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Knowledge Graphs vs. Large Language Models: Competitors or
Partners in Supporting Virtual Museums

IVA VASIC, Department of Construction, Civil Engineering and Architecture, Marche Polytechnic
University, Ancona, Italy and Department of Informatics, University of Fribourg, Fribourg, Switzerland
HANS-GEORG FILL, Department of Informatics, University of Fribourg, Fribourg, Switzerland
RAMONA QUATTRINI and ROBERTO PIERDICCA, Department of Construction,

Civil Engineering and Architecture, Marche Polytechnic University, Ancona, Italy

Virtual museums are factual means for the dissemination and documentation of Cultural Heritage (CH) content. They are
suitable environments for the semantic annotation of artifacts and automatic virtual guides. To this end, we identify and
compare Traditional (ontology-based), Large Language Model (LLM)-extended, and LLM-pure methods for the semantic
information strategies of digital CH. The traditional method is described through an application prototype, while the methods
that involve LLM are tested experimentally. To investigate the integral tasks related to LLMs, our experiments include (i)
semantic annotation using the CIDOC Conceptual Reference Model (CRM) and Knowledge Graph (KG) generation with LLMs
for a painting sample, and (ii) painting ranking relying solely on LLMs using catalog descriptions as input. The experiments
demonstrate the potential of these methods to enhance artwork interpretation, description, and refinement of the results.
Based on the relevant literature on traditional semantic annotation and conducted experiments with LLMs, a combination of
ontologies and LLMs may provide an optimal approach, as it offers the accuracy of structured knowledge while providing
a tool that interprets these elements into natural language and vice versa. Relying solely on LLMs may be risky due to the
lack of domain-specific knowledge in the training data of LLMs, whereas traditional methods demand expertise in a specific
domain and are more time-consuming. Our approach shows potential in use cases such as guiding museum visitors to artifacts
that match their interests, assisting museum curators with documentation, or helping CH researchers identify similarities in
artifact collections.
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1 Introduction

Knowledge Graphs (KGs) and Large Language Models (LLMs) have recently met at the intersection of
artificial intelligence and knowledge representation [38, 45], providing new opportunities for enhancing the
user experience in virtual environments. Virtual museums play a pivotal role in providing immersive and
interactive experiences for visitors [4, 44]. Thereby, new challenges arise in the field. For instance, the ability of
virtual guides to analyze the interests of visitors and provide relevant content is still uncertain. Such analysis
includes user behavior assessment and requirements, and matching museum content accordingly. The ecosys-
tem of many virtual museums is intricate and comprises a variety of digitized exhibits, making it difficult to
organize data.

The three main architectural components for a virtual museum creation are Content Production, Content
Management, and Content Visualization [56]. The final output is a digital 2D or 3D model of the contents, and
sometimes virtual tours. From the standpoint of visitors, digital content should be entertaining and offer a concise
presentation. This is not always the case, as it tends to lead to an excessive amount of scattered data that leaves
users uncertain of where to direct their attention. However, obtaining relevant knowledge from the museum
collection databases not only depends on the developed system and the quality of the digitized data, but also
on the quality of the content information. Apart from the spatial features, digital exhibits are annotated with
semantic information that should be understood by the machine and presented to the user comprehensively.

Traditionally, semantic annotation can be accomplished by adding machine-processable information to the
spatial representation of artworks. FAIR Data Principles serve as well-established guidelines for improving data
findability, accessibility, interoperability, and reuse, making the annotations interpretable by machines [2]. Such
semantic information can take the form of KGs based on the ontology schema. In the context of Cultural
Heritage (CH) and museums, the International Committee for Documentation (CIDOC) Conceptual
Reference Model (CRM) is often used as a foundational framework for semantic information modeling, offering
concepts and guidelines for documentation. CRM is closely aligned with the Resource Description Framework
(RDF), while maintaining logical independence, and allows for integration with other ontologies and respective
implementations [18]. Note that CIDOC-CRM is often integrated with other ontologies when needed, depending
on the use case, but we do not explore this aspect in our research. Modeling KGs with an ontology poses a
challenge, as it requires specific skills and familiarity with various aspects of the Semantic Web framework.

Since semantic annotation may often be demanding in both time and expertise, using automated approaches for
ontology construction through Natural Language Processing (NLP), for instance, offers a potential alternative.
Such an example is DBpedia, where the structured content is extracted from the Wikipedia resources [14].
Similarly, FRED [23] is a machine reader that parses natural language text and transforms it into structured
linked data. On the other hand, the advent of LLMs provides new opportunities to support traditional techniques
within semantic information strategies, including modeling, reasoning, querying, and representing data, due to
their ability to process natural language. For instance, they are capable of processing complex textual input [5],
while others integrate vision image capabilities into LLMs [40]. However, relying only on such stochastic-based
tools cannot ensure sufficient accuracy compared to ontology-based methods. This discrepancy prompted our
exploration of various approaches to semantic information strategies and influenced us to assess more thoroughly
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HD PAINTINGS

@) (b) ©

Fig. 1. The virtual tour interface of the Civic Art Gallery in Ascoli: (a) “HD Paintings” panel with the available digitized
paintings, (b) catalog description of the painting “Amorous Walk” by Giuseppe Pellizza da Volpedo, and (c) 2D detail-oriented
representation of the observed part of the same painting.

some of the key operations within the workflow that strives to connect a user requirement and virtual museum
content.

1.1 Motivation

Our motivation stems from previous work involving the digitization and virtualization of the Civic Art Gallery of
Ascoli in Ttaly.! The project is designed for visitors to explore the museum, presenting numerous pieces of art in
a virtual panoramic tour. Figure 1 depicts some of the functionalities, including exhibit descriptions and their
3D visualization. However, the descriptions correspond to those from catalogs as they have been provided by
the museum curators in a natural language format. The digitized paintings are represented as high-resolution
images created utilizing the photogrammetry technique [10], available for observing their millimetric details.
However, the descriptions of the content are not structured according to any ontology, nor are the visual parts
of the digitized content embedded with semantic information. To tackle these problems, we have theoretically
investigated different solutions in the literature and provided some solutions on how this process can be supported
with LLMs.

Based on the former solutions in CH and new LLM technologies, we identified three potential methods for
semantic information strategies with highlighted main features (see Figure 2):

(1) Traditional—involves semantic annotation using ontologies and searching the content into KGs formed by
experts.

(2) LLM-extended—involves LLMs in KG creation from the natural language descriptions, like those in catalogs.
Similar to the traditional method, it incorporates querying KGs.

(3) LLM-pure—relies solely on LLMs for the interpretation of catalog descriptions and visitor requirements in
natural language.

The Traditional method reflects expert-driven practices which we implemented through the simple tool to
demonstrate its general workflow and potential capabilities. This method is not empirically tested, as it relies on
expert input and serves primarily as a conceptual baseline to contextualize the comparison. On the other hand,
the LLM-extended and LLM-pure methods are empirically tested, highlighting the transformative potential of
automation in semantic annotation tasks, such as generating KGs and ranking paintings based on a given input. Key
parameters—user experience, efficiency, accuracy, data richness, and input precision—are extracted throughout the
research process and used as variables in the comparative analysis. This comparative analysis lays the foundations

https://dhekalos.it/tour/iva/pinacoteca/index.html.
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Fig. 2. General workflows for each method: Ontology-based approach on the left, a combination of ontology and LLMs in
the middle, and an LLM-pure approach on the right. Colored boxes indicate the usage of LLMs.

for understanding in which ways LLM technologies can enhance or challenge semantic annotation in museum
workflows. It also offers insights that may shape future approaches to CH data management and interpretation.

The remainder of the article is organized as follows. In Section 2, we briefly introduce the main concepts,
including KGs based on a selected ontology, and LLMs. Section 3 describes related work in the semantic information
strategies framework and various LLM applications. Section 4 describes the specific component of each of the
three identified methods, as aligned with our research goal. Experiments and validations focusing on automation
and LLM-based strategies are included in Section 5. The comparison of the three methods is presented in Section 6,
followed by a conclusion and potential ideas for future works in Section 7.

