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ABSTRACT Ancient Chinese texts contain important records of cultural heritage, yet existing learning
systems still exhibit insufficient semantic coherence, limited word-sense disambiguation, and weak
personalized recommendation capability. This paper proposes an intelligent annotation and personalized
learning platform for ancient poetry by integrating ERNIE-Stu and Transformer-XL. ERNIE-Stu is
used for word embedding, entity recognition, and knowledgegraph-enhanced word-sense disambiguation,
while Transformer-XL captures long-range semantic dependencies through segment-level recurrence.
Based on syntactic dependency analysis, the platform generates hierarchical context -aware annotations
and constructs learner representations from interaction features. Semantic similarity and a timedecay
mechanism are further combined to support adaptive recommendation. The semantic fusion framework
also provides methodological reference for heterogeneous information understanding and intelligent
interpretation in electromagnetic information processing and knowledge-driven communication systems.
Experimental results show F1- scores of 0.91 for content-word annotation and 0.87 for function-word
annotation, a BERTScore-F1 of 0.798 for longtext discourse similarity, NDCG@5 above 0.70, and
CTR above 0.45, confirming improvements in annotation completeness, learning adaptability, and digital

cultural-knowledge dissemination.

INDEX TERMS ancient chinese texts, intelligent annotation, semantic modeling, knowledge graphs,

electromagnetic information processing

. INTRODUCTION

HE study and transmission of ancient texts, which
T are invaluable repositories of textile cultural heritage,
face the dual pressures of linguistic complexity and cultural
depth. Within these texts, descriptions of fabrics, weaving
techniques, dyeing processes, and clothing symbolism are
deeply intertwined with cultural implica- tions and linguistic
expressions. This complexity directly impacts the learning
outcomes for researchers and students in textile history and
design, as well as broader cultural dissemination. Modern
education demands greater adaptability and personalization
of teaching content, while traditional teaching resources
often remain at the level of static annotation and standard-
ized content distribution, making it difficult to adapt to the
diverse understanding paths and cognitive differences of
different learners [1,2]. Intelligent platforms equipped with
semantic understanding capabilities and content regulation
mechanisms have become a crucial technological foundation
for improving the quality and efficiency of ancient poetry
and prose teaching [3.4].
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Existing annotation systems for ancient poetry are limited
by their inability to effectively address polysemy disam-
biguation (e.g., distinguishing specific textile terms like
45 and "#%°) and fully contextualize allusions related to
craftsmanship, leading to fragmented annotations [5,6]. A
lack of long-term context capture further hinders accurate
identification of semantic extensions across sentences and
poetic structures [7,8]. Furthermore, despite the educational
value of user data, its low integration into content generation
and recommendation results in slow feedback and prevents
continuous optimization of learning outcomes [9,10]. Most
existing approaches rely on pre-trained language models for
basic semantic representation, supplemented by knowledge
graphs for structural support, and expanded contextual in-
formation modeling capabilities through deep Transformer
architectures. Some studies have applied recommendation
modules based on behavioral preferences, attempting to
factor in individual differences in annotation generation or
content ranking [11,12]. However, these approaches have
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yet to form a closed-loop structure in terms of model
fusion, knowledge enhancement, and user feedback in-
tegration, making it difficult to meet the comprehensive
requirements of ancient poetry and prose teaching, which
require both complete annotation systems and personalized
services [13,14].

Il. RELATED WORK

The current intelligent understanding of cultural heritage
texts, such as ancient Chinese poetry, faces three challenges.
This challenge is not unique to literature, but is also seen
in the digital analysis of historical archives in fields like
textile conservation and history. First, in semantic modeling
of ancient texts, while pretrained language models are
expressive, they are limited in their integration of structural
knowledge [15,16]. In the study of semantic representation,
the integration of pre-trained models and structural knowl-
edge is a key direction. Yu et al. [17] fine-tuned bert-base-
chinese and SikuBERT in the task of proofreading Li Bai’s
poems and found that SikuBERT with domain priors has
more advantages in maintaining the semantic consistency
of ancient poetry texts. This method shows the transfer po-
tential of pre-trained models in ancient text processing tasks.
This method emphasizes the importance of lexical semantics
to the accuracy of ancient text restoration. On the other
hand, the multi-task graph convolutional network proposed
by Sun et al. [18] realizes the joint extraction of entities
and relations by simultaneously modeling the dependency
information of nodes and edges. Current methods still lack
higher-order structural coordination and fine-grained seman-
tic alignment mechanisms in multi-layer semantic modeling
and knowledge graph injection strategies [19,20]. In long
texts, noise filtering and structural understanding have a
key impact on the quality of annotation generation. Gan
et al. [21] constructed a multi-layer denoising mechanism
that integrated PageRank and Transformer, and combined
it with the PolyLoss optimization strategy to significantly
improve the accuracy of semantic recognition in Chinese
long text matching. On this basis, Zhang et al. [22] proposed
the cSEN model, which applied unsupervised syntax trees
and modern Chinese analyzers for structural enhancement,
thereby improving the model’s sensitivity to ancient Chi-
nese grammatical features. Existing research still has short-
comings in the dynamic adaptability of syntactic-semantic
joint modeling and consistent annotation of crossstyle texts
[23,24].

