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Abstract. This paper discusses how generative Al and large language
models (LLM) can be applied to enrich metadata of an art collection
represented as a knowledge graph (KG), and how the KG can be used
for searching, exploring, and studying the underlying art collection using
methods of Digital Humanities. As a case study, the art collection of the
Finnish National Gallery is considered. A KG based on the collection
data was created and enriched by subject matter keywords extracted au-
tomatically from the images of art using LLMs. On top of the KG in a
SPARQL endpoint, the semantic portal ARTSAMPO  Finnish Art His-
tory on the Semantic Web was enhanced with a new application perspec-
tive for testing different kind of keyword sets in searching. The results
were encouraging from an explorative search point of view: automatic
annotations enhanced substantially recall with only modest decrease in
precision due to hallucinations.
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1 Introduction

Gencrative artificial intelligence (generative Al, GenAl, GAI) is artificial intel-
ligence for generating text, images, videos, code, and other data [3]. For this
purpose, deep learning models are typically used with textual prompting® to get
better targeted results. GAI is based on big data that is often available only
in unstructured forms, such as texts and images. However, there are also large
datasets of structured “better” data available as databases and as machine “un-
derstandable”, i.e., semantic, knowledge graphs (KG) [16]. Argunably, it makes
sense to use semantic data as a basis for GAI of GAI for creating semantic
data; this idea of hybrid systems where benefits of both symbolic and subsym-
bolic Al can be obtained are being developed in the rapidly emerging field of
neuro-symbolic Al (NAT) [13,5].

* Prompt engineering guide: https://www.promptingguide.ai/



GAI systems for art genceration, such as DALL-E* and Midjourney®, are
used for generating images, but the technology can be used for other purposes,
too. This paper discusses, how GAI can be used for enriching semantic data in
KGs using NAIL As for an application domain, research on art history based on
structured art collection KGs is considered. Qur goal is to investigate, how GAI
models can be for generating textual descriptions of paintings and metadata, in
our casc keywords, to enhance searching, browsing, and analyzing collection data
in a semantic portal. As a practical case study, data of the art collection KG of
the National Gallery of Finland available in the ArtSampo system® [1] is used. In
our experiment, GAI is used to create keyword annotations for paintings in order
to enrich sparse or missing metadata of the paintings. Results of using different
GAI models and prompting strategics have be tried out for generating subject
matter keywords, and lessons learned are reported. The enhanced KG, based
on both human-made and machine-generated annotations, is used to enhance
the functionalities of the ArtSampo portal. The results are deemed promising
for obtaining better recall in information retrieval and semantic linking, at a
modest price of lower precision due to, e.g., GAI hallucinations.

The paper is organized as follows. First related works are discussed (Section
2). In Section 3, our method used in the experiments is described and results of
using it for creating keyword annotations with different prompting strategics are
discussed in Section 4. Using the extended keyword annotations as part of the
ARTSAMPO KG and a new version of the portal are then explained (Section 5).
In conclusion, the results are summarized, challenges discussed, and directions
for further research are outlined.

2 Related works

Knowledge Extraction Automatic/semi-automatic knowledge extraction (KE),
i.c., named entity recognition (NER), linking (NEL), keyword and keyphrase ex-
traction [29], relation extraction, and event detection and role labeling are widely
studies subjects in semantic web rescarch and beyond [24]. Many of approaches
and tools have been developed, but the focus here has been more on KE from
texts, but there are also works on KE from images [9] as in our casc study. A
challenge in automatic annotation is evaluating the results against gold stan-
dards that arc hard to create, because even human annotators typically disagree
on the right annotations.

GALI for describing artworks Object detection in artworks shares some
similarities with conventional image recognition tasks, where the goal is to ac-
curately identify and categorize clements within a visual scene. However, object
detection within the realm of visual arts presents additional challenges that dis-
tinguish it from standard image processing applications. Unlike conventional
image captioning, which focuses on the factual identification and description of
4 DALL-E: https://openai.com/index/dall-e-2/

5 Midjourney: https://www.midjourney.com/home
5 ArtSampo homepage: https://seco.cs.aalto.fi/projects/taidesampo/



content, a comprehensive explanation of an artwork also requires background
knowledge, such as information about the author, the context of the creation
process, and other relevant historical or cultural details.

