tasks—such as relation
extraction and named-entity recognition—in Chinese text [25-28]. However, because off-
the-shelf LLMs lack in-depth expertise in specialized domains, researchers have developed
vertical-domain LLMs tailored to legal [29-31] and medical [32-34] applications. Training
such models demands vast quantities of high-quality, domain-specific corpora; the collec-
tion, curation, and annotation of these resources incur substantial human and computa-
tional costs. Moreover, when LLMs generate domain-specific content or citations, their
outputs may lack precision or contain errors—a phenomenon commonly referred to as
“model hallucination” [35].

To mitigate these limitations, a growing body of work employs retrieval-augmented
generation (RAG), a paradigm that supplements generative models with external knowl-
edge retrieved from specialized knowledge bases. In the legal domain, for instance,
DISC-LawLLM enhances its responses by dynamically retrieving and integrating relevant
statutes or case law passages during generation [36]. In finance, Setty et al. have proposed
multiple chunking strategies that index financial documents by segment and keyword, en-
abling the model to query the appropriate sub-documents in real time to support accurate
answer generation [37].

Looking ahead, key research directions include:

(1) Refining retrieval mechanisms—such as improving retrieval precision and reduc-
ing latency.

(2) Constructing and maintaining high-fidelity domain knowledge bases with rigor-
ous provenance and version control.

(3) Advancing LLM architectures to better integrate and reason over deep semantic and
factual knowledge. Progress in these areas will not only bolster the factual accuracy and
relevance of generated content but also enable LLMs to tackle high-precision, time-sensitive
tasks—thereby laying a robust foundation for intelligent, knowledge-driven services.

3. Automatic Annotation Method

Current expert-annotated corpora for classical Chinese poetry are limited in size and
lack a unified annotation standard. Moreover, existing annotation datasets are both insuf-
ficient in volume and unevenly distributed —focusing primarily on canonical poets and
works while neglecting marginal texts. Training an automatic annotation model directly
on such imbalanced data would inevitably impair both its accuracy and its ability to gen-
eralize. To address these issues, we propose a method that combines dictionary-based
knowledge with a large language model (LLM), leveraging the LLM's strengths in contex-
tual text processing and selecting the most appropriate sense from a reference dictionary
according to poetic context. The overall research framework is illustrated in Figure 2.

In our workflow, manual chunk selection—without genuine understanding of each
chunk’s meaning—fails to guarantee correct segmentation and cannot scale to large-
volume annotation. Therefore, we first apply the BMM_BBC Chunking Module to seg-
ment the input poem automatically. For each resulting chunk, we query a curated lexical
resource: if dictionary definitions exist, we pass the chunk and its candidate senses into the
LLM for disambiguation; if a chunk is not found in the dictionary (i.e., out-of-vocabulary),
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we invoke our retrieval-augmented generation (RAG) module to retrieve relevant domain
knowledge and generate an optimal annotation.

BMM_BBC Module RAG Module
5. ) § ﬁ;: Out-of- ’/\
£3 - Vocabulary —
oem text & 2 3 Query —
P RS Chunks =
 —— Hl el —_—

AT Related
||zl |2|E 12 Knowledge
|83 3 ——b%‘i—"—! —>

g Vector
= L g ey |

=2 ] Database

' ) A
I In- Vectorization

! Vocabulary I
Chunk !
Search st :m DE ]

'
| Language Resources !
! I

'

. Recall
Y - —
Disambiguation gn 2 VX S
[ (!
- LLM _O-uip: y Annotation\
ChatGLM4/ChatGPT40 Results

Figure 2. Automatic Annotation Research Framework.

3.1. BMM_BBC Chunking Module

Accurate segmentation of semantic chunks is critical for subsequent sense retrieval
and annotation generation and is a prerequisite for scalable, bulk automatic annotation. Ex-
isting chunking methods in the classical-poetry domain face two main challenges: (1) Deep-
learning-based approaches (e.g., the BERT-BiLSTM-CRF “BBC” model) capture rich con-
textual information but are hampered by the scarcity of large, domain-specific annotated
corpora; (2) dictionary-based methods (e.g., bidirectional maximum matching, “BMM”) ex-
ploit prior knowledge from poetry dictionaries but cannot handle out-of-vocabulary terms.

To harness the advantages of both, we introduce BMM_BBC, a hybrid segmentation
method. First, the BMM algorithm produces an initial segmentation, which serves as prior
knowledge. We then apply a set of linguistically motivated rules to filter and weight the BMM
output, integrating these weights into the BBC model’s decoding process. In doing so, the
BBC model dynamically adjusts its segmentation decisions under the influence of dictionary
priors. This hybrid strategy preserves the BBC model’s contextual sensitivity while enhancing
its ability to recognize and correctly segment previously unseen terms—achieving higher-
quality chunking without reliance on extensive, manually annotated corpora.

