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Abstract. It has become a challenge in recent years to raise interest in
museum visits, especially among younger visitors, as the range of alter-
native entertainment options has become overwhelming and increasingly
attractive, interactive, and playful. To re-engage a wide audience with
art and cultural heritage, we propose to use artificial intelligence to make
the presented artworks more interesting. By using natural language pro-
cessing to generate a narrative around a selection of individual exhibits
and presenting the story as a scavenger hunt, we connect the individ-
ual exhibits and make access more playful. The museum visitors are
guided through the story by two characters, who also pose challenges
to be solved in mini-games. The two characters were chosen as a living
being (a puppy) and an embodied agent (a humanoid robot) to indi-
cate whether an utterance is preformulated and fact-based (puppy) or
generated and partially made up. By testing the prototype, we could
confirm that the generated stories are plausible and exciting, that the
participants became more interested in the presented items through the
story and mini-games and that the participants could distinguish if the
utterance was fact-based or fictional.

Keywords: interactive installation - cultural heritage - game
narration - natural language processing - engagement - museum

1 Introduction

The last few years, in the cultural sector, have been shaped by applying recent
developments in artificial intelligence (Al) to specific applications. While mass
media coverage has made the use of Al to generate or modify art popular, Al
is used in the cultural sector and museums in many other ways—yet not well
known to the public. How AI can support museums has been a topic of interest
for some time [31] and many use cases have been identified:

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2023
Published by Springer Nature Switzerland AG 2023. All Rights Reserved

A. L. Brooks (Ed.): ArtsIT 2022, LNICST 479, pp. 201-214, 2023.
https://doi.org/10.1007/978-3-031-28993-4_15


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-28993-4_15&domain=pdf
https://doi.org/10.1007/978-3-031-28993-4_15

202 W. Hettmann et al.

For instance, it can be used to provide alternative ways to access information,
e.g. through chatbots that can answer questions [10,25], support accessibility,
e.g. by automatic speech translation for foreigners or speech synthesis for the
blind, to improve visitor experience, e.g. by predicting what’s most interesting
through analytics tools, or to understand collections by using machine vision to
help recognize and classify images.

One use case, that is gaining more popularity recently, is the use of Al to
automatically sort and select items to be presented online, at cultural institu-
tions, or in museums [5]. Curated content is usually clustered following a particu-
lar logic which—consciously or subconsciously—influences the way the recipient
perceived the individual items and the overall exhibition. This connection, how-
ever, is not traceable for many visitors and it stays unclear why and in what
order individual items are displayed. For randomly selected items, this connec-
tion is completely missing and items appear as randomly selected and placed,
leaving museum visitors with uncorrelated content that is hard to consume and
remember.

Curation plays an important role in any exhibition. In this process, a curator
manages collections of artifacts and artworks by using his or her expertise to
select the right artifacts and objects [26,27]. This selection process chooses only
artifacts that are appropriate for the theme of the exhibition. Therefore, many
objects are not accessible to visitors, and even the existence of many objects
remains unknown and hidden in the catacombs of museums. To overcome this
limitation we propose to draw, otherwise hidden, items from a museum database
and relate them by generating a narration with and around these items in a
playful way. The items and related information provided in the database are not
altered as we do not want to create new content but add context by natural
language processing.

Access to information, to be appealing to a wide audience of different ages and
backgrounds, must be easily accessible, user-friendly, of interest, and entertain-
ing. Due to the COVID-19 pandemic, people are more reluctant to touch surfaces,
things, or interfaces. Therefore, to present and access the given information and
to play mini-games, we used a large screen and touch-free interactions.

2 Recent Work

According to Lu, Al as used by museums, is divided into three key area [18]:

— AI for data analysis
To segment and cluster large amounts of data to better find, identify and link
data or to analyze the behavior of museum visitors.

— AT for restoration of artworks
Paintings, photographs, etc. may be damaged and need restoration. Al can
improve images, e.g. the tool Colourise to color old photographs [17].

— AI to generate art
AT can simulate artistic works in many forms: paintings, photographs, music,
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videos, and writing, such as GPT-3, to generate text content like that written
by humans, or DALL-E, to produce images from text labels [23].

In our opinion, Al can also help to make access to artwork and cultural informa-
tion easier and more engaging. Museum visitors can access information easier by
using speech recognition and overcoming language barriers through automatic
translation.

