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Abstract. BHGPT (Built Heritage Generative Pretrained Transformers) is an Al-driven framework designed to
improve knowledge retrieval and management in the built heritage context. While traditional methods struggle
with heterogeneous sources, inconsistencies, and evolving historical data, this study explores customized GPT,
Fine-Tuned BHGPT, and an Al Assistant with Retrieval-Augmented Generation (RAG) to enhance the
accessibility and interpretability of heritage information. This study adopts a domain knowledge first and
operational approach, in which discipline-specific concepts and terminology guide the organization of
information and the structuring of model outputs. The approach begins with a customized GPT model and
prompt engineering to test the model's response behavior. After that, fine-tuning the model on specific datasets
enhances domain-specific accuracy. Finally, the Al Assistant with RAG integrates structured HBIM data and
unstructured archival sources, enabling dynamic querying and cross-referencing of historical and architectural
knowledge. The framework is tested on the Sanctuary of Hercules and the Former Segré Papermill in Tivoli,
evaluating its performance across historical evolution, architectural aspects, and interdisciplinary knowledge.
Results indicate that Fine-Tuned BHGPT significantly improves site-specific knowledge extraction, while Al
Assistant with RAG provides the most flexible and adaptive responses by linking multiple data sources.
However, its accuracy is dependent on data availability and retrieval mechanisms. Overall, the contribution
clarifies the utility of the BHGPT framework for heritage professionals, enhancing accessibility through natural
language querying, producing structured and interoperable outputs, and supporting transparent, source-
grounded interpretation.

Keywords: BHGPT, Fine-tuning, Al Assistant, Built Heritage, Knowledge Management
1. Introduction

Knowledge representation and management are fundamental activities for the recovery and valorization
processes in the built heritage field. Every intervention relies on collected, analyzed, and interpreted information
and heterogeneous data, often derived from different sources, both historical and archival research and direct in
situ investigation. Traditional digital heritage methodologies struggle to handle knowledge characterized by
changes, inconsistencies, and uncertainties that define the complexity of the information's logical structuring
[1].

Recent advancements in information systems for built heritage allow the combination of distinct disciplines and
the linking of distant classes of information [2]. While structured query languages such as SQL (Structured
Query Language) for relational databases [3] and SPARQL (Protocol and RDF Query Language) for semantic
web technologies, such as ontologies [4], offer precise querying capabilities, the usability requires prior
knowledge and understanding of specific data structures and logic.

The integration of Al-driven approaches in the AEC sector, specifically LLMs (Large Language Models), marks
a shift in the research horizon towards a new paradigm. These models introduce a more intuitive and accessible
way for experts and non-expert users to retrieve and reason heritage data [5]. Among LLMs, GPTs (Generative
Pre-trained Transformers) have impressive learning abilities using textual prompts [6], allowing and enhancing
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the understanding of intricate architectural features of complex heritage sites without requiring a technical
background. These GPT models can extract information by combining text-based input with integrated task
instructions and chosen contextual examples. Automating descriptions and responses based on domain
knowledge could aid the documentation process in heritage valorization activities, thanks to its efficient
development and experimentation.

This study proposes a structured framework for GPT models (BHGPT) within the heritage domain, focusing on
multisource knowledge retrieval to support recovery and valorization processes. The research outlines three Al-
driven methodologies, Customized GPT, Fine-Tuned BHGPT, and an Al Assistant with Retrieval-Augmented
Generation (RAG), highlighting their capabilities, limitations, and advancements. BHGPT framework can
support technicians and researchers by enabling natural-language querying of heterogeneous sources;
normalizing vocabulary to domain standards; and returning structured, interoperable outputs that can be directly
reused in documentation, analysis, and consistency checks. The system can also assist in cross-referencing
sources and making reasoning steps and provenance explicit, improving consistency and transparency in
interpretation workflows. The approach is designed to be domain-knowledge driven rather than focused on the
tool, emphasizing how specialized concepts, terminology, and reasoning patterns in built-heritage research are
integrated within Al-assisted workflows as reasoning instruments aligned with disciplinary logics and
interpretation. A significant difference between this research and other Al research in the field of built heritage
is the new training of Al using the methods of customized, fine-tuned, and RAG based on extensive domain-
knowledge data that we provided to the training processes, instead of a straightforward application of existing
Al tools to query the generic knowledge base without domain-knowledge. This research process leads to new
findings that can be applied to developing new Al models for enhancing built-heritage knowledge retrieval.
Eventually, the approach is applied to a unique case study of the Sanctuary of Hercules and the Former Segré
Papermill in Tivoli (Rome) to evaluate the performance of the models.

The contributions of the proposed approach include bridging the gap in the application of generative Al models
in the heritage field and, at the same time, facilitating accessibility and interpretation in the knowledge
management process, demonstrating the potential of Al framework technologies in heritage research and
conservation.

2. Large Language Models in the Heritage field

Methods for knowledge retrieval and management represent an important shift within the built heritage domain.
Whilst several digital workflows have contributed to improving data accessibility and interpretation, there are
still limitations to the retrieval and management of complex knowledge performed by these systems [7].

This section reviews both traditional methodologies and the capabilities of LLMs in terms of access to
knowledge and identifies potential future opportunities in the unique field of cultural heritage studies.

2.1  Opportunities of Natural Language Processing with LLMs

Natural language processing (NLP) has evolved in the last few years thanks to the development of LLMs. These
models, trained on vast amounts of text data, can generate human-like responses with remarkable fluency and
coherence [8-9]. Two of the latest pre-trained models in the OpenAl GPT series are GPT-4.5 (February 2025)
and GPT-40 (May 2024); their development has enabled previously unattainable levels of fluency and
coherence in a machine-generated text. These models have been effectively used in various applications,
including chatbots, content generation, machine translation, interpreting, and NL generation, with minimal
additional training [10].