Artworks, particularly those with symbolic or abstract content, necessitate an
approach that goes beyond mere visual recognition. For instance, while a tradi-
tional image captioning model might identify shapes and colors, effective object
detection in art must also consider the the metaphors, thematic clements, and
artistic techniques used by the artist. This aligns with Erwin Panofsky’s three
levels of analysis, which range from ’pre-iconographic’ (basic visual description)
to ’iconographic’ (interpreting symbols and themes) and "iconologic’ (contextual
and cultural interpretation) [26].

The comprehension of art has long been considered a uniquely human ca-
pability. Additionally, the abundance of well-annotated photographic datasets,
such as the MSCOCO [19], Flicker 30K [36] and Visual Genome [17], contrasts
with the relative scarcity of annotated art datasets, which has been a notable
challenge in the field. Despite this, Crowley and Zisserman [10] demonstrated al-
ready in 2014 that object annotations could be achicved by using readily available
natural images to train object category classifiers, which were then successfully
applied to detect objects across hundreds of thousands of paintings. In [21] the
problem was solved by generating painting dataset by applying style transfer to
a photographic image captioning datascet and maintaining their annotations.

While annotated art datascts are not as extensive as their photographic coun-
terpart, there has been significant progress in their creation. Notable examples
include Wikiart”, Omniart [30], SemArt [12], ArtCap® [22], IconArt and Icon-
class AT Test Set [27]. These datasets pair artwork images with detailed captions
and are better suited to the needs of computational art analysis.

Building on the Iconclass Al Test Set, Cetinic [8] developed a computer
vision model for generating iconographic image captions. By training a deep
neural network model on images annotated with concepts from the Iconclass
classification system, the study produced captions with stronger relevance to art
historical contexts compared to models trained solely on natural image datasets.

Bai et al. [2] present a framework designed to generate detailed, multi-topic
descriptions for artworks. Their system describes various aspects of an artwork,
such as content, form, and context, by retrieving additional information from
external sources like Wikipedia, resulting in more comprehensive and accurate
captions. Sheng and Moens [28] focus on gencerating captions for images of an-
cient Chinese and Egyptian art images by leveraging a neural encoder-decoder
framework that integrates artwork type into the captioning process. Their pro-
posed model uses a convolutional neural network classifier to predict the artwork
type, which is then merged into the decoder to generate more contextually rele-
vant captions. More recently, a prototype developed by Oslo Nasjonalmuseet in
2023 [25] demonstrates the use of semantic search powered by OpenAl's GPT-
4 Vision API to generate rich, descriptive text for art objects. Comprehensive

" Wikiart: https://wikiart.org
® ARtCap dataset: https://github.com/luttie2022/ArtCap-Dataset



surveys of the technical aspects, existing methods and key challenges in the field
can be found in (7] and [4].

Knowledge-augmented LLM-prompting Lewis at al. [18] introduced
the concept of Retrieval-Augmented Generation (RAG), which uses knowledge
from external knowledge sources in order to improve the output from gencrative
models. This method is widely used to enhance the capabilities of LLMs via
prompting techniques [11].

3 Methods for Creating Subject Matter Keywords

This scction describes the data and methods used in our case study.

Data The Finnish National Gallery’s database comprises approximately 80,000
art objects, spanning a diverse range of periods and artists. For the purposes of
this experiment, paintings created between 1880 and 1910 were sclected. This
time frame was specifically chosen due to the nature of the artwork from this
period. Modern and abstract works are often characterized by their ambiguity,
making them more challenging to annotate accurately—even for human experts.
To streamline the study, other forms of art from this period, such as sculptures
and prints, were excluded to avoid additional complexity. With these constraints,
the dataset totalled around 990 works.
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Fig. 1. Example of an art object in the KG

Models used The GAI model used for this experiment is LLaVA v.1.5-7Tb
(Large Language and Vision Assistant) [20], an open-source chatbot that com-
bines language and vision capabilities. The specific version, released in September



2023, is a T-billion-parameter model based on the transformer architecture and
operates as an auto-regressive language model. The training data for LLaVA
consists of multimodal instruction-following examples generated by GPT mod-
cls, ensuring that the model is able to respond to complex prompts containing
both text and images.

It is possible to further train or fine-tune the LLaVA model to adapt it
to specific tasks or datasets. However, for this experiment, we used the pre-
trained model direetly through a Hugging Face pipeline? in order to perform our
annotation task without the need for additional training or complex setup.

