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Visual information identification and Q&A
of intangible cultural heritage inheritors
by using enhanced Graph-Retrieval
framework
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Visualbusinesscardsprovideadigitalmediumforpresenting informationon intangibleculturalheritage (ICH)
inheritors. Accurately recognizing these cards allows the extraction of key details that, when combinedwith
large language models, support semantic understanding and contextual reasoning to generate enriched
cultural content. This study introduces a Graph-Retrieval framework that integrates graph-based methods
with retrieval-augmented generation for visual information recognition and ICH-related question answering.
A dataset of Chinese ICH inheritors’ visual cards was built, covering 10 information types. To enhance
extraction robustness, graph feature enhancement is applied through semantic recognition, random node
masking, and edge deletion, while positional attention captures spatial relationships. A complementary
Loop-RAG strategy dynamically integrates external knowledge with inner-outer loop retrieval. Experiments
show the Graph-Retrieval framework surpasses benchmarks on multiple datasets, achieving a macro-
averageF1of 0.928,with ablation studies validating feature enhancements. Loop-RAGalso excels in report
generation, question answering and few-shot conditions.

Intangible Cultural Heritage (ICH) includes social practices, performing
arts, festivals, traditional knowledge and skills, as well as related tools,
objects, handicrafts, and cultural spaces. It is a living form of culture that is
continuously preserved and renewed through intergenerational transmis-
sion within communities1,2. As a carrier of historical memory and cultural
identity, ICH reflects the cultural accumulation of a country or region and
plays an important role in cultural continuity and dissemination3. ICH
inheritors are the primary holders of relevant knowledge and skills. The
systematic recording and dissemination of their information are funda-
mental to both ICH protection and public understanding4. With the
increasing application of digital technologies in the cultural sector, ICH is
gradually moving toward digitalization and platform-based dissemination.
In this process, the digital storage and recognition of information related to
ICH inheritors have become key components of ICH digitization efforts5.

Among different digital carriers, text remains the most basic form of
information representation.Visual business cards further complement textual
information through layout and visual cues, enabling more intuitive
presentation6. Visual business cards of ICH inheritors typically contain per-
sonal information, project names, and regional attributes, which facilitate
information access and public awareness when shared on online platforms

and social media7. However, accurately extracting such information remains
challengingdue toheterogeneousdata sources andhighlydiverse layout styles.

Visual Information Extraction (VIE) offers a technical solution for
converting document images into structured information. Existing studies
have demonstrated that jointlymodeling textual content, spatial layout, and
visual features enables effective recognition of key document fields8. As an
extension of traditional text information extraction,VIE explicitly considers
the joint semantic structure formed by text and layout in document
images9,10, and has been widely applied to structured document scenarios
such as invoices and web pages11–13. Introducing VIE into ICH inheritor
visual business cards can therefore support the automatic extraction of core
information, including names, project titles, and regions. At the same time,
the rapid development of Large LanguageModels (LLMs) has providednew
opportunities for understanding and querying ICH-related information.
Models such as ChatGPT, Llama, and ChatGLMhave demonstrated strong
capabilities in semantic understanding and contextual reasoning across a
wide range of language processing tasks14,15. In the context of ICH dis-
semination, LLMs can interpret domain-specific content and enable on-
demand information access through question-answering interactions,
thereby enhancing user engagement and experience16,17.
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From a methodological perspective, VIE research has evolved from
rule-based approaches to grid-based methods, deep learning models, and
graph-based representations. Early methods relied primarily on hand-
crafted rules and template matching to parse document structures18–20.
While effective for fixed-format documents, these approaches were highly
sensitive to layout variations. Grid-based methods, such as Chargrid,
BERTgrid, and their extensions, improved document structure modeling
through two-dimensional representations21–24, but still suffered perfor-
mance degradation in complex layouts or low-quality images. End-to-end
deep learning methods further enhanced feature representation and
robustness under sparse or noisy conditions25–29. For example, the BROS
model encodes two-dimensional positional information to better handle
unordered documents30, and subsequent studies introduced retrieval
mechanisms and layout-aware architectures to improve semantic
modeling31,32. However, these methods mainly focus on local feature
learning and have limited capacity to capture global structural relationships.

To address this limitation, graph-based approaches have been
increasingly adopted inVIE tasks. Thesemethods explicitlymodel text units
as nodes and represent spatial or semantic relationships through edges33.
Prior studies indicate that graph-basedmodels offer advantages in handling
complex layouts and cross-style document scenarios34–37.Nevertheless,most
existing approaches rely on static graph structures, which struggle to adapt
to layout variations across platforms and usage contexts. This rigidity also
restricts themodel’s ability to dynamically capture contextual relationships.

These limitations highlight the need for more flexible VIE frameworks
that can incorporate contextual reasoning, handle incomplete information,
and adapt to diverse document styles. Large language models provide pro-
mising solutions in this regard. Their strong semantic understanding, cross-
domain generalization, and generative abilities make them particularly sui-
table for tasks involving unstructured or partially structured information38.
Recent studies have explored the integration of LLMs into cultural heritage
applications. Dai et al. combined diffusionmodels with LoRA to improve the
recognition of paper-cutting art images39. Liu et al. applied LLMs to ancient
book processing using prompt engineering and retrieval-augmented gen-
eration, enhancing semantic analysis40. Zhang et al. proposedArchGPT as an
intelligent agent for traditional building preservation, achieving high task
satisfaction and response rates41. Xu et al. integrated knowledge graphs with
retrieval-enhanced generation to support ICH question answering, improv-
ing reasoning coherence and interpretability42. Additional research has
demonstrated the effectivenessofLLMs incultural topic classification43 and in
domain-specific question answering when supported by retrieval and
prompting strategies44. Despite these advances, significant challenges remain.
Bouchra et al. reported that ChatGPT-based ontology construction forworld
heritagemay fail when contextual cues are implicit, highlighting the necessity
of external knowledge integration to improve reliability45.Ayash et al. showed
that LLMperformance declinesmarkedlywhen addressing region-specific or
highly specialized cultural questions, even for advancedmodels such asGPT-
4 and DeepSeek46. These findings expose persistent issues, including hallu-
cinations, limited understanding of domain-specific terminology, and the
high computational cost of fine-tuning. Moreover, existing retrieval-
augmented generation frameworks are largely static and lack mechanisms
for dynamically optimizing knowledge selection during multi-round inter-
actions. Therefore, how to effectively structure, update, and integrate external
ICH knowledge into LLMs remains an open research question and a critical
prerequisite for achieving accurate, reliable, and efficient ICH information
extraction and question answering.

Although visual information extraction and large language models
have advanced rapidly in recent years, significant challenges remain in
applying these techniques to the recognition of ICH inheritors’ visual
business cards.

First, ICHvisual documents suffer from strong heterogeneity and poor
cross-scenario generalization. Most dissemination platforms lack standar-
dized and large-scale datasets of inheritors’ visual business cards, and
existing datasets are limited in size and annotation consistency. Many
platforms provide only basic fields, such as names and project titles, while

omitting key information, including skill characteristics, representative
works, and inheritance lineage, leading to insufficient semantic coverage.
Moreover, existing methods often rely on fixed graph structures to model
spatial relationships, which struggle to generalize across the highly diverse
layouts of ICH visual business cards from different regions and platforms.

Second, the professional and context-dependent nature of ICH
knowledge poses challenges for semantic modeling. ICH terminology is
highly region-specific and context-sensitive, requiring fine-grained con-
textual understanding. For example, “horse riding (走马)” in Shaanxi
shadow puppetry denotes a specific performance technique rather than a
general concept. Without incorporating cultural and historical context,
models may misinterpret such terms, causing semantic loss. Similar issues
arise for many skill names when detached from their original contexts,
reducing interpretability and practical value.

Third, large language models face limitations in generation
reliability and domain adaptation. In the ICH domain, LLMs are prone
to hallucinations when handling unfamiliar terminology or complex
cultural backgrounds, which undermines information credibility. In
addition, adapting LLMs to specialized ICH knowledge is costly due to
their large parameter sizes and the need for high-quality domain
corpora and substantial computational resources, limiting their prac-
tical deployment.

To address these challenges, this study proposes an enhanced Graph-
Retrieval framework for information recognition and question answering
on ICH inheritors’ visual business cards. In the recognition stage, a graph
structure enhancement method is introduced to improve cross-domain
adaptability to heterogeneous visual business cards. In the question-
answering stage, a Loop-RAG strategy is employed to mitigate hallucina-
tions in large language models, enabling more accurate reasoning and
semantic completion of ICH knowledge. The main contributions of this
work are summarized as follows.
(1) A dataset of 5237 visual business cards of Chinese ICH inheritors is

constructed. Each card contains 10 categories of information, including
project ID,projectname, inheritorname, location, andprojectdetails, etc.

