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In just a few years, Al-generated im-
ages have evolved from a niche technological
experiment to a new force reshaping visual cul-
ture. What began as a peripheral curiosity has
quickly become one of the most significant and
widely discussed phenomena in the realm of
generative Al.

At the beginning of this research
project in 2021, the focus on Al-generated im-
ages and their impact on visual culture was not
yet predictable. Notably, none of the five art and
design schools involved initially identified image
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cultures as their primary research focus. However, image-based topics and Al
image generation have emerged among the most popular and discussed topics
in the field of ‘generative Al', becoming a multi-billion dollar industry in a remark-
ably short time.) This rise is largely due to the advent of text-to-image, also
known as multimodal Al systems, which enable the generation of images

through the use of natural language.

These systems have been identified as a “fundamentally new
method”? in media production, have rapidly become a standard method for im-
age synthesis and have also become a topic of considerable discussion in re-
search, art and design, as well as in the general public.

In essence, these systems are trained on extensive datasets and are
powered by the CLIP (contrastive language-image pre-training)3 foundation

model, coupled with a generator model.
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Chunk 2 Foundation models? can be defined as
large, standard models that can be fine-tuned and
utilized for a variety of applications. CLIP may be
described as an all-purpose classifier, capable of
classifying text and image pairs into categories.
With regard to generator models, those based on
diffusion appear to be the most effective and
widely used in Al applications, including DALLE,
Stable Diffusion and Midjourney.®

Chunk 3 Diffusion models employ an iterative
forward/reverse noise process to generate im-
ages, resulting in superior image quality com-
pared to earlier standards,® such as generative
adversarial networks (GAN).

The field of generative Al as art
emerged in 2015 as a byproduct of a scientific tool
designed to enhance the understanding of the in-
ternal workings (feature visualization) of convolu-
tional neural networks (CNN) - a type of neural
network developed for “visual pattern
recognition,”7 - commonly known as the Google
Deep Dream® algorithm.

Chunk 4 As the images generated by this tool ap-
peared to be “trippy, surreal, abstract, psy-
chedelic, painterly, [and] rich in detail"® Deep
Dream enjoyed considerable momentum as a cre-
ative tool until people became disinterested in its
singular aesthetic.'©

The just-mentioned generative adver-
sarial network'" revived artistic engagement with
generative Al
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Here, two neural networks (generator
model & discriminator model) are set in an ad-
versarial relation. During training, one model
generates samples based on the training data,
while the other evaluates those samples. The
objective is for the generated samples to be-
come sufficiently mimetic that they are indistin-
guishable from the actual dataset by the dis-
criminator model.'?

Critics argue that generative Al art is
being hailed as an exemplar of technological
novelty driven by platforms and Big Tech. They
claim that the results can be seen as “glorified
versions of Candy Crush;™* snowcasing mas-
sive amounts of samples of distinctive aesthet-
ics, described as “inceptionism”'® or
“GANism."16 as a spectacle. These aesthetics
are pre-determined by their technological in-
frastructure, thus “turning the mindless genera-

tion of images into an art form:V
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In the context of multimodal Al systems, which have been described
as marking a new era of generative Al art,18 the critique persists but has become

more complex, as has the technology itself.
While the controllability of image gen-
eration has been significantly enhanced
through the use of language and, in general, sys-
tems equipped with a greater number of fea-
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tures, it is still typically the platforms that provide specific features and

regulations.19

Even though the latent space in multi-
modal Al is considerably larger, a distinctive
standard aesthetic is still technically integrated
into these systems, which is particularly evident
in the case of Midjourney.2°

As Lasse Scherffig and Matthias
Grund argue in their essay “Infinite Boredom,”
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these standardizing tendencies extend beyond mere aesthetics. One of the key
arguments is that generative Al systems, while seemingly innovative, are in fact
merely replicating existing norms and templates in visual culture. They propose
that “generative Al reproduces what has been standardized,"2" emphasizing how
these systems extract and replicate patterns from their training data, which itself
is a product of normalized image culture. The practice of ‘prompting’, embedded
in platform culture, contributes to the homogenization of results, resulting in a
‘flattening’ of visual culture through generative Al.

Similarly, the images and language we use to envision a future with Al
also rely on established narratives and common metaphors drawn from both Al
and sustainability discourses. In her essay “Sustainable Al: Dreaming of
Neutrality,” Johanna T. Wallenborn explores how sustainable Al is represented
through the multimodal metaphor of “Planet Earth as a digital system” in online
discourses. These visual and linguistic representations, which repeatedly
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present sustainable Al as the definitive solution to global ecological crises,
shape public expectations while influencing the trajectories of policy and tech-
nological development.

Leon-Etienne Kuhr offers a comprehensive examination of the internal
mechanisms of latent diffusion models, with a particular focus on the image dif-
fusion artifacts embedded within multimodal Al systems and how they relate.
Chunk 8 A cross-section of student perspectives on image cultures is present-
ed by, for example, Moritz von Laufenberg, who investigates and argues the im-
portance of engaging with photo and image theories, exploring their growing rel-
evance in the context of (generative) Al.

Chunk 9 Jannik Bussmann critically employs a variety of Al-based systems to
engage with the way TV news shape our image of the world.
Chunk 10 His speculative “Memoryscapes” are built from location data extracted 1. 5. s1, chunk 10: pie

from global news feeds. In “Flesh Fest,” Ava Leandra Kleber explores how Al-gen- ;i?lé,fgg,%unk 4

erated images of women often contain subtle sexualized motifs, hidden by low 50750 S ol
resolution and blurry imagery. Upscaling reveals these motifs, exposing how Al e errermes
systems perpetuate hypersexualized and stereotypical representations of
women, highlighting the biases in the models.
The contributions in this chapter illustrate that generative Al is a ter-
rain for both creative experimentation and critical reflection. By examining the
complex relationships between Al, aesthetics, visual culture and the narratives
we construct around Al technologies, these essays reveal how Al both opens
novel possibilities and reinforces existing patterns. As generative Al continues to
evolve, conversations around visual culture require ongoing critical inquiry to
navigate its possibilities and cultural implications.
This article is separately published as 7 10.256358/openscience-11831.
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