Audience engagement can take place inside and outside the museum and some
approaches can be used on-site but also before or after a visit [16]. For instance,
sentiment analysis can be used to analyze and interpret visitor comments to
understand what is important to engage them [30].

An outside and personalization use case is the prototype approach called
Storyteller [1] by The Met, Microsoft, and MIT. This prototype uses Al for
speech recognition to track discussions or narratives, which are then matched
with artwork from The Met collection and then shared. At the end, when the
narrative or discussion is finished, there is the possibility of sharing the generated
data and collection via social media, generating an Al museum tour based on
the selected artworks, or even creating a print-ready book.

Another use case for engagement and education inside and outside of a
museum is Ping! the museum app [28]. It uses the familiar Tinder mechanic,
allowing users to “date” objects based on their interests. This enables personal-
ized and playful exploration of exhibits. By using the conversation feature, users
are allowed to get to know exhibits and create their own collections. With the
dialog-based concept the knowledge of exhibits is conveyed in a playful way. The
user’s own collections can be viewed through an individual, personalized journey
through the museum or even after the museum visit. A level concept enables the
unlocking of new objects, which in turn can arouse a user’s curiosity.

3 Design Considerations

To provide a unique experience through a customized selection of objects, atten-
tion must be paid to the order and way these objects are presented and how they
are interconnected. Usually, database entries of cultural assets include a textual
description, photos, and other additional material, such as 3D scans in the case
of objects. They often contain cross-references to related objects that come from
the same site, artist, or art style. As discussed earlier, curating content is an
important yet difficult task, in setting up an exhibition. However, neither it is
possible to have a curator available for every single collection of objects selected
by visitors nor would the information provided in the database be sufficient to
solve this task automatically. Therefore, to establish an automated process, one
must rely on additional knowledge sources. Language models which have been
trained on large amounts of data relate different words—and thus meaning—to
one another. The idea we propose in this paper is thus to connect items from the
database to one another by correlating them according to a given large language
model. But we don’t stop here and also use the language model to provide a
narration around these items and to link them to mini-game templates.
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3.1 Design for Semi-public Spaces

Carr et al. describe in their book Public Space essential needs, that public spaces
comply with [7]. The first is passive engagement, where people stay around 2—
3 meters from the interface. They observe how others are interacting with the
interface or have short interactions by themselves. In the active engagement
zone (around an arm’s length until 2m away from the interface), people are
more attended to the interface and have longer and more focused interaction
sessions. Within this active engagement zone, social triangulation (social inter-
action between strangers) can be observed [19]. In addition, when designing a
public display within a museum, it is important to strike a balance between
attracting the attention of interested people and not annoying those who are
not interested. Potential users must be motivated to interact through challenges,
curiosity, freedom, and imagination, without being distracted by intrusive visual
stimuli [20]. This balancing act has ultimately led us to a subtle but stylized art
style, which is accompanied by interesting characters. The teaser in the form of
a game plan arouses the interest of the users and their curiosity increases to see
what is behind the fields.

3.2 Onboarding

To motivate visitors to interact with the installation potential players when com-
ing closer (recognized through a Kinect sensor) are proactively addressed by two
characters who lead the users through the whole application. The two charac-
ters were chosen to reflect the hidden processes that are either preformulated
and fact-based or generated and partially made up. Text, embedded in a speech
bubble, that is preformulated by a human and fact-based are uttered by a living
being (a puppy) while text generated by an Al-system and that is partially made
up is uttered by an embodied agent (a humanoid robot).

In the onboarding phase, see Fig. 1, the player learns the most important
thing that is used to get to the next step and some general information about
the installation. As it has been shown that embodied agents that react to the
presence and body gesture of their conversation partner have been shown to be
perceived as more sympathetic [33] we implemented this mechanism here as well.

3.3 Narration

After onboarding the user, the items must be selected, the narration generated,
and subsections of the generated narration related to the mini-games. In our
prototype, we limited our system to draw a total of five items since we have
realized four mini-games and the fifth item extends the possibility of getting
more random content. To provide items fitting to the mini-games, there must be
one painting, one photograph, and three 3D models.

After the selection step, a link between the keywords of the selected articles is
established. Since it has been shown that English models provide better results
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Fig. 1. User is onboarded and familiarised with the swipe gesture

than German models, the first step is to translate the keywords (e.g. offensive
weapon, lance, river find, weapon) using DeepL [2].