2 Foundations

This section introduces the key concepts for our study. Our three methods involve traditional KG creation using
ontology and/or recently developed generative artificial intelligence tasks. LLMs have recently been introduced
and considered “black boxes” Ontology within KGs, on the contrary, belongs to a logic-based framework that
provides clear structure and reasoning capabilities for representing knowledge. While these areas overlap, we
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emphasize the importance of establishing their main concepts as a foundation, recognizing that their combined
use is still an evolving field. Therefore, we explain KGs and their role in structuring semantic knowledge for
specific domains, particularly in the context of CH and CIDOC-CRM ontology. Consequently, a brief explanation
of the emerging LLM technology is presented.

KGs and CIDOC-CRM Ontology. An ontology is an explicit representation of the specific domains [25]. In
the context of KGs, such semantic knowledge is encoded using the RDF framework, which enables structured
and machine-readable data exchange on the web. However, sole usage of RDF is not enough in all cases and
that is where RDF vocabulary description language (RDFS) is useful. RDFS is defined as a semantic extension
of RDF, defining classes, properties, and their interconnections. Ontologies can be used to define and reason
about semantics used for the KG creation, i.e., to define nodes and edges which are the main structures that
represent entities and their relationships within KGs [27]. In this work, we revert to the CIDOC-CRM as a
commonly used object-oriented ontology? for the semantic artwork annotations. It is an international standard
(ISO 21127:2014) and elaborated for the CH domain, making it a widely recognized and adopted framework for
organizing and describing CH information. It involved semantic content reorganization from various databases of
information collected from museums, archives, and libraries [17]. In the context of our research, we use the RDF
data [12] corresponding to version 7.1.2 of the CIDOC-CRM.? The resulting KGs leverage both the ontological
rigor of CIDOC-CRM and the flexibility of graph-based representations to support machine-interpretable semantic
reasoning over artwork descriptions.

LLMs. Since the release of ChatGPT [39], numerous commercial and open source LLMs have become available.
A particular advancement seen in 2023 is the capability of LLMs to process also visual content, both in terms
of generating as well as interpreting it [13]. The core of GPT-4 [41], which we leverage in this research, is a
Transformer-style model [54] relying solely on a self-attention mechanism instead of using a Convolutional
Neural Networks or Recurrent Neural Networks (RNNs). The advent of this approach notably improved NLP,
becoming widely used for tasks such as translation, question answering, code generation, and text summarizing.
Given the outstanding capabilities of the GPT models, we chose the GPT-4 and the OpenAlI API for the KG
creation from natural language descriptions and ranking paintings based on user requirements and predefined
catalog descriptions. The extensive knowledge used for training GPT results in its ability to generate a variety of
formal CIDOC-CRM ontology statements, each intended for describing a specific object, event, placement, or
symbolism of a painting.

3 Related Work

In this section, we present the relevant work with respect to the processes within the three identified methods.
Therefore, we divide this paragraph into three parts that are interconnected in the general overview of the
semantic information strategy. First, we investigate the semantic annotation of CH artifacts that has been usually
performed manually using domain ontologies. Next, we introduce the literature, including an automated semantic
annotation. Finally, LLM-pure tasks are described within the works of various backgrounds, drawing on some of
the use cases identified by Pan et al. [42].

3.1 Manual Semantic Annotation Using Ontologies

The manual annotation process mostly encompasses representing and processing knowledge. Knowledge rep-
resentation is modeled using existing ontologies and aligning or extending them to correspond to the specific
requirements. The subsequent step is representing this knowledge to the end users by querying the constructed
database. Related works usually incorporate annotation tools as the final result of this process.

2https://cidoccrm.org/, last accessed: 23 January 2025.
3https://cidoc-crm.org/html/cidoc_crm_v7.1.2.html, last accessed: 22 January 2025.
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Digital artworks, represented in the 2D format can be annotated using different tools in the same way as
any kind of image. Schreiber et al. [48] developed an annotation tool for semantic annotation and searching the
photographs. The ontology in RDFS is constructed manually in a software application and used in the developed
annotation tool for annotation and storing in an RDF file. The query method is also based on the created ontology,
i.e., it queries the database and finds the values that match these in the query. Schreiber et al. [47] present
semantic annotation of CH artworks and a facility for searching the resulting graph through the MultimediaN
E-Culture demonstrator using keywords. To facilitate the search process and initially construct a semantic graph,
the semantic annotation involved translating vocabularies, aligning metadata schema, enriching metadata, and
aligning vocabulary(ies). SPARQL and graph-based APIs are developed for the background search process. A
web-based annotation tool for documenting relationships between 3D digital CH artifacts is developed by Yu and
Hunter [58]. The project is intended both for curators and scholars. While this work does not address the issue of
delivering relevant content to users during the virtual tour, it serves as an initial step within the framework of the
traditional method we have outlined. “Museum Finland” [9] is a semantic portal developed for the Finish museums
for publishing rich semantic content within the Semantic Web framework. Seven domain ontologies are employed
for the semantic annotation and the content is sourced from different databases. In the case of “Museum of the
Person” introduced by Araujo et al. [1], ontology is created from the eXtensible Markup Language (XML)
documents and transformed into a tailored OntoMP derived from CIDOC-CRM, Friend of a Friend, and DBpedia.
Semantic technologies have also been investigated by Vlachidis et al. [55] in the case of the Archaeological Museum
of Tripoli following FAIR principles and using CIDOC-CRM ontology. Unstructured catalog data underwent
mapping to CIDOC-CRM format, manually extracting relevant information given the small museum’ scale.

3.2 Automated Semantic Information Strategies

In an ontology, automatic annotation associates low-level features in an image (such as pixel colors, shapes,
texture, and so on) with semantic meanings through the process of feature extraction [30]. This study introduced
an automatic framework for image annotations using ontologies derived from multiple information sources.
“Low-level” image feature bridged with the “high-level” semantic annotations has been described by Chai et al.
[7] for the automatic content-based image retrieval. Sezen et al. [49] demonstrate natural language description
generation combining neural networks to detect objects and ontology to refine and specialize them.

In the context of CH and automated semantic information strategies, knowledge extraction is usually tackled
as a predominant field of study. Felicetti et al. [20] presented a tool that generates metadata in a machine-
understandable language such as RDF, from the natural-language content. The syntax and semantics are based
on CIDOC-CRM ontology. The parts of the provided input text are highlighted with the corresponding CIDOC-
CRM classes. Only some of them are taken into consideration instead of the entire set of classes that constitute
the CIDOC-CRM ontology. In the study of Dou et al. [19], Chinese intangible CH was represented as a KG
using knowledge extraction techniques to describe patterns and characteristics for knowledge management.
Manual tagging of the text was performed in the first step while the entity and relationships extraction based on
CIDOC-CRM was executed with deep learning methods. Metilli et al. [36] developed a tool for extracting formal
narratives from the text format. The two requirements for accomplishing this task are elaborated in this study.
Event detection and classification from the text are performed using software based on RNNs. Schleider et al. [46]
proposed an image-based retrieval tool that leverages a KG describing the silk textile production as well as rules
formulated by experts in this domain. The method developed by Navigli et al. contributes to automatic ontology
enrichment using CIDOC-CRM as a domain core ontology [37]. The natural language descriptions of the Art and
Architecture Thesaurus glossary of art are automatically extracted and converted into formal (OWL) definitions.
Annotation is also explored with the video formats. The semi-automatic annotation web-based Traditional Dance
Annotation Tool was presented by Lagrue et al. [32]. Integrating the dance ontology, it illustrates the process of
annotating intangible CH dance videos to help dance experts annotate videos of CH dances.
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In the realm of paintings, we also point out a European project “Saint George On a Bike™ that investigated the
meaning of paintings. It yielded several publications on discovering the semantics of the paintings using artificial
intelligence by creating metadata in an interoperable format. As a result, Wu et al. [57] explore the potentials
and limitations of machine learning in automated metadata annotation, while Marinescu et al. [35] combine deep
learning approaches and semantic metadata to enhance object detection in paintings, focusing on the role of time
contexts.

3.3 LLMs Applications

Both manual and automatic semantic annotation tasks using ontology could be significantly enhanced by
incorporating LLMs into the process. For example, the LLMs4OL approach by Babaei Giglou et al. [3] investigates
the use of LLMs for Ontology Learning through NLP tasks, demonstrating potential improvements in handling
complex language patterns for ontology construction. In addition to enhancing annotation processes, LLMs also
play a crucial role in extracting information from tabular data [16, 50] and can aid in KG construction, which
is beneficial during the semantic interpretation task. Chen and Bertozzi [8] introduce AutoKG methods which
leverage LLMs to generate KGs directly from blocks of text.