In Figure 3, the example sentence is drawn from the Tang Dynasty poem Princess
Anle’s Relocation to Her New Residence, composed to commemorate Princess Anle’s move
into her newly appointed dwelling. The italicized and underlined segments represent lit-
erary allusions: ##i#k}} (“coin-paved enclosure”, a metaphor for extravagant living) and
77 K& (“Phoenix Terrace”, originally the site of celestial ascension, here metonymically
denoting the princess’s residence), both of which are registered entries in the allusion dic-
tionary. The text shown in red indicates positions where the predicted labels are incorrect.
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Tokenization forward: ..5h/[A/fty/, /RE/FES/. ..
@ Lexicon backward:..B/[E)/5#/555/, /#/B/FE/E/. ..
N —_—————
Language agging:
[ Resource B FEEF , RE EEE . ..
JreTeeTeTaTEeeeaseaseneanaaseateaes SISHBNINERSHBIE B INE S #
: Input: :
| DEFLR, RAFES, . BMM Segment @Label Verification
B Horses gre (i en 0 o e e e
: paved enclosures, 5 - FEErF , WA EEL . -
while the flute’s strains resound BertistuCriigse et S SEBIIESSESESESIBIERS ™
from the Phoenix Terrace... T(D First-stage Decoding
""""""""""""""""""""""""""""" Ol T, llstm g | B8 = -
N WY V“Vl# I || 230420,
MO OM T ] | 197005, ... Score
: 0 “/'\ ~ TE | 25, . Matrix
.t A- 4+ S| ..214841, . Adjustment
L PR AP e ;
bert-ancient-chinese bilstm crf
e P G _. @Re-decoding
Output: -2 LT, FEZEES . -
L S SISHBRIEENSES SHBIINE WS |

Figure 3. BMM_BBC Chunking Module.

3.1.1. Training the BBC Model

The BBC model comprises three primary components: a BERT encoding layer, a bidi-
rectional LSTM (BiLSTM) layer, and a conditional random field (CRF) layer. BERT (Bidi-
rectional Encoder Representations from Transformers) is a pretrained language model in-
troduced by Google in 2018. It is built on the Transformer architecture and employs a bidi-
rectional encoder, thereby capturing contextual information from both the left and right of
each token [38].

For sequence labeling, we use a CRF to predict the most probable label sequence
y=A{y1, Y2, ..., ¥} given an input X of length . The score of the entire label sequence
is defined as:

t t
s(X,y) = Z Ayi/yi+l+2 Piy, @
i=0 i=1

where yg and y; 1 denote the designated start and end labels, respectively; p; ;. is the emis-
sion score for assigning label y; at position I; and A is the transition score matrix, with A; x
representing the score of transitioning from label j to label k. We convert these scores into
a conditional probability via the softmax over all possible label sequences:

Ply|X) = exp(s(X,y)) 2

Y exp(s(X,y))
v'ey

Regarding the training corpus, both classical Chinese poetry and prose originate from
the same historical periods and conform to the grammatical conventions of Old Chinese.
Given the lack of large-scale, manually segmented corpora for classical poetry and the ab-
sence of contemporaneous prose segmentation data, we construct a hybrid segmentation
corpus by combining the LDC Zuozhuan word-segmentation dataset [39] with segmenta-
tion data from the Three Hundred Tang Poems. We then conduct full-parameter training
of the BBC model on this mixed corpus, yielding the optimized model weights, denoted
v. Furthermore, the BERT model used in the BBC model was pre-trained with masked
language modeling on a corpus of approximately 800,000 classical Chinese poems [40] in
order to enhance the model’s ability to capture domain-specific knowledge.
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3.1.2. Semantic Chunking with Integrated Dictionary Information

To combine the BMM and BBC segmentation outputs, we adjust the model’s initial
emission score matrix P based on the label sequence produced by BMM, thereby biasing
the decoder toward segments consistent with the dictionary.

Given an input sentence X, we apply forward and backward maximum-matching
(BMM) to obtain a segmentation

W = {wq,wy,..., w} 3)

where each wy is a contiguous token from the dictionary. Then, the segmented sequence
W is converted into a BMM label sequence

Lpmm = {l, o, ..., It} (4)

where each label is drawn from the set {B,M,E,S}, denoting Begin, Middle, End, or Single-
token segments.

Using the unmodified emission score matrix P produced by the BBC model, we apply
the Viterbi algorithm to compute an initial predicted label sequence.

Lgpc = Viterbi(s(X,y)) (5)

We then adjust each emission score p; . in P according to the corresponding BMM
label. The adjusted score is given by

ﬁi,yi = Piy; + é(lir 3/1) (6)

where the increment ¢ is determined by the rule set in Formula (7). This adjustment en-
courages the CRF decoder to favor segments that align with dictionary-based priors while
still allowing the BBC model’s contextual understanding to resolve ambiguous cases.

/\1, rl
6(li,yi) == q Az, 12 @)
0, r3

Rule r; (Forced Adjustment). If a BMM-derived token wy has length >3, which is
a strong indicator that it represents an allusion or proper-name chunk —and the BMM la-
bel IBMM disagrees with the BBC label IP5C, then for every position i within that token, we
apply a nonzero increment J to the emission score. This enforces the dictionary-based seg-
mentation in cases where long tokens likely correspond to fixed cultural or named entities.

