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Abstract 9 

Traditional dress design based on historical culture requires evidence that can be used 10 
within a specific design context and traced back to its source. Focusing on literati gather- 11 
ings in the Song dynasty, this study develops NED-GraphRAG, a GraphRAG framework 12 
that incorporates contemporary user needs into the retrieval and use of cultural evidence. 13 
User needs were identified from 3,052 public online comments using BERTopic, coding 14 
assisted by a large language model, and researcher review. The Analytic Hierarchy Pro- 15 
cess was then conducted with 18 target users to determine the relative importance of cul- 16 
tural elements under three design need orientations: Historical Verification, Visual Com- 17 
munication, and Social Ritual. Evidence drawn from historical texts, images, cultural relic 18 
materials, and modern scholarship was standardized into 2,053 evidence units and orga- 19 
nized into a cultural evidence graph containing 4,233 nodes, 12,749 relationships, and 854 20 
manually verified semantic triples. Six retrieval methods were evaluated using 30 test 21 
queries. NED-GraphRAG achieved an nDCG@10 of 0.821 and an AHP-AS@5 of 0.852, ex- 22 
ceeding GraphRAG Retrieval by 0.031 and 0.104, respectively. Claim support precision 23 
reached 0.897, and the user task success rate was 92.2%. The results show that user needs 24 
can be reflected in evidence priority while the underlying cultural evidence remains un- 25 
changed. Graph relations and source controls further support the traceability of evidence 26 
used in design recommendations. The framework provides a practical method for using 27 
cultural evidence in the contemporary design of traditional dress. 28 

Keywords: cultural heritage; traditional dress; Song dynasty; knowledge graph; retrieval- 29 
augmented generation; evidence traceability; user-centered design; cultural sustainability 30 
 31 

1. Introduction 32 

Traditional dress is a type of cultural heritage that needs to be understood in its his- 33 
torical context [1]. Its sustainable transmission cannot rely only on the storage of isolated 34 
images or descriptive texts. Historical evidence also needs to remain understandable and 35 
reusable in contemporary contexts such as education, exhibition, design, and public par- 36 
ticipation [2]. Generative artificial intelligence has expanded the pathways for cultural 37 
heritage preservation and communication. Image generation, virtual reconstruction, and 38 
interactive systems can lower the technical threshold for public participation and broaden 39 
the circulation of traditional cultural resources [3, 4]. Yet technological intervention does 40 
not necessarily bring sustainability to traditional dress culture [5, 6]. When a generation 41 
lacks constraints from cultural relationships and recognition of contemporary needs, tra- 42 
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ditional dress can be reduced to homogeneous stylistic symbols. This may limit the preser- 43 
vation and sustainable transformation of this form of cultural heritage. A sustainable dig- 44 
ital practice therefore needs to build stable connections among reliable evidence, contem- 45 
porary user needs, and cultural reuse.  46 

Knowledge graph (KG) approaches and retrieval-augmented generation (RAG) pro- 47 
vide new technical pathways for this aim. Cultural heritage studies often use ontology 48 
frameworks such as CIDOC CRM to describe cultural objects, people, events, and their 49 
relationships. These studies also combine entity recognition, relation extraction, and large 50 
language model-assisted methods to extract knowledge from historical texts, image de- 51 
scriptions, and cultural relic materials. RAG improves the accuracy of generated content 52 
by retrieving external evidence. GraphRAG further organizes entities and their associa- 53 
tions through graph structures, supporting cross-source retrieval, multi-hop relation ex- 54 
pansion, and relationship interpretation. These methods have been applied in cultural 55 
heritage knowledge management, museum display, educational communication, and in- 56 
telligent question-answering, forming a technical basis for heterogeneous data integration 57 
and knowledge use [7, 8]. In the field of traditional dress, related studies can standardize 58 
the organization of dress knowledge and support retrieval and knowledge-based ques- 59 
tion-answering. Work oriented toward design transformation remains limited. The key 60 
issue in design generation lies in evaluating the fit among historical evidence, user needs, 61 
and use contexts. Traditional dress design generation therefore needs to go beyond data 62 
retrieval and further address evidence ranking, relationship interpretation, and claim con- 63 
straints.  64 

Literati gatherings in the Song dynasty provide a representative setting for examin- 65 
ing this issue. As shown in Figure 1, a literati gathering comprises people, events, objects, 66 
settings, and meanings and can be understood as a highly relational cultural practice. Its 67 
distinctive features also make it an important reference for contemporary culture-tourism 68 
integration, museum activities, and traditional cultural experiences [9, 10]. This study 69 
therefore selects literati gatherings in the Song dynasty as its research object. It examines 70 
whether relational evidence from this context can form an explainable fit with user needs 71 
in the contemporary design transformation of traditional dress. This forms the central is- 72 
sue through which the study addresses sustainable transformation.  73 

 74 

Figure 1. Relational structure of Song dynasty literati gatherings. 75 
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Based on the above discussion, this study proposes the following research questions. 76 
RQ1: How can dispersed evidence from images, texts, and cultural relics related to tradi- 77 
tional dress in literati gatherings in the Song dynasty be organized into a cultural relation- 78 
ship structure that supports design judgment? RQ2: In different design transformation 79 
contexts, how can contemporary user perceptions and preferences for cultural elements 80 
be incorporated into evidence screening and the generation of design recommendations? 81 
RQ3: Can incorporating user need weights, historical evidence, graph relationships, and 82 
source constraints into the GraphRAG process improve evidence fit and explainability in 83 
traditional dress design generation?  84 

To address these questions, this study proposes an NED-GraphRAG (Need–Evi- 85 
dence–Design Graph Retrieval-Augmented Generation) framework for organizing cul- 86 
tural evidence from Song-dynasty literati gatherings and supporting the design transfor- 87 
mation of traditional dress. The study first uses social media comments as the user corpus 88 
and applies BERTopic to identify contemporary users’ discussion topics around tradi- 89 
tional dress and literati gatherings in the Song dynasty. It then constructs LLM-assisted 90 
coding prompts based on field theory. The researchers review, revise, and merge the cod- 91 
ing results, interpret user concerns through the five cultural dimensions of people, events, 92 
objects, settings, meanings, and distill them into three design need orientations: Historical 93 
Verification, Visual Communication, and Social Ritual. On this basis, AHP is used to cal- 94 
ibrate preferences for cultural elements under different design need orientations. Images 95 
of literati gatherings in the Song dynasty, classical texts, cultural relic reports, and modern 96 
studies are standardized as traceable evidence units and connected as a five-dimensional 97 
cultural evidence graph. In the retrieval stage, NED-GraphRAG retrieves and reranks can- 98 
didate evidence, then embeds evidence, relationship chains, and usage constraints into 99 
design recommendations. This allows dress forms, colors and patterns, display modes, 100 
and design prompts to be traced back to specific evidence. 101 

The main contributions of this study are fourfold. First, it connects social-media- 102 
based user perception analysis with cultural heritage evidence retrieval. Second, it builds 103 
a cultural evidence graph of literati gatherings in the Song dynasty that connects the five 104 
cultural dimensions of people, events, objects, settings, and meanings. Third, it proposes 105 
an AHP-guided evidence graph reranking method. Fourth, it embeds historical evidence, 106 
cultural relationships, and usage constraints into the NED-GraphRAG generation process, 107 
forming an evidence-based design decision-making framework for the sustainable trans- 108 
formation of traditional dress culture. 109 

2. Literature Review 110 

2.1. Artificial Intelligence and the Sustainable Transformation of Cultural Heritage 111 

Cultural heritage sustainability responds to the protection mandate set out in SDG 112 
11.4. Its central concern is to sustain physical forms, cultural knowledge, and meanings 113 
amid social change [11]. Within this framework, AI contributes by strengthening basic 114 
conservation capacities, including heritage resource identification, digital restoration, 115 
damage detection, and risk monitoring[12, 13]. Computer vision, for example, can iden- 116 
tify material deterioration and structural damage from images and field data. These capa- 117 
bilities help preserve the physical basis needed for cultural resources to enter public com- 118 
munication and contemporary applications[14, 15]. 119 

As its applications have extended into public communication, generative artificial 120 
intelligence (genAI) has expanded approaches to cultural heritage education and de- 121 
sign[16]. Recent studies on genAI in education have shifted from academic integrity and 122 
curriculum integration to prompt-design skills. Critical thinking underpins learners’ abil- 123 
ity to formulate questions, assess outputs, and collaborate with AI [17, 18]. In design 124 
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practice, AIGC has primarily changed how tasks are allocated and decisions are made 125 
[19]. Studies of New Year paintings and Zisha pottery show that the value of the technol- 126 
ogy depends on whether the generated design proposals respond to user needs while re- 127 
maining grounded in reliable cultural evidence [20, 21]. 128 

Changes in human-AI relations can heighten the risks associated with the sustainable 129 
transformation of cultural heritage. Research has identified potential risks of cultural au- 130 
thenticity loss, homogenization, and copyright disputes arising from AI involvement [22, 131 
23]. However, existing studies generally assess technical effectiveness through user ac- 132 
ceptance, willingness to participate, and experience quality. They pay less attention to 133 
cultural accuracy, evidence sources, and contextual fit [24, 25]. Recent studies have be- 134 
gun to incorporate user cognition and cultural requirements into generative design[26]. 135 
Stable methods for integrating historical evidence and cultural relationships into design 136 
judgment remain underdeveloped. The sustainable transformation of cultural heritage 137 
therefore requires stronger knowledge organization and evidence traceability. 138 