The output of the LLaVA model is in English, but the original data, in-
cluding descriptions and keywords, is in Finnish. All necessary translations were
performed using deep-learning translation models from the Opus-MT project
[32]. However, specialized keywords can be mistranslated by generic translation
tools. One possible approach would be to make use of an ontology, such as
YSO (General Finnish Ontology)'?, or a domain-aware term bank, such as the
Helsinki Term Bank for Arts and Sciences'!. The definitions they provide could
be used, for example, to augment the prompt when translating text via LLMs.
This solution has however not been tried in this project.

From image to keywords Our experiment for enriching keyword metadata
consists of the following steps.

1. Create a prompt for a GAI model for describing an image in text.

2. Create a prompt for a GAI model for describing an image in terms of key-
words.

3. Combine the keywords with the original keywords if such are available.

4. Align the keywords with related knowledge organization systems (keyword
ontologics) to be used in semantic scarch.

A textual Al-based description of the image (Step 1) is useful for debugging
purposes, and for text scarching alongside keywords. It may also give new insight
to the end users, and can be used in addition to human-made descriptions in
casc these are available. Of course the provenance (human vs. Al-generated) for
additional metadata should be made explicit to the end user.

An important questions is what kind of prompt to use for finding out a
maximally useful set of keyword using an image-to-text GAI model. Prompt can
include instructions and/or questions, and may include additional information
such as context, input, or examples. In zero-shot prompting, neither examples
nor demonstrations of the completed task are given, while in few-shot prompting
few examples are given for the model to improve its performance in the task by
capitalizing on in-context learning [6]. An alternative to make a GAI model to
learn is to fine-tune the model for the specific task at hand, which demands
time, computational power and expertise. However, as shown in [35], in-context

9 Hugging Face: https://huggingface.co/
10 http://finto.fi/yso/en/
1 http://tieteentermipankki.fi/



learning arguably uses the same mechanisms as fine-tuning, making it a powerful
and practical way to interact with GAI models.

Textual descriptions of images An alternative method for extracting
keywords directly from image is to first extract textual descriptions of art work
imAGES and then keywords from the generated texts. Here traditional keyword
extraction methods can be utilized. It would also be possible to use the texts
as a basis for traditional text scarch. Furthermore, in our case datascts, few art
words had human-curated textual description and getting such descriptions in
the metadata would be valuable. For these purposes, a small experiment was
included in our case study to be discussed in the next section.

4 Comparing GAI tools for keyword extraction

Building upon the framework presented in the previous section, the following
section presents a practical exploration of these concepts.
Prompts Three different prompts were used for keyword generation:

1) Generate {number} keywords about this image. Do not use the follow-
ing words: ’art’, ‘drawing’, ’painting’.

2) Generate {number} keywords about this image. Use following infor-
mation: the name is {label} and it was created in {year} by {artist}. Do
not include the year, the artist, or the words ’art,” ’drawing,’ ’painting’
in the keywords.

3) Generate {number} keywords about this image. Try to do it on an
abstract level. Interpret symbols, stories and metaphors in the image. Do
not use following keywords: ’art’, ’drawing’, ’painting’.

The variables within the curly brackets were filled with values from the
ArtSampo Knowledge Graph (see Fig. 1) enriching the prompts with contex-
tual information. The 'number’ variable refers to the count of original, human-
annotated keywords in the datasct, ensuring that the Al-generated keywords
would align quantitatively with the existing annotations.

The goal of using these these varied prompts was to evaluate whether in-
tegrating additional information from the knowledge graph would enhance the
accuracy and relevance of the generated keywords. Prompt 3 was designed to
steer the Al towards a more nuanced analysis, towards a level of interpretation
that aligns with the more advanced iconographic or iconological perspectives
within Panofsky’s [26] framework.

Overview of general performance In most of the cases, the LLM successfully
generated the desired number of keywords, aligning with the intended outcome.
However, there were some instances where the outcome did not align with the
prompt’s instructions, resulting in issues such as repetition and hallucination.



The comparison between the top 15 original and Al-generated keywords,
as presented in Fig. 2, highlights distinct patterns in how different prompting
approaches annotate artworks. Color-coding in the tables helps to interpret the
data: keywords related to nature are green, those related to people and portraits
are blue, interiors are lilac, and words that were to be avoided in the prompt are
marked in red.

