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ABSTRACT The preservation and interpretation of multi-ethnic mural heritage are challenged by
fragile material carriers, heterogeneous cultural semantics, and the lack of unified digital representation.
To address these issues, this study proposes a cultural translation framework based on Digital Twins
(DT) and Knowledge Graphs (KG), integrating geometric perception and semantic reasoning into a
dual-domain alignment architecture. Multi-view three-dimensional point clouds are processed using
PointNet++ to achieve semantic segmentation of ethnic styles, while Graph Attention Networks (GAT)
and Cross-modal Contrastive Learning (CCL) establish visual-semantic correspondence within a unified
embedding space. Dynamic physical parameters from the digital twin environment are further incorporated
into a Relational Graph Convolutional Network (R-GCN) to generate structured cultural translation
assertions with enhanced robustness. Experimental results demonstrate style recognition accuracies of
88.45%, 86.70%, and 94.35% for Tibetan, Mongolian, and Uyghur murals, respectively, outperforming
representative baseline methods in semantic segmentation and cross-modal alignment tasks. The proposed
framework enables closed-loop interaction between geometric reconstruction and semantic inference,
providing an efficient engineering paradigm for intelligent cultural heritage preservation. Moreover, the
integration of digital twin sensing, multimodal information fusion, and wireless data acquisition offers
valuable references for electromagnetic sensing systems, antenna-enabled digital monitoring platforms,
and next-generation intelligent perception networks in complex heritage environments.

INDEX TERMS digital twin, knowledge graph, cross-modal alignment, electromagnetic sensing,

intelligent monitoring networks

I. INTRODUCTION

ULTI-ethnic mural heritage, as a visual archive of

exchanges and integration among ethnic groups along
the Silk Road and the Qinghai-Tibet Plateau, carries diverse
cultural information, including clothing patterns, religious
narratives, and architectural components. This information
not only records the technological exchange between differ-
ent ethnic groups in visual narratives but also reflects deep
cultural identity and evolutionary processes [1-2]. However,
fluctuations in the cave microenvironment, salt crystalliza-
tion, and microbial activity cause irreversible degradation
of the ground layer and pigment layer [3-4]. Traditional
photogrammetry and 2D scanning can only record surface
color information and cannot preserve the micro-undulations
of cultural symbols and the spatial depth of multi-ethnic
overlay painting [5-6]. Therefore, constructing a DT-based
method, which generates the precise geometric shape of the
mural material layer through multi-view 3D reconstruction
and semantic segmentation, and decodes the deep cross-
ethnic cultural semantics within it, has become a funda-
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mental requirement in the intersection of heritage digital
protection and cultural computing.

Current research faces three specific challenges. First,
the ambiguity of geometric boundaries: the surfaces of
murals from various ethnic groups often show signs of
multiple repaintings and repairs, and the differences in the
particle size of mineral pigments used in the brushstrokes
of different ethnic groups and the polishing marks of the
ground layer are slight [7-8], making it impossible for
single-color imaging to distinguish the painting boundaries
and the order of chronological superposition. Multi-view
reconstruction generates a point cloud that records both
spatial coordinates and color values, where micro-relief
and stroke thickness variations induced by distinct min-
eral pigments are encoded as local neighborhood distribu-
tion patterns. Geometric processing of the point cloud re-
solves boundary ambiguity through these encoded features.
Second, semantic heterogeneity: the patterns, shapes, and
other cultural elements appearing in murals have their own
nomenclature and symbolic meanings in the iconographic
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traditions of different ethnic groups [9-10]. Heterogeneous
terms in archaeological documents have not been linked
to digital images at the pixel level, making cultural origin
tracing rely on expert experience. Third, the lack of dynamic
correlation: the physical aging process of mural materials
(such as pigment blackening and ground layer cracking)
directly affects the identification characteristics of cultural
symbols [11-12]. Existing systems separate environmental
monitoring data from image semantic analysis, losing in-
formation on the dynamic impact of material state changes
on the confidence level of cultural semantic discrimination
[13-14]. To address the aforementioned challenges, some
studies have attempted to segment the outlines of murals
using deep learning networks [15-16]. However, this type of
supervised learning method struggles to handle regions with
unclear boundaries where styles vary across different ethnic
groups [17]. Some scholars have constructed knowledge
graphs (KGs) for murals of specific themes, associating
image tags with knowledge entries [18-19]. However, the
entity extraction process is independent of the DT model
of the mural, and high-precision grid vertices cannot be
automatically mapped to knowledge graph nodes [20]. Other
studies have used DT technology to simulate the cave
microenvironment [21-22]. However, the twin only transmits
geometric coordinates and temperature and humidity data,
without embedding a cultural semantic layer [23]. The
above methods are limited by the separation of geometry
and semantics: deep learning segmentation methods do not
establish a connection between segmentation results and
knowledge systems, KG construction does not utilize the
geometric boundary constraints of the 3D model, and DT
simulation does not introduce cultural semantic nodes. Each
of the three paths lacks a bidirectional alignment and joint
reasoning mechanism between the digital geometric model
and the knowledge semantic model.