 139 

2.2. Knowledge Organization and Evidence Traceability in Cultural Heritage 140 

Knowledge graphs provide a methodological basis for integrating heterogeneous 141 
cultural evidence and interpreting relationships[27]. CIDOC CRM, for example, offers a 142 
shared descriptive framework for cultural objects, people, events, time, and places. Previ- 143 
ous studies have applied ontologies and knowledge graphs to digital heritage manage- 144 
ment, relationship retrieval, and knowledge interpretation in traditional Chinese culture 145 
[28-30]. Yet knowledge graphs based primarily on textual entities often struggle to repre- 146 
sent the full structure of cultural knowledge. Multimodal knowledge graphs have there- 147 
fore become an important research direction [31, 32]. CICHMKG integrates the categories, 148 
texts, and images of intangible cultural heritage projects into a single graph to address the 149 
fragmentation of Chinese intangible cultural heritage data [33]. WuMKG establishes a do- 150 
main ontology for Chinese painting and calligraphy. It combines textual entities with vis- 151 
ual features to describe artworks and their artistic relationships [34]. 152 

The integration of knowledge graphs with large language models has extended the 153 
use of cultural heritage knowledge to question-answering and generation tasks[35]. RAG 154 
retrieves external materials through three stages: indexing, retrieval, and generation. This 155 
process allows the model to produce answers based on the retrieved content [36]. Text 156 
chunking, however, can disrupt relationships across documents. Vector similarity may 157 
also retrieve evidence that is semantically close but contextually mismatched, thereby lim- 158 
iting the integration of knowledge from multiple sources [37]. Knowledge graph-en- 159 
hanced RAG uses entity relationships to organize text chunks. Retrieval can then expand 160 
along relationship paths, while the graph structure provides information for evidence re- 161 
ranking. Document GraphRAG further combines a document relationship graph with a 162 
domain entity graph to improve cross-paragraph retrieval in complex documents. Its eval- 163 
uation has focused primarily on question answering in the manufacturing domain [38]. 164 

In the cultural heritage domain, systems for Nanjing Yunjin brocade, traditional folk 165 
customs, and ancient dress have applied knowledge graphs to RAG and intelligent ques- 166 
tion answering [39-41]. These applications still focus primarily on factual queries and 167 
knowledge presentation. Design transformation requires retrieval results to be filtered ac- 168 
cording to evidence sources, cultural relationships, and use contexts. This requirement 169 
has yet to be adequately addressed. 170 

     171 

2.3. Relational Perspectives on Contextual Adaptation in Heritage Design 172 
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Field theory offers a relational approach to understanding cultural heritage design. 173 
Bourdieu situates cultural practices within the interaction among field, habitus, and cap- 174 
ital. He argues that the meanings of cultural works depend on the conditions of their pro- 175 
duction, circulation, and reception [42, 43]. In sustainability research, this theory is often 176 
used from a relational perspective to examine the conditions and underlying logic of 177 
transformation. Relevant studies argue that sustainable transitions are unlikely to be 178 
achieved through a single technological improvement or a change in individual attitudes. 179 
Technological interventions need to be translated into sustained practices within specific 180 
contexts [44-46]. Cultural heritage research further shows that cultural meanings are con- 181 
tinually produced through curation, visits, and organizational operations. Contexts be- 182 
come sites in which cultural practices are reorganized [47, 48] . From this perspective, 183 
contextual adaptation in heritage design depends on connecting cultural relationships 184 
with specific needs and developing sustainable experiences of use [49]. 185 

User needs are a key point of contact through which cultural relationships enter de- 186 
sign decisions. Related studies often view users as active participants and argue that dig- 187 
ital narratives, cultural spaces, and information practices should respond to their cogni- 188 
tive, emotional, and behavioral needs[50]. Tourism research further shows that contem- 189 
porary experiences of traditional dress are closely associated with cultural motivations 190 
and destination settings[51, 52]. In heritage design, the Kano model, AHP, TOPSIS, and 191 
Kansei engineering have been used to elicit user needs, determine indicator weights, and 192 
evaluate cultural and creative product proposals [53-55]. In research on Chinese cultural 193 
heritage digitization and design, this relational perspective is often operationalized 194 
through multidimensional analytical frameworks organized around people, events, ob- 195 
jects, settings, and meanings. These frameworks describe the relationships among partic- 196 
ipants, activities, material elements, contexts, and cultural meanings [56, 57]. 197 

These studies offer a methodological basis for need-oriented design. Yet most focus 198 
on proposal evaluation, product optimization, or knowledge presentation. The fit be- 199 
tween design evidence and specific contexts remains underexamined. This study there- 200 
fore incorporates user needs, cultural relationships, and graph-based evidence into a sin- 201 
gle screening process. This provides a methodological basis for the contextualized design 202 
transformation of traditional dress at Song-dynasty literati gatherings. 203 

3. Research Methodology 204 

The study comprises four stages, as illustrated in Figure 2. In the first stage, online 205 
comments related to Song-dynasty literati gatherings, dress, and aesthetics are collected. 206 
BERTopic is used for semantic topic modeling. Field theory, LLM-assisted interpretation, 207 
and researcher review are then combined to derive the dimensions of user perception and 208 
need orientations. Based on these results, AHP calibrates evidence preference weights for 209 
the three need orientations, providing a basis for subsequent evidence ranking. The sec- 210 
ond stage constructs a cultural knowledge graph of Song-dynasty literati gatherings from 211 
historical paintings, classical texts, and reports on cultural relics. The graph organizes dis- 212 
persed materials as queryable and verifiable relational evidence. In the third stage, NED- 213 
GraphRAG retrieves and reranks candidate evidence and organizes the resulting evidence 214 
context. This process allows evidence retrieval to account jointly for query content, cul- 215 
tural relationships, source reliability, and need orientation. The selected evidence is then 216 
organized into structured design recommendations covering dress forms, colors and pat- 217 
terns, presentation modes, and usage constraints. The fourth stage evaluates the frame- 218 
work through retrieval evaluation, graph audit, generation evaluation, claim-level evi- 219 
dence audit, ablation experiments, and task-based user evaluation. All methods involving 220 
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human participants were carried out in accordance with relevant guidelines and regula- 221 
tions. Informed consent was obtained from all individuals who participated in the AHP 222 
survey, expert evaluation, and user task evaluation. 223 

 224 

 225 

Figure 2. Research workflow of the NED-GraphRAG framework. 226 

3.1. Contextual User Need Modeling 227 

3.1.1.Identification of User Perceptions 228 

User needs in traditional culture design research are commonly derived from re- 229 
searcher experience, interviews, or questionnaires. These approaches facilitate the devel- 230 
opment of interpretive frameworks. Their results may still be affected by limited sample 231 
sizes and subjective judgment. Online comments provide a relatively direct account of 232 
contemporary audiences’ perceptions and aesthetic expectations regarding the dress cul- 233 
ture of the Song dynasty. This study therefore used online comments to identify differ- 234 
ences in needs across contemporary contexts in which traditional dress is viewed, worn, 235 
photographed, and experienced. 236 

Public comments on Song-dynasty literati gatherings, Song-dynasty dress, and Song- 237 
style Hanfu were collected from Bilibili, Xiaohongshu, and Douyin using Octoparse. The 238 
data covered the period from 2020 to 2026. After irrelevant texts were removed through 239 
manual screening, the final corpus contained 3,052 valid comments. Data collection was 240 
limited to publicly visible comment text. Usernames, account IDs, IP addresses, and other 241 
personally identifiable information were not collected. Preprocessing was conducted in 242 
Python 3.14. The main procedures included text deduplication, link removal, deletion of 243 
emojis and special characters, removal of @mentions, normalization of repeated characters, 244 
and exclusion of meaningless short sentences. Chinese word segmentation was then per- 245 
formed using Jieba. A custom domain lexicon was developed using terms related to the 246 
dress of the Song dynasty, literati gathering activities, image titles, and the language used 247 
in online comments. This lexicon reduced the risk of incorrectly segmenting domain-spe- 248 
cific expressions such as “宋代雅集” (literati gatherings in the Song dynasty), “褙子” 249 
(beizi), and “团扇” (round fan). Stopword removal was based on general Chinese stop- 250 
word resources, including the Harbin Institute of Technology stopword list. The list was 251 
manually revised using high-frequency, low-information terms identified in the corpus. 252 
Function words, modal particles, platform-specific expressions, and online expressions 253 
with little semantic content were removed.  254 

During topic modeling, BERTopic was applied to the cleaned comment corpus for 255 
semantic clustering. LDA relies primarily on word-frequency co-occurrence, whereas 256 
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BERTopic uses a pretrained language model to generate semantic embeddings. This 257 
makes BERTopic more suitable for online comments characterized by short sentences, col- 258 
loquial language, and varied formulations. Let the cleaned comment corpus be 𝐶 = 259 {ܿ1, ܿ2, … , ܿே} . Each comment is mapped to a vector representation by a pretrained se- 260 
mantic model:  261 ܢ௜ = థ݂(܋௜), ௜ܢ  ∈ ℝௗ (1) 

where ܿ௜ denotes the ݅th comment, థ݂ denotes the pretrained semantic encoding model, 262 
and ݖ௜ is the semantic vector of the comment. UMAP was then used to reduce the dimen- 263 
sionality of the vector space, and HDBSCAN was used to cluster semantically similar com- 264 
ments [58, 59]. For each resulting topic, BERTopic used c-TF-IDF to extract representa- 265 
tive keywords. The weight of each keyword is expressed as: 266 
௧,௞ݓ 267  = ݐ ௧݂,௞ × log (1 +  ௧) (2)ܣ݂݀

