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Abstract
The following work proposes the development of an artificial intelligence system, based on multimodal chatbots,
intended for the tourism and hotel industry. The main objective is to create a virtual assistant capable of performing
the main concierge tasks, such as welcoming guests, handling check-in/check-out, and providing personalized
information about the facility and the surrounding area. The system integrates OpenStreetMap geospatial data,
structural information derived from architectural floor plans using computer vision techniques, and internal
documentation through text mining methods. The extracted information will be organized into a knowledge base
and made usable through natural interaction mediated by large-scale language models (LLMs). The approach
is modular, inclusive (accessible to people with disabilities) and multilingual, and can be extended to different
application contexts beyond the hotel industry, such as museums, shopping malls, and large public buildings. This
approach will also be feasible when scaling from large to small tourism contexts, offering open-source solutions
with improved computational efficiency.
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1. Introduction

In Italy, tourism accounts for approximately 5% of the national GDP and is a fundamental component
of the economy [1]. One of the main limitations of the sector is its high demand for labor, due to the low
degree of automation possible in many operational activities. Artificial Intelligence (AI) can provide
effective support by automating certain tasks and making services more accessible and efficient [2].

This paper proposes the development of a chatbot capable of performing the main functions of
a hotel concierge, including welcoming guests, handling check-in and check-out procedures, and
providing information on schedules, regulations, and available services. Using metadata provided by
OpenStreetMap (OSM), the chatbot will be able to offer information on local events and nearby points
of interest [3]. It will also be possible to obtain detailed information on any object displayed on the
map, thanks to the use of large language models (LLMs), which are highly effective in generating and
understanding natural language [4, 5].

Similarly, the chatbot will need to be able to guide users within the facility. However, unlike OSM,
there are no available metadata for indoor spaces. The objective will therefore be to design a system
capable of receiving a floor plan of the building as input and returning a structured output similar
to what is provided by services like Google Maps [6]. Since architectural floor plans are generally
standardized, the use of computer vision models is particularly suitable [7, 8].

It will also use Knowledge Graph to integrate knowledge inside LLM and provide an explainable
structure of the system that can motivate each decision made. The KG will be taken from external
resources, like ontologies already defined, and with the process of Knowledge Graph mining.

The goal of this work is to develop a chatbot that operates autonomously once installed. The system
must be capable of handling a wide variety of scenarios and inputs, taking into account exceptions,
rules, and the specific characteristics of the facility in which it is deployed (e.g., building floor plan,
geographic location, internal regulations).
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The chatbot will be designed to support various types of input: text, audio, images, video, and
touchscreen interaction. The ideal hardware will be a device equipped with a webcam, speakers, and a
touchscreen (such as an interactive television).

The system will be multilingual and accessible, with support for the most widely spoken languages
and integration with translation APIs for less common languages. It will also be compatible with various
modes of interaction to facilitate access for people with disabilities.

2. State of the Art

This section reviews key theoretical concepts and recent advancements relevant to the development of
intelligent systems in social context. It explores the integration of Large Language Models (LLMs) and
Knowledge Graphs (KGs) to enhance knowledge representation and reasoning. Additionally, it covers
the application of AI-powered chatbots in hotels, the use of geospatial metadata such as OpenStreetMap,
and the automatic analysis of architectural floor plans. Together, these topics provide a comprehensive
foundation for building sophisticated, context-aware tourist guidance and reservation systems.

2.1. Integration of Large Language Models (LLMs) and Knowledge Graphs (KGs)

The integration between Large Language Models (LLMs) and Knowledge Graphs (KGs) is an emerging
research area that combines the generative and contextual understanding capabilities of LLMs with
the semantic structure and informational robustness of KGs. This approach improves the accuracy,
consistency, and explainability of generated responses, enabling advanced applications in question
solving and automated reasoning [9]. By embedding structured knowledge from KGs into LLMs, systems
can better handle complex queries, reduce ambiguity, and provide more reliable and context-aware
answers. Furthermore, this integration facilitates knowledge updating and reasoning over dynamic
information, making it particularly valuable in domains requiring up-to-date and precise knowledge
representation.

2.2. Chatbots and Artificial Intelligence in the Hospitality Sector

The adoption of AI-based chatbots in the hotel industry has shown a significant impact on customer trust
and satisfaction. A study by Nguyen et al. [10] highlighted that factors such as empathetic responses,
anonymity, and personalization positively influence customer interactions and trust in hotel chatbot
systems.