(2) A graph feature enhancement method is proposed for accurate ICH
visual information extraction. The method integrates semantic feature
extraction, random node masking, random edge deletion, and a posi-
tional attention mechanism. It achieves an F1 score of 0.928 on the
proposed dataset and consistently exceeds 0.9 in F1 across five public
benchmarkdatasets, demonstrating strong cross-scenario generalization.

(3) Construct an improved retrieval-augmented generation strategy
(Loop-RAG). By combining external ICH knowledge, contextual
prompts, and prompt engineering, and adding inner-outer loops to
optimize the retrieval process, it effectively reduces the model’s
hallucination risk and significantly improves the accuracy and integrity
of generation results. The BLEU, METEOR, and ROUGE-L values for
the report generation task are 21.50, 22.10, and 23.80, respectively. The
F1 value in the question-answering task can reach 0.941, and it still has
a relatively excellent performance in the few-shot situation.

Methods
This study addresses the research challenges existing in the recognition and
questionansweringof visual business cardsof inheritors in the context of the
vertical field of ICH, including insufficient visual business cards, inadequate
representation of context semantics, and the problemof question answering
illusion in LLMs. It proposes an ICH information recognition and question
answering framework based on enhancedGraph-Retrieval. This framework
not only achieves precise recognition of multi-category information in
visual business cards but also enhances the credibility of text generation
from LLMs in ICH scenarios through a Loop-RAG strategy. It is mainly
divided into data acquisition and processing, graph feature enhancement,
output module and Loop-RAG enhancement module. The specific process
is shown in Fig. 1.

Firstly, to address the limited data size, lack of unified annotation
standards, and significant layout variations in ICH visual business cards
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across different regions and platforms, this study constructed a large-scale
dataset of ICH inheritors’ visual business cards inChina. This dataset covers
ten core elements, including project number, project name, inheritor name,
skill characteristics, and work unit. Labels are standardized using a large
language model to assist with annotation and correction.

Secondly, recognizing that traditional fixed graph structures struggle
with heterogeneous document formats and layouts, this study introduces a
graph-feature-enhanced modeling approach. Specifically, a semantic
embeddingmethod combiningRoBERTa andBiLSTMcaptures text content
and contextual information, while graph-structured modeling represents
spatial dependencies among elements. Random node masking and edge
deletion strategies improve robustness, and apositional attentionmechanism
explicitly encodes element locations. This approach enhances adaptability to
diverse typographic structures, enabling robust recognition across scenarios.

Furthermore, to address the numerous specialized terms and context-
sensitive expressions found in ICH information, this study integrated
semantic embeddings, contextual features, and graph structure features into
a multi-source fusion, training the model using a two-layer graph con-
volutional neural network (GNN). Through regularization using dropout
and fully connected layers, themodel accurately predicts themulti-category
information in visual business cards and ensures that the extracted results
remain consistent with the ICH knowledge system, thus avoiding semantic
fragmentation caused by a lack of context.

Finally, to address the hallucination risks and high domain adaptation
costs of large language models in ICH contexts, this study proposes an
improved RAG strategy, Loop-RAG. Unlike traditional RAG methods,
which rely solely on external knowledge retrieval and prompt design, Loop-
RAG introduces a dynamic reasoning mechanism based on context

engineering. Using a collaborative inner-outer loop structure enhances
knowledge utilization efficiency and generation controllability in the ICH
domain. In thismechanism, the inner loop handles immediate retrieval and
decision-making. The inner loop is responsible for immediate retrieval and
decision-making. That is, during the generation process, the model dyna-
mically judges whether the current information is sufficient based on the
input context and triggers targeted knowledge retrieval and reconstruction
prompts. The outer loop enables long-term optimization through cross-
session context accumulation. The model continuously records and ana-
lyzes retrieval paths, prompt combinations, and generation outcomes over
multiple rounds, gradually learning more effective information selection
strategies. By integrating inner-outer loop context engineering, Loop-RAG
not only reduces hallucinations in individual tasks but also improves cross-
scenario robustness.

Data acquisition and processing of ICH inheritors
The data for this study were primarily collected from the China intangible
cultural heritage platform (https://www.ihchina.cn/representative). We have
designed a three-stage annotation process:OCRextraction, LLMs automated
annotation, andmanual quality control. First, use PaddleOCR to identify the
text content in the image and precisely extract the two-dimensional coordi-
natesof this content.TheOCRaccuracywasevaluatedon the training set, and
the results showed that the character accuracy rate reached 95.2%. Subse-
quently, the LLMs were used to set a prompt to classify the text information
extracted by OCR, totaling 10 types of tags, namely project, project name,
region, inheritor’s name, gender, occupation, date of birth, work unit,
applyingunit, andproject description. Subsequently, a teamcomposed offive
experiencedannotatorsmanually reviewedall theLLMs' annotation results to

Fig. 1 | Graph-Retrieval model research framework.
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identify and correct the erroneous results generatedby theLLMS.Toquantify
the quality of annotations, we selected 30% of the samples for cross-review.
The calculatedKappa coefficient between annotators was 0.87, which proved
the high consistency and reliability of the dataset. The results of data category
annotation are shown in Table 1.

Based on the collected data, a total of 5237 visual business cards of ICH
inheritors in China were successfully constructed. At the same time, con-
sidering the imagedistortion causedbywear and tear inpractical use, 20%of
the images were subjected to wear and tear processing in the data. To
recognize the information in visual business cards, PaddleOCR was
employed to recognize the text content and obtain the spatial coordinates of
each element. Finally, the recognized text was highlighted with a red border
according to its coordinates. The resulting images, along with the label
annotations, are presented in Fig. 2,which includes the vertex coordinates of
OCR-recognized text, node numbers (0–9), business card text content, and
annotated labels.

Semantic feature extraction
Through semantic extraction methods, feature representations of text
content in visual business cards can be obtained, such as text embeddings of
inheritors’ names, inherited project names, etc., which can be used as input
features for training themodel. To extract text embeddingsmore accurately,
this section constructs a lexicon of ICH inheritors and semantic extraction
methods.

ICH usually contains rich professional terminology and specific cul-
tural background knowledge. Some general corpora of pretrained models
may not fully capture the deep meanings of ICH terms. Building a pro-

prietary lexicon of ICH information can better adapt to the specific context
of ICH texts, prevent semantic ambiguity, and improve the accuracy and
relevance of word embeddings. Therefore, based on the collected infor-
mation of ICH inheritors, Jieba word segmentation is used to segment all
texts, covering proprietary terms such as ICH names, regions, and skill
introductions, and avoiding segmentation errors through manual review.
Subsequently, remove duplicate content and eliminate irrelevant informa-
tion in the text, such as punctuation marks, numbers, and non-critical
particles. Ultimately, by numbering and sorting all the words, a dedicated
word bank containing 4875 unique terms in the field of ICH is constructed.
Some of the results are shown in Table 2.

Tomore accurately identify information on the visual business cards of
ICH inheritors, this study proposes an enhanced semantic extraction
method that addresses the unique complexity and specialized vocabulary of
the ICH domain.While pre-trainedmodels such as RoBERTa performwell
on general corpora, their generalization is limited when handling ICH texts
containing domain-specific terms (e.g., inheritor names, project titles,
locations), which can lead to semantic embedding biases. To overcome this,
a specialized ICHvocabulary is constructed and integratedwith RoBERTa’s
original vocabulary, enabling the model to fully capture domain-specific
terminology and generate more representative word embeddings. Based on
this fused vocabulary, the word embedding layer is further updated via
backpropagation using the encoder of a 12-layer Transformer model,
improving adaptation to the linguistic characteristics of ICH texts. Finally, a
BiLSTM network is employed to capture sequential relationships in long
text sequences, ensuring that subtle semantic differences in ICH informa-
tion are effectively learned. The overall process is illustrated in Fig. 3.

By re-standardizing the word numbers in the fusion vocabulary, cor-
responding searches are performed in the pre-trainedword embeddings, and
backpropagation is performed in the constructed model to continuously
update the word embeddings. The specific process is shown in formula (1):

vi ¼ RðLðindexðwiÞ;VÞÞ ð1Þ

Where vi is the word embedding vector of the word wi; indexðwiÞ is the
index number of the word wi in the summary lexicon;V is the constructed
word vector matrix, with the horizontal dimension being the number of

Table 1 | Data annotation category

Describtion Label Description Label

Project number Item Inheritor profession Career

Project name Item_name Date of birth Birthday

ICH region Area Inheritor’s workplace Work_unit

Inheritor name Name Inheritor application unit Application_unit

Inheritor gender Gender Project description Description

Fig. 2 | OCR identification results of visual business cards.
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word lists and the vertical dimension being the embedding dimension of
words; R is the RoBERTa pretrained model.

