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Towards Computational Art Curation: Re-imagining the city of 
Helsinki in occasion of its Biennial

Dario Negueruela, Ludovica Schaerf, J0sé Ballesteros, Iacopo Neri, Valentine Bernasconi

Figure 1: Example of a 360° art panorama. A real location from Helsinki is transformed according to the artistic style of its
corresponding artwork.

ABSTRACT
Art curatorial practice is characterized by the presentation of an
art collection in a knowledgeable way. Machine processes are char-
acterized by their capacity to manage and analyze large amounts of
data. This paper envisages machine curation and audience interac-
tion to explore the implications of contemporary machine learning
models for the curatorial world. This project was developed for
the occasion of the 2023 Helsinki Art Biennial, entitled New Di-
rections May Emerge. We use the Helsinki Art Museum (HAM)
collection to re-imagine the city of Helsinki through the lens of
machine perception. We use visual-textual models to place indoor
artworks in public spaces, assigning fictional coordinates based
on similarity scores. We transform the space that each artwork
inhabits in the city by generating synthetic 360° art panoramas. We
guide the generation estimating depth values from 360° panoramas

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than ACM
must be honored. Abstracting with credit is permitted. To copy otherwise, or republish,
to post on servers or to redistribute to lists, requires prior specific permission and/or a
fee. Request permissions from permissions@acm.org.
Conference ACM MM ’23, October 29 – November 02, 2023, Ottawa, Canada
© 2023 Association for Computing Machinery.
ACM ISBN 978-x-xxxx-xxxx-x/YY/MM. . . $15.00
https://doi.org/XXXXXXX.XXXXXXX

at each artwork location, and machine-generated prompts of the
artworks. The result of this project will be virtually presented as
a web-based installation, where users can navigate an alternative
version of the city while exploring and interacting with its cultural
heritage at scale.
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1 INTRODUCTION
In this paper, we present the first steps of a curatorial work that 
will be exhibited on the occasion of the 2023 Helsinki Biennial of 
Art. The project uses Artificial Intelligence (AI) as a new means 
for curatorial practice, exploring the possibilities and difficulties 
that such new methods introduce. The proposed work in this paper1
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is part of a more significant project entitled New Directions May
Emerge1, which aims to curate a museum’s art collection through
the perception of the machine. The immediate product of this cura-
tion consists of an interactive website based on a modified Voronoi
algorithm2 that transforms the shape of Helsinki using the virtual
dots of the collection locations. The website will dynamically up-
date throughout the Biennial, with new locations (and therefore
artworks) appearing and modifying the shape of the city every 30
minutes. The physical space of this virtual environment is unde-
termined, hence this paper discusses some of the possibilities for
projection and the engagement they entail.

The work is based on the art collection from the Helsinki Art
Museum (HAM), consisting of public artworks, such as sculptures
and art installations, as well as an indoor collection. Using the city
of Helsinki as a context, the goal is to present a different experience
of the works of art through the navigation of a new projection of the
artworks in the city. First, we situate the public artworks of theHAM
collection in their original place in the city and assign the artworks
from the indoor museum collection to a fictional place in Helsinki,
adopting deep learning and machine learning tools. We then extract
the 360° Google Maps views of all the real and fictional locations,
which are later used as guiding depth maps to insert the artworks
in their fictional or real surrounding space. This is achieved using
Stable Diffusion [24] on the 360° views that they inhabit. The city
is thereafter populated by the new machinic world, where the user
can navigate a geography that blurs the world of extant reality and
that of machinic fiction. Following the narrative thread proposed
in [14], the project focuses on the following questions: How can
we curate a collection we have never seen? How does the machine
perceive art? Can the machine offer a fruitful re-contextualization
of the artistic data? Can the geography of the city offer fruitful
ground for this re-contextualization?

1.1 AI as a Curator
Traditionally, the work of a museum curator consists of the en-
richment of a collection and cultural heritage preservation. With
the creation of an exhibition, the curator performs a selection of
the collection according to a narrative thread that has to be passed
to the public [10]. The goal is to generate new insights into the
original works of art, and elevate their physical dimension through
the design of their display [4]. In recent years, with the increased
availability of digital collections and tools, the notion of digital
curation has become an important aspect [21], especially facing
the large amount of digital data generated and their online publica-
tion to reach a wider audience. Computational art curation aims at
classifying and indexing data for efficient retrieval [21], as well as
creating new experiences of the artworks through new technologies
[9] (e.g., virtual and augmented reality).

