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Abstract. The success of cultural heritage archives depends on their ease of use
and navigation. A simple and intuitive user interface can improve accessibility
and inclusiveness. This paper presents a new approach to create semantic graphs
from archive contents. The resulting graphical representation allows users to ex-
plore and navigate the data in new and intuitive ways.
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1 Introduction

In today's digital age, cultural heritage institutions are increasingly creating digital ar-
chives of their collections to make them more accessible to the public. This trend has
been made even more evident and necessary because of the pandemic. However, the
success of these digital archives often depends on their ease of use and navigation. Us-
ers must be able to find what they are looking for quickly and easily, without getting
lost in a maze of menus and options.

A simple and intuitive user interface can make a difference in the way users interact
with digital archives. A logical hierarchy of information and an intuitive design can
make navigating through an archive a flowing and enjoyable experience. In addition,
simplicity can also increase inclusiveness and accessibility. People with different levels
of digital literacy and cognitive abilities should be able to use an archive with ease.
Designing with simplicity in mind can also ensure that the archive is accessible to peo-
ple with disabilities, such as those who are visually impaired or have reduced mobility.

In this paper, we present a new approach to visualizing information in an Intangible
Cultural Heritage (ICH) archive and navigating it in a simple and intuitive way. The
paper presents a prototype for the unsupervised creation of semantic graphs that relies
on the pre-trained language models, using them both to cluster the data and to create
the similarity matrices. A semantic graph is a graphical representation of words and
their relationships to each other. It can be used to show semantic similarity between
words or to explore connections between related concepts.
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The main features that make this approach both effective in retrieving information
and useful and engaging for users are:

e once some hyperparameters and transformers models are optimized, the pipeline

is completely unsupervised;

e in the case of very large archives, semantic graphs are layered as the clustering
levels can increase, allowing users to explore a few dozen items at a time, letting
them get involved in deep exploration;

o the use of language pre-trained models allows this approach to be used even for
a few hundred items;

e by using pre-trained models for multilingual texts, archives with documents in
English, French, Italian, ... can also be handled efficiently and effectively.

The approach proposed in the article uses several state-of-the-art tools, such as the
UMAP dimensional reduction tool or transformers such as BERT, integrating them
synergistically to achieve a user-friendly tool that can be adapted to many contexts and
is valuable in providing an overview of the contents of archives.

The pipeline has been tested using data from the QueryLab portal, a framework for
the management of tangible and intangible cultural heritage (Artese & Gagliardi, 2022).

The article is structured as follows: after a brief survey of related works on graphs
used for cultural heritage, the pipeline is described with some technical notes. Follow-
ing this, the experiment is presented with some results of both clustering and semantic
graphs. Conclusions and future works follow.

2 Related Works

In this paper, we present an approach to unsupervised semantic graph creation. They
are meant, in this paper, as knowledge graphs constructed on the basis of the semantic
similarity of graph nodes.

Many articles and special issues in the literature are devoted to knowledge graphs.
For example, the journal Heritage' in 2021 published a special issue on "Knowledge
Graphs for Cultural Heritage".

Much research is related to the use of linked open data and ontologies for Knowledge
Graph (KG) creation. Ryen et al. (Ryen, Soylu, & Roman, 2022) focus on research
related to knowledge graph creation and publication within the Semantic Web domain.

Another example is Arco (Carriero, et al., 2019) which allows the construction of
knowledge graphs based on Linked Open Data (LOD).

Many research projects are related to KG. An example is CHLOD, a project that
focuses on creating a linked data infrastructure for cultural heritage institutions in the
Netherlands. The project involves the development of ontologies, data models, and data
mapping tools.

Semantic Web for Cultural Heritage-SW4CH is a project and series of workshops
(SWODCH, 2022) that aim to use Semantic Web technologies to provide access to
cultural heritage data. The project involves the development of ontologies, vocabular-
ies, and tools for publishing and querying cultural heritage data.
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To the best of our knowledge, this is one of the first experiments to create semantic
graphs using transformers.