On this basis, a connection can be made with the generation process for the
story. For this, the natural language model Generative Pre-trained Transformer
3 (GPT-3) [22] must be configured. The configuration includes the selection of
the engine text-davinci-001, the temperature with the value 0.8, a maximum
tokens count of 1500, a top p-value of 1, a frequency penalty of 0.5, and the
first-shot mode with a given input content (see Listing 1.1).

Listing 1.1. First-shot mode input content as simple string concatenation pseudo code
for the NLP model engine tezt-davinci-001

”Topic: The Adventure \n Adventure Story with given keywords: ”

+ keywords

+ ”\n A long time ago ...\n”

+ ” Adventure Story with given keywords: ”

+ keywords

On closer inspection, the first-shot mode is one of the settings that must be
considered when creating a story, since the narration and the connection depend
on this setting. According to these specifications and settings, a narrative story
can be generated (e.g. “The shepherds grabbed their weapons and ran outside
to see what was happening. They were shocked to see that it was a group of
robbers!”), which is translated back into German with the use of DeepL [2].

In the final process step, the generated story is divided into sub-steps. Each
sub-step contains two sentences from the story. This partitioning helps to com-
pensate for the limitation imposed by the tokens in the generation process and
to generate enough sub-steps to provide the possibility to assign mini-games.
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In a second selection process, each mini-game is assigned to an appropriate
sub-step. For this, the fastText [4] word embedding model is used. This gets
the sentences of the sub-steps as input and then compares the result of the
embedding with the respective keywords of an item. During the comparison,
a score is generated for each item sub-step combination and the pair with the
highest score (best match) is assigned to each other. The process is iterated until
all items are assigned to a sub-step.

In addition, each mini-game of a sub-step contains the corresponding item
information. This newly generated content comprises the complete game based
on the sub-steps. In a way, this process can be considered a process that a curator
or game master would normally perform.

3.4 Gameplay

It is known that playful elements can motivate learning and improve cognitive
performance. After onboarding, the players followed the generated narration
step-by-step and in particular sentences had to solve the tasks given in mini-
games. The mini-game not only offers a fun factor but also offers the possibility
to improve one’s memory performance [21]. Not to be neglected are also the emo-
tions evoked, which can have a positive influence on the memory of the museum
objects. In Sect. 5 we describe the mini-game templates we have implemented to
demonstrate our system. Please note, that the overall system setup can be easily
extended by other game mechanisms and mini-games.

After each mini-game, more information about the exhibit is displayed and
the score achieved in the game is announced. At the end of the scavenger hunt,
a trophy is displayed (see Fig. 2), depending on the total score achieved. A com-
plete run depends on the visitor’s behavior and how fast the mini-games are
solved. A usual run takes between 10 and 20 min. The system can be used with
a group of visitors or by a single person, it just depends on who is closest to the
center of the installation (the so-called sweet spot, see Fig. 1).

4 Technical Setup

To provide access to the installation for several visitors at the same time, espe-
cially families, we decided to use a large projection area that can be controlled
touchless, to not only provide a native and intuitive interface but also to take
account of the COVID-19 pandemic (people are more afraid now of touching
surfaces). The final application was realized on a large 180° screen with a width
of 10.25m and a height of 2.38 m, which is powered by three overlapping projec-
tors compensating for the non-planar surface and overlap by projection mapping.
To accept natural user input, we used an Azure Kinect and our self-developed
software Kinetic Space, which allows us to train and recognize 3D gestures [32].
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Das war leider nichts.
Gl bim nchsten Mal mehr Gas!

GESCHAFFT!

Fig. 2. The scavenger hunt is finished, and the player receives an award in the form of
a trophy. As the player has not scored enough points during the mini-games, he does
not receive a trophy.

The application is powered by a React' application, which runs in a full-
screen browser window. The data for the game is processed in real-time from a
Flask? backend server.

To realize our application, we applied a set of pre-trained machine learning
and deep learning models. These pre-trained models were used to provide text
translation, generation, comparison, and instance segmentation. The dataset to
finetune the pre-trained models was provided by the Badisches Landesmuseum
Karlsruhe® (dataset not publicly available yet).

4.1 Natural Language Processing

The comparison of keywords and text requires the use of word embeddings.
Because of useability and good comparison results, we selected fastText as our
tool of choice [4].