Unsurprisingly, the use of AI systems for artistic curation has
found fertile ground, spanning from projects by Google Arts &
Culture to on-site curations of museums and biennials. Google Arts
& Culture’s3 experiments are pioneering applications of compu-
tational methods to the online curation of artistic datasets. For
1See https://helsinkibiennaali.fi/en/story/helsinki-biennial-2023-brings-together-29-
artists-and-collectives/.
2See https://en.wikipedia.org/wiki/Voronoi_diagram
3See https://experiments.withgoogle.com/collection/arts-culture.

example, their ’t-SNE Map’ and ’Curator Table’ experiments are
visuallization tools to see how objects, styles and artists evolve over
time. Moreover, the project ‘X degrees of separation’ was a source
of inspiration for the AI-based curatorial project Dust and Data:
The Art of Curating in the Age of Artificial Intelligence [7].

In fact, Dust and Data (DAD) explores the possibilities of AI
curation as an assistant to both curators and audiences; it uses
semantic embeddings to recreate a curatorially specific version of
the Google Arts experiment, which proposes a chain of artworks
that connect one work to another, in this sense, filling the curatorial
gaps in art collections [6, 7].

Another remarkable example of machine curation is the previous
edition of a Biennial, the Liverpool Biennial 2021, titled The Next
Biennial Should be Curated by a Machine4. The curation allows
navigating the Liverpool collection through a set of alien images.
For each artwork, GAN-generated images were created from the
titles of existing artworks in the collections. Moreover, CLIP [22]
was used to extract keywords from the artworks that were used as
the link to navigate the collection.

AI curation aims to offer new insights into digital cultural ar-
tifacts. It is possible to propose personalized journeys of the col-
lections, as well as to foster creative takes on its presentation [9].
Finally, contemporary AI curation strives to disentangle the under-
covered behaviors of large models by switching from the practical
data and tasks they were trained on to curatorial and artistic pur-
poses.

A crucial element relevant to ethical considerations of AI cura-
tion is the possibility of offering a gaze on any art collection that
would be free from a specific cultural framing. Indeed, as pointed
out by Jones [12], there has been over the past four decades an
increasing criticism of the way cultural objects that do not belong
to our Western culture are treated. These objects are too often per-
ceived as primitive artifacts, which derive from a colonial projection
on non-western societies [1, 12]. The approach of the museum cura-
tor towards the objects and the narrative presented in an exhibition
impacts and influences the perception of the public, and solutions
have to be found to overcome this biased gaze based on the origin
of artworks, and to open to “alternative voices, histories, and rep-
resentations” [12]. Nevertheless, considering the material used in
the training of most deep learning models and its strong Western
anchoring, AI cannot be considered in itself as the solution but as
another possibility for experiments toward cultural diversity and
postcolonial views.

1.2 The HAM Dataset
The Helsinki Art Museum (HAM)’s collection consists of the core
material used for the project. Defining itself as “a city-wide art
museum” the HAM holds about 10’000 artworks, of which around
2’500 can be found in the outdoor and indoor public spaces of the
city. These artworks are very diverse, such as sculptures, paintings,
and drawings. The idea behind the project is to take advantage of
that urban perspective and experiment with the original locations
of the public works. To this end, we get access to the geographical
information and the corresponding photographs of the 488 outdoor
public artworks. The information consists of a set of longitude and

4See https://ai.biennial.com/.

2
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latitude coordinates. Additionally, 1’744 items from their indoor
collection are harvested from their online platform5. For each item,
a corresponding image representing the artwork is retrieved, as
well as the title, date of creation, name of the artist, keywords in
English, Finnish, and Swedish describing the piece, and the object
ID in the official collection.

We thus collect a total of 2’232 items divided into two distinctive
sets referred to as the public art, corresponding to the outdoor public
artworks, and the indoor art, referring to the indoor collection of
the HAM.

