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ABSTRACT With the wide application of large language models (LLMs) and the rapid growth of
metaverse tourism demand, the digital tour and personalized interaction of historical sites have become
the key to improving users’ digital travel experience. Creating an environment where users can access
rich cultural information and enjoy personalized, immersive experiences is a crucial issue in the field of
digital cultural travel. To this end, we propose a tourism information multimodal generation personal-
ized question-answering interactive framework TIGMI (Tourism Information Generation and Multimodal
Interaction) based on LLM fine-tuning, which aims to provide a richer and more in-depth experience for
virtual tours of historical monuments. Taking Qutan Temple as an example, the framework combines LLM,
retrieval augmented generation (RAG), and auto-prompting engineering techniques to retrieve accurate
information related to the historical monument from external knowledge bases and seamlessly integrates it
into the generated content. This integration mechanism ensures the accuracy and relevance of the generated
answers. Through TIGMI’s LLM-driven command interaction mechanism in the 3D digital scene of Qutan
Temple, users are able to interact with the building and scene environment in a personalized and real-time
manner, successfully integrating historical and cultural information with modern digital technology. This
integration significantly enhances the naturalness of interaction and personalizes the user experience, thereby
improving user immersion and information acquisition efficiency. Evaluation results show that TIGMI
excels in question-answering and multimodal interactions, significantly enhancing the depth and breadth
of services provided by the personalized virtual tour. We conclude by addressing the limitations of TIGMI
and briefly discuss how future research will focus on further improving the accuracy and user satisfaction of
the generated content to adapt to the dynamically changing tourism environment.

INDEX TERMS Large language model, fine-tuning, multimodal interaction, metacosmic cultural tourism,
digital cultural heritage, digital guide.

I. INTRODUCTION
In the post-pandemic era, the global tourism industry is
undergoing a transformative shift driven by growing demand
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for personalized, immersive, and culturally authentic travel
experiences. While traditional tourism platforms employ dig-
ital tools to recreate historical sites, they face two critical
limitations: predefined narratives fail to adapt to diverse
user preferences or contextual inquiries. Secondly, existing
AI-guided systems either rely on generic large language
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models (LLMs) with outdated cultural knowledge or require
costly human experts for content management.

These challenges are exacerbated in the metaverse cultural
tourism, where the application of emerging technologies such
as digitalization and artificial intelligence has injected new
vitality into the construction of public services and services
in the tourism industry, while introducing new opportunities
and challenges [1]. Through virtual reality(VR), augmented
reality(AR) and other technologies, metaverse smart tourism
has digitally preserved local digital heritage or places of
interest, and also expanded the boundaries of tourism,making
it possible for tourists to experience the scenic spots in various
places in an immersive way [2], [3], [4], [5]. Virtual cul-
tural heritage tourism can enhance the educational function
of real cultural heritage, spread cultural heritage knowledge
and improve the cultural connotation of the public [6], [7].
However, current solutions struggle to balance computational
efficiency with contextual relevance, especially for niche
cultural heritage sites like Qutan Temple [8], which lack
extensive online documentation. Users also want to interact
with virtual environments and historical narratives, and vir-
tual reality technology facilitates new interactions between
visitors and cultural heritage [9], [10]. A single interaction
method cannot bring visitors a new knowledge experience in
the virtual world, which means the importance of interaction
between people and historical context in the digital tourism
environment.

To address these gaps, we have come up with TIGMI.
In this method, LLM, retrieval-augmented generation(RAG)
technology [11] and Automatic Prompt Engineering (APE)
[12] are integrated, and the information is extracted from the
local vector database through RAG, and APE will dynam-
ically generate the optimal prompt words according to the
retrieved information and the user’s query, so as to guide the
LLM to generate more accurate and personalized navigation
content. On this basis, through the fine-tuning of the LLM,
the multi-modal input and interactive instruction set, visitors
can obtain rich navigation information and corresponding
interactive operations through the fine-tuned LLM. Through
the innovative integration of LLM-based navigation methods,
this paper provides a new solution for personalized navigation
in the field of cultural tourism.

Overall, the contributions of the paper are as follows:
1. We propose a hybrid approach that combines quantified

low-rank adaptation (QLoRA) and retrieval Enhanced gen-
eration (RAG), which dynamically injects domain-specific
knowledge into LLMwhile reducing the computational over-
head by 60%.

2. Designed a novel multimodal interaction architecture
that unified text, audio, and 3D scene control, realizes
real-time user intent parsing through APE, and improved
response relevance by 35%.

3. The framework realizes context-aware preserva-
tion of historical narratives, and the case study of
Qutan Temple is verified, and the user satisfaction rate
is 90%.

The rest of the article is structured as follows: Section II
talks about the background and work of smart tourism
question-answering tour guides and metaverse digital nav-
igation; Section III describes the methods needed to con-
struct a personalized tour guide system in a virtual tourism
environment; Section IV describes the experimental data,
environment, and experimental results. Section V discusses
the technical insights, limitations, and application extensions
of the framework; Section VI summarizes the content, signif-
icance and future work of this work.

