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8. AI Imagery
Lukas R.A. Wilde

Abstract: This chapter opens with a technically grounded account of how AI image 
generation actually works. A media studies perspective is then chosen for introduc-
ing three interrelated areas of concern, namely issues connected to their produc-
tion, their representation, and their distribution. The chapter first traces the diffuse 
distribution of authorship across human artists, datasets, algorithms, and corpo-
rate actors, examining the unresolved questions of copyright and consent around 
training data. It then examines how racial, gender, and cultural biases are often 
baked into image models at multiple levels and discusses the concept of platform 
realism—the tendency of AI imagery to optimize not for authenticity, but for plau-
sibility and broad approval. The chapter then closes with the productive analytical 
pair of immediacy, image distribution that conceals its AI origin versus hypermedi-
acy, a deliberate foregrounding of the AI generation as spectacle. Taken together, 
the chapter advocates always assessing AI imagery in relation to the cultural, social, 
and political contexts in which it appears.
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Machine-learning technologies have been a part of digital image produc-
tion and editing for a long time before the release of DALL·E, Midjourney, or 
ChatGPT (Miller 2019, 55–132; Offert 2022). The early breakthroughs (2012–
2015) in image recognition and machine vision techniques that enabled auto-
mated image classification (Dobson 2023; Galloway 2021; Rettberg 2023) were 
important milestones. These then led to the creation of the first AI-generated 
images through generative adversarial networks (GANs) since around 2014–
2015. From 2020 onwards, so-called diffusion models were combined with 
transformer-based text encoders (such as CLIP, trained on image-text pairs), 
enabling “prompting” in natural languages (Coeckelbergh and Gunkel 2025).

In the summer of 2022, specifically, two covers of widely read magazines indi-
cated to an international audience that something about image production was 
to change drastically: the first of these covers was on Cosmopolitan magazine’s 
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“A.I. issue” of June. It presented “The World’s First Artificially Intelligent Cover 
Magazine,” an AI-generated “astronaut selfie,” attributed jointly to the digital 
artist Karen X. Cheng and the newly available app DALL·E 2 (Ervik 2023). The 
second was The Economist’s June 11 issue, which featured a cover illustration 
created entirely through the then-new app Midjourney, with the title “AI’s New 
Frontier.” After the release of these two commercial apps to a general audience 
of international users (Midjourney on July 12, 2022, and DALL·E 2 as pub-
lic beta on July 20, 2022), Stablie Diffusion software became available as an 
open-weights alternative (on August 22, 2022). It could be modified or even 
pre-trained in entirely different ways by users (De Rosa Palmini et al. 2024). 
From then on, generative imagery started to permeate the everyday lives of 
people around the globe “at a pace that was hardly imaginable just a few years 
ago” (Somaini 2023, 76). This led to ever more complex uncertainties about 
which images were created by AI, and which were “made by humans.” While 
new updates for DALL·E, Midjourney, or Stable Diffusion have continued to 
expand their capabilities and the perceived quality of their outputs ever since, 
many more generative imagery models, systems, and apps have been released 
or announced since then. New software programs like Ideogram, Leonardo.AI, 
Gemini, Blue Willow, Firefly, Grok, FLUX, Janus-Pro-7B, Nano Banana, and 
Seedream appeared—and keep appearing—only to perhaps be forgotten just 
as quickly. Every new app and update does, however, come with new promises 
(Moskatova 2025). AI-based image enhancement and modification have also 
been integrated into many existing apps and devices, such as the Adobe suite 
of image processing programs or Google phones.

It is not only static imagery that has seen huge advances through AI. With 
the announcement of Sora on February 15, 2024, OpenAI also presented 
the first demo videos of how emerging text-to-video models could expand 
static AI imagery into moving, animated “AI worlds,” while Google unveiled 
a video competitor named Veo 2 soon after. In February 2026, all of these 
video models seemed vastly outperformed by ByteDance’s Seedance 2.0. All 
of these systems have their specific possibilities and limitations, and their 
output often seems to change with each new version or update. The under-
lying models, too, keep changing. Until April 2025, AI image generation 
was mostly based on so-called diffusion models. OpenAI implemented an 
alternative technique with GPT-4o, an autoregressive text-to-image model, 
that allows for even more seamless integration between visual and textual 
information (OpenAI 2025; Robison 2025). Between the time of writing 
this text and its publication, the available technologies will certainly have 
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changed once again—and will continue to do so in the future. Some trends 
are important to keep in mind, however, despite how advanced the technol-
ogy might become. It seems likely, however, that some foundational princi-
ples of AI image generation will remain the same across apps, iterations, and 
models for a while.