2 METHODS
In this project, we strive to present and recreate the HAM collec-
tion as a new entity inhabiting and embodying the city of Helsinki.
To this end, our curatorial pipeline begins with the geolocation of
all the artworks of the collection, including the indoor artworks
that do not have a physical location. We proceed in two steps: we
employ an image-to-text model to extract a compressed represen-
tation of both the public and indoor art, and we successively utilize
this representation to assign fictional coordinates to the indoor
collection based on their similarity to the public artworks. Given
the new coordinates, we proceed to induce the artworks to embody
their space at that coordinate: we extract the panoramic 360° view
of each artwork from its corresponding location and use diffusion-
based models [24] to turn the 360° panoramas into an immersive
space representing the artwork. The output image is generated
using depth images of extracted panoramas and machine-generated
prompts as input guidance for the model (Figure 6).

2.1 Image to CLIP representations

Figure 2: Example artwork with CLIP Interrogator extracted
text. Artwork: Lepistö, P. "Kolme vesilintua metsälammella".
Courtesy of the HAM collection.

As a first step, we extract the visual and textual features from
all images in the collection using the CLIP-based model CLIP-
Interrogator [22] (Figure 2). In fact, we take advantage of the zero-
shot performance of the CLIP model released by OpenAI, which

5See https://ham.finna.fi/?lng=en-gb for the full collection.

produces Stable Diffusion 1.5 compatible prompts. Using CLIP-
Interrogator, we store two outputs: the prompts t and the embed-
dings z∗. For each image x ∈ X, the interrogator maps 𝑥 to the
image embedding z𝐼 ∈ Z𝐼 using the ViT-L-14 model. It leverages
contrastive-based learned features to map image embeddings z𝐼 to
text embeddings z𝑇 ∈ Z𝑇 , where z𝐼 , z𝑇 ∈ R𝑚,𝑚 = 768. Each text
embedding z𝑇 is decoded into a text prompt t ∈ T . The prompts
will be used in Section 2.4 as the inputs for the Stable Diffusion gen-
eration. We wish to consider both linguistic and visual information
to assign the fictional coordinates in Section 2.2. Therefore, we rep-
resent each artwork (both indoor and public) as the concatenation
z∗ ∈ Z∗ of z𝐼 and z𝑇 , where z∗ ∈ R𝑚+𝑚 .

2.2 CLIP to Fictional Coordinates

Figure 3: Example indoor artwork (left) with predicted loca-
tion (right). Artwork: Matson, A. "Asetelma". Courtesy of the
HAM collection.

Successively, we determine fictional coordinates (Figure 3) for
the 1’744 images of the indoor collection using information from
the known geolocations (latitudes and longitudes) of the public
artworks yz∗

𝑝𝑢𝑏𝑙𝑖𝑐
∈ Y and the feature vectors z∗ obtained in the

previous step. We experiment with several predictive and similarity-
based algorithms. We split the public collection data z∗

𝑝𝑢𝑏𝑙𝑖𝑐
∈ Z∗,

yz∗
𝑝𝑢𝑏𝑙𝑖𝑐

∈ Y into 70% training and 30% validation, and predict on
z∗
𝑖𝑛𝑑𝑜𝑜𝑟

∈ Z∗ to obtain the fictional locations of the indoor artworks
ŷz∗

𝑖𝑛𝑑𝑜𝑜𝑟
∈ Y.

As a first effort, we train a selection of canonical machine learn-
ing regression models, Linear Regression [8], decision tree-based
methods such as Random Forest [11], XGBoost [2], and AdaBoost
[26], a Support Vector Machine Regression (SVR)6 [3], and a simple
5-layer Feed Forward Neural Network to predict y using z∗ and test
different preprocessing techniques for dimensionality reduction
and normalization. We explore UMAP [18] and PCA [20] methods
for dimensionality reduction, to 200, 50, and 2 dimensions each and
we normalize the data using Standard Normal or Min Max scalers.