In terms of personalized recommendation, Chen [25]
used collaborative filtering algorithms to model readers’
preferences, improve the matching degree of ancient poetry
recommendations, and verify the impact of user interest
mining on enhancing the effect of digital communication.
This method emphasizes behavioral data-driven preference
modeling. At the same time, Ma et al. [26] designed a
teaching platform based on the theory of multiple intel-
ligences and verified its adaptability and promotion po-
tential in literary teaching scenarios through cross-regional
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experiments. Current research still lacks in-depth integration
in the collaborative modeling between individual cognitive
characteristics and recommendation mechanisms [27,28].
To address these issues, this paper proposes a multi-scale
semantic interaction mechanism driven by dependency syn-
tactic graphs, building a lightweight graph-based neural
semantic modeling framework. This approach combines
local path attention with global sentence topology fusion to
achieve deep semantic restoration and cross-genre structural
consistency in classical Chinese. Furthermore, a transla-
tion candidate heatmap is applied to construct a semantic
consistency visualization mechanism, improving the inter-
pretability and accuracy of the annotation generation system
[29,30].

lll. CORE MODULE DESIGN AND FUNCTION
IMPLEMENTATION

To clearly demonstrate the collaborative structure and func-
tional flow between the system’s modules, Figure 1 illus-
trates the overall architecture of the intelligent annotation
and personalized learning platform for ancient poetry. The
platform consists of three core layers: semantic model-
ing and structural enhancement, annotation generation and
context modeling, and user modeling and recommendation
adjustment. Each layer achieves collaborative collaboration
through data transmission and information feedback. The
system establishes a behavioral closed-loop within recom-
mendation feedback, supports interest transfer modeling and
weight update mechanisms, and improves the pertinence and
adaptability of annotation output.

A. ENHANCED SEMANTIC REPRESENTATION OF
ANCIENT POETRY

In the ancient poetry semantic representation enhancement
module, the system directly pre-trains semantic modeling on
the original text based on the ERNIE-Stu model, combining
its knowledge enhancement capabilities to achieve refined
extraction of entity-level semantics. After the text input is
converted into a token sequence by the word segmenter,
it is fed into the ERNIE-Stu encoder, where word vectors
are generated by applying a cross-attention mechanism that
incorporates structured knowledge nodes. The model also
applies a triple embedding into the input sequence: position
embedding, syntactic dependency embedding, and entity
type embedding. This strengthens the ability to identify
semantic boundaries between words while maintaining con-
textual consistency [31,32].

To enhance the structural perception of semantic repre-
sentation, a structure enhancement module is applied. This
module reconstructs the inter-word connection graph G = (V,
E) by transforming the topological structure obtained from
the dependency syntactic tree. The dependency syntactic tree
is generated through the LTP parser, and the parser output
is directly converted into dependency edges by mapping
head—dependent links into the adjacency format required by
the structural module. V represents the set of word nodes
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FIGURE 1. System architecture of the ancient poetry and prose intelligent annotation and personalized learning platform

after word segmentation, and E represents the syntactic
dependency edges. A graph convolutional network (GCN)
is applied to propagate and fuse features based on the graph
structure. A two-layer GCN is used in the structural mod-
ule, and each layer updates node representations through
normalized adjacency propagation with a shared activation
function. The first layer enlarges the receptive field for
syntactic dependency aggregation, and the second layer
outputs the fused structural representation that enters the
residual fusion stage The propagation process for updating
the node representation H’ is as follows:

HD — (D71/2AD71/2H(l)W(l)) 1)

In this formulation, the input matrix I has a dimension of
N by d, where N is the number of nodes and d is the feature
width, and the updated matrix H' has a dimension of N by
d’ after the linear mapping of the GCN layer. A=A+Tis
the adjacency matrix with self-loops added; D is the degree
matrix; W represents the weight matrix of the I-th layer
GCN; o is the nonlinear activation function. After fusing
semantic embedding and structural graph embedding, the
system uses residual connection to perform feature fusion
and finally forms a multi-dimensional word representation
vector F;, which is defined as:

E; = LayerNorm(T; + S; + G;) 2)

T; is the context vector output by Transformer; S; is the
syntactic enhancement vector; GG; is the knowledge graph
entity vector.

To further verify the impact of the semantic enhance-
ment mechanism on word meaning differentiation, Figure 2
shows the distribution changes of word vectors for ancient
poetry before and after semantic modeling using t-SNE
dimensionality reduction. Unenhanced word vectors exhibit
fuzzy clustering boundaries within semantic categories and
a relatively chaotic distribution. The horizontal and vertical
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axes in the figure represent the principal component coor-
dinates after dimensionality reduction, which illustrate the
relative position of word vectors in two-dimensional space
and do not correspond to specific semantic dimensions. The
t-SNE projection for Figure 2 is generated with a perplexity
of 35, and a fixed random seed of 42 is used to ensure
consistent spatial distribution across runs. The visualization
is based on a sample of thirty thousand word vectors drawn
from the corpus after semantic enhancement and structural
integration.

To further quantify the fundamental complexity of ancient
poetry in structural modeling, it analyzes the distribution
of key structural indicators across different genres. Table
1 presents basic statistical results for Tang poetry, Song
lyrics, and Yuan opera on dimensions such as syntactic edge
density, average entity connectivity, polysemy frequency,
and dependency tree depth. The statistical data in Table
1 is derived from a corpus consisting of 18,420 Tang
poems, 9,365 Song lyrics, and 1,127 Yuan opera texts, and
each subset is processed by removing entries with miss-
ing sentence boundaries or ambiguous structural markers
to maintain consistency in dependency parsing and entity
extraction. This serves to support the rationality of input
for the structural enhancement strategy and the design of
compositional parameters.

