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Figure 4: Portion of our interlinked graph describing the eight cultural heritage entities focused in Figure 3] (right).
Some of the links to AAT and TGN are omitted, and the corresponding taxonomies are simplified for readability.

The current version of the graph is released in the
form of a tab separated values (.tsv) file consisting

of three columns (i.e., subject, predicate and object).
Hence, our resource is ready to be processed with state-
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of-the-art tools such as, for instance, PyKEENE] “a
python package designed to train and evaluate knowl-
edge graph embedding models (incorporating multi-
modal information)” (Ali et al., 2021). The graph
can be visualized through interactive maps, as the one
in Figure [3] (left]™¥] showing the 38K ArCo entitie{”|
found in the historical center of Roma, the capital city
of Italy. In the same Figure (right) we focus on the
interactive map of eight cultural heritage entities in
Roma, and in Figure[d] we show the portion of our inter-
linked graplm describing the same eight entities and
the generated interlinks (i.e., to years and to the DBpe-
dia, AAT and TGN ontologies).

5. Related Work

Knowledge graphs (KGs) are machine readable repre-
sentations of knowledge, providing a formal definition
for entities and relationships (Hogan et al., 2021} Ji et
al., 2021). KGSs are more and more important, since
their availability enables the development of a variety
of applications in the fields (among others) of big data
(Zou, 2020) and smart systems (Nguyen et al., 2020).
Unfortunately, it is well known (Feigenbaum, 1984)
that the creation and maintenance of KGs is a highly
expensive and time consuming process involving ex-
perts and competences across different area of knowl-
edge. To partially cope with creation costs, Linked
Open Data offers principles, guidelines and tools for
the interlinking of KGs, thus promoting the reuse of
existing dictionaries (Saha and Mandal, 2021} Zeng et
al., 2021) rather than, for instance, learning new dictio-
naries from scratch (Khadir et al., 2021)).

The maintenance of KGs and specifically the activity
of populating them with new entities, is a process that
often relies on the processing of existing open datasets
(Meherhera et al., 2020) by means of use case/domain
specific transformation methodologies (Atemezing et
al., 2012; Hallo et al., 2014; De Meester et al., 2017)) or
information extraction techniques (Fernandez-Canellas
et al., 2020; [Martinez-Rodriguez et al., 2020).

In the domain of cultural heritage, as surveyed in (Nis-
hanbaev et al., 2019), a growing number of repositories
are created by national organizations. The availability
of linked cultural heritage data opens to a plethora of
applications ranging from historical landscape studies
(van Lanen et al., 2022) to authoring virtual exhibi-
tions (Monaco et al., 2022), among others. In this do-
main, existing efforts share a number of technical chal-

Bhttps://github.com/pykeen/pykeen

Link to the interactive map: |https://www.
stefanofaralli.it/maps/smartour/rome/
index.html#14/41.9059/12.4927

"Link to the list of 38K cultural heritage en-
tities: https://www.stefanofaralli.it/maps/
smartour/rome/html/arco/casestudy.html

"Link to an interactive view of the graph https:
//www.stefanofaralli.it/maps/smartour/
graph8/

lenges, for instance: datasets are designed with differ-
ent models, schemas, or formats; and the same entities
occur in different catalogs with different URIs. To cope
with the above challenges, researchers are investigating
methodologies and developing tools of linked data inte-
gration, as surveyed in (Mountantonakis and Tzitzikas,
2019). However, despite the large number of existing
works in this field, linking efforts in the cultural her-
itage have been limited to relatively small resources,
such as entities from libraries, archeological sites and
museums (Pontes et al., 2020; Kyriaki-Manessi et al.,
2018). To the best of our knowledge, AGDLI is the
largest interlinked resource made available to date, both
for the number and variety of interlinked entities and
for the number of concepts.

6. Conclusions and Future work

In this paper, we presented a resource aimed at pro-
viding interlinks between the ArCo cultural heritage
and the concepts and entities in GVP and DBpedia on-
tologies. To the best of our knowledge, this is one of
the largest efforts in the domain of cultural heritage
entity linking, resulting in a knowledge graph of one
of the richest cultural heritage in the world (the Ital-
ian one), linking 656k entities to over 55k concepts of
a highly structured taxonomy of art and architecture.
In addition, entities are enriched with space-time links
ordered according to inclusion and sequentiality crite-
ria. Finally, upon a first manual analysis of its quality,
we estimated an error rate less than 1% for temporal
and geographical links, and around 20% for conceptual
links, mostly caused by semantic ambiguity of concept
labels.

In our linking initiative, we have planned to perform
additional research activities to address the limitations
of our current work. Regarding the disambiguation of
candidate entities (see Section [3.1)), we started the ex-
perimentation with entity disambiguation algorithms.
To this end we are considering leveraging the results of
recent investigations such as (Tedeschi et al., 2021) (an-
alyzing the benefits in combining named entity recogni-
tion and entity linking) or (Yin et al., 2019) (leveraging
deep models to cope with semantic ambiguity). Ad-
ditional planned research activities are aimed at study-
ing effective graph completion techniques (see the re-
view (Chen et al., 2020))) for heterogeneous knowledge
graphs such as the one we presented in this paper.
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