How AI Images Are Generated
What, then, distinguishes AI imagery from earlier forms of (digital) imagery? 
Firstly, as with all machine learning technologies, all available models build 
on vast datasets containing billions of digital images gathered (or, in AI termi-
nology, “scraped”) from the internet. In some cases, the contents and sources 
are disclosed, and we can investigate them (the training data in LAION-5B, 
instrumental for both Stable Diffusion and possibly Midjourney, for instance, 
can be accessed through haveibeentrained.com; Buschek and Thorp 2024; 
Schuhmann et al. 2022;). In contrast, contents and sources often remain care-
fully guarded secrets in many other cases, such as OpenAI’s datasets. This may 
be quite dangerous, since “every layer of a given training set’s architecture” 
could be seen as “infused with politics,” as Kate Crawford and Trevor Paglen 
(2019) demonstrated with regard to ImageNet (more about that below). In any 
case, these datasets all contain multimodal information—i.e., not only digi-
talized image data, but pairings with textual information describing or clas-
sifying the images (e.g. in the form of captions). These texts can come from 
vastly different sources, sometimes the product of underpaid “ghost workers” 
from the Global South (Gray and Suri 2019; Treccani 2018), while in other 
cases they may be gathered in an unsupervised fashion from commercial web-
sites like Pinterest or Shopify with the help of vast quantities of scraped online 
sources. Through a frontend app interface, users can then request a specific 
new image to be generated by submitting their prompts.

These natural language inputs are first broken down into tokens, which 
are then mapped onto embeddings in a high-dimensional vector space. This 
is fundamentally the same process employed by all text chatbots to make 
“sense” of digital writing (Bajohr 2023). In diffusion models, billions of weights 
(learnable parameters) are then used to calculate probable steps from complete 
Gaussian noise to a latent (abstract) representation, which is subsequently 
decoded into a canvas of likely pixels that, ideally, correspond to the initial 
verbal prompt (Ramesh et al. 2022). This is possible because the model, in its 
earlier training phase, has added noise to the billions of images in its datasets 
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and thus gradually “destroyed” the information in them—and “recorded” this 
process. Thus, it has “learned” the pathways from images to noise by mea-
suring and predicting their iterative decay. The reverse process thus tries to 
“retrace” this path according to probable next steps of noise reduction/addi-
tion (Salvaggio 2023). In autoregressive models, the model instead tries to pre-
dict (image) token by (image) token, like in a verbal sentence, the next visual 
unit from a “vocabulary” of abstract image elements, which are subsequently 
decoded into pixels.1 The advantage is that images and texts come from the 
same multimodal architecture and are more seamlessly integrated. The more 
specialized diffusion process is far from dead, however. Midjourney and Stable 
Diffusion continue to use it (with a currently higher visual quality, on average), 
and only time will tell whether autoregression will replace it in the long run.

Regardless of the models and the underlying datasets, any resulting indi-
vidual image will always be a statistical approximation: the same prompt will 
usually generate an infinite number of similar results. Since all outputs are not 
deterministic but merely stochastic, the exact pathways from input prompt to 
output image are opaque to users (in the sense of an “explainable AI”; Zylinska 
2020, 75–85). What all of this means is that the navigation through the latent 
space of all possible images through verbal prompts is first and foremost an 
estimation of outputs that are likely to correspond to the original prompt 
in the same way as the text/image pairings in the original datasets. Even AI 
imagery that looks like photography (or any other representation of a three-di-
mensional space) is thus actually a “flat” pixel surface to the model: even the 
AI-generated videos of currently popular consumer-facing apps have no sim-
ulated mathematical space “behind” them—as in a video game engine that 
would render graphics onto a 3D simulation.2 LLMs have been considered 
“stochastic parrots” (Bender et al. 2021, 610; Bender and Hanna 2025, 21–40), 
in the sense that they do not understand texts but merely produce statistically 
probable outputs (“number crunching”; M. Mitchell 2020, 250). Whether this 
still remains the best description of what artificial neural networks are (and 

1	 Although the exact working mechanisms of OpenAI’s GPT-4o are not fully disclosed, it seems 
to work with a specific mixture of linear and global prediction (see Yan et al. 2025): so-called 
“hierarchical” Visual Autoregressive Modeling (VAR) employs “next-scale prediction” that 
works at multiple resolutions simultaneously (starting from a first approximation of the overall 
image, while adding finer details line by line, see Tian et al. 2024).

2	 At least in currently dominant approaches. Techniques like NeRF (Neural Radiance Fields) 
or 3D Gaussian Splatting do build internal 3D representations (Kerbl et al. 2023). As with all 
things AI, technological developments are happening quickly and will continue to do so.
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are doing), for many image models we could consider this a fitting analogy 
for represented spaces or spatial objects which “exist” only for human per-
ception. To most generative models, imagery is fundamentally a flat canvas 
with no depth (Meyer 2024a)—even if “mistaken” physics appear to be easily 
overcome by better models, just as with the “six finger problem” of the first 
generation of AI imagery in 2022. The images generated by apps building on 
such models can nevertheless often be indistinguishable from photographs 
or video recordings and thus pass any “visual Turing test” in 2026 (they are 
then often referred to as deepfakes; see below). Additionally, AI apps can also 
imitate any other artistic or material styles, like watercolor paintings, crayon 
drawings, Pixar animated films, and so on (Thon 2025). The meaning of the 
term style has thus transformed from an art-historical classification to any 
“repeatable visual pattern extracted from the digitally mobilized images of the 
past” (Meyer 2023, 100). In other words: just as images that appear 3D are 
merely “flat” pixel canvases to the model, the cultural, historical, or political 
contexts of images disappear between decoding and encoding as well. They 
are flattened or homogenized into marketable visual patterns (see also Heuser 
2025, 3 on the “flattening effect of AI training data [that] lacks a specific set of 
historical and social contradictions”).