3 Our Approach

The goal of this work is to define a pipeline that enables the unsupervised creation of a
semantic graph for content navigation from a textual dataset. The innovative elements
involved in the pipeline include a series of interconnected processes and techniques that
enable the automated generation of meaningful relationships and connections between
different pieces of data. These processes typically involve several stages, including di-
mension reductions, data clustering, choice of pre-trained models and ways to define a
single vector per item, and graph construction.

3.1 Innovative Elements of the Pipeline

UMAP (Uniform Manifold Approximation and Projection) (Mclnnes, Healy, &
Melville, 2018) is a dimensionality reduction technique used in machine learning and
data analysis, in competition with other popular dimension reduction methods such as
PCA and t-SNE. UMAP uses manifold learning for mapping high-dimensional data to
a lower-dimensional space while preserving the local structure of the data. UMAP uses
a combination of topological and geometric techniques, handling non-linear relation-
ships in the data, with the ability to handle high-dimensional data well. The algorithm
requires two main parameters, the number of dimensions and the distance metric used.

HDBSCAN (Mclnnes, Healy, & Astels, 2017) is a clustering algorithm that groups
similar data points together, even if the clusters have different shapes, densities, and
sizes. It does this by identifying areas of high density within the data set and grouping
points together based on their proximity to these high-density areas.

Unlike other clustering algorithms, HDBSCAN does not require the user to specify
the number of clusters or the size of the neighbourhood to be searched. It automatically
detects the number of clusters and the shape of clusters. Additionally, HDBSCAN can
identify points that do not belong to any cluster as noise. This makes it useful for da-
tasets with a high degree of density variation. The algorithm has a couple of parameters
that can be adjusted depending on the dataset, such as the minimum cluster size and the
minimum samples to form a dense region.

An advantage of using UMAP and HDBSCAN over other clustering algorithms is
that they can handle nonlinear relationships between data points. This is especially im-
portant in natural language processing, where the relationships between words and sen-
tences can be very complex and nonlinear.

Transformers and pre-trained language models: Transformers are a type of neural
network that has greatly improved natural language processing (Wolf, et al., 2020).
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Unlike traditional methods, which relied on hand-created features and statistical mod-
els, transformers use self-attention mechanisms to focus on different parts of the input
and capture long-term dependencies. BERT is one of the most popular pre-training lan-
guage models and one of the earliest (Devlin et al., 2019). There are several pre-trained
language models, such as:

e GPT (Generative Pre-Training Transformer) is a set of pre-trained language
models developed by OpenAl, which uses a transformer architecture similar to
that of BERT;

e RoBERTa is a pre-trained language model developed by Facebook Al, similar
to BERT but trained using a larger and more diverse corpus of data.

e ALBERT (A Lite BERT) is a smaller and more efficient version of BERT,
developed by Google.

These models use a transformer-based neural network architecture and are trained
on large amounts of unlabeled text data to learn a deep understanding of natural lan-
guage. One of the main features of BERT (and its competitors trained by Microsoft,
Facebook, OpenAl or HuggingFace) is the ability to handle bidirectional language
modeling, that is, to analyze and understand the context of a word by looking both
forward and backward in the sentence. This provides a better understanding of the re-
lationships between words and the nuances of language. In this paper, we test different
pre-trained models as described below.

3.2 The Pipeline

Dataset preparation includes all those operations that are performed on the data, in a
manner preliminary to their actual use on the algorithms. This stage may require re-
moving stopwords, replacing accents, and reducing to normal form, etc. In this case,
preprocessing may also include the automatic identification of tags or keywords. The
results of this task lead to the identification of items of interest to be used to test algo-
rithms and pipelines.