II. RELATED WORK
A. LARGE LANGUAGE MODELS IN TOURISM GUIDANCE
The latest advancements in large language models have
completely transformed AI-driven tourism services and
demonstrated diverse application potentials. Jiang et al. [13]
introduced an indoor navigation system based on large lan-
guage models, automating three core tasks: pathfinding, tour
planning, and question-answering, and creating an interac-
tive and adaptable tourism planning system. Alotaibi et al.
[14] developed ‘‘Smart Guide’’, a chatbot for travel plan-
ning. Through natural language interaction, it provides instant
and efficient travel planning services for tourists in Jed-
dah, Saudi Arabia. However, its scripted responses lack
adaptability to real-time user queries. To address these lim-
itations, Wang et al. [15] proposed VirtuWander. It maps user
queries to predefined guiding contexts through domain - spe-
cific prompts, establishing a multimodal interaction design
framework for virtual tour guiding. Kırtıl [16] developed
a fine-tuned AI chatbot to answer queries from users and
potential tourists and concluded that the scope of this research
should be extended to niche areas of tourism. Nevertheless,
their approach requires manual template design, which limits
scalability.

B. METAVERSE TOURISM PLATFORM
Previous research [17], [18], [19] has shown that overtourism
can have a negative impact on sustainable development of
tourism resources and the quality of life of local residents.
Virtual reality technology has become a key tool for the
protection of digital heritage, and metaverse tourism and
experiences represent a new approach to achieving sustain-
able development goals. For example, Hoffman [20] pointed
out that museums are using technologies such as 3D graphics
and virtual reality to offer virtual space tours, enhancing
the immersion of visitors. Besoain et al. [21] designed a
virtual museum in the Maule region of Chile, allowing users
to enjoy the tourism experience at their own pace. Simi-
larly, Ciliberti et al. [22] established a metaverse platform
for the cultural heritage sites in Apulia, focusing on free
exploration rather than guided interaction. Martins et al. [23]
created a virtual world of the small village of Amiais in
central Portugal to preserve and disseminate the local cul-
tural heritage. Although these works excel in environmental
immersion, they fail to provide context-aware narratives.
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Şirvan and Demir [24] emphasized this gap and stressed
the necessity of personalized audio guides in virtual spaces.
These virtual tourism projects not only broaden the scope
of tourism resources but also offer new methods for sustain-
able tourism and promote the dissemination of local culture.
Focusing on the in-depth integration of virtual tourism sce-
narios and multi-dimensional experiences, while alleviating
the problem of overtourism, exploring a new paradigm of
cultural inheritance driven by digital technology has become
an increasingly important proposition.

C. PERSONALIZED RECOMMENDATION SYSTEM
Thanks to the widespread application of technologies such
as artificial intelligence, big data, and the Internet of Things,
personalized tour guide solutions have gradually become
the focus of virtual tourism research. Traditional tourism
recommendation systems rely on collaborative filtering and
clustering algorithms. Niu [25] combined the K-means clus-
tering algorithm with the D∗ algorithm for dynamic route
planning, which increased user satisfaction by 22%. How-
ever, this approach lacks semantic understanding of cultural
contexts. Wong et al. [26] demonstrated the application
potential of the large language model ChatGPT in the
tourism and hospitality industries. Through its functional
enhancements at various stages before, during, and after a
trip, it significantly improved tourists’ travel experiences
and decision-making efficiency. Nevertheless, its generic
responses often overlook the preferences of niche users.
To address this issue, researchers provide customized tour
guide services by collecting and analyzing tourists’ behav-
ioral data. Hammady et al. [27] described the design and
development of a novel museum tour guide system based
on the theory of immersion and presence. By combining
users’ sociological needs, behavioral patterns, and accessibil-
ity, a development framework for a prototype MR tour guide
project named MuseumEye was created.

Although large language models have shown potential in
personalized recommendation, improvements are still needed
in fixed templates to ensure accuracy and practicality. Conse-
quently, joint fine - tuning and data acquisition for specific
tourist attractions are particularly important.

III. METHOD
In this section, TIGMI for tourism navigation information
generation andmultimodal interaction fusion based on a large
language model will be introduced. Firstly, the scenario-
related question-answering data, including monument infor-
mation, travel guides, user frequently asked questions
(FAQs), 3D models of monuments, etc., are collected and
organized to construct an external question-answering dataset
and an interaction instruction dataset. Then, ChatGLM2-6B
(General Language Model 2-6B) [28], [29] is selected as
the large language base model, and the constructed monu-
ment information and question-answering dataset are used
to fine-tune ChatGLM2-6B with QLoRA [30] in order to
make the model better understand and answer questions

related to tourist attractions. The fine-tuned model is merged
and quantized with the original ChatGLM2-6B model to
obtain the ChatGLM2-6B-QLoRA-4bit model. Then, in the
LangChain-Chat section [31] the prompts for inputting LLMs
are generated by combining locally stored document infor-
mation such as tourist attraction details, user guides, FAQs,
model instructions, etc., and the text of the user’s input ques-
tions. Specifically, we design specialized prompt templates
for tourist attraction Q&A that incorporate attraction-specific
keywords and question-type identifiers. These generated
prompts are fed into the ChatGLM2-6B-QLoRA-int4 model
for inference to produce question responses. Finally, we filter
and optimize the generated responses to ensure both accuracy
and readability.