With the advancement of the tools designed to understand and generate content such as ChatGPT’ and
Gemini (formerly BARD)," several applications are worth mentioning. Fill et al. [22] demonstrated the creation
and understanding of conceptual models using ChatGPT, which was later extended in a framework for using
conceptual models as a general interface to LLMs [21]. Mai et al. [34] explored LLMs for the enhancement of
teaching and research in education. Drew Thomas [29] used GPT-40 to generate a short description of the Bible
illustrations as part of the Ornamento project. Lewis and White [33] exploit smaller models learned from ChatGPT
for a virtual museum tour guide incorporating an avatar that gives information about the museum and exhibits.
The authors utilize ChatGPT indirectly by employing it to generate training data. This data is then used to train
two distinct models, with their performances subsequently compared against that of ChatGPT.

4 Our Approach

In this section, we introduce the three methods for semantic information strategies by highlighting the design of
their specific processes. Recall that the traditional method is primarily analyzed theoretically, based on insights
from the literature and accumulated experience. To support this analysis, we developed a web-based annotation
tool to illustrate the functionalities aligned with the expert-driven annotation process. It serves as a conceptual
framework rather than a fully tested solution and it is intended for manual annotation by experts, which is beyond
the scope of this study. LLM-based tasks are evaluated in the later sections through experimentation. For a brief
overview of the characteristics of different methods—such as the use of manual annotation, expert validation,
implementation tools, study inclusion criteria, and evaluation basis—see Table 1.

To complement Figure 2, which provides a high-level overview of the methods, we introduce Figure 3 to show
a detailed overview of how the integral processes are designed and implemented in our study. It further serves as
a conceptual complement to the detailed descriptions of all methods provided in the subsequent sections.

4.1 Traditional Method

Usually, an entire piece of artwork is described by the expert and the content is structured according to different
standards including General International Standard Archival Description [28], Getty [24], Iconclass [11], and
museum institution management schemes. On the other hand, there are initiatives to bring this workflow to a
higher level. For example, LinkedArt, a community of museums and CH professionals, developed a data model for

*https://saintgeorgeonabike.eu/, last accessed: 22 January 2025.
Shttps://chat.openai.com/, last accessed: 22 January 2025.
Shttps://gemini.google.com/app, last accessed: 22 January 2025.
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Table 1. Characteristics of Different Methods

Characteristic Traditional LLM-Extended LLM-Pure
Manual Annotation Yes No No
Expert Validation No No No
Implementation Web-Based Annotation Tool OpenAl API OpenAl API
Study Inclusion Annotation by Modeling KG ~ Annotation by Generating Ranking Based on Annotation
KGs Statements
Evaluation Basis Annotation Tool and Literature ~ KG Accuracy Using CQs User Study and Variance
Measure
Environment Civic Art Gallery of Ascoli— Getty Collection Online Getty Collection Online
Virtual Tour Repository? Repository

CQs, Competency Questions. ? https://www.getty.edu/art/collection/, last accessed: 22 January 2025.
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Fig. 3. Overview of the workflow design and key processes for each method.

describing CH and interacting with it using CIDOC-CRM as a core ontology and Linked Open Data techniques
[15]. We developed a simple annotation prototype that serves as a foundational tool for exploring the application
of our research concepts in practice. Although we approach this method theoretically, the tool allows the selection
of the CIDOC-CRM entities and assigning them to the selected regions in the panoramic view. Based on content
selected by a user, the annotation is typically accomplished using RDF-based ontologies, which codify knowledge
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Fig. 4. A prototypical user interface with the annotation panel containing a CIDOC-CRM example that describes a couple in
the painting “Amorous Walk” by Giuseppe Pellizza da Volpedo. Its formal representation is shown on the left-hand side.

in subject-predicate-object triples. The interface of the virtual tour and the panel for the annotation is depicted in
Figure 4. On the left side is a conceptual formal representation obtained upon the submission button. Panoramic
images represent the Civic Art Gallery of Ascoli in Italy.

The annotation tool is developed using JavaScript programming language, with the integration of the Three.js’
library within a Node.js® environment. It is foremost intended for conceptualizing and approximating the process
used in traditional approaches. In our tool, the user assigns a triple using CIDOC-CRM ontology directly on the
panoramas. Such input is then connected with the image and 2D coordinates of the selected polygonal selection.
This information is obtained using the method from [53]. This is explained conceptually in Figure 5, depicting the
flow of RDF querying and selecting entities in CIDOC-CRM RDF data. The RDF data is based on the following
schema:

<rdfs:Class rdf:about=“">
<rdfs:label xml:lang=“">“"</rdfs:label>
<rdfs:comment>“”</rdfs:comment>
<rdfs:subClassOf rdf:resource=“"/>
</rdfs:Class>

<rdf:Property rdf:about=“">
<rdfs:label xml:lang=“">“"</rdfs:label>
<rdfs:comment>“”</rdfs:comment>
<rdfs:domain rdf:resource=“" />
<rdfs:range rdf:resource=“" />
<rdfs:subPropertyOf rdf:resource=“" />
<owl:inverseOf rdf:resource=“"” />

https://threejs.org/, last accessed: 22 January 2025.
8https://nodejs.org/en, last accessed: 22 January 2025.
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Fig. 5. The process of CIDOC-CRM formal statements construction within the traditional (ontology-based) annotation
method through RDF data querying and collecting.

</rdf:Property>

A step-by-step algorithm of our tool is depicted in Figure 5, illustrating the example of the process that should
be performed when the LLM or other artificial intelligence-powered technology is not utilized. This is a general
demonstration of how the expert would model KG without artificial intelligence assistance, and how the machine
would, in response, query the corresponding properties and range classes.

4.2 LLM-Extended Method

The main idea of this method is to construct a KG of CIDOC-CRM classes and properties from the Getty Collection
catalog descriptions using the GPT model. As can be seen in Figure 2, the Processing task ideally involves a
SPARQL query to retrieve data from the constructed KG. However, this is not presented in the article as we focus
primarily on the KG creation. Our algorithm functions within a structured and simple user-system interaction
framework. The initial message to the system we call Instruction, outlines the model’s role as an expert in CH and
its familiarity with the CIDOC-CRM ontology. This message specifies the task of creating a list of formal triple
statements derived solely from the provided CIDOC-CRM classes and properties. The model should generate a
complete KG based on the painting description supplied from the user_input. Note that we prompt the model to
always generate 20 statements to prevent an excessive number resulting from the large set of paintings. The KG is
represented in a structured JSON format of the triple statements with values that may include classes rather than
literals. The JSON output type is chosen because it ensures a straightforward way for KG validation by querying
afterward, due to its augmented accuracy compared to the natural language output. Note that this query process
is not associated with the Processing step detailed in the LLM-extended method.

The application starts with the prompt question to the user: “Please enter the description of the painting:”. The
JSON schema is supplied to the GPT model to ensure the structured output. Once the painting description is
submitted as a user_input, the model creates a corresponding KG, adding it to the array of all KGs. Assume
t; is the title of the i-th painting from the set T = {t1,...,t,}, where n is the total number of paintings. Let
G ={Gy,...,Gp} be the set of all KGs, where G; represents the KG for the i-th painting. We denote the output of
the corresponding painting as a tuple PT; = (t;, G;) where each KG, G; is a set of triples defined as:

Gi ={(Sij, Vs,;), PRij, (01, Vo,;) 1, j =A{1,...,m}, (1)
where in general, S; is a set of CIDOC-CRM subject classes, Vs, is a set of subject values (instances), PR; is a set of

CIDOC-CRM properties representing the predicates, O; is a set of CIDOC-CRM object classes, and Vp, is a set of
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object values (instances). Here, m denotes the total number of triples in the i-th KG. The construction of each G;
generally can be represented as a result of the mapping of user input to a set of triples: feonstruct : User_input — G.
The resulting output—CIDOC-CRM triple statements in text format—and the validation are presented in Section
5.1. Our algorithm operates locally, using the Python programming language and the GPT-4 model. We do not
extend the capability to continuous conversation since the desired output is a KG based on a single description.
Therefore, the output is not adjustable using additional prompting. The schematic prompting mechanism for
painting “Entrance to the Jardin Turc” is shown in Prompt Workflow 1 (ellipsis indicates text omitted for brevity).
This process works on one painting at a time.