Some initial research and applications of generative Al technologies have been performed in the AEC
(Architecture, Engineering, and Construction) sector. Zheng et al. focused on integrating the GPT model with
BIM (Building Information Modeling) [11]. Their primary purpose was to retrieve information from the
building information model using natural language and BSON (Binary JSON) to extract building objects and
properties from the BIM, and to clean and store the information in MongoDB. You et al. focused on automated
sequence planning of construction tasks [12], similar to Prieto et al.'s work [13]. Additionally, ChatGPT-3.5 has
been utilized in hazard recognition and construction safety education, demonstrating the versatility of LLMs in
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AEC applications [14].

In the heritage context, the work performed by Firmani et al. [15] for the project 'In Codice Ratio' regards the
automated text recognition and semantic enrichment of historical manuscripts. The application of NLP to the
extraction of structured knowledge from unstructured data has also been investigated in recent developments.
In order to improve accessibility and research workflows in heritage studies, Spina [16] addresses the integration
of Al tools, such as Transkribus and GPT-based systems, to improve transcription accuracy and semantic
interpretation of archival materials.

Loffredo and De Santo employ ontologies and LLMs to navigate and interact with cultural heritage data [17].
Other examples involve constructing linguistic corpora for low-resource languages to enhance preservation, as
well as defining fine-tuned models that assist professionals in analyzing historical texts and artifacts [18].
Moreover, Zhao et al. focused on the development and evaluation of LLM for the Intangible Cultural Heritage
(ICH) Domain, to provide a digital approach to transmitting knowledge [19]. CATS (Cultural-heritage
Advanced Translation Systems) is a research project focused on creating images for the classification of cultural
heritage artifacts [20], while others focused on implementing chatbots to enrich engagement with existing
Cultural Heritage websites [21].

Despite these advancements, studies by Cui et al. [22] highlighted the challenges of adapting LLMs to domain-
specific terminologies and multilingual datasets. Combining LLMs with existing digital heritage frameworks
presents an opportunity to enhance accessibility, automate knowledge extraction, and facilitate interdisciplinary
research activities, proposing new forms of structured data retrieval and interpretation [23].

2.2 Prompt engineering, fine-tuning, and Al Assistants

Prompt Engineering is a technique that takes advantage of the structure and wording of prompts, i.e., textual
requests provided to the model, to maximize performance without directly changing the structure of the model
[24].

This approach is used not only for pre-trained models but also with customized versions incorporating
specialized data. Rather than modifying the internal structure of the model, prompt engineering relies on
processing optimized inputs to stimulate the model to generate relevant responses. Prompt engineering involves
carefully and strategically designing queries presented to the Al model to direct it toward specific responses.
However, the results of Prompt Engineering depend on the knowledge pre-trained or built into the custom
model. The answers may be incomplete or generic if the starting dataset does not include detailed domain
information.

On the other hand, fine-tuning represents a more advanced technique than prompt engineering since it involves
retraining the Al model on specialized datasets [25-26]. This process allows the model to more effectively
understand technical terminologies, semantic relationships, and structured and unstructured data peculiarities.
This process, however, presents significant challenges, including the need for high computational resources and
accurate specialized datasets, which require considerable preparation and effort.

The integration of these techniques finds its most significant expression through advanced APIs such as
OpenAl's Assistant API [27]. This platform allows complex queries to be orchestrated by combining different
tools for querying structured and unstructured data using RAG (Retrieval Augmented Generation) [28]. This
Al Assistant works based on fundamental building blocks: each interaction opens a thread for a variety of tasks,
such as interpreting user queries; the Assistant simultaneously combines tools such as code interpreter, file
search, and function calling, allowing multiple access to different tools; and it can process text-based
information in the vector store, external databases, and structured files [29]. This configuration allows users in
multidisciplinary fields to access centralized knowledge without needing advanced data querying skills.
Compared to existing works, the novelty of this framework is the comparison of three complementary LLM
strategies (customized, fine-tuned, and RAG), on the same heritage case and a head-to-head evaluation across
20 prompts to monitor the models' behavior in terms of accuracy, flexibility, and reusability, towards the
integration of Al workflows in the existing heritage practices.
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3. Al-driven framework for accessing and interpreting heritage data: from customized GPT
to Al heritage assistant

This work proposes and tests a methodological approach to enhance the LLMs' performance based on three
distinct stages, starting from static GPT customization to fine-tuned GPT to adaptive Al Assistants capable of
real-time retrieval from different sources.

Beyond testing different configurations, the framework formalizes a reproducible method for comparing and
evaluating how each Al strategy interprets and structures heritage knowledge in specific conditions.

The progression through these three phases (Figure 1) illustrates the potential expansion of the technology from
a manually curated GPT model to an advanced, hybrid Al Assistant, which integrates pre-trained knowledge
and Retrieval-Augmented Generation (RAG) for information querying and reasoning.

One of the objectives of this Al-driven framework is to understand the model performance based on different
types of inputs and techniques in order to define a fully reliable prototype that can be exploited in the built
heritage knowledge and interpretation processes.

Phase 1
Customized GPT Model >
(Prompt Engineering)

Phase 2 | Phase 3
Fine-tuned GPT Model Al Assistant with RAG

Figure 1. Overview of the Al-driven framework for built heritage knowledge retrieval. © 2025, the Authors
3.1 Customized GPT model

The proposed workflow starts with defining the purpose of the application and the objectives of testing the GPT
model. Unlike purely exploratory uses of GPT, this phase establishes a clear input-output protocol tied to
heritage-specific information schemas. Since the work is based on heritage artifacts, the model should be able
to reply with specialized knowledge related to multiple domains of interest. The architectural assets domain
requires the topological space relations and the classification of building components and materials, as
quantitative and qualitative properties of construction zones, components, and materials. At the same time, the
cultural heritage domain focuses on the tangible and immaterial values embodied in the studied assets and the
relations established with the historical, technological, social, and geographic contexts. Other knowledge
domains can also be involved depending on the specific case study.