Rule rp (General Adjustment). If a BMM token wy of any length corresponds to an entry
present in the dictionary (regardless of length) and there is any discrepancy with the BBC
segmentation, we add a smaller positive increment J uniformly to all positions i of that token.
This encourages the model to favor known, in-dictionary segments during decoding.

Rule r3 (No Adjustment). In all other cases—i.e., when a BMM segment is neither long
(>3) nor a recognized dictionary entry —we set J = 0, leaving the original emission scores
unmodified.

By substituting the adjusted emission scores into the CRF sequence-scoring function,
we obtain the updated sequence score:

t t
§(X’y) = ZAyi,ym"‘Z (pi,}/,' +5(ll/y1)) (8)
i=0 i=1
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Subsequently, we apply the Viterbi algorithm to this revised scoring function to derive
the adjusted predicted label sequence:

Lgmm_ppc = Viterbi(3(X,y)) )

Through extensive experimentation, we empirically set the hyperparameter A1 in rule
r1 to 50 and A, in rule r; to 20.

3.2. Retrieval-Augmented Generation (RAG) Module

To address the annotation of out-of-vocabulary chunks, we introduce a Retrieval-
Augmented Generation (RAG) module. The core idea of RAG is to enhance the generative
model’s output by retrieving relevant information from external knowledge bases—such
as specialized dictionaries and critical commentaries—thereby producing accurate, con-
textually appropriate annotations for previously unseen segments. We compiled human-
expert annotation corpora from the perspective of chunks, incorporating manually curated
annotations, translations, appreciations, and domain-specific lexicons related to chunks
such as personal names, geographical terms, official titles and their variants, allusions, and
metonymic expressions [41-45].

The integration of the RAG module is motivated by two considerations. First, in clas-
sical Chinese poetry, certain chunks may not appear in existing lexicons or language re-
sources, rendering traditional dictionary-based methods unable to supply definitions. By
querying external repositories, RAG effectively bridges this gap. Second, although large lan-
guage models excel at processing lengthy texts and complex contexts, their outputs can lack
precise grounding in domain-specific knowledge—such as literary allusions and historical
backgrounds. By incorporating retrieved facts and examples into the generation process, the
RAG module substantially improves both the accuracy and reliability of the resulting an-
notations. Figure 4 illustrates the workflow of the Retrieval-Augmented Generation (RAG)
module, which integrates external knowledge to enhance response generation.

____________________

| 1

! | Text Extraction __ Chunking —
—

] = P | DOC i — —

1

____________________ Text Chunk
Language Resources String '
Similarity [
Answer the meaning of " M %" based Query Chloulation —
on Poem: {Poem Content} Embedding| 07)-02 03[-01)-02}-01 ——
query Query Embedding Vector Knowledge Vector Store
v
Output: " Zf/" refers to a family 1
5 i . . v N P
name, and " HIZHE" is an official title. SR X ) —
— . —
The Dianshe Lang was responsible for i M / 3=
managing bathing rituals, cleaning, L Prompt (with Top-K
and arranging furnishings in the £ 7's . Relevant Relevant
ging f 8 Sl h Knowledge and Knowledge

(Crown Prince’s) palace. Ornesition)

Figure 4. RAG Retrieval-Augmented Generation Module.

In this paper, the construction workflow of the Retrieval-Augmented Generation
(RAG) module is formalized by the following equations. Given a set of language re-
sources [1] T = {T1, T», ..., Ty}, where each T; denotes a text document, each document
is segmented into fixed-length chunks as follows:

Ti ={Ci1,Ciz ..., Cim} (10)
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Let C = {Cy, Cy, ..., G} represent the collection of all chunks. Each chunk C;eC is
encoded into a vector representation vj using a text encoder f.y, resulting in the set of
chunk embeddings:

v; = frent(Cj), vj € R (11)

Utext = {01,02,..., 0k} (12)

Next, the same text encoder fi¢ is used to encode the input query into a vector repre-
sentation v;. The similarity score s; between v, and each chunk vector v; is then computed:

Vg = frext(query), vy € RY (13)

Based on the similarity scores, the top-k most similar text vectors are selected in de-
scending order of similarity.

Utop—k = {Uﬂ/ Vjayeesy Ujk} (14)

The corresponding chunks of the top-k vectors form the candidate context set
Ciopk ={Cj1, Ci2, -, C]-k}. These candidates are further re-ranked using a re-ranking model,
frerank, Which assesses the relevance between each chunk and the query, producing a refined
context set, Cppank:

Crerank = fremnk(query/ Ctop—k) (15)

The re-ranked context set C,4y is then combined with the original query to construct
a prompt, which is subsequently passed to a large language model to generate the final out-
put. Figure 5 illustrates an example prompt generated by the RAG module in this study.
The “Known Information” section corresponds to the re-ranked context set C,y,x, While
the initial retrieval scores (i.e., pre-re-ranking similarity scores) are denoted as score. Af-
ter applying the re-ranking model, f,.;.uk, €ach candidate document receives a new rel-
evance_score based on its semantic alignment with the query, which leads to a refined
ranking. For example, although the chunk C,4x.3 does not contain information relevant
to “/NJLAH” it initially received the highest semantic similarity score (0.6479) in the pre-
liminary retrieval stage. However, after re-ranking, its relevance_score drops to 0.0725,
demonstrating a more fine-grained and semantically aware relevance evaluation.