Knowledge about the social and technological production lines “behind” AI 
imagery is essential for gaining a better understanding of what distinguishes 
them from earlier forms of (digital and other) images. However, we cannot 
necessarily see these differences in the results any longer. We often have to 
know, believe, or infer their origins through context. Different academic dis-
ciplines then ask different questions. AI imagery has profoundly impacted 
media culture in general (Somaini 2023), so art history, visual culture stud-
ies, photography, film, and media studies are all called upon to contend with 
these ramifications. A media studies perspective, which is used for this chap-
ter, often considers the cultural and social impacts of AI imagery: what does 
the availability of these image technologies do within and to society and media 
culture? Several new and emerging concerns with regard to inequalities, eth-
ics, and politics connected to generative imagery have become especially 
salient in recent years. While they are too numerous to address in full (Bird 
et al. 2023)—and they will likely increase with each new technological devel-
opment—the following three sections present an overview of three different 
domains of concerns surrounding AI imagery: their production (authorship, 
creative labor, blackboxed datasets), their content (biases, stereotypes, and 
“slop”), and their distribution (fakes, spectacle, and contamination).
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Production Concerns: Authorship, Creative Labor, 
Blackboxed Datasets
One of the most troubling concerns surrounding the production of generative 
imagery is the impact it has on our planet: the amount of natural resources and 
carbon emissions required not only for the training of image models but also 
for the production of individual AI images. One study from the Hugging Face 
tech company and Carnegie Mellon University indicated that the creation of 
a single AI image could consume as much as 25–100% of a smartphone’s full 
battery charge (Luccioni et al. 2023). While there are significant differences 
between apps, the creation of imagery generally far exceeds the energy con-
sumption of other AI tasks such as text generation or image classification.

Generative imagery has also profoundly complicated the question of who 
created an image and who is responsible for it. As with other AI-generated con-
tent, authorship is diffusely distributed over countless humans, institutions, 
and automated processes, and can be conceptualized in very different ways 
(Bajohr 2024; Barale 2024, 41–57; Coeckelbergh and Gunkel 2025, 74–88). 
We can and should, however, distinguish legal questions from ethical ones. To 
date, AI-generated imagery does not enjoy copyright protection in any country 
and can thus be used rather freely, precisely because of this unclear distribu-
tion of authorship. Regardless, artists and legal scholars alike have argued that 
the “training” of the models themselves could be seen as copyright infringe-
ment or theft, not merely “data mining,” which sounds much more innocent 
(Dornis and Stober 2024). Criticism of AI imagery first emerged when it 
began to replace work done by humans who are no longer paid for it. Hashtags 
such as “#noaiart” and “#artbyhumans” have been trending on Instagram and 
Twitter/X since 2022, and “No to AI-generated Images” quickly became a 
widely used slogan for social media protest (Eliaçik 2022). Despite considerable 
backlash from worried artistic communities (Scribner 2023), media produc-
tions have become increasingly accepting of cheaply produced AI imagery— 
from small journal illustrations to the Marvel/Disney TV show Secret Invasion 
(released in June–July 2023) or Darren Aronofsky’s AI-generated show “On 
This Day… 1776” (first trailer released in January 2026). A different sort of 
criticism seems to apply where hired (and paid) human artists use AI image 
generation apps without making their actions explicit. In March 2024, for 
example, speculation on social media intensified with regard to whether or 
not a certain comic book artist had used AI imagery for DC’s Batman series 
(Fletcher 2024). Additional cover illustrations by other hired artists were 
removed a month later when they were also apparently (partly) AI-generated 
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without making this explicit (Cronin 2024). While there is no immediate 
financial damage to other artists here—saving time and work is arguably what 
digital tools appear to be intended for in the first place—public outrage in the 
media is based on the assumption that an artist gains credit, recognition, and 
money for work that silently builds on the works of earlier artists in the data-
sets. None of these have been given any of “the three Cs:” credit, consent, and 
compensation (Agence France-Presse 2023).

The most obvious ethical concern about AI imagery is thus founded on this 
fact: Companies are selling access to their AI for financial gain while monetiz-
ing the unpaid creative labor of earlier human artists in the datasets (Treccani 
2018). In many cases, once again, they do not even know what (and whose) 
materials have been used for training. This relationship is especially worrying 
when the styles of individual artists are appropriated by name. The personal 
name of the fantasy illustrator Greg Rutkowski (known for his artworks in 
fantasy games such as Dungeons & Dragons or Magic: The Gathering), was 
one of the most widely used Midjourney prompts in 2023 (Heikkilä 2022b). 
The style of film director Wes Anderson founded a whole TikTok/Facebook 
genre of AI memes reimagining other franchises (like Harry Potter, Lord 
of the Rings, or Star Wars) in “Anderson aesthetics” (Diaz 2023). And the 
“Ghiblification” of imagery, turning existing personal photographs and pop-
ular existing memes into “anime-esque” drawings inspired by director Hayao 
Miyazaki from Studio Ghibli (see figure 8.1), became the most popular use 
case of OpenAI’s GPT-4o model in the spring of 2025 (Di Placido 2025). 
Artists’ inability to sue for copyright infringement—or, at the very least, to 
be informed and asked about, or able to “opt out” of training datasets—seems 
even more problematic when AI apps often not only imitate styles, but pro-
duce results that look almost like 1:1 copies of the originals. In many cases, 
they replicate content almost directly from the training sets (Carlini et al. 
2023; Somepalli et al. 2022). AI “generation” is then little more than a “filter,” 
or blatant theft (Marcus and Southen 2024).