As shown in Table 1, Yuan opera has higher syntactic
edge density and dependency tree depth than Tang poetry
and Song ci, indicating a more complex structure. The
average entity connectivity and polysemy frequency also
show an upward trend, reflecting the increased semantic
ambiguity brought about by increased colloquialism and
narrative. These differences reflect the uneven distribution
of structural complexity and semantic ambiguity across dif-
ferent literary genres, providing a foundation for parameter
setting for structure enhancement mechanisms and designing
word sense disambiguation strategies.
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FIGURE 2. t-SNE dimensionality reduction distribution of ancient poetry word vectors before and after semantic embedding: (a)
Unenhanced: word vector distribution generated using only ERNIE-Stu; (b) Enhanced: word vector distribution after integrating
structural information and knowledge graph

TABLE 1. Statistical index table of ancient poetry and prose structure information

Syntactic Edge Density

Average Entity Connectivity =~ Polysemy Frequency = Average Dependency Tree

Genre (Edges/Words) (Edges/Entity) (%) Depth
Tang Poetry 0.78 32 15.6 4.1
Song Lyrics 0.81 3.7 18.4 4.6
Yuan Opera 0.85 4.1 21.3 52
Overall Average 0.81 3.67 18.43 4.63

B. ANNOTATION CONTENT GENERATION MECHANISM
In the annotation content generation mechanism, the system
input is a sequence of word vectors processed by the
semantic enhancement module {E;} ;, where each vector
has integrated entity semantics and structural information.
To achieve high-precision annotation parsing based on the
language characteristics of ancient poetry, the system adopts
a joint modeling strategy of word sense disambiguation
and syntactic dependency, combining contextual information
to achieve structured generation of multi-layer annotations.
The word sense disambiguation process constructs a se-
mantic candidate set based on the knowledge graph S; =
{81, 8i2, -, Sim }, and uses the cosine similarity between
the vector weighted center within the context window Cj
and the candidate semantic center vector v;; to select the
optimal semantic [33,34]. The calculation formula is as
follows:

§; = argmaxM
t snes: G vyl

A3)

In formula (3), §; is the final semantic label of the i-th
word. To improve semantic consistency, the calculation of
the window center vector C; applies a contextual attention
mechanism, which assigns a dynamic weight w;; to each
context word vector F;, defined as follows:

exp(Ei . EJ)
ZkeN(i) exp(E; - Ej)

N (i) represents the context word set centered on 4.

The structural relationship identification stage employs a
deep bidirectional dependency parser to generate a struc-
tural dependency graph G=(V,E). Node representations are

Ci= Y wij Ej, wiy= )

JEN(3)
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initialized by the upstream module’s word vectors, and edge
weights are assigned based on the dependency probability
matrix. The system then uses relationship clustering to
decompose the grammatical structure into three functional
units: the interpretation, background, and rhetoric layers.
Traversing the directed subgraph formed by nodes in each
unit yields the candidate sequence of annotation components
for that layer.

This dependency structure is vital, serving both to identify
word disambiguation points and as the foundation for hier-
archical annotation. The dependency graph integrates the
path relationships between all three component types, re-
flecting their multi-layered, cross-nested annotation logic, as
illustrated in Figure 3. Specifically, the interpretation layer
focuses on the semantic backbone; the background layer
expands context; the rhetorical layer connects components
to boost expressiveness, ensuring the annotation content is
both structurally organized and logically supported.

Annotation content generation is accomplished by a
multi-channel fusion network, which takes as input a se-
quence of structural units and their contextual feature tensors
and outputs three types of annotation vectors: word meaning
annotation, rhetorical markers, and contextual background.
The system is designed to jointly minimize the semantic
redundancy between the three types of annotations and
achieves consistency constraints for multi-annotation fusion
using the following loss function:

qusion = Z Z )\ab . (1

i=1 (a,b)
A% and A? represent the representation vector of the i-th
word in annotation dimensions a and b, respectively, and A,y
is the weight coefficient of the consistency regularization

Ao . A
7 7 > (5)

1Ag 1A
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FIGURE 3. Multi-layer annotation component dependency graph based on dependency structure

term between dimensions. In the model implementation,
Aqb 1s assigned through a fixed-value strategy determined
in advance, and its value is selected by evaluating valida-
tion performance under multiple preset candidates during
initial calibration, after which the chosen value remains
unchanged throughout training. To quantify the dataset’s
coverage across six annotation categories and three stylistic
dimensions, it constructs a label distribution statistics table
to characterize the annotation’s extensibility at different
structural levels. Table 2 shows the average annotation
length, dependency depth, semantic similarity, and node
overlap rate for the six core annotation layers in the training
corpus. The statistical results show that the allusion and
context layers have the highest average annotation length
and dependency depth, indicating a broader semantic scope
and more complex structural development. The rhetorical
and syntactic layers have relatively low semantic similarity,
resulting in more discrete annotation content, while the
sentiment and word meaning layers exhibit higher semantic
concentration. The node overlap rate is higher in the word
meaning and syntactic structure layers, reflecting the more
frequent reuse of lexical nodes in cross-layer semantics
and stronger boundary coupling in these two annotation
types. Table 2 reveals the differentiated characteristics of
multi-layer annotations in terms of structural complexity
and semantic coupling, providing structural support for the
representation layering mechanism and consistency control
strategy in the annotation fusion module.

C. LONG TEXT CONTEXT MODELING MODULE

In the long-text context modeling module, the system takes
a sequence of semantically annotated vectors as input and
uses the Transformer-XL architecture to implement semantic
dependency modeling across sentence and paragraph levels.
The original annotation representation is { £; }?_; organized
into input blocks in paragraph order, and the Transformer-
XL inter-segment state memory mechanism is used to
persistently encode the historical context of each segment
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[35,36]. The system applies a position encoding recalcu-
lation strategy, dynamically offsetting the original position
index to support cross-segment semantic propagation, while
retaining the historical state vector M,;_; as the global prior
for the current paragraph. Its cross-segment information
transfer mechanism is expressed as follows:

n = MultiHead (o, [0, M0 V) ©)
qlgl) represents the query vector of the [-th layer of
the current segment; hglll is the output of the previous

segment; Mﬁ)l is the historical memory state; V' is the
set of attention value vectors. To ensure stable convergence
of long-distance dependencies during context modeling, a
segment-level residual memory fusion mechanism is applied
to gate the output of each layer to form an updated state
vector Z;. The gating mechanism is defined by the following
formula:

Zt = O'(WZHt + bz) ® Mt,1 + (1 — O'(WZHt + bz)) ® Ht
@)
H, is the output concatenation matrix of all positions in
the current layer; ® represents element-wise multiplication;
o is the sigmoid function; W, is the gating parameter.
The system uses a context-focused mechanism to project
long text output into local context vectors and global anno-
tation representations. When generating annotation content,
a semantic alignment loss function is applied to constrain
the consistency of each word annotation within its context.
The loss function is defined as follows:

n
A -G
Lalign = <]- - (8)
; [AICall

A; represents the target vector output by the annotation
generation module, and C; is the center of the context vector
output by the context modeling. The cosine similarity be-
tween the two is used as a measure of semantic consistency.
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TABLE 2. Multi-layer annotation structure distribution and semantic consistency statistics table

Annotation Average Annotation  Average Dependency Depth  Internal Semantic Consistency  Internal Node Overlap
Level Length (Words) (Layers) (COS Similarity) Rate (%)
Meaning Level 49 2.3 0.812 11.6
Syntactic Structure Level 3.7 3.1 0.789 14.2
Emotion Level 5.6 3.8 0.841 9.5
Context Level 72 4 0.806 7.3
Rhetoric Level 6.3 35 0.772 6.8
Allusion Level 8.5 4.2 0.794 5.4

D. MATCHING USER MODELING WITH LEARNING
CONTENT

In the user modeling and learning content matching module,
the system constructs a multi-dimensional user feature vec-
tor based on interaction behavior logs to capture learning
preferences and knowledge mastery, supporting dynamic
matching of personalized annotation content. The raw input
consists of the user’s click sequence, page dwell time,
annotation expansion depth, and historical task completion.
The behavior data used in the recommendation module
is obtained from a preliminary deployment phase during
which the system was released to a controlled group of
invited users, and the interaction traces accumulated in this
phase are stored as the behavior log for model training.
A simulation-based augmentation procedure is applied to
enlarge the initial set by generating interaction samples that
follow the same distributional properties observed in the
collected logs, ensuring that the recommendation module
receives stable supervision during the optimization stage.
This is encoded into a behavior representation matrix via
an embedding layer B € R™*¢, where m is the number of
behavior types, and d is the feature dimension. This matrix
is used to extract sequential patterns through a bidirectional
gated residual network, outputting a unified user interest
vector u € R%, which serves as the key discriminant vector
for subsequent annotation screening.

The system applies a content representation library C' =
{¢1,ca,...,cn}, each of which ¢; represents the semantic
and structural features of an annotation content, which is
jointly constructed by the upstream semantic enhancement
and context modeling modules. The matching process cal-
culates the relevance score between the user vector and each
annotation item through the attention mechanism:

U - Cc;

€))

T Tll el

s; represents the cosine similarity between the user and
the ¢-th annotation. The system normalizes and sorts the
similarity scores and selects the top & high-scoring items to
form a candidate set S,,, which is the optimal annotation
matching result set for the user under the current learning
task.

To model the long-term migration trends of users’ inter-
ests, the system applies a memory update mechanism after
each learning cycle. Let u; be the updated user vector in
the current cycle and u;_; be the persistent memory of the
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previous cycle. The system uses an exponential smoothing
strategy to model preference migration. The update formula
is as follows:

up=A-up_1+ (1= N) - (10)

A € [0,1] represents the historical interest retention
coefficient, and u; is the interest vector extracted from the
current period behavior.

E. PERSONALIZED RECOMMENDATION AND DYNAMIC
ADJUSTMENT STRATEGY

The personalized recommendation and dynamic adjustment
strategy module builds a dynamic recommendation distribu-
tion function based on user behavior vectors and semantic
representations of annotation content. This function controls
the presentation order and weight update cadence of learning
content, achieving a bidirectional match between content
and cognitive needs. The recommendation candidate set con-
sists of the matching set S, output in Section Personalized
Recommendation and Dynamic Adjustment Strategy. Based
on the user’s current task status and behavioral feedback
signals, the system assigns a weight vector w € RF to the
content in this set. A time decay function is used to account
for the dynamic changes in behavioral value, constructing a
recommendation strength function as follows:

(t) eri” —T AL
W, = (11)
Zk e’ —7-At;
Jj=1

rl(t) is the user’s interaction score for the ¢-th comment at
time step ¢; At; is the time interval between the comment
and the current one; 7 is the time sensitivity coefficient,
which is used to adjust the dominance of recent feedback
in the recommendation.

The recommendation ranking process is driven by the
fusion scoring function ¢(i, t), which integrates two factors:
interest relevance and content difficulty gradient, and is
defined as follows:

g(i,t) =a-s;+ (1 —a)-(1-94) (12)

s; is the cosine similarity between the user preference
vector and the annotation semantic vector; The user pref-
erence vector is generated through an embedding aggre-
gation process in which the long-term interaction traces
in the behavior log are mapped into the semantic space
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through the text encoder, and the resulting representations
are fused by weighted pooling to form a stable preference
representation for the subsequent similarity computation. 6;
is the estimated difficulty value of annotation item 7; « is a
weighting factor that controls the balance between interest
satisfaction and cognitive challenge in the recommended
content. Difficulty assessment constructs a scoring function
based on text length, syntactic depth, and dependency den-
sity, and is normalized. The difficulty value d; is obtained
through an automatic estimation process that maps each
annotation item into a unified scoring scale. The scoring
function is defined as F; = a3l; + S1d; + vy1¢;, where [;
denotes the text length of the annotation, d; denotes the
syntactic depth derived from the parsed dependency tree,
and c¢; denotes the dependency relation density extracted
from the same structure. The parameters «y, (1, and 7;
are fixed coefficients determined during the preliminary
calibration stage. The normalized difficulty value is given
by 52 = (Fz - Fmin)/(Fmax - Fmin)’ where Fiin and Frpax
denote the minimum and maximum F; across all annotation
items. The recommended list is finally sorted in descending
order by ¢(i,t), and the top L items are selected for display.
The dynamic adjustment mechanism in the recommenda-
tion process applies the memory decay of the weight update
trajectory and the nonlinear response mapping of the user
feedback signal to construct the cumulative weight update
amount 2;, which is defined by the following formula:

k
Q=7 Qg+ > w (13)
=1

fi(t) is the feedback activation value of annotation content
1 at time ¢, and +y is the historical memory retention factor.
The system €2; adjusts the frequency of subsequent recom-
mendation updates based on the changing trend, achieving
adaptive control of the content switching rhythm to the
learning state.