Finally, the re-ranked documents are combined with the query to form a prompt for
the large language model, which generates the final answer.

In this study, the RAG module is configured as described in Table 1. Extracted lan-
guage resources are segmented into fixed-length chunks of 250 tokens. We employ the
“bge-large-zh-v1.5” embedding model [46] to encode each chunk for semantic retrieval
and the “bge-reranker-base” model [46] to re-rank the top retrieved candidates, thereby
improving recall quality. Finally, we use the “glm-4-9b-chat” model [47] as the genera-
tive backbone.

Table 1. Configuration of the RAG Module.

Property Value
EMBEDDING_MODEL bge-large-zh-v1.5
RERANKER_MODEL bge-reranker-base
LLM_MODEL glm-4-9b-chat
CHUNK_SIZE 250
TOP_K 3
SCORE_THRESHOLD 1
TEMPERATURE 0.7

MAX_TOKENS 2048
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#&mii (prompt):
RYtHm(system):
<Instruction>
Please answer the (lU('S\l()l'l based on the given information in a concise and Pl'()[(fSSl()l]&ll manner:
. If the answer can be directly extracted from the provided information, provide a clear and succinct response.
. If the answer is not explicitly available, infer the meaning of the term using the context of the classical Chinese poem.
- Directly state the inferred definition without including the reasoning process.
3. Ensure brevity; avoid verbose or redundant descriptions.

)

-~

. Do not fabricate information or add content beyond the scope of the given context.
5. All responses must be in **Chinese**.
</Instruction>

BAER:
<Known Information>
Creranke1 ='...... EFBG): HFFHifFR
Crerank-2 s
Crerank-3 = "sovene THORERZI... B
</Known Information>

. KPTEEEY

“li

.', score=0.6383, relevance_score=0.3348;
', score=0.6088, relevance_score=0.1146;
..', score=0.6479, relevance_score=0.0725;

AP S Y|

il (query):
<Question>
Based on the provided classical Chinese poem, please explain the meaning of the term "/MjJL" (xido sun er).
Poem:

Shijing No. 69:

MK AK, HKKMBE. The Buddha teaches to extinguish arising and ceasing. Yet arising and ceasing follow endlessly.
AERAM, HUEANIMIL. Unwilling to learn the form of the enlightened. One clings to the guise of a childish child.
FOERM, SARBHE. Toseek the Buddha through grasping mind. Is this not foolish delusion?

P
ChatGLM4-chat(RAG):

cling to superficial forms while neglecting inner enlighten

nent.(contextually implies naivety or im
Figure 5. RAG Retrieval-Augmented Generation Module: Prompt Example.

4. Results

To comprehensively evaluate the proposed framework —which integrates dictionary
knowledge with retrieval-augmented generation for automatic annotation of classical Chi-
nese poetry—we conducted experiments on two fronts: automatic chunk segmentation
and automatic chunk annotation.

4.1. Chunk Segmentation Experiment and Analysis

Accurate segmentation of semantic chunks is decisive for subsequent sense retrieval.
However, not every multi-character unit must be treated as an inseparable whole, nor
is there a universally applicable “gold standard” for all cases. For example, the word
“FKH” (“autumn day”) can be segmented into “Fk/H” and still yield correct annotations
for each character, with its overall meaning preserved. In contrast, for chunks whose holis-
tic meaning differs from the sum of their parts—such as semantic shifts, literary allusions,
or proper names—mis-segmentation can lead to grossly incorrect definitions or retrieval
failures. Examples include Jj{Z (“clear and spacious appearance”), Kl (a metaphor
for a disillusioned scholar living in poverty and illness), and %/ (in Daoist lore, the
dwelling place of immortals). Accordingly, our evaluation specifically targets these critical,
non-compositional chunks, measuring the segmentation accuracy for units whose correct
boundaries are essential to preserving intended poetic meaning.

4.1.1. Experimental Setup for Chunk Segmentation

We randomly selected 100 poems from the Quan Tang Shi corpus and manually iden-
tified all semantic chunks for which holistic meaning # compositional meaning, recording
each chunk’s index position within its line. To assess the segmentation method’s perfor-
mance across varying chunk lengths, we categorized chunks into three types by charac-
ter count: two-character, three-character, and four-character or longer. For each category
c € {2,3,> 4}, we compute the category-specific accuracy Acc, as:

1N truegi)

Acc, = — -
N t((f)

(16)
i=1 coun
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(@)

where N is the number of test samples, true; ’ denotes the number of correctly segmented
chunks of length c in sample i, and countgi) is the total number of chunks of length c in
sample i.