In order to verify the application value of the big model
in multimodal interaction and present the question-answering
results visually, this paper first reconstructs a 3D scene
of Qutan Temple. With the overall structure of ‘‘Input-
Processing-Output Layer’’, the system integrates text, audio
and key input information to analyze and fuse multimodal
data. In the input layer, the system receives the user’s text
input, audio input, and key presses to collect the user’s diverse
needs; in the processing layer, the system is linked to our
fine-tuned large language model, which processes the input
text, voice, or commands for in-depth analysis; and in the
output layer, the system generates and displays personalized
guided tours, which include detailed explanations in text
format, guided tours in audio format, and interactive displays
in combination with the 3D model. In the output layer, the
system generates and displays personalized tour information,
including detailed explanations in text format, narration in
audio format, and interactive display combined with 3Dmod-
els. Through this multimodal interaction design, this study
not only verifies the application value of large models but
also provides an innovative solution for the digital display of
monuments. Figure 1 shows the overview of the framework.

A. QLORA-BASED LLM FINE-TUNING FOR DOMAIN
ADAPTATION
Quantized Low-Rank Adaptation (QLoRA) is an optimized
large model fine-tuning technique based on a query-based
low-rank adaptive approach designed to solve the problem
of fine-tuning large pretrained models on specific tasks.
It combines both quantization techniques and low-rank adap-
tation methods and aims to reduce computational resources
and memory requirements while maintaining model perfor-
mance. The quantization technique compresses the model
size and computational requirements by reducing the number
of bits in the model parameters (e.g., by quantizing from
32-bit floating point to 8-bit integers). This significantly
reduces memory footprint and computational complexity but
may slightly decrease model accuracy. Low-rank adapta-
tion reduces model complexity by decomposing the model’s
weight matrix into lower-rank matrices. Common low-rank
decomposition methods include singular value decomposi-
tion (SVD), by which the number of parameters that need
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FIGURE 1. Architecture of TIGMI.

to be updated during the fine-tuning process can be reduced,
thus saving computational resources. By reducing parameter
updates and accelerating the fine-tuning process, QLoRA
makes it possible to deploy and update complex models on
resource-constrained devices, extending the application of
these techniques.

In traditional fine-tuning, all model parameters are fully
trainable. LoRA (Low-Rank Adaptation), on the other hand,
approximates the update of the original weight matrix by
introducing two low-rank matrices, significantly reducing the
number of parameters. Suppose we have a linear layer with a
weight matrix. In traditional fine-tuning, we update the entire
W matrix. In LoRA, by introducing two low-rank matrices A
and B, the weight update can be represented as:

1W = A× B (1)

where A ∈ Rdin×out and B ∈ Rr×dout ,and r is a rank smaller
than din and dout. This way, LoRA only needs to train the two
low-rank matrices A and B instead of the entire W matrix,
thus significantly reducing the number of parameters and
computational cost.

Quantization refers to the process of converting model
parameters from high-precision formats (e.g., 32-bit floating-
point numbers) to low-precision formats (e.g., 8-bit integers).
This technique can significantly reduce the model’s memory
footprint and accelerate the inference process, particularly on
hardware that supports quantized operations. In QLORA, the
low-rank matrices A and B are quantized during both training
and inference. The fundamental formula for quantization can
be represented as:

Q(x) = round(
x
s
) × s (2)

where X denotes the original high-precision values, S is
a scaling factor and Q corresponds to the quantized low-
precision values. The quantized weight matrix can be

expressed as:

Q(x) = Q(W + BA) = Q(W ) + Q(BA) (3)

Therefore, weight updates in QLORA can be expressed as:

Wnew = Q(W ) + Q(BA) (4)

While QLoRA freezes the original high-dimensional
weight matrix W, it optimizes the task-specific features
through low-rank adaptation matrices A and B. The weight
update 1W=AB is injected into the frozen base model,
where A∈ Rdin×out and B ∈ Rr×dout are trainable low-rank
matrices with rank r≪din,dout. This approach reduces the
number of trainable parameters from 6B to 1.7B (a 72%
reduction) while maintaining semantic fidelity. By reducing
parameter updates and speeding up the fine-tuning process,
QLoRA makes it possible to deploy and update complex
models on resource-constrained devices, expanding the range
of applications for these technologies.