Prompt Workflow 1:

Instructions:

You are an expert in CH and CIDOC-CRM ontology. Your task is to construct triple formal statements using
only CIDOC-CRM classes and properties, ensuring the input painting is always considered in creating the
KG. Your response should be in the form: Domain class (value)—property—Range class (value). Values can
also be the classes but not the literals. Focus on capturing the most important information about the painting
in no more than 20 statements. Use CIDOC-CRM 7.1.2 version. Provide a complete and concise KG based on
the given painting description.

Painting description: “user_input.”

82 Message to User:

Please enter the description of the painting:

[ ] .
e user_input:

... The Entrance to the Turkish Garden Cafe (Alternate Title), Department: Paintings, Classification: Painting,
Object Type: Painting, Crisply painted and teeming with detail, Boilly’s picture transports us to Napoleonic
Paris, where we stand on a shady boulevard outside the Jardin Turc (Turkish Garden Café).... [truncated]

@ Expected Output (JSON Schema):

{ “painting_name”: “Entrance to the Jardin Turc”,
“triples™ [ {
“domain_class”: “E12_Production”,
“domain_instance”: “Production_of_Entrance_to_the_Jardin_Turc”,
“property”: “P4_has_time-span”,
“range_class™ “E52_Time-Span”,
“range_instance™ “1812” },...

4.3 LLM-Pure Method

The goal of employing only LLMs eliminates some steps crucial to the methods that involve ontology, such as
forming KG and SPARQL queries. It is particularly interesting because the Information output and Processing steps
within the general workflow in Figure 2 happen within the functionality of GPT. We conducted an experiment
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based on the study by Vasic et al. [51], which incorporates LLM to provide users with the most suitable painting
that matches their expectations in an interactive virtual panoramic tour. This broader concept was refined in this
study as ranking paintings according to annotation statements describing each artwork.

The same sample of Getty Collection paintings used in the LLM-extended method was employed here, with
a subset of twenty artworks selected for evaluation. The Instruction message to GPT provides guidelines for the
ranking process. While our tool automatically iterates through all the painting descriptions, the OpenAI model
receives and processes only one painting at a time. This approach is necessary due to the substantial length of the
text, which may exceed processing limits. The user is prompted to enter the statement for evaluation, which we
call User Request (UR) or descriptive statements. It is important to note that the set of URs is general and that the
same set is used for all paintings. This allows for testing the model’s responses even when the UR is not explicitly
contained in the painting description, which closely reflects real-life scenarios involving URs in a museum setting.

The paintings should always be ranked on a scale from 1 to 5 Likert scale, where 1 indicates the least alignment
with the statement and 5 indicates the most alignment with the statement. The lowest ranking should also be
assigned to the painting whose description or metadata lacks the data related to the UR. JSON schema is used for
the output to ensure data accuracy and consistency, making it easily accessible for the subsequent validation
process. The temperature value of the model has been set to 1 to ensure a balance between randomness and
determinism in the generated outputs. The schematic prompting mechanism is shown in Prompt Workflow 2.

Prompt Workflow 2:

Instructions:

You are a painting evaluator. You will be presented with content that consists only of the textual descriptions
of one painting and 10 form statements. Your task is to rank how well the painting’s textual description
aligns with the statements (e.g., “The description includes references to nature, such as landscapes.”).

Your task: Rank each painting from 1 to 5 based on how well it meets the form statements:

(1) Does not meet the criteria or relevant information is missing from the description;
(2) Meets very few aspects;

(3) Meets some aspects;

(4) Meets most aspects;

(5) Meets entirely the criteria.

If the information needed to answer a question is missing from the painting’s metadata or description (e.g.,
description, place of creation, or other relevant details), assign a rank of 1.

[ Painting Description:

...Chinese porcelain and tea-drinking were the rage of fashionable Europe when Jean-Etienne Liotard was
born. He began painting tea and coffee sets in the last two decades of his life when age, changes in taste,
and his political beliefs caused a decline in requests for the pastel portraits that were his specialty. He had,
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however, been including fruit and porcelain still lifes in some of his portraits since about 1740. Only five of
his paintings of tea and coffee sets are known today. [truncated]

e Message to User:

Enter your evaluation question:

[ ] .
e user_input:

The painting depicts a single moment rather than a sequence of events.
@ Expected Output (JSON Schema):

[{
“painting_number”: 1,
“evaluation”: 5,
“explanation”: “The painting captures the specific moment of the miracle when Jesus
raises his hand in benediction, thus emphasizing a single moment
rather than a sequence of events’”

1.

5 Experiments and Validation

In the following section, we demonstrate experiments that we conducted considering methods that involve
LLM and their related validations. Validating the LLM-extended method is not a trivial task because artwork
can be formally described in different ways depending on the targeted subject and the approaches of experts.
Similarly, evaluating painting rankings based on descriptive statements is challenging, as even humans may
express differing opinions and interpretations. To evaluate the LLM-extended method—given that our study is
theoretical and does not involve experts in the validation process—we choose to assess the semantic accuracy of
the generated KG. To evaluate the rankings in the LLM-pure method, we conducted a user study on the same task
to establish a baseline, which was then compared with the LLM’s responses. Additionally, for the last method, we
measure the model’s consistency using a repetitive prompting technique. Recall that for the last method, we use a
smaller painting sample to reduce the workload in the user study.

5.1 LLM-Extended Method

In this section, we demonstrate an example of LLM-generated KG based on CIDOC-CRM in the form of triple
statements. The exact Instruction and user_input are included in the code within the supplementary material in
[52]. We tested the model on a sample of 50 paintings, which resulted in 50 CIDOC-CRM KGs each containing
20 formal statements, producing a total of 1,000 formal statements. The criteria for the painting selection are
described in Appendix A. Output 1 lists the generated triple statements formally describing the painting “Entrance
to the Jardin Turc” by Louis-Léopold Boilly, while the KGs for the rest of the paintings can be found in [52].

Output 1:
E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P102_has_title - E35_Title (L’Entrée au Jardin Turc)
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E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P102_has_title - E35_Title (The Entrance to the
Turkish Garden Cafe)

E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P108i_was_produced_by

E12_Production (Production_of Entrance_to_the_Jardin_Turc)

E12_Production (Production_of Entrance_to_the_Jardin_Turc) - P14_carried_out_by - E21_Person (Louis-
Léopold_Boilly)

E12_Production (Production_of Entrance_to_the_Jardin_Turc) - P4_has_time-span - E52_Time-Span (1812)
E12_Production (Production_of Entrance_to_the_Jardin_Turc) - P7_took_place_at - E53_Place (France)
E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P45_consists_of - E57_Material (Oil_on_canvas)
E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P43_has_dimension - E54_Dimension (Unframed_
Dimensions)

E54_Dimension (Unframed_Dimensions) - P90_has_value - E60_Number (73.3_X%_91.4_cm)
E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P43_has_dimension - E54_Dimension (Framed_Di-
mensions)

E54_Dimension (Framed_Dimensions) - P90_has_value - E60_Number (90.5_%_109.2_x_10.8_cm)
E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P55_has_current_location

E53_Place (The_J._Paul_Getty_Museum)

E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P1_is_identified_by - E42_Identifier (Object_Num-
ber_2010.11)

E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P65_shows_visual_item - E24_Physical_Man-
Made_Thing (Self-portrait_of Boilly)

E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P128_carries - E34_Inscription (Signature_Lower_
Right)

E34_Inscription (Signature_Lower_Right) - P3_has_note - E62_String (L._Boilly,_1812)
E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P128_carries - E34_Inscription (Verso_Labels)
E34_Inscription (Verso_Labels)

P3_has_note - E62_String (Various_labels_including_Christie’s_and_Collection_Georges_Lutz)
E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P2_has_type - E55_Type (Painting)
E22_Man-Made_Object (Entrance_to_the_Jardin_Turc) - P2_has_type - E55_Type (French_Culture)

5.1.1  Validation of the LLM-Generated KGs. The validation of our LLM-generated KG is performed employing
Competency Questions (CQs) [26], somewhat replicating the approach from [45]. The authors employ CQs for
the manual SPARQL query creation to test whether the LLM-generated ontology from ontology stories includes
related responses. Additionally, we extend the task by using the same CQs to check whether the baseline KG of
the Getty Collection provides the same answers as our KG. In [45], the total score of validation is calculated as an
average value of ontology evaluations across all CQs:

X1 £(0,CQ.)
p ,
where q is the total number of CQs, O is the LLM-generated KG, CQ can be represented as a vector such as
CQ ={CQ4, ...,CQq}, and f(O, CQ,,) is the function that evaluates O with respect to CQ,, and returns either 0 if
the ontology does not contain the answer to the CQ, and 1 if it does.
As we aim to compare the results of our LLM-generated output and Getty Collection KG, we have to modify
the previous score formula. First, we need to obtain the responses to the following CQs from our KGs:

(2)

score =

(1) (Title) What is the title of the painting?