IV. EXPERIMENTAL SETUP AND EVALUATION
CONFIGURATION

A. ENVIRONMENT AND PLATFORM CONFIGURATION
The experiment is deployed on a local server with graphics
computing capabilities, using a dual-core Intel Xeon Silver
processor and four NVIDIA RTX A6000 graphics cards,
each with 48GB of video memory. This supports large-
scale parallel training of Transformer structures, and the
system environment is Ubuntu 20.04 LTS. The platform’s
operating environment is unified with Python 3.9, and the
deep learning framework selected is PaddlePaddle 2.5, due
to its native compatibility with the ERNIE-Stu model and
its excellent dynamic graph execution efficiency. The model
relies on the pre-trained language model ERNIE-Stu-Base,
which integrates knowledge graph entity annotation and
structural attention mechanisms, and has the dual capabili-
ties of entity recognition and semantic embedding. The long
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text modeling component applies the Transformer-XL struc-
ture, and the core dependency module is re-implemented
based on a customized Segment-Level Memory mechanism
to enhance cross-segment state memory capabilities.

To support the system’s online learning behavior mod-
eling and real-time recommendation functions, a Redis
cache system is deployed on the server side to achieve
rapid updates of user state vectors and intermediate storage
of content matching results, enabling dynamic adjustment
of recommendation paths in personalized learning tasks.
All explicit parameters and implicit state variables during
training and inference are centrally managed in PaddleNLP’s
parameter service module, supporting breakpoint recovery
and multi-card weight synchronization to ensure experi-
mental repeatability and result consistency under large-scale
multi-round training. The overall platform architecture is
implemented in the form of module decoupling.

B. DATASET CONSTRUCTION AND PREPROCESSING
PROCESS

Experimental data is sourced from publicly available sources
such as the Complete Tang Poems, Three Hundred Song
Poems, and Selected Yuan Operas. Texts are extracted from
both the National Language Resource Monitoring Corpus
and the CNKI Ancient Chinese Text Database, ensuring
comprehensive coverage of diverse literary genres, structural
features, and linguistic styles. The curated dataset consists
of 18,420 Tang poems, 9,365 Song lyrics, and 1,127 Yuan
opera texts. A total of 162,480 sentences are segmented from
these materials, producing 214,306 annotation items across
all categories. The dataset is divided into a training set, a
validation set, and a test set following a ratio of 8§ to 1 to 1.
The distribution of annotation categories remains consistent
across the three subsets through stratified sampling, and the
proportions of allusion, rhetorical, structural, and imagery-
related annotations match their global frequencies in the
full dataset. To evaluate the dataset’s coverage across Six
annotation categories and three genres, a statistical analysis
characterized the extensibility of annotations using metrics
like sentence coverage, overlap, and cross-tag density. The
structural distribution statistics across genres and annotation
categories are summarized in Table 3. The results show
that word meaning tags are core to the annotation structure,
with over 75% coverage across all genres. Syntactic tags
are also highly universal, maintaining a stable coverage
above 64%. Conversely, background tags exhibit comparable
sentence coverage in Tang poetry and Song Ci, while their
coverage decreases in Yuan opera. Allusion tags show a
progressive increase in sentence coverage from Tang poetry
to Song Ci and further to Yuan opera, reflecting genre-
dependent differences in narrative expansion and intertextual
reference density. Specifically, background annotation cov-
erage reaches 48.5% in Tang poetry and 51.2% in Song Ci
before declining to 45.6% in Yuan opera, whereas allusion
annotation coverage increases from 25.1% in Tang poetry to
28.5% in Song Ci and 30.7% in Yuan opera, forming a clear
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cross-genre gradient. Rhetoric tags are sparsely distributed,
consistently below 20% coverage and registering the lowest
overlap and cross-density. Crucially, the cross-label ratio
is highest for the Word Meaning and Syntactic categories
(e.g., Yuan Qu word meaning reaching 1.9), indicating
that the co-occurrence of multiple labels is concentrated
in these fundamental dimensions. This distribution pattern
provides a corpus-level basis for modeling genre-sensitive
annotation density and for designing feature coupling and
representation fusion strategies aligned with structural and
intertextual variation.

The text segmentation process is uniformly completed
using a combination of the Jieba word segmenter and a
custom classical Chinese dictionary. Proprietary entries are
added to the word segmentation vocabulary to improve the
accuracy of structural recognition. The dependency relations
in the preprocessing stage are produced with LTP and
converted into a unified adjacency representation shared
with the structural module, which serves as the input for
the structure enhancement module. Entity recognition uses
a dual-path superposition of rules and models. Initial entities
are first extracted based on vocabulary matching; then, the
ERNIE-Stu named entity recognition function is called to
complete unmatched segments, and entity IDs and labels are
uniformly output. The contextual segmentation strategy is
based on dynamic division based on semantic turning points
and punctuation positions, adapting to the Transformer-XL
inter-segment memory mechanism’s sensitivity to the flow
of the text. The maximum sentence length is set to 240
characters for different corpora, and the annotation anchor
points are retained for target alignment training.