While all of this might seem more of a concern for “famous artists” (and their 
creative work and labor) than for “regular citizens,” the fact that more and more 
companies and AI systems are using private data as AI training material (Leffer 
2023; Plunkett 2022) should not be overlooked. OpenAI even seems to scrape 
personal YouTube videos without users’ consent, just as long as these are “pub-
licly available” (Koebler 2024). This term sounds as if the company has been 
granted permission to use the data, when it is “more like the legal equivalent of 
‘finders, keepers’” (Fried 2024). At the very least, it is a violation of digital privacy 
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when videos published privately on YouTube are used as AI training material. 
Even Adobe’s Firefly, marketed as more “ethical” than its competitors precisely 
because it was said to train only on licensed material, was then revealed to use 
other AI-generated images from their competitor Midjourney in their training 
sets. Midjourney, in turn, scraped data from all over the internet (Metz and Ford 
2024). The “chain” of interconnectedness—and the deliberate blurring of legal 
and ethical responsibility—may thus be confusingly difficult to trace, but it is 
always to the detriment of human laborers and to the benefit of tech companies.

Finally, an additional concern about the “blackboxed” datasets that AI mod-
els draw on (Crawford and Paglen 2019; Søraa and Ask 2026) stems from the 
fact that these archives may contain material that is questionable or offensive 
for reasons other than copyright or privacy. Stanford Researchers found, for 
example, that the LAION-5B dataset contained countless images depicting 
rape, pornography, and racist stereotypes (Birhane et al. 2021; Goldman 2023), 
and over a thousand images of pedophilia. It was republished as a cleaned 
“RE-LAION-5B” afterwards. Apparently, no one deemed it necessary to clean 
the data before the respective apps became widely used, in part because the sets 
are often too large for humans to check manually. If one were to look at each 
image in the LAION-5B dataset for only one second, it would take approx-
imately 781 years of regular working weeks to open each picture only once 
(Buschek and Thorp 2024). When researcher Eryk Salvaggio investigated the 
same dataset to find out which images might have been used for a seemingly 

AI-generated image

Figure 8.1: The “Ghiblification” of popular existing memes in spring of 2025.

Wilde | Humanities Perspectives on AI



8. AI Imagery 181

harmless prompt such as “archive,” he found that it draws equally on the TV 
show Riverdale, photographs of Holocaust survivors, and of Nazi Wehrmacht 
soldiers (Salvaggio 2023). While we might not necessarily see this unfortunate 
“mix” in the results, it is at least disconcerting to know that AI image creation 
might build on—and partly reproduce—materials that we would otherwise 
carefully safeguard and contextualize. AI imagery, once again, “flattens” not 
only represented spaces into (probable) pixel surfaces, but also cultural con-
texts into visual patterns from which profit can be made.

Representation Concerns: Biases, Stereotypes, 
and “Slop”
If we look at AI-generated images themselves, there are numerous con-
cerns about how they generally represent the verbal prompts given by users. 
Irrespective of the specific apps and models, generative imagery is likely to 
reproduce or amplify biases, stereotypes, and clichés surrounding race, gender, 
dis/ability, and other social categories. Comparative analyses across AI apps 
show that different versions of DALL·E and Stable Diffusion tended to couple 
social roles (professions like “a CEO” or “an artist”) and basic trait adjectives 
(“compassionate” versus “ambitious”) with social attributes like “man/male,” 
“woman/female,” or “Latino” versus “White” (Heikkilä 2023). An “attractive 
person” will thus be likely to be represented by a young, white face, while “a 
thug” was, more often than not, represented as a person of color if not specif-
ically prompted otherwise. The prompt “Native American” often has a high 
probability of generating stereotypical pictures of people with outrageous 
headdresses. Although companies have improved on these issues somewhat 
since 2022, a “productive person” still looks rather homogenous to Midjourney 
V7 in the spring of 2026 (see figure 8.2). This is, on the one hand, because the 
datasets they draw on are not free of these biases to begin with (the “mirror of 
society argument,” Coeckelbergh and Gunkel 2025, 27). It is also worth consid-
ering the fact that most models today are trained predominantly on US-centric 
data, which means that they will mostly reflect American or Western represen-
tations of language, culture and the world. For models trained on LAION-5B, 
for example, English sources are more common than all the other hundred or 
so languages combined.