3.1.1 Data collection, preparation and pentagram framework

The process can be subdivided into data collection, where the research leads to the analysis of different sources:

e Archaeological sources consist of the physically present remains that can be directly investigated.

e  Written sources, unpublished and published.

e  Visual sources, iconographic, cartographic, and photographic

e  Oral sources, oral stories as testimonies of collective identification.
From these sources, it is possible to perform an initial classification and structuring based on the requirements
and the available information in different formats. Before the Al testing, the data preparation process represents
a crucial activity for model training performance. Since the GPT is trained on text-based knowledge, detailed
annotations that include contextual information, significance, and preliminary interpretation are necessary,
along with tagging data with labels describing the nature of the knowledge.
A preliminary analysis of compatibility with the model helps improve the success of testing; this involves
linking historical and present pictures with a textual description.
The creation of a custom GPT model is performed by using the configuration key. A customizable framework
is applied to define the instruction, where each component controls the model's output.
By adopting the following pentagram structure, the prompts are adequate, relevant, and appropriate:

e  Context: background information necessary to contextualize the model's responses.
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e  Persona: depending on the user group (public or specialists), how the model's persona is tailored to fit the
audience.

e Task: the main objective of the model, such as answering specific types of queries or providing data-
driven insights.
Output: expected format and tone of the model's responses, whether casual or formal.
Constraints: limitations or boundaries within which the model operates, ensuring relevance and
appropriateness of responses.

3.1.2  lterative testing and validation strategy

Once the instruction is defined, iterative testing begins and proceeds through several stages, depending on the
quantity and quality of the gathered and pre-structured knowledge. The process begins with the creation of a
list of prompts within certain knowledge domains, Prompt IDs, and expected answers. Then, the prompts are
sent to the model with follow-up questions to adjust the model responses.
Along with the established dialogue, the model is trained in multiple steps using different types of knowledge:
current and historical images, historical text documentation, construction drawings and architectural plans,
construction text documentation, and labeled historical images.
The aims are to evaluate the final results and responses to the defined prompts and to understand how the model
reacts to different types of information and which are more effective and efficient during the testing stage. For
this reason, prompt-response validation is performed at every step of the process according to the following
criteria.

e  Accuracy: correctly verified according to records and context accuracy
Relevance: no diverging into unrelated topics
Completeness: addressed relevant key aspects and sufficient depth
Clarity: no ambiguity and use of proper terminology, whether for a specialist or the general public
Conciseness: balance between details and efficiency

e Interactivity and adaptability: capable of following up on questions
Once the process is complete, the final evaluation can ensure the practical applicability of the proposed
framework.

3.2 Fine-tuned GPT model beyond standard customization

While prompt engineering provides structured outputs, it remains highly dependent on pre-existing training
data. This phase introduces fine-tuning GPT-4 with domain-specific datasets to overcome these limitations and
improve response accuracy, consistency, and terminology relevance.

After source selection and information extraction, as proposed in the previous section, the model has to be
trained on domain-specific datasets in JSONL (JSON Lines), a format well-suited for this process. Each entry
is built upon a system prompt to set the domain context, a user prompt (query), and the expected response that
exemplifies the desired output (1). The fine-tuning process is not merely memorization; it helps the model
reason more effectively within a specific domain by learning patterns from the dataset. The provided examples
teach terminology, response structure, and domain knowledge, ensuring accurate and relevant answers to
various questions.

{ "messages" : [
{"role" : "system", "content" : "X" } ,

{ "role" : "user", "content" : "X" } , (1)
{ "role" : "assistant" , "content" : "X" }
I}

The fine-tuning process uses optimization techniques such as hyperparameter calibration. Learning rate, batch
size, and epoch count are adjusted to balance the training efficiency with response accuracy. Moreover,
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temperature tuning is necessary to adjust the model's creativity while responding to technical questions. One of
the main challenges is mitigating the hallucinations — incorrect or fabricated information — by calibrating loss
functions to define domain-specific constraints. The overall process is divided into different steps. The training
process, which begins with training on general built heritage concepts and then progressively incorporates site-
specific datasets, allows the model to produce increasingly specialized outputs.

As in the previous section, the evaluation phase is performed by a qualitative assessment based on accuracy,
terminology correctness, completeness, and relevance. An iterative feedback loop identifies errors and
knowledge gaps to help refine datasets and adaptive retraining.

This phase sets the basis for the Retrieval Augmented Generation (RAG), where real-time querying capabilities
will further enhance the model's adaptability.

3.3 Al Assistant with Retrieval-Augmented Generation (RAG)

In this phase, the Al framework combines pre-trained generative models with real-time information retrieval
from external sources. This approach enables access to both structured data (in JSON format) and unstructured
information (archival documents, PDFs, and text-based sources), allowing more refined and context-aware
responses.

The system architecture is designed as a modular framework (backend and frontend) using Node.js and
Express.js to handle API requests and response delivery. The Al Assistant employs the OpenAl GPT-4-turbo
model, which is integrated through the OpenAl Node Client and deployed in Replit, a cloud-based development
environment that facilitates code execution.

The core aspect of this phase is the file ingestion and preprocessing pipeline, which enables the Al Assistant to
process both structured (JSON) and unstructured (PDFs and text) data. The system "ingests" all the information
and converts it into vector embeddings. These embeddings are stored in a vector database, allowing semantic
search and retrieval based on natural-language prompts.

In order to understand these different types of information, the Al Assistant employs a dual-retrieval strategy,
a File Search tool, to query and retrieve relevant data efficiently from text-based sources. For structured data in
JSON format, specific Function-calling tools have been developed, allowing the Al Assistant to directly query
and extract targeted information from these files, thereby enhancing precision in responses.

After that, to handle query execution, the backend defines two endpoints: /start, which initializes a thread for
each conversation, and /chat, which allows the user to send queries that the Al Assistant processes by retrieving
the relevant information from the vector store.