Alternatively, we also experiment with an unsupervised GPS-
inspired similarity method to compute the coordinates of the indoor
artworks ŷz∗

𝑖𝑛𝑑𝑜𝑜𝑟
. We use the feature vectors z∗

𝑖𝑛𝑑𝑜𝑜𝑟
to find the

three most similar public artworks. Practically, we construct a Ball
Tree [5] using z∗

𝑝𝑢𝑏𝑙𝑖𝑐
and we query the tree with each z∗

𝑖 𝑖𝑛𝑑𝑜𝑜𝑟
.

We retrieve, for each indoor artwork, the three items of the public
6All the models used are available from sklearn, we use the default hyperparameters
and do not perform any hyperparameter tuning.

3
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349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

Conference ACM MM ’23, October 29 – November 02, 2023, Ottawa, Canada Anon.

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

artworks z∗
𝑗 𝑝𝑢𝑏𝑙𝑖𝑐

where 𝑗 = 1, 2, 3 with the smallest Euclidean
distance 𝑑 as:

z∗1𝑝𝑢𝑏𝑙𝑖𝑐 = argmin
𝑖∈𝑖𝑛𝑑𝑜𝑜𝑟,𝑘∈𝑝𝑢𝑏𝑙𝑖𝑐

𝑑 (z∗
𝑘
, z∗𝑖 )

z∗2𝑝𝑢𝑏𝑙𝑖𝑐 = argmin
𝑖∈𝑖𝑛𝑑𝑜𝑜𝑟,𝑘∈𝑝𝑢𝑏𝑙𝑖𝑐

𝑑 (z∗
𝑘
|z1, z∗𝑖 )

z∗3𝑝𝑢𝑏𝑙𝑖𝑐 = argmin
𝑖∈𝑖𝑛𝑑𝑜𝑜𝑟,𝑘∈𝑝𝑢𝑏𝑙𝑖𝑐

𝑑 (z∗
𝑘
| (z1, z2), z∗𝑖 )

Finally, we use the coordinates yz∗
𝑗 𝑝𝑢𝑏𝑙𝑖𝑐

of the three most similar
public artworks z∗

𝑗 𝑝𝑢𝑏𝑙𝑖𝑐
, 𝑗 = 1, 2, 3 to triangulate the fictional coor-

dinate of the indoor artwork as the centroid of the triangle simply
as:

ŷz∗
𝑖 𝑖𝑛𝑑𝑜𝑜𝑟

=
yz∗1𝑝𝑢𝑏𝑙𝑖𝑐 + yz∗2𝑝𝑢𝑏𝑙𝑖𝑐 + yz∗3𝑝𝑢𝑏𝑙𝑖𝑐

3

2.3 Fictional and Real Coordinates to
Panoramas

Once the fictional location of the indoor artworks ŷz∗indoor is calcu-
lated, we begin with the inspection of the local conditions of each
data point, the 360° panorama street view. We employ the Google
Street View API to gather the panorama street views v at each
latitude and longitude tuple (both yz∗public and ŷz∗indoor ).

Helsinki offers a very varied landscape, spanning from coastal
settings and gulfs to urban areas and parks. On the one hand, this
variation provides fertile ground for the following image generation
phase. On the other, the pipeline is challenged by several locations
where the 360° street view is unavailable. To overcome this lim-
itation, an iterative process queries the Google Street View API
with increasing radii to ensure proximity to the predicted position,
while permitting local adjustments. In the case of locations with no
available street view panorama within a radius of 250 meters, such
as in the middle of the sea, a 360° panorama view with an aspect
ratio of 19:6 is generated using Midjourney7.

2.4 Panoramas and CLIP prompts to Art
Panoramas

Finally, using the panorama views v of each location as depth maps,
and prompts t, we generate landscape artworks that semantically
depict the original art piece but use the real context as the can-
vas. To this end, ControlNet8 [28] plays a key role in guiding the
generation with an input depth map, computed via MiDaS from v
[23]. Through their combination - assisted with asymmetric tiling9
- we influence the Stable Diffusion10 generation towards pertaining
visual consistency between the real and the imagined landscapes.
Finally, the resolution of the artwork is increased by 2x using ESR-
GAN [27], leading to the resulting art panoramas a (Figure 6).

7See midjourney.com.
8We use the code from the official release on Github, v1.0.
9See https://github.com/tjm35/asymmetric-tiling-sd-webui/.
10We use the code from the huggingface release v1.5, using 30 inference steps and
Euler sampling.