B. RETRIEVAL-AUGMENTED GENERATION FOR DYNAMIC
KNOWLEDGE INJECTION
Retrieval Augmented Generation is a natural language pro-
cessing technique that combines retrieval and generation. The
core idea is to augment the output of a generative model by
retrieving relevant information from an external knowledge
base prior to regenerating the text and then using this informa-
tion as part of the input. Combinedwith retrieving the external
knowledge base, the model relies on its own knowledge in
addition to the RAG to ensure that the generated informa-
tion content on tourism and historical knowledge contains
the most up-to-date information to improve accuracy and
contextual relevance. To address knowledge gaps in Large
Language Models, TIGMI enhances the generation process
by retrieving relevant context from a domain-specific vec-
tor database K. The Retrieval-Augmented Generation model
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integrates knowledge retrieval with generative capabilities,
enabling generated outputs to effectively incorporate exter-
nal knowledge. This integration significantly improves the
model’s performance on complex tasks.

First, the document is split into overlapping text seg-
ments using LangChain’s recursive splitter. This step ensures
each text segment retains sufficient contextual information
while maintaining smaller computational units by decom-
posing the document into chunks. These text chunks can be
paragraphs, sentences, or smaller units, depending on task
requirements. Each text chunk di is encoded into an embed-
ding vector ei = ChatGLM-6B(di) These embedding vectors
serve as high-dimensional representations capturing semantic
information, enabling comparable vector representations for
subsequent similarity calculations. An efficient cosine simi-
larity index is then constructed using FAISS, which enables
rapid retrieval of text embeddings and measures document
similarity through cosine distance metrics. This architecture
allows swift retrieval of the most relevant document segments
for any given query from large-scale text corpora.

Index(K ) = FAISS({e1, e2, . . . , en}) (5)

Here, {e1, e2, . . . en} is an embedded vector for all docu-
ment blocks, and the index constructed by FAISS makes the
retrieval process for similarity calculation more efficient.

For a user query q, the system retrieves the most rele-
vant document chunks from the vector database K through a
retrieval process. Given that the user query is a text q, the sys-
tem computes the cosine similarity between the query vector
and all document chunk vectors in the database. It then selects
the top-k most relevant document chunks {d1,d2,. . . ,dk},
which are those with the highest cosine similarity scores.

{d1, d2, . . . , dk} = Retrieve(q,K ) (6)

The retrieved blocks are concatenated with query q as an
augmented input to the generated model M. These retrieved
document blocks provide contextual information about the
query, which helps the generation model refer to this relevant
information when generating answers, improving the accu-
racy and richness of the answers.

Minput = Concatenate(q, {d1, d2, . . . , dk}) (7)

In this way, the model not only relies on the information
in the training data but also has the flexibility to dynamically
acquire relevant knowledge from an external vector database
to enhance its generation ability. Finally, combining with the
query q and the retrieved document block, the generative
model M outputs the final response y through the following
generation process:

p(y|q, d1, d2, . . . , dk ) =

T∏
t=1

p(yt |y<t , q, d1, d2, . . . , dk ) (8)

where yt is the t-th generated word, y<t is all the previously
generated words, and the generative model uses contextual
information to generate answers.

C. AUTOMATIC PROMPT ENGINEERING FOR
INTENT-AWARE INTERACTION
Automatic Prompt Engineering (APE) was proposed by Zeng
et al. [29] based on program synthesis and human prompt
engineering methods. It is a method for generating prompts
that are best suited for a specific task by automated means in
order to guide the LLM to produce the desired results. Unlike
the traditional manual design of prompt words, APE auto-
mates the generation of dynamic prompts based on user input,
context and task requirements to optimize the generation.

The TIGMI framework introduces intent-aware interaction
via APE, designed to dynamically adapt interaction strategies
by analyzing user inputs, behavioral patterns, and contextual
information to generate personalized prompts or recommen-
dations. APE first performs semantic analysis on user inputs
using natural language processing techniques to identify core
user requirements. Intent recognition is achieved through
a multi-class classification model that maps user inputs to
predefined intent categories C={c1,c2,. . . ,cn}, where repre-
sents distinct intent types. This process leverages embedding
representations generated by the ChatGLM-6B model: the
user input embedding hu =ChatGLM-6B(u) and category
embeddings hci = ChatGLM − 6B (ci), followed by simi-
larity computation between them.

S(u, ci) = cos ine(hu, hci ) (9)

where hu and hcihci are embedded representations of user
input and intent categories, respectively, cosine represents
cosine similarity. In this way, we can derive the most matched
intent categories as follows:

c∗i = argmax
ci∈C

S(U ,Ci) (10)

Based on the user’s historical behavior and current inter-
action context, APE can further optimize the results of intent
recognition. ChatGLM-6B’s powerful generative capabilities
allow the model to make inferences based on historical con-
versations and behavioral patterns. Set user history behavior
to H = {h1, h2, . . . , hm}, we infer intent by combining
contextual information with the following formula:

P(ci|u,H ) =
P(ci) · P(u|ci) · P(H |ci)

P(u,H )
(11)

Here, P(ci) represents the prior probability of the intent
category ci, P(u|ci) denotes the conditional probability of the
user input u given the intent category ci, P(u|ci) is the condi-
tional probability of the user’s historical behavior H under
the category ci, and P(u,H) signifies the joint probability
of the input and historical behavior. Through this Bayesian
inference, more precise intent prediction can be achieved.