When a user sends a natural-language query (e.g., about historical aspects or building components), the Al
Assistant matches the request with the indexed structured and unstructured data, retrieves the information, and
returns a response. The system is designed to handle error scenarios, log processes, and ensure that accurate
responses are delivered to the user through the frontend.

Users interact with the Al Assistant through a web-based application or any other platform, where they can
submit queries and receive responses in real-time. The frontend collects user inputs (queries) and transmits them
to the backend for processing and using the available data. Finally, the backend will send the response back for
display to the user.

The Al Assistant underwent an initial qualitative performance assessment in the OpenAl API playground.
Prompts were designed to test the Al Assistant's focus on relevant responses and its handling of basic heritage-
related queries. The assessment focused on criteria such as accuracy, relevance, completeness, clarity,
conciseness, interactivity, and adaptability. Thanks to these evaluation criteria, it is possible to continuously
refine the Al model, ensuring that retrieval-augmented querying facilitates knowledge accessibility. This phase
moves beyond the static Al model developed through the pentagram framework by integrating the retrieval
mechanisms. The creation of an Al interactive assistant allows multi-source queries, combining a dynamic and
modular approach to support reasoning and inference for heritage interpretation.

The Al Assistant helps reduce Al hallucinations since the responses are grounded in accurate data, avoiding the
generation of speculative or incorrect information.

This model can also handle evolving heritage datasets, and as historical knowledge expands, new studies and
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documentation can be integrated into the Assistant without requiring frequent retraining. Additionally, the
development of Al Assistants facilitates interdisciplinary queries since they can respond to architectural,
historical, archaeological, and technical inquiries and cross-reference domain-specific information from
different sources (Figure 2). Overall, the framework offers a clear and verifiable way to integrate generative Al
into heritage workflows, advancing toward strategies that facilitate the interpretation, verification, and
interdisciplinary comprehension of heritage knowledge.

Phase 1 - Customized GPT Model (Prompt Engineering) Phase 2 - Fine-tuned GPT Model
Data collection ‘ | Fine-tuning data preparaticn
r ) R T Dreﬂmmar;: | r RN G0 JSONL
| Sources r---=1 Data oxtraction r--=1 I I Sources r—-=Data annotationr--= ‘ |
o i o I I structuring I I o | I _Fgl_rwla_‘rt_u“_q_ X
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Figure 2. Detailed workflow phases: (1) Customized GPT via prompt engineering, (2) Fine-tuned GPT with
structured datasets, (3) Al Assistant with RAG integrating HBIM and archival documents. © 2025, the Authors.

4. Case study application

The proposed framework is applied to the case study of the Sanctuary of Hercules and the Former Segré Paper
Mill in Tivoli (Italy), a site shaped by centuries of human and natural activities. Over the past centuries, this
unique asset has undergone multiple functional adaptations, from ancient Roman structures to numerous
industrial reuses, culminating in its final abandonment in the 1970s, when the Segré family's latest production
process was decommissioned [30].

The extraordinary value of this site lies in the multiple stratifications and in the possibility of highlighting those
historical layers in informed intervention actions for the recovery and valorization processes.

A key challenge in this case study is managing a large volume of data that contains inconsistencies,
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uncertainties, and changes over time. For this reason, the objective of this study is to evaluate the model's
performance using 20 crafted prompts categorized into three major domains: historical evolution, architectural
and construction aspects, and interdisciplinary knowledge (Figure 3). This application, therefore, tests the Al's
ability to interpret built heritage data using natural language queries and analyzes the model's progressive
refinement across three phases — Customized GPT, Fine-tuned GPT, and Al Assistant with RAG - highlighting
how LLMs evolve from static knowledge to dynamic retrieval reasoning. Moreover, this research aims to define
the possible frontiers and limitations of heritage management and to explore the potential of hybrid Al-assisted
decision-making processes.

Prompt D Category Prompt Question
HIST1001 Historical Evelution Describe the evolution of the Sanctuary of ngcutes and the Former Segre Papermill over
centuries. Whatwere the key periods of significant change?
HIST1002 Historical Evolution Whatwerethe main economic and functionaldrivers behind the conversion of the site into an
industrial complex?
HIST1003 Historical Evolution How did the water management infrastructure supportindustrial production at the Segré
Papermill?
HIST1004 Historical Evolution Canyou deduce the latest papermill production process?
HIST1005 Historical Evelution Howd.\dtheswtesownershlpchangeovert\me,and howdid thisimpactits architectural
evolution?
HIST1006 Historical Evolution Whatwere the main socio-economic factors that led to the abandonment of the Segré Papermill?
TECH1007 zg(é)lgssctural&Constructlve What were the predominant constructiontechniques used in the original Sanctuary of Hercules?
TECH1008 Architectural & Constructive What construction materials were used in the former Segré Papermill, and how did they differ from
Aspects the original structures?
Architectural & Constructive How was opus caementicium used in the Sanctuary of Hercules, and howdoesit compare to
TECH1009 )
Aspects modernreinforced concrete?
TECH1010 ﬁ;(;)l:éfsciural&Constructlve What reinforcements were introduced in the early 20th century industrial adaptations of the site?
TECH1011 ﬁ;(:)l’géf;:tural&Constructwe How was the storage room of the Segré Papermill constructed in the 20th century?
TECH1012 Architectural & Constructive How did the specific requirements of papermaking processes influence the selection of
Aspects construction materials and the structural design of the Segré Papermill?
TECH1013 Architectural & Constructive How did the choice of masonry techniques at the Sanctuary of Hercules influence the site's
Aspects structural stability and its ability to withstand environmental degradation overtime?
INTER1014 Interdisciplinary Knowledge Whattypes of machinerywere used in the Segré Papermill, and what role did they play in the
production process?
INTER1015 T et e How do the work tools found at the Segré Papermill reflect technologicaladvancements of the
early 20th century?
INTER1016 Interdisciplinary Knowledge How did industrial processes at the papermill evolve from its inception to its abandonment?
INTER1017 Interdisciplinary Knowledge How do the surviving architectural elements contribute to the site's heritage value today?
INTER1018 Interdisciplinary Knowledge What s the significance of the Sanctuary of Hercules in relation to industrial archaeology?
INTER1019 T is T Knowledge qud\dwater-powered machinery at the papermill influence the daily workflow and production
efficiency in the early 20th century?
INTER1020 Interdisciplinary Knowledge What are the key conservation challenges in balancingindustrial archaeology values with modern

reuse proposalsfor the site?