Original dataset 1 2 3

keyword count keyword count keyword count keyword count
landscape 308 Woman 263 painting 210 woman 202
portrait 205 painting 207 WOman "7 trees 182
WOHTVEN 183 man 200 landscape 13 water 166
man 150 trees 195 trees 108 man 126
scene 128 water 157 water 98 inti 123
paople 127 hat 118 partrait 81 sky 11
share 100 dress 113 Edelfelt, Albert 71 nature 107
interier B4 sky 98 hat B5 landscape B89
forest T2 Orass 89 chair B4 hat 94
bust 65 chair 88 man 63 clouds 67
child 59 tree &7 Gallen-Kallela, Akseli 52 mountains 85
lake 53 clouds 79 dress 50 tree 84
sea 48 boat 75 grass 45 acean 71
full-length portrait (45 mountains 72 clouds 45 flower 70
boy 44 landscape 69 boat .45 chair &7

Fig. 2. Comparison of Top 15 Keywords: Original Human-Annotated Dataset vs. Al-
Generated Keywords

Common keywords like "woman,” "man,” and ”landscape” appear in both
the original and Al-generated lists, suggesting the AD's ability to identify key
clements recognized by human annotators. However, the original keywords are
generally more thematic or categorical (e.g., " portrait,” ”scene,” "people” ), while
the Al-generated keywords often focus on specific objects (e.g., "trees,” "hat,”
?chair”), which can be seen as subcategories of the former. This suggests that
while the AT may enhance the granularity of annotations, it may overlook broader
thematic or contextual aspects crucial for art curatorial work. This limitation is
particularly visible in the results of Prompt 3, which, despite being designed for
abstract interpretations, still generated keywords centered on direct observation,
with vocabulary similar to that of Prompts 1 and 2.

The results also highlight the challenges in adhering to the prompts. Altering
the prompt did not result in a notable change in the outcomes. This indicates
that the pre-trained LLaVA model, which is also relatively small in size, oper-
ates with certain boundaries and often prioritises certain lexical associations,
even when instructed otherwise. The persistence of the word ”painting” and the
inclusion of artist names like ”Edelfelt, Albert” and ”Gallen-Kallela, Akseli”
demonstrate this.

This suggests that a hybrid approach should be used where both human-
and Al-made keywords are used when possible. Obviously, this approach would
enhance the recall in information retrieval, but is likely to lower the precision.



However, in explorative scarch [23,34], where the goal is knowledge discovery,
learning, and enabling uncovering insights, it makes sense to trade precision for
recall in order not to miss possible scarch hits.

Zooming In: Case-by-Case Examination While the aggregate data provides
a high-level understanding of keyword gencration, it is equally important to
examine the results at a more granular level. To do this, a random sample of
20 artworks in the dataset was chosen and the keywords generated by different
prompts were analysed, case by case. The whole table can be found in 77 but
Fig. 3 illustrates some examples. Clearly incorrect keywords are marked in red.

After sunset (1882) by Victor Westerholm Portrait of Jalo Sihtola (1910) by ¥rjé Ollila

ariginal keywords: porrait
Original kaywards: landscape; sea; evening; v <
shore; windmill; rock; the Aland Islands; Dans Prompt 1: man reading
Prompt 1: landscape; sunsel; clouds;

P 2 portrait of Jala Sihtal
smounlains; river; buiklings; Lees rompt 2: pretrait of Jalo Sihtala

= reasing bens: simng on erech wering har hding book:

Prompt 2: after sunset Victor Westerhalm;
1842 landscage; water; clauds; mourtains:
sunset

Prompt 3: 2. i 1095; landscape: sunset: clouds;
mmounLain; water

Fig. 3. Al-generated keywords for two artworks using different prompts: After Sunset
(1882) by Victor Westerholm and Portrait of Jalo Sihtola (1910) by Yrjé Ollila

For cach artwork and corresponding prompt, the percentage of incorrect key-
words was calculated. For example, the keywords ”a”, 71”7, and ”1098” from the
artwork 7 After Sunset” are not considered relevant because they refer to the
inventory identifier of the work visible in the image rather than descriptive el-
ements of the artwork itself. Consequently, the error rate for this prompt was
:alculated as 3 out of 8 keywords, or 37.5%.

In the case of Portrait of Jalo Sihtola and Prompt 3, the gencrated keywords
included abstract concepts that extended far beyond the intended scope (such
as "unity”, "diversity”, "inclusivity” ), deviating significantly from the original
context. This resulted in a higher error rate of 70%.