This work defines cultural translation as the mapping
from digital twin geometric features and visual observa-
tions to structured semantic assertions within the knowl-
edge graph that encode cross-ethnic cultural knowledge.
To address the lack of cross-modal alignment between
the DT geometric model and the KG semantic model,
this paper proposes a multi-ethnic mural heritage cultural
translation method based on DT and KG. First, PointNet++
is used to perform ethnic style semantic segmentation on the
mural point cloud, outputting geometric features carrying
cultural tags from multiple ethnic groups, including Tibetan,
Mongolian, and Uyghur. Second, GAT and CCL are used
to map visual features and KG text nodes to a unified
embedding space. Finally, the physical state parameters of
the DT volume, dynamically simulated based on historical
meteorological data, are used as dynamic attributes and
input together with the KG into the R-GCN, outputting
structured cultural translation assertions. This paper con-
structs a DT-KG dual-domain alignment framework, real-
izing a closed-loop cultural translation from geometric per-
ception to semantic reasoning. The dual-domain alignment
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framework can provide quantitative evidence for preventive
conservation decisions of mural heritage and provide an
engineering paradigm for the establishment of cross-modal
digital archiving standards.

Il. DUAL-DOMAIN JOINT TRANSLATION METHOD
A. SEMANTIC SEGMENTATION OF ETHNIC STYLE
POINT CLOUDS BASED ON POINTNET++
The DT branch serves as the geometric basis for cultural
translation, with data flow beginning with multi-view image
acquisition. Image sequences are reconstructed into 3D point
cloud data using SfM (Structure from Motion) technology
[24-25]. The original point cloud undergoes statistical fil-
tering to remove outliers, and point cloud density is unified
through voxel grid downsampling. The processed point
cloud data then enters the PointNet++ network for semantic
segmentation of ethnic style point clouds. This segmenta-
tion yields geometric features tagged with ethnic labels,
providing the foundational geometric basis for the subse-
quent knowledge graph alignment. This network utilizes a
multi-layer ensemble abstraction structure to extract local
neighborhood geometric features. The ensemble abstraction
layer consists of sampling, grouping, and feature extraction
steps. Max pooling aggregates feature information within
local regions.

The feature aggregation process is expressed as:

F, = ?é%f{MLP(pi, fi)} ()

F}, represents the aggregated feature vector of the k-th
local region; max represents element-wise max pooling;
Si represents the neighborhood point set based on the
centroid; p; is the spatial coordinate of the ¢-th point in the
neighborhood; f; corresponds to the initial feature vector
of the point; MLP (Multi-Layer Perceptron) is the mapping
function.

The encoder downsamples layer by layer and increases
the feature abstraction level. The decoder recovers the
point cloud density through interpolation and propagates
high-level semantic features to the original resolution. The
network training process uses the cross-entropy loss function
to optimize the parameters. The loss is calculated as follows:

C
Loeg =— Y _ yelog(ge) )
c=1

L.q represents the total semantic segmentation loss; C' is
the total number of ethnic style categories; y. represents the
true label indicator variable for the c-th class; ¢j. corresponds
to the probability value of the c-th class predicted by the
network.

The network output layer calculates the probability distri-
bution of each point belonging to the Tibetan, Mongolian,
or Uyghur ethnic style, thereby generating a semantic seg-
mentation result carrying an ethnic style label (each point
obtains a category corresponding to the highest probability)
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[26-27]. This result can be regarded as a pointwise map-
ping from the geometric-color space to the ethnic semantic
space. This result can be regarded as a pointwise mapping
from the geometric-color space to the ethnic semantic
space. Local neighborhood distribution patterns in the point
cloud encode micro-relief and stroke thickness variations
induced by distinct mineral pigments and ground layer
processing techniques of each ethnic group. These geometric
features directly correspond to ethnic stylistic attributes.
The PointNet++ local feature aggregation module learns
statistical associations between these patterns and expert-
annotated labels without relying on pre-labeled metadata.
The mapping from low-level geometric measurements to
high-level semantic labels thus emerges from data-driven
feature extraction and classification.