Next, we calculate a weight w, for each chunk length according to its proportion of occur-
rences in the entire test set. We then derive a single, composite metric—Weighted_Accuracy —by

combining the per-category accuracies with these weights:

K
Weighted_Accuracy = Z we * Acc, (17)
c=2

This weighted measure balances the high frequency of short chunks against the criti-

cal importance of accurately segmenting longer, non-compositional units.

4.1.2. Chunk Segmentation Experiments and Analysis

Table 2 reports the segmentation accuracies (Acc) of three methods—BMM, BBC,
and BMM_BBC on chunks of length 2, length 3, and length > 4, as well as their overall
Weighted_Accuracy.

Table 2. Chunk Segmentation Experiments.

Model Length =2 (Acc) Length =3 (Acc) Length > 4 (Acc) Weighted_Acc

BMM 78.47% 33.74% 43.48% 72.92%
BBC 78.27% 55.19% 53.25% 75.07%
BMM_BBC 92.88% 71.72% 76.46% 90.25%

BMM performs reasonably on two-character chunks (Acc = 78.47%) but struggles
with longer units —only 33.74% on three-character and 43.48% on four-character-or-longer
chunks—resulting in a modest weighted accuracy of 72.92%. This indicates its weakness
in handling longer or more complex segments. BBC substantially improves accuracy on
three-character (55.19%) and > four-character (53.25%) chunks by leveraging contextual
information, raising its weighted accuracy to 75.07%. However, due to the limited size
of domain-specific corpora, it matches BMM on two-character chunks (78.27%) and still
exhibits errors in both over- and under-segmentation.

The hybrid model (BMM_BBC) achieves superior performance across all chunk lengths:
92.88% on two-character, 71.72% on three-character, and 76.46% on >four-character chunks,
with a combined weighted accuracy of 90.25%. These results demonstrate that BMM_BBC
effectively integrates dictionary priors and deep model contextual understanding, substan-
tially enhancing segmentation quality even in the absence of large-scale annotated data.

4.2. Chunk Annotation Experiments and Analysis

To conduct a detailed evaluation of our annotation framework, we assessed its per-
formance on five types of semantic chunks in classical Chinese poetry —allusion, imagery,
metonymy, semantic shift, and proper name—using a test corpus of 100 poems randomly
sampled from the Quan Tang Shi.

4.2.1. Experimental Setup for Chunk Annotation

We select ChatGPT-40 as our baseline model, owing to its state-of-the-art contextual
understanding and generative capabilities. The processing results of ChatGPT-40 were
obtained through the OpenAl API, with the model version specified as “gpt-40”. A tem-
perature parameter of 0.2 was adopted during API calls to ensure more stable outputs. For
each of the 100 sampled poems, we manually annotate all instances of the five target chunk
types to serve as ground truth. The annotation performance for each chunk type is mea-
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sured by the ratio of correctly annotated chunks to the total number of that chunk type.
We evaluate performance under two correctness criteria—strict correctness and lenient
correctness —with type-specific definitions as shown in Table 3. We introduced a human
baseline by recruiting four graduate students and doctoral candidates with backgrounds
in Chinese literature or related fields to manually annotate the same dataset. During an-
notation, participants were prohibited from directly generating answers using generative
Al models but were allowed to query online dictionaries, search engines, and other digi-
tal resources to investigate chunks in classical poetry. They then performed manual dis-
ambiguation of retrieved definitions based on contextual semantics. During evaluation,
two raters in linguistics classified the responses from both human and machine annotators
according to the criteria in Table 3. The formal scoring process was initiated only when the
inter-annotator agreement rate during the pilot annotation phase exceeded 75%. The final
inter-annotator agreement between the two raters was 80.79%.

Table 3. Criteria for Strict and Lenient Correctness.

Chunk Type Strict Correctness Lenient Correctness
Allusion Definition and Extended Meaning Source of the Allusion
Metonymy Contextual meaning Attributes of the Referent
Imagery Emotional or object interpretation Object only
Semantic Shift Contextual meaning Partial contextual meaning
Proper Name No Erroneous Attributes Some Erroneous Attributes

Following the evaluation method of Li Shen et al. [10], we define the lenient accuracy
for each chunk type as the sum of strictly correct and leniently correct annotations divided
by the total number of chunks of that type. To obtain an overall performance metric, we
compute the micro-averaged accuracy by summing the number of strictly correct annota-
tions across all types and dividing by the total number of annotated chunks in the corpus.

4.2.2. Comparative Analysis of Chunk Annotation

To compare the annotation performance of a general-purpose large language model
(ChatGPT-4o0, serving as the baseline), the Taiyan Classical Chinese model (Taiyan 2.0),
and our proposed framework, we evaluated each model’s accuracy on five semantic chunk
types—allusion, metonymy, imagery, semantic shift, and proper name —under both strict
and lenient correctness criteria. Table 4 summarizes the results for each model, where
“Ours—RAG” denotes our framework with the Retrieval-Augmented Generation (RAG)
module removed.