On average, Prompt 3 produced the most incorrect results, with an error rate
of 18%; the average error rates for Prompts 1 and 2 were 6% and 5%, respectively
(see Table 1). However, note that in Prompt 2 keywords like the artist’s name or
the year of creation were not counted as errors, as they were factually correct,
even though they were not desired in the output.

Using textual descriptions Annif, a tool for automated subject indexing,
was used to extract keywords from text descriptions [31]. The same sample of 20
artworks mentioned above was used for this task. For ecach artwork, a descrip-
tion was obtained via LLaVA. The descriptions were translated to Finnish and
keywords were extracted using Annif. The results were underwhelming, since the



Prompt| 1 | 2 | 3
lowest [ 0% | 0% | 0%
highest [33%]20%|70%
average | 6% | 5% |18%

Table 1. Error rates for keyword generation across different prompts

tool often concentrates on irrelevant or non-essential circumstances in regards to
the pictures, such as the fact that these are artwoks. The most common keywords
obtained were kuvataide 'visual arts’, naiset 'women’, maalaustaide 'painting’,
taidemaalarit "painters’, maalaukset 'paintings’, kuvataiteilijat, 'visual artists’,
historia "history’, and wvaatteet ’clothes’. These keywords may make sense when
analyzing cach work separately, but in aggregate they are not sufficiently descrip-
tive. Furthermore, none of the additional words seem to address shortcomings
in the existing sets of keywords.

5 Enriching ArtSampo KG and Ul using LLMs

ARTSAMPO'? [1] is a LOD service and semantic portal for Finnish art collections,
a new member of the Sampo systems!® [14] for publishing and studying Cultural
Heritage (CH) data on the Web. It facilitates an casy way of scarching, browsing,
and analyzing fine art data for both Digital Humanities (DH) rescarchers and the
general public. Its idea is to first combine collection data from different museums
into one KG and enrich the data from related data sources, such as other Sampo
systems and Wikidata. The KG is then published in a SPARQL endpoint that
can be used for data analyses in DH rescarch and for developing portals and
other applications. The core data in the KG of ARTSAMPO originates from an
openly available data dump of collection data from the Finnish National Gallery
(cf. Section 3) that was was transformed into RDF form. A user interface (UI)
utilizing faceted scarch [33] and offering integrated data-analytic tools was built
on top of the data with the Sampo-UI framework [15] to make the KG aceessible
and explorable without SPARQL knowledge, too.

The KG was enriched with the new keywords generated with the GAI tools
discussed above. The original data was lacking English translations to ca. 2,500
keywords out of ca. 11,500 distinct keywords, so they were machine translated
to match the language of the keywords generated by the GAI tools. To sepa-
rate machine- and human-created keywords, they were represented using sep-
arate properties that also distinguish between keywords generated by different
prompts. To allow the user to casily experiment with and analyze the different
keyword sets, a new application perspectives was added to the previous ART-
SamPo UI [1]. In contrast to the original two perspectives, i.c., the Art Objects
perspective for all of the art objects in the KG and the Persons perspective for

2 Project homepage: https://seco.cs.aalto.fi/projects/taidesampo/
3 Sampo series of systems online: https://seco.cs.aalto.fi/applications/sampo/
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all the people (e.g., artists) related to the art objects in the KG, the new Art
Objects with Al-generated Keywords perspective focuses on the subset of ca. 990
art objects that were used as the data for the case study.

In the new perspective Ul all the different keywords are separated into
columns by origin (shown in Fig. 4) to allow for casy comparison. For the Al-
generated keywords, there is both a column that combines the keywords from
all the different prompts as well as prompt-specific columns to make it possible
to sce the potential differences between the keywords generated by the prompts
for particular art objects.

Art Ohjects with Al-generated keywords (D)

[eup— = [
[re—r—— b

. - Al-generated -~
PR—— keywords by prompt
~Human-generated  Al-generated / L

key i «keyword

[ ——rG R B —0) 4 g

Fig. 4. Different keywords for art objects are listed in columns in the table result view.

The user can also filter the result set by both human-gencrated and Al-
generated keywords using the respective facets available, as shown in Fig. 5. The
facets also enable the user to casily see what are the most and least used keywords
by looking at the hit counts after cach keyword in the facet. By default the facet
values are ordered in a descending order by hit count, so opening the facets
alrecady gives the user an idea of what the most common keywords are. There
arc also prompt-specific facets for all the three different prompts to allow for more
fine-tuned result filtering, if the user wishes to do so, as well as one for filtering
by keywords from all sources. The user can also casily visualize the common
trends in keywords, based on hit counts, a bar or pic chart format, as shown in
Fig. 6. One can select the visualized data to be the human-generated keywords,
the Al-generated keywords, keywords generated with a specific prompt, or all of
the keywords combined. In addition to the keyword-specific visualizations and
facets, the user can also utilize all other scarch and visualization functionalitics
present for art objects as presented in [1].