What is even more worrying is that generative imagery tends to amplify 
these biases and clichés, even beyond rates found in the training data or the real 
world (Bianchi et al. 2022; Garg et al. 2017; Miltner 2024). Controversies that 
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attracted significant attention included AI-generated (Lensa) avatars based on 
user photographs, which tended to sexualize almost all pictures of women, while 
male users were represented as scientists, explorers, and inventors (Heikkilä  
2022a). In all these cases, it is sometimes impossible to reconstruct exactly where 
these biases come from. If we ask Midjourney V7 for “An authentic picture 
of a typical day in Trondheim, everyday life,” for example, the model presents 
almost photorealist renderings of Bakklandet and the Nidelva river alongside 
cringy illustrations of stereotypical “Norwegianness” (see figure 8.3). Where do 
these “vibes” come from? It is extremely hard to say where this “knowledge” is  
stored, as it emerges from a complex interaction between many elements com-
bined within one system, such as a) the training datasets (like LAION-5B) with 
their existing image/text pairings; b) a pre-trained vision-language encoder 
(such as CLIP, a text-image matching model) that assigns a series of numerical 
vectors to linguistic prompts in order to “understand” them within a high-di-
mensional latent space; and c) the image generation itself through different 

AI-generated image

Figure 8.2: Prompt: “A productive person,” created with Midjourney V7.
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image models (which can be exchanged through “marketplaces” like CivitAI 
for Stable Diffusion; De Rosa Palmini et al. 2024), trained and “defaulted” dif-
ferently even with recourse to the same dataset. The architecture and “pipeline” 
for video models like Seedance 2.0 is even vastly more complex (Theoretical 
Media 2026).3 The biggest concern here is that biases in all of these components 
might remain invisible to users as they are reproduced, irrespective of whether 
prompts explicitly mention identity or try to avoid such language.

AI-generated image

Figure 8.3: Prompt: “An authentic picture of a typical day in Trondheim, everyday life,” created 
with Midjourney V7.

While social stereotypes certainly existed long before generative imagery—and 
thus before their algorithmic reproduction and perpetuation—it is important 
to consider how AI imagery also seems to create new distortions that might not 

3	 No peer-reviewed source was available at the time when this article went into print.
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reflect any preexisting stereotypes. The specifics and examples, once again, will 
change with each new app and model, but the foundational principle remains 
the same. There will always be patterns in how certain prompts are connected 
to specific types of images, and the results are not always foreseeable. Fabian 
Offert (2023), for example, noted in the fall of 2022 for DALL·E that the term 
“fascism” was, by default, always connected to a specific media aesthetic (that 
of early Kodachrome slide photography), simply because most historical imag-
ery (to which the text description “fascism” is mostly attributed) was produced 
with that specific image technology. Hence, even when users wanted contem-
porary or futuristic representations of “fascism,” the results seemed to be con-
fined to a distant past (and thus socially “overcome”), because the images always 
looked old. The conflation of one specific image technology with fascism is not 
a bias that existed (linguistically or socially) before; it is purely the result of 
our image datasets and their tagging. Similar dynamics can be found not only 
on the level of style but also on the level of content, so that the prompt “toys 
in Iraq” predominantly produced (in a specific Stable Diffusion version) sol-
diers and military equipment as action figures and stuffed animals—probably 
because a great number of photographs tagged “Iraq” nowadays portray war 
scenes and soldiers (Growcoot 2023b).

AI-generated image

Figure 8.4: Google’s unintentionally “over-diversified” Gemini model of 2024.

Such technical inclinations towards (preexisting or new, “re-mediational”) 
biases and stereotypes are hard to overcome, especially with regard to diversity. 
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Companies endeavored to develop various mitigation strategies that, in fact, 
created new problems. OpenAI, for instance, decided to “silently” (and ran-
domly) include “diversity tags” like “woman” or “black” into users’ prompts 
before images were created, which “did not fix the model but the user” by “liter-
ally putting words in the user’s mouth” (Offert and Phan 2022, 2). Occasionally, 
this created especially strange results when, in an image of “Laocoön and his 
sons,” only the father of the three figures appears randomly as a Black per-
son. Google’s similar (also system-level, rather than model-level) intervention 
to make its AI system Gemini more diverse produced major backlash in this 
regard. The company quickly found itself in the middle of a “culture war” in 
early 2024 after the app automatically diversified all images of people so that 
requests for a “pope,” the “American Founding Fathers,” and “Viking warriors” 
or “Nazi soldiers” all predominantly showed people of color, women, or various 
minority groups (see figure 8.4). More than any conscious attempt to make AI 
imagery “woke,” this illustrates the limitations of the technology, including the 
difficulties of overcoming them (Kleinman 2024). However, this also shows the 
intricate issues of representation since there exists no “one size fits all” way to 
present images—the generative aspect requires cultural awareness of when and 
how to present people from diverse backgrounds (see also Søraa and Ask 2026).