The point cloud segmentation label is mapped and passed
to the vertices of the mesh model generated by reconstruct-
ing the Poisson surface. Based on the highest probability cat-
egory label of each vertex in the segmentation result, the DT
volume is divided into independent ethnic style sub-mesh.
The sub-mesh retains the original topological connectivity
and texture mapping information. The segmented sub-mesh
and its texture image patch form the visual input that bridges
the digital twin geometry to the knowledge graph semantic
nodes.

Figure 1 consists of a DT branch, a KG branch, a cross-
modal alignment module, and a joint inference component.
The DT branch reconstructs the point cloud and performs se-
mantic segmentation using SfM technology. The KG branch
stores entity relationships using RDF (Resource Description
Framework). GAT and CCL complete the visual-semantic
mapping. R-GCN combines dynamic physical parameters
to generate cultural translation assertions. Data flow runs
through the four modules, forming a closed-loop processing
chain.

B. KG CONSTRUCTION FOR MULTI-ETHNIC MURALS
The KG branch is constructed independently of the DT
branch. During the ontology design phase, based on the
Complete Collection of Dunhuang Murals and archaeolog-
ical documents on murals from multiple ethnic groups,
three cultural concept systems—Tibetan, Mongolian, and
Uyghur—are defined. There are 4 types of entity categories:
ethnicity, motif, pattern, technique. The entity categories
of motif are classified into 3 subcategories respectively:
religious narrative, production and daily life, decorative
borders. The entity categories of pattern are classified into
corresponding type according to ethnic traditions, for exam-
ple, Tibetan Eight Auspicious Symbols, Mongolian Cloud
Patterns, Uyghur Plant Patterns, etc. Technique entities
record mineral pigment types, brushstroke characteristics,
and ground treatment techniques.

In the phase of the definition of relationship type, two
kinds of semantic connection type are defined: inheritance
and fusion. The inheritance relationship represents the his-
torical transmission path of the cultural entities within the
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same ethnic group while the fusion relationship represents
the historical borrowing of patterns and technique exchange
between different ethnic groups. The instances of rela-
tionship between individuals are manually annotated from
archaeological information and mural iconography. Class
hierarchy and attribute constraint are finished in ontology
editing by using Protégé tool.

The entity extraction and instantiation process follows
these rules: Each entity node corresponds to an instance of
a recognizable cultural element in a mural. Node attributes
include ethnic affiliation, era, cave number, and spatial
coordinate range.

The semantic organization of the knowledge graph is
presented through a hierarchical structure of ontology and
instance layers. Figure 2 shows the ontology structure and
instance fragments of the multi-ethnic mural knowledge
graph.

Figure 2 shows the ontology layer on the left and the
instance layer on the right. The ontology layer uses a
tree structure, containing four entity types: ethnicity, motif,
pattern, and technique. The ethnicity type is further divided
into three sub-categories: Tibetan, Mongolian, and Uyghur.
The motif type is divided into three subcategories: religious
narrative, production and daily life, and decorative borders.
The pattern type displays the corresponding ethnic patterns.
The technique type displays mineral pigments, brushstroke
characteristics, and ground treatment. Inheritance relation-
ships between types in the ontology layer are indicated by
solid arrows, and fusion relationships by dashed arrows. The
instance layer on the right presents specific examples of
mural cultural elements in a diagram structure, with each
instance node filled with a different color according to its
entity category. Inheritance relationships within the same
ethnic group are connected by solid blue lines, and fusion
relationships across ethnic groups are connected by dashed
red lines. The instance mapping is indicated by a gray
dashed arrow between the ontology layer on the left and
the instance layer on the right.

C. VISUAL-SEMANTIC ALIGNMENT BASED ON GAT
AND cCL

The mapping process between ethnic-style sub-mesh image
blocks and KG text nodes of multi-ethnic murals relies on
GAT and CCL to construct a unified embedding space.
KG is stored using RDF, with entity sets encompassing
ethnicity, motifs, patterns, and techniques, and relation sets
defining inheritance and fusion semantic connections. The
graph structure is represented as G = (V, E), where V
represents the set of entity nodes and E' represents the set
of relation edges. The text encoder uses GAT to aggregate
neighbor node information to generate text vectors, and node
feature updates depend on attention coefficient calculation.