3 RESULTS
In this section, we describe our quantitative and qualitative results.
Quantitative results are those related to the computation of fictional
coordinates and panoramas. Qualitative results relate to image
similarity retrieval and the generation of art panoramas.

3.1 Fictional coordinates
As we wish to understand the amount of variation captured by the
model, we use the 𝑅2 on the test set in order to evaluate the perfor-
mance of the models in Section 2.2. We find the best-performing
model to be the Random Forest model with no dimensionality re-
duction and Min Max scaler, which obtained an 𝑅2 of 0.091. This
is very close to a regression to the mean, which has an 𝑅2 of 0,
indicating that the models are not able to capture the complexity of
this task only relying on machine visual and textual descriptions
of artworks to extrapolate coordinates (Figure 4).

Figure 4: Top: Map of Helsinki showing the public art-
works yz∗

𝑝𝑢𝑏𝑙𝑖𝑐
in red, and the predicted locations ŷz∗

𝑖𝑛𝑑𝑜𝑜𝑟

in blue. Clustered blue points illustrate how the Random
Forest model does not capture variation in the data. Bot-
tom: Updated map with the GPS-inspired similarity method.
Green points indicate sea locations that did not have a 360°
panoramic image.

This result is not surprising, as the reasons behind the allocation
of public artworks throughout a city may involve a wide range of

4

www.midjourney.com
https://github.com/lllyasviel/ControlNet
https://github.com/tjm35/asymmetric-tiling-sd-webui/
https://huggingface.co/runwayml/stable-diffusion-v1-5
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cultural, societal, and urban factors that are not considered in the
study.

As an alternative method to overcome such low prediction vari-
ation, we test a GPS-inspired similarity method. As there are no
ground truth locations for the indoor artworks, we are not inter-
ested in correctly predicting locations, but rather, in a meaningful
way of representing the locations through the eyes of the machine.
In fact, we aim to recreate the space of the city, an alternative
Helsinki through the lens of machine perception. The unsupervised
method is justified exactly by this premise, that the space should
follow a semantic continuity rather than a strictly geographical
one. Furthermore, the triangulation is inspired by GPS localization,
reconnecting symbolically to the bases of geolocation.

This approach results in a roughly even and well-distributed
set of locations, which are easy to navigate and distinctive from
each other (Figure 4). Therefore, we select GPS-inspired similarity
as the most suitable method to generate fictional locations. We
obtain a dataset of 1’744 predicted locations of which we are able to
retrieve 1’681 equirectangular street view images within a range of
250 meters. The remaining 3.61% are assigned the set of generated
HDR (High Dynamic Range) images of forest (14%) and sea (86%)
landscapes.

3.2 Art Panoramas

Figure 5: Example of the top three most similar public art-
works (right) to an indoor painting sample (left). Artworks
(from left to right top to bottom): Sallinen, T. "Hihhulit"; Juva,
K. "Arkkienkeli Mikael"; Sörensen-Ringi, H. "Jäähyväiset";
Kaasinen, T. "Ihmisiä". Courtesy of the HAM collection.

Due to the nature of the project, we examine the rest of the
results qualitatively. First, after inspecting the three most similar
images from a randomly selected set of indoor artworks, we draw
some general impressions on the nature of such similarity. The re-
trieved images seem to have both conceptual and visual similarities
to the original image (Figure 5), where the concept of religion is
used in the retrieval of the first image, even in the absence of any
physical connection. In some cases, similarities are found across
modalities, with instances of connections between paintings and
statues. For example, formalistic properties are shared between
query and retrieved images (e.g., a drawing of a square triggers

cubic-shaped sculptures in retrieval). On the other hand, some pub-
lic artworks are retrieved repeatedly, sometimes without any clear
connection, indicating that the search space is not equally likely
for all images. The limited conceptual connections are unsurprising
as CLIP prompts function as textual descriptions of the visual, and
not as an art historical explanation of the artwork. Moreover, we
note that CLIP-Interrogator only adopts a limited vocabulary in
the extraction of the textual description, which is not suited for art
historical descriptions.