If the number of elements is too large for the creation of a single semantic graph, a
preliminary clustering step is required. In this work, clustering is performed using
UMAP and HDBSCAN on the vectors obtained by fine-tuned transformers. In order to
evaluate which model is optimal for the specific purpose, several pre-trained models
were tested and then subsequently fine-tuned on the items of interest. Additionally, to
obtain better results, specific to each dataset, this task includes choosing the hyperpa-
rameters of UMAP and HDBSCAN. The result of this task is the clustering of the items:
both the centroids and the set of items in each cluster.

Once the items were clustered (if necessary), again individual items were vectorized
using BERT-like pre-trained transformers, fine-tuned and then averaged (or something
similar) to obtain a single vector per item. A similarity matrix is obtained by applying
semantic similarity to these vectors. Based on this similarity matrix, a semantic graph
is produced by connecting the k most similar items. In the experiment reported here,
the values of k range from 1 to 4. The similarity between the elements is calculated
using the cosine of the obtained vectors. The result of this task is the semantic graph
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created in an unsupervised manner. If the elements have been clustered, n+1 graphs are
produced, corresponding to the n clusters plus the centroid graph.

Since the purpose of the project is to create tools for simplified navigation in ar-
chives, the final task involves a preliminary evaluation of semantic graphs by experts
in the field and/or Web users to assess their real usability.

Table 1: Steps of the proposed approach

# Task 1: Dataset Preparation

- Preprocessing (possibly strip stopwords, accents, ...)

- Process data to extract items to be used

- Output: items of interest

# Task 2: Items clustering

- Choice of transformers and pre-trained models

- Fine tuning of pre-trained Bert-like models to obtain the vectors

- Choice of hyperparameters for UMAP and HDBSCAN

- Output: centroids of clustered items, and elements of each cluster

# Task 3 Semantic graph creation

- Choice of transformers and pre-trained models, both on raw data and on clustered
items and fine tuning

- Creation of similarity matrix using [AVG] or [CLS] tokens

- Output: Semantic graphs con k most similar items, with k=1...4

- Preliminary evaluation of the results with domain experts and web users

4 The Experimentation

4.1 Dataset: QueryLab Platform

The defined pipeline has been tested on data from QueryLab, a portal specifically de-
signed to manage intangible cultural heritage data. The portal handles two types of data:
those data stored locally, and data queried on the fly from remote repositories via REST
API web services. In this experiment, we used locally stored data and various visuali-
zation techniques were tested on this data. By experimenting with different visualiza-
tions on locally stored data, we can gain insights into the patterns and relationships of
the data and develop effective ways to communicate this information to experts and
users.

The experimental datasets used in this study can be classified into the following

types:

Tags: Expert-defined tags associated with the records in the archive. Two different da-
tasets were used in this study: one from the Ethnography and Social History archive
(Artese & Gagliardi, 2017), where tags were defined by expert ethnographers, and the
other from UNESCO for managing intangible cultural heritage assets (Unesco ICH,
2023). The former tags were originally defined in Italian and then translated into Eng-
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lish, French, and German. The terms used in the latter dataset can be simple or com-
pound and provide valuable insights into the nature and characteristics of the cultural
assets.

Title: The name of the intangible cultural asset, which may be a simple name or a name
with a short description.

Description: A description of an intangible cultural asset, which could be a dance, rit-
ual, or knowledge, among other things. These descriptions are created to safeguard the
asset and preserve its knowledge for future generations. The length of the descriptions
varies from a few words to several paragraphs.

Rake/Textrank Keywords: Additionally, using the Rake (Rose, Engel, Cramer, &
Cowley, 2010) or Textrank (Mihalcea & Tarau, 2004, July) algorithm, simple or com-
pound words were in an automatic and unsupervised manner extracted from these de-
scriptions, forming another dataset of valuable terms for analysis and modeling pur-
poses.

The main problems with this dataset are related to the fact that we dealt with real
data related to intangible cultural heritage, which is created by communities with the
purpose of preserving and transmitting their intangible cultural heritage, which en-com-
passes traditions, sayings, dialect expressions, local object names, masks, and other el-
ements. However, due to the unique and specialized nature of this cultural heritage, the
terms and concepts associated with it are not commonly found in pretrained models.