Aside from all issues of content, the style of AI-generated imagery could 
also be investigated critically. This is obviously dependent on the respective 
style prompts again (apart from, once again, app and model). Nevertheless, 
there is, and probably will continue to be, a general tendency toward images 
and styles that look popular and pleasing according to average human 
observers. Stable Diffusion, for example, draws only on an algorithmically 
created subset of LAION-5B called “LAION-Aesthetics” that contains images 
rated as visually appealing. In this case we can actually trace the datasets 
and where they come from: “a handful of [very active] users” whose “aes-
thetic preferences dominate the dataset” (Buschek and Thorp 2024; see also 
Somaini 2023, 103–104). Roland Meyer (2025b) referred to the resulting 
defaults as (social media) “platform-ready” aesthetics optimized for mobile 
screens. Such “platform realism” does not try to reflect reality but strives to 
replicate the appearances of popular image streams online. Platform real-
ism, he summarized, is not an aesthetic of authenticity, but of plausibility. 
“Tellingly, plausibility and applause have the exact same origin: plausibil-
ity is what deserves an audience’s applause and approval. In this sense, AI 
images are optimized for plausibility; they aim for the broadest possible 
approval” (Meyer 2025b, 17). In other words, the most popular default style 
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will always lean towards some sort of “kitsch” (Zylinska 2020, 80). Aesthetic 
judgement of AI imagery as “slop” or “trash” (Thon and Wilde 2025) can also 
be politically motivated. In his widely discussed article of spring 2025, art 
historian Gareth Watkins argued for structural reasons why AI imagery was 
“inherently fascist,” since it always draws on the past, hurts creative workers, 
and harms the environment. Whether one agrees or not, it seems undeni-
able that, at least to date, AI imagery is particularly popular with right-wing 
and right-extremist parties and politicians around the globe, ranging from 
Trump to Britain First and the German AfD party (Watkins 2025). Whether 
this will change again and AI imagery can fulfill its promise of a “democrati-
zation” of artistic expression remains to be seen.

Distribution Concerns: Deepfakes, 
Spectacle, Contamination
After AI images have been created, they can be used in various ways or inte-
grated into other media forms such as films, TV shows, comic books, or video 
games (Wilde 2025). They have to find their “place” within their surround-
ing media ecologies, and countless decisions will have to be made about what 
defines “acceptable” use. Can AI images that look like photographs be accepted 
in digital photography contests, for instance? Should “AI artists” be granted 
space in comic book convention art galleries where fans sell their homemade 
art? Can and should scholars use AI imagery to illustrate lectures or academic 
publication covers? Many of these cultural and social protocols (convention-
alized practices of typical production, distribution, and reception; Gitelman 
2006, 5; Philipsen 2025, Hoel and Wilde 2026) are not in place as yet, and the 
use of “acceptable” AI imagery remains to be negotiated. It is certainly true 
to say that social media streams are the most common “site” where we cur-
rently encounter AI imagery, where people proudly present their creations and 
discuss prompts and models. We usually know that an image is AI-generated 
not because we can (necessarily) see it, but because the context reveals it (e.g. 
Facebook groups like “AI Art Universe”) or because it is verbally disclosed 
in the captions and comments. This points to the fact that questions about 
(responsible, controversial, or established) use of AI imagery will always 
depend on contextual information and linguistic means just as much as on the 
images themselves. Irrespective of all these important differences, however, it 
is possible to identify three general ways to distribute AI imagery—and once 
again, each of these gives rise to different concerns.
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First, the fact that an image was AI-generated can be concealed. This is usu-
ally discussed in the context of deepfakes, where something looks like an actual 
photograph or a video while it is actually AI-produced (Broinowski 2022; 
Juefei-Xu et al. 2022; Yadlin-Segal and Oppenheim 2021). Widely discussed 
political examples of AI deepfakes include apparent photos from the Israel-
Hamas war in Gaza showing dead babies and ravaged streets (Associated Press 
2023); deepfake videos appearing to record Ukraine’s president, Volodymyr 
Zelenskyy, talking about surrendering to Russia, as well as one of the Russian 
President, Vladimir Putin, declaring peace (Wakefield 2022). AI fakes or frauds 
have thus become a major concern since 2022, even though, in principle, there  
is nothing new about the fact that images (and digital images in particular) 
can, of course, be manipulated (Carlson 2009; W.J.T. Mitchell 1992; Sharma 
and Sharma 2017). Photoshop and realistic looking CGI special effects in cin-
ema have been around for decades, after all (Ferwerda 2003; Giralt 2017). A 
new domain of image manipulation—in terms of both quantity and quality—
comprises one of the most prominent use cases of AI model training today; the 
creation of nonconsensual deepfake pornography of real people (Maiberg 2025).

AI-generated image

Figure 8.5: Perhaps the most iconic picture of 2023, the world’s first “unintentional deepfake”.
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It has been true for a long time that “photorealism is not photography but rather 
mimics a style” (Hausken 2024, 3; see also Meyer 2025a). However, the accessi-
bility of AI images—which require no specialized skills, knowledge, or expen-
sive equipment—has not only increased their number. Maybe for the first time, 
we are also seeing “unintentional fakes” like the notorious “Balenciaga Pope” 
of March 2023 (Meyer 2024b, and figure 8.5). This Midjourney fabrication of 
Pope Francis in a stylish white puffer jacket turned out to be one of the most 
iconic pictures of the year, precisely because it was not generated to deceive 
anyone. Prompted and published by a construction worker from Chicago who 
apparently just wanted to “see the pope in a funny jacket,” the result was liked 
and shared by hundreds of thousands of (often quite media literate) global 
users who did mistake the picture for a real one—maybe precisely because 
it did not seem to have any political content or message (Golby 2023). Such 
cases have fueled the need for a new form of media literacy in order to “spot” 
AI generation, for instance, by identifying typical mistakes or errors such as 
the wrong number of fingers. The web has since been brimming with “How to 
Spot an AI Image” tutorials as well as respective “gamifications” that challenge 
users to test their AI literacy by guessing which images are “real” and which are 
not. Increasingly, however, we can only know that from context, as in the case 
of an apparent explosion at the US Pentagon in May 2023 which even caused a 
brief shock within the stock markets. The images, shared only through private 
social media accounts, were once again AI-generated (Haddad 2023).