Figure 6: Images involved in the immersive panorama gener-
ation of Figure 2 (left). Panorama of predicted location (top
right), Depth map (middle right), art panorama using depth
map and CLIP prompt (bottom right). Artwork: Lepistö, P.
"Kolme vesilintua metsälammella". Courtesy of the HAM
collection.

With the generation of 360° art panoramas using depth maps
as a guide, we aim to maintain the spatial geometry of the image
close to that of the original street views. While in most cases that
geometry is kept and the perceived resulting space still captures
the 3-dimensional quality of the original urban setting (Figure 6),
the results show that the built physical features can become highly
transformed depending on the graphical and pictorial style of the
source artwork. For instance, very atmospheric pictorial styles,
where contours are very blurred and diffuse, tend to generate re-
sulting 360° art panoramas with less recognizable geometries of
specific physical features of the original urban elements, while
keeping the same perception of depth and overall composition.
We see that most of the panoramas broadly reflect high coher-
ence with respect to the semantics but significant shifts in color
palette and brushstroke. Concretely, we highlight how the textual
information used to generate art panoramas are often insufficient
for an appropriate match of color palette and style properties of
artworks. The perceived space changes with the artistic style of
the original artwork, rendering a new dreamed Helsinki as seen
through the collection by the proposed pipeline. The immersion of
the resulting 360° art panoramas is generally satisfactory as tested

5
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through a generic online 360° panorama viewer VR11. It is to be
noted that those panoramic views are experienced through a fixed
standpoint and do not each result in a synthetic 3D navigable space.
Nevertheless, using 360° panoramas allows us to capture a com-
plete spherical view of the image surroundings, hence leading users
towards a credible immersive experience.

4 DISCUSSION
Previous sections have presented the first steps of curatorial work
for the 2023 Helsinki Biennial. The process of creating a new spatial
projection of artworks from the HAM collection entails ethical and
scholarly issues. These are part of a larger narrative that continu-
ously unfolds and is focused on the ways creative AI applications
(en)force global cultures.

4.1 Towards a curatorial machine
The stack of models presented works as a curatorial agent, not
simply following another sophisticated search engine paradigm,
but as a mediating actor. In modern society, we are already wit-
nessing machine curatorial processes that guide cultural aesthetic
preferences [17] (e.g., recommender systems), but this example
showcases and highlights new emergent practices that point to
a shift in the modalities involved in cultural curation and artistic
production. Particularly, agency comes into question in this work, a
modular stacking of several algorithms from a variety of tasks and
applications. The complexity of such products makes it unsurpris-
ing that both scholars and the broader public are ready to project
authorship to these models as we have recently seen in debates
about ChatGPT and GPT3-4 [15, 25, 29]. In our case, the capacities
of a curatorial agent which relate to the possibility of connecting
images and texts to a common embedding space, are inherited from
CLIP. Furthermore, the capacity to establish translations between
the visual, textual, and spatial, situates the imagined collection in
a new geography that is neither unreal nor illusory as it is shared
and can be experienced, much like curation. Curation is no longer
reserved for humans, just as this curatorial practice transgresses the
domain-specific knowledge of the art world. As machine curation
develops and normalizes, understanding the inner functioning of
machine learning models becomes an increasingly crucial literacy,
relevant to a general set of skills in contemporary artistic curation.

4.2 Avenues for public engagement
As this curation is not a physical exhibition, it can inhabit endless
physical spaces, each creating a diverse public engagement. The
first possibility of physical interaction is inside the walls of the
HAM. This can take the form, among others, of a 2D projection
screen, a 3D immersive curved screen, or a Virtual Reality headset.
Due to the nature of the panoramas, we believe the best interaction
would be achieved through a cylindrical screen or a dome, which
would immerse the public in a 360 degrees setting of the surrounded
mutated city, and, unlike the VR headset, this projection is suited
for the fixed central standpoint of the produced panoramas. The ge-
ographical nature of the project opens a second avenue for physical
interaction outside the museum space: the street. Here, we believe
an interesting interaction can take place as a mobile AR experience.
11See renderstuff.com.

The public would engage with the machinic Helsinki at the location
of the real Helsinki, superimposing the two worlds simultaneously.