To fully capture long-range contextual dependencies in ICH texts, this
study employs a BiLSTM network as the sequence modeling module. Tra-
ditional RNNs often suffer from gradient vanishing when processing long
sequences and struggle to account for the influence of subsequent informa-
tion on current words. In contrast, BiLSTMprocesses text sequences in both
forward and backward directions, enabling a deeper understanding of con-
textual semantics in ICH visual business card information. For instance, an
inheritor’s skillsmaybe closely related to the regional description that follows.
By combining forward and backward LSTMs, entities such as names and
projects can be efficiently modeled, allowing the model to fully capture
contextual information and provide more accurate semantic representations
for downstream entity recognition and information extraction. The opera-
tional process of the BiLSTM network is illustrated as follows:

hft ¼ LSTMðXt; ht�1Þ ð2Þ

hbt ¼ LSTMðXt ; h
0
t�1Þ ð3Þ

Ot ¼ Concatð~ht ; h0t
 Þ ð4Þ

Wherehft represents forwardLSTMoperation, andhbt represents backward
LSTM operation. The result is obtained by connecting the output of hft
and hbt.

Random node masking
Visual business cards of ICH inheritors may contain incomplete informa-
tion due to image wear, digitization errors, or other factors, posing chal-
lenges for accurate information recognition. To address this, the study
introduces a random node masking strategy to enhance the model’s
robustness to noise. This method randomly masks certain node features in
the graph relationshipmatrix, forcing themodel to learn how to predict the
features or categories of masked nodes using incomplete or noisy infor-
mation. This approach not only reduces the risk of overfitting during
training but also improves generalization in practical applications. The
masking process involves randomly selecting a proportion of nodes from
the graph relationship matrix in each iteration, hiding their features, and
inputting the modified matrix into the GCN network for training, as
detailed in formulas (5)–(7).

Xmask ¼ X × ð1�maskÞ ð5Þ

mask ¼ Pðx ¼ kÞ ¼ 1

k

� �
σkð1� σÞ1�k ð6Þ

Hðlþ1Þmask ¼ σ ~D
�1

2~A~D
�1

2Xmask
ðlÞWðlÞ

� �
ð7Þ

WhereXmask is the result after randomnodemasking;X represents all node
features of the input model; mask is the masking node, which follows a
binomial distribution and has the same output dimension as the X
dimension; k is 0 or 1,where 1 representsmasking; σ is themaskprobability.

Random edge deletion
Given the relatively fixed spatial layout of information categories in ICH
inheritors’ visual business cards, the graph adjacency matrix tends to be
simple. To enable the model to learn more diverse graph representations,
this study introduces a random edge deletion strategy. By randomly
removing edges from the adjacency matrix during training, the structural
uncertainty of the graph is increased, allowing the model to learn more
varied graph patterns. This enhances the model’s adaptability to different
graph structures, improves its ability to handle previously unseen config-
urations, and strengthens overall robustness. Specifically, in each trainingT
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iteration, a proportion of edges is randomly selected from the adjacency
matrix and removed from the graph structure. The detailed calculation
process is as follows:

Suppose there is a graphG ¼ ðV ; EÞ, whereV is the set of nodes and E
is the set of edges jEj is the integer number of edges in the graph.

Firstly, the parameter p is introduced to represent the random edge
deletion probability, where 0≤ p≤ 1. The number of deleted edges is cal-
culated and rounded down.

num remove ¼ bp � jEjc ð8Þ

Next, randomly select num_remove indices from all edge indices, which
represent the set of indices for the edges that need to be deleted. Assuming
that the randomly selected index set is R ¼ fr1; r2; � � � ; rnum removeg, where
ri is the i� th randomly selected index and 1≤ i≤ num remove.

Subsequently, for each edge e ¼ ðu; vÞ 2 E, determine whether the
edgeneeds tobedeleted. If the index i of the edge isnot inR, itmeans that the
edge is not deleted, and a loop traversal is performed to construct the deleted
edge set E′.

E0 ¼ fe ¼ ðu; vÞ 2 Eji=2Rg ð9Þ

Finally, the set of deleted edges E0 is transformed into an adjacency
matrix eDremove and input into the GCN network for learning.

Hðlþ1Þremove ¼ σð~Dremove
�1

2~A~Dremove
�1

2HðlÞWðlÞÞ ð10Þ

Positional attention mechanism
Different visual information data have different positional distributions.
The positional attention mechanism incorporates the positional informa-
tion of nodes into the self-attention framework, enhancing node feature
representations. This allows the information extraction model to account
for node positions and better learn the dependency relationships between
different node orders. The positional encoding is computed using the
steady-state distribution of random walks, which reflects the global
importance of each node within the graph. By leveraging this distribution,
long-term interactions betweennodes and theoverall graph structure can be
captured, effectively encoding the global positional information of nodes.

Basedongraph relationshipmatrixA, construct the transitionmatrixP
of the graph. To control the global nature of the walk, add the restart
probability α and define a random walk transition matrix with restart, I is
the identity matrix:

P0 ¼ αP þ ð1� αÞI ð11Þ

By iteratively calculating the steady-state distribution π of the random
walk, theposition encodingpos canbeobtained.Namelypos ¼ πP0. Finally,
by incorporating positional encoding into the attention mechanism, the
model can ensure the learning of graph positional relationships.

AttentionðQ;K;VÞ ¼ softmax
ððQþ PosÞ× ðKT þ PosÞÞffiffiffiffiffi

dk
p !

V ð12Þ

WhereQ,K,V arematrix vectors obtained through linear transformation of
input data, and dk represents the dimension of K, which is used for
numerical scaling; Pos represents the position embedding.

Graph convolutional neural network and graph relationship
matrix construction
To effectively capture the network relationships among information in the
visual business cards of ICH inheritors, this study employs graph con-
volutional neural networks (GCNs). Traditional approaches often treat this
information as independent entities, ignoring inherent correlations and
limiting recognition accuracy. In contrast,GCNsmodel ICH information as
a graph, integrating entity nodes and their relationships to account for both
semantic and relational features. Specifically, GCNs aggregate feature
information from all first-order neighboring nodes using convolutional
kernels to generate the central node’s potential features, and employ pooling
operations to remove redundant information, ultimately learning efficient
node representations47. The core calculation formula of GCN is as follows:

Hðlþ1Þ ¼ σð~D�
1
2~A~D

�1
2HðlÞWðlÞÞ ð13Þ

WhereHðlÞ is the node feature matrix of the l � th layer,WðlÞ is the weight
matrix of the l � th layer, σ is the activation function, eA is the normalized
adjacent matrix considering node self-connection, and eD is the diagonal
matrix.

The graph relation matrix is used to depict the spatial structure rela-
tionship of different information categories in ICH visual business cards and
serves as the adjacency matrix of the GCN model. When constructing the
connection edges, this study adopts the more k-nearest neighbor (k-NN)
method to construct and calculate the connection relationship between
nodes. Specifically, after calculating the Euclidean distance for any pair of
nodes, select the top k nearest neighbors for each node to establish the initial
connection. The k-NN method is widely used in visual structure modeling
and spatial dependency learning. It can effectively improve the stability of
graph construction and is applicable tomore complex layout scenarios, such
as multi-column and cross-block. Considering that the layout of visual
business cards usually has a reading sequence from left to right and top to
bottom. This study introduces directional filtering on the basis of

Fig. 3 | Semantic extraction framework diagram.
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composition, that is, prioritizing the retention of neighbors located to the
right and below the current node, thereby ensuring layout consistency while
reducing unnecessary long-distance connections. The specific construction
process can be found in Algorithm 1.

Algorithm 1. Construction of Visual Business Card Graph with Direc-
tional k-NN

Input List of nodes where each node contains bounding box
diagonal corners (x1,y1), (x2,y2); integer k (number of
nearest neighbors)

Output Weighted adjacency dictionary graph_dict (convertible
to adjacency matrix)

1 Initialize empty dictionary graph_dict ← {}
2 for each src_idx, src_box in nodes do
3 src_cx ← (src_box.x1 + src_box.x2)/2, src_cy ←

(src_box.y1 + src_box.y2)/2
4 Initialize empty list candidates ← []
5 for each dest_idx, dest_box in nodes do
6 if dest_idx == src_idx then continue
7 dest_cx ← (dest_box.x1 + dest_box.x2)/2, dest_cy

← (dest_box.y1+ dest_box.y2)/2
8 distance ← √((src_cx − dest_cx)² + (src_cy −

dest_cy)²)
9 if dest_cx ≥ src_cx or dest_cy ≥ src_cy then
10 candidates.append((distance, dest_idx))
11 Sort candidates by distance ascending
12 knn ← candidates[0:k] // top-k nearest neighbors
13 Initialize empty list filtered_neighbors ← []
14 for each (dist, idx) in knn do
15 dest_box ← nodes[idx]
16 if dest_box.x1 > src_box.x2 or dest_box.y1 >

src_box.y2 then
17 filtered_neighbors.append(idx)
18 if filtered_neighbors is not empty then
19 graph_dict[src_idx] ← {idx: 1/dist for (dist, idx) in

knn if idx in filtered_neighbors}
20 Remove isolated nodes: graph_dict ← {u: v for u, v in

graph_dict.items() if v ≠ {}}
21 return graph_dict

Loop-retrieval augmented generation strategy
RAG enhances generative models’ ability to produce accurate and
rich text by retrieving high-quality existing information. However,
current RAG strategies are primarily static and lack a mechanism to
optimize the overall retrieval process. This study extends traditional
RAG by introducing inner and outer loop mechanisms, enabling
dynamic decision-making within a single task while progressively
accumulating optimal retrieval and prompt strategies over multiple
task iterations. The Loop-RAG process consists of three key steps:
knowledge base construction, inner-loop context fusion, and outer-
loop memory optimization. By tightly integrating dynamic infor-
mation retrieval with the generation process, the Loop-RAG strategy
enables precise question answering and rich descriptions of ICH
inheritor information. The detailed workflow is illustrated in Fig. 4.