Figure 3. Crafted 20 prompts for evaluating AI model responses across three domains: Historical Evolution,
Architectural & Construction Aspects, and Interdisciplinary Knowledge. © 2025, the Authors.

4.1 Customized BHGPT model

Tailoring and adjusting the Al tool represent the main focus of this phase. The development of BHKR (Built
Heritage Knowledge Retriever) involves a detailed customization of the GPT model to align it with specific
requirements. The functionality of the BHKR relies first on aggregating diverse data types from various sources
into a coherent structure that simplifies access and manipulation. The structure then provides outputs useful to
the stakeholders involved in the decision-making process, with a focus on precision and appropriateness of
context.
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4.1.1  Pentagram framework

Here is the detailed definition of the pentagram framework that is provided to the GPT model:

«Context: Your users are professionals from diverse fields such as architecture, engineering, archaeology, and
history. These users often face challenges due to the unstructured and poorly integrated nature of existing data,
which complicates the accessibility, management, and sharing of information. Common issues include data
duplication, inconsistencies, and loss. Your role is crucial in delivering structured knowledge in a user-friendly
manner to improve data exchange processes and significantly enhance decision-making accuracy. You can
access a rich repository of historical and current images, detailed documentation, and other pertinent data about
specific sites, including the Sanctuary of Hercules and the Former Segré Papermill.

Persona: You are "BHKR" (Built Heritage Knowledge Retriever), a highly advanced, friendly, and adaptable
Al Chatbot designed to support stakeholders involved in the decision-making processes for interventions and
valorization activities at heritage sites. Your core function is to access and synthesize a wide array of data,
including image-based and text-based resources that detail the historical evolution of sites, their multifaceted
uses over time, and the building components and materials used in different historical periods.

Task: Using natural language prompts, you are tasked with extracting relevant concepts and relations from a
comprehensive database that includes but is not restricted to building information data. Your responses should
address queries related to the historical evolution of the site, different functions and reuses of spaces, and
specifics of building components and materials across various historical periods.

Output: Your output consists of text-based responses generated from a GPT model that has been trained to
include all relevant information about the Sanctuary of Hercules and the Former Segré Papermill. This model
uses domain knowledge and structured information to answer prompts related to changes in space functions
over time, building components, and materials. The responses are designed to be directly actionable and
informative for heritage site management and conservation efforts.

Constraints: Focus primarily on mapping the information from natural language queries to provide accurate,
clear, and contextually appropriate responses. Avoid straying into general advice or areas outside the defined
scope. Ensure all content is suitable and precise and respects the objectives of the users, making it directly
applicable to heritage site management and conservation planningy.

4.1.2  Iterative prompt engineering and application

The customization of the Al model involved several iterations of prompt engineering. Each iteration is labor-
intensive, as manual work is required to refine the prompts for data input to the GPT model and to inspect the
model's output. One of the aims of the application was to show and discuss the learning process and how data
from various sources, such as textual records, archival photographs, construction drawings, and structured
metadata, are memorized or even understood by the Al model when stored in the knowledge base, as reflected
by its responses to questions. Because no similar evaluation has been conducted in the literature, this study
provides a rigorous evaluation of a generative Al model in the field of built heritage.

Understanding and acknowledging the model's behavior based on different inputs was necessary.

For this application, we used GPT-4.0, with a total of seven iterations and steps. The qualitative prompt response
validation was followed at every stage when the knowledge base of the model was updated with different types
of information.

- Pre-trained GPT-4.0. The first stage of the model testing resulted in very vague answers. Indeed, the
responses were based on general knowledge and standard practices, and when follow-up questions tried
to focus on more specific information, some parts were made up by the Al model.

- GPT pentagram framework. The protocol integration and model customization did not change the overall
outputs for the different prompts. Thanks to the follow-up questions, the aspects that improved were the
conciseness and clarity of the information. This stage highlighted the high interactivity and adaptability
of the model.

- Present and Historical Images. This phase provided the model with a series of current images of the site
and images derived from archival research with some existing labels (such as the source's provenance
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and synthetic descriptions of the image's content). The model improved some of the answers with the
newly added information, only when there was a description of the images.

- Historical documentation (text). After adding textual information, all of the prompt's answers became
much more precise, particularly those related to historical aspects. In order to get the structured answers,
some follow-up questions were used.

- Architectural and construction documentation (drawings). First, some drawings were added to the model
to improve the responses related to construction knowledge. Even in this case, the model improved its
answers only when annotations or textual descriptions were available.

- Architectural and construction documentation (text). Text data then followed the drawings. At this stage
of the refinement process, the model interactions improved in accuracy, completeness, and relevance.

- Labeled images. The last phase of this training was labeling the architectural and construction drawings.

Figure 4 shows the Al model's final answers to the prompts HIST1002 and TECH1011 as examples. Overall,
the model can process text-based information. Meanwhile, if enriched with labels and metadata tagging, image-
based information is practical in the learning stages; otherwise, the model is not able to interpret it correctly.
The GPT's answers to HIST1002 have improved in accuracy, but after several follow-up questions, it struggled
to provide precise responses based on spatial data, for instance, in HIST1004. Meanwhile, for TECH1011, the
GPT started with general and made-up information, and the information's inaccuracy changed with labeled
images and specific textual information. In this second case, it was more challenging to allow the model to focus
on the case study rather than broaden or respond with general knowledge.
Generally, some challenges arose during the application of the Al model. The inconsistencies due to the different
sources in the gathered data lead to intensive manual work to format the information. Gaps in the records led to
incomplete or uncertain inputs, and distinguishing accurate information was challenging. A prompt refinement
process was implemented to address these difficulties based on model outputs; however, it remained challenging
to control the model's performance fully.