62 =0 Z OéijWBj (3)
JEQ;
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using softmax. W represents the trainable weight matrix;
o represents the nonlinear activation function; e; represents
the neighbor node embedding vector.

Image patch feature extraction uses a residual network
to process the output ethnic-style sub-mesh texture image.
Visual feature vectors and text vectors are mapped to a
shared dimension space via independent projection layers.
The projection operation is implemented through a linear
transformation, and the projected vectors are L2 normalized
to use cosine similarity as a distance metric. The parameters
of the visual projection matrix and the text projection matrix
are optimized independently.

The CCL framework calculates the similarity dis-
tance between matching image-text pairs. A normalized
temperature-scale cross-entropy loss function is used to
bring matching pairs closer and separate mismatched pairs
in the embedding space.
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L. represents the contrastive loss value; B represents
the batch size; sim represents the cosine similarity func-
tion; z} represents the visual feature embedding vector; 2]
represents the text feature embedding vector; T represents
the temperature scaling parameter.

Each aligned image patch is associated with a correspond-
ing KG subgraph, and the subgraph nodes carry updated
semantic embedding vectors. The KG semantic nodes are
updated via GAT and fed back to the DT volume segmen-
tation module. The semantic embedding vectors inversely
constrain the point cloud segmentation decision boundary,
forming a geometric-semantic bidirectional closed loop.

During training, gradients are backpropagated to update
the projection matrix and encoder parameters until the
loss function converges. The embedding space distribution
reflects the correspondence between visual features and
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semantic concepts.

D. R-GCN-BASED CULTURAL TRANSLATION
ASSERTION GENERATION

The aligned visual-semantic subgraphs constitute the static
topology of the R-GCN. The physical state parameters of the
DT volume, dynamically simulated based on historical me-
teorological data, are instantiated as dynamic attribute nodes
in the graph structure. Time-series data on temperature
gradient, relative humidity, and pigment aging constitute the
set of physical state parameters. Each relation type learns
an independent weight matrix in the neural network layers.
A message-passing mechanism aggregates neighbor node
information within a multi-hop neighborhood. The node
hidden state update process is driven by a combination of
linear transformations and nonlinear activation functions.

h§l+1) Z Z W(l)h(l) + W l)h(l)
r€R geNT nT
(&)
hgl) represents the feature vector of node ¢ in layer [;
R represents the set of relation types; N is the set of
neighboring nodes of node ¢ under relation r; ¢; , = |NT|
represents the number of neighboring nodes of node ¢ under
relation 7, used to normalize the aggregation result. W,«(l)
corresponds to the trainable weight matrix of relation 7;
Wél) is the self-looping weight matrix; o represents the
activation function.

The feature vectors of dynamic attribute nodes are up-
dated with time steps and participate in the above aggrega-
tion operation. After multiple convolutional operations, the
node embedding vector contains static cultural semantics
and dynamic physical state information. The confidence
scores of candidate cultural translation assertions are gener-
ated through mapping by fully connected layers. The output
layer projects the node embedding vectors onto the assertion

space.

s, = softmax (Wouth,(fT) + bout) (6)

sy represents the confidence score of the k-th candidate
assertion; W,,; is the output layer weight matrix; h,(cT)
the embedding vector of node k in the last layer; b, is the
bias term.

Assertions with confidence scores higher than a preset
threshold are selected as the final cultural translation result.
The structured assertion output consists of a triplet of subject
entity, relational predicate, and object entity. The generated
structured assertions are directly input into the subsequent
experimental verification stage. The structured assertions
are back-mapped to the vertices of the DT volume grid,
updating the ethnic style label confidence distribution of that
vertex, realizing the dynamic correction of the geometric
model by the semantic reasoning results.
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lll. EXPERIMENT CONFIGURATION AND DATASET
CONSTRUCTION

Experimental data are sourced from the International Dun-
huang Project (IDP) and the Digital Dunhuang image
database [28-29], Digital achievements of the murals in the
tomb of Prince Zhanghuai of Tang Dynasty. Point cloud
data underwent a preprocessing process, with the voxel grid
downsampling side length set to 0.005 meters, resulting in
a point cloud density of approximately 50,000 points per
square meter.