Building the local RAG knowledge base: By collecting and organizing
structured and unstructured data in the field of ICH, a multidimensional
knowledge base covering the background, technical processes, representa-
tive figures, regional characteristics, and other aspects of ICH projects is
formed. Using m3e-base for vectorization, knowledge is transformed into
semantic vectors and stored in a vector database to support efficient simi-
larity retrieval. m3e-base maintains a superior Chinese semantic repre-
sentation effect while featuring lightweight characteristics.

Inner loop: context fusion and dynamic retrieval: In the generation
process, the model first forms a query vector based on the input question q
and the current context content Ct :

qt ¼ f encðq;CtÞ ð14Þ

Where f enc is the encoder and Ct represents the current task context. the
model retrieves the candidate document setDt ¼ fd1; d2; � � � ; dkg from the
knowledge base and calculates the similarity:

simðqi; diÞ ¼
qi � di
jjqijj jjdijj

ð15Þ

Subsequently, select Top-k documents as candidate knowledge and
fuse them to form context enhanced representations:

C0t ¼ gðCt ;DtÞ ð16Þ

Fig. 4 | Retrieval augmented generation framework.

https://doi.org/10.1038/s40494-026-02384-z Article

npj Heritage Science |          (2026) 14:113 7

www.nature.com/npjheritagesci


Then the model generates the response yt based on the enhanced
context. If a decrease in information gain is detected during the generation
process, the next round of adaptive re-retrieval will be triggered. The next
round of query vectors is updated through the reconstruction function h. By
iteratively updating qt , the model gradually optimizes the retrieval and
generation results in a single task:

qtþ1 ¼ hðqt ; yt;DtÞ ð17Þ

The inner loop terminates when the following conditions are met: the
similarity is too low, sim< 0:2, and the information gain is lower than the
threshold,4sim < 0:1.

Outer loop: optimization of long-termmemory and retrieval strategies:
Inmultiple rounds of tasks, themodel stores the query qt of each inner loop,
the candidate document set Dt , the generated result yt and its effect eva-
luation Et in the memory databaseM:

In multi-round tasks, the outer loop continuously learns the optimal
retrieval path by accumulating the retrieval and behavior of all tasks. For the
t � th task, themodel stores the retrieval sequence qt ;Dt ; yt

� �
generated by

the inner loop and its effect score Et in the memory M:

M ¼ fðqt ;Dt ; yt; EtÞgTt¼1 ð18Þ

The outer loop aims to maximize long-term performance and opti-
mizes the retrieval strategy π based on the memory database:

π� ¼ argmaxπEðq;yÞ�D;τ�π½Eτ � ð19Þ

Among them, π� represents the optimal strategy aftermultiple rounds
of optimization, and τ is the retrieval path of the inner loop. The outer loop
gradually leads the system towards a more stable and low-illusion retrie-
val path.

The outer loop terminates when any of the following conditions ismet:
the score gain of themost recentmultiple strategy optimizations is less than
the threshold (4E < 0.05); Reach the maximum number of outer
loops Tmax ¼ 10.

The generation phase: Finally, the model combines the optimized
contextual representation C0t with retrieval knowledge and inputs it into the
generative model G to obtain the results of ICH Q&A and content gen-
eration:

yt ¼ Gðqt ;C0t ; π�Þ ð20Þ

In conclusion, the loop-RAGmechanism effectively reduces the risk of
hallucinations and enhances the controllability of the generated content
through real-time dynamic retrieval in the inner Loop and optimized
learning in the outer loop.

Results
Experimental environment and evaluation metric
The experiments in this study were conducted on a high-performance
computing platform. The hardware environment included an Intel pro-
cessor (2.40 GHz, 16 cores) and two NVIDIA GeForce RTX 4090 GPUs
with 24 GB of video memory each, supporting large-scale parallel com-
puting and deep model training. The software environment consisted of
Windows 11, Python 3.9 as the primary programming language, and
PyTorch 1.13.1 as the deep learning framework, with GPU acceleration
enabled via CUDA 11.7.

The cross-entropy loss is selected as the loss function to measure the
difference between the true label and the probability distribution predicted
by the model. When there is a significant difference between the prediction
results of the model and the true labels, the cross-entropy loss will assign
higher loss values to these errors, thereby effectively guiding the model to
better approach the values of the true labels. The specific calculation process

is shown in formula (21).

Cross entropy ¼ 1
N

X
i

Li ¼ �
1
N

X
i

XM
c¼1

yic lnðpicÞ ð21Þ

Where M represents the number of classification categories, and yic
represents the sign function. Taking the binary classification task as an
example (with labels of 0 or 1), if the predicted sample label is equal to the
true category c, yic ¼ 1, Otherwise, yic ¼ 0. pic represents the probability
that the predicted sample i belongs to category c.

In addition, the confusion matrix, as an evaluation metric for mea-
suring the performance of classification models, consists of four categories:
true examples (TP); False positive cases (FP); False counterexample (FN);
True Counterexample (TN). Based on the confusionmatrix, the calculation
of four basic evaluation index, namely precision (pre), recall, and F1 value,
can be calculated as follows.

pre ¼ TP
TP þ FP

ð22Þ

recall ¼ TP
TPþ FN

ð23Þ

F1 ¼
2 × pre× recall
preþ recall

ð24Þ

Considering the imbalance in the number of different entity categories
in the experimental dataset, macro average andweighted average indicators
are added48.Macro average indicators address imbalanceddatasets by giving
equal attention to each category. Weighted average measure considers the
sample size of each category, resulting in a more balanced contribution of
large and small categories to the overall results.

For text generation evaluation, we adopt the commonly used metrics
ROUGE-L, BLEU, and METEOR. ROUGE-L primarily measures recall
based on n-grams, and BLEU emphasizes precision on n-grams. These
metrics are suited for the report generation task, which emphasizes the
completeness and linguistic quality of the generated text. In contrast, the
Q&A task aims to assess whether the model provides correct answers to
domain-specific ICH questions rather than text similarity. Therefore, pre-
cision, recall, and F1 are more appropriate, as they directly measure factual
accuracy and answer correctness.

After extracting specific information from the visual business cards of
ICH inheritors, the RAG strategy is applied to downstream tasks such as
ICH report generation and intelligent Q&A, enabling richer and more
personalized dissemination of ICH. The specific model configurations are
presented in Table 3.

Training of the visual information extraction model
This section focuses on training and validating the Graph-Retrieval model
for visual information extraction. The preprocessed ICH inheritor business
card data is divided into training, validation, and testing sets in a 6:2:2 ratio.
The training set ensures sufficient data for feature learning, the validation set
is used to tunehyperparameters andoptimize recognitionperformance, and
the test set independently evaluates the model’s generalization ability.

To improve model performance, this study systematically tested
multiple sets of hyperparameters andoptimized themusing grid search.The
key parameters included learning rate, batch size, number of training
epochs, optimizer type, number of network layers, word embedding
dimension, chunk size andoverlap rate, dropout rate,maskprobability, edge
deletion probability, and retrieval top-k value. The specific settings are listed
inTable 3. Throughout the experimental process, themodel followed a step-
by-step workflow of semantic extraction, graph convolution, and feature
enhancement, enabling it to effectively identify key information in the visual
business cards of ICH inheritors. The detailed hyperparameter configura-
tions used in the grid search are provided in Table 4.
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Through extensive grid search, the optimal combination of hyper-
parameters was identified to minimize the loss of the Graph-Retrieval model
on the 3142 training samples. The model achieved the best convergence
under the following settings: a learning rate of 0.001, batch size of 64, 100
training epochs, a 12-layer Transformer architecture for RoBERTa, a 2-layer
BiLSTM network, a 2-layer GCN, word embedding dimension of 512, ran-
dom nodemasking probability of 0.05, and random edge deletion probability
of 0.05. Under these conditions, the model’s loss curve remained stable and
consistently converged toward the minimum value, as shown in Fig. 5.