What were the main economic and functional drivers behind the
conversion of the site into an industrial complex?

The conversion of the Sanctuary of Hercules Vincitor into an industrial complex was driven by key (] Z”"'Id st the construction techni dtorthest the Searé
-ould you li: € construction techniques used Tor the storage room of e oegre

Scchomicendifuncionalifscior papermill build during the XX century?

Economic Drivers BHKR - Built Heritage Knowledge Retriever
The construction techniques used for the storage room of the Segré Papermill, built during

1934-1935, included:

» Strategic Trade Position: Tivoli's proximity to Rome and its established commercial role since

antiquity made it a prime location for industrial development.

+ Industrialization & Market Demand: The rise of mechanized papermaking in the 19th century « Mixed reinforced concrete structure: This technique utilized beam pillars and a solid slab,
increased demand for production facilities, leading to the foundation of the Segré Papermill in forming the core framework of the storage room.
1887.

« Perimeter load-bearing masonry: The walls were constructed with load-bearing masenry,
Hydropower Utilization: The Aniene River and existing Roman hydraulic infrastructure enabled providing structural support and enclosure.

t-effecti , reducin erational expenses. - :
cost-efiective energy use, recucing operational expenses « Foundations on substructures of the Sanctuary of Hercules: The storage room was built

.

Employment & Economic Growth: The industrialization of Tivoli created jobs, transforming the upon the existing substructures of the historical site, integrating the new construction with

local economy and attracting investment. the old

.

Use of local materials: The concrete for the structure was mixed on-site and incorporated

Functional Drivers plain reinforcement bars. The masonry pillars were made from squared tuff blocks and

Pre-Existing Roman Infrastructure: The large arcades, porticoes, and Via Tecta provided ready- brick recourses, and the masonry itself featured hewn tuff blocks with buttresses of

made structural support, minimizing construction needs. squared tuff blocks and brick recourses.

Water as an Energy Source: Roman-built hydraulic channels were adapted for industrial use, first in
These construction techniques reflect the architectural practices of the early 20th century in

proto-industrial ps and later for hys tric power.
Italy, emphasizing durability and the use of local materials, while also adapting and integrating

Space for Large Machinery: The sanctuary's vast terraces and arcades were ideal for housing . . ’
with the historical context of the site.
industrial equipment, such as the macchina continua for paper preduction.

These factors made the site an ideal candidate for industrial repurposing, ensuring its continuous

economic relevance from antiquity to the modern era.
(a) (b)
Figure 4. Example responses from the customized GPT model (BHKR) to prompts (a) HIST1002 and (b)
TECH1011, showing improvements in historical accuracy and construction detail after iterative prompt
engineering and data enrichment. © 2025, the Authors.
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4.2 Fine-tuned BHGPT model beyond static customization

While the Customized GPT Model (Section 4.1.) established a structured approach to use a heritage-specific Al
model, it remained constrained by its reliance on pre-existing knowledge and prompt engineering. Despite
unstructured data ingestion, the model's outputs were still susceptible to hallucinations, lacked granular
specificity, and struggled with adaptive reasoning over multiple sources. This phase introduces fine-tuning—a
more advanced approach where the model is trained on domain-specific datasets in a structured format
(JSONL). This training allows the model to learn patterns, terminology, and historical reasoning in a specialized
context, reducing reliance on generic pre-trained knowledge based on a dataset of 30 structured examples for
fine-tuning the GPT model, specifically for the Sanctuary of Hercules and the Former Segre Papermill case
study. These examples are formatted in JSONL (JSON Lines), each containing a system prompt (context
setting), a user query, and a response (ground truth).

Practically, fine-tuning helps structure responses by providing contextual background information, teaches
relevant terminology in historical, architectural, and interdisciplinary domains, and allows understanding of
patterns of reasoning by providing the expected depth of responses.

The training process starts with general knowledge fine-tuned on built heritage concepts; after that, it
incorporates site-specific datasets and evaluates the performance through iterative testing and response
validation. The core of the fine-tuning activity relies on the model learning of historical and architectural
reasoning patterns, rather than on memorizing answers.

In Figure 5, two general examples are shown: the first focuses on the historical evolution of training the model
on key periods and changes, while the second focuses on technological change and its impact on socio-economic
factors.

{"messages": [ {"messages": [
{"role": "system", "content": "You are a built {"role": "system", "content": "You analyze the socio-
heritage knowledge retriever specialized in historical technical impacts of industrial heritage and technological
site transformations."}, advancements."},
{"role": "user", "content": "Provide a structured {"role": "user", "content": "What role did water-powered
summary of how industrial sites often repurpose machinery play in early papermaking processes?"},
ancient infrastructures."}, {"role": "assistant”, "content": "Water-powered machinery was
{"role": "assistant", "content": “Stratified central to early papermaking, particularly in the 18th and
industrial sites frequently repurpose existing 19th centuries. Waterwheels converted kinetic energy from
structures due to their robust masonry, strategic flowing water into mechanical energy, driving beaters that
location, and pre-existing water management systems. processed pulp. This method significantly increased
For example, old Roman aqueducts and mills were often production efficiency compared to manual processes, allowing
adapted into paper production sites, which utilized for higher paper output and uniform quality. Over time,
medieval foundations and hydraulic channels to power water-powered systems were replaced by steam and electric-
its machinery."} driven machines, which further revolutionized the industry."}
1} 1}

(a) (b)

Figure 5. Fine-tuned dataset in JSONL format related to (a) historical evolution and (b) technological changes.
© 2025, the Authors.