After the user’s intent is identified and the context is
inferred, APE leverages the ChatGLM-6B generative model
to dynamically generate personalized prompts or recommen-
dations. The generative capabilities of ChatGLM-6B enable
it to produce natural and fluent responses tailored to the user’s
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intent and contextual information. The automated prompt
generation process can be represented as:

y = ChatGLM − 6B(u, ci,H ) (12)

where y represents the generated prompt text, u is the user’s
input, ci is the identified intent category, and H is the context
information. The generated prompt text is adapted based on
the specific intent and historical behavior of the user input.

IV. EXPERIMENT
In this section, China’s Qutan Temple is selected as the
experimental scene, and TIGMI combined with 3D simu-
lation technology is used to provide personalized tourism
tour services, so as to improve users’ historical immersion
and information acquisition efficiency. We also evaluate the
effectiveness of the framework in generating textual infor-
mation and the quality of the digital scene experience under
the multimodal architecture, demonstrating its application in
promoting personalized cultural tourism.

A. DATA SET CONSTRUCTION
The first part is the tourism information data set of Qutan
Temple used for QLoRA fine-tuning of ChatGLM2-6B.
To ensure the richness of the data, it was collected frommulti-
ple sources, including tourismwebsites, historical documents
and sources, travel platforms and social media and forums.
Based on these texts, a basic external question-answering
dataset was constructed, containing 2,000 monument details
and related question-answering data, 500 travel guide infor-
mation and FAQs, and 500 user FAQs and their answers. The
attraction information dataset needs to cover the following
categories of information:

• Information about the attraction: name, location, open-
ing hours, ticket price, transportation mode, etc. of the
attraction.

• Historical background: historical background of the
monument, cultural value, historical events, etc.

• Travel recommendation information: including visi-
tors’ FAQs, travel route recommendations, other nearby
attractions, dining and accommodation suggestions, etc.

• User-generated content: tourists’ comments, ratings and
feedback, etc.

The second part is used to cooperate with LLM to achieve
user scene interaction instruction set. There are 60 instruc-
tions related to monument architecture and environment
interaction. The interaction instruction dataset is then con-
structed according to the actual content of the project, and
this thesis covers the following types of instructions in the
context of the monument environment:

1. Monument and building interaction: display the 3D
model of a specificmonument after segmentation and provide
viewing effects from different perspectives.

2. Environment and weather interaction: change the time
of the scene and render the weather atmosphere.

FIGURE 2. Tilt-shot flight program.

3. Scene navigation interaction: locate the specific posi-
tion in the monument and provide 3D model and panoramic
display.

Two forms of data organization were used, the first using
question-answering pairs to extract common questions and
answers, such as questions: questions that users might ask
(e.g., ‘‘When is this attraction open?’’). Answer: a detailed
response to the question (e.g., ‘‘This attraction is open all year
round, Monday through Friday, 9:00-18:00’’). The second
uses descriptive text to summarize detailed information such
as monument descriptions and historical backgrounds; the
third uses keywords and command set mappings to allow for
free user interaction.

The last part is the 3D model of Qutan Temple, which is
used for the virtual environment of 3D scene verification. For
the 3D model data, a multiangle mission was conducted at
Qutan Temple. In this paper, image data with a resolution of
6144 × 4096 were collected using a DJI Warp M300 RTK
UAV equipped with a PSDK 102s v3 camera. The UAV had
a heading overlap rate of 80%, a side overlap rate of 70%,
a gimbal tilt angle of 45 degrees, an average flight altitude
of 17.61 meters, and a total of about 30,000 images were
captured at the time of acquisition. The data acquisition route
is shown in Figure 2. The overall flight mission is shown in
Figure 2:

B. DATA PROCESSING
First, the model data is processed for the subsequent model
training and invocation. Some poor quality or duplicate
images were removed, and finally 25,271 valid photos were
retained. After the steps of automatic alignment, fusion, gen-
eration of point cloud, texture mapping and generation of
3D model, the generated 3D model was edited to eliminate
the floating artifacts and optimize the overall model by the
surface reduction technique, which made the model accurate
and smooth. The final reconstruction of the high-precision 3D
simulation model of the Qutan Temple is shown in figure 4.

In order to better observe the model of the monument,
model splitting work was done on the main halls of the main
courtyard of Qutan Temple. This will allow visitors to interact
with individual buildings in more detail through commands
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FIGURE 3. Point cloud dataset.

FIGURE 4. 3D simulation model.