Having the total hit counts for all of the keyword sources with the human-
generated ones enables the user to experiment with how the Al-generated key-
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Art Objects with Al-generated keywords (T

-
Facets for filtering data by R —
e ysing human-generated or o
Al-generated keywords

Fig. 5. The facet menu has facets for filtering art objects by both human-generated
and Al-generated (all or by prompt) keywords.

words help with scarch recall. This demonstrates a new kind of model of using
a Sampo portal for studying the underlying possible annotations in a KG, from
which some combination can then be selected for the final end product. For
example, looking at the total number of hit counts for the keyword snow (sce
Fig. 7), we sce that a total of 60 art objects have been tagged with that particu-
lar keyword. However, if we look solely at the human-generated keywords, only
24 objects were originally tagged with the keyword. Out of the total 36 newly
tagged objects, only two were obviously erroncous tagged as well as a few am-
biguous cases, so in this case the recall of the scarch has improved significantly
with a fairly slight decrease in the precision.

In the case of the snow keyword, many of the newly tagged works were tagged
with related keywords such as winter or with rather specific terms such as first
snow or snowflake. However, as the original data lacks hicrarchical relationships,
it is challenging for the user to try to figure out all the relevant terms they might
need to include in their scarches to get the wanted result of all works representing
snow in some form.

6 Discussion and future work

The experiment with generating keywords for paintings using the LLaVa-model
highlights both the potential and limitations of generative Al in the context of
art annotation. While the Al-generated keywords were able to identify basic ele-
ments within the artworks, the results were not fully aligned with expectations,
as they often deviated from the prompt and produced simpler, less nuanced
descriptions compared to the human-annotated counterparts.

One significant issue encountered was the model’s tendency to hallucinate
or produce irrelevant keywords, which indicates a lack of specificity and un-
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Art Objects with Al-generated keywords (T
..Visualized data: keywords = K
_generated with prompt 2

Most common keywords

Fig. 6. The most common keywords generated for art objects can be visualized as, e.g.,
pie charts, by source.

derstanding when it comes to more complex or symbolic content in the paint-
ings. Additionally, the model sometimes failed to adhere strictly to the provided
prompts, using undesirable words.

It is important to note that the results of this experiment do not fully reflect
the potential of Al in the ficld of art annotation. The model used in this study
was neither specifically trained on art data nor particularly large, which limited
its effectiveness. Larger models have consistently shown more promising results:
their increased number of parameters make them better equipped to handle the
complexities of art, including the interpretation of symbolic content and the
integration of contextual knowledge.

Despite their simplicity, the Al-gencrated keywords have potential to en-
rich cexisting art databases. These keywords can introduce new perspectives
that human annotators may overlook, broadening the range of searchable terms
and adding a layer of systematic categorization that enhances database navi-
gation. With the human-gencrated keywords as the basis, the addition of new
Al-generated keywords should enhance the recall of searches even if some of
the new keywords are more ill-fitted or erroncous. Though the accuracy of the
results may have more variance, the incercased recall should enhance the user’s
experience when making more exploratory searches.

GAI could potentially help the data annotators during the annotation phase.
While GAI might not be able to suggest the more contextual keywords a hu-
man annotator can by relying on background knowledge of an artwork, it could
suggest a certain number of keywords based on the image content. This could
lessen the differences between the keywords added by different annotators. Some
annotators might have a tendency to annotate less, while other are more thor-
ough and having some suggestions could increase the keywords added by the
more succinet annotators. GAI in some ways is also more predictable with the
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Fig. 7. Search showing art objects with the keyword snow by either humans or GAI

keywords it generates than a human annotator. Relevant keyword suggestions
by GAI could in that case increase the consistency between the different exact
terms used, especially if the annotators have full freedom on what terms they
use as keywords instead of having to pick things from a controlled vocabulary.
Our experiment also demonstrates that a deep understanding of Al is not al-
ways necessary to benefit from these technologics—rather, a collaborative effort
between Al tools and human expertise can lead to more robust and insightful
art databases.
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