The effectiveness of the results largely depends on the selection of hyperparameters. Three of these cases are
configured based on the training dataset. The batch size is set to 1 since the dataset is relatively small, which
allows the model to have stable updates. The learning rate multiplier is set to 0.2 in order to balance the model's
ability to adapt to new domain-specific patterns while avoiding excessive divergence from its pre-trained
knowledge. Finally, three epochs are used to ensure sufficient exposure to the training dataset without risking
overfitting.

As shown in Figure 6, the fine-tuned model (fi:gpt-40-2024-08-06:personal:bh: BEW2gfy:ckpt-step-60) relies
primarily on the knowledge embedded during the training process. This means that the model does not fetch
new documents or updates, and even if it is more accurate within the trained domain, it may not improve its
responses. It may generate responses based on outdated or incomplete data, remaining static unless the model
is retrained with additional information.

One of the cases involved prompt INTER1011, which assesses the model's ability to provide a detailed
explanation of machinery used in the Segré Papermill. After fine-tuning with case-specific details, its outputs
became more precise, correctly identifying pulping machines, paper machines, cutting machines, and packaging
machines as key components of the production process in the papermill. It improved the contextual relevance
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but failed to surpass the general model in technical depth. In order to achieve better results, the training process
has to be enriched with a much larger dataset and a detailed breakdown, along with the possibility of
incorporating retrieval augmentation.

MODEL ft:gpt-40-2024-08-06:personal:bh:B8W2gfyt:ckpt-step-60 =
ft:gpt-40-2024-08-06:personal:bh:B8W2gkMn
User
O status Succeeded What type of machinery were used in the Segré Papermill and what role did they play in the production
® JobID ftjob-rpfAVZEMAlabaFkKo408FosY process?
@ Training Method Supervised
B Suffix BH Assistant
§ Base model gpt-40-2024-03-06 In the Segré Papermill, several types of machinery played crucial roles in the production process:
@ Output mode :gpt-do- -08-06: :bh: M . . N . R
@ Output model frigpt-do-2024-03-6:personal : bh:BSi2gkdin 1. **Pulping Machines™: These machines processed raw materials, such as wood chips, into pulp by
@ Createdat T mar 2025,18:35 breaking them down and removing impurities.
00 Traine .
& Teainad tokens 9948 2. **Paper Machines**: These continuous machines formed, pressed, and dried the pulp to produce paper
< 3 sheets. They integrated multiple stages including forming, pressing, and drying sections.
£ Batchsize 1
& LA muttiol 02 3. **Cutting Machines™*: After the paper was formed, these machines cut it into specific sizes according to
LH multiplier ..
o product specifications.
57 Seed 341020028
& Checkpoint 4. **Packaging Machines™: These machines prepared the finished paper products for distribution and
@) Checkpoints

storage, ensuring they were properly packed and labeled.
ft:gpt-40-2024-88-86:personal:bh:B8W2gWb5: ckpt-step-30

ft:gpt-40-2024-08-06: personal :bh:BSW2gfyt: ckpt-step-60 Together, these machines enabled efficient and scalable paper production, meeting industrial demands.

ft:gpt-40-2024-88-86:personal :bh:B8W2gkMn g 98

(a) (b)
Figure 6. Features and output of the fine-tuned BHGPT model, showing (a) training parameters and (b) an example
response demonstrating improved site-specific reasoning on historical machinery. © 2025, the Authors.

4.3 Al Assistant with Retrieval-Augmented Generation (RAG)

While fine-tuning the BHGPT model enhanced domain-specific knowledge by training on historical and
architectural reasoning patterns, it remained constrained to the learned dataset. To address the limitation of
retrieving newly introduced information, Retrieval-Augmented Generation was integrated into the Al Assistant,
enabling queries across structured and unstructured data and cross-referencing of sources.

The application of this method requires creating an Al Assistant via the OpenAl API, where the Al Assistant
backend orchestrates interactions between the knowledge base (vector store) and Al tools. A specific function-
calling mechanism is implemented (query room_info) to allow the users to retrieve specific HBIM model
information via natural language queries. Unlike fine-tuning, which improves the AI’s comprehension of
domain-specific terminology and reasoning, the RAG-based Al Assistant queries structured HBIM data
converted and extracted into JSON format (spatial, material, and event parameters) and cross-checks
unstructured historical sources in order to gain a deeper understanding of interpretation processes.

The ability to access multiple tools at the same time provides the capability, for instance, to determine room
functions in the latest Segreé Papermill, linking the Paper Machine Room (with a Globally Unique Identifier or
GUID) to the production of paper sheet processes, inferred from both HBIM model parameters and descriptions
found in historical manuals.

Building upon these preliminary deductions, the Al Assistant can identify the logical sequence of the historical
production process by cross-referencing spatial-structural data with textual archival records. By mapping room
GUIDs to specific industrial processes, the Assistant established a comprehensive reconstruction of the Segreé
Papermill's 1935 production cycle, identifying how raw materials progressed through sorting, refining, and
bleaching stages before reaching the final paper production phase.

As shown in Figure 7, this approach improved what was achievable through customized GPT and fine-tuning
alone. However, in this case, the model's dependence on the quality of the input data remains challenging.
Incomplete HBIM parameters and the lack of archival documentation sometimes lead to spurious Al-generated
assumptions. Despite these limitations, combining an Al Assistant with RAG-based retrieval represents a
significant step toward enhanced, data-driven heritage analysis and interpretation.