 268 
where ݓ௧,௞ denotes the weight of term ݐ in topic ݇, tf௧,௞ denotes the normalized fre- 269 
quency of term ݐ  in topic ݇, df௧ denotes the number of topics containing the term, and 270 ܣdenotes the average term count across topics. MMR was subsequently applied to rerank 271 
candidate keywords and reduce redundancy. 272 

After the initial BERTopic topics were obtained, the representative keywords and typi- 273 
cal comments for each topic were entered into an LLM to assist with the generation of 274 
topic labels and semantic interpretations. The researchers reviewed these results against 275 
the original comments. The topics were then classified using the five-dimensional cultural 276 
framework of people, events, objects, settings, and meanings. These classifications were 277 
further consolidated into three need orientations: Historical Verification, Visual Commu- 278 
nication, and Social Ritual. Table 1 presents the BERTopic topics and their interpretive 279 
classifications.  280 

Table 1. BERTopic themes, cultural dimensions, and need orientations. 281 

Topic ID BERTopic theme Keywords 
Cultural dimen-

sions 

Need orienta-

tions 

T0 
Historical authenticity and dy-

nastic distinctions 

Southern Song, 

Northern Song, 

Neo-Confucian-

ism, Tang dyn-

asty, dynastic 

comparison 

 events/people 

Historical Verifi-

cation 

T1 
Dress forms and class-based 

dress 

Hanfu, skirts, 

xuanqun, fas-

tening ties, Song-

style dress, class-

based dress 

 objects/people 

Visual Communi-

cation / Historical 

Verification 

T2 
Commodity economy and com-

mercial practices 

shops, mer-

chants, trade, 

cost, commercial 

communication 

 objects/settings 

Social Ritual / 

Visual Communi-

cation 

T3 
Neighboring ethnic groups and 

cross-dynastic comparison 

Liao and Jin dyn-

asties, Vietnam, 

Mongols, Huaxia, 

Ming dynasty 

events / mean-

ings 

Historical Verifi-

cation 
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T4 
Film and television characters 

and literary imagery 

talented scholars, 

screen portrayals, 

literary imagery, 

character visuals 

meanings / peo-

ple 

Visual Communi-

cation 

T5 
Traditional ritual systems and 

marital ethics 

weddings, Three 

Cardinal Guides, 

benevolence and 

righteousness, 

ritual perfor-

mance, female 

identity 

events / people 

Social Ritual / 

Historical Verifi-

cation 

T6 
Song dynasty tea experiences 

and cultural gaps 

diancha, tea cul-

ture, tea settings, 

reconstruction 

experiences 

events / settings 

Social Ritual 

 282 
 283 

3.1.2.AHP-Based User Preference Weighting 284 

To align subsequent retrieval ranking with different design needs, this study further 285 
applied AHP to calibrate preferences for cultural elements across three need contexts[60]. 286 
The survey focused on target users, primarily traditional dress consumers, Hanfu enthu- 287 
siasts, and individuals with experience of immersive cultural tourism. Under scenarios 288 
corresponding to Historical Verification, Visual Communication, and Social Ritual, each 289 
respondent conducted pairwise comparisons among five cultural elements: people, 290 
events, objects, settings, and meanings. 291 

 For any need context ݌, the pairwise comparisons provided by each respondent 292 
form the following judgment matrix: 293 

(௣)ۯ 294  = (ܽ௜௝(௣))5×5 (3) 

 295 
where ܽ௜௝(௣)

 denotes the importance of the ݅th cultural element relative to the ݆th cultural 296 

element under need context ݌, subject to:  297 

௝ܽ௜(௣) = 1ܽ௜௝(௣) ,  ܽ௜௜(௣) = 1 (4) 

 298 
Saaty’s 1–9 scale was used to compare the importance of the five cultural elements 299 

under each need context. Table 2 presents the scale definitions and response rules. 300 

Table 2. Saaty’s 1–9 scale. 301 

ScaleValue Definition Explanation 

1 Equal importance 
The two cultural elements contribute equally to the 

given demand scenario. 

3 
Slightly more im-

portant 

The left-side element is slightly more important than 

the right-side element. 

5 
Clearly more im-

portant 

The left-side element is clearly more important than 

the right-side element. 

7 
Strongly more im-

portant 

The left-side element is strongly more important 

than the right-side element, with a significant differ-

ence in importance. 
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9 
Extremely more im-

portant 

The left-side element is extremely more important 

than the right-side element, indicating the highest 

level of dominance. 

2、4、6、8 Intermediate values 
These values are used when the judgment falls be-

tween two adjacent importance levels. 

1/n Reciprocal values 

If the right-side element is more important than the 

left-side element, the reciprocal value is used, where 

n = 2, 3, …, 9. A smaller value indicates stronger im-

portance of the right-side element. 

 302 
Following the pairwise comparisons, each respondent produced a 5 × 5 judgment 303 

matrix for each need context. The geometric mean for the ݅th cultural element is calcu- 304 
lated as:  305 

GM௜ = (∏ ܽ௜௝௡
௝=1 )1௡

 (5) 

 306 
The normalized weight is then calculated as:  307 ݓ௜ = GM௜∑ GM௝௡௝=1  (6) 

 308 
where ݊ = 5, and ݓ௜denotes the relative weight of the ݅ th cultural element under the 309 
current need context. A consistency test was conducted for each judgment matrix. The 310 
consistency index is calculated as:  311 CI = maxߣ − ݊݊ − 1  (7) 

 312 
The consistency ratio is calculated as:  313 CR = CIRI (8) 

 314 
The criteria layer contains five cultural element dimensions, giving a judgment ma- 315 

trix of order 5 and an average random consistency index of ܴ1.12= ܫ. A judgment matrix 316 
passed the consistency test when 𝐶ܴ ≤ 0.10. 317 

AHP judgments were collected from 18 traditional dress consumers and enthusiasts. 318 
Eighteen initial judgment matrices were obtained for each need context. After consistency 319 
testing, 16 matrices were retained for each context. The judgments of multiple respond- 320 
ents were aggregated using the geometric mean to form a group judgment matrix for each 321 
need context. The group weights of the five cultural elements were then calculated and 322 
normalized as:  323 

௣ܹ = ,௣,peopleݓ} ,௣,eventݓ ,௣,objectݓ ,௣,settingݓ  ௣,meaning} (9)ݓ

 324 
where: 325 

∑ ௣,௞5ݓ
௞=1 = 1 (10) 

 326 
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Table 3 presents the resulting AHP weights. These weights are used to calculate 327 nܹeed during NED-GraphRAG evidence reranking. 328 

Table 3. User Demand Profiles and Cultural Element Weights 329 

Need orienta-

tion 
people events 

ob-

jects 
  settings meanings  CR 

Historical Veri-

fication 
0.1716 0.1028 0.2819   0.0878 0.3559 0.0016 

Visual Commu-

nication 
0.1894 0.1028 0.3962   0.2494 0.0621 0.0111 

Social Ritual 0.1686 0.4038 0.0984   0.2666 0.0625 0.0087 

 330 

3.2. Evidence Corpus and Five-Dimensional Cultural Knowledge Graph Construction 331 

3.2.1. Cultural Evidence Corpus 332 

The cultural evidence corpus was compiled primarily from classical texts, images of 333 
literati gatherings in the Song dynasty, archaeological and cultural relic materials, and 334 
modern scholarship. The classical sources included representative texts concerning narra- 335 
tives of literati gatherings, dress institutions, and urban life in the Song dynasty. These 336 
texts included Xiyuan Yaji Tu Ji (Record of the West Garden Literati Gathering), the Yufu 337 
Zhi (Treatise on Carriages and Dress) in the Song Shi (History of Song), Dongjing Meng 338 
Hua Lu (A Dream of Splendor in the Eastern Capital), and Meng Liang Lu (A Record of 339 
the Millet Dream). Because Meng Liang Lu is extensive, only volumes concerning textiles, 340 
dress materials, and urban consumption were selected. Dongjing Meng Hua Lu was used 341 
primarily for its accounts of folk customs, banquets, leisure activities, and urban life. 342 

The image sources included extant paintings of literati gatherings, Wenhui Tu (Lit- 343 
erary Gathering), Tingqin Tu (Listening to the Qin), and related figure paintings from the 344 
Song dynasty. Long handscrolls such as Emperor Huizong’s Eighteen Scholars and Liu 345 
Songnian’s Nine Elders were divided according to the section numbers used in the Na- 346 
tional Palace Museum’s digital collection. This arrangement preserved details of figures, 347 
dress, objects, and settings. Archaeological and cultural relic materials supplied evidence 348 
concerning surviving dress objects, tomb finds, materials, and craft techniques. Modern 349 
scholarship assisted in interpreting image subjects, dress institutions, and cultural con- 350 
texts. 351 