The experimental data were selected from the digitization
of Tang Dynasty tomb mural heritage. Original mural im-
ages were reconstructed into point cloud data through multi-
view 3D reconstruction, and then processed using statistical
filtering for noise reduction and voxel mesh downsampling.
Some representative multi-ethnic mural experimental sam-
ples are shown in Figure 3.

Figure 3 shows three original mural images from the tomb
of Prince Zhanghuai of the Tang Dynasty. The images depict
a group of ladies in richly patterned clothing and a dynamic
hunting activity. The style showcases equestrian figures in
a line-drawing style. The images reveal the interwoven cul-
tural information of the multi-ethnic groups during the Tang
Dynasty. The original image data was transformed into point
cloud models using 3D reconstruction technology. Visual
information, including color, texture, and geometric details,
was preserved. The diversity of samples supports subsequent
semantic segmentation and knowledge graph construction
tasks. Multi-source data fusion technology enables the as-
sociation between geometric features and semantic infor-
mation. Experimental samples involve different themes and
styles. The research process verifies the applicability of
digital twin and knowledge graph methods.

The semantic segmentation of the point cloud is inde-
pendently completed by three mural research experts, with
annotation categories including Tibetan, Mongolian, and
Uyghur ethnic styles. Inter-expert annotation consistency is
evaluated using the Kappa coefficient, which is 0.87. The
dataset is divided into training, validation, and test sets in a
7:2:1 ratio.

KG construction is based on the publicly available lit-
erature, Complete Collection of Dunhuang Murals [30-31],
and entity and relation definitions are completed using the
Protégé ontology editing tool.

Dynamic environmental parameters are generated using
publicly available historical meteorological data from Na-
tional Oceanic and Atmospheric Administration (NOAA)
passed through a cave microclimate transfer model [32-33].
The transfer model maps macro-scale weather variables to
mural surface micro-environmental conditions using cave
wall thermal properties and air exchange rates as physical
constraints. Local temperature and humidity time series
computed by the transfer model drive the pigment aging
model to simulate blackening progression. Discrepancies
persist between NOAA macro-data and true cave micro-
climate. The experiment is based on accelerated aging
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FIGURE 3. Mural in the Tomb of Prince Zhanghuai of the Tang Dynasty

simulation of macro trends, and accurate twinning relies on
on-site sensor data. Time-series data on temperature gradi-
ent, relative humidity, and pigment blackening degree are
generated at a daily sampling frequency. The aging model
parameters are set based on accelerated aging experimental
data of mineral pigments.

The experimental environment consisted of an NVIDIA
RTX 3090 graphics processor and the PyTorch framework.
The mloU (mean Intersection over Union) metric is used for
point cloud semantic segmentation. The recall rate (Hit@K)
is used for cross-modal alignment. The F1 score is used
for cultural translation assertion generation. The comparison
methods are shown in Table 1. All comparison methods used
the same dataset and training/validation split ratio as the
method presented in this paper.

Table 1 shows four comparison methods covering
two task dimensions: point cloud semantic segmentation
and knowledge reasoning. Point-MAE (Point-Masked Au-
toencoder) and CLIP (Contrastive Language-Image Pre-
Training) are point cloud segmentation pre-training meth-
ods, used to verify the performance of the proposed Point-
Net++ in fine-tuning and zero-shot scenarios, respectively.
SAM (Segment Anything Model) projects the segmentation
results of the 2D base model to 3D, contrasting it with
the direct point cloud segmentation. TGN (Temporal Graph
Network) serves as the dynamic graph reasoning baseline,
comparing its generation performance with the proposed R-
GCN for cultural translation assertions. The operating en-
vironment and data partitioning of all comparison methods
are consistent with the proposed method.

IV. RESULTS ANALYSIS

4204

A. POINT CLOUD SEMANTIC SEGMENTATION
ACCURACY ANALYSIS

The ambiguous geometric boundaries of multi-ethnic mural
heritage pose challenges to style recognition. This study
constructs a point cloud semantic segmentation experiment
based on DT volume to quantitatively evaluate the clas-
sification accuracy of different ethnic style regions. The
experiment chooses Tibetan, Mongolian and Uyghur styles
as semantic class. Statistics based on confusion matrix
can analyze the mapping relationship between true label
and predicted label, and reflect the discriminative ability
of model in style transition zone. mloU index represents
the overall performance, and confusion matrix can show
the confusion situation between different categories, which
reflects the historical fusion phenomenon of adjacent eth-
nic style and causes misclassification. The comparison of
proposed method with mainstream baseline model on test
set, can reflect the discriminative ability of local feature
aggregation module on geometric difference between local
feature.