ACM Journal on Computing and Cultural Heritage, Vol. 18, No. 4, Article 61. Publication date: December 2025.



KGs vs. LLMs: Competitors or Partners in Supporting Virtual Museums « 61:15

Table 2. Semantic Queries for Painting Descriptions

Query Domain Class Property Range Class

CQ1—Title E22_Man-Made_Object P102_has_title E35_Title

CQ2—Date of Creation E12_Production, P4_has_time-span E52_Time-Span
E22_Human-Made_Object

CQ3—Material E22_Man-Made_Object, P45 consists_of E57_ Material
E22_Human-Made_Object

CQ4—Type E22_Man-Made_Object P2_has_type E55_Type

CQ5—Place E12_Production P7_took_place_at E53 Place

CQ6—Artist E12_Production P14_carried_out_by E21 Person, E39_Actor

CQ7—Object Identifier E22_Man-Made_Object P48_has_preferred_identifier, E42_Identifier
P1_is_identified_by

S

(Date of Creation) What is the creation time of the painting?
(Material) Which material is used for the painting?

(Type) How is the painting categorized by type?
(
(
(

w

~ N~ o~~~
R
S22

Place) What is the place where the painting was created?
Artist) Who is the painter of the artwork?
Object Identifier) What is the object identifier of the painting?

6
7

In Equation (1) (Section 4.2), we have introduced classes, properties, and the corresponding values of G;. Each
CQ will constitute the query into each G; so we introduce queries as a set Q = {Q1, ..., Qq} Where g is the total
number of queries (relates to the number of CQs). In our case specifically, seven queries have been proposed (see
Table 2).

As shown in the query, it is sometimes necessary to query multiple classes and properties, depending on
the specific usage in each KG (see the case of querying creation date, for example). The query function takes a
painting title ; from a painting PT;, Q,, from Q, and G; from G and creates a set R; of results. Specifically, for
each element from Q, and G;, the function fquery is defined as follows:

ﬁluery(ti» Qs Gl) = Ri’ (3)

where R; consists of the painting title, queried element such as E35_Title, and query value. Note that the title
used here refers to the label or identifier of the painting within our JSON structure and not to the ontological
class E35_Title. It is used to locate and link the correct painting instance in the KG during query execution. This
output is important in a subsequent step for comparing values vyge Vdates ---» 0id With those of the Getty Collection
KG for a corresponding painting. Getty Collection KG is queried with SPARQL and LLM-generated KG with a
custom Python script given the output in JSON format. To maintain the flow of the functions and annotations,
we denote the entire Getty Collection database as G’ and the results from query R;. Note that we use the same
index i here as that of our KG, G;, because we will obtain the same number of results. The function that queries
Getty Collection becomes as follows:

gquery(uneryi> G) = Rl{, (4)

where Gguery, is the i-th SPARQL query of the entire Getty Collection KG. Query results consist of a similar

structure as R; such as R} = {t;, “title,” h e, “date,” Viarers - - -» Ui, }- Finally, we can compare values of results from
l 1
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Table 3. Mean Scores for Each Query
Element across All Paintings

Query Mean Score
Title 0.940
Date of Creation 0.960
Material 0.980
Type 0.980
Place 0.920
Object Identifier 0.860
Artist 0.960
Overall Score 0.943

Equations (3) and (4) and find the score of the modified score function from Equation (2):

1 [1<
score’ = — 3 (— 210k = Vi)
n<i\q
i=1 k=1

where Vi is a set of values iitle;;., Udateyy.» - - - » Uiy, from R; corresponding to the kth query (qx), V) is a set of values
from R; corresponding to the kth query, and I is an indicator that returns 1 if the values are

: ®)

Ut,itleik’ Uéateik’ Tt Ui,dik
semantically equal and 0 otherwise. This function returns the average similarity score between our annotations
and the Getty Collection KG, resulting in a high similarity of 94.3%. In Table 3, we present the validation scores,
which include the mean value for each query across all paintings. The overall score (score’) naturally corresponds
to the average of the scores across all paintings.

The validation remains challenging because the two KGs being compared sometimes contain values that share
the same semantic meaning but are represented in different formats. Second, when querying the Getty Collection,
the place where the artwork is created is not always associated with the same entity, or it is nonexistent. In some
cases, the queried values can be easily inferred from the painting description, but our goal was to obtain all the
information using the conventional SPARQL query language method [43] for robustness.

5.2 LLM-Pure Method

This experiment demonstrates the LLM’s capability to analyze and rank paintings according to the URs. Recall
that we use 10 uniform URs applied uniformly across all paintings (see Table B1 in Appendix B). Table 4 shows
the rankings of 20 paintings based on all 10 URs.

5.2.1 User Study-Based Baseline Creation. To establish a reference point for evaluating the performance of
our model, we conducted a user study, aiming to capture human judgments on the same ranking tasks. We thus
created a web-based custom form presenting the 10 evaluation questions (URs) previously defined, applied to 20
selected paintings. It is available online at: https://ivavasic.github.io/painting-survey/. Given that the URs are
general for all paintings, we assume that responses will be inconsistent in some cases. We acknowledge that
aligning URs specifically with each painting could improve performance, but would distort the real-life scenario,
artificially introducing tuning, which we intentionally avoid. Alongside participants’ responses, we also collect
data on age, gender, education level, country, profession, experience in art, IP address (when available), and
response time. To mimic the task we gave to the LLM, we asked participants to rate each painting using a 5-point
Likert scale. They were recruited through internal group channels, combining individuals from our network and
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Table 4. Ranking Values of 20 Selected Paintings Based on Each UR

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15 P16 P17 P18 P19 P20
Q1 5 5 3 5 3 5 1 4 1 4 1 5 2 5 5 5 5 5 5 5
Q2 1 1 5 1 3 1 1 1 1 1 5 1 1 1 2 1 1 5 1 1
Q3 5 1 1 1 1 5 1 1 3 1 5 1 1 1 1 1 1 1 1 1
Q4 5 5 5 4 5 5 1 1 1 1 5 1 1 5 1 1 1 4 1 1
Q5 5 2 4 2 5 5 4 2 3 1 5 4 1 3 4 1 2 5 1 1
Q6 5 1 4 1 4 2 5 1 1 2 5 2 1 1 5 1 3 5 1 1
Q7 5 1 5 4 1 1 1 1 1 1 4 4 1 4 1 1 1 5 1 3
Q8 1 1 1 1 1 3 4 5 1 1 2 1 1 1 3 5 5 2 5 1
Q9 1 1 1 1 4 2 1 5 1 1 3 1 1 1 4 1 1 1 1 1
Qo 2 3 4 1 5 4 2 4 4 1 4 1 1 1 1 2 4 5 1 1

Qur

1 2 3 4 5 6 7 8 9 10
UR number

Fig. 6. Krippendorff’s alpha (ayg) for each UR.

others who joined more spontaneously. More details on the survey architecture are described in Appendix C.1.
All the collected data are available in the supplementary material in [52].

In total, 20 users participated in the study. While not fully randomized, the sample presents a group of varying
demographic information. The summary of data is provided in Appendix C.2. We treated responses as interval
data and computed Krippendorff’s alpha to assess inter-rater agreement across all users, implemented using the
Python library [6]. To better understand the user agreement patterns, we computed Krippendorff’s alpha per
painting (across all users and URs) and per UR (across all users and paintings). It varies both across paintings and
URs, with several values falling below the commonly accepted threshold of 0.667 for tentative conclusions [31],
indicating that inter-rater agreement is not consistently high among humans. This is not surprising since the
diverse demographic data of participants may lead to some URs being ambiguous, too general, or interpreted
differently by different users. Figure 6 shows the trend of Krippendorff’s alpha (ayr). Therefore, only URs with
sufficiently reliable agreement (aygr > 0.667) were selected for establishing the evaluation baseline. Figure 7
shows a comparison of Krippendorff’s alpha per painting, computed using all URs and only the selected URs.
Although some values have decreased, the filtering resulted in a more consistent ranking where alpha increased,
making it easier to establish a reliable consensus for evaluation.