Among the five chunk types, allusions demand the highest level of background knowl-
edge and contextual understanding. Both ChatGPT-40 and Taiyan 2.0 achieve their low-
est strict and lenient accuracies on allusion chunks, performing significantly worse than
“Ours—RAG” (89.41%) and our full model (90.59%). This gap indicates that the improved
performance on allusion annotation primarily stems from the inclusion of entries in the
specialized allusion dictionary. In contrast, general-purpose and purely generative text
models struggle to capture the rich cultural background and deep connotations of literary
allusions; their explanations often reduce to brief citations of source texts and fail to convey
interpretive or extended meanings. Consequently, ChatGPT-40 and Taiyan 2.0 exhibit sub-
stantial discrepancies between their strict and lenient accuracy scores on allusion chunks.

Our full model achieves a strict accuracy of 83.16% on imagery chunks, substantially
outperforming ChatGPT-4o0 (67.74%) and Taiyan 2.0 (69.61%). In lenient evaluation, it fur-
ther improves to 90.53%, compared to 80.65% and 80.39%, respectively. Error analysis
reveals that misinterpretations often stem from inadequate context modeling —for exam-
ple, in the line “HWER ML ED 5, M EEWHEL,” (“Whose maiden fair in silken dress,
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With rosy cheeks and brows of jet, Adorns her dusk with tender grace?”) both “J&” (“eye-
brow”) and “1lI” (“mountain”) can be used metaphorically in classical poetry, but annotat-

ing “HJ8” (“indigo-painted eyebrows”) as “mountain” here is clearly incorrect.

Table 4. Results of Chunk Annotation.

Chunk Metric ChatGPT-40  Taiyan 2.0 Human Ours—RAG Ours
Allusi Strict 32.14 32.14 30.73 89.41 90.59
usion Lenient 65.48 73.81 63.30 91.76 94.12
Metonvm Strict 80.12 85.03 55.73 78.47 91.47
YY" | enient 89.03 95.21 80.73 82.19 95.43
Imaser Strict 67.74 69.61 73.66 74.74 83.16
8ery Lenient 80.65 80.39 91.03 80.00 90.53
Proper Strict 51.15 54.26 56.76 66.20 86.57
Name Lenient 76.04 75.34 84.57 68.52 95.83
Semantic Strict 75.15 75.15 71.14 82.25 90.27
Shift Lenient 85.63 88.96 87.51 84.62 92.63
Micro- Strict 69.28 72.01 57.60 77.81 89.72
Average Lenient 84.06 86.73 81.43 80.93 9433

Although ChatGPT-40 (80.12% strict) and Taiyan 2.0 (85.03% strict) perform reason-
ably well under the strict criterion, our model attains 91.47%, leading by a significant mar-
gin. The lenient accuracy likewise favors our approach at 95.43%, above ChatGPT-40’s
89.03% and Taiyan 2.0’s 95.21%. Notably, the inclusion of the RAG module yields improve-
ments of +13.00% (strict) and +13.24% (lenient) over “Ours—RAG.”

Our model excels on proper-name chunks, achieving 86.57% strict accuracy and
95.83% lenient accuracy —vastly higher than ChatGPT-40 (51.15% strict, 76.04% lenient)
and Taiyan 2.0 (54.26% strict, 75.34% lenient). This gain is primarily attributable to the spe-
cialized proper-name dictionary: the RAG module alone contributes +20.37% (strict) and
+27.31% (lenient), the largest single-type improvement observed.

On semantic-shift chunks, our model attains 90.27% strict and 92.63% lenient accu-
racy, significantly surpassing ChatGPT-40 (75.15% strict, 85.63% lenient) and Taiyan 2.0
(75.15% strict, 88.96% lenient).

It can be observed that the human baseline performs worse than ChatGPT-40 and
Taiyan 2.0 on Allusion, Metonymy, and Semantic Shift. This is primarily because these
categories heavily depend on the annotator’s domain knowledge. In particular, some low-
frequency or creatively adapted expressions are difficult to locate using dictionaries or
search engines. The final micro-average accuracy further indicates that, even for postgrad-
uate students in the humanities, annotating classical Chinese poetry remains a highly chal-
lenging task.

Collectively, these results demonstrate that our dictionary-augmented, retrieval-
enhanced annotation paradigm consistently improves accuracy across all semantic chunk
types—particularly on chunks requiring deep cultural or historical knowledge, such as
proper names and allusions. Our approach outperforms both the leading general-purpose
baseline and a state-of-the-art classical-Chinese model, underscoring the value of RAG in
culturally rich domains and offering a robust methodology for future text generation and
interpretability research in Old Chinese and other knowledge-intensive fields.

4.2.3. Comparative Analysis of Source Citations

Table 5 compares each model’s ability to identify and output authoritative source cita-
tions for annotated chunks. Our full model vastly outperforms both the baseline ChatGPT-
40 and the Taiyan 2.0 model in both the total number of cited sources and the number of
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valid citations. Specifically, out of 1217 annotated chunks, our model provides source in-
formation for 652 instances, of which 613 are verified as valid. In contrast, ChatGPT-40
cites only 18 sources (12 valid), and Taiyan 2.0 cites 23 sources (21 valid).