Before records were added to the corpus, each item was documented by title, histor- 352 
ical period, source type, provenance, and text passage or image identifier. The records 353 
were then organized into evidence tiers according to their source characteristics. Scanned 354 
PDFs, image-based documents, and selected image descriptions were processed using 355 
ABBYY FineReader 16. The OCR output was manually corrected and converted into 356 
searchable text. Editable files in formats such as DOCX and TXT were extracted and stand- 357 
ardized directly. To prevent filenames, directory information, and low-quality metadata 358 
from entering the knowledge graph, a graph_enabled flag was assigned during prepro- 359 
cessing. Only records containing usable body text or reliable descriptive text entered the 360 
knowledge extraction and triple generation process. The remaining materials were re- 361 
tained as catalog records. Table 4 reports the corpus scale and audit results. 362 

The corpus contains two evidence layers: graph-linked evidence and the full retrieval 363 
corpus. The first layer consists of a manually curated graph-extraction inventory contain- 364 
ing 147 source records. These comprise 105 image-related records, 29 historical texts, and 365 
13 reports on cultural relics or dress. Following review, 59 records met the criteria for 366 
inclusion in the graph. Content-hash deduplication consolidated 869 raw fragments into 367 
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691 graph-linked evidence units. A graph-linked evidence unit is an evidence unit that 368 
can be explicitly connected to an existing graph node, visual tag, or source record. It does 369 
not denote a manually verified triple. The second layer is the full retrieval corpus. A fur- 370 
ther 388 usable files were processed. After duplicate files, system-control documents, and 371 
materials with low relevance were excluded, 1,362 additional evidence units were added. 372 
The final retrieval corpus contains 2,053 evidence units. The curated knowledge graph 373 
serves as the relational backbone and includes 854 manually verified semantic triples. At 374 
the graph database level, it contains 4,233 nodes and 12,749 links among sources, entities, 375 
tags, and evidence. 376 

Table 4. Composition of Evidence Units in the Full Retrieval Corpus. 377 
  378 

Evidence category Evidence units in 

the full corpus 

Graph-linked evi-

dence units 

Primary design 

function 

Historical texts 549 549 
Dress institutions, 

activities, rituals, 

urban life, and cul-

tural meanings 

Cultural relic and 

dress evidence 

260 112 

Evidence concern-

ing structure, ma-

terials, craft tech-

niques, patterns, 

and objects 

Painting and im-

age-description 

evidence 

133 26 

Evidence concern-

ing figures, silhou-

ettes, colors, poses, 

objects, and set-

tings 

Modern academic re-

search 

1111 4 
Interpretive, termi-

nological, and com-

parative support 

Total evidence units 2053 691 
An integrated basis 

for retrieval and re-

lational evidence 

Each evidence unit was assigned a content hash and a canonical source identifier to 379 
prevent multiple copies of the same file from receiving excessive ranking weight. Differ- 380 
ent digital copies of the same article or image description were merged at the semantic 381 
level. Each long handscroll was modeled as a single artwork record linked to multiple 382 
section images and local regions. Descriptions shared by the entire work were indexed 383 
once at the artwork level. Visual features and local annotations were retained separately 384 
for each section or local region. 385 

3.2.2. Five-Dimensional Cultural Knowledge Graph 386 

After the cultural evidence had been modeled, the usable evidence records were con- 387 
verted into knowledge graph data. Each evidence record is represented as: 388 ݁௜ = ௜ݏ) , ௜ݐ , ௜ݕ , ݈௜ , ௜ݔ , ݉௜ ,  (௜ݍ

 
(11) 

where ݏ௜ denotes the canonical source identifier, ݐ௜ the title, ݕ௜  the historical period, ݈௜ 389 
the page number or image region, ݔ௜ the textual or visual content, ݉௜ the metadata set, 390 
and ݍ௜ the quality status. The set of semantic triples is represented as:   391 
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ܶ = {(ℎ, ,ݎ (ݐ ∣ ℎ, ݐ ∈ ܸ, ݎ  ∈ ܴ} (12) 

 392 
where ℎ and ݐ denote the head and tail entities, respectively; ݎ denotes the relation- 393 
ship; ܸ is the set of nodes; and ܴ is the set of relationships. 394 

Graph construction combined rule-based extraction with LLM-assisted extraction. 395 
Rule-based extraction was used to identify stable metadata, work titles, historical periods, 396 
personal identities, and explicit terminology. LLM-assisted extraction was used to identify 397 
contextual entities, relationships, visual elements, and information on usage constraints. 398 
Each candidate triple retained its evidence identifier and extraction method. Low-confi- 399 
dence results were excluded from retrieval until they had undergone manual review. Ta- 400 
ble 5 presents the main relationship types and examples of their triple representations. 401 

Table 5. Overview of Cultural Evidence Data 402 

Relationship type Example triple Meaning 
Role in design transla-

tion 

Participates in 
(Scholar, participates in, 

listening to the qin) 

Links personal identity 

to an activity at a lite-

rati gathering 

Provides a basis for char-

acter definition and iden-

tity positioning through 

dress 

Occurs in 

(Listening to the qin, oc-

curs in, waterside pavil-

ion) 

Links an activity to its 

spatial setting 

Provides a basis for coor-

dinating settings and as-

sessing the atmosphere 

conveyed by dress 

Uses color 

(Image evidence, uses 

color, moon white / az-

urite blue) 

Records color infor-

mation found in im-

ages or texts 

Provides evidence con-

straints for color schemes 

Expresses meaning 

(Literati gathering set-

ting, expresses meaning, 

refined elegance) 

Links a setting to its 

aesthetic meaning 

Provides a basis for cul-

tural interpretation and 

stylistic control 

Associated with pattern 

(Dress or object, associ-

ated with pattern, plum 

blossom / lotus pattern) 

Links patterns to 

dress, objects, or image 

evidence 

Provides image-based or 

object-based evidence for 

pattern selection 

 403 
After construction, the graph was exported as JSON data and Neo4j import files for 404 

subsequent evidence retrieval, relationship expansion, and source tracing. The final graph 405 
contains 854 manually verified semantic triples. At the Neo4j database level, it contains 406 
4,233 nodes and 12,749 relationships. In addition to the semantic triples, these relation- 407 
ships include auxiliary links connecting source records, evidence fragments, category as- 408 
signments, visual tags, and evidence traceability information. The number of database re- 409 
lationships therefore exceeds the number of manually verified semantic triples. 410 

This graph structure provides the basis for relationship expansion and evidence re- 411 
ranking in NED-GraphRAG. It allows queries to locate relevant evidence along relation- 412 
ship paths connecting people, activities, dress, settings, and cultural meanings. A repre- 413 
sentative subgraph of the resulting cultural knowledge graph is shown in Figure 3. 414 
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 415 

Figure 3. Visualization of the cultural knowledge graph. 416 

 417 

3.3. NED-GraphRAG Framework 418 

A set of dress design recommendations may require visual evidence from paintings, 419 
contextual evidence about activities from historical texts, material evidence from cultural 420 
relic reports, and interpretive support from modern scholarship. Combining multiple 421 
sources is therefore necessary in practice. The NED-GraphRAG framework connects user 422 
queries, need orientations, the five-dimensional cultural knowledge graph, and evidence- 423 
constrained generation. For a specific design context, the system selects combinations of 424 
cultural evidence that can support dress design judgments. Query representation, hybrid 425 
retrieval, need matching, graph-relation reasoning, and source reliability are then used to 426 
organize the selected evidence into a structured evidence context for generation. 427 

3.3.1. Query Representation and Candidate Retrieval 428 

A user query ݍ is represented by a need orientation ݌, a five-dimensional need vec- 429 
tor (ݍ)ݑ, and a set of query anchors ܣ௤. The need orientation ݌ corresponds to one of 430 
three design contexts: Historical Verification, Visual Communication, or Social Ritual. The 431 
vector (ݍ)ݑ describes the intensity of the query’s needs across the five cultural dimen- 432 
sions of people, events, objects, settings, and meanings. The anchor set ܣ௤extracts retriev- 433 
able cues such as personal identity, activity, dress requirements, spatial setting, aesthetic 434 
meaning, gender, season, and intended use. In the experimental tasks, the need orienta- 435 
tion was specified in advance by the task scenario. In the prototype system, it was selected 436 
by the user. 437 

Candidate evidence was retrieved through a hybrid strategy combining BM25, Chi- 438 
nese semantic embeddings generated with BAAI/bge-base-zh-v1.5, character n-gram 439 
matching, and a visual-metadata channel. BM25 matched historical terms, dress names, 440 
and activity names. Dense semantic retrieval handled expressions with similar meanings, 441 
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while character matching reduced the effects of segmentation differences and linguistic 442 
variation. The visual channel used image descriptions, image sources, and manually an- 443 
notated labels for dress forms, colors, patterns, and materials. It was therefore limited to 444 
metadata-assisted image-text retrieval and did not involve pixel-level encoding of visual 445 
regions. The scores from all retrieval components were normalized before fusion to pro- 446 
duce the candidate evidence set ܦ௤ . The Chinese semantic encoding process used in the 447 
dense retrieval channel is illustrated in Figure 4. 448 

 449 

Figure 4. Structure of the BGE Chinese text encoder. 450 

3.3.2. Reranking Based on Need Matching, Graph Relations, and Source Reliability 451 

Following candidate retrieval, NED-GraphRAG reranks evidence according to need 452 
matching, graph relations, and source reliability. The need-matching score measures 453 
whether an evidence unit corresponds to the priorities assigned to cultural dimensions 454 
under a particular need orientation: 455 