User interaction data used in the recommendation and
behavior modeling experiments were collected during the
system’s internal pilot stage. The platform ran a controlled
pre-release test for a continuous three-month period, during
which 312 participants were recruited, of whom 300 gen-
erated complete and valid click sequences, browsing traces,
annotation expansion records, and task completion histories.
The interaction logs produced by these 300 users formed
the source of the historical behavioral data used in the CTR
analysis, NDCG evaluation, and adaptation experiments for
different user groups.

C. PARAMETER SETTING AND TRAINING PROCESS

The training process utilizes a multi-stage distributed
scheduling mechanism, performing hierarchical optimiza-
tion for the semantic enhancement, structural modeling, and
contextual understanding submodules. The pre-trained lan-
guage model uses a frozen entity encoder strategy, updating
weights only in the structural fusion and contextual propaga-
tion layers to avoid disrupting the stability of the pre-trained
parameter distribution. The entity encoder is based on
the RoBERTa-large Chinese model released through public
repositories, and its parameters are fixed during training to
maintain stable semantic representations. The AdamW opti-
mizer is selected, with an initial learning rate of 3e-5 and a
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weight decay coefficient of 0.01. A linear warmup and grad-
ual annealing strategy is employed, with the warmup step
number set to 10% of the total training steps. Each round of
training combines the semantic alignment loss, annotation
consistency loss, and recommendation reranking loss to
minimize the three objectives, with a weight coefficient ratio
of 4:3:3 to ensure gradient coordination and stable model
convergence during the multi-task optimization process. The
training batch size is 32; the maximum sequence length is
256; the number of gradient accumulation steps is set to 2
to support effective modeling of long texts under memory
constraints. The Transformer-XL inter-segment state cache
length is set to 128, and the maximum backtracking depth
of the historical state window is 4, matching the average
sentence length distribution characteristics of the corpus to
support con- tinuous semantic propagation across chapters.
A full sample iteration is performed in each cycle, with an
upper limit of 50 rounds. The early stopping condition is
that there is no significant improvement in the performance
indicators of the validation set for 5 consecutive rounds.
The evaluation indicators cover F1-score, BERTScore-Fl1,
NDCG @35, and content matching accuracy, and independent
monitoring is performed in the word meaning annotation,
semantic consistency, recommendation ranking, and user
behavior mapping modules, respectively.

V. EXPERIMENTAL RESULTS ANALYSIS
A. COMPARATIVE ANALYSIS OF WORD SEMANTIC
ANNOTATION PERFORMANCE
To enhance contextual understanding and structural adapta-
tion in the task of annotating the meaning of ancient Chinese
poetry, this experiment compared the performance of five
models across different word meaning categories. Model 1,
BERT, uses a bidirectional Transformer for basic semantic
encoding but has limitations in handling long-range depen-
dencies. Model 2, ERNIE, incorporates a knowledge aug-
mentation strategy to optimize word meaning recognition
accuracy. Model 3, BILSTM-CREF, relies on sequence label-
ing and condi- tional random fields to model local dependen-
cies. Model 4, ERNIE-Stu, combines entity recognition with
semantic modeling to enhance word sense disambiguation.
Model 5, the proposed ERNIE-Stu and Transformer-XL
fusion model, combines structural augmentation with global
context awareness. In task design, the semantic boundaries
between content word meaning (S1) and function word
meaning (S2) are clear, focusing on lexical recognition
accuracy. Allusion meaning (S3) and background meaning
(S5) rely on deep semantic links and knowledge expansion.
Rhetorical meaning (S4) involves implicit semantic expres-
sion and precise analysis of syntactic structure. Syntactic
function word meaning (S6) places higher demands on
modeling contextual dependencies. Figure 4 illustrates the
adaptability of each model for these different types of word
meaning annotation tasks.

In an accuracy analysis, the proposed ERNIE-Stu and
Transformer-XL fusion model achieved scores of 0.88 and
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TABLE 3. Structural distribution statistics of six types of annotation tags under three types of writing styles

Literary

genres Tag Type

Cross-label ratio
(per sentence)

Annotation
overlap (%)

Sentence coverage
(%)

Average annotation
length (words)

Tang poetry Word Meaning

Tang poetry Background
Tang poetry Rhetoric

Tang poetry Allusion

Tang poetry Sentence

Tang poetry Syntax

Song ci Word Meaning
Song ci Background
Song ci Rhetoric

Song ci Allusion

Song ci Sentence

Song ci Syntax

Yuan opera Word Meaning
Yuan opera Background
Yuan opera Rhetoric

Yuan opera Allusion

Yuan opera Sentence

Yuan opera Syntax

83.2 4.6 12.7 1.4
48.5 73 6.2 0.8
13.6 6.1 3.4 0.3
25.1 8.2 9.1 0.6
32.7 5.8 49 0.5
64.4 3.7 10.6 1

79.5 5.1 15.3 1.6
51.2 8.1 7.4 1

16.9 6.7 3.7 0.4
28.5 9 10.5 0.7
413 6.5 58 0.6
69.8 4 11.2 1.2
76.1 54 18.1 1.9
45.6 7.8 72 0.9
18.3 7.1 45 0.4
30.7 9.3 11.3 0.8
39.2 6.8 6.7 0.7
725 43 12.1 1.4
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FIGURE 4. Performance comparison of different models in each semantic category annotation task: (a) Accuracy; (b) F1-score

0.89 for allusive meaning and rhetorical meaning, respec-
tively. This performance difference was significantly su-
perior to the ERNIE model’s scores of 0.74 and 0.76 in
the corresponding categories. This performance difference
stems from the effective capture of complex structural infor-
mation by long-range semantic dependencies and contextual
enhancement strategies. Model 5 reaches accuracy values
of 0.87 for background meaning and 0.88 for syntactic
functional meaning, significantly higher than the BiLSTM-
CRF model’s scores of 0.71 and 0.78 in similar tasks,
demonstrating the importance of structural enhancement and
dependency modeling in resolving word semantic ambigu-
ity. Model 5 achieves Fl-scores of 0.91 for content word
meaning and 0.87 for function word meaning, demonstrating
that the model maintained a stable balance between pre-
cision and recall in basic semantic recognition and local
dependency processing. Model 5 yields Fl-scores of 0.86
for allusive meaning and 0.85 for background meaning,
demonstrating the combined benefits of the knowledge
graph and context fusion mechanism in disambiguation
and context adaptation. Comprehensive analysis shows that
this method demonstrates excellent adaptability and gen-
eralization across various word meaning annotation tasks,
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validating the effectiveness of the semantic enhancement
and context dynamic modeling strategies.