By comparing the quality of different models, we found that we could get
better results (in terms of more meaningful texts) by automatically translating
German text into English, processing it (e.g. using an English GPT-3 model),

! https://reactjs.org/.
2 https://flask.palletsprojects.com/en/2.0.x/.
3 https://www.landesmuseum.de/.
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and then retranslating it back to German. To translate content from German to
English and back we used the DeepLs APT [2].

GPT-3 is a deep learning model that has learned the capability to generate
human-like textual content. The produced quality of content can be so high
that even humans cannot distinguish whether it is machine-generated or human-
written content [24]. As GPT-3 is very large we access it through the API [6].

4.2 Image Processing

For image processing and analysis, we used the instance segmentation model
Mask R-CNN with ResNet50 weights, which extends the approach of Faster
R-CNN with another branch for the object mask in addition to the bounding
box [13]. To achieve a higher mAP score, and thus reduce the miss matches, we
additionally create an inference with the object detector model YOLOvVS [15].
To further improve the accuracy of YOLOvV5, we transfer-trained the model with
photos generated by neural style transfer [11] and by freezing different layers [29].
While this process did not yield significant improvements in prediction quality
for paintings in our test set, we decided to use default YOLOv5 weights. For the
final prediction, the results predicted by both models are used.

5 Mini-Games

In this section, we describe the mini-games we have used to prove our concept.
All mini-games serve as templates where the empty spaces are filled by the
respective items from the database.

5.1 Mini-Game I: Search for Objects

One mini-game is a “classic search game” within a painting, in which the player
must find a list of items. To find objects automatically, we used a Mask-RCNN
model with ResNetb0 weights. Afterward, an inference with the image detec-
tor YOLOV5 is performed and a union set is formed with the results of the
Mask-RCNN model to obtain fewer miss matches. For inference, we send the
corresponding painting to the aforementioned Flask server, which performs the
steps described and sends a list of bounding boxes and segmentation masks back
to the client. The bounding boxes are then used as a hitbox for the player’s point-
ing gesture and, as soon as an object has been found, the segmentation mask
is placed over it in a slightly transparent way so that the player can recognize
the objects already found. When all objects have been found or the maximum
number of attempts (1.5 * N where N is the number of objects in the picture)
has been reached, the game ends and a score is determined depending on the
remaining attempts. To mark objects in the painting, the player must point with
an outstretched arm and index finger to the place where he assumes the object
to be and hold it there for 2s to confirm the entry (see Fig.3).
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Fig. 3. The player points to the place in the painting where he suspects an object
(white circle represents cursor).

5.2 Mini-Game II: Rotate Master and Shadow Match

Two other mini-games use an inertial measurement unit, or IMU, as input to
the game. The previously selected 3D objects are displayed as virtual objects
and controlled via a physical object. Visualization of the objects in both games
is done via separate Unity WebGL applications. The applications only act as
a view and are controlled by the outer web application. A Genuino 101 was
used to capture the rotations. Among other things, this board has an already
integrated inertial measurement unit and an integrated Bluetooth module.

Essentially, the board performs two actions: First, the sensor data from the
IMU is computed and then the computed angles are forwarded via Bluetooth.
This way the application always gets the current angles of the three rotation
axes Yaw, Pitch, and Roll.

Putting it all together: The board calculates the current angles and sends
them via Bluetooth to the web application. The web application forwards the
rotation angles to the Unity WebGL application, which can now update the
rotation angles of the virtual object.

The first game is based on the well-known game Simon Says. Unlike the
giving of arbitrary orders, here rotation directions are given, which then must
be transferred to the object in the player’s hand. A total of three levels must be
completed, with each level containing two rotations. Before each level, a preview
of the rotations to be imitated is shown.



210 W. Hettmann et al.

Richtige Rotationen: 0 von 2

Fig. 4. The Simon Says game while rotating the 3D object to the right.

For simplification, only rotations of the pitch and roll axis are considered,
only one axis is rotated at a time and the rotation must only reach a certain
threshold value to be recognized as correct. An example screenshot is shown in
Fig. 4.

In the other game Shadow Match, the player tries to rotate the object so
that it matches a given virtual shadow. In the view, also shown in Fig.5, you
see two shadows, but on the right, you see the 3D object, which you can rotate.
Now you must try to rotate the object so that the right shadow matches the
left shadow. Within the Unity application, two cameras have been placed in
the scene, each pointed at a shadow. To compare the shadows, the two camera
images are binarized and a Hamming distance is calculated. Due to the large
variety of objects, it is difficult to define a maximum distance that works well
for all objects. For simpler objects usually, fewer errors are possible than for more
complex objects. This means that different threshold values must be defined.