ܵneed(ݍ, ݀, (݌ = ∑ ௣,௞5ݓ
௞=1  ௞(݀) (13)ݎ(ݍ)௞ݑ

 456 
where ݓ௣,௞ is the AHP weight of the ݇th cultural dimension under need orientation ݑ 457 ,݌௞(ݍ) is the intensity of query ݍ for that dimension, and ݎ௞(݀) is the degree to which 458 
evidence unit ݀ covers the dimension. This formulation allows the three need orienta- 459 
tions to affect evidence ranking while retaining the constraints of the specific query. The 460 
source content of the evidence corpus remains unchanged across need orientations. The 461 
differences occur in evidence priority and the organization of the evidence context. 462 
The graph-relation score measures relationship reachability and path quality between 463 
candidate evidence and the query anchors. Starting from ܣ௤, the system expands candi- 464 
date evidence through one-hop and two-hop relationships. The graph-relation score is 465 
defined as: 466 ܵgraph(ݍ, ݀) = maxగ∈Π(஺೜,ௗ) గ|−1|ߟ ∏ ௘௘∈గ݋  (14) 

 467 
where Π(ܣ௤ , ݀) denotes the set of admissible paths from the query anchors to evidence 468 
unit ݀, ߨ denotes a relationship path, ߨ denotes its length, ݋௘is the weight assigned to 469 
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relationship ݁, and ߟ is the path-decay coefficient. Direct semantic relationships among 470 
people, activities, dress, settings, and meanings receive higher weights, while general co- 471 
occurrence relationships receive lower weights. Paths that violate temporal, identity, or 472 
source constraints are excluded from the admissible path set. 473 

Source reliability was encoded as an operational scoring rule for evidence ranking, 474 
as shown in Table 6. Two researchers independently assigned reliability scores according 475 
to source type, historical period, institutional provenance, locatability, and evidential di- 476 
rectness. When their judgments differed, the lower score was retained, and the disagree- 477 
ment was recorded. Direct records and modern interpretations from the same source were 478 
separated into different evidence units. This prevented interpretive text from inheriting 479 
the reliability score of the original material. Unverified online descriptions and materials 480 
of unknown origin were excluded during evidence ingestion. They did not enter candi- 481 
date retrieval, reranking, or claim–evidence binding. 482 

Table 6. Operational Source Reliability Scores Used in Evidence Reranking 483 

Evidence type Typical sources Score 
Primary evidential 

role 

Archaeological and artifact evidence 

Excavated objects, se-

curely documented cul-

tural relics, and material 

evidence 

1.00 

Direct support for 

materials, structure, 

craft techniques, and 

object attributes 

Historical image evidence 

Securely dated paintings 

and institutional image 

records 

0.95  

Visual support for 

dress forms, colors, 

patterns, poses, and 

settings 

Historical textual evidence 
Primary historical texts 

and institutional records 
0.90 

Contextual support 

for dress institutions, 

activities, identities, 

rituals, and usage 

conditions 

Modern academic research 
Peer-reviewed scholarly 

studies 
0.72 

Interpretive support 

for terminology, his-

torical interpretation, 

and cross-source com-

parison 

 484 
After the scores from all channels had been calculated, they were normalized and 485 

combined into a final reranking score. The score incorporates lexical relevance, dense se- 486 
mantic similarity, character similarity, visual metadata, graph relations, need matching, 487 
and source reliability: 488 ܵ(ݍ, ݀, (݌ = 1ܵBM25ߣ + 2ܵBGEߣ + 3ܵcharߣ + 4ܵvisualߣ + 5ܵgraphߣ + +6ܵneedߣ  7ܵsourceߣ

(15) 

Here, ܵBM25denotes lexical relevance; ܵBGE denotes dense semantic similarity; ܵcharde- 489 
notes the character n-gram matching score; ܵvisual denotes the match between the query 490 
and image descriptions or visual labels; ܵgraph  denotes the graph-relation score; ܵneed 491 
denotes the need-matching score; and ܵsource denotes the source reliability score. 492 

In the current implementation, the coefficients for BM25, BGE similarity, character 493 
similarity, visual metadata, the graph-relation score, AHP-based need matching, and 494 
source reliability were 0.23, 0.27, 0.06, 0.06, 0.15, 0.13, and 0.10, respectively. The coeffi- 495 
cients were determined through a stratified grid search using an independent set of 10 496 
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development queries. The 30 test queries were excluded from parameter tuning. The de- 497 
velopment objective 498 ܬ = 10@ܩ𝐶ܦ݊ 0.40 + 0.25 ܲ@5 + −݁݃ܽݎ݁ݒ݋𝐶݁ܿݎݑ݋ܵ 0.20  ݁ݐܴܽ݁ݐ݈ܽܿ݅݌ݑܦ 0.15

(16) 

 499 
Raw coefficient values were searched in increments of 0.05. Each candidate coeffi- 500 

cient vector was normalized before evaluation so that the channel weights summed to 1. 501 
The search required the source reliability weight to be at least 0.05 and limited the weight 502 
of any single channel to 0.30. These constraints reduced the influence of any single rele- 503 
vance measure while retaining source diversity and evidence verifiability. To examine 504 
parameter dependence, the subsequent sensitivity analysis varied the core weights as- 505 
signed to BGE, graph relations, AHP-based need matching, and source reliability above 506 
and below their selected values. 507 

3.3.3. Diversity Control and Evidence Context Construction 508 

The reranked candidate evidence is not passed directly into the generation context in 509 
its entirety. The same article, image description, or category of modern interpretation may 510 
produce several highly similar fragments. The system therefore applies source-aware 511 
maximal marginal relevance, referred to as source-aware MMR, to select the ܶ݌݋ − ݇ ev- 512 
idence units. This process balances query relevance against evidence diversity. The ݆th 513 
selected evidence unit is defined as: 514 

௝݀ = ∗ ௗ∈஽೜∖஽selectedݔܽ݉ ݃ݎܽ ,ݍ)ܵߤ] ݀, (݌ − (1 − (ߤ maxௗ′∈஽selected Simsource(݀, ݀′)] (17) 

 515 
where ܦselected denotes the set of evidence units already selected for the evidence context, 516 Simsource(݀, ݀′) denotes the combined source and textual similarity between two evidence 517 
units, and ߤ controls the balance between relevance and diversity. This mechanism pre- 518 
vents near-duplicate descriptions and materials from the same source from occupying 519 
multiple positions in the evidence context. 520 

A set of traditional dress design recommendations generally requires evidence from 521 
paintings, historical texts, cultural relic reports, and modern scholarship. Paintings pro- 522 
vide evidence concerning poses, colors, and settings. Historical texts establish activity 523 
contexts and identity constraints. Cultural relic reports provide evidence concerning ma- 524 
terials, craft techniques, and structure, while modern scholarship supports terminology, 525 
interpretation, and cross-source comparison. Combining evidence from multiple source 526 
types is therefore necessary for this design task. 527 

The selected evidence units are organized into a compact evidence context. Each en- 528 
try contains a source identifier, evidence fragment, image region, relationship path, visual 529 
elements, source reliability, and usage constraints. Evidence is grouped by design field. 530 
This structure allows the generation process to distinguish among tasks concerning dress 531 
forms, colors, patterns and materials, presentation modes, and usage constraints. It also 532 
preserves evidence traceability between each design claim and its source. Figure 5 sum- 533 
marizes the shared query–evidence encoding and AHP-guided retrieval fusion process 534 
used in NED-GraphRAG. 535 
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 536 

Figure 5. NED-GraphRAG retrieval fusion structure. 537 

3.4. Experimental Design 538 

To evaluate NED-GraphRAG in terms of evidence retrieval, generation quality, evi- 539 
dential support, and practical use, this study conducted retrieval comparisons, expert 540 
evaluation, claim-level evidence audits, knowledge graph quality audits, ablation and 541 
sensitivity analyses, and task-based user evaluation. 542 

3.4.1. Test Queries and Expert Gold Standard 543 

The test set contained 30 representative queries, with 10 queries for each need orien- 544 
tation, covering different design purposes. The Top-20 results returned by the six retrieval 545 
methods were pooled and deduplicated, producing 694 query–evidence unit candidate 546 
pairs. Three expert reviewers with backgrounds in traditional dress history, fashion de- 547 
sign, and digital cultural heritage independently evaluated the candidates. They were 548 
blinded to the retrieval method that produced each candidate. Each candidate was rated 549 
on a scale from 0 to 2 across three dimensions: query-content relevance, historical appro- 550 
priateness, and need-orientation fit. For query-content relevance, scores of 0, 1, and 2 in- 551 
dicated irrelevant evidence, a partial response, and a direct response to the core require- 552 
ments, respectively. For historical appropriateness, the three scores indicated that the ev- 553 
idence was unsupported, uncertain, or clearly applicable. For need-orientation fit, they 554 
indicated no fit, partial fit, or strong fit with the objectives of Historical Verification, Visual 555 
Communication, or Social Ritual. The final rating for each dimension was the median of 556 
the three reviewers’ scores. When all three scores differed, the reviewers returned to the 557 
original sources and determined the final label through discussion. Inter-reviewer agree- 558 
ment was assessed using ߙ ݏ′݂݂ݎ݋݀݊݁݌݌݅ݎܭ,and the distribution of samples across the 559 
three rating levels was reported. 560 