B. DISCOURSE-LEVEL SEMANTIC COHERENCE
ASSESSMENT

To evaluate semantic matching and user consistency in
ancient poetry recommendation, two comparative paths
were established. The first path included general language
models: Model 1 (RoBERTa-Base), Model 2 (BERT-Base),
Model 3 (GPT-2), and Model 4 (XLNet-Base). The second
path featured fusion optimization models: Model 5 (ERNIE
3.0 + Transformer-XL), focusing on knowledge and long
text; Model 6 (ERNIE-Stu + Transformer), using student
model compression; Model 7 (the proposed ERNIE-Stu +
Transformer-XL), which integrates deep semantic under-
standing, positional awareness, and contextual expansion,
with specific structural and parameter improvements for
ancient Chinese poetry. Figure 5 presents the BERTScore-
F1 trend and manual consistency scores across different
text lengths for these models. A panel of three annotators
with academic backgrounds in classical Chinese conducted
the manual scoring. Each annotator independently evaluated
the semantic coherence of the generated content. Inter-
annotator agreement was assessed using Cohen’s Kappa,
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which reached 0.82, indicating a high level of scoring con-
sistency. A double cross-annotation procedure was applied
to ensure reliability, with disagreements resolved through a
subsequent consensus check.

As text length increased from 0-30 words to over 210
words, Model 7 maintained a consistently high score across
the entire range, reaching 0.798 in the 210+ word range, a
significant improvement over Model 2 (0.720) and Model
4 (0.720). This demonstrated that the integrated long-text
modeling mechanism effectively mitigated the semantic
degradation caused by context dilution. Models 5 and 6
showed a slight decrease in scores as the text length en-
tered the medium-long range and did not maintain a stable
advantage. This is speculated to be related to the loss of
semantic granularity caused by their structural depth or
compression strategies. In contrast, the curves of Models 1
and 3 fluctuated significantly, suggesting a lack of effective
structural perception of semantic boundaries in long texts.
In manual consistency scoring, Model 7 showed a concen-
trated distribution in the manual consistency scores, with
the score range remaining stable around 4.8, significantly
higher than the central tendency range of Models 1 and
3, demonstrating low dispersion and high confidence. This
demonstrates that the proposed approach exhibits stronger
consistency in semantic expression and user cognitive fit,
validating its comprehensive adaptability in personalized
learning recommendation scenarios.

C. USER CONTENT MATCHING EVALUATION
To verify the recommendation strategy’s adaptability, a
joint evaluation using CTR and NDCG@5 was conducted,
comparing five semantic modeling and ranking strategies:
Strategy 1 (TF-IDF, sparse retrieval); Strategy 2 (BERT-
base, contextual); Strategy 3 (RoBERTa, improved gener-
alization); Strategy 4 (ERNIE-Stu, knowledge embedding);
Strategy 5 (the proposed ERNIE-Stu + Transformer-XL,
combining knowledge and long-term dependency model-
ing). Annotation content was categorized into five types:
Word Meaning (Al), Historical Context (A2), Rhetorical
Techniques (A3), Allusion Source (A4), and Emotional
Intent (AS). To measure adaptation across different user
levels and multi-dimensional annotations, a CTR-NDCG
two-dimensional scater plot was constructed, with user
groups clustered and colored to highlight local distribution
and overall performance differences. The graph presents
behavioral data from 300 users. User groups are categorized
based on three metrics: cumulative learning time on the
platform, annotation depth, and task completion rate. After
normalization, a unified proficiency index is generated.
Indices below 0.4 are classified as the basic group, between
0.4 and 0.7 as the intermediate group, and above 0.7 as
the advanced group. The three user groups are represented
in the scater plot with different dot sizes, demonstrating
their compatibility with CTR and NDCG levels on the same
coordinate system. This is shown in Figure 6:

In this figure, the proposed strategy, ERNIE-Stu +
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Transformer-XL, exhibited high density clustering in the
upper right region across all annotation dimensions and user
groups. NDCG@5 generally exceeded 0.70, and CTR re-
mained consistently above 0.45, outperforming all compared
strategies. ROBERTa and ERNIE-Stu formed the second tier,
showing some adaptability for intermediate and advanced
users in the two annotation dimensions of rhetoric and al-
lusion source. However, their overall performance weakens
in the dimension of sentiment analysis, with a significant
decrease in CTR, indicating model limitations in their ability
to capture sentiment. The distribution presents a near-linear
relationship between CTR and NDCG. This pattern arises
from the controlled evaluation setting, where annotation-
driven relevance signals influence both ranking order and
click responses. The uniform task structure reduces stochas-
tic behavior in user clicks and produces a coupled trend
between ranking quality and interaction outcomes, forming
a monotonic distribution rather than a dispersed pattern
common in open-domain recommendation environments.