12
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User

Paper Formation:
Starting from the information stored in your knowledge base, can you deduce the latest papermill

* Location: Continuous Paper Machine Room (Room 2Su$w2ZJP0g9her_EcsEeN)
production process?
* Process: The pulp is then fed into a continuous paper machine. This machine forms the
pulp into long sheets of paper by removing water and compressing the fibers. The
Chat Demo J continuous nature of this machine allows for efficient and high-volume production.
From the detailed documentation and historical data available, the latest paper production process 4 Drying and Finishing:
at the Former Segre Papermill, just prior to its ceasing operations, involves several key stages that * Location: Paper Preparation and Finishing Room (Room 2Su$w2ZJP0g9her_EcsDuF)
utilize specific rooms and equipment effectively: * Process: Following formation, the paper goes through additional drying processes to
remove any remaining moisture, improving its strength and printability. The paper may also
! Raw Material Preparation: go through finishing techniques such as glazing, coating, or sizing to enhance its quality
* Location: Storage Room (Room 2Su$w2ZJP0Og9her_EcsDJa) and appearance

*

Sorti d Storage:
* Process: Raw materials, such as rags, other fibrous substances, and additives needed for Y

paper production, are stored here. They are also pre-processed and prepared for further * Location: Event Room and Paper Sorting (Room 3PBDp3axr3$0U6mUBF6Eac)

refinement. * Process: The finished paper is sorted according to different grades and types. It may be

A temporarily stored in this room, which also serves multiple purposes, including as a venue
2 Pulping Process: for various events related to mill operations or community activities

Location: Hollander Beater Room (Room 15vbbt9mz90BBOIDzgAHLE)

®

Packaging and Distribution:

Process: The raw materials are transferred to the Hollander beaters for pulping. These

* Process: Finished paper products are packaged according to specifications for commercial
machines break down the materials into a fine pulp, ensuring a smooth and homogeneous distribution. The mill handles the logistical aspects of sending these products to customers
consistency vital for quality paper production. or distributors, ensuring that they reach their destinations in optimal condition.

Figure 7. Al Assistant with RAG reconstructs the Segré Papermill’s production process by combining spatial
HBIM data and textual archival sources (a)(b). © 2025, The Authors.

5. Results and Discussion

The evaluation of the 20 structured prompts, shown in Figure 3, highlights the strengths and limitations of the
three Al-driven methodologies — Customized GPT, Fine-Tuned BHGPT, and Al Assistant with Retrieval-
Augmented Generation (RAG) — across historical evolution, architectural and construction aspects, and
interdisciplinary knowledge. All three methods were tested on the same prompts to ensure a coherent
comparison.

The customized GPT model provided structured responses using prompt engineering and showed incremental
improvements when text-based information was added to its knowledge base. However, its reliance on pre-
existing knowledge resulted in possible hallucinations, particularly when addressing case-specific construction
techniques and technical questions. This limitation was evident in prompts based on historical building materials
and structural adaptations, in which the model often relied on broad heritage knowledge rather than case-specific
data. The best uses are rapid scoping and general overviews; it is not recommended for site-specific technical
details.

Fine-tuning the model with 30 structured cases significantly improved domain knowledge, refining its ability
to recognize historical and architectural patterns related to the Sanctuary of Hercules and the Former Segré
Papermill. In this phase, the model encountered difficulties with interdisciplinary knowledge questions because
its training set was limited and unable to retrieve information beyond it, thereby restricting its adaptability in
addressing socio-economic impacts or industrial processes across different periods. For this model, the best use
is consistent site-specific reasoning and terminology within a well-defined domain.

Finally, the Al Assistant with RAG addressed these issues by integrating real-time retrieval from structured
(HBIM) and unstructured (archival) sources, improving contextual awareness and historical reasoning. It
successfully reconstructed the latest Segré Papermill production cycle by correlating HBIM-derived spatial data
with historical records. Limitations arose with sparse records, leading to cautious or incomplete outputs.
Enhancing dataset completeness, refining retrieval mechanisms, and integrating expert validation will be crucial
for optimizing Al-driven heritage interpretation. The most effective use case for the Al Assistant is the
integration of multiple information sources, both structured and unstructured.

6. Conclusions

The paper proposes an innovative approach to integrate Al-driven methodologies in heritage conservation and
valorization activities. The presented framework introduces GPT models to enhance knowledge querying and
extraction within heritage activities, progressing from static GPT customization and fine-tuned models to
dynamic Al Assistants with Retrieval-Augmented Generation (RAG). Through a comparative evaluation of
three methodologies—Customized GPT, Fine-Tuned BHGPT, and Al Assistant with RAG—this research
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highlights the advantages and constraints of each approach.

The Customized GPT model, through prompt engineering, provides a fast and structured method for generating
site-specific reasoning. In contrast, the fine-tuned model, trained on a specific dataset, improves the ability to
process domain-specific terminology and historical reasoning, but the dataset constrains the answers. The Al
Assistant with RAG overcomes these limitations by integrating multi-source data, allowing dynamic queries.
The defined framework, applied to the Sanctuary of Hercules and the Former Segre Papermill, demonstrates
how Al-driven knowledge retrieval can enhance historical analysis and interpretation.

The novelty of this framework lies in its ability to overcome the limitations of the current and traditional
methodologies. Enhancing data accessibility, interpretation, and accuracy supports informed decision-making
processes. The integration of GPT models allows for more efficient and effective knowledge management. As
digital technologies and Al continue to evolve, future advances will enhance the model's accuracy, consistency,
and performance. Future research will need to include feedback from specialists and the general public on the
utility and impact of the Al outputs, thereby extending the applicability of this model.

In the built heritage context, once the behavior and the effectiveness of each type of approach are understood,
the final aim will be focused on creating and generating new knowledge from the existing knowledge bases.
The possibility of querying more than one case study and creating relations between different classes of
information will be the center of future work.

The research frames generative Al workflows as a structured and verifiable method for reasoning across
heterogeneous heritage data sources. However, among the various challenges, model updates and validation are
constantly needed to ensure the relevance and impact on the practice. This methodological contribution will
facilitate interoperability and the creation of a comprehensive heritage system that combines Al with other
digital tools, enabling data analysis and visualization in a new era of heritage valorization.
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