3.4.2. Comparison Methods and Retrieval Metrics 561 
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The retrieval experiment compared six methods, as summarized in Table 7. BM25 562 
RAG, Character RAG, Dense RAG, and Hybrid RAG represented lexical retrieval, charac- 563 
ter-enhanced retrieval, dense semantic retrieval, and hybrid retrieval, respectively. Gra- 564 
phRAG Retrieval extended Hybrid RAG by incorporating entity relationships and one- 565 
hop and two-hop graph paths. NED-GraphRAG further introduced AHP-based need 566 
matching, image metadata, source reliability, source-aware MMR, and structured evi- 567 
dence organization. Plain LLM did not return ranked evidence and was included only in 568 
the expert evaluation of generated design proposals. 569 

Table 7. Configuration of the Comparative Retrieval Methods. 570 

Method Lexical retrieval 
Semantic or character 

matching 

Graph 

rela-

tions 

  

AHP-

based need 

matching 

Source and 

diversity 

control 

BM25 RAG Yes No No   No No 

Character RAG Yes Character n-gram No   No No 

Dense RAG No BGE No   No No 

Hybrid RAG Yes BGE No   No No 

GraphRAG Re-

trieval 
Yes BGE Yes   No Partial 

NED-Gra-

phRAG 
Yes BGE Yes   Yes Yes 

 571 
To prevent the AHP need orientations used by NED-GraphRAG from being 572 

incorporated into the relevance standard, P@5, pooled Recall@5, MRR, and nDCG@10 573 
were calculated using expert-adjudicated query-content relevance alone. Let the 574 
aggregated content-relevance rating be ݎ௤,௜ ∈ {0,1,2}. The binary relevance label is defined 575 
as: 576 ݕ௤,௜ = {1, ௤,௜ݎ ≥ 1,0, ௤,௜ݎ = 0. (18) 

P@5 is the proportion of relevant evidence among the top five results. Pooled 577 
Recall@5 uses all relevant evidence for the same query in the pooled Top-20 candidate set 578 
from the six methods as its denominator. MRR is the reciprocal rank of the first relevant 579 
result. nDCG@10 retains the graded relevance ratings from 0 to 2 and uses 2௥೜,೔ − 1 as the 580 
graded gain. Expert ratings of historical appropriateness and need-orientation fit were 581 
retained as separate audit fields and were excluded from the retrieval qrels. 582 

AHP alignment score at 5, denoted as AHP-AS@5, was used to examine the 583 
alignment between the ranked results and the current AHP-weighted need profile. Let 584 ݏ௤,௜AHP  denote the continuous weighted matching score of the ݅th evidence item. AHP- 585 
AS@5 is defined as: 586 

AHP-AS@5 = 15 ∑ ௤,௜AHP5ݏ
௜=1 . (19) 

 587 
Because AHP-AS@5 shares the AHP weights used in NED-GraphRAG reranking, it 588 

was treated solely as a diagnostic measure of the ranking mechanism. It was not regarded 589 
as an independent expert gold standard and was not used alone to support causal claims 590 
about method superiority. Independent evaluation of need fit was based on expert ratings 591 
of generated design proposals, with method names concealed. Evidence structure was 592 
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evaluated separately using source-type coverage, within-result source duplication rate, 593 
and valid relationship-path rate. 594 

For each metric, the query-level mean and 95% confidence interval based on 20,000 595 
bootstrap resamples were reported. Differences between NED-GraphRAG and 596 
GraphRAG Retrieval were evaluated using a query-level paired bootstrap and a two- 597 
sided exact sign-flip randomization test. Holm correction was applied to the three 598 
comparisons. 599 

3.4.3. Evaluation of Generated Design Proposals and Evidence Quality 600 

The evaluation of generated design proposals compared four representative methods: 601 
Plain LLM, Hybrid RAG, GraphRAG Retrieval, and NED-GraphRAG. Three reviewers 602 
evaluated anonymized text proposals generated for the 30 test queries in a randomized 603 
order, producing 360 method–query–reviewer evaluation units. A seven-point scale was 604 
used to assess historical credibility, query relevance, evidence traceability, need-orienta- 605 
tion fit, design applicability, visual coherence, and the clarity of usage constraints. Method 606 
names, retrieval scores, and system information were concealed during evaluation. The 607 
evaluation was completed in two sessions. 608 

A separate linear mixed-effects model was fitted for each of the seven evaluation cri- 609 
teria: 610 ܻ ∼ ݀݋ℎݐ݁ܯ + ݈݂݁݅݋ݎܲ + ݀݋ℎݐ݁ܯ × ݈݂݁݅݋ݎܲ + (ݎ݁ݓ݁݅ݒܴ݁|1) +  (20) (ݕݎ݁ݑܳ|1)

In the model, Method denotes the generation method, Profile denotes the need orientation, 611 
and Reviewer and Query represent the random effects of reviewers and queries, respec- 612 
tively. Fixed effects were evaluated using likelihood-ratio tests, and Holm correction was 613 
applied to pairwise comparisons. Inter-reviewer reliability was assessed using a two-way 614 
random-effects, absolute-agreement, average-measures intraclass correlation coefficient, 615 
ICC(2,k). 616 

The evidence audit at the level of individual claims covered the three methods that 617 
used retrieval augmentation and returned evidence for their design claims. Sixty design 618 
claims were sampled from each method, giving a total of 180 claims. Three reviewers in- 619 
dependently assessed each design claim based on five binary indicators covering claim 620 
support, evidence coverage, incorrect evidence binding, conflict between claims and evi- 621 
dence, and inference label accuracy. Claim support precision was defined as: 622 𝐶ܵܲ = ௙ܰ௨௟௟ + ௣ܰ௔௥௧௜௔௟௕ܰ௢௨௡ௗ  (21) 

where fܰull and  pܰartial denote the numbers of fully supported and partially supported 623 
claims, respectively, and bܰound denotes the total number of claims linked to evidence. 624 
The audit also calculated the rate of claims without evidence, the rate of incorrect evidence 625 
binding, the rate of claims that conflicted with the evidence, the accuracy of inference la- 626 
bels, and the evidence coverage of design claims. 627 

The quality of the knowledge graph was audited through stratified sampling. A total 628 
of 180 triples were sampled according to relationship type. The sample covered major 629 
relationships involving people participating in activities, people wearing dress, activities 630 
occurring in settings, dress using colors or patterns, settings expressing meanings, evi- 631 
dence support, and source tracing. Each triple was evaluated for entity correctness, rela- 632 
tionship correctness, and source support. 633 

3.4.4. Ablation Analysis, Sensitivity Analysis, and User Task Evaluation 634 

In the ablation analysis, BGE, AHP, graph relations, visual metadata, source reliabil- 635 
ity, and MMR were removed separately to assess the contribution of each component. The 636 
sensitivity analysis examined the four core weights assigned to BGE, graph relations, 637 
AHP, and source reliability. Each weight was increased and decreased by 20%, while the 638 
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remaining weights were proportionally renormalized. nDCG, source coverage, and du- 639 
plication rate were reported for each setting. 640 

The user task evaluation recruited 30 participants. Each participant completed tasks 641 
corresponding to all three need orientations, with the task order randomized. A scale with 642 
seven response points was used to evaluate usability, information clarity, perceived cred- 643 
ibility, design usefulness, fit with the selected need orientation, traceability, and intention 644 
to continue using the system. Task success required participants to complete a query, 645 
switch the need orientation, locate at least one evidence chain, and copy a structured de- 646 
sign proposal. 647 

4. Results 648 

4.1. NED-GraphRAG Prototype System and Knowledge Graph Quality Audit 649 

Based on the preceding modeling of user needs, organization of cultural evidence, 650 
and graph retrieval method, this study developed an NED-GraphRAG prototype for the 651 
design of traditional dress for literati gatherings in the Song dynasty. The system com- 652 
prises a data layer, a logic layer, and a presentation layer. Figure 6 shows the overall ar- 653 
chitecture. 654 

The data layer integrates cultural evidence units, passages retrieved through RAG, 655 
knowledge graph nodes and relationships, visual elements, and weights associated with 656 
each need orientation. These resources form a shared evidence base for retrieval, relation- 657 
ship expansion, and design generation. The logic layer performs query interpretation, can- 658 
didate evidence retrieval, relationship expansion, reranking based on need orientation, 659 
selection of the Top-(k) evidence units, and evidence context construction. It organizes 660 
evidence fragments, relationship paths, visual information, and usage constraints as struc- 661 
tured input for generation. The presentation layer displays design recommendations and 662 
their supporting evidence, allowing users to trace generated results to the original sources. 663 

 664 

Figure 6. System architecture of the NED-GraphRAG prototype. 665 

The system supports three need orientations: Historical Verification, Visual Commu- 666 
nication, and Social Ritual. All three orientations use the same cultural evidence corpus 667 
and knowledge graph but apply different weights to the five cultural dimensions during 668 
retrieval and evidence context construction. After selecting a need orientation, the system 669 
adjusts the ranking priorities assigned to people, events, objects, settings, and meanings. 670 
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It also extracts retrieval constraints from the query, including personal identity, activity, 671 
dress requirements, setting, and aesthetic meaning. The same query can therefore produce 672 
different combinations of evidence and different design priorities while retaining a con- 673 
sistent evidence base. 674 