Finally, we use only URs with sufficient agreement to compute the mean of user ratings for each painting
and UR. These averaged human responses serve as the evaluation baseline for comparison with GPT-generated
ratings. For completeness, we also show the full evaluation table in Appendix C.2, including the mean, standard
deviation, and variance of user responses for all URs (including those with low inter-rater agreement).
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Fig. 7. Comparison of Krippendorff’s alpha (@ainting) for each painting using all URs and the selected URs.
Table 5. Absolute Differences between Human and GPT Ratings per Painting and Question
P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15 P16 P17 P18 P19 P20
Q3 020 0.15 1.05 0.10 0.15 0.20 0.10 0.10 175 0.00 0.30 0.15 0.00 0.00 0.00 0.00 0.00 0.05 0.00 0.00
Q4 0.15 050 045 0.25 090 0.20 0.10 0.15 040 0.10 0.15 0.10 0.10 0.50 0.75 0.20 0.05 0.10 0.10 0.10
Q6 055 0.20 065 0.25 0.75 0.50 130 0.05 0.20 0.50 0.20 095 0.15 0.20 055 0.00 085 0.75 0.15 0.00
Q8 020 040 130 045 095 155 080 0.15 0.20 0.05 115 0.05 080 0.10 0.25 080 0.25 1.15 0.40 0.00

Overall Mean=0.37

5.2.2  Humans vs. LLM Evaluation. To evaluate the GPT-generated ratings against the baseline, we computed
the absolute differences for each painting and question. This allows us to quantify how far the GPT predictions
deviate from the human-annotated means, regardless of direction. Results are shown in Table 5.

The overall mean deviation suggests that, on average, GPT predictions differ from human ratings by less
than half a point on a 1-5 Likert scale, indicating generally good alignment. Values highlighted in bold indicate
the deviation less than or equal to half a point on the Likert scale, which we deliberately chose as a threshold,
albeit a full point would also be a reasonable consideration. Notably, some deviations are zeros, indicating a
complete alignment between the model and a human judgment. Apart from the deviation, the model performed
the rankings in an overall mean time of 49.24 seconds, which is approximately 89.78 times faster than humans did
in the user study. The overall average for humans was 4,420.72 seconds (a bit more than 1hour), calculated as the
mean total time spent per user during the ranking task. We executed the LLM model on a machine with an AMD
Ryzen 5 PRO 5675U CPU, AMD Radeon™ Graphics, and 15.2 GB RAM.

5.2.3 Variance-Based Consistency Assessment. The second validation is performed by calculating the variance
measure of the obtained rankings. More precisely, we prompted the model five times consecutively with the same
UR for each painting. Assume the set of cth ranking values for i-th painting and ath UR is the obtained set of
values URViqe = {Xiq1, - - -, Xiaq }» Where d is the number of times the prompt is repeated. The overall variance is
then calculated as the average of all variances o;, = é Zle (Xiac

11l
overall ; Z E E

i=1 a=1 c=1

— p)? across all paintings and URs:

d

2
(Xiae — )%, (6)
where m is the number of paintings, b is the number of URs and y is the mean value of all x;, in the corresponding
set. Ideally, results are consistent, meaning the variance is close or equal to zero and the ranking values are

repetitive. The results are presented in Figure 8, using the temperature of 0 for our model. Most of the values
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Fig. 8. The overall variance for each painting across all 10 URs.

are near zero, which indicates that all ranking values are identical. The obtained overall variance suggests small
differences in the LLM model response. The maximum obtained variance is 3.840 for painting “The Dream of
Pope Sergius,” based on the UR3: “The painting depicts a biblical event, with values [5, 1, 1,5, 5]. The total overall
variance for all paintings across all URs is 0.048.

Validating the results obtained from ranking can sometimes be subjective. For example, if a UR involves ranking
a “beautiful” painting, the result may not be satisfactory, as beauty is a subjective concept. Similarly, if the
statement depicts the “dark” moment, it could be interpreted as a painting with dark colors or one depicting dark
emotions. In addition, although we instruct the model to assign a rank of 1 to paintings without information
related to the UR, it might not always adhere to this rule consistently, which can result in variability in rankings
and an increase in variance.

6 Discussion and Comparison Results

Textual input or narratives have long been widely used by CH institutions and experts—a practice that continues
today due to its natural expressiveness, like in the case of the Civic Art Gallery of Ascoli described in Section 1.1.
In contrast, working with ontologies imposes certain constraints, with predefined classes and properties linked
together in a rigid structure, requiring users to adhere to a specific ontological order. It is important to note that
working with KGs and ontologies requires not only CH expertise but also explicit knowledge of the complex
schema behind them as demonstrated in our developed tool. CH professionals may not always be familiar with
such representations. However, the Traditional method plays an important role in data management, as it utilizes
algorithms that accurately and consistently capture information from experts, in contrast to the variability often
observed in LLM-based methods.

Conducted experiments showed the great potential of LLMs for interpreting the semantic content of the
paintings. Together with additional natural language knowledge, e.g., from museum catalogs, LLMs can also
derive suggestions for similar images. Such functionality could be directly integrated into virtual museum
platforms. LLM-based processing of semantic information is easier to perform than traditional ontology-based
semantic annotation because it does not require understanding complex systems or following specific guidelines
as required when working with ontologies.

On the downside, LLMs like GPT can produce inaccurate responses because they are trained on broad datasets
and lack access to real-time information or specific sources. Moreover, it is hard to determine whether GPT
incorporates more advanced extensions of ontologies. This is particularly problematic in specialized domains
such as art description, where detailed, accurate knowledge is essential.

The comparison of the three methods is summarized in Table 6, based on the selected parameters identified
throughout the research process. Although some of our experiments are demonstrated in practice, the comparison
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Table 6. Comparison of Three Methods

Parameter Description Traditional LLM- LLM-Pure

Method Extended Method
Method
User The annotation tool should be designed to be sim- Low Medium High
Experience ple and user-friendly, allowing experts to annotate
paintings in a few steps.
Efficiency Refers to the time needed for task execution. Low High High
Accuracy Given that the ontology implies that the user sticks High Medium Medium

to the rules of the triple statements and respects
class inheritance, any false or ambiguous input be-
comes detectable.

Data Richness The extent to which the methods handle different High Medium Low
amounts of data in input.

Input The ability of the system to detect errors in input, Low High High

Precision both in natural language format or formal state-

ments. It also represents the syntactic accuracy of
the user input.

remains mostly on the conceptual level. A detailed discussion related to each evaluation is provided in subsequent
paragraphs.

User Experience. In the context of traditional-based tasks with KG and ontology, user experience is often less
satisfactory compared to using LLMs. However, user experience can vary amongst different individuals, influenced
by factors such as their technical expertise, experience, and personal preferences, amongst others. This is due to
the need for specialized knowledge in ontology selection. In contrast, LLMs, when integrated into platforms such
as virtual museums, offer ease of use, partly because they can be effectively incorporated into chatbot systems
and support natural language input. LLM-based annotation is easier to perform because it does not require an
understanding of some complex systems or using specific guidelines.

Efficiency. Our experiments show that LLM can easily interpret CIDOC-CRM ontology statements and convert
them into a narrative, while the accuracy may be questionable. Thus the efficacy is higher in the approaches with
LLMs, compared to the traditional due to the time for manually constructing each formal expression in a KG,
especially for large-scale KGs. Working with ontologies, specifically with the CIDOC-CRM, requires not only
expertise in CH but also explicit knowledge of this complex system. Although the CIDOC-CRM ontology has
been accepted and extended on several occasions by the scientific community, from our knowledge, CH experts
may not always be familiar with it.