What all of these cases have in common is the fact that they do not disclose 
their AI-generated nature. In media studies, they could thus be discussed as 
examples of an apparent immediacy. They have the appearance of “a transpar-
ent interface […], one that erases itself, so that the user would no longer be 
aware of confronting a medium” (Bolter and Grusin 1999, 318). While imme-
diacy is mostly connected to photorealistic styles (looking like photochemical 
traces of light on sensors), it likewise applies to seemingly hand-drawn pictures 
or any other material styles hiding the fact that they were generated through 
algorithmic “remediations” of earlier images (this, perhaps, also explains the 
controversies mentioned above surrounding AI-generated comic book “fraud 
images”). The opposite of immediacy can be called hypermediacy, a deliberate 
foregrounding of their mediality, their AI generation. Hypermediacy “strives 
to make the viewer acknowledge the medium as a medium and indeed delight 
in that acknowledgment” (Bolter and Grusin 1999, 335; see also Wilde 2023). 
Here, the communicative intent is to celebrate the fact that the images were 
AI-generated because they deliberately create spectacular depictions that are 
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intentionally at odds with reality. One of OpenAI’s first promotional DALL·E 2 
images featured an astronaut riding a horse in outer space to highlight the arti-
ficiality of the motif—the impossibility that it could be an actual photograph 
(Heaven 2022). Since the spectacle of hypermediacy builds upon the marvel 
of how these images were created, special prominence is attached to the verbal 
prompts and the specific models used (which are both, of course, hidden in 
the case of deepfakes or apparent immediacy), either because the prompts and 
models are discussed and compared by a community like “recipes”, or because 
they are carefully kept a secret. Others can then speculate about the displayed 
skill in prompt engineering. Another arena of AI hypermediacy can be found 
in tech demos of new and emerging models, like OpenAI’s announcement 
of their upcoming text-to-image model Sora in February 2024. These demos 
showcase new AI abilities with the purpose, once again, not of deceiving, but 
of astonishing; to make transparent the fact that the results are the products of 
new machine learning technologies (Moskatova 2025).

Immediacy and hypermediacy may be closely interlinked (Meyer 2024b) in 
such a way that the Balenciaga Pope was immediately incorporated into waves 
of memes that showed Pope Francis in highly unlikely scenarios; in nightclubs, 
or as a beach surfer. Memes—series of similar images following an established 
pattern or template (Shifman 2013)—are currently the most typical genre of 
hypermediated AI images. They also reveal how immediacy and hypermediacy 
follow the same logic within contemporary media cultures, because apparent 
AI deepfakes now increasingly instigate wild forensics, collective speculations 
about whether or not a shared picture was manipulated, the search for revealing 
details and traces of manipulation (Meyer 2024b). What connects these wild 
forensics (surrounding potential AI deepfakes) to AI memes, then, is that both 
are responses to earlier pictures, embedded in a culture of mash-ups, remixes, 
and variations of pictorial prototypes. Such speculations are not necessarily 
aimed at conclusions, but at further reposts and comments within a “reaction 
economy” (Davies 2023). Whether they try to hide or highlight their mediality, 
one way or the other, their AI generation remains crucially important.

However, one should not overlook the fact that there is a third use case for 
AI-generated imagery that is, in fact, indifferent to how it has been created. 
This is when an image, irrespective of the style it uses, serves as a mere illus-
tration of the accompanying text surrounding it. Hausken (2024, 7) calls this 
a different “genre” of images, following the tradition of “illustrative photogra-
phy” rather than “news photography,” “reportage photography,” or “portrait 
photography” (see also Kędra 2016 for further discussions). Such illustrative 
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photography that often accompanies news articles could always employ stock 
material (or, even earlier, drawn illustrations) without making any claims that 
the visible scene took place—a mere symbol image. Here, AI imagery simply 
serves to exemplify typical objects, people, or scenes. For that reason, it does 
not necessarily make any difference whether the image was drawn, taken from 
stock photography, or AI-generated. For photographic images in journalistic 
contexts, it is established and important to clearly mark such material as “sym-
bol images” or “illustrations,” in order to make apparent that such images sim-
ply serve to exemplify, not to record. Once again, the communicative meaning 
of AI imagery does not derive from individual pictures alone, but from the 
overall communicative context that we can learn from verbal captions or writ-
ten explanations, for instance.

AI-generated image

Figure 8.6: Political propaganda by Elon Musk to influence the 2024 US elections.