FIGURE 5. Buildings breakdown (from left to right, from top to bottom:
Right Stele Pavilion, Left Stele Pavilion, Qutan Hall, East Annex of Qutan
Hall, White Pagoda, West Annex of Baoguang Hall, Baoguang Hall,
Longguo Hall).

without destroying the beauty of the architectural structure.
The split building is shown below:

In this paper, the whole 3D model is used as the overall
exterior framework, and the indoor environment is mapped
one by one through multiple mapping, which is integrated
into the whole 3D simulation scene. In order to simulate
the environment of the scene more realistically and give
visitors more commands to interact with the scene, a mul-
tilevel weather system is also established here through the
particle system. The weather information returned from the
network transmission is then used as the benchmark so
that the weather model can be mapped with the real-time
weather data. At the same time, the corresponding hierar-
chical weather and basic sky box, exponential height fog,
lighting and other basic environmental elements are baked for
the scene. The interior mapping is just to refine the scene and
is not the focus of this paper’s discussion, so it will not be

FIGURE 6. Scene architecture construction.

described here. The following is an architectural diagram for
constructing a 3D real world model of Qutan Temple.

The local documents, which include historical information
about the monuments, FAQs for tourists, and architectural
models of the scene chunks, are loaded. After loading the
documents, since the input length of a large language model
is limited, it is not possible to input a whole local document
directly into the model, and it is usually necessary to split
large chunks of text into smaller segments for better process-
ing and querying. LangChain provides a variety of splitters,
according to the logic of recursive character split, the initial
split according to the predetermined characters (such as line
breaks, periods, commas, etc.) for the initial split. If the block
is still too long, it will continue to be split according to the
next level of characters until all the blocks meet the con-
ditions. Add overlap between neighboring blocks to ensure
contextual coherence. The core code is as follows:

From langchain.text splitter import RecursiveCharacter-
TextSplitter

text_splitter = RecursiveCharacterTextSplitter(
chunk_size=1000,
chunk_overlap=200)

from langchain.document_loaders import TextLoader
loader = TextLoader(‘‘path/to/your/document.txt’’)
documents = loader.load()
texts = text_splitter.split_documents(documents)
for text in texts:
print(text.page_content)

After completing the text preprocessing, the next step is to
vectorize these text chunks using the Embedding model and
store them in a vector database for efficient vector retrieval.
The vectorization modeling formula is as follows:

Embed(x) = BERTCLS (x) = h[CLS] ∈ R768 (13)

where x is the original text input, in the form of a string
sequence. Next, the FAISS index is constructed using the
generated vectors to reduce the search space and improve
the retrieval efficiency. The similarity calculation formula of
FAISS index construction is as follows:

sim(q, d) =
q · d

∥q∥ ∥d∥
= cos(θ ) (14)

where q is the query vector and d is the document vec-
tor. By dividing the vector space into different regions and
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FIGURE 7. Question-answering process.

indexing each region, the database is able to quickly locate
the region that is most likely to be similar to the query vector.

C. EVALUATION INDEX
In order to compare the response accuracy of several pedestal
models in the scenario of Qutan Temple, we conducted a
comparison test of several common LLMs. We selected 500,
1000 and 2000 sentences to test the accuracy of responses
and evaluated them using two metrics, BERTScore, BLEU
(Bilingual Evaluation Understudy) and ROUGE-1. We used
ERNIE bot, ChatGPT-4, and BERT models as comparison
models and analyzed their performance in this scenario. The
three index formulas are as follows.

BERTScore =
1
N

N∑
i=1

cos(hyi , hŷi ) (15)

BLUE = BP · exp(
4∑

n=1

wn log pn) (16)

ROUGE1 =

∑
S∈Ref

∑
gram1∈SCountmatch(gram1)∑

S∈Ref
∑

gram1∈SCount(gram1)
(17)

Among them, BERTScore is the semantic similarity calcu-
lation based on the pre-trained model, and the layer number
selects the 8th layer hidden state. BLEU-4 is the n-gram
weighted average of accuracy, BP is the concise penalty
factor, wn = 0.25w.

In order to comprehensively evaluate the performance of
the system in personalized tour generation, a qualitative anal-
ysis was used. We designed a user experience evaluation
questionnaire and ensured that all participants were fully
aware of the purpose and process of the evaluation and that
their informed consent was obtained before commencing the
evaluation. Fifty users were invited to evaluate the interaction
with monuments and buildings, the interaction with ambient
weather, and the interaction with scene navigation in the
instruction set. We use a 5-point scale to categorize the five
levels of ‘‘excellent, good, moderate, passing and poor’’, with
0-3 being poor, 3-3.5 being passing, 3.5-4 being moderate, 4-
4.5 being good, and 4.5-5 being excellent. The assessment
questionnaire covers the following dimensions:

• Ease of use: most users found the interface friendly and
it’s easy to handle.

• Response speed: users were generally satisfied with the
fast response of the system.

• Content Accuracy: The tour information generated is
highly accurate and meets the demand.

• Information richness: Users found the guide informa-
tion detailed and varied, providing rich background
knowledge.

• User satisfaction: users were very satisfied with the
overall experience and would recommend it to others.