The prototype uses a workspace interface. Figure 7 presents a representative case 675 
involving listening to the qin. The left panel lists the retrieved evidence and its sources. 676 
The central panel displays the case image, relationship paths, and visual labels. The right 677 
panel presents the structured design proposal. The proposal is organized by dress form, 678 
colors and patterns, setting and activity, cultural interpretation, and information on usage 679 
constraints. It also retains the correspondence between each design claim and its evidence 680 
identifier. Users can inspect the evidence fragments and relationship chains supporting a 681 
specific recommendation and verify their sources and applicable contexts. 682 

 683 

Figure 7. Representative case interface of the prototype system. 684 

The cultural knowledge graph used by the system contains 4,233 nodes, 12,749 rela- 685 
tionships, and 854 semantic triples. It covers people, activities, dress, objects, settings, 686 
meanings, and source records. Relationships for evidence support and source tracing are 687 
also retained. The quality audit of 180 triples selected through stratified sampling showed 688 
entity accuracy of 95.0%, relationship accuracy of 91.1%, source-binding completeness of 689 
93.3%, temporal label accuracy of 92.2%, and identity-constraint accuracy of 88.9%. Agree- 690 
ment among the three reviewers on relationship correctness yielded a 691 ߙ ݏ′݂݂ݎ݋݀݊݁݌݌݅ݎܭ 
of 0.817. Table 8 presents the audit results by relationship type. Relationships concerning 692 
colors used in dress and dress worn by people had relatively lower precision. The main 693 
sources of error were fading in paintings, partial occlusion, and differences in the inter- 694 
pretation of dress names across modern studies. These relationships were therefore as- 695 
signed lower confidence weights during retrieval. 696 

Table 8. Stratified Quality Audit of the Cultural Knowledge Graph. 697 

Relationship type Sample size Correct Precision 

Person participates in activity 25 23 0.920 

Person wears dress 25 22 0.880 

Activity occurs in setting 25 23 0.920 

Dress uses color 25 21 0.840 

Dress is associated with pattern 20 18 0.900 

Setting expresses meaning 20 18 0.900 

Evidence support 20 19 0.950 

Source tracing 20 20 1.000 
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4.2. Retrieval Experiment Using the Expert Gold Standard 698 

Among the 694 candidate pairs of queries and evidence units, the numbers assigned 699 
relevance scores of 0, 1, and 2 were 191, 231, and 272, respectively. The corresponding 700 
distributions were 142, 237, and 315 for historical appropriateness, and 188, 254, and 252 701 
for fit with the selected need orientation. Krippendorff’s α was 0.790, 0.824, and 0.756 for 702 
the three dimensions, respectively. Agreement was highest for historical appropriateness 703 
and relatively lower for fit with the selected need orientation. 704 

Table 9 reports the pooled relevance metrics and the AHP alignment diagnostic. 705 
NED-GraphRAG produced the highest point estimates for P@5, pooled Recall@5, MRR, 706 
and nDCG@10. Compared with GraphRAG Retrieval, P@5 increased by 0.013 (95% CI 707 
[−0.033, 0.060], p = 0.774 after Holm correction), while nDCG@10 increased by 0.031 (95% 708 
CI [−0.0039, 0.0654], p = 0.194 after Holm correction). Neither difference was statistically 709 
significant. AHP alignment at 5 increased by 0.104 (95% CI [0.0661, 0.1427], p < 0.001 after 710 
Holm correction). Because this metric uses the same AHP weights as the reranking pro- 711 
cess, it serves only to verify whether the ranking mechanism operated in the intended 712 
direction. 713 

Table 9. Pooled relevance retrieval performance and AHP alignment diagnostic 714 

Method P@5 
Pooled Re-

call@5 
MRR nDCG@10 

AHP-AS@5 

(diagnostic) 

BM25 RAG 0.900 0.273 0.933 0.771 0.650 

Character 

RAG 
0.900 0.273 0.933 0.772 0.663 

Dense RAG 0.913 0.277 0.961 0.731 0.704 

Hybrid 

RAG 
0.907 0.275 0.950 0.782 0.721 

GraphRAG 

Retrieval 
0.913 0.279 0.950 0.790 0.748 

NED-Gra-

phRAG 
0.927 0.282 0.978 0.821 0.852 

Table 10 further reports the evidence structure metrics for the same test queries and 715 
candidate pool. NED-GraphRAG achieved a source type coverage of 0.742, compared 716 
with 0.500 for GraphRAG Retrieval. Its source duplication rate decreased from 0.310 to 717 
0.023, while the valid relation path rates were 0.997 and 1.000, respectively. NED-Gra- 718 
phRAG therefore produced broader source coverage and less duplication while maintain- 719 
ing a high proportion of valid relation paths. 720 

Table 10. Evidence structure quality across retrieval methods 721 

Method 
Source type cover-

age 

Source duplication 

rate 

Valid relation path 

rate 

BM25 RAG 0.508 0.287 0.620 

Character RAG 0.508 0.283 0.634 

Dense RAG 0.408 0.370 0.662 

Hybrid RAG 0.508 0.293 0.711 

GraphRAG Re-

trieval 
0.500 0.310 1.000 

NED-GraphRAG 0.742 0.023 0.997 

4.3. Expert Evaluation and Evidence Audit 722 

Figure 8 presents the blinded expert ratings for the four methods. NED-GraphRAG 723 
received the highest mean score in all seven dimensions, with scores ranging from 5.23 to 724 
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5.90. Compared with GraphRAG Retrieval, the largest differences were found in fit with 725 
the selected need orientation (Δ = 0.933), evidence traceability (Δ = 0.811), and clarity of 726 
usage constraints (Δ = 0.689). Differences in the other four dimensions ranged from 0.389 727 
to 0.567. After Holm correction, significant differences remained for evidence traceability, 728 
need-orientation fit, and clarity of usage constraints. Plain LLM received scores of 2.10 for 729 
evidence traceability and 2.80 for clarity of usage constraints. Both were lower than its 730 
scores for query relevance and visual coherence. 731 

Across Historical Verification, Visual Communication, and Social Ritual, the mean 732 
ratings of NED-GraphRAG for fit with the selected need orientation were 5.67, 5.80, and 733 
5.73, respectively. The ICC(2,k) values across the seven dimensions ranged from 0.766 to 734 
0.952. Evidence traceability and clarity of usage constraints had ICC values of 0.952 and 735 
0.942, respectively. 736 

 737 

Figure 8. Heatmap of mean expert ratings. 738 

The evidence audit at the level of individual design claims further examined the cor- 739 
respondence between generated content and cited evidence. Plain LLM was excluded be- 740 
cause it did not produce explicit bindings between design claims and evidence. Table 11 741 
presents the results for the three methods that incorporated evidence. NED-GraphRAG 742 
achieved a claim support precision of 0.897, compared with 0.849 for GraphRAG Retrieval 743 
and 0.830 for Hybrid RAG. Its evidence coverage reached 0.967, while the rates of claims 744 
without evidence and incorrect evidence binding both decreased to 0.033. No claims di- 745 
rectly contradicted their bound evidence. Krippendorff’s α values across the five binary 746 
audit indicators ranged from 0.589 to 0.846 across the three reviewers. The accuracy of 747 
inference labels for NED-GraphRAG was 0.900. 748 

Table 11. Audit of evidence binding for individual design claims across three methods 749 

Method 

Claim support 

precision 

(sup-

ported/bound) 

Rate of 

claims 

without ev-

idence 

Incorrect 

evidence 

binding 

rate 

Conflicting 

claim rate 

Evidence 

coverage 

Hybrid 

RAG 
0.830(39/47) 0.217 0.133 0.033 0.783 

GraphRAG 

Retrieval 
0.849(45/53) 0.117 0.083 0.017 0.883 

NED-Gra-

phRAG 
0.897(52/58) 0.033 0.033 0.000 0.967 

 750 

4.4. Ablation and Weight Sensitivity Analysis 751 
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The ablation results are presented in Table 12. Removing the graph relation module 752 
reduced nDCG@10 from 0.821 to 0.782 and P@5 from 0.927 to 0.893. This was the largest 753 
decline in relevance metrics among the ablation settings. Removing the AHP need weights 754 
reduced AHP alignment at 5 from 0.852 to 0.741. Removing source reliability reduced 755 
source type coverage from 0.742 to 0.675. By comparison, removing BGE similarity or vis- 756 
ual metadata produced smaller changes.MMR primarily affected evidence structure. Its 757 
removal increased nDCG@10 and P@5 to 0.836 and 0.933, respectively. However, source 758 
type coverage decreased from 0.742 to 0.525, while the source duplication rate increased 759 
from 0.023 to 0.270. The local improvement in relevance metrics was therefore not accom- 760 
panied by an improvement in source structure. 761 

The sensitivity analysis varied each of the four weights for BGE, graph relations, AHP, 762 
and source reliability by 20%. The remaining weights were proportionally renormalized. 763 
Across the perturbed settings, nDCG@10 ranged from 0.833 to 0.852, AHP alignment at 5 764 
ranged from 0.828 to 0.861, source type coverage ranged from 0.708 to 0.758, and the 765 
source duplication rate ranged from 0.023 to 0.061. Spearman rank correlation coefficients 766 
between the perturbed settings and the baseline ranking ranged from 0.91 to 0.97. NED- 767 
GraphRAG maintained its overall ranking position relative to Hybrid RAG under all per- 768 
turbations. 769 