From the analysis of Fig. 5, it can be concluded that after 30 training
epochs, the loss of the Graph-Retrieval model on the training set decreased
steadily from14.354 to 0.117, eventually stabilizing at this level. Throughout

the entire training process, the model exhibited excellent stability, with a
consistent decline in loss and no significant fluctuations. Notably, between
the 20th and 30th epochs, the model showed clear signs of convergence,
further demonstrating its robustness and efficiency during training.

Validation of the visual information extraction model
Although the Graph-Retrieval model performs well on the training set, its
recognition performance must still be evaluated on the validation set, with
potential adjustments to network parameters made based on the results.
Accordingly, 1047 validation samples were input into the trained Graph-
Retrievalmodel to assess its performance using precision (P), recall (R), and
F1 score (F1). The recognition results are presented in the confusionmatrix
in Fig. 6.

As shown in Fig. 6, on the validation set, the Graph-Retrieval model
achieved macro-averaged precision, recall, and F1 scores of 0.9313, 0.9304,
and 0.9305, respectively. Overall, the model demonstrated strong recogni-
tion performance, with an average prediction accuracy exceeding 0.91. In
particular, the highest accuracieswere observed for category 4 (Gender) and
category 6 (Birthday), both reaching 98%. This can be attributed to the
relatively simple and short semantic content of gender information in
category 4, and the distinct numeric patterns characterizing birthdate
information in category 6. Consequently, the model achieves optimal pre-
dictive performance for these two categories. By contrast, accuracy was
lower for category 3 (Name) and category 8 (Application_unit), with correct
predictions of 93% and 89%, respectively. Category 3 involves personal
names, which vary widely among ICH inheritors and thus increase pre-
diction difficulty. Category 8 represents applicationunit information, which
overlaps considerably with work unit information in category 7, leading to
similar textual features and a reduction in prediction accuracy.

Testing of the visual information extraction model
To thoroughly assess the Graph-Retrieval model’s performance in recog-
nizing ICH inheritors’ business card information on the test set, com-
parative experiments were conducted with several benchmark models. The
results of these comparisons are summarized in Table 5.

BERTgrid22: Based on the grid method, the character encoding in
Chargrid is replaced with word granularity BERT encoding, and informa-
tion recognition is performed using a large-scale pre-trained lan-
guage model.

VisualWordGrid24: Introduce visual information, overlay document
images with grids, and extract text features.

BROS30: Combining the BERT model and embedding a relative posi-
tion encoding into the self-attention mechanism to fully explore the deep
connections between semantic and layout modalities.

GC-few shot31: A pretrained model based on RoBERTa and graph
networks extracts semantic and layout information, while also incorporat-
ing a font encoding module.

Improved-GNN35: Visual image information is added during the
initializationof document graphnodes, and the text embedding is combined
with the corresponding visual image embedding to enhance the model’s
representation ability.

Table 3 | Model selection

Model category Model Model introduction

LLMs GPT-4 GPT-4 is the latest generation of generative pre-trained models released by OpenAI, which demonstrates outstanding
performance in language modeling and generation tasks.

Llama-3
(Llama-3-7b-chat)

Llama-3 is a large-scale language model released by Meta, known for its efficient model structure and training methods.

ChatGLM-4 ChatGLM-4 is a generative dialogue model proposed by Zhipu AI company, which performs excellently in dialogue generation
and language understanding.

RAG-LLm RAG-Llama3
RAG-GPT4
RAG-ChatGLM4

Introducing the RAG strategy constructed in this article, which combines retrieval knowledge, contextual information, and
prompt examples to guide LLMs to better adapt to downstream tasks.

Table 4 | Hyperparameter setting

Hyperparameter Value

Learning rate 0.01, 0.001, 0.0001

Batch size 32, 64, 128

Epoch 30, 60, 100

Optimizer Adam

RoBERTa layer 12-Layers transformer

BiLSTM layer 1, 2, 3

GCN layer 1, 2, 3

word embedding dimension 256, 512, 768

Random masking probability 0.1, 0.2, 0.3

Random edge deletion probability 0.01, 0.05, 0.1

Dropout 0.2

Topk 3

Chunk size 64

Chunk overlap 0.3

Fig. 5 | Model training loss changes.
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Multimodal weighted graph37: Abstracting the document into a fully
connected graph, embedding the semantic and layout information of each
text segment into the graph structure, and fully integrating node informa-
tion based on attention mechanism.

DocExtractNet49: A module-based framework utilizing LayoutLMv3
fully leverages the features of image and text modalities to extract key
information from receipts.

Donut50: It adopts an end-to-end Transformer-based architecture to
directly analyze document images, making themmore accurate in handling
different languages and formats.

Graph-Retrieval: The visual information recognition model proposed
in this study combines semantic information with enhanced graph features
for accurate prediction.

The experimental results in Table 5 clearly demonstrate that the
Graph-Retrievalmodel proposed in this study significantly outperforms the
benchmark models in recognizing visual information on ICH inheritors’
business cards. Specifically, the Graph-Retrieval model achieved excellent
recognition performance, with macro-average F1 scores of 0.928. In com-
parison, the BERTgrid model showed poor performance in identifying the
“Name,”“Work unit,” and “Application unit” categories, with average
accuracy below 0.8. The VisualWordGrid method improves feature
extraction by integrating grid layout and visual information, achieving a
macro-average F1 score of 0.823, a 1.35% increase over BERTgrid. The
BROS method enhances semantic recognition by incorporating position
encoding embeddings with a pre-trained model. Although its macro-
averageF1 score reaches0.826, it still does not fully capture the spatial layout
relationships among node features, limiting its overall recognition
performance.

Secondly, GC-FewShot introduces a search-word strategy and pre-
training, resulting in a macro-average F1 score of 0.851, which is 3.03%
higher than that of the BROS method. Improved-GNN further
enhances performance by incorporating visual image information,
combining text embeddings with the corresponding visual embeddings
of each region. This approach not only accounts for spatial layout but
also significantly strengthens the model’s feature representation cap-
ability, achieving a macro-average F1 score of 0.858. Donut, as an end-
to-end visual document model, has a macro avg F1 value of 0.873,
indicating that the pure vision Transformer architecture has a strong

modeling ability in image-level semantic alignment. However, Donut
only relies on visual encoders, and its ability to model the structural
relationships between local text regions is limited. The M-Weighted
Graphmethod introduces an attentionmechanism in feature extraction
to construct a weighted graph, effectively integrating semantic infor-
mation with node relationship features. Compared to Improved-GNN,
it further improves predictive performance, with a macro-average
F1 score of 0.893, a relative increase of 2.29%. Furthermore, DocEx-
tractNet makes full use of the features of image and text modalities, and
the F1 value corresponding to its macro avg can reach 0.907.

Finally, the Graph-Retrieval model proposed in this study considers
both semantic information and graph relationships, while enhancing
robustness through random node masking, random edge deletion, and
positional attention mechanisms. As a result, it achieves a macro-average
F1 score of 0.928, which is 2.32% higher than that of DocExtractNet. This
demonstrates that the fusion of semantic information and graph features
not only achieves the best recognition performance but also ensures stable
results across different categories.

Ablation experiment of visual information extraction
To further evaluate the contribution of eachmodule in the Graph-Retrieval
model to the overall network performance, this study conducted ablation
experiments. These experiments compared recognition performance when
removing semantic information, nodemasking, random edge deletion, and
positional attention mechanisms. Using the constructed ICH inheritor
summary lexicon as the basis, each ablation model is described below. The
specific results of these experiments are presented in Fig. 7.

W/O WB-EGraph: Semantic extraction uses RoBERTa’s lexicon to
obtain more accurate word embeddings, and the GCN network has not
undergone any graph feature enhancement.

W/OW-EGraph: The semantic extraction uses RoBERTa’s lexicon to
obtain more accurate word embeddings. The BiLSTM network learns
contextual information, while the GCN network does not undergo any
graph feature enhancement.

W/O EGraph: The semantic extraction uses the summary lexicon of
ICH inheritors, and the semantic extraction method is the same as above;
However, no graph feature enhancement was performed during the process
of graph structure learning.

Fig. 6 | The confusion matrix of model in the
validation set.
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W/OGCN1: The semantic extractionprocess is the same as above, and
a random node masking is introduced in the graph feature enhancement
process.

W/OGCN2: The semantic extractionprocess is the same as above, and
the random edge deletion method is introduced in the graph feature
enhancement process.

W/OGCN3: The semantic extractionprocess is the same as above, and
the image feature enhancement process uses a positional attention
mechanism.

Graph-Retrieval: Themodel proposed in this study combines semantic
extraction with three graph enhancementmethods: random nodemasking,
random edge deletion, and a positional attention mechanism.