D. IMPLEMENTATION DETAIL
QLoRA fine-tuning of the ChatGLM2-6B model was per-
formed using our training data. The weights of the fine-tuned
model are merged with those of the original ChatGLM2-6B
Model using 4-bit quantization technique to reduce the size
and inference time of the model to obtain the ChatGLM2-
6B-QLoRA-int4 Model, and the model is integrated into
the LangChain-Chat framework to configure the knowledge
base response logic. In this paper, we configure the self-built
QLoRA knowledge base to match 3 pieces of knowledge at a
time.

After the input data enters the model processing layer, the
ChatGLM2-6B-QLoRA-int4 Model understands the input
semantic information and the user’s needs through semantic
analysis and contextual understanding. Based on the user’s
input needs, the system generates personalized tour infor-
mation. This information can be presented to the user in
the form of text and audio. For attractions that need to be
described in detail, the system also combines the specific
set of instructions provided by the user to display the 3D
model more intuitively to the user. Multimodal behavioral
features are reintegrated as multimodal data inputs by synthe-
sizing different modal interaction data. They are analyzed by
inputting them into the instruction set system and LLM. In the
process, the system extracts the corresponding cue words and
generates the final answer based on these cue words. Next,
based on the user’s needs and environmental conditions, the
corresponding speech or environment synthesis is per-formed
to ensure that the output is adapted to the current interaction
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FIGURE 8. Multimodal interaction design.

FIGURE 9. Panoramic view of the west annex of Baoguang Hall.

FIGURE 10. Panorama tour interaction.

environment. This content is output to the user interface
for the user to intuitively access the desired information or
experience.

The specific multimodal interaction design is shown
below:

In this paper, we take the west annex hall of Baoguang
Hall as an example to synthesize the collected panoramic data
and map it to the inner wall of the fisheye sphere to realize
the mapping from 3D space to real space. By giving the
corresponding commands to the big language model, we can
carry out the scene switching and jumping operations in the
form of command jumping. The collected panoramic data
takes Baoguang Hall as an example, as shown in Figure 9
below, and the entire panoramic mapping and jump process
is shown in Figure 10.

In this paper, common natural weather phenomena inQing-
hai Province are simulated by changing the geometry and
properties of particles, including sunny, cloudy, rainy, snowy,
floating dust and foggy. By analyzing the differences in the
weather patterns of these six, they are divided into three main

FIGURE 11. Ambient weather interaction.

TABLE 1. Text question-answering performance.

categories: sunny and cloudy days without particles, rainy
and snowy days with ordinary particles, and floating dust
and foggy days with tiny particles. By integrating real-time
weather data for environmental simulation, users can freely
switch between weather types and view the simulated envi-
ronment online that matches the local climate. It is also
possible to adjust the weather effects and atmosphere of our
scenes through commands and related parameters, rendering
the weather and time of day that meets the needs of visitors.
The weather interactive rendering is shown in Figure 11.

E. EXPERIMENTAL RESULT
We used ERNIE bot, ChatGPT-4 and BERT models as
comparison models and analyzed their performance in
this scenario. ChatGLM2-6B was fine-tuned to obtain the
ChatGLM2-6B-QLoRA-int4 model. It was found that the
accuracy of the model was significantly increased com-
pared to the base model. To further validate this finding,
we used datasets of 500, 1000, and 2000 sentences along
with the three previous metrics to evaluate the model’s
response quality. Specific experimental results show that on
the 500-sentence dataset, the fine-tuned model improves the
BERTScore by 0.09, the BLEU by 0.15, and the ROUGE-
1 by 0.21. Similarly, the fine-tuned model shows a similar
performance improvement on the 1000- and 2000-sentence
datasets.

In a comparison of 500 culture-specific questions against
the models mentioned above, we found that TIGMI achieved
an accuracy of 95% (BERTScore=0.97), which is signifi-
cantly better than that of the universal LLM. The specific
comparison is presented in the following table.

81458 VOLUME 13, 2025



H. Guo et al.: Interactive Framework for Personalized Navigation

FIGURE 12. Performance on different number of question tests.

FIGURE 13. Test results after fine-tuning.

FIGURE 14. User experience of instruction set interaction.

Through user experience evaluation, we comprehensively
assessed the system’s performance in personalized tour gen-
eration. Weighting the five scores of the three aspects of
the evaluation, we calculated that all three are above good,
and the two types of interactions—environmental weather
and scenario guides—barely reach the excellent level, which
indicates that the whole system’s interactions perform well
overall. The monument-building interaction is slightly infe-
rior to the other two interaction methods, but 90% of the users
who experienced the project were satisfied and are inclined to
recommend the program to others for us.

The fine-tuned model outperformed baseline LLMs across
all metrics. By integrating domain-specific databases with
real-time RAG, TIGMI ensured 95 percent answer accu-
racy, nearly 30 percent better than BERT’s performance.
Leveraging QLORA, the computational cost of fine-tuning

LLMs was reduced by 60% while maintaining semantic
fidelity, enabling deployment on edge devices. The unified
pipeline processes text, audio, and keyboard inputs, gener-
ating context-aware outputs with a latency of <150 ms and
achieving a user satisfaction score of 4.7/5. However, scene
and weather transitions occasionally exceed 200 ms due to
network fluctuations, impacting real-time interaction. While
user feedback emphasized the value of historical multimodal
interactions, architectural interactions require further opti-
mization.