Table 5. Results of Chunk Source Citations Annotation.

Model Cited Sources Valid Citations Total Annotated Chunks
ChatGPT-40 18 12 1217
(baseline)
Taiyan 2.0 23 21 1217
Ours 652 613 1217

This significant gap arises from our annotation strategy: for in-dictionary chunks, the
model not only selects the optimal sense based on context but also automatically retrieves
and appends corresponding classical citations and illustrative examples.

During evaluation, we observed that ChatGPT-40 and Taiyan 2.0 generate source ci-
tations only for allusion chunks. For instance, in the annotation of “_K#” (referring to
the historical figure Feng Yi) from the line “_K## 8% 5%, ChatGPT-40 supplies only a bio-
graphical summary of Feng Yi and fails to prov1de the original classical text reference; its
explanation of why “_K#” refers to Feng Yi is also incorrect. Taiyan 2.0 cites the Hou Han
Shu (“Biography of Feng Yi”) as the source but omits any explanatory gloss, resulting in in-
complete annotation. In contrast, our model delivers both accurate citations and coherent,
context-grounded definitions.

Our model not only supplies detailed glosses—such as “refers to the Eastern Han
general Feng Yi (courtesy name Gongsun), who was appointed ‘General Who Assists the
Army”” —but also precisely cites the original passage from Hou Han Shu, Vol. 17 (“Biography
of Feng Yi”), thereby guaranteeing both the completeness and accuracy of its source informa-
tion. Moreover, the model can generate citations for chunk types beyond literary allusions.
For reasons of brevity, Table 6 presents the source annotation for the imagery chunk “¥#&|”
as an imagery example. For lexemes or phrases of significant citation value in classical po-
etry or historical literature, this capability more fully preserves their cultural and historical
context, endowing the automatic annotations with both precision and traceability.

Table 6. Source Citation Examples.

Model Chunk Definition Source
§ .. . e P Cited from the “Biography of Feng Yi”. Feng Yi was a
R In this line, the image of the “big tree
ChatGPT-40 The towering tree evokes the outstanding talent and notable rerllcibwneill %eneral of Fhe %a}rly Eastern. I}-.llar.l (.ilyn.asty,
recalls General Feng Yi. deeds of Feng Yi. celebrated for governing his troops with civil virtue
and repeatedly distinguishing himself in battle.
R RS Hou Han Shu, “Biography of Feng Yi”:
Taiyan 2.0 The towering tree None LA F)T 14, 1,2;.‘&94:& 1, ZSE B
recalls General Feng Yi. T, SR j(M«{j»ZF_
Refers to the Eastern Han general Feng Yi
(courtesy name Gongsun), who was
appointed “General Who Assists the e o
o R Army.” Whenever other commanders Hou Han Shu, Vol. ,17 B1ogra§hy oiFen%Yl
Ours (full) The towering tree convened to discuss merits, he alone would i 5ﬁ%\§ LTQZ‘E’F ‘LTj?%%;g ﬁﬁ 7 1E H%I ZE%f/IJ%_}? m
recalls General Feng Yi. withdraw to stand beneath a tree, earning 7S 1’)%2. i ):ffXFF T R y ﬁli P
him the moniker “General of the Big Tree.” ’ W
In later usage, it became an idiom praising
exceptional military leaders.
AN - . - . . ) .
Ci jfﬁa?ogalgjlﬂ em “I# K" (also written “¥¥&") is a Buddhist Record of the Five Hundred Arhats of Jiancheng
Ours (full) Composed by Imperial term, a phonetic transliteration of the Chan Yuan:

Command

Sanskrit “Buddha”, referring to a stupa.

‘L HESRERETHZS mE TR
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4.2.4. Inference of Chunk Referents and Annotation Example Analysis

In classical Chinese poetry, understanding chunks such as proper nouns and metonymic
expressions often depends heavily on contextual cues and the historical background of the
composition. Accurately identifying the referent or context-specific meaning of such chunks
is essential for correct semantic interpretation. This section presents a detailed analysis of
how the annotation framework proposed in this study performs in inferring referents of such
chunks, using a concrete example.

Existing models often struggle with referential chunks, leading to inaccurate glosses,
unclear referents, or inconsistent interpretations. In Table 7, bold font indicates the com-
ponents that require annotation, strikethrough text indicates content that was incorrectly
generated, while underlined text represents portions that remain undefined or ambigu-
ous. For Example 1, the Taiyan 2.0 model mistakenly interprets “ £ 5" (Wéng Shejun)
as a poet surnamed Li, which is clearly erroneous. Although ChatGPT-4o0 is able to in-
fer from context that “F{{i7H"” refers to a local official stationed in Dongyang, it fails to
propose a concrete referent.

Table 7. Examples of Inference for Chunk Referents.