As shown in Fig. 7, the F1 value of W/OWB-EGraph is the lowest in
the ablation experiment. Using W/OWB-EGraph as the benchmark, sub-
sequent module additions progressively improved recognition

performance, with the Graph-Retrieval model ultimately achieving the best
predictive results. Specifically, W/O W-EGraph incorporates the BiLSTM
network to enhance contextual semantic learning based on the pre-trained
RoBERTamodel, achieving an F1 value of 0.8566. Next, by introducing the
proprietary vocabulary of ICH inheritors, W/O EGraph strengthened the
training on specialized terminology and proper nouns, reaching an F1 value
of 0.8767, a 2.35% improvement over W/OW-EGraph.

Furthermore, to capture spatial relationships in the visual business card
data, graph feature methods were incorporated. With the addition of ran-
dom node masking, the W/O GCN1 model showed a significant
improvement, achieving anF1 value of 0.8915-1.68%higher than that ofW/
O EGraph. This demonstrates that random node masking helps the model
learn from noisy features, enhancing its robustness to data imperfections
such as wear and tear. The W/O GCN2 model employs random edge
deletion, yielding an F1 value of 0.9061. Although its improvement is

Table 5 | Test set comparison experiment

Category BERTg-
rid

VisualWordGrid BROS GC-few shot Improved-GNN Donut M-weighted graph DocExtractNet Graph-Retrieval

Item P 0.811 0.822 0.827 0.853 0.863 0.882 0.902 0.913 0.932

R 0.816 0.806 0.814 0.853 0.872 0.885 0.902 0.911 0.931

F 0.814 0.814 0.820 0.853 0.868 0.884 0.902 0.912 0.931

Item-name P 0.789 0.801 0.817 0.847 0.855 0.874 0.894 0.909 0.929

R 0.774 0.821 0.818 0.848 0.847 0.871 0.894 0.907 0.929

F 0.781 0.811 0.817 0.847 0.851 0.873 0.894 0.908 0.929

Area P 0.825 0.822 0.837 0.859 0.863 0.866 0.891 0.905 0.925

R 0.833 0.823 0.828 0.859 0.866 0.867 0.891 0.906 0.926

F 0.829 0.823 0.832 0.859 0.865 0.866 0.891 0.906 0.925

Name P 0.799 0.817 0.803 0.851 0.844 0.852 0.876 0.903 0.929

R 0.786 0.822 0.823 0.851 0.840 0.854 0.876 0.904 0.928

F 0.792 0.819 0.813 0.851 0.842 0.853 0.876 0.903 0.929

Gender P 0.838 0.837 0.848 0.857 0.874 0.891 0.906 0.913 0.933

R 0.841 0.853 0.841 0.856 0.875 0.887 0.905 0.914 0.932

F 0.839 0.845 0.844 0.857 0.874 0.889 0.905 0.913 0.932

Career P 0.822 0.834 0.836 0.853 0.853 0.867 0.895 0.907 0.929

R 0.815 0.830 0.827 0.854 0.861 0.869 0.896 0.906 0.929

F 0.819 0.832 0.832 0.853 0.857 0.868 0.895 0.906 0.929

Birthday P 0.844 0.854 0.862 0.857 0.885 0.898 0.908 0.909 0.932

R 0.839 0.849 0.860 0.856 0.881 0.896 0.909 0.910 0.932

F 0.842 0.852 0.861 0.857 0.883 0.897 0.909 0.910 0.932

Work
unit

P 0.802 0.812 0.833 0.845 0.866 0.883 0.896 0.899 0.926

R 0.793 0.825 0.825 0.845 0.873 0.885 0.895 0.900 0.925

F 0.797 0.818 0.829 0.845 0.869 0.884 0.896 0.899 0.925

Application unit P 0.774 0.786 0.792 0.842 0.833 0.852 0.884 0.899 0.921

R 0.792 0.779 0.807 0.842 0.829 0.850 0.884 0.901 0.922

F 0.783 0.783 0.799 0.842 0.831 0.851 0.884 0.900 0.922

Description P 0.814 0.827 0.814 0.851 0.844 0.863 0.877 0.913 0.927

R 0.824 0.837 0.823 0.849 0.841 0.866 0.877 0.911 0.927

F 0.819 0.832 0.818 0.850 0.842 0.865 0.877 0.912 0.927

Macro avg P 0.812 0.821 0.827 0.851 0.858 0.873 0.893 0.907 0.928

R 0.811 0.824 0.826 0.851 0.858 0.873 0.893 0.907 0.928

F 0.812 0.823 0.826 0.851 0.858 0.873 0.893 0.907 0.928

Weighted avg P 0.803 0.815 0.826 0.857 0.863 0.879 0.899 0.916 0.931

R 0.822 0.828 0.836 0.858 0.866 0.876 0.901 0.915 0.932

F 0.812 0.821 0.831 0.858 0.864 0.876 0.900 0.916 0.932

https://doi.org/10.1038/s40494-026-02384-z Article

npj Heritage Science |          (2026) 14:113 11

www.nature.com/npjheritagesci


smaller than W/O GCN1, it enables the model to learn diverse graph
structures and further strengthens robustness. By incorporating the
sequential order of nodes, W/O GCN3 achieved the greatest performance
gain, with an F1 value of 0.9167, 4.56% higher than W/O EGraph. Ulti-
mately, the Graph-Retrieval model achieved optimal predictive perfor-
mance by integrating semantic features with multiple graph feature
enhancement strategies. Its ROC curve remained the highest, with an F1
value of 0.9299, representing an 11.6% improvement over the benchmark
model W/OWB-EGraph.

The influence of model parameters on visual information
extraction experiments
This section investigates the impact of various parameters in the graph
feature enhancement module on the information recognition performance
of the Graph-Retrieval model. Specifically, random node masking, random
edge deletion, and the number of GCN layers are examined as the primary
factors. Since the positional attention mechanism is automatically learned
during training rather than manually configured, it is excluded from this
parameter analysis. The parameter settings and corresponding experi-
mental results are presented in Fig. 8.

According to Fig. 8, when the random node masking probability is set
to 0.05, the model achieves an F1 value of 0.9302 on the test set, demon-
strating high recognition performance. In contrast, with a masking prob-
ability of 0.025, the F1 value drops slightly to 0.9287. This indicates that an

appropriate masking probability enhances the model’s generalization abil-
ity, allowing it to maintain high predictive performance even with incom-
plete or damaged data. However, as themasking probability increases, node
features are increasingly disrupted, resulting in incomplete feature learning;
for example, at a masking probability of 0.3, the F1 value falls sharply
to 0.8624.

Similarly, random edge deletion probability significantly affects model
performance. When the edge deletion probability exceeds 0.05, predictive
performance declines markedly. Specifically, at a probability of 0.07, the F1
value drops to 0.8838, a 1.95% decrease compared to 0.05.Within the range
of 0.01 to 0.05, the F1 value remains relatively stable around 0.91, reaching
0.9299 at a probability of 0.02. This suggests that moderate edge deletion
prevents the model from overfitting to a single graph structure, while
excessive deletion damages the graph structure and impairs recognition
performance.

Finally, the number of layers in the GNN network significantly affects
model performance. When the GNN has two layers, the model achieves its
best performance, with an F1 value of 0.9304. With only one layer, the
recognition performance is limited, yielding an F1 value of 0.9169. As the
number of layers exceeds two, model performance begins to decline; at four
layers, the F1 value drops to 0.9114. This suggests that a two-layer GNN
effectively captures node features and integrates higher-level abstract
information, enhancing the model’s understanding of graph structure.
In contrast, a single-layer GNN has limited capacity to learn complex

Fig. 8 | Experimental results of parameter influence.

Fig. 7 | Results of ablation experiment. a The ablation experiment of the graph feature enhancement module. b The ROC curve.
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relationships, while deeper networks may suffer from over-smoothing,
where node representations become overly similar, potentially causing
information loss.

Comparative experiments on public datasets of visual informa-
tion extraction
To evaluate the generality and scalability of our method, we selected five
publicly available datasets-SROIE, FUNSD, CORD, RVL-CDIP, and Busi-
ness_Cards_Images, and compared our approach with four representative
visual information extraction methods: BROS, GC-few shot, Multimodal
Weighted Graph, and DocExtractNet. Furthermore, we also verified the
influence of the number of ks in the k-nearest neighbor method on the
extraction performance when constructing the graph matrix. The experi-
ment takes the F1 value as the evaluation index. The specific results are
shown in Table 6.