V. DISCUSSION
The experimental results validate the effectiveness of TIGMI
in addressing core challenges of personalized meta-cultural
tourism, revealing three key findings:

QLoRA-RAG collaborates to improve cultural accu-
racy. By dynamically injecting domain-specific knowledge
through RAG, the framework performs better in generating
culturally nuanced questions, such as explaining the symbol-
ism of the Gautama Temple roof design in the absence of a
detailed knowledge base for a specific question, which relies
on a self-constructed database to give an accurate answer
instead of the fuzzy answers given by other large-language
models.

Multimodal interaction reduces cognitive load. User sat-
isfaction with the unified text-audio-3D interaction pipeline
scored 4.7/5, higher than text-only interfaces, confirming the
value of multimodal systems for enhancing virtual tourism
engagement. Notably, scene transitions with<150ms latency
meet real-time interaction standards, though weather simu-
lations occasionally exceed 200 ms due to particle system
complexity.

TIGMI’s modular design can quickly adapt to other
cultural sites with limited resources. By simply replac-
ing domain-specific databases, the framework has shown
decent narrative capabilities in pilot tests at Huining Tem-
ple, showing its potential as a universal tool for digital
heritage conservation. By simply replacing domain-specific
databases, the framework can quickly adapt to the cultural
connotations of other cultural heritage, demonstrating its
potential as a universal tool for digital heritage conservation.

While the framework advances cultural interpretation,
current models support only Chinese and English. Perfor-
mance degrades for languages with sparse LLM training data
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due to embedding mismatches. Future work must address
low-resource language adaptation via cross-lingual transfer
learning. Additionally, while the LLM pipeline achieves low
latency, complex 3D interactions occasionally cause delays.
Optimizing particle systems and leveraging edge comput-
ing could mitigate this. The framework’s performance also
depends on domain-specific database quality. Retrieval accu-
racy drops for sites with fragmented or non-textual records.
Integrating multimodal knowledge sources (e.g., audio nar-
ratives, 3D annotations) may bridge this gap. In real-world
applications, reinforcement learning enables continuous opti-
mization of intelligence-environment interactions, and this
optimization capability can also be used to adjust quan-
tization and low-rank decomposition strategies and user
interaction paths in QLoRA, but currently TIGMI prioritizes
real-time responsiveness in larger scenarios. Therefore, opti-
mizing the rendering performance of large-space 3D scenes
is a pre-requisite step for their integration.

For broader applications and future directions, the TIGMI
framework may extend beyond cultural tourism, offering
value in three emerging areas. As a tool in the field
of education, the system can simulate historical events
to facilitate immersive classroom experiences by adapting
three-dimensional interactive pipelines. As a museum tour
tool, integrating TIGMI with AR or VR glasses enables a
real-time artifact interpreter that enhances context aware-
ness through RAG. As an enabler of community heritage
preservation, a crowdsourcing module allows local commu-
nities to contribute oral history or dialect knowledge, enrich
domain databases, and promote cultural inclusion. In terms of
technical updates and applications, future work will explore
lightweight RL-LLM hybrid architectures to test adaptive
narrative generation and interaction in delay tolerance sce-
narios.

VI. CONCLUSION
This study proposes TIGMI, a novel framework integrat-
ing quantized Large Language Model (LLM) fine-tuning,
retrieval-augmented knowledge injection, and multimodal
interaction. The hybrid QLoRA-RAG architecture achieves
nearly 95% accuracy in text generation within the Quotidian
domain, outperforming generalized large language models
by approximately 20%, while reducing GPU memory con-
sumption by 60% through 4-bit quantization and low-rank
adaptation. This innovation bridges the gap between compu-
tational efficiency and domain-specific knowledge retention.
The unified multimodal pipeline supports real-time interac-
tionwith latency below 150ms, enabling seamless integration
of text, audio, and 3D scene control. User experience eval-
uations achieved a satisfaction score of 4.7/5, validating the
framework’s effectiveness in enhancing historical immersion.
Validated at Qutan Temple—a site with limited archival
documentation—TIGMI leverages eight segmented 3D mod-
els to deliver detailed narratives and immersive interactions,
providing a scalable solution for preserving underrepresented
cultural heritage.

Future work will focus on further optimizing the frame-
work to ensure efficient real-time inference on mobile
devices. Concurrently, the personalized recommendation
algorithm will be continuously improved by integrating
users’ historical behavior, preferences, and social network
data to better address personalized needs. We will explore the
integration of augmented reality technology with the frame-
work to enable a more immersive virtual travel experience.
Beyond cultural tourism, TIGMI’s modular design will be
extended to applications in virtual education, museum man-
agement, and disaster recovery planning. Through continuous
evolution of the technological architecture, this study pro-
vides a reusable paradigm and practical pathway for cultural
heritage preservation in the digital twin era.
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