Figure 4 shows the normalized confusion matrices of the
four methods on the ethnic style point cloud segmentation
task. The diagonal values represent the proportion of correct
classifications, while the off-diagonal regions indicate the
degree of style confusion.

Fig. 4(a), method accuracy for Tibetans is 88.45% and for
Mongolians is 86.70%, and for Uyghurs is 94.35%. Note
that, off-diagonal region value is about 8% for Tibetan and
Mongolian style confusion, which is induced by the blend-
ing of historical styles and thus blur geometric boundaries.

Fig. 4(b) is the method accuracy of Point-MAE, method
accuracy for Tibetans is 81.20% and confusion on Tibetan
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TABLE 1. Summary of Comparison Methods

Comparison Methods Core Principles

Evaluation Indicators Features

Point-MAE [34] Masked autoencoders are used for self-supervised pre-training of point mloU Suitable for pre-training of
clouds, followed by downstream fine-tuning of segmentation. large-scale point clouds.

CLIP2Point [35] Transfer CLIP text-image alignment knowledge to 3D point clouds. mloU, Hit@K Zero-sample transfer capability.

SAM [36] Backprojection of 2D SAM segmentation results to 3D point cloud mloU Depends on 2D segmentation
segmentation. accuracy.

TGN [37] Temporal graph neural networks process dynamic attribute nodes. F1 value Support for continuous-time

dynamic graphs.
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FIGURE 4. Comparison of semantic confusion matrices for point cloud semantic segmentation in multiple ethnic styles: (a) Proposed
Method; (b) Point-MAE; (c) CLIP2Point; (d) SAM

and Mongolian style is 14.55%. Due to the poor matching
between pretrained features of mask autoencoder and local
geometry of the mural, the discriminative ability decreases.
In Figure 4(c), the accuracy of CLIP2Point for Tibetans
drops to 78.50%, and the confusion rate between Tibetans
and Mongolians reaches 16.20%. The zero-shot transfer
strategy struggles to adapt to the subtle geometric differ-
ences in specific ethnic patterns. Figure 4(d) shows that
the accuracy of SAM for Tibetans is 72.10%, and the
confusion rate between Tibetans and Mongolians is 20.50%.
The loss of depth information during the backprojection
of the 2D segmentation results to 3D causes the highest
misclassification rate. The proposed method enhances the
identification of subtle geometric differences through the
PointNet++ local feature aggregation module, reducing the
probability of misclassification in style transition zones.
High-precision segmentation of the DT volume geometric
basis provides a reliable basis for subsequent cross-modal
cultural translation.

B. CROSS-MODAL VISUAL-SEMANTIC ALIGNMENT
ANALYSIS

The cross-modal alignment results validate the mapping
quality between DT volume visual features and KG semantic
nodes. The DT geometric basis provides visual input. The
experiment uses t-SNE (t-Distributed Stochastic Neighbor
Embedding) to project high-dimensional embedding vectors
onto a two-dimensional plane to observe the distribution
of different cultural entity categories. The categories to
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be analyzed cover Tibetan clothing, Mongolian clothing,
Uyghur patterns, and religious implements. These entities
represent significantly different cultural symbols in murals
from multiple ethnic groups. The cluster density and inter-
class separation in the embedding space directly reflect the
ability of the GAT and CCL modules to eliminate semantic
heterogeneity. The coordinate axis dimensions represent
the feature components after dimensionality reduction, and
the scatter point positions indicate the relative distance of
samples in the unified semantic space. The comparison
results of the distribution patterns are shown in Figure 5.
Figure 5(a) shows the feature space state without the
introduction of contrastive learning constraints, based on
the baseline model embedding distribution. Tibetan clothing
samples are distributed over a range of 10 units along
the horizontal axis, while Mongolian clothing and Tibetan
clothing regions show visual overlap, indicating that se-
mantic heterogeneity leads to a large distance between the
embedding vectors of similar entities. Figure 5(b) shows the
embedding distribution of the proposed method, exhibiting
a tight clustering pattern. On the horizontal axis, the co-
ordinates of the clothing sample come from Tibetan, and
the range of values converges to -10.45 to -9.89, decreasing
the intra-class variance. The four domains occupy separate
quadrants, and the religious artifacts and Uyghur patterns
are well separated. GAT aggregation of neighbor node infor-
mation enhances semantic representation consistency, CCL
shortens the distance between matched image-text pairs.
The temperature scaling parameter improves the accuracy
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(a) Baseline Embedding Distribution