The implementation of real-world chatbots for hotel reservation was explored by Li et al. [11], who
presented a conversational AI system capable of handling hotel search and reservation tasks by text
messaging, demonstrating the effectiveness of such systems on a commercial scale.

2.3. Use of OpenStreetMap (OSM) Metadata and LLMs

The integration of geospatial metadata with large language models (LLMs) was investigated by Wang
et al. [12], who employed ChatGPT as a mapping assistant to enrich maps with content derived
from street-level photographs. This approach not only improved the accuracy of annotations in
OpenStreetMap but also enhanced the semantic understanding of geographic features by leveraging
the contextual knowledge embedded within the LLM. Such integration demonstrates the potential
of combining AI-driven language models with spatial data to create more detailed and user-friendly
mapping tools.

2.4. Recognition and Analysis of Architectural Floor Plans

The automatic detection of objects in architectural floor-plan images is a growing field. Hashmi et al.
[13] proposed an approach based on Cascade Mask R-CNN to detect objects such as furniture, doors,
and windows in floor plans, improving robustness through data augmentation techniques. Zeng et al.



[14] introduced a multitask neural network with room-boundary guided attention for deep floor plan
recognition, achieving superior results compared to previous methods.

Finally, Yuan et al. [15] presented a large-scale dataset for the analysis of multi-unit floor plans,
facilitating the development of accurate models for the recognition and labeling of rooms. These
studies provide a solid foundation for the development of an advanced hotel chatbot, integrating natural
interaction capabilities, the use of geospatial data, and spatial understanding of indoor environments.

3. Proposed work

The system consists of three integrated modules: the first extracts information from regulations using
BERT for semantic retrieval and LLaMA for response generation; the second interprets urban maps and
indoor floor plans, transforming them into semantic-spatial graphs to support spatial interaction; the
third builds a Knowledge Graph specialized in monuments and points of interest, integrating data from
various sources to improve the retrieval of tourist information.

3.1. Information Extraction System from Regulations

These modules work together to provide an intelligent and contextual conversational experience.
The first component aims to create a system that, given a regulation as input, can extract information

according to the user’s requests. This approach will utilize LLM systems capable of answering questions.
To reduce risk, a system based on BERT [16], which is lighter and has fewer parameters, will be used
to extract the relevant portion of the text through semantic matching algorithms. The extracted portion
of the text will then be passed as input to the LLM LLaMA [17]. LLMs have demonstrated remarkable
capabilities across a wide range of fields and are often used in question-answering systems to filter
critical or potentially harmful content - a necessary configuration when dealing with the public [18].

BERT has been used in various contexts for question-answering extraction systems, and many studies
explore methods to improve performance using zero-shot learning [19], without requiring any training
data [20], in order to preserve the generality of the system. This is one of the main points of this work,
the training of the model can improve the performance of the provided questions, but can be applied
only in one case. Once the model is trained, it loses generalization, this requires technical experience to
train it, and this possibility can be an excessive cost for small and small business.

This approach, typical of Retrieval-Augmented Generation (RAG) systems [21], reduces the
computation time, provides more accurate information, and mitigates the phenomenon of hallucinations.

3.2. Interpretation of City Maps and Indoor Structures

To support intelligent and contextual interaction between the user and the urban or architectural
environment, the system must be equipped with the ability to understand and represent the spatial and
semantic relationships between contextual elements. This section describes the approach adopted to
interpret city maps and indoor structures, transforming this information into structured representations
useful for conversational interaction [22].

The system must be capable of recognizing and interpreting spatial and semantic relationships
between different elements on the city map, to support a more natural and effective interaction with
the user. Specifically, it will be necessary to identify spatial relationships, for example, “in front of,”
“next to,” “connected by a road” [23], as well as semantic relationships, such as “located on the same
street,” “within the same area” [24].

For the interpretation of indoor structures, a specialized object detection model will be developed
to analyze architectural floor plans. This model will be responsible for recognizing and classifying
room types (e.g., bedrooms, bathrooms, kitchens, halls, etc.) [25], identifying relevant objects within
each room, and extracting and organizing this information into consistent meta-data [26].



Metadata extracted from urban maps and indoor floor plans will be used to construct structured
graphs, where nodes represent spaces, rooms or objects, and edges describe spatial relationships (for
example, proximity, connection) or functional ones (for example, use, belonging to a specific area) [27].