These avenues lead us to ask what the effects of this newly
imagined urban landscape on the “real” Helsinki are, and what
interactions it will unleash once deployed. The impact of digital
versions of a given environment, especially urban, is being discussed
within the digital twin and smart city scene [16], but the effects
of such an imagined digital version on the behaviors, attitudes,
urban development, and other aspects of the social and built urban
environment are yet to be assessed.

In addition, the potential effects of such an experience in foster-
ing enhanced levels of spatial agency are also to be considered and
assessed. Aesthetic experiences can be conducive to emotional re-
actions, which in turn alter not only the way we perceive the space
around us but also can modulate our perception of affordances and
therefore, our spatial capacities [19]. Our project seeks to revisit the
urban spaces of Helsinki through the imagined panoramas, inviting
the public to engage differently with their urban imaginary. An
AR implementation that locally reacts to the location of the visi-
tors, either through geolocation estimation via GPS triangulation
or through on-site QR code scanning can add a crucial component,
resulting in a more convincing situated experience and therefore, a
more impactful emotional and affective engagement.

4.3 Ethical considerations
In our globalized world, an art biennial is an event designed to
showcase and locate a city on the map of current creative and influ-
ential cities worldwide. It is, therefore, about status and attracting
attention, explicitly foregrounding the added value of the city’s
assets, innovative profile, and capacity to become a central player
[13]. In the case of this project, we were commissioned to work
with and feature the collections of the HAM collection, which is
primarily composed of artworks from local artists, potentially for
a global audience. We tackled such a conundrum with the clear
objective of avoiding manipulating the original artworks in order to
respect their artistic integrity and their rich and complex relation-
ship with the many layers of memory, identity, and local cultural
heritage.

The ethical stakes of such an operation need to be carefully de-
lineated. On the one hand, there is a need to respect, as outlined
above, the artwork regarding its cultural context, and, on the other
hand, we need to consider the approach from a global public, neces-
sarily agnostic of those specificities. This second approach requires
some freedom to appropriate, recombine, and re-imagine cultural
production in the process of international artistic influence and
cross-fertilization.

In this conundrum, the machine (meaning the actant resulting
from the stack of diverse models) becomes an aid. It allows a certain
lecture of these images. However, the fact that we are using a CLIP-
guided model, and getting the textual and visual embeddings from
CLIP means that we are, in practice, reading a collection (the one
of HAM) from another collection (the CLIP training dataset). What
that exactly means remains a complex and multifaceted question,
but in our case, it becomes a crucial aspect that problematizes the
desired cultural agnostic approach as made through the machine.

6

https://renderstuff.com/tools/360-panorama-web-viewer/


697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

Towards Computational Art Curation Conference ACM MM ’23, October 29 – November 02, 2023, Ottawa, Canada

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

It confirms that cultural framing is already embedded in our com-
putational models and begs the question of how to conceive an AI
curation that embraces diverse cultural frames and a non-colonial
approach.

5 CONCLUSION
In this paper, we presented a novel digital curation of a collection of
works of art carried out for the 2023 Helsinki Biennial. Because of
ourwill to propose a culturally agnostic view on artisticmaterial, we
decided to represent the collection through the lens of deep learning
models, proposing a machinic approach to art curation, and anchor-
ing it in the city of Helsinki. Using the Helsinki Art Museum (HAM)
collection, we considered the use of the CLIP-Interrogator to create
textual descriptions of the works of art and assign them fictional
coordinates around the city of Helsinki through a similarity-based
algorithm. A new synthetic 360° panoramic view of the predicted
location was then generated with the original depth map of the
location and the CLIP prompt, thus proposing a new visual style or
flavor of the city of Helsinki. In the future, this generated material
will be made accessible with the implementation of a web applica-
tion in collaboration with the designer Yehwan Song12. The goal
will be to propose to the user navigation of these fictional projec-
tions, with the possibility to move from one space to the next, thus
discovering the HAM collection through the gaze of the machine
and opening the question of the structure of the navigation in this
synthetic geography. As a complement to this free navigation, a
future line of research will be to use other machine learning mod-
els to automatically generate narratives and shape new threads of
exploration of that space.
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