5.3 Mini-Game III: Autumn Floor Projection

Another mini-game developed is based on Arktos Super Special from the German
TV children’s series Tabaluga Tivi. The basic idea is to memorize the position of
objects randomly scattered on a surface before they are no longer visible. Using
one’s memories, these objects must be found again. To increase the difficulty
level, additional objects have been added that must not be touched. As the
description of the game suggests, this game is intended for children and young
teenagers.

The text information on the 180° screen informs the user that valuable
objects from the museum have been lost. To find them again the player must
follow in the footsteps of the dog and the robot. Once there, the lost objects
become visible to the user for 7s, but then they are suddenly covered by many
colorful leaves due to an autumnal wind - quickly they must be found again
within 90s before they get damaged. But watch out! There are many different
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Fig. 5. Screenshot of the game Shadow Match. Left is the target shadow and right is
the shadow of the object that is controlled by the player.

animals, such as hedgehogs and marmots, which hibernate in autumn and must
not be disturbed.

Therefore, when searching for lost museum objects, do not accidentally step
on the animals. When a lost object is discovered, it slowly moves towards the
screen, where additional information is displayed. If all the objects can be col-
lected within the time that elapses at the top left of the floor projection, the
game is completed successfully, and the player receives full points. However, if
the time runs out or a sleeping animal is woken up, then the player only receives
the score for the objects already found.

6 Conclusion

Preliminary beta tests have demonstrated that the generated narration consist-
ing of 10 to 15 sentences is well perceived and that, most of the time, a consistent
story was generated. The story was able to connect the individual items, selected
from the database, and individual items fitted well to the single sentence they
got assigned to. The use of mini-games with the content of the individual items
and gamification supported the story and subjectively made it more entertaining
for the beta test group.

The selected different interaction modalities primarily serve for variety to
the gameplay and also provide more activity than rigidly playing through con-
sole games. By wiping, pointing, and rotating objects, the visitor is inspired to
actively participate to progress in the game.

Choosing the scavenger hunt as the game platform from a layering pattern
perspective gave us the ability to design and add other mini-games, and benefited
from the ability to present the museum’s artifacts embedded in a generated
narration. The layering pattern was also a design decision in the construction
phase of the server/client applications to take advantage of the separation of the
generation and usage processes.
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7 Discussion and Outlook

Besides all the excitement about using AI within the museum context issues of
privacy, bias and general awareness should not be ignored. Using AI models to
generate a narrative and its subsequent translation raises some ethical concerns
about the misinterpretation of the translation or even derogatory words in the
content itself. One of the main problems with using today’s language models
trained with text from the internet and books (such as GPT-3) is the generation
of racist, sexist, or otherwise toxic language, as the training data contains such
examples and the Al therefore, tries to mimic this language [12]. This is also
the case with Al for translation, where the problem is that it is trained further
with each translation, and it is even harder to intervene [9].

The only data where we can be sure that the content does not contain deroga-
tory words are the descriptions of the museum objects, which have been carefully
checked. For the AI models, precautions are also taken to counteract this, e.g.
an Al model is trained with a dataset annotated by users who ensure that no
toxic content is created [8]. During translation, a so-called glossary function is
integrated, which can be used to influence the translation results and determine
how the content should be translated [3].

Another question that needs to be asked when dealing with artificially gener-
ated text is how to communicate that it is generated by a machine. Since GPT-3
can generate articles and stories that are difficult if not impossible to distinguish
from human content [24], it is important to make users aware of the origin of
such content. We address this issue by using the general notion of how humans
distinguish what is artificial and what is not by using the narrative of so-called
science-fictional AL This involves the general idea of the word artificial intelli-
gence, which usually triggers images of a robot or cyborgs [14]. On the contrary,
humans imagine by the words living or alive a being of flesh and blood, which
can be an animal or a human being. To put it simply, there are two images,
one representing human-created content and the other representing artificially
created content. We see this as a potential solution approach for future works, as
this concept uses the common human imagination by the distinction of artificial
and non-artificial.

The developed solution can work with any kind of data that is accompanied
by short textual descriptions, images, or 3D models and therefore can be eas-
ily adapted or customized by museums with different scopes and targeted user
groups.
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