(b) Proposed Method Embedding Distribution
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FIGURE 5. Visualization of the spatial distribution of cross-modal visual-semantic alignment embeddings: (a) Baseline Embedding
Distribution; (b) Proposed Method Embedding Distribution

of the similarity measurement and promotes the separation
of the mismatched pairs in the embedding space. Structured
separation of feature space proves that the dual-domain
alignment framework can effectively solve the problem of
referential heterogeneity.

C. STABILITY ANALYSIS OF CULTURAL TRANSLATION
ASSERTIONS

To study the influence of changes in the physical state
of mural materials on semantic reasoning, this study per-
forms an experiment to evaluate the sensitivity of cultural
translation assertions. The experiment uses F1 score as
the basic evaluation index to measure the accuracy and
completeness of structured assertion generation. This in-
dex balances precision and recall and is applicable to the
performance evaluation of data distribution with imbalance.
The compared models are the method in this paper, which
contains dynamic physical attribute nodes; a static baseline
model without dynamic attributes; and a time-series graph
neural network baseline. By simulating the accelerated aging
process of murals and different levels of environmental
stress, the fluctuations in model performance over time and
stress are observed.

In Figure 6, the shaded area represents the standard
deviation of multiple independent experiments. The line
trend denotes the model performance change trend under
different time spans and stress levels. Solid and dashed lines
denote different methods and marked points denote the mean
at certain time/stress level, respectively. The horizontal axis
denotes the number of simulated aging days and environ-
mental stress level, respectively. The vertical axis denotes
the F1 score of assertion generation.

Figure 6(a) illustrates the necessity of dynamic param-
eters. The F1 score of the proposed method decreased
from 0.912 to 0.865, and the static baseline decreased
from 0.910 to 0.642. The static model lacks dynamic
physical parameters, making it difficult to adapt to pigment
blackening and leading to performance degradation. The
static baseline decline accelerated after 200 days, due to
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the nonlinear characteristics of material aging. The pro-
posed method incorporates dynamic properties to maintain
stability. Figure 6(b) illustrates robustness. At stress level
5, the proposed method has an F1 score of 0.848, and
the TGN baseline is 0.726. KG static semantics constrain
dynamic noise. The shaded area is narrower in the proposed
method, with the standard deviation remaining below 0.021.
The TGN baseline standard deviation widened to 0.047,
due to the sensitivity of the pure data-driven model to
noise. The dual-domain alignment framework utilizes static
cultural relationships to suppress environmental fluctuations,
while dynamic physical nodes compensate for material state
changes in real time. This mechanism ensures that cultural
translation assertions maintain high confidence in long-term
simulations. Introducing dynamic physical parameters is
necessary to maintain the stability of semantic inference.

V. CONCLUSION

The dual-domain alignment model developed in this paper
benefits from joint inference between DT geometric model
and KG semantic model. The local feature aggregation mod-
ule of PointNet++ can aggregate the subtle geometric differ-
ence and suppress the ambiguity of ethnic style boundary.
GAT with CCL can eliminate the semantic heterogeneity
and obtain correct mapping from visual feature to text node.
R-GCN can integrate dynamic physical state parameter
and improve the stability of cultural translation assertion
in material aging process. Experimental data show that
this method outperforms existing baseline models in point
cloud segmentation accuracy and cross-modal alignment.
The introduction of dynamic attribute nodes suppresses en-
vironmental fluctuation interference, maintaining high con-
fidence in semantic inference during long-term simulations.
This result supports preventative conservation decisions for
mural heritage and provides an engineering paradigm for
establishing cross-modal digital archiving standards. This
technological approach promotes the development of the
intersection of heritage digital conservation and cultural
computing. The dual-domain joint mechanism compensates
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FIGURE 6. Stability of cultural translation assertions under dynamic environmental simulation: (a) Necessity of Dynamic Parameters;
(b) Robustness under Environmental Stress

for the lack of bidirectional alignment between digital geo-
metric models and knowledge semantic models, providing a
new perspective for decoding deep information in complex
cultural heritage and extending the technological boundaries
of cultural heritage digital conservation.
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