No. Classical Poem Excerpt Annotation Result

(D “Refers to the Tang poet, courtesy name Congyi, a native
of Dongyang in Yue Prefecture. He served as governor of
Hangzhou, Yuanzhou, and Taizhou.—Taiyan 2.0”

PR I R S AR BH EAEE @ “Prefect Wang of Dongyang’ refers to a local official
1 In Memory of Secretary Xue and Also serving in Dongyang, who is a friend with whom the poet
Addressed to Prefect Wang of Dongyang communicates or shares thoughts in the poem. —ChatGPT40”

@ ““Prefect Wang of Dongyang’: Refers to an official who
once served as prefect of Dongyang, possibly referring to
Wang An.—Ours”

(O “Zhang Hu, styled as ‘recluse.” See—Taiyan 2.0”

@ ““Recluse Zhang Hu' refers to the virtuous Zhang Hu,
used here to address the person interacting with the poet,
suggesting his talent and integrity made him worthy of

“ T A A DL B A PO ) respect.—ChatGPT40”

2 InReply to Recluse Zhang Hu’s Four-Rhyme
Poem Sent to Me

(3 “Refers to the Tang poet Zhang Hu, known for living in
seclusion without holding official post, hence referred to as
‘recluse.” Zhang Hu authored Two Palace Poems, one of
which... According to (JHEFFZLH) (Records of Tang Poetry),
Zhang arrived in the capital and became affiliated with Yuan
Zhen in the inner court... —Ours”

To address these challenges, the annotation framework introduced in this paper com-
bines dictionary-based retrieval with large language model reasoning. When encounter-
ing referential chunks, the system automatically queries a curated knowledge base to re-
trieve relevant candidate identities. In the case of “F{# ", the system identifies “ T fé"
(Wang An), a historically documented magistrate of Dongyang, as the most plausible ref-
erent. By integrating retrieved factual knowledge with contextual inference, the proposed
framework enhances both the accuracy and consistency of annotations for ambiguous or
indirect references.

For Example 2, we observe that for the proper-name chunk “7K##i 4t 1" (“Zhang Hu
the Recluse”), the Taiyan 2.0 model’s output depends critically on segmentation granular-
ity: when provided only “7K#4” as input, it correctly glosses “Zhang Hu, courtesy name
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Chengji, a poet esteemed by Linghu Chu”, but when given the full chunk “5Kffikk+", it
erroneously identifies “5k#i” as Zhang Ji and fails to produce any accurate source citation.
Similarly, ChatGPT-40 cannot generate precise biographical background or life details. In
contrast, our model leverages a curated proper-name knowledge base to retrieve and in-
tegrate fine-grained information—such as Zhang Hu'’s biographical history and exemplar
works—thereby delivering more complete and accurate annotations.

5. Discussion

The automated annotation paradigm introduced in this paper overcomes the tradi-
tional reliance on manual chunk segmentation and the difficulty of lexical-sense disam-
biguation in prior approaches to classical-poetry annotation. Nevertheless, owing to the
scarcity of high-quality, manually segmented corpora for classical-poetry chunking, there
remains substantial room to improve segmentation performance. In future work, we will
further enhance the retrieval efficiency and accuracy for out-of-vocabulary chunks by in-
vestigating more effective knowledge-base retrieval algorithms and semantic-matching
techniques, thereby encompassing a broader spectrum of domain knowledge and ad-
vancing the digitalization and intelligent annotation of classical Chinese poetry. More-
over, the annotation framework proposed here establishes a foundation for downstream
applications—including automated instructional support, difficulty estimation, and intel-
ligent guided learning —in classical-literature pedagogy.

6. Conclusions

We propose a retrieval-augmented research paradigm for automatic annotation of
classical Chinese poetry. By deeply integrating domain-specific dictionary knowledge,
our method supplies precise, multi-layered glosses for a variety of semantic chunks. Com-
pared to approaches that rely solely on general-purpose language models or purely gen-
erative techniques, this framework effectively mitigates semantic ambiguity and informa-
tion loss when handling the diverse chunk types commonly found in poetry —such as allu-
sions, imagery, and semantic shifts—thereby substantially improving annotation quality
and controllability.

In implementation, for in-dictionary chunks (i.e., those with standardized entries in
classical-poetry lexicons or knowledge bases), we first extract all candidate senses from
the dictionary as initial glosses. These serve as reference anchors for the large language
model’s generation process, allowing the model to focus on contextual elaboration and
stylistic refinement rather than constructing definitions from scratch. Comparison be-
tween the model’s output and the initial dictionary glosses also enables rapid identification
of discrepancies and targeted corrections, further enhancing annotation control.

For out-of-vocabulary chunks, we employ a two-stage retrieve-then-generate ap-
proach. First, we query external knowledge repositories or classical-poetry databases to
retrieve semantically similar entries and relevant background information, thereby enrich-
ing the chunk’s semantic context. Second, we supply these retrieved cues to the language
model as auxiliary input, enabling it to produce accurate definitions for rare or domain-
specific terms. This retrieval-augmented strategy not only increases the model’s capacity
to handle previously unseen chunks but also enhances the overall interpretability and ro-
bustness of the automatic annotation process.

Author Contributions: Conceptualization, W.Q. and ].L.; methodology, W.Q., D.W. and ].L.; soft-
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