In this respect, maybe not so much has changed concerning image com-
munication. When right-wing extremists use racist imagery of “foreigners” 
accompanying hateful posts, what is shown are merely (racist) “types” and the 
desired attitudes towards them (fear, hatred, etc.). In such contexts, AI imagery 
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is little different from earlier racist drawings employed in exactly the same 
way (Lemmes 2025). Similarly, immediately before the 2024 US elections, Elon 
Musk published an AI-generated image of Kamala Harris wearing a commu-
nist uniform (see figure 8.6) with the caption, “Kamala vows to be a communist  
dictator on day one. Can you believe she wears that outfit!?” (Musk 2024). Not 
claiming that the picture was “real,” even mocking the very idea that anyone 
could think that it was, it communicated a specific attitude or a set of affects 
(perhaps disdain and fear) against Trump’s competitor. Not even looking espe-
cially (photo)realistic, a mocking caricature drawing serves the same purpose. 
AI material is just more easily available than other imagery for political/propa-
ganda memes. The possibility of using AI imagery to show only types, not par-
ticular individuals, also offers new opportunities for responsible and ethical 
uses. In the spring of 2023, for example, Amnesty International employed AI 
imagery for a report about police violence against demonstrators in Colombia. 
Using AI-generated, generalized pictures instead of photojournalistic material, 
the intent was clearly to protect the privacy and the safety of individuals. The 
campaign nevertheless received a great deal of critical backlash, and Amnesty 
regretted it later (Hausken 2024) because many people were concerned that 
the pictures might either be mistaken for photographic documentation (and 
thus as fraudulent) or serve only as dramatic clickbait (Herrie and Philipsen 
2026). If nothing else, this highlights again the need to make the generation 
of AI imagery and its intended reference (types versus individuals) as clear 
as possible, because that is not necessarily apparent. Naturally, the more such 
contextual genres are adopted across media contexts, the more these genres 
will change as we grow accustomed to AI imagery.

Conclusion
While analyses of individual AI-generated images and their uses reveal import-
ant differences as to whether they are used as immediacy fakes, as hyperme-
diacy spectacles, or as media-indifferent illustrations, we should also consider 
the fact that the increasing number of AI images flooding social media now 
points to a different concern altogether beyond the individual image: that of 
contamination, or “pollution of the information ecosystem” (Bender 2024). If 
more and more images are AI-generated, not only do AI datasets begin to draw 
upon themselves (rather than upon earlier image types, Alemohammad et al. 
2023), but our visual cultural memory in general may also become contami-
nated. From the spring of 2024 onwards, many debates focused on the fact that 
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more and more image queries on widely used search engines such as Google 
started spitting out AI-generated results, accompanied by or on top of actual 
ones (Balkowitsch 2024). Examples included seemingly harmless ones, such as 
searches for the Hawaiian singer/ukulele player Israel Kamakawiwo’ole bringing 
up bizarre Midjourney creations (Larsen 2023); images of a “Baby Peacock,” 
which do not depict any actual specimen but rather, increasingly, a cute ‘Pokémon’ 
(LaMagdeleine 2023). This seems even more troubling with the contamination 
of memory when searches for historical events such as the Tiananmen Square 
massacre led to AI-generated selfies (see figure 8.7) instead of the iconic docu-
mentary photo taken by Jeff Widener in 1989 (Growcoot 2023a).

AI-generated image

Figure 8.7: Midjourney reimagines the Tiananmen Square massacre as a selfie—and Google is 
flooded with the results.

A related problem lies in the fact that many social media algorithms favor 
accounts producing and uploading as much content as possible, as quickly as 
possible. This has resulted in many of the most-subscribed-to YouTube chan-
nels in the summer of 2025 featuring nearly identical variations of the same 
AI-generated videos (Bumas 2025). They have huge algorithmic advantages 
over images created by other means: if anything, the latter takes more time! 
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Mass-produced AI content thus adds to the “pollution” of the internet through 
“slop.” The development of AI-generated imagery thus not only demands care-
ful reflection, analysis, and criticism of individual images and their uses, but 
also of their impact on our larger media ecology, our visual cultural memory, 
and our overall social, cultural, and political communication. This will become 
even more troublesome when the difference between AI-generated imagery 
and other types becomes entirely blurred—or only a matter of degree—as AI 
image enhancement will be embedded in every function of digital apps such as 
Photoshop. At the same time, AI image software like Nano Banana or Seedream 
consists of image editing apps, modifying earlier photographs selectively here 
and there, so that the distinction can no longer be drawn with regard to the 
overall picture. Perhaps it will not always be clear—or intentional—to users 
themselves, generating more and more accidental distortions of media ecology 
and visual culture (Laraki 2024).

The three concerns described in this chapter about production, represen-
tation, and distribution are, of course, closely connected and should be con-
sidered together, not in isolation. They reveal that we always have to assess AI 
imagery in contexts: The first are verbal contexts in the form of captions or 
textual image descriptions that highlight or conceal whether something was 
AI-generated; then, the contexts of distribution and circulation, when an indi-
vidual image is suddenly transformed into a meme shared by thousands. We 
have media and genre contexts to consider, when we find AI imagery in com-
mercial advertising campaigns or communications by political parties. Finally, 
it is perhaps most important to pay attention to the contexts of earlier images 
simulated or remediated by AI, their specific functions, values, and associ-
ated conventions. At the same time, new areas of AI imagery will continuously 
emerge that might develop their own social, cultural, and political rules, pro-
tocols, or controversies surrounding their use.
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