These graphs will serve as the foundation for the power of a large language model (LLM), which
will be able to generate dynamic conversational responses, guide the user inside buildings or among
points of interest in the city, and suggest events or potentially relevant locations based on the user’s
position or preferences [28].

Figure 1: An Italian knowledge graph representing the inside of a structure

3.3. Creation of a Knowledge Graph for Monuments and Points of Interest

The objective of this section is to describe the construction of a Knowledge Graph (KG) designed
to represent and organize relevant information about tourist points of interest in a structured and
interconnected manner. This structured representation aims to enhance the effectiveness of information
retrieval within an intelligent response system, providing more accurate and context-aware guidance to
users. The KG will be developed by integrating data from multiple sources, including Wikipedia, public
datasets, and other relevant information repositories, alongside already structured data from existing
information systems. To extract pertinent information from unstructured texts, a comprehensive text
mining process will be employed. This process involves identifying key entities, relationships, and
metadata, enabling the transformation of raw textual data into structured knowledge. The adoption of a
knowledge graph offers two significant advantages. First, it allows the incorporation of new knowledge
contributed by domain experts, enriching the system with up-to-date and specialized information.
Second, it leverages existing knowledge embedded within large language models (LLMs) by organizing
it into a formal structure. This organization facilitates better inference capabilities, enabling the system
to deduce new concepts and relationships more effectively. Overall, the integration of diverse data
sources and the application of advanced text mining techniques will result in a robust and dynamic KG
that supports intelligent and contextually relevant tourist guidance.



3.4. LLM and KG Integration

Various methods will be explored to integrate the information collected in Sections 3.2 and 3.3 into the
language model. The extracted data will be incorporated using different techniques, including graph
embedding [29], direct injection of triples into the prompt [30], semantic retrieval based on symbolic
knowledge [31], and hybrid neuro-symbolic models [32]. The goal is to expand the contextual knowledge
accessible to the LLM during response generation, without excessively increasing computational
overhead.

This approach will enable the model to access precise, structured, and up-to-date information, helping
to improve the precision, consistency, and semantic relevance of its responses [9]. At the same time,
integrating a Knowledge Graph can provide a framework for explainability, allowing traceability
of the system’s decision making, a crucial factor in contexts where transparency and reliability are
required [33]. This mechanism not only improves the models’ capabilities, but also fosters greater user
trust, as users can better understand the basis on which responses are generated. The user will be able
to explore the sources and underlying semantic relationships, actively participating in the system’s
decision-making process.

In the future, these techniques may be further extended with modules for continuous updates and
source verification, making the system more resilient to the dynamics of information content and
potentially more compliant with regulatory requirements such as algorithmic transparency and AI
trustworthiness mandated by European legislation [34].

4. Conclusions

This approach is specifically designed to minimize computational requirements, making it accessible
and practical to small and medium enterprises (SMEs) in the tourism sector. Using lightweight models
and efficient algorithms, the system ensures that essential functionalities such as natural language
understanding, semantic search, and interactive responses can be executed on affordable hardware with
limited resources. This reduces both operational costs and technical barriers, allowing smaller businesses,
often with constrained budgets and infrastructure, to implement advanced AI-driven chatbots without
the need for expensive servers or cloud computing services. Ultimately, this approach democratizes
access to intelligent customer assistance, fostering greater innovation and competitiveness across the
tourism industry regardless of the size of the company.

The proposed project aims to make a significant contribution to the tourism sector, with potential
extensions to other application domains such as shopping malls, banking institutions, museums, trade
fairs, and large public facilities. The system is designed to be modular and flexible, allowing for partial
and scalable implementations based on specific needs and available resources.

The integration of advanced artificial intelligence technologies, natural language processing (NLP),
and computer vision represents a turning point for the intelligent automation of hospitality and
navigation services. Thanks to the semantic-spatial interpretation of environments and personalized
conversational interaction, the system can enhance the user experience, making it more engaging,
efficient, and accessible.

In the long term, this approach can foster a profound transformation in the way users interact with
complex physical spaces, promoting more informed, sustainable, and inclusive use. Moreover, the
system’s adaptive nature allows for continuous evolution in response to technological advancements
and new social demands, positioning it as a strategic platform for innovation in intelligent guidance
and assistance services.

5. Declaration on Generative AI

During the preparation of this work, the authors used ChatGPT and DeepL to perform grammar and
spelling checks, translation, and to paraphrase or reword parts of the text. After using these tools,



the authors thoroughly reviewed and edited the content as needed, and take full responsibility for the
accuracy and integrity of the publication’s content.
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