Accuracy. Traditional methods perform better and are more robust than those relying solely on LLM usage
when it comes to accuracy. LLMs like ChatGPT are also prone to hallucinations which may lead to inaccurate
responses as they are trained on broad datasets and lack access to real-time information or specific sources. This
is especially problematic in specialized fields like art description, where detailed, accurate knowledge is essential.
Our observation from the experiments is also that our model did not adhere to the specified CIDOC-CRM schema
version in the Instruction. For example, it used an older version of class naming such as Man-Made_Object instead
of Human-Made_Object for the class E22. Therefore, a combination of ontology and LLM presents the optimal
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approach, as it provides the accuracy of structured knowledge while also offering a tool that interprets these
elements into natural language and vice versa.

Data Richness. In museology, content can be exhaustively described by different experts and stored across
various sources. Cataloging sites and platforms like Europeana and Google Arts & Culture’, along with museum
institutions, display only a curated selection of content. This approach facilitates comprehensive and balanced
exploration, allowing visitors to have more enriching and balanced experiences during their visits. We are
interested in how the three selected methods manage different amounts of data and how this affects the ultimate
outcome, i.e., in choosing artworks aligned with visitor preferences. Based on the results from experiments, it is
clear that the input within the methods involving LLMs supports a large quantity of data but must be segmented
at certain points to remain within the maximum token limits. This is reflected in our experiment design which
processes paintings individually. However, for the ranking approach, it would be beneficial to enable direct
comparisons between paintings to enhance the accuracy and relevance of the results. This process, however,
introduces challenges for the model, as handling all descriptions simultaneously in natural language requires a
different approach compared to processing individual inputs. Ontology annotation does not restrict the quantity
of information but requires more effort in its formulation.

Input Precision. This is another vital variable in our research and refers to syntactic accuracy. Each of the
three approaches—whether based solely on ontology selection, a combination of ontology and LLMs, or LLMs
alone—requires NLP for every kind of input, whether for lengthy descriptions or single words that correspond
to values in the CIDOC-CRM ontology classes and properties. The processed input must always be accurate to
ensure error-free content. This is especially important for the high level of recognition and effective querying
of the entire input by the system. Thus, we identify a combination of ontology input with the support of LLM
as the most suitable option because LLMs can identify textual errors and convert them into the correct form.

7 Conclusion and Future Works

The main contribution of this study is the evaluation of traditional, LLM-extended, and LLM-pure methods
based on various variables and empirical evaluation through several experiments on CH content. Specifically,
we investigated the semantic information strategies of the artworks to better understand the usefulness of KGs
based on ontology and LLMs usage in the CH field. The traditional approach is still the most robust and accurate,
while the usage of LLMs offers various benefits when it is used both independently and when it is combined with
ontologies. The LLM performs considerably faster than humans on our tasks, which has been demonstrated in
previous sections of this study in the ranking process. Our experiments with LLMs have shown the potential to
support artwork annotation, which can be further used in use cases such as guiding museum visitors to artifacts
that match their interests, assisting museum curators with documentation, or helping CH researchers identify
similarities in artifact collections.

The artwork annotation process is a complex task within our methods, requiring precise descriptions from
verified sources and constrained web querying to ensure accuracy. A potential direction when using LLMs as
support is the development of a system dedicated exclusively to utilizing descriptions from experts or other verified
sources to minimize the risk of misinformation and inaccuracies. The solution may be fine-tuning the existing
LLMs and/or developing small-size models trained on the specific domain knowledge. Additionally, the integration
of ontologies could enhance the robustness of the output information by ensuring interconnected and structured
data representation. The experiments on painting ranking show the capability of understanding the meaning
of descriptions in a natural language, and ranking each of them according to the URs. Moreover, the results of
the conducted user study show a close alignment between the LLM-generated rankings and human judgment.

“https://artsandculture.google.com/, last accessed 23 January 2025.
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Future work encompasses putting the experiments with LLMs into practice and developing a museum virtual
tour prototype as a compact tool for semantic annotation, integrated with a virtual guide. One of the promising
directions is leveraging novel technologies like LangChain for building an end-to-end application. As a framework
that utilizes LLMs for accessing external data sources, and operating with queries, amongst others, it would be a
strong choice in collaboration with museum institutions, while also improving accuracy in the implementation of
LLM-based methods. For potential large-scale projects concerning an LLM-extended method, this would help the
tedious process of manual SPARQL query creation. Similarly, incorporating expert-in-the-loop for LLM-generated
annotations could enhance the quality of KGs. Additionally, employing different LLM models and evaluating their
performance would be beneficial. Further experiments may incorporate LLMs with vision capabilities, which
will be particularly beneficial for the spatial information of the paintings in addition to the textual descriptions
already explored in the study.
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Appendices
A Painting Selection Criteria for Experiments

In this section, we explain the criteria for selecting the paintings for the experiments. As our goal is a theoretical
comparison of the three methods and identifying the benefits of LLMs in the workflow, our study involves only
paintings as key studies. To avoid alteration in the research directions, we also limited queries to the Getty
Collection as a recognized source of querying and its publicly available SPARQL API. The diversity of the choice
has been taken into account. The dataset is based on the creation date, artist, and culture. Therefore, the first filter
of the query is Object Type set to Painting, which finds 970 results in the database. However, this also includes
other object types, such as Fresco and Print, making it necessary to double-check that the selected item is
indeed a Painting object type. Next, we based our query on the four main historical periods from the European
perspective, using the Getty Collection’s date limits from 400 BCE to 2000 CE: Antiquity (400'° BCE-476 CE),
Medieval Ages (476 CE-1492 CE), Modern Ages (1492 CE-1789 CE), and Contemporary Ages (1789 CE-2000'!
CE). Table A1 details 20 of the total of 50 paintings used in this study, including the title, object number, artist’s
full name, creation date based on four historical periods, and cultures. This subset of paintings is used for the
LLM-pure method, while the entire set of 50 has been used for the LLM-extended method. The full list of paintings
is included in the supplementary material [52].

B User Requests for Painting Rankings
In this section, we list all 10 URs used for painting rankings (see Table B1).

C Survey Design, Data Collection, and Participant Analysis
C.1 Web-Based Survey and Data Collection Methodology

The survey was implemented as a multi-page web application developed in HTML, CSS, and JavaScript. It consists
of 20 pages, each displaying a textual description of a painting and a corresponding evaluation form. For each
painting, participants were asked to respond to 10 URs from Table B1 using a 5-point Likert scale (the same as for
the GPT model in the LLM-pure method), resulting in a total of 200 responses per participant.

Participants first completed a consent form for data collection and an identification form capturing demographic
and contextual metadata (age, gender, education, country, profession, experience level). A unique user code we
distributed was also required to distinguish valid submissions. Note that some users introduced some minimal
typos within the code, which we corrected later since the code was obvious. Upon completion of the survey, all