From the overall experimental results, Graph-Retrieval achieves the
best performance on all five cross-domain visual information extraction
datasets, demonstrating significant generalization ability and cross-scenario
robustness. In the SROIE dataset, Graph-Retrieval achieved the highest F1
value of 0.919 under the k = 4 setting, significantly outperforming all
benchmark methods. In the more structurally complex form dataset
FUNSD, its F1 value reached 0.908, and the improvement rates compared
with Multimodal Weighted Graph and DocExtractNet reached 9.8% and
8.6% respectively. This indicates that Graph-Retrieval also has certain fea-
ture modeling capabilities when dealing with semi-structured layouts and

cross-text block relationships. In the complex ticket CORD dataset, the F1
value of Graph-Retrieval was further increased to 0.931. In the RVL-CDIP
dataset, the performance of Graph-Retrieval reached 0.925 and achieved an
improvement of over 10% on multiple benchmark models, demonstrating
its robustness in a multi-layout document environment with significant
layout differences. In the Business Cards Images dataset, the F1 value of
Graph-Retrieval reaches 0.924. Overall, Graph-Retrieval demonstrates
stable and consistent advantages in various structures, visual layouts, and
cross-domain document scenarios.

In terms of graph structure construction strategies, different k values
have a significant impact on model performance. When k = 4, it represents
the regular trend of the optimal graph structure configuration.When k = 2,
since each node is only connected to two neighbors, the graph structure is
overly sparse, resulting in limited information dissemination capacity and
relatively low overall performance of each model. As k increases to 3, the
connectivity of the graph is enhanced, and performance generally improves.
For instance, on the CORD dataset, it rises from 0.903 to 0.921, but it is still
slightly below the optimal state. When k = 4, the Graph structure achieves
the optimal balance between connectivity and noise control, enabling all
models to achieve the highest performance. Particularly, Graph-Retrieval
achieves peak performance in all datasets, such as 0.908, 0.931, and 0.925 on
FUNSD, CORD, and RVR-CDIP, respectively. When k increases to 5, due
to too many adjacent edges, some noisy connections are introduced,
resulting in a slight decline in performance. For example, in the Business
Cards dataset, it drops from0.924 to 0.920. Overall, the experimental results
verify that an appropriate neighborhood size is crucial for the quality of the
graph structure. When k = 4, it can achieve a balance between the sparsity
and expressive power of the graph, thereby maximizing the performance of
the visual information extraction model.

Generation of ICH report
The above experiments verified the performance of the Graph-Retrieval
model in visual information extraction. Based on the extraction results, this
section uses LLMs to perform report generation and intelligent question
answering tasks. Meanwhile, based on the powerful semantic capabilities of
LLMs, the Loop-RAG enhancement strategy is adopted to introduce high-
quality external knowledge. Therefore, different input templates have been
set for each task. In this study, the test text is concatenated with Loop-RAG
result as the input content, and the output results are obtained through
multiple LLMs. Finally, the performance of the model is evaluated through
the quantitative assessment of the output results by evaluation indicators. It
is specifically shown in Fig. 9.

Where Prompt is the prompt word, Demonstration is the prompt
example, Input is the input question, and the contextual information is the
historical information in multiple rounds of Q&A. Ultimately, the LLMs
generate more accurate and effective answers by combining the above
content for retrieval.

LLMs can generate cultural background stories about ICH inheritors
based on key information from visual business cards. For instance, they can
integrate details such as inheritors’ skills, cities, and affiliated units to pro-
duce coherent cultural introductions suitable for promotional materials or
exhibitiondisplays. For this purpose, this study adoptedLlama3,ChatGLM-
4, GPT-4, and multiple benchmark models based on RAG. A total of 5237
ICH inheritors’ business cards were tested, with each model generating
corresponding summary reports, including introductions of the inheritors,
descriptions of their skills, and the status of the respective ICH.

For automated report generation tasks, performance was evaluated
using BLEU, METEOR, and ROUGE-L metrics. It also includes the
assessment of generation time, text length, and the number of inner and
outer loop size. The report generation results of the benchmark models are
presented in Table 7.

According to the results in Table 7, it can be seen that there are sig-
nificant differences in the performance of the basic model in the task of
generating intangible cultural heritage reports. Among them, GPT-4
achieved the highest scores in the three evaluation metrics of BLEU,

Table 6 | Comparative experimental results of public datasets

Model Dataset K = 2 K = 3 K = 4 K = 5

BROS SROIE 0.813 0.861 0.880 0.872

FUNSD 0.732 0.781 0.790 0.771

CORD 0.805 0.852 0.860 0.852

RVL-CDIP 0.743 0.791 0.800 0.791

Business
cards

0.764 0.823 0.830 0.821

GC-few shot SROIE 0.823 0.852 0.860 0.851

FUNSD 0.745 0.791 0.801 0.783

CORD 0.813 0.863 0.870 0.861

RVL-CDIP 0.754 0.801 0.822 0.801

Business
cards

0.776 0.837 0.840 0.830

Multimodal
weighted graph

SROIE 0.834 0.866 0.870 0.861

FUNSD 0.753 0.791 0.810 0.791

CORD 0.823 0.873 0.885 0.875

RVL-CDIP 0.765 0.811 0.830 0.812

Business
cards

0.783 0.842 0.851 0.841

DocExtractNet SROIE 0.843 0.871 0.880 0.870

FUNSD 0.765 0.805 0.822 0.803

CORD 0.833 0.887 0.890 0.882

RVL-CDIP 0.771 0.821 0.847 0.821

Business
cards

0.793 0.851 0.860 0.851

Graph-Retrieval SROIE 0.893 0.911 0.919 0.915

FUNSD 0.873 0.901 0.908 0.905

CORD 0.903 0.921 0.931 0.927

RVL-CDIP 0.883 0.911 0.925 0.922

Business
cards

0.893 0.911 0.924 0.920

The values in bold are the maximum values obtained from the comparative experiments.
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METEOR and ROUGE-L, which were 26.40%, 26.90% and 27.50%
respectively, demonstrating the best semantic expression ability and text
organization ability. ChatGLM-4 came second. Although its BLEU
decreased by 3.2% compared to GPT-4, it was still significantly better than
Llama-3. The overall indicators of Llama-3 are relatively low, especially
ROUGE-L, which is only 23.80%, indicating that there are still deficiencies
in terms of content coverage and factual consistency.

On this basis, this study further introduces two types of retrieval
enhancement strategies, namely the common RAG and Loop-RAG, to
evaluate the impact of external knowledge injection on the generation
quality. Ordinary RAG can already bring about certain performance
improvements. For instance, the BLEU,METEOR, andROUGE-L of RAG-
Llama3, RAG-ChatGLM4, and RAG-GPT4 have all been enhanced com-
pared to their corresponding base models. Among them, the improvement
of RAG-GPT4 is the most stable. Its ROUGE-L has increased from 27.50%
to 27.53%. However, such improvements mainly come from one-time
retrieval enhancements, and the overall extent is limited.

In contrast, Loop-RAG further introduces the dynamic optimization
mechanism of the inner and outer loops, making the gain of the generated
quality more significant. Loop-rag-gpt-4 achieved the highest perfor-
mance in this study, with its BLEU, METEOR, and ROUGE-L increasing
by 27.10%, 27.60%, and 28.30% respectively, verifying the effectiveness of

multi-round retrieval decisions and cross-task strategy optimization in
factual reinforcement and contextual consistency. The enhancement for
weaker models is more obvious. For example, the BLEU of Loop-RAG-
Llama3 has increased from 21.50% of the basic model to 24.80%, with an
increase of 3.3%, indicating that Loop-RAG is particularly suitable for
compensating for the insufficient knowledge coverage of the basic model.
Meanwhile, the performance improvement of Loop-RAG comes at the
cost of computing. Both its generation time and text length have increased
significantly. For example, the generation delay of Loop-RAG-Llama3 has
risen from 15.3 s to 22.5 s, and the text length is approximately twice that
of the base model. Although loop-Rag-GPT-4 performs 4 policy updates
in the outer Loop and triggers an average of 4 inner loop searches, its
generation time is 21.4 s, achieving a better balance between quality and
efficiency.

Finally, the generated report for “Qinqiang Opera (秦腔)” is shown in
Fig. 10.The left sidedisplays the selectedLoop-RAGknowledgebase and the
user requirements for report writing. The upper right corner illustrates the
search process within the Loop-RAG database for each query. The report
generation relies on the high-quality knowledge retrieved from this process.
Thebottomright cornerpresents thefinal generated report content.Overall,
by leveraging the Loop-RAG strategy, the generated Q&A content is more
diverse, and the answers are more accurate.

Fig. 9 | Test method.