4.2  Clustering

In this paper, we use transformers together with UMAP and HDBSCAN to cluster data.
BERT and other Bert-like models have been used (and fine-tuned) to transform text
data into high-dimensional vectors that capture semantic meaning. We then apply
UMAP to the vectors to obtain a lower dimension space which constitutes the input of
HDBSCAN to group similar text. This approach has proven to be very effective in this
context. Several tests were done to evaluate the best values of the hyperparameters for
UMAP and HDBSCAN and the pre-trained models in relation to different datasets.

The only parameter we tested for UMAP is n_neighbor. This parameter controls how
UMAP balances local versus global data structure. The default in the python imple-
mentation is 15. Our tests evaluated the following values: 20,15,10,5.

For HDBSCAN different values were tested for min_cluster_size and min_samples.
Min_cluster_size is intuitively set to the smallest cluster size that you want to consider
a cluster. It should be considered together with min_samples, which somehow provide
a measure of how conservative the clustering is. The values tested for min_cluster_size
(HDBSCAN) were 15,10,5, the values for min_samples (HDBSCAN) 15,10,5,1. The
pre-trained transformers models tested were.

*  BERT Base: This is the original pre-trained BERT model released by Google.

It has 12 transformer layers and is trained on a large corpus of text data from
Wikipedia and the Book Corpus dataset.
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«  BERT Large: This is a larger version of the BERT model with 24 transformer
layers. It is also trained on a large corpus of text data and has been shown to
perform better than BERT Base on some tasks.

*  MiniLM-L6-v2: This is a smaller version of the BERT model developed by
Microsoft. It has only 6 transformer layers and is trained on a subset of the data
used to train BERT Base.

*  Bert-base-Wikipedia-sections-mean-tokens: This is a pre-trained BERT model
released by the Hugging Face team. It is trained on a large corpus of text data
from Wikipedia and uses a mean pooling strategy to create a fixed-length
representation of the input text.

The problem of terms not present in the pre-trained model is overcome by the use of
Bert-like transformers and their tokenizers. This solution has had much better results
than the use of single word level tokenizers or models with Word2vec or GloVe.

Results for MiniLM-L6-v2 on titles are reported here, limiting to the first 500 rec-
ords. Table 1 reports the significant tested values of n_neighbors, min_cluster_size and
min_samples allowing for a number of clusters ranging from 11 to 45. Obviously as the
three parameters decrease, the number of clusters increases. The following values
n_neighbors=20, min_cluster size=5 and min_samples =5 with a number of clusters
equal to 17 were used in the graphs in Paragraph 4.3.

Table 1. Number of clusters obtained as the values of n_neighbors, min_cluster_size and
min_samples vary.

N neighbors min_cluster_size min_samples Number cluster
20 15 5 11
20 15 1 12
20 10 5 14
20 10 1 15
20 5 5 17
20 5 1 30
15 10 1 18
15 5 1 34
10 10 5 13
10 10 1 20
10 5 5 18
10 5 1 33

5 10 1 21
5 5 5 26
5 5 1 45

4.3  Semantic Graph Creation

The first step in creating semantic graphs is to generate similarity matrices. In this ex-
periment, similarity matrices were created between words or phrases using BERT-like
transformers. The similarity matrix requires only one vector for each element. In the
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case of word embeddings such as Word2Vec or GloVe, the vectors are usually aver-
aged, possibly weighted according to the frequency or importance of the word. When
using a BERT-like model, in addition to average [AVG] token, the [CLS] tokens are
used, representing the entire sentences. The input text is preprocessed by tokenizing
and encoding it into numerical vectors, which are then fed into the transformer model.

The model generates contextualized embeddings for each token in the input text. To
construct a similarity matrix, the [CLS] or [AVG] tokens are compared pairwise using
a distance metric like cosine similarity. The resulting scores represent the similarity
relationships between the [CLS] or [AVG] tokens of the input text and can be used to
create the matrix. The graphs shown in the figures were obtained using [CLS] tokens
to generate a single vector for each title.