D. ANALYSIS OF THE HIERARCHICAL INTEGRITY OF
ANNOTATION INFORMATION STRUCTURE

To test the models’ ability to capture the structural hierarchy
of ancient poetry annotations across different genres, five
models were evaluated using three distinct classical corpora:
Tang poetry (metrical, image-focused), Song ci (emotional,
diverse grammar), and Yuan dynasty opera (structured prose,
colloquial). The five models tested represent progressive
levels of complexity: Model 1 (ERNIE-Stu, shallow se-
mantic), Model 2 (ERNIE-Stu + Knowledge Graph), Model
3 (Transformer-XL, long-context only), Model 4 (ERNIE-
Stu + Transformer-XL, joint semantic-context), and Model
5 (complete system with user modeling). Figure 7’s radar
chart visualizes each model’s coverage across six annotation
dimensions for these three corpora, allowing a structural
integrity comparison.

Model 5 demonstrated superior structural integrity across
all three corpora. Its coverage of word meaning annotations
in the Tang poetry corpus reached 0.88, and its coverage of
background knowledge reached 0.72, significantly exceed-
ing the other models. This is due to its ability to contextually
couple historical entities with situational semantics. Model
4 demonstrated a balanced performance across rhetoric and
grammatical structures, with a rhetorical coverage of 0.61
and a sentiment coverage of 0.67 in Song ci, demonstrat-
ing its well-suited structure for genres rich in emotional
expression. Model 3 maintained grammatical structural sta-
bility across all three corpus subsets, reaching 0.64 in the
Yuan opera corpus, demonstrating its generalizability to
non-standard spoken language patterns. Model 1 exhibited
deficiencies in the background knowledge dimension across
all subsets, with coverage never exceeding 0.40, reflecting
its limited ability to model external knowledge. Model
2 showed improvement in the knowledge-related dimen-
sion, but its syntactic and rhetorical dimensions remained
middling. Overall, the fusion model with knowledge en-
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hancement and context modeling capabilities showed better
dimension coverage and corpus adaptability in the task of
structured annotation of ancient poetry and prose.

E. VERIFICATION OF DYNAMIC ADAPTABILITY OF
RECOMMENDATION SYSTEM

To test the dynamic adaptability of learning paths, an
experiment compared user access behavior under fixed and
dynamic recommendation strategies across eight hierarchi-
cal annotation tasks. The tasks range from word meaning in-
terpretation (T1), contextual disambiguation (T2), syntactic
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analysis (T3), historical reference interpretation (T4), rhetor-
ical style recognition (T5), imagery and emotional analysis
(T6), thematic extraction (T7), to extended appreciation
(T8). Their difficulty is defined by linguistic depth, semantic
abstraction, and required cultural knowledge, forming a
stable progression from T1 to T8. Six user groups were
defined based on learning goals (G1: beginners, G2: back-
ground interest, G3: exam-oriented, G4: art appreciation,
G5: knowledge expansion, G6: highly engaged), showing
varied task demands. The grouping was derived from the
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behavioral statistics collected during the pre-experimental
stage, using users’ task completion tendencies, annotation
depth preferences, and browsing stability as the core indi-
cators. The six groups contained 128 users in total, with
26 in G1, 21 in G2, 18 in G3, 22 in G4, 17 in G5, and
24 in G6. The division followed a consistent threshold for
each indicator to ensure that users with similar learning
intentions and interaction patterns were assigned to the
same group. The static strategy used a linear task order,
while the dynamic strategy adjusted the sequence in real
time according to user profiles and behavioral feedback to
improve path fit. Figure 8 presents the heatmap of access
frequency distribution for these groups under both strategies.

T ) - T s o i i Ti © - T T o i £

FIGURE 8. Adaptability distribution of task paths in the personalized learning
platform for ancient poetry and prose: (a) Static recommendation strategy; (b)
Dynamic adjustment strategy

Under the static recommendation path, user access heav-
ily concentrated in the first three tasks (e.g., beginners at 93
and 88 visits), with engagement decreasing monotonically,
failing to cover specialized interests (background/art tasks
remained just above 60 visits). Conversely, the dynamic
recommendation strategy showed significantly personalized
path distribution. Beginners maintained high focus (up to
98 visits in initial tasks), but specialized users showed high
engagement in relevant advanced tasks: background users
increased visits to allusion/rhetoric tasks (up to 96 and 86
times), and art users focused on rhetoric/artistic conception
(up to 98 and 94 times). Highly active users showed
high engagement across all paths (up to 97 times). This
demonstrates that the dynamic strategy effectively breaks
linear constraints, significantly enhancing path adaptability
and aligning content matching with personalized learning
needs.

VI. CONCLUSION

This paper develops an intelligent annotation and per-
sonalized learning platform, integrating ERNIE-Stu and
Transformer-XL, specifically to extract textile heritage con-
tent from ancient Chinese poetry. The system achieves
closed-loop optimization of semantic modeling, annotation,
and recommendation by utilizing ERNIE-Stu for knowl-
edge graph-enhanced disambiguation and Transformer-XL
for long-text context modeling, with content dynamically
adjusted via user interest vectors. The model demonstrates
high performance: annotation accuracy reaches 0.88 and
0.89 (allusive/rhetorical meaning), surpassing the ERNIE
baseline. Discourse coherence achieves a BERTScore-F1 of
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0.798 for long texts. Recommendation metrics are robust
(NDCG@5 > 0.70, CTR > 0.45), demonstrating its advan-
tage in complex context analysis and personalized content
delivery. These results demonstrate the advantages of this
approach in disambiguating word meanings in complex
contexts, maintaining long-term semantic coherence, and
matching multi-dimensional annotations with user prefer-
ences. In the context of digital humanities and textile
cultural studies, the platform can effectively improve the
completeness and accuracy of annotations for complex
historical texts. It enhances the alignment of recommended
content with the cognitive needs of diverse users, from
textile history researchers to students of classical literature.
This work provides a viable technical path for the digital
preservation and intelligent dissemination of textile-related
knowledge embedded in cultural heritage, demonstrating
significant application value for interdisciplinary fields that
bridge Al, cultural studies, and textile history.
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