Table 7 | Report generation evaluation results

Model BLEU METEOR ROUGE-L Average
generation time(s)

Average generation
length

Average Inner-
loop size

Average outer-
loop size

Llama3 21.50 22.10 23.80 15.3 532 - -

ChatGLM-4 23.20 23.75 24.60 16.9 426 - -

GPT-4 26.40 26.90 27.50 14.8 584 - -

RAG-Llama3 22.84 22.91 24.12 17.8 577 - -

RAG-ChatGLM4 24.33 24.35 24.74 17.9 453 - -

RAG-GPT4 25.12 27.24 27.53 16.5 623 - -

Loop-RAG-Llama3 24.80 25.30 26.20 22.5 1038 3 4

Loop-RAG-
ChatGLM4

25.60 26.20 26.90 18.2 1242 3 5

Loop-RAG-GPT4 27.10 27.60 28.30 21.4 896 4 6
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Intelligent Q&A on ICH
This study tested Llama3, ChatGLM-4, GPT-4, RAG-based models and
Loop-RAG-enhanced models, for question answering. During the experi-
ment, questions about ICH inheritors were input into each model, and the
accuracy of their responses was evaluated. Each model was tasked with
answering 2000 commonquestions about ICH information,with a response
considered correct if it matched the real information. Detailed accuracy
results and sample Q&A content are presented in Table 8 and Fig. 11.
Among them, the retrieval step represents the total number of complete and
repeated steps in the entire retrieval chain, that is, the complete number of
times the model undergoes retrieval, filtering, recombination, reflecting the
efficiency of the model in locating answers in the external knowledge base.

According to the data in Table 8, the overall question-answering per-
formance of the benchmark models Llama3, ChatGLM4 and GPT-4 is
relatively stable, with their F1 values being 0.862, 0.844, and 0.879, respec-
tively. However, due to the fact that these models failed to cover the latest
knowledge of intangible cultural heritage during the pre-training stage, they
are prone to factual bias when dealing with problems involving specific
inheritors’ information, technical details or regional cultural practices, that
is, they tend to give “illusory” answers. To alleviate the above problems, this

study constructed a structured local knowledge base for intangible cultural
heritage inheritors and introduced three types of enhanced retrieval
mechanisms on this basis, including the common RAG and the Loop-RAG
that further incorporates a loop optimization strategy. The experimental
results of the commonRAG show that the F1 values of all models have been
improved compared with the benchmark model. Among them, the F1
values of RAG-Llama3, RAG-ChatGLM4 and RAG-GPT4 have increased
to 0.875, 0.863, and 0.889, respectively. It is indicated that external knowl-
edge retrieval can effectively supplement the domain knowledge blind spots
of the model.

On this basis, the experimental results show that the Loop-RAG
strategy has achieved significant improvements in precision, recall and F1
metrics. For example, the F1 value of Loop-RAG-Llama3 reaches 0.924,
which is 7.19% higher than that of the benchmark model. The F1 value of
Loop-RAG-ChatGLM4 has been raised to 0.908, an increase of 7.58%. The
optimalmodel is Loop-RAG-GPT4,whose F1 reaches 0.941, which is 7.05%
higher than the original GPT-4 model. Furthermore, the optimization
process indicators presented in the table further verify the convergence
behavior and knowledge fusion efficiency of Loop-RAG: Although Loop-
RAG- GPT-4 goes through 2 inner loops and 4 outer loops, its overall

Fig. 10 | Report generation content. This is the report generation page. On the left is the constructed knowledge base, in the upper right corner is the knoeledge retrieval
process, and in the lower right corner is the generated result.

Table 8 | Q&A test results

Model Precision Recall F1 Average Inner-loop size Average outer-loop size Retrieval steps (avg) Convergence (avg)

Llama3 0.859 0.865 0.862 - - - -

ChatGLM-4 0.841 0.847 0.844 - - -

GPT-4 0.877 0.881 0.879 - - - -

RAG-Llama3 0.873 0.877 0.875

RAG-ChatGLM4 0.861 0.865 0.863

RAG-GPT4 0.886 0.891 0.889

Loop-RAG-Llama3 0.922 0.926 0.924 2 3 5 3

Loop-RAG-ChatGLM4 0.906 0.910 0.908 2 3 6 3

Loop-RAG-GPT4 0.939 0.943 0.941 2 4 4 2
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retrieval path is the shortest, and the number of convergence rounds is 2,
indicating that it can achieve the optimal effect at a lower optimization cost.
In contrast, Loop-RAG-ChatGLM4 requires six retrieval steps and a longer
convergence process, reflecting the differences in knowledge absorption
efficiency among various models. Overall, the Loop-RAG- strategy has
significantly improved the accuracy of the model in answering questions
about intangible cultural heritage, especially when dealing with complex
problems in intangible cultural heritage scenarios, the advantages are more
obvious.

The question-answering case shown in Fig. 11 further demonstrates
that with the support of hybrid retrieval and Loop optimization, loop-RAG
can generate more complete and closely related answers to the knowledge
system of ICH, providing a high-quality solution for knowledge question-
answering in specific fields.

Few-shot test
Additionally, due to the limited information about ICH inheritors stored in
the local knowledge base, LLMs often exhibit lower accuracy when
answeringunfamiliarquestions.Toevaluate the few-shot learningcapability
of the Graph-Retrieval model, 0-shot, 1-shot, 2-shot, and 3-shot experi-
mentswere conducted.The experimental setup involvedproviding the same
type of prompt examples before inputting queries into the LLMs, enabling
the model to reason effectively with fewer samples and handle previously
unseen data. Following these steps, the performance of different benchmark
models was tested under few-shot conditions. The results demonstrate that
incorporating appropriate prompt examples can significantly improve
question answering accuracy. The detailed experimental outcomes are
presented in Fig. 12.

As shown in Fig. 12, increasing the number of prompt examples leads
to improved performance. Compared with the 0-shot condition, under
3-shot conditions, theF1 valuesof Llama3,ChatGLM4,GPT-4, Loop-RAG-

Llama3, Loop-RAG-ChatGLM4, and Loop-RAG-GPT4 increased by
6.21%, 5.48%, 5.65%, 5.17%, 4.94%, and 3.92%, respectively. Notably, the
Loop-RAG-GPT4 model achieved an F1 value of 0.954 under the 3-shot
condition, significantly outperforming all other benchmark models. This
indicates thatLoop-RAGcanalsomake full use of the retrieval process in the
few-shot environment and improve the accuracy value of the answers.

Discussion
Thevisual business card of ICH inheritors represents a novel digital form for
disseminating ICH. This study utilizes visual recognition and question
answeringmethods to not only effectively extract the profile of inheritors of
intangible cultural heritage, but also achieve accurate and personalized
question answering in the vertical field of ICH. Specifically, based on the
visual business cards of national ICH inheritors, this study combines graph
feature enhancement with Loop-RAG technologies to construct a Graph-
Retrieval framework for visual information recognition and intelligent
question answering, achieving excellent experimental performance.

By collecting and preprocessing information of ICH inheritors in
China, a large number of visual business cards for ICH inheritors have been
constructed. The business cards contain 10 types of information, including
ICH project number, ICH name, inheritor information, and ICH content,
which is helpful for the digital storage and sharing of ICH inheritor
information.

At the performance level of visual information extraction, the graph
feature enhancement method significantly improves the model’s ability to
extract information and model semantics. Comparative experiments
demonstrate that the proposed model outperforms multiple benchmark
models, achieving amacro-average F1 score of 0.928. Ablation experiments
confirm the positive contributions of semantic feature enhancement, ran-
dom node masking, random edge deletion, and the positional attention
mechanism to model optimization. Additionally, parameter sensitivity

Fig. 11 | Intelligent Q&A content.
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analysis clarifies how masking and edge deletion probabilities enhance
robustness and balance performance. The model also achieves superior
recognition results across multiple public datasets.

At the retrieval and generation level, the Loop-RAG strategy effectively
reduces resource consumption during LLM fine-tuning, addressing chal-
lenges related to domain differences in ICH. It demonstrates strong per-
formance in both report generation and intelligent question-answering
tasks, with content accuracy, richness, and generation time surpassing the
benchmark models. In addition, it also achieved relatively excellent per-
formance in few-shot tests.

Comparedwith traditional static information channels, such as official
ICH websites, the intelligent question-answering system developed in this
study offers several distinct advantages: (1) Semantic retrieval and reasoning
ability: It can achieve accurate matching based on context and semantic
relations in the case of users’ fuzzy queries or non-standard expressions,
rather than being limited to keyword retrieval; (2) Interactivity and intelli-
gence: Supports multi-round Q&A and context tracking, capable of gen-
eratingmore targeted responses based on users’ dynamic needs, rather than
merely returning to fixed pages or entries; (3) Information value-added and
content expansion: Through graph feature enhancement and LLMs rea-
soning, it is possible to complete the context information not explicitly
stated in the database, generatingmore abundant and interpretable content.
In future research, knowledge graphs will be introduced to build richer
multi-dimensional association relationships among ICH inheritors, and
multi-modal features such as images and videos will be integrated to
enhance the cross-modal understanding ability of the model. Meanwhile,
the key factors that can suppress hallucinations during the retrieval process
will also be focused on in the future.

In conclusion, this research provides a novel technical approach for the
intelligent and interactive dissemination of ICH, offering practical sig-
nificance for the digital preservation of ICH and the broader popularization
of cultural resources.

Data availability
The datasets used during the current study are available from the corre-
sponding author on reasonable request.
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