The similarity metric was then used to construct the semantic graphs, taking, for each
item, the k most similar items with k ranging from 1 to 4. With k=1 sometimes discon-
nected graphs are formed, in which some nodes are connected to each other but not to
others. With k>=2 graphs are created that are fully connected, with k =4 practically
everything connects with everything, making the graphs difficult to read.

Figure 1 shows the semantic graph of the entire dataset, represented by 17 nodes. In
case of clustering, the name of each node is taken from the most similar element in the
corresponding cluster. Figure 2 represents the semantic graph for the Cegni carnival
with k=2.

Agricultural producers and new farmers in.Parco Agricolo Sud Milano
(Harvest and use of chesinuts in Valchiavenna
Weaving of Mosi (fine ramie) in the Hansan region

The art of the puppeteer Glacomo Onofrio |

L
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Death — Customs®ig Groden
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Holy processions in Popayén nt
pa Mask dance of the drums from Drametse -
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Kwagh—Hir theatrical performance

-
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Fig. 1. Semantic graph of the whole dataset represented by 17 nodes.

Carnival in Bagolino

Camnival in Bormio
@ The camival of Ponte Cafiars ()
Annual camival bell ringers’ pageant from the Kastav area - Mystery play of Elche

L

Carnival in Valtorta

of i it ity irding tradifional games in Flanders

Camival in Susglio

Busd festivities at Mohdcs: masked end—of-winter|camival custom. The Carnival of Etroubles

. ‘Carnival in Quarto Oggiaro
Dossena Camival
Cegni Camival

Carnival of Binche
Carnevale in Livemmo

Schemenlaufen, the carnival of imst, Austria g Carnival of Barranquilla
Frevo, performing arts of the Carnival of Recife

Carnival of Schignano

Camival of Orure

I
N

Fig. 2. Semantic graph of the Cegni Carnival, with k:

The evaluation of this approach can be assessed at different levels of granularity and
from different perspectives. At this prototype stage, we were mainly interested in two
aspects: 1) whether the clustering and similarity matrix was able to extract the signifi-
cant elements, and 2) whether users found browsing the archive via graph interesting
and useful. For both aspects, an initial qualitative assessment provided a positive re-
sponse. We gathered feedback from (intangible) heritage experts and web users. Their
feedback showed that the graph visualisation's simplicity and usability were highly val-
ued. However, we also found that low-level clusters contained elements that were not
closely related, or that some related elements were spread across multiple clusters, in
the case of too few or too many clusters. These problems need to be addressed to im-
prove the visualisation.

5 Conclusions and Future Works

In this paper, we presented a prototype for creating semantic graphs in an unsupervised
manner. The ultimate goal is to integrate a new way of searching and browsing data
into cultural heritage archives, using semantic graphs as a layered map with different
granularity. Users are presented with the content of the archive in a powerful visual
representation, enabling them to explore and navigate the data in engaging and intuitive
ways. The nodes in the graph represent words, concepts, or items, and the edges repre-
sent the relationships between them.
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The steps of the pipeline require, after an initial pre-processing step, to create a sim-
ilarity matrix using BERT transformer tokens, to navigate the data by moving from one
topic to another, having a complete, high-level view of the content of the archive. If the
data are big, and do not allow the creation of a single graph (because it is too dense),
one (or more) preliminary clustering steps are performed. The pipeline was tested using
data from QueryLab, a growing portal of cultural heritage, tangible and intangible.

Users, experts in the field, and Web users gave an initial, qualitative, positive assess-
ment of the prototype, judging this overall view of the archive and each node positively.
More quantitative evaluation of the whole pipeline is being studied.

Future developments will consider providing tools for traversing the graph, to go
from one point to another one, chosen by the users. Moreover, fish-eye views could
overcome the problem of overly dense graphs. Experimentations on other (multilin-
gual) datasets are planned to evaluate the effectiveness of the prototype.
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