10The Getty Collection includes works dated from the year 400 BCE.
The Getty Collection includes works dated up to the year 2000 CE.
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Table A1. Partial List of the Selected Paintings
N. Title Object Artist Creation Date Cultures
Number
1 The Wedding Feast at Cana 2022.28  Lavinia Fontana Modern Age Italian
2 Portrait of Isabella of Portugal 78PB.3  Workshop of Rogier van der Modern Age Netherlandish
Weyden
3  The Dream of Pope Sergius 72.PB.20  Workshop of Rogier van der Medieval Age Netherlandish
Weyden
4 Portrait of J. Paul Getty 2003.94  Shinjiro Nakamura Contemporary Japanese
5 Fragmentary Coffin Lid and Frag- 75.AJ.20 Unknown Artist/Maker Uncertain Egyptian
ments of Wood
6  Christ on the Cross 2000.40  El Greco (Domenico Modern Ages Greek
Theotokopoulos)
7  The Wounded Foot 78.PA.68 Joaquin Sorolla y Bastida Modern Ages Spanish
8 A Hare in the Forest 2001.12  Hans Hoffmann Modern Ages German
9  Four Studies of a Male Head 71.PB.39  Workshop of Peter Paul Rubens ~ Modern Ages Flemish
10 Wall Fragment with Two Women  96.AG.302 Unknown Artist/Maker Antiquity Roman
11 The Story of Joseph 70.PB.41 Biagio d’Antonio Medieval Ages Italian
12 The Milliners 2005.14  Edgar Degas Contemporary French
13 Untitled [Street Scene] 98.PA.197 Walker Evans Contemporary American
14 Portrait of J. Paul Getty (2) 2003.93  Armando Drechsler Contemporary  German or
Austrian
15 Entrance to the Jardin Turc 2010.11  Louis-Léopold Boilly Contemporary French
16 Irises (in the Paper) 90.PA.20 Vincent van Gogh Contemporary Dutch
17  Starry Night (in the paper) 84.PA.681 Edvard Munch Contemporary ~ Norwegian
18 The Glorification of the Union of the 84.PA.75 Franz Anton Maulbertsch Modern Ages Austrian
Houses of Hapsburg and Lorraine
19 Corner of the Garden, Alcazar, 79.PA.155 Joaquin Sorolla y Bastida Contemporary Spanish
Sevilla
20  Still Life: Tea Set 84PA.57 Jean-Etienne Liotard Modern Age Swiss
Table B1. URs Used in the LLM-Pure Method for Painting Ranking
UR1 The painting depicts a single moment rather than a sequence of events.
UR2 The painting depicts a sequence of events rather than a single moment.
UR3  The painting depicts a biblical event.
UR4 The painting includes recognizable historical figures or well-known literary characters.
UR5  The description of the painting suggests a dramatic scene with emphasis on a specific person, action, or
object.
UR6  The painting depicts interaction between people.
UR7 The description indicates that the scene takes place indoors or in an architectural setting.
UR8  The description includes references to nature, such as landscapes.
UR9  The painting includes animals.
UR10 The description suggests imaginative or symbolic elements rather than realistic ones.
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data were transmitted to a private Google Sheets backend via HTTP GET requests using Google Apps Script
endpoints. We included the code for the survey in the supplementary material [52], while the survey itself is
available publicly online at: https://ivavasic.github.io/painting-survey/.

Collected data along with ratings included: identification code, user age, user gender, user education, user
country, user profession, familiarity with art or museums (user experience), random code, user IP address, start
time, and end time of the survey. Note that the random code, along with the IP address, was used to differentiate
users. Ipify API'? was used to retrieve public IP addresses. Basic validation ensured all required fields were
completed before proceeding, ensuring that no URs are recorded as null. All collected data are provided in the
supplementary material. The survey is also included in the supplementary material in a digitally printed form.

C.2 Participant Demographics and Metadata Analysis

In this section, we present the demographic data of the participants.
The user sample in terms of familiarity with art or museums includes:

—Moderate: 60% (12 users); Expert: 20% (4 users); Beginner: 15% (3 users); No declared: 5% (1 user).
The following are geographical data:

—Italy: 45% (9 users); Switzerland: 25% (5 users); Serbia: 20% (4 users); Spain: 10% (2 users).

In terms of gender, the sample further includes:

—Male: 70% (14 users); Female: 30% (6 users)

In terms of user profession, the following roles were represented:

—Researcher: 50% (10 users); Student: 25% (5 users); Professor: 15% (3 users); Teacher: 5% (1 user); Chief
communications officer: 5% (1 user).

In terms of user age, the following data was collected:
—21-29: 45% (9 users); 30-39: 30% (6 users); 40—-49: 20% (4 users); 50+: 5% (1 user).

To represent fully the user judgment and its analysis across all paintings and URs, we calculate Mean (M),
Standard deviation (SD), and Variance (Var) of all ratings. These are represented in Table C1, where the consistency
of human answers varies per painting and UR. Overall variance and standard deviation are 2.88 and 1.70,
respectively. Given My,qx = 4 and SD,4x = 2, the results highlight the importance of excluding noisy URs that
are obviously an obstacle for consistent human judgments.

2https://www.ipify.org/, last accessed: 06 January 2025.
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Table C1. Mean (Myg, ), Standard Deviation (SDyr, ), and Variance (Varyg,) of Human Ratings per bth UR
and Painting (P1-P20)

P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15 P16 P17 P18 P19 P20
M, 330 495 205 495 295 455 490 490 390 335 130 4.65 255 490 380 4.25 4.75 280 4.65 485
SD, 159 022 139 022 154 123 045 031 152 179 098 0.75 170 031 1.64 145 0.55 170 0.99 0.49
Var; 254 0.05 194 005 237 152 0.20 0.09 231 319 096 056 289 0.09 269 209 030 291 098 0.24
M, 305 110 395 110 260 155 120 1.05 185 115 470 125 1.65 100 2.05 135 105 285 120 1.00
SD, 1.70 045 123 045 147 128 0.62 0.22 127 049 098 0.72 139 000 157 1.09 0.22 1.66 0.89 0.00
Var, 289 020 152 020 215 1.63 0.38 0.05 161 024 096 051 192 0.00 247 119 0.05 277 0.80 0.00
M3 480 1.15 205 1.10 1.15 480 110 1.10 1.25 1.00 470 1.15 1.00 1.00 1.00 1.00 1.00 1.05 1.00 1.00
SDs 0.70 0.67 1.67 045 049 070 0.45 045 0.72 0.00 098 0.67 0.00 0.00 0.00 0.00 0.00 0.22 0.00 0.00
Var; 048 045 279 020 024 048 0.20 0.20 0.51 0.00 096 045 0.00 0.00 0.00 0.00 0.00 0.05 0.00 0.00
My 485 4.50 455 425 410 480 1.10 1.15 1.40 1.10 485 1.10 1.10 450 1.75 1.20 1.05 390 1.10 1.10
SD, 0.37 0.89 0.60 137 1.07 070 045 049 068 031 037 031 045 0383 133 089 0.22 141 045 045
Vary, 013 0.79 037 188 1.15 048 0.20 0.24 046 0.09 013 0.09 0.20 0.68 1.78 0.80 0.05 1.99 0.20 0.20
Ms 350 2.65 380 3.05 255 480 3.40 200 270 150 4.00 3.05 130 2.00 1.75 2.00 2.05 245 135 265
SDs 132 150 1.15 157 128 0.62 127 138 149 1.05 108 132 0.73 117 121 141 132 147 093 1.76
Vars 174 224 133 247 163 038 1.62 189 222 111 116 173 0.54 137 146 200 173 216 0.87 3.08
M 445 120 465 1.25 325 150 3.70 105 1.20 250 4.80 295 115 1.20 445 1.00 2.15 425 115 1.00
SDg 0.76 0.70 0.67 0.72 152 1.10 138 0.22 0.52 1.67 041 139 049 0.52 089 0.00 1.23 1.02 0.49 0.00
Vars 0.58 048 045 051 230 1.21 191 0.05 027 279 017 194 0.24 0.27 0.79 0.00 150 1.04 0.24 0.00
My 410 270 410 4.25 255 160 120 1.15 1.70 130 240 4.60 135 275 210 155 120 190 175 3.30
SD; 145 134 1.07 137 128 127 089 067 1.03 073 143 0.60 0.67 1.62 137 105 0.70 152 137 1.56
Var; 2.09 180 115 188 1.63 1.62 0.80 045 106 054 204 036 045 2.62 188 110 048 231 1.88 243
Mg 1.20 140 230 145 195 455 480 4.85 120 1.05 3.15 1.05 180 1.10 2.75 420 475 3.15 4.60 1.00
SDg 052 110 142 1.10 136 076 0.52 049 0.70 0.22 153 0.22 128 031 141 140 0.72 153 0.60 0.00
Varg 0.27 120 201 121 1.84 058 0.27 0.24 048 005 234 0.05 1.64 0.09 199 196 051 234 036 0.00
My 1.00 1.15 1.20 1.05 380 2.70 1.20 4.60 1.00 100 190 1.00 100 1.00 235 1.00 1.00 125 1.10 1.00
SDy 0.00 0.67 0.70 0.22 144 189 0.70 1.23 0.00 0.00 1.55 0.00 0.00 0.00 1.90 0.00 0.00 0.64 0.45 0.00
Vary 0.00 045 048 005 206 359 048 152 0.00 000 241 0.00 0.00 0.00 3.61 0.00 000 041 0.20 0.00
My 2.65 175 340 140 420 355 1.15 215 150 140 280 135 135 140 135 140 250 3.20 120 1.25
SDy 123 1.02 150 110 1.15 150 037 157 1.05 0.99 158 081 093 082 0.81 0.82 154 158 041 0.55
Varyy 150 1.04 225 120 133 226 0.13 245 111 099 248 0.66 0.87 0.67 0.66 0.67 237 248 0.17 0.30
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