 770 

Table 12. Module ablation results based on the expert gold standard. 771 

Model con-

figuration 
nDCG@10 P@5 

AHP-AS@5 

(diagnostic) 

Source type 

coverage 

Source du-

plication 

rate 

Full NED-

GraphRAG 
0.821 0.927 0.852 0.742 0.023 

Without 

BGE simi-

larity 

0.808 0.913 0.838 0.733 0.027 

Without 

AHP need 

weights 

0.794 0.907 0.741 0.767 0.040 

Without 

graph rela-

tion score 

0.782 0.893 0.812 0.758 0.027 

Without 

visual 

metadata 

0.814 0.920 0.831 0.742 0.023 

Without 

source relia-

bility 

0.807 0.913 0.844 0.675 0.017 

Without 

source-

aware 

MMR 

0.836 0.933 0.849 0.525 0.270 

 772 

4.5. User Task Evaluation 773 

Thirty participants completed 90 tasks across the three need orientations, with an 774 
overall task success rate of 92.2%. As shown in Table 13, the mean ratings for all seven 775 
measures exceeded 5. Fit with the selected need orientation received the highest overall 776 
rating at 5.83, while perceived trustworthiness received the lowest at 5.18. 777 



 

https://doi.org/10.3390/xxxxx 

Among the three task types, Historical Verification received the highest mean for in- 778 
formation clarity at 5.93. Visual Communication received the highest mean for fit with the 779 
selected need orientation at 5.93, while Social Ritual received the highest mean for design 780 
usefulness at 5.77. Evidence traceability was rated similarly across the three task types, 781 
with means of 5.57, 5.53, and 5.53. The relatively high ratings for information clarity, de- 782 
sign usefulness, and evidence traceability were not accompanied by a comparable rating 783 
for perceived trustworthiness. 784 

Table 13. Mean user task ratings across three need orientations. 785 

Need orientation 
Ease of 

use 

Infor-

mation 

clarity 

Per-

ceived 

trust-

wor-

thiness 

Design 

useful-

ness 

Fit 

with 

need 

orien-

tation 

Evi-

dence 

tracea-

bility 

Con-

tinued 

use in-

tention 

Historical Verifi-

cation 
5.50 5.93 5.37 5.70 5.87 5.57 5.50 

Visual Commu-

nication 
5.70 5.70 5.07 5.63 5.93 5.53 5.23 

Social Ritual 5.60 5.70 5.10 5.77 5.70 5.53 5.43 

Overall 5.60 5.78 5.18 5.70 5.83 5.54 5.39 

 786 

5. Discussion 787 

The full NED-GraphRAG configuration showed the most consistent overall perfor- 788 
mance in retrieval relevance, fit with need orientation, source diversity, and generation 789 
constrained by evidence. Plain LLM produced relatively complete design proposals, but 790 
its design claims lacked stable source support. Fluent prose and detailed visual descrip- 791 
tions did not ensure adequate evidential support. This pattern echoes earlier concerns 792 
about source opacity, weakened cultural authenticity, and contextual mismatch when AI 793 
is applied to cultural heritage [5, 6, 22]. The results for BM25 RAG, Dense RAG, and 794 
Hybrid RAG show that external evidence retrieval can strengthen the correspondence be- 795 
tween generated content and historical materials. Retrieval therefore provides a founda- 796 
tion for factual grounding and source tracing [36]. The higher valid relation path rate 797 
achieved by GraphRAG Retrieval shows that graph structures can establish structured 798 
connections among queries, entities, and evidence units. Previous studies on cultural her- 799 
itage knowledge graphs have likewise organized dispersed texts, images, and entities into 800 
searchable relational networks [33, 34]. Graph relations alone did not resolve source 801 
diversity or contextual selection. Compared with GraphRAG Retrieval, NED-GraphRAG 802 
produced higher results for fit with need orientation, source coverage, and claim support. 803 
Cultural heritage design therefore requires additional controls for user needs, source reli- 804 
ability, and evidence diversity. The ablation results clarify the function of each module. 805 
Removing AHP reduced AHP alignment at 5 from 0.852 to 0.741, indicating that the need 806 
weights primarily affected alignment with the selected need orientation. Removing graph 807 
relations reduced nDCG@10 to 0.782, confirming their contribution to evidence ranking. 808 
Removing MMR slightly increased nDCG@10 to 0.836. Source type coverage then de- 809 
creased to 0.525, while the source duplication rate increased to 0.270. A narrow emphasis 810 
on relevance can therefore reduce evidence diversity. 811 

The main contribution of this study lies in extending knowledge organization from 812 
information retrieval to design judgment. Existing applications of knowledge graphs and 813 
RAG in cultural heritage have largely focused on data integration, knowledge retrieval, 814 
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and question answering [39, 41]. This study incorporates historical sources, cultural re- 815 
lationships, and user needs into the same evidence selection process. Cultural evidence 816 
concerning literati gatherings in the Song dynasty can therefore inform contextual judg- 817 
ments about traditional dress. Each recommendation retains traceable evidence. The five 818 
dimensional cultural knowledge graph provides the relational basis for evidence tracea- 819 
bility. BERTopic identifies themes in contemporary user perceptions, while AHP converts 820 
the three need orientations into interpretable weights. Graph relations, source reliability, 821 
and Source-aware MMR regulate how evidence enters the evidence context. Together, 822 
these components preserve the links between dress elements and their historical sources, 823 
associated people, events, settings, and meanings. User needs affect the priority assigned 824 
to evidence. The content and reliability level of the historical sources remain unchanged. 825 
This process gives cultural sustainability a specific meaning within the study. The contin- 826 
ued circulation of visual elements alone cannot sustain traditional dress as cultural herit- 827 
age. Its contemporary reuse depends on the preservation of source links, cultural relation- 828 
ships, and usage conditions. Design claims can be traced, their contexts of use can be 829 
stated, and their evidential limits can be examined. These features distinguish sustainable 830 
reuse from general content generation. 831 

The framework also has several practical applications. Traditional dress designers 832 
can use it to examine the sources and cultural contexts associated with specific design 833 
elements. In cultural tourism displays and immersive experiences, relational evidence can 834 
help coordinate character settings, activity narratives, and spatial design. This may reduce 835 
discrepancies between visual representation and cultural content. In art and design edu- 836 
cation, evidence chains and usage constraints can connect source research, concept devel- 837 
opment, and proposal justification. Students can then examine how design judgments de- 838 
velop from historical materials. 839 

Several limitations remain. The evidence base focuses on traditional dress associated 840 
with literati gatherings in the Song dynasty, and the experimental cases contain relatively 841 
clear role and setting constraints. The findings therefore reflect the performance of the 842 
framework within this type of design task. Its applicability to other dynasties, dress sys- 843 
tems, and cultural heritage objects requires further examination. Future research can ex- 844 
pand the evidence base while retaining the current audit criteria and examine the stability 845 
of the five dimensional cultural structure across different cultural contexts. 846 

The modeling and evaluation of user needs also have defined boundaries. Online 847 
comments were used to identify contemporary perceptions, while AHP weights cali- 848 
brated three design contexts. These weights do not represent fixed preferences across 849 
broader user populations. Expert evaluation compared the relative performance of the 850 
methods under predefined criteria, but it did not directly examine prolonged use in pro- 851 
fessional design practice. Future studies can observe how evidence prompts affect pro- 852 
posal selection, revision, and design judgment in actual design tasks.The experiments 853 
used a fixed model configuration and a defined parameter setting. The current results do 854 
not establish that this configuration will remain optimal across different models and da- 855 
tasets. Cross model replication and broader parameter sensitivity tests are therefore 856 
needed. Further work should also improve the identification of conflicting evidence and 857 
the procedures for human review. 858 

6. Conclusions 859 

This study developed and evaluated an NED-GraphRAG framework driven by cul- 860 
tural evidence for the sustainable design transformation of traditional dress associated 861 
with literati gatherings in the Song dynasty. Dispersed historical images, texts, artifact 862 
reports, and modern studies were organized into a traceable five dimensional cultural 863 
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knowledge graph. Contemporary design needs were then incorporated into evidence re- 864 
trieval and ranking, allowing knowledge of traditional dress to inform specific design 865 
judgments.The full framework achieved the highest point estimates for retrieval relevance 866 
and stronger results for fit with need orientation and the verifiability of generated outputs. 867 
External evidence retrieval strengthened the correspondence between generated content 868 
and historical materials, while the graph structure improved the organization of cultural 869 
relationships. User perception modeling and AHP need weights adjusted evidence prior- 870 
ities for specific design contexts. The ablation results further showed that AHP need 871 
weights, graph relations, source reliability, and Source-aware MMR affected fit with need 872 
orientation, ranking quality, evidence quality, and source diversity, respectively. Tradi- 873 
tional dress generation therefore requires a balance among relevance, cultural relation- 874 
ships, and source control.The framework extends cultural evidence concerning literati 875 
gatherings in the Song dynasty from information organization to design judgment. Dress 876 
elements can enter contemporary design transformation while retaining their historical 877 
sources and cultural relationships. The resulting proposals remain open to verification. 878 
The framework can support traditional dress design and can also inform content organi- 879 
zation and proposal development in cultural tourism displays, immersive experiences, 880 
and art and design education. Future research can evaluate its applicability across broader 881 
dress systems and professional design tasks. Overall, this study offers a practical route for 882 
the continued interpretation, transformation, and use of traditional dress culture through 883 
